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SUMMARY  

Airports are crucial for passenger and cargo transportation, as well as for 

employment generation and GDP growth. A better understanding of airport cost structure 

enables airport managers and policymakers to more efficiently allocate their limited 

resources and design policies, respectively. This dissertation conducts short-term multi-

output cost analyses for 50 medium and large U.S. airports. Using a multi-product translog 

cost function methodology, the dissertation addresses three research questions: what are 

the effects of negative attributes on short-run airport cost structures; what impact did 

COVID-19 have on airport short-run operating costs; and for aircraft departures, how does 

the short-run marginal social cost differ from marginal private costs.  

Based on 2012 ï 2019 data, the first essay estimates a translog cost function with 

three positive outputs (departures, workload, and non-aeronautical revenue) and three 

negative attributes (delay, congestion, and air pollution). The results show that delay and 

congestion have statistically significant and positive effects on airport total operating costs. 

Compared to the cost analysis with negative attributes, the cost analysis without negative 

attributes produces unreliable estimates of production properties.  

Extending the data to cover two COVID-19 years, 2020 and 2021, the second essay 

examines the effects of COVID-19 and related policies on airport short-term costs. In 

addition, the essay decomposes the percentage change in average variable costs between 

pre-COVID-19 and COVID-19 periods. The results indicate that COVID-19 (cases and 

deaths) and associated policies (state face mask and COVID-19 vaccine mandates) 

significantly and positively affect the total operating costs. COVID-19 cases and the 



 xviii  

time/technical efficiency effect are the two most influential factors for the percentage 

change in average variable costs.  

The third essay focuses on aircraft departures and estimates a measure of marginal 

social cost that includes negative externalities (delay, congestion, and air pollution). The 

essay examines whether the current landing fees cover marginal departure social costs. The 

results find that, on average, current landing fees only cover the marginal private costs but 

are significantly less than the marginal social costs per departure. This strongly suggests 

that current airport landing fees do not internalize the negative externalities, resulting in 

pricing inefficiency from the social perspective.  

Each of the three essays conducts sub-sample analyses between large and medium 

hubs, as well as between cargo and non-cargo airports. The results find differences across 

different airport types in each analysis.  

In summary, the dissertation uniquely contributes to existing knowledge on the 

impacts of negative attributes, COVID-19, and the extent to which existing landing fees 

fall short of the marginal social costs of airport departures. The first essay contributes by 

incorporating negative attributes into the airport cost analysis and examining production 

properties after controlling for the negative attributes. The second essay contributes by 

analyzing the impact of COVID-19 and related policies on airportsô short-term costs and 

decomposing the percentage change in average variable costs between pre-COVID-19 and 

COVID-19 periods, which offers new insights into the pandemicôs impact on airportsô costs 

and technical characteristics. The third essay contributes by estimating the marginal social 

cost using a broader sample and assessing the pricing efficiency of current landing fees 

from the social perspective. 
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CHAPTER 1 INTRODUCTION  

As the hub of air transportation, airports not only play a crucial role in passenger 

and cargo transportation but also facilitate employment generation and economic growth. 

A complete and accurate airport cost analysis enables airport managers and policymakers 

to more effectively allocate limited resources and design policies, respectively. The 

dissertation conducts short-term multi-output cost analyses for 50 medium and large U.S. 

airports. The study employs the multi-output translog cost function as the foundation, 

which consists of three inputs (labor, general airport operations, and contractual services), 

three positive outputs (departures, workload, and non-aeronautical revenue), and a quasi-

fixed factor (runways), and further makes several improvements from different aspects. 

The dissertation studies the effects of negative attributes and COVID-19 on airport short-

run costs and estimates the marginal social cost per departure that includes negative 

externalities. 

Chapter 2 analyzes how negative attributes affect short-run airport cost structures 

using 2012 ï 2019 data. The study extends the multi-output translog cost function to 

include three negative attributes (delay, congestion, and air pollution). The paper analyzes 

the airport cost structure and production properties after controlling for negative attributes, 

including elasticities, generalized scale and scope economies, technological progress, and 

productivity growth. Chapter 2 emphasizes the importance of including negative attributes 

in the airport cost analysis. 

Chapter 3 analyzes the impacts of COVID-19 and related policies on airport short-

run costs by extending the data to 2012 ï 2021 to include the COVID-19 period (2020 and 
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2021). The study further expands the translog cost function with negative attributes 

proposed in Chapter 2 by including COVID-19 measures (cases and deaths) and related 

policies (state-level face mask and COVID-19 vaccine mandates). The study also 

calculates and decomposes the percentage change in average variable costs between pre-

COVID-19 and COVID-19 periods. Chapter 3 illustrates how COVID-19 affects airport 

short-run costs. 

Chapter 4 focuses on aircraft departures and estimates the marginal departure social 

cost that includes negative externalities (delay, congestion, and air pollution) using 2012 ï 

2019 data. The study examines how the marginal social cost differs from the marginal 

private cost per departure and whether the current landing fees are sufficient to cover the 

marginal departure social costs. The study estimates the marginal departure private cost by 

employing the translog cost function (with positive outputs and without negative 

attributes). The analysis further utilizes the estimates for the value of travel time and health 

costs of a one-point AQI increase to calculate the marginal external cost associated with 

delay, congestion, and air pollution, which enables the calculation of the marginal 

departure social cost. Chapter 4 quantifies the marginal social cost per departure and 

analyzes the pricing efficiency of current landing fees from the social perspective. 

In addition, each of the three chapters conducts sub-sample analyses between large 

and medium hubs, as well as between cargo and non-cargo airports, and illustrates the 

differences across different airport types. In summary, the dissertation uniquely contributes 

to existing knowledge on the impacts of negative attributes, COVID-19, and the extent to 

which existing landing fees fall short of the marginal social costs of airport departures.  
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CHAPTER 2 SHORT-TERM MULTI -OUTPUT COST 

ANALYSIS OF U.S. AIRPORTS: 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 airportôs short-run costs and production characteristics. The analysis estimates a short-

run multi-output cost function with positive outputs and associated negative attributes. 

Data for the analysis is an eight-year panel (2012 ï 2019) of 50 medium and large airports 

in the United States.1 As one of the primary modes of transportation, air transportation is 

becoming increasingly crucial for both passengers and cargo transportation. As the hub of 

air transportation, the airport plays a crucial part in this growth. Figure 2.1 depicts the 

output trends of all U.S. airports from 2012 to 2019. The four major outputs - departures, 

air passengers, cargo, and non-aeronautical revenue ï increased by 5%, 28%, 20%, and 

45%, respectively, throughout the period. In 2019, U.S. airports, in total, produced 11 

million departures, transited 1 billion passengers and 52 billion pounds of cargo, and 

generated 11 billion dollars of non-aeronautical revenue. According to Airports Council 

International - North America (ACI-NA, 2018), U.S. airports contributed more than $1.4 

trillion to the countryôs GDP and supported over 11.5 million jobs with a total payroll of 

$428 billion. 

 
1 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 International (ATL), John F Kennedy International (JFK), and Los Angeles 

International (LAX) are examples of large hubs. Cleveland-Hopkins International (CLE), Dallas Love Field 

(DAL), and Memphis International (MEM) are examples of medium hubs. 
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Figure 2.1: Trends for airports outputs, all U.S. airports, 2012 ï 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 shippers. Knowing 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 appropriate regulatory policies. Noting the 

duality between production and cost (Shephard, 1971), this analysis estimates short-run 

costs in a multi-output empirical model to obtain information on airport cost and production 

characteristics. In addition to three positive outputs (the number of departures, non-

aeronautical revenues, and workload - reflecting passengers and cargo), the empirical 
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model includes three associated negative attributes that derive from airport activities (flight 

delays, congestion, and air pollution).   

 

Figure 2.2: Trends for delay rate and taxi-out time, all U.S. airports, 2012 - 2019 

As depicted in Figure 2.2, negative attributes, such as flight delays and congestion, 

are becoming increasingly prominent in airport production. In 2019, the average delay rate 

of all U.S. airports was 20% and the average taxi-out time was 17 minutes. Moreover, 

several studies (Masiol et al., 2014; Penn et al., 2017; Schlenker et al., 2016) demonstrate 

that airport activities are a significant source of air pollution. Including negative attributes 

in the cost analysis is meaningful for two reasons. First, positive outputs represent only a 

subset of the total output vector. A cost analysis that omits negative attributes may produce 

inaccurate cost and production properties, which could provide misleading implications for 
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airport operations management. Second, and related, accounting for negative attributes in 

the cost function identifies the extent to which these negative attributes affect airport short-

run total and marginal costs and provides insights on the differences between an airportôs 

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, 2017; Kutlu and McCarthy, 2016; Martin 

et al., 2011; McCarthy, 2014, 2016; Oum and Yu, 2004; Scotti et al., 2012). Many studies 

focus on the airportôs operational efficiency (e.g., average total cost, variable factor 

productivity, data envelopment analysis, and stochastic frontier analysis). In contrast, 

others focus on the airportôs production characteristics (e.g., scale and scope economies, 

input elasticities).  

Differences in spatial coverage, time period, cost measures, and methodologies 

present challenges for comparative analysis across studies. 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 Efficiency 

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

airport efficiency.2 These studies generally find airport (production) size, ownership type, 

 
2 Here, the efficiency analyses are based on positive outputs only and do not consider negative 

attributes (e.g., delay, congestion, and air pollution). Thus, the efficiency here is from the airportôs 

perspective, not from the social perspective. 
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competition, regulation, characteristics of outputs, downstream airlines, and geographical 

features to be the main factors that affect the airportôs operational efficiency. 

Many studies analyze the effect of airport size on airport efficiency. Based on the 

standard production and cost theory, average cost and output level have a U-shaped 

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 (2012) confirms a U-shaped average variable cost curve in a study of 25 U.K. 

airports between 1994 and 2005, identifying an efficient scale of 5 to 14 million passengers 

per year, which is nearly the same conclusion as Bottasso et al. (2019) using 1994 - 2008 

U.K. data in a long-run analysis. Based on a sample of 27 U.K. airports in 2007, Assaf 

(2010) also finds that small airports show increasing returns to scale, whereas large airports 

operate under constant or decreasing returns to scale. Chow and Fung (2009) shows that in 

2000, Chinaôs three international hub airports demonstrated constant or weakly decreasing 

returns to scale. 

On the other hand, Martin et al. (2011) sees unexhausted scale economies up to 23 

million passengers in Spanish airports.3 In a study of 161 airports worldwide between 1991 

and 2008, Martin and Voltes-Dorta (2011) confirms that airport technology demonstrates 

unexhausted scale economies up to 40 million passengers. Pels et al. (2003) finds that 

European airports show constant returns to scale in creating air transport movements and 

increasing returns to scale in generating passenger movements. Using variable factor 

productivity (VFP) as the efficiency measure for 76 airports worldwide, Oum and Yu 

(2004) finds that larger airports generally have lower average variable costs, stronger scale 

 
3 Unexhausted scale economies imply that scale economies are not exhausted, and airports can 

further reduce costs by increasing the output level. 



 8 

economies, and higher efficiency than small airports. Based on a Bayesian dynamic frontier 

model, Assaf et al. (2012) uses a sample of 27 major U.K. airports and finds that large 

airports are more efficient than small airports. 

Liebert and Niemeier (2013) concludes that scale effects are inconclusive. Bottasso 

and Conti (2017) summarizes that while studies using international samples find 

unexhausted scale economies, single-country short-run variable cost studies find scale 

diseconomies at high output levels.  

Ownership, regulation, and competition also affect airport efficiency. Liebert and 

Niemeier (2013) concludes in a survey paper that ownership effects are inconclusive. Scotti 

et al. (2012) suggests that public airports are more efficient than private and mixed-

ownership airports, whereas private ones are the most inefficient. Zhao et al. (2014) 

suggests that airports controlled by an airport authority are more cost-efficient than 

government-owned airports. McCarthy (2016) finds that public ownership improves 

departure scale economies. Kutlu and McCarthy (2016) finds that despite the small 

ownership impact, public ownership has impact on cost efficiency in some cases. However, 

Oum et al. (2008) finds that privatization can enhance airport efficiency. Bottasso and 

Conti (2012) shows that private airports tend to have lower costs, but the ownership-related 

cost differentials decrease over the years.  

The effect of competition on airport efficiency is also inconclusive. By using a 

stochastic frontier model, Pavlyuk (2009) finds that spatial competition across European 

airports has a positive impact on airport efficiency, while Scotti et al. (2012) finds that local 

monopolistic airports are more efficient than airports in the competitive market.4 In a 

 
4  Spatial competition is the competition among airports that attract passengers in the same 

geographical region or market. 
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related study, Assaf et al. (2012) finds that regulation improves airport efficiency. Oum 

and Yu (2004) finds that airports with a small share of international passengers, a large 

cargo proportion, and a great variety of non-aeronautical activities are efficient. In contrast, 

McCarthy (2016) finds that the proportion of international passengers has little impact. As 

mentioned earlier, this difference in findings partially comes from the difference in the 

measures different papers use. Oum and Yu (2004) uses variable factor productivity to 

measure productivity, while McCarthy (2016) estimates a translog cost function and 

calculates the relevant production properties. 

How efficiency changes over time is also an important topic. Current literature 

suggests that efficiency improves over time with technological progress. Assef et al. (2012) 

employs a Bayesian dynamic frontier model and finds that the efficiency of U.K. airports 

improved over time. Libert and Niemeier (2013) summarizes in the survey paper that the 

current literature generally finds that technological progress, restructuring, and 

commercialization lead to efficiency improvement. Using the translog model, Martin et al. 

(2011) identifies technological progress in Spanish airports. Martin and Volte-Dorta 

(2011), applying stochastic frontier analysis on unbalanced pooled data of 161 airports 

worldwide between 1991 and 2008, confirms that airports had technical progress, which 

altered the input proportions. The multi-output cost analysis of a panel of 50 U.S. airports 

by McCarthy (2016) suggests a 1.05% technology progress over 1996 - 2008 due to the 

continuous growth before 2001. The growth rates for medium and large hubs are very 

close. 
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2.2.2 Airport Production Properties 

While measuring efficiency is the primary goal of airport cost analysis, the 

properties related to scope economies and elasticities also have some critical implications. 

However, given the high requirements for the model and data, most papers only measure 

efficiency, as summarized in Section 2.2.1. Only a few papers study the scope economies 

and elasticities, which makes it a significant gap in the current literature. 

An advantage of the multi-output cost function is the ability to estimate generalized 

scope economies. McCarthy (2016) estimates a multi-output translog cost function and 

identifies the existence of scope economies between departures and workload based on the 

elasticities of marginal costs. On the other hand, the study also reveals the presence of 

scope diseconomies between non-aeronautical revenues and departures, as well as between 

non-aeronautical revenues and workload. Abrate and Erbetta (2010) analyzes the efficiency 

using an input distance function approach. The paper finds large scope diseconomies 

between handling revenues and passengers, indicating that outsourcing handling services 

is an efficient strategy. 

Chow and Fung (2009) analyzes Chinese airportsô scope economies between air 

passenger and cargo movements employing multi-output stochastic input distance function 

analysis. The findings suggest the presence of scope economies, which influence the 

estimation of technical efficiency and result in a different ranking of airport efficiency. 

Bottasso et al. (2019) adopts a composite cost function and non-linear seemingly unrelated 

regression strategy to study scope economies in U.K. airports. The paper finds that 

domestic and international flights are cost complementarities, while non-core and aviation 

activities are anti-cost complementarities.  
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With respect to input elasticities, Low and Tang (2006) uses a sample of Asian 

airports and finds that labor and outsourcing are price elastic, but capital is inelastic. 

Moreover, outsourcing and capital are elastic substitutes for labor, with outsourcing being 

more elastic. The own-price elasticities of capital and labor, as well as the cross-price 

elasticities, increased over time, indicating that airport operations became more flexible. 

By estimating a translog cost function using panel data on the Spanish airports, 

Martin et al. (2011) identifies that inputs are price elastic, but the substitutability is limited. 

McCarthy (2014), in a single-output analysis, finds that inputs are price elastic and are 

Morishima substitutes. McCarthy (2016) finds through a multi-output cost analysis that 

general airport operations are a substitute for both labor and contractual services based on 

elasticities of substitution. 

2.2.3 Negative Attributes 

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 operations. Bottasso 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 papers consider negative attributes to varying degrees. Pathomsiri et al. 

(2008) includes delay in the output vector and uses a non-parametric directional output 

distance function (DDF) methodology to study the productivity of a panel of 56 U.S. 

airports during 2000 - 2003. The paper compares the results from models with and without 

delay to analyze the influence of delay on the airport efficiency ranking. The findings 

suggest that, in the model without delay, large and congested airports are efficient, while 
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small and less congested airports are inefficient. However, in the model with delay, large 

and congested airports are inefficient, whereas small and less congested airports are 

efficient. The model without delay yields misleading airport efficiency ranking, leading to 

improper policy implications. Consistent with this qualitative result, 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 slack-based measure (SBM) of airport cost efficiency ratings 

in a study of 39 Spanish airports in 2006 and 2007.5 The study finds that the efficiency 

ratings are generally high and inaccurate when the model does not include delay, indicating 

that the delay negatively affects efficiency. 

Martini et al. (2013) is the first paper to include air pollution and noise in the airport 

efficiency analysis. Based on 33 Italian airports in 2005 - 2008, the study uses the DDF 

method to estimate technical and environmental efficiencies and finds that more airports 

are efficient after controlling for negative attributes. Using a similar two-stage 

methodology as Martini et al. (2013), Scotti et al. (2014) includes air pollution, noise, and 

delay with two outputs (workload and air transport movements). Based 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 efficient when not considering negative attributes. However, the results are 

not robust after considering the negative attributes. 

The non-parametric methods (DEA and DDF) used in these papers have two major 

limitations. First, the methodologies work best with limited numbers of inputs and outputs. 

 
5  According to Lozano and Gutierrez (2011), slack-based measure (SBM) is a form of data 

envelopment analysis (DEA) model and has several attractive characteristics (e.g., units-invariance). The 

SBM model estimates the optimal ratio of the average input decrease to the average output increase and 

considers all inputs and output slack.  



 13 

Second, these papers only contain capital inputs and do not account for non-capital inputs 

such as labor and contractual services. In contrast, the multi-output flexible form 

methodology offers two significant advantages over non-parametric methods. First, the 

flexible form cost function can incorporate more inputs and outputs. Second, and more 

importantly, flexible form methodologies provide further insights into the airportôs cost 

and production characteristics, including generalized economies of scale and scope, price 

elasticities, and elasticities of substitution. 6  In contrast, non-parametric techniques 

typically concentrate on estimating the production frontier or the efficiency scores without 

explicitly describing the production technology. 

This paper contributes to the current literature on airport cost analysis in three 

significant ways. Firstly, it improves the completeness and accuracy of airport cost analysis 

by conducting a short-term multi-output cost analysis that includes three essential negative 

attributes - delay, congestion, and air pollution. This more comprehensive method provides 

more accurate knowledge of airport costs. Secondly, the paper provides a complete analysis 

of production properties, after controlling for the negative attributes, such as elasticities, 

generalized scale and scope economies, technological progress, and productivity growth. 

Thirdly, the paper differentiates and compares the production characteristics across 

different airport types. It specifically investigates the differences between medium and 

large hubs, as well as between cargo and non-cargo airports. By highlighting these 

differences, the paper illustrates how airports across different types operate and perform 

uniquely. 

 
6 Some studies (Burgess, 1974; Truett et al., 1994) on other topics, such as international trade, 

employ the cost analysis approach to analyze import demand and show the importance of analyzing 

production properties. 
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2.3 Empirical Research Strategy 

2.3.1 Cost Function 

To motivate the empirical model of short-run operating costs with multiple positive 

outputs and multiple inputs, the study assumes that airport managers seek to minimize total 

variable costs (TVC) to produce a set of positive outputs. Equation 2.1 summarizes the 

airport managerôs cost minimization problem, where ήᴆ is the positive output vector and ὢᴆ 

is the vector of input x. 

 

ÍÉÎ
ᴆ
          Ὕὠὅ ὴὼ 

ίȢὸȢ  ήᴆ Ὂ ὢᴆ  

2.1 

In the long run, the airport can adjust all inputs. However, in the short run, there are 

certain inputs, for example, the capital, that the airport cannot change, which are (quasi) 

fixed factors. The resulting short-run cost function, ὝὠὅήᴆȠὯᴆȟὴᴆ, represents the minimum 

total variable costs associated with a positive output level ήᴆ, given the input price vector ὴᴆ 

and the vector of quasi-fixed factors Ὧᴆ. 

According to Oum and Tretheway (1989), the quality of an airport's positive output 

(departures, workload, and non-aeronautical revenue) associates with measurable negative 

attributes (delay, congestion, and pollution).7 The cost function needs to include these 

 
7 Negative attributes ï delay, congestion, and air pollution ï affect the quality of positive outputs. 

The term ñnegativeò does not mean that these attributes are inherently negative. It emphasizes that these 

attributes are undesirable and negatively impact the positive outputs. The study uses the term ñnegativeò to 

separate these attributes from the positive outputs, where the term ñpositiveò reflects that these outputs are 

desirable from airport operations. 
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negative attributes to account for their effects on costs and adjusts the positive outputs for 

the variations in negative attributes measuring the quality. This analysis considers three 

positive outputs of the airport ï departures (domestic and international), workload 

(passengers, freight, and mail), and non-aeronautical revenue (e.g., food, retail stores, 

hotels, and rental cars) ï and three associated negative attributes ï delay, congestion, and 

air pollution. Equation 2.2 illustrates functions of the quality-adjusted output ὗ , 

considering not only the quantity but also the quality aspects of the outputs.8 

 ὗ  ὪὨὩὴὥὶὸόὶὩίȟὨὩὰὥώȟὧέὲὫὩίὸὭέὲȟὴέὰὰόὸὭέὲ 

ὗ  ὫύέὶὯὰέὥὨȟὨὩὰὥώȟὴέὰὰόὸὭέὲ 

ὗ  ὬὲέὲὥὩὶέὲὥόὸὭὧὥὰ ὶὩὺὩὲόὩȟὨὩὰὥώ 

2.2 

Delays, congestion, and pollution are negative attributes related to departures. More 

departures lead to increased delays, more congested runways, and higher pollutant 

emissions. The negative attributes associated with workload units representing both 

passengers and cargo are delay and air pollution. The increasing number of passengers puts 

pressure on airport operations, causing delays due to operational constraints. In addition, it 

requires larger aircraft to transport more passengers and cargo without increasing 

departures, which leads to higher pollution levels. Non-aeronautical revenue also has delay 

as a negative attribute. Airports may reallocate certain resources from aeronautical 

operations to non-aeronautical activities to increase non-aeronautical revenue. Considering 

airportsô limited resources, this may cause delays due to operational constraints. Now, 

 
8 In order to distinguish from the positive output ή, the study uses ὗ to represent the quality-

adjusted output. 
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including the negative attributes in Equation 2.2 indicates a new short-run cost function, 

ὝὠὅήᴆȠὶᴆȟὯᴆȟὴᴆ, where ήᴆ is the positive output vector and ὶᴆ is negative attribute vector. 

2.3.1.1 Translog Cost Function 

Instead of deriving the cost function through the cost minimization problem, Caves 

et al. (1981) proposes an alternative approach using a translog cost function.9, 10 The 

translog cost function, unlike the cost function obtained from the optimization process, is 

not self-dual. In the context of panel data and considering the quasi-fixed factor k, the 

multi-output translog variable cost function, incorporating three positive outputs and three 

associated negative attributes, takes the form of Equation 2.3. For airport i at time t, Ὕὠὅ 

is the total variable costs; ή  is the positive output s; ὶ  is the negative attribute l; ὴ  is 

the price of input j; Ὧ  is the quasi-fixed factor.  

The inputs include labor, general airport operations, and contractual services. 

Consistent with McCarthy (2014), this study measures the quasi-fixed factor by the 

equivalent number of 10,000ô ³ 150ô runways, instead of using the actual number of 

runways. This method accounts for the differences in runway lengths. To make the 

approximation at the sample mean of each variable, Equation 2.3 subtracts the log forms 

of sample means, denoted as ÌÎή, ÌÎὶӶ, ÌÎὴӶ, and ÌÎὯ, from ÌÎή , ÌÎὶ , ÌÎὴ , and 

 
9 The current literature uses a variety of flexible functional forms to depict the production process, 

such as Cobb-Douglas, constant elasticity of substitution, generalized Leontief, translog, and generalized 

square root quadratic functions. Different functions have different implications for production characteristics, 

such as homotheticity, elasticity of substitution, cost elasticity, and returns to scale. 
10 According to Heathfield and Wibe (1987), the translog function is a flexible functional form, 

which requires relatively few restrictions. Caves et al. (1981) first presents the translog production and price 

frontier, then further extends them to the translog utility function. The translog cost function is an extension 

of Cobb-Douglas and constant elasticity of substitution functions, allowing the elasticities of substitution to 

change with input proportions. 
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ÌÎὯ , respectively, which results in Equation 2.4. The model also includes the airport 

effect and year-fixed effects in the estimation, with 2012 as the base year.11, 12 

 

ÌÎὝὠὅ  ‍ ‍ ÌÎή ‍ ÌÎὶ ‍ ÌÎὴ

‍ÌÎὯ
ρ

ς
‍ ÌÎή ÌÎή

ρ

ς
‍ ÌÎὶ ÌÎὶ

ρ

ς
‍ ÌÎὴ ÌÎὴ

ρ

ς
‍ ÌÎὯ

‍ ÌÎή ÌÎὶ ‍ ÌÎή ÌÎὴ

‍ ÌÎή ÌÎὯ ‍ ÌÎὶ ÌÎὴ

‍ ÌÎὶ ÌÎὯ ‍ ÌÎὴ ÌÎὯ  

2.3 

A well-behaved variable cost function must satisfy symmetry and linear 

homogeneity conditions. The symmetry condition, Equation 2.5, requires the cost function 

to be symmetric in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The linear 

homogeneity condition, Equation 2.6, requires the cost function to be homogeneous of 

degree one in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The study 

 
11The variation of the equivalent number of runways over the sample period for each airport is 

minimal in the sample. Consequently, including a complete set of airport fixed effects (49 binary dummy 

variables) with the quasi-fixed factor in the model leads to severe multicollinearity issues, which make it 

impossible to estimate the model. Thus, to account for airport-specific  effects, this study uses the airport 

effect variable, which is similar to the year trend variable and takes values between 1 and 50 for 50 airports. 

There is no reference airport in this approach. 
12 The model includes seven binary dummy variables representing the year fixed effects from 2013 

to 2019, with 2012 as the base year. 



 18 

imposes the symmetry and linear homogeneity restrictions on Equation 2.4 before the 

estimation.13 

 

ÌÎὝὠὅ  ‍ ‍ ÌÎή ÌÎή ‍ ÌÎὶ ÌÎὶӶ

‍ ÌÎὴ ÌÎὴӶ ‍ ÌÎὯ ÌÎὯ

ρ

ς
‍ ÌÎή ÌÎή ÌÎή ÌÎή

ρ

ς
‍ ÌÎὶ ÌÎὶӶÌÎὶ ÌÎὶӶ

ρ

ς
‍ ÌÎὴ ÌÎὴӶ ÌÎὴ ÌÎὴӶ

ρ

ς
‍ ÌÎὯ ÌÎὯ

‍ ÌÎή ÌÎή ÌÎὶ ÌÎὶӶ

‍ ÌÎή ÌÎή ÌÎὴ ÌÎὴӶ

‍ ÌÎή ÌÎή ÌÎὯ ÌÎὯ

‍ ÌÎὶ ÌÎὶӶÌÎὴ ÌÎὴӶ

‍ ÌÎὶ ÌÎὶӶÌÎὯ ÌÎὯ ‍ ÌÎὴ

ÌÎὴӶÌÎὯ ÌÎὯ 

2.4 

 
13 If the study utilized the actual input prices faced by airports, the symmetry condition would hold 

in the estimation results even without imposing it before the estimation. However, given that actual input 

price data for contractual services and general airport operations are unavailable, this study uses state-level 

real input price indexes derived from national input price indexes. Consequently, the symmetry constraint 

does not naturally hold. Thus, the study imposes the symmetry constraint prior to the estimation. In addition, 

although homogeneity should theoretically hold, it does not naturally hold for the sample dataset with input 

price indexes. Consequently, the study also imposes the homogeneity restriction prior to the estimation, 

which is consistent with the current literature employing the translog cost function (Caves et al., 1981; Martin 

et al., 2011; McCarthy, 2014, 2016). 
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2.8  

2.3.1.2 Cost Share Equations 

The study derives Equation 2.7 based on Shephardôs lemma, where ὼᶻ is the 

optimal demand for input ὼ. Based on Equation 2.7, the cost share equation of input j, ,‫ 

is Equation 2.8. The study estimates the cost share equations jointly with the translog cost 

function, Equation 2.4, as a system to improve the estimation efficiency. Since the cost 
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shares of three inputs sum to one, the study drops one input cost share ï contractual services 

ï before the estimation.14 

2.3.2 Production Properties 

Based on the estimation results of Equation 2.4 and Equation 2.8, the study 

measures and tests several production properties. 

2.3.2.1 Price Elasticity  
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2.10  

Equation 2.9 expresses the price elasticity, – , which measures the percentage 

change of demand for input j to a one percent price change of input h. The paper uses 

Equation 2.10, proposed by Binswanger (1974), to calculate the price elasticities. The sign 

of –  shows the substitutability between two inputs. If – π, then the two inputs are 

substitutes in the airport production. If – π, then they are complements.  

 

 

 
14 The estimates based on maximum likelihood methods remain unchanged, irrespective of which 

cost share the study drops (Berndt, 1991). 
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2.3.2.2 Elasticity of Substitution 

Morishima partial substitution elasticity, „ , measures the impact of the input price 

change on the input ratio (Chambers, 1988). Equation 2.11 expresses the elasticity of 

substitution between inputs j and h. Based on Blackorby and Russell (1989), inputs j and h 

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

the relative share of input h decreases if „  > 1 and increases if „  < 1. 

 
„ – –

‬ÌÎὼ ὼϳ

‬ÌÎ
ὴ
ὴ

  
2.11  

2.3.2.3 Economies of Capital Utilization 

Based on Caves et al. (1981), when there is a (quasi-) fixed factor, Equation 2.12 

expresses the return of capital stock utilization in the short term, Ὁ . Equation 2.13 

measures the multi-product returns to scale in the long term, Ὁ . 
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2.13  

2.3.2.4 Production Efficiency 

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

cannot directly calculate the product-specific scale economies. However, the study can still 
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analyze the presence of product-specific production efficiency by calculating the own 

elasticity of marginal cost with respect to output s, Ὁ  (Kim, 1987). Taking logarithms 

on both sides of Equation 2.14 and then calculating the partial derivative with respect to 

ÌÎή gives the expression of Ὁ , Equation 2.15. If Ὁ π, then product-specific scale 

economies exist. 
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2.15  

For the same reason mentioned above, the translog cost function cannot directly 

measure the scope economies either. However, the study employs a similar strategy to 

analyze joint production efficiency. Equation 2.16 expresses the cross marginal cost 

elasticity of output s with respect to a change in output g, Ὁ . If Ὁ π, then outputs 

s and g are anti-cost complementarities, which is consistent with the existence of scope 

diseconomies between two outputs. On the other hand, if Ὁ π, then outputs s and g 

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

between two outputs. 
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2.3.2.5 Technological Progress and Productivity Growth 

The technological progress (TP) exists between year r and year k (ὶ Ὧ) when the 

total variable costs decrease from year r to year k. Equation 2.17 measures technological 

progress.  

 
Ὕὖ

‬ÌÎὝὠὅ

‬ὸ

ÌÎὝὠὅὯ ÌÎὝὠὅὶ

Ὧ ὶ
 

2.17  

In addition, since Equation 2.4 incorporates the year-fixed effects, it is 

straightforward to determine how the total variable costs change over time. Given that 2012 

is the base year, the coefficient ‍ of year dummy Ὕ for year t measures the technological 

progress between 2012 and year t, holding all other variables constant. Further, the study 

can calculate the technological progress between any two years, holding all else constant. 

Between year r to year k, the technological progress is the difference of the coefficients on 

the year dummies, ‍ ‍ȟ (Ὧ ὶ). If ‍ ‍ π, then the total variable costs decrease 

from year r to year k, holding all else constant, and technology improves from year r to 

year k. 

The study measures productivity growth based on technological progress. Caves et 

al. (1981) defines productivity growth in two ways. On the one hand, productivity growth 

exists when the airport produces more outputs than before using the same level of inputs. 

In this case, productivity growth, denoted as PGY, is the rate at which all outputs may 

increase over time, assuming inputs remain constant. On the other hand, productivity 

growth arises when the airport utilizes fewer inputs than before to achieve the same output 

level. In this case, productivity growth, denoted as PGX, is the rate at which all inputs may 
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decline over time while outputs remain constant. Equation 2.18 and Equation 2.19 express 

ὖὋὢ and ὖὋὣ, respectively.  
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2.4 Data  

The analysis utilizes panel data compiled from multiple databases, which covers 50 

U.S. medium and large airports from 2012 to 2019 and comprises 1,188 observations. 

Table A.1 presents a list of sample airports. Throughout the sample period, these 50 large 

and medium hubs collectively account for 61% of departures, 69% of passengers, 45% of 

cargo, and 73% of nan-aeronautical revenue among all U.S. airports. Table A.2 summarizes 

the data sources.  

2.4.1 Total Variable Costs, Positive Outputs, and Negative Attributes 

This short-term cost analysis measures total variable costs using total operating 

costs. The Federal Aviation Administration (FAA) Certification Activity Tracking System 

(CATS) provides airportsô annual financial information.15 The total operating costs consist 

 
15 Detroit Metropolitan Wayne County Airport (DTW) submitted its financial information twice in 

2019. The first report (from October 1, 2018, to September 30, 2019) was on September 30, 2019. The second 

report (from October 1, 2019, to December 31, 2019) was on December 31, 2019. This is because that DTW 

changed its financial year-end from September 30 to December 31 in 2019. Therefore, the study uses the data 

from September 30, 2019, for 2019, and adds the data from December 31, 2019, to 2020. 
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of three components ï personnel compensation and benefits (labor costs), contractual 

services costs, and general airport operations costs.16, 17 

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, which contains 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 non-aeronautical revenue data is from FAA CATS.18 The analysis 

also considers three associated negative attributes: delay, congestion, and air pollution. 

BTSô Airline On-time Performance Data is the source of both flight delays and congestion. 

Delay is the annual percentage of delayed departing flights at each airport, while 

congestion is the annual average taxi-out time for departing flights. In addition, the measure 

for air pollution is the annual median Air Quality Index (AQI) in the county where the 

airport is located.19, 20 The U.S. Environmental Protection Agency (EPA) is the source for 

the AQI data. AQI ranges from 0 to 500, and lower values indicate better air quality. Using 

 
16 Personnel compensation and benefits, also referred to as labor costs in this paper, are the salaries 

and earnings of personnel directly hired by the airport, as well as employee benefits such as health and life 

insurance and employee pensions. The contractual services costs are the costs of consulting, legal, 

accounting, maintenance, financial services, and other services paid to commercial firms and government 

agencies. The repair and maintenance costs account for a major portion of contractual services costs. The 

general airport operations costs consist of costs associated with communications and utilities, supplies and 

materials, insurance, claims and settlement, and other operating expenses that do not fall under the criteria of 

labor and contractual services costs. 
17 The costs in this study contain an exhaustive list of inputs and are all aggregated composites of 

several inputs. Ideally, the model should use the actual price and associated costs of each input, instead of 

aggregated composites. However, the available data does not support the method. 
18 The primary sources of non-aeronautical revenue are food and beverage, retail stores and duty-

free, rental cars, and hotels. 
19 AQI data is available at the county level and core-based statistical area (CBSA) level. AQI data 

at a narrower geographic scale, such as city level, is unavailable. According to the Office of Management 

and Budget (OMB), a CBSA includes one or more counties, indicating that a CBSA is often bigger than a 

county. Consequently, the study utilizes county-level AQI data instead of CBSA level data.  
20 Since Kansas City International Airport (MCI) locates in Platte County, Missouri, which lacks 

AQI data, the study uses the AQI data from Clay County, Missouri, the closest county. 
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the median values reduces the problems caused by outliers. The EPA classifies air quality 

into six levels according to AQI values: good (0-50), moderate (51-100), unhealthy for 

sensitive groups (101-150), unhealthy (151-200), very unhealthy (201-300), and hazardous 

(301 and higher). An alternative approach to measuring air pollution is to focus on airport-

specific pollutants. However, this method does not necessarily offer a better measure for 

air pollution than the AQI. According to Riley et al. (2021), most studies on U.S. airports 

identify carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2) as the 

three major airport pollutants. However, no evidence suggests which one is the most 

predominant pollutant. EPA calculates AQI using these three pollutants, along with 

ground-level ozone and particle pollution. Consequently, the AQI is a composite measure 

considering all three major airport pollutants. While there are county-level data available 

for each pollutant, utilizing the single pollutant data at the same level is not necessarily 

better than using the AQI composite including all three pollutants.21 

2.4.2 Input Prices and Quasi-Fixed Factor 

Consistent with the three components of total operating costs, this study includes 

three inputs: labor, contractual services, and general airport operations. Equation 2.4 

requires a price index for each input. The study calculates nominal labor prices using labor 

costs and the number of full-time equivalent employees data from FAA CATS.22 The study 

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

 
21 Section 2.7 discusses how much better air pollution data would likely affect the results. 
22 STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent numbers of 

employees, leading to four missing values for the labor price index. 
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(2012 = 100) and then standardizing them to the real labor price indexes with 2012 as the 

base year (2012 = 100).  

However, airport-level price indexes for general airport operations and contractual 

services are unavailable. Therefore, the study uses national-level producer price indexes 

(PPI) from the Bureau of Labor Statistics (BLS). The price index for general airport 

operations is the PPI for airport operations, while the price index for contractual services 

is the PPI for nonresidential building maintenance and repair.23  According to the 

methodology proposed in McCarthy (2014), the study uses a three-step process to convert 

these national-level nominal price indexes into state-level real price indexes: 

(1) Standardizing national-level nominal price indexes with 2012 as the base 

year (2012 =100).  

(2) Adjusting the national-level nominal price indexes by state-level Consumer 

Price Index (CPI) to obtain the state-level nominal price indexes.  

(3) Converting the state-level nominal price indexes to state-level real price 

indexes using the GDP deflator (2012 = 100).24 

The runway is a quasi-fixed factor in the short-run cost analysis. This study follows 

the methodology from McCarthy (2014) and uses the equivalent number of 10,000ô ³ 150ô 

runways (ENRW), Equation 2.20, to measure the quasi-fixed factor, where 

ὙόὲύὥώὒὩὲὫὸὬ  is the length of runway j for airport i at time t. ENRW provides two 

major advantages over the actual number of runways. First, the actual number of runways 

 
23 There is no PPI series for airport contractual services. Since the maintenance and repair costs are 

the major portion of airport contractual services costs, the study uses PPI for nonresidential building 

maintenance and repair as the source for the contractual services price index. 
24 The resulting input price indexes are not the input prices that airports actually face. They can only 

approximate the actual input prices to some extent, which may have some errors. Section 2.7 discusses this 

limitation. 
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is an inferior measure of runway capacity, given the differences in runway lengths, which 

can be accommodated by using ENRW. Second, and related, since airports often extend an 

existing runway instead of constructing a new one, ENRW accounts for the changes to 

existing runways.25 Although there is no definition for a standard runway, a 10,000ô ³ 150ô 

runway can accommodate most passenger and cargo aircraft (McCarthy, 2014). 
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2.4.3 Summary Statistics 

Table 2.1 presents summary statistics for the full sample over airports and years. 

All monetary values are in real terms (2012 $). The real total operating costs during the 

sample period vary from $28 million - Albuquerque International Sunport (ABQ, New 

Mexico, 2016, medium) - to $770 million - Chicago OôHare International (ORD, Illinois, 

2015, large). Among the three cost components, labor and contractual services costs 

contribute similar proportions to total operating costs, 39% and 36% on average, 

respectively. In contrast, general airport operations costs account for an average of 25% of 

total operating costs. Regarding average variable costs, the average variable costs per 

departure are considerably high compared to per workload unit and non-aeronautical 

revenue. Since the study standardizes the real input price indexes using 2012 as the base 

year (2012 = 100), the sample means of the real price indexes are very close.26 Regarding 

 
25 This method may neglect the discrete runway effect. Section 2.7 discusses the limitation of this 

method. 
26 The standard deviation of the labor price index is relatively high compared to the other two input 

price indexes. This is because the labor price index is derived from airport-level nominal wages, which have 

significant variations even after adjusting for deflation and standardization. In contrast, the price indexes for 
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positive outputs, Hartsfield-Jackson Atlanta International (ATL, Georgia, large) has the 

sample highest values for both departures (0.46 million in 2012) and workload units (58 

million in 2019). In contrast, Burbank-Glendale-Pasadena (BUR, California, medium) has 

the sample lowest values for both departures (0.02 million in 2014) and workload units (2 

million in 2013). Los Angeles International (LAX, California, large) has the sample highest 

amount of non-aeronautical revenue ($516 million in 2017), while Bradley International 

(BDL, Connecticut, medium) has the sample lowest amount ($25 million in 2012). On 

average, around 19% of flights experience delay each year, and the average taxi-out time 

before departure is 16 minutes. The average annual median AQI is 47, corresponding to 

the ñgoodò level and indicating that ñair quality is satisfactoryò. However, this value is 

very close to the boundary of 50, which separates the ñgoodò and ñmoderateò levels. 

According to EPA, the average AQI for the United States during the sample period is 39, 

suggesting that the air quality at sample airports is worse than the national average. The 

range of sample AQI values is big. Portland International (PDX, Oregon, large) has the 

sample lowest AQI value (the best air quality) of 31 in 2016, while both Burbank-Glendale-

Pasadena (BUR, California, medium) and Los Angeles International (LAX, California, 

large) have the sample highest AQI value (the poorest air quality) of 84 in 2012, 

corresponding to the ñmoderate air qualityò level.27 The average equivalent number of 

runways is 3.33, which is slightly lower than the average of the actual number of runways, 

3.48, after controlling for the differences in runway lengths. 

 
contractual services and general airport operations are based on the national-level Producer Price Index (PPI) 

and state-level Consumer Price Index (CPI), which are more standardized and have relatively low variations. 
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, Minnesota, large, 2012), and 33 (PDX, Oregon, 

large, 2014). 
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Table 2.1: Descriptive statistics, 50 U.S. airports, 2012 ï 2019 

Variables 

Full Sample 
Over 

Airports  
Over Years 

# of 

Obs. 
Mean1 

Std. 

Dev. 

# of 

Obs. 

Std. 

Dev. 

# of 

Obs. 

Std. 

Dev. 

Costs 

(million 

2012$) 

Total operating costs 400 180 168 50 167 8 15 

Labor 400 70 71 50 69 8 7 

Contractual services 400 64 61 50 61 8 6 

General operations 400 46 53 50 52 8 2 

Cost shares 

Labor 400 0.39 0.12 50 0.10 8 0.01 

Contractual services 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 

variable 

costs 

(2012$) 

Per departure 400 1,360 56 50 501 8 60 

Per workload unit 400 12.61 0.28 50 4.09 8 0.30 

Per non-aeronautical 

revenue 
400 1.37 0.02 50 0.52 8 0.02 

Real input 

price 

indexes 

(2012 = 

100) 

Labor 396 103.96 82.39 50 80.77 8 4.12 

Contractual services 400 101.55 5.91 50 5.79 8 1.03 

General operations 400 99.46 5.73 50 5.67 8 0.55 

Positive 

outputs 

(million) 

Departures 400 0.13 0.10 50 0.10 8 0.00 

Workload units 400 15 12 50 12 8 1 

Non-aeronautical 

revenue (2012 $) 
400 131 104 50 103 8 13 

Negative 

attributes 

Delay rate 400 0.19 0.04 50 0.03 8 0.02 

Average taxi-out time 

(minute) 
400 16 4 50 4 8 1 

Median air quality 

index 400 47 10 50 10 8 1 

Quasi-fixed 

factor 

Equivalent number of 

10,000ô ³ 150ô runways 
400 3.33 1.84 50 1.86 8 0.00 

1. The sample means remain the same as the full sample when averaged across airports/years. 

2. The labor price index is derived by dividing labor costs by the full -time equivalent number of 

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent 

numbers of employees, leading to four missing values for the real labor price index. 

3. Workload units are the sum of the number of passengers and the units of 220 pounds of cargo. 

4. The air quality index (AQI) range is 0 to 500. A lower value means better air quality. 
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Table 2.2: Descriptive statistics by hub size, 50 U.S. airports, 2012 - 2019 

Variables 

27 Large Hubs 23 Medium hubs 

# of 

Obs. 
Mean 

Std. 

Dev. 

# of 

Obs. 
Mean 

Std. 

Dev. 

Costs 

(million 

2012$) 

Total operating costs 214 282 174 186 63 19 

Labor 214 108 79 186 26 11 

Contractual services 214 99 64 186 23 11 

General airport operations 214 74 59 186 14 4 

Cost shares 

Labor 214 0.38 0.09 186 0.41 0.12 

Contractual services  214 0.36 0.12 186 0.36 0.13 

General airport operations 214 0.26 0.09 186 0.23 0.06 

Average 

variable costs 

(2012$) 

Per departure 214 1,463 600 186 1,242 351 

Per workload unit 214 12.83 4.27 186 12.36 4.06 

Per non-aeronautical 

revenue 
214 1.48 0.66 186 1.25 0.32 

Real input 

price indexes 

(2012 = 100) 

Labor 214 130.81 102.96 182 72.39 22.00 

Contractual services 214 99.50 4.80 186 103.91 6.19 

General airport operations 214 97.44 4.65 186 101.79 5.97 

Positive 

outputs 

(million) 

Departures 214 0.20 0.09 186 0.05 0.02 

Workload units 214 22 12 186 6 4 

Non-aeronautical revenue 

(2012$) 
214 198 100 186 53 19 

Negative 

attributes 

Delay rate 214 0.20 0.04 186 0.18 0.03 

Average taxi-out time 

(minute) 
214 18 4 186 13 1 

Median air quality index 214 47 10 186 46 9 

Quasi-fixed 

factor 

Equivalent number of 

10,000ô ³ 150ô runways 
214 4.09 2.06 186 2.46 1.01 

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

2013 - 2019. 

2. Workload units are the sum of the number of passengers and the units of 220 pounds of cargo. 

3. The air quality index (AQI) range is 0 to 500. A lower value means better air quality. 

4. The labor price index is derived by dividing labor costs by the full -time equivalent number of 

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent 

numbers of employees, leading to four missing values for the real labor price index. 
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Figure 2.3: Year trends for operating costs, 50 U.S. airports, 2012 - 2019 
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Figure 2.4: Year trends for real input price indexes, 50 U.S. airports, 2012 ï 2019 

 

Table 2.3: Sample correlation matrix 

 Departures Workload 

Non-

aeronautical 

revenue 

Delay Congestion Pollution 
Labor 

price 

Operations 

price 

Contractual 

services 

price 

Runway 

Departures 1          

Workload 0.96 1         

Non-

aeronautical 

revenue 

0.87 0.86 1        

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 price 0.35 0.34 0.32 0.18 0.53 -0.18 1    

Operations 

price 
-0.13 -0.16 -0.30 -0.22 -0.27 -0.17 -0.32 1   

Contractual 

services 

price 

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

Runway 0.67 0.65 0.60 0.12 0.39 0.03 0.18 0.27 0.27 1 

1. To be consistent with the form in Equation 2.4, all variables are in form of ὰὲὼὰὲὼӶ. 
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Figure 2.5: Year trends for positive outputs, 50 U.S. airports, 2012 - 2019 
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Figure 2.6: Year trends for negative attributes, 50 U.S. airports, 2012 - 2019 
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Figure 2.7: Year trends for average operating costs per positive output, 50 U.S. airports, 

2012 ï 2019 
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Figure 2.8: Total operating costs versus positive outputs, 50 U.S. airports, 2012 ï 2019 
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Figure 2.9: Total operating costs versus negative attributes, 50 U.S. airports, 2012 ï 2019 
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Figure 2.10: Average variable costs versus positive outputs, 50 U.S. airports, 2012 ï 2019 
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Table 2.2 provides a detailed comparison between large and medium hubs. As 

expected, the total operating costs, cost components, and positive outputs for large hubs 

are generally three to five times those for medium hubs. Large hubs also have higher 

average variable costs than medium hubs, although the differences are relatively small 

compared to total operating costs and positive outputs. The average equivalent number of 

runways for large hubs is twice that for medium hubs, whereas the cost shares within sub-

samples are close to those in the full sample. In addition, large hubs tend to have higher 

delay rates, longer taxi-out minutes, and slightly poorer air quality compared to medium 

hubs. The high positive output levels of large hubs contribute to these differences. With 

respect to input prices, large hubs face much higher labor prices but lower prices for 

contractual services and general airport operations than medium hubs. A potential reason 

is that large hubs are usually located in large cities, where labor price is higher, and input 

markets are more competitive than smaller cities. 

Table A.3 presents descriptive statistics by year, while Figure 2.3 to Figure 2.7 

present the trends for key variables. Figure 2.3 shows that the total operating costs 

consistently and rapidly increase over the sample period. All three cost components 

significantly increase, and the labor and contractual services costs show the most 

pronounced growth. However, the cost shares remain relatively stable over the sample 

period. Figure 2.4 illustrates the increasing trends in real input price indexes, causing the 

overall growth in total variable costs. Figure 2.5 demonstrates the significant growth of all 

three positive outputs with different patterns. While workload and non-aeronautical 

revenue have a consistently increasing trend over the sample period, departures first 



 41 

decrease between 2012 and 2014 and then increase starting from 2014.28  Negative 

attributes also have changes corresponding to the trends of positive outputs, as shown in 

Figure 2.6. The average taxi-out time steadily  increases, indicating more congested 

runways during the sample period. Although the AQI only decreases by three points, the 

general declining trend reflects the efforts of the government and airports on environmental 

protection, as well as the technological improvement in reducing airport-related pollution. 

The delay fluctuates over the sample period. Although the current literature does not offer 

a relevant analysis of the delay changes during the sample period, FAA suggests that many 

factors, such as capacity constraints, airline scheduling changes, operational disruptions, 

and weather-related factors, can contribute to delay. The changes in positive output levels 

are only one of those factors. In addition, as emphasized by Brueckner (2002) and 

Brueckner et al. (2021, 2022), negative attributes such as delay and congestion are not 

entirely within the control of airports. Factors such as airlinesô scheduling and cost 

internalization decisions can significantly affect the negative attributes. 

Figure 2.7 illustrates the significant differences in the trends of average variable 

costs for three positive outputs. The average variable costs for departures have an upward 

trend, while the average variable costs for workload have a downward trend. The average 

variable costs of non-aeronautical revenue have a U-shaped curve with a less than 1% 

change. In addition, Figure A.1 illustrates that the increased labor and contractual services 

costs are the main reason for the upward trend in the average variable costs for departures. 

 
28 The decline in departures during 2012 ï 2014 might result from the airline consolidations, such 

as the acquisition of Continental Airlines by United Airlines in 2012 and the acquisition of US Airways by 

American Airlines in 2013. Section 2.7 discusses the potential effect of this on the estimation results. 
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In contrast, the decreased general airport operations costs cause a downward trend in the 

average variable costs for workload. 

Figure 2.8, Figure 2.9, and the sample correlation matrix Table 2.3 demonstrate the 

sample correlations among variables. Figure 2.8 shows strong positive sample correlations 

between total operating costs and each of the three positive outputs. Figure 2.9, on the other 

hand, demonstrates weaker positive sample correlations between total operating costs and 

negative attributes. While Figure A.2 displays significantly positive sample correlations 

among the three positive outputs, Figure A.3 shows that the correlations among the three 

negative attributes are much weaker. Based on Figure A.4, Figure A.5, and Figure A.6, 

positive sample correlations exist between the three negative attributes and each of the 

three positive outputs. The correlations are stronger between delay/congestion and positive 

outputs than pollution. Table 2.3 presents consistent results based on sample correlation 

coefficients and shows that strong correlations exist among positive outputs while weaker 

correlations exist among negative attributes. In addition, runways generally have low 

correlations with negative attributes but high correlations with positive outputs in the 

sample. The strong sample correlations among variables may cause multicollinearity issues 

in estimating the translog cost function. 

Finally, Figure 2.10 demonstrates the relationship between positive outputs and 

their average variable costs. The weak positive relationship between departures and their 

average variable costs indicates scale diseconomies. On the other hand, the weak negative 

relationship between workload and its average variable costs suggests scale economies. In 

addition, the increase in non-aeronautical revenue does not affect its average variable costs, 

suggesting constant scale economies. However, these correlations do not provide reliable 
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conclusions on causality and are based only on sample statistics. The empirical analysis in 

Section 2.5 offers more reliable conclusions on production properties. 

2.5 Empirical Results 

2.5.1 Main Regression Results 

Table 2.4 presents the iterative seemingly unrelated regression equations (ITSUR) 

estimation results for the translog cost function, Equation 2.4. The study estimates the 

translog cost function jointly with cost share functions, Equation 2.8, as a system. The 

study drops the cost share for contractual services before the estimation. Table 2.4 

summarizes the first-order coefficients from models with different numbers of positive 

outputs and negative attributes. The estimation begins with Model 1 with only one positive 

output - departures. The study subsequently generates Model 2 and Model 3 by adding the 

other two positive outputs - workload and non-aeronautical revenue, along with their 

relevant interactive and quadratic terms, one at a time to Model 1. Model 3, referred to as 

the output model in this study, has all three positive outputs. The study creates Model 4 to 

Model 6 by incorporating the three associated negative attributes (delay, congestion, and 

pollution) one at a time along with their relevant interactive and quadratic terms into Model 

3. Model 6, referred to as the attribute model in this study, is the complete model and has 

all three positive outputs and three negative attributes. Although not reported in Table 2.4, 

the estimation of each model is based on the full Equation 2.4 with complete sets of 

variables, including the airport effect and year-fixed effects.29 

 
29 Table A.4 and Table A.5 summarize the complete estimation results for Model 3 and Model 6, 

respectively. 
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Table 2.4: ITSUR estimation results of translog cost functions, first-order coefficients, 50 

U.S. airports, 2012 - 2019 

Variables 
Model 

1 

Model 

2 

Model 

3 

Model 

4 

Model 

5 

Model 

6 

Positive 

outputs 

Departures 
0.867 

(0.000) 

0.299 

(0.000) 

0.106 

(0.137) 

0.143 

(0.034) 

-0.010 

(0.914) 

0.036 

(0.675) 

Workload  
0.545 

(0.000) 

0.259 

(0.001) 

0.200 

(0.005) 

0.282 

(0.002) 

0.253 

(0.004) 

Non-

aeronautical 

revenue 

  
0.589 

(0.000) 

0.610 

(0.000) 

0.621 

(0.000) 

0.530 

(0.000) 

Negative 

attributes 

Delay    
0.335 

(0.000) 

0.384 

(0.000) 

0.400 

(0.000) 

Congestion     
0.294 

(0.002) 

0.314 

(0.001) 

Pollution      
-0.007 

(0.920) 

Real 

input 

price 

indexes 

Labor price 
0.402 

(0.000) 

0.400 

(0.000) 

0.400 

(0.000) 

0.398 

(0.000) 

0.400 

(0.000) 

0.400 

(0.000) 

Operations 

price 

0.254 

(0.000) 

0.251 

(0.000) 

0.249 

(0.000) 

0.249 

(0.000) 

0.246 

(0.000) 

0.246 

(0.000) 

Quasi-

fixed 

factor 

Runways 
0.065 

(0.172) 

0.138 

(0.002) 

0.011 

(0.758) 

0.010 

(0.775) 

-0.007 

(0.861) 

0.067 

(0.097) 

R-squared 0.864 0.913 0.953 0.961 0.964 0.970 
1. ITSUR: iterative seemingly unrelated regression estimation. Number of observations: 1,188. 

2. Complete Equation 2.4 with full sets of variables is estimated, including airport effect and year-

fixed effects. This table summarizes the first-order coefficients. The table reports the coefficient 

estimates and p-values in parentheses. Full estimation results of Model 3 and Model 6 are reported 

in Table A.4 and Table A.5, respectively. All variables reported in this table are in log form. 

 

As the model incorporates more positive outputs and negative attributes, the R-

squared value increases from 0.864 to 0.970 from Model 1 to Model 6, suggesting an 

improved model fit . The coefficient estimates on input prices also confirm the fit  of the 

model. According to Equation 2.8 for cost shares, the first-order coefficients on input prices 

equal the cost shares valued at sample means. The coefficients on labor price and 

operations price are within the range of [0.398, 0.402] and [0.246, 0.254], respectively, 

which are very close to their corresponding sample mean cost shares of 39% (labor) and 
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25% (operations). These input price coefficients are stable across all six models and have 

p-values of 0.000. From Model 1 to Model 6, the runways coefficient fluctuates in 

magnitude and p-values due to the multicollinearity caused by incorporating additional 

variables.30 As shown in Table 2.3, runways generally have high correlations with positive 

outputs. However, adding more variables helps reduce potential omitted variable bias. The 

departures coefficient in Model 1 is 0.867 with a p-value of 0.000. The first-order 

departures coefficient decreases significantly as the model incorporates more positive 

outputs and negative attributes. The increase in p-values, especially after incorporating 

non-aeronautical revenue and congestion variables, is caused by their strong sample 

correlations. In addition, the coefficients on workload and non-aeronautical revenue are 

stable and statistically significant as the model gradually includes the negative attributes.  

Table A.4 presents the complete estimation results of the output model (Model 3 in 

Table 2.4), while Table A.5 presents the complete estimation results of the attribute model 

(Model 6 in Table 2.4). The output model, Model 3, is commonly utilized in current airport 

cost analysis literature, while the attribute model, Model 6, proposed by this study, provides 

a more comprehensive analysis of airport production. 

According to Table A.5, the attribute model fits the data well with an R-squared 

value of 0.97. The estimated cost shares for all three inputs are positive at all sample 

observations except for one.31 The estimated marginal cost for departures, workload, and 

 
30 The large variations in the magnitude and p-values of the runway coefficients across the models 

are consistent with McCarthy (2014, 2016). McCarthy (2014) estimates a single-output (departures) model 

(similar to Model 1) and finds a runways coefficient of -0.1314 with a p-value of 0.1373. On the other hand, 

McCarthy (2016) employs a multi-output model (similar to Model 3) and finds a runways coefficient of 

0.258515 with a p-value of 0.0002. The two studies (McCarthy, 2014 and 2016) use similar datasets. 
31 The estimated cost shares for all three inputs are positive at all sample observations except for 

one observation - Dallas Love Field (DAL) in 2018. The estimated labor cost share for DAL in 2018 is -

10.6%. DAL reports total labor costs of $20,980 in 2018 with a labor cost share of 0.04%, both of which are 

sample minimum values and outliers. 
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non-aeronautical revenue is non-negative for 68%, 67%, and 100% of sample observations, 

respectively. The coefficients on year-fixed effects are all negative and statistically 

significant at the 5% level, except for 2016 with a p-value of 0.09. This suggests that the 

annual total operating costs during 2013 ï 2019 are consistently less than the base year 

2012, holding all else constant, suggesting the technological progress compared to the base 

year.32 According to Equation 2.4, the first-order coefficients represent the cost elasticities 

at sample means. The results show several findings based on the first-order coefficients. 

Both input price coefficients, labor (0.400) and operations (0.246), are statistically 

significant and very close to the sample means of cost shares. The runways coefficient, 

0.067, is also statistically significant at the 10% level, and the positive value suggests that 

the sample airports are slightly overcapitalized at the sample means. All the coefficients on 

positive outputs are statistically significant at the 1% level and are between 0 and 1, except 

for the departures coefficient with a p-value of 0.675. A 1% increase in workload (non-

aeronautical revenue) leads to a 0.253% (0.53%) increase in total operating costs. Both 

show strong scale economies at sample means.  

As shown in Table 2.4, the first-order coefficients on positive outputs and input 

prices in the attribute model are generally very similar to the output model. However, the 

runways coefficient is very small (0.011) and insignificant (p-value 0.758) in the output 

model. The coefficients on positive outputs in the attribute model are generally smaller 

than the output model and remain statistically significant. This suggests that part of the 

effects of positive outputs on the total operating costs in the output model are associated 

with negative attributes. The positive and statistically significant coefficients on delay 

 
32 Section 2.5.2.5 provides a detailed analysis of technological progress based on the year-fixed 

effects. 
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(0.400) and congestion (0.314) indicate the 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 time results in a 0.4% and 0.314% increase in total operating costs, respectively. 

The pollution coefficient is statistically insignificant and negative, possibly due to the 

limitations of AQI data. The AQI data used in this study is at the county level, which is not 

specific to airport areas. The study would more accurately measure the pollution coefficient 

if airport-specific pollution data were available. 

There are two issues with calculating cost elasticities based on the sample means 

used above, referred to as the sample mean method in this study. Firstly, no airport in the 

sample has the same levels of positive outputs, negative attributes, input price, and quasi-

fixed factor as the sample means. Thus, the intuition of the conclusions is limited. 

Secondly, given the nonlinear nature of the translog function, predicting cost elasticities at 

the sample means can introduce aggregation bias. To address these issues, the study utilizes 

a more robust approach by first calculating the cost elasticity for each observation, 

considering both the first- and second-order coefficients, and then enumerating over the 

sample to obtain the mean. This enumerated sample mean approach, referred to as the 

enumerated sample mean method in this study, solves the above-mentioned limitations. As 

presented in Table 2.5, the enumerated sample mean elasticity of total operating costs for 

three negative attributes is 0.38% (delay), 0.33% (congestion), and -0.08% (pollution), 

respectively. This implies that, on average, a 1% increase in the annual delay rate and 

average taxi-out time results in a 0.38% and 0.33% increase in total operating costs, 

respectively. In contrast, a 1% increase in the annual median AQI leads to a 0.08% decrease 

in total operating costs. The negative impact of pollution on operating costs might be due 
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to the data limitations discussed earlier. Regarding the positive outputs, based on the output 

model, a 1% increase in departures, workload units, and non-aeronautical revenue results 

in a 0.241%, 0.141%, and 0.545% increase in total operating costs, respectively. However, 

the cost elasticities for three positive outputs become smaller in the attribute model after 

controlling for the negative attributes. The attribute model indicates that a 1% increase in 

departures, workload units, and non-aeronautical revenue results in a 0.171%, 0.134%, and 

0.506% increase in total operating costs, respectively. Based on the cost elasticities, these 

findings indicate that airport production exhibits strong scale economies in each of the 

three positive outputs. In addition, the cost elasticity of runways is negative (-0.039) in the 

output model, suggesting that airports are undercapitalized on average. However, the cost 

elasticity of runways becomes positive in the attribute model considering the negative 

attributes, indicating that airports are overcapitalized on average. 

The comparison between values in Table 2.5 Panel A and Panel B indicates the bias 

in the cost elasticity estimates from the sample mean method. Specifically, the sample 

mean method underestimates the magnitudes of cost elasticities for departures (sample 

mean method 0.036 versus enumerated sample mean method 0.171) and pollution (sample 

mean method -0.007 versus enumerated sample mean method -0.078). On the other hand, 

the sample mean method overestimates the cost elasticities for the workload (sample mean 

method 0.253 versus enumerated sample mean method 0.134) and runway (sample mean 

method 0.067 versus enumerated sample mean method 0.039). 
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Table 2.5: Cost elasticities 

 

Panel A: 

Model with negative 

attributes (attribute model) 

Panel B: 

Model without negative 

attributes (output model) 

Positive 

outputs 

Departures 
0.171 

(0.000) 

0.241 

(0.000) 

Workload 0.134 

(0.000) 

0.141 

(0.000) 

Non-

aeronautical 

revenue 

0.506 

(0.000) 

0.545 

(0.000) 

Negative 

attributes 

Delay 
0.380 

(0.000) 
- 

Congestion 
0.330 

(0.000) 
- 

Pollution 
-0.078 

(0.010) 
- 

Runways 
0.039 

(0.000) 

-0.039 

(0.002) 
1. The complete elasticities of positive outputs and negative attributes are calculated at each 

observation by considering both first- and second-order coefficients. Enumerated sample mean 

values and p-values in parentheses are reported. 

 

Table 2.6: Own and cross price elasticities 

Panel A: Model with negative attributes (attribute model) 

 

h 

Labor Operations 
Contractual 

services 

j  
Labor -0.457 0.259 0.198 

Operations 0.411 1.461 (-0.752) -1.872 

Contractual services 0.210 -1.328 1.118(-0.446) 

Panel B: Model without negative attributes (output model) 

 

h 

Labor Operations 
Contractual 

services 

j 

Labor -0.449 0.272 0.177 

Operations 0.432 0.342 (-0.752) -0.774 

Contractual services 0.185 -0.559 0.373(-0.406) 
1. –  is the elasticity of input j with respect to the price change of input h. 

2. All values reported are statistically significant, with p-values of 0.000, based on a mean test. 

3. Values in parentheses are calculated when ‍   were set to 0 due to being statistically 

indifferent from 0 at the significant level of 15%. 
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2.5.2 Production Properties 

Based on the complete estimation results presented in Table A.4 and Table A.5 for 

the output model and the attribute model, respectively, the study calculates the production 

properties using the measures from Section 2.3.1.2. All estimates of the production 

properties reported in this section are the enumerated sample mean values, unless explicitly 

stated otherwise. The study calculates these enumerated sample mean values by first 

calculating the measure for each observation and then averaging the values across the full  

sample. 

2.5.2.1 Price Elasticities 

Table 2.6 presents the price elasticities calculated using Equation 2.10 for both the 

attribute and output models. The diagonal values are own-price elasticities, while the off-

diagonal values are cross-price elasticities. In Panel A for the attribute model, the own-

price elasticity for labor is negative, while the values for operations and contractual 

services are positive.33 Statistically, the positive own-price elasticity of operations is 

primarily due to the large coefficient estimate ‍    (‍  = 0.536 in Equation 

2.10 Part A), compared to the estimated cost share of operations (mean in 0.248 = ‫ 

Equation 2.10 Part A).34 However, this coefficient is not statistically significant at the 15% 

 
33 The estimated own-price elasticities for operations and contractual services are positive for all 

observations in the attributed model. The own-price elasticity range is [0.936, 2.432] for operations and 

[0.573, 2.323] for contractual services. 
34  The large coefficient estimate ‍    affects the coefficient estimate 

‍     and the resulting own-price elasticity of contractual services based on Equation 

2.10. This is because the study drops the cost share of contractual services before the estimation. Thus, the 

coefficient estimates related to contractual services are derived based on the linear homogeneity restriction 

using the coefficient estimates related to labor and operations. Therefore, the coefficient estimate 

‍    can affect the estimation of ‍     and the resulting own-price elasticity 

of contractual services. 
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level. Therefore, an alternative is to set the coefficient ‍    as 0, then the own-

price elasticities would be -0.752 for operations and -0.446 for contractual services, as 

reported in parentheses.35 In either case, the operations are the most elastic input.  

The cross-price elasticities in Panel A are positive between labor and 

operations/contractual services. A 1% increase in labor price leads to a 0.411% increase in 

the operations demand and a 0.21% increase in the contractual service demand. On the 

other hand, the cross-price elasticities between operations and contractual services are 

negative. A 1% price increase in the contractual services (operations) leads to a 1.87% 

(1.328%) decrease in the operations (contractual services) demand. These findings indicate 

that labor is a substitute for both operations and contractual services and labor has stronger 

substitutability with operations than with contractual services. On the other hand, 

operations and contractual services are complements. 

There are both similarities and differences between the results of this study and the 

studies without negative attributes. Regarding own-price elasticity, the findings from this 

study are consistent with McCarthy (2014, 2016) employing a short-term translog cost 

function. McCarthy (2014, 2016) show that general airport operations are most price 

elastic, while labor and contractual services are price inelastic. However, the own-price 

elasticity of operations in this study is less than 1, lower in magnitude than the range from 

McCarthy (2014, 2016), -3.73 to -2.34. On the other hand, long-term cost analyses based 

on Asian and Spanish data (Low and Tang, 2006; Martin et al., 2011) find significantly 

stronger own-price elasticities for labor and contractual services with a range of -5.049 to 

-23.763 for labor and -4.387 to -11.662 for contractual services. Regarding cross-price 

 
35 McCarthy (2014) uses this method to set the insignificant runways coefficient to 0 when 

calculating the returns to runway utilization. See McCarthy (2014) footnote 18. 
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elasticity, McCarthy (2016) finds that labor is a substitute for operations and contractual 

services, and the cross-price elasticities are 0.385 (labor and operations) and 0.253 (labor 

and contractual services). Based on the long-term costs, Low and Tang (2006) finds a high 

cross-price elasticity of 0.692 to 2.573 between labor and contractual services, suggesting 

strong substitutability. The results in Table 2.6 are consistent with McCarthy (2006). 

However, McCarthy (2016) also finds that operations and contractual services are 

substitutes with a cross-price elasticity of 1.445, while this study shows that they are 

complements with the cross-price elasticity ranging from -1.328 to -1.872.  

The price elasticities provide new insights into the changes in cost shares. Over the 

sample period, the prices of three inputs increased by 9% (labor), 12% (operations), and 

15% (contractual services), respectively. The increase in labor price reduces its demand, 

while the price increases of the other two inputs increase labor demand. Although the cross-

price effects of operations (0.259) and contractual service (0.198) on labor are smaller than 

the own-price effect of labor (0.457), the more significant price increases of the other two 

inputs compared to the labor price increase compensate for this difference. As a result, the 

overall own- and cross-price effects on labor demand are approximately equal, leading to 

a relatively stable labor cost share, as shown in Figure 2.3 Panel C. Similar reasoning can 

explain the stable cost shares of the other two inputs.  

In Panel B, the results based on the output model are generally consistent with the 

attribute model in Panel A, with two exceptions. First, labor is the most price-elastic input 

in the output model, while operations are the most price-inelastic input. However, the 

results of own-price elasticities would be consistent with Panel A if the coefficient 
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‍    were set to 0. 36  Second, the output model shows a 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 

Table 2.7: Elasticities of substitution 

Panel A: Model with negative attributes (attribute model) 

 

h 

Labor Operations 
Contractual 

services 

j 

Labor - -1.202 (1.011) -0.920 (0.644) 

Operations 0.868 - -2.991 

Contractual services 0.667 -2.790 - 

Panel B: Model without negative attributes (output model) 

 

h 

Labor Operations 
Contractual 

services 

j 

Labor - -0.070 (1.024) -0.196 (0.583) 

Operations 0.881 - -1.147 

Contractual services 0.634 -0.900 - 
1. „  is the elasticity of input ratio j/h with respect to the change in price ratio of inputs h and j. 

2. All values are statistically significant, with p-values of 0.000, based on a mean test. 

3. Values in parentheses are calculated when ‍   were set to 0 due to being statistically 

insignificant at the 15% level. 

 

Table 2.7 presents the Morishima elasticities of substitution calculated based on 

Equation 2.11 for both the attribute and output models. These elasticities measure the 

substitutability or complementarity between two inputs based on the percentage change in 

the input quantity ratio resulting from a 1% change in the price ratio of two inputs. 

 
36 The coefficient estimate ‍    in the output model is 0.267 with a p-value of 0.503, 

which is larger than the estimated operations cost share (mean = 0.248). Consequently, it leads to positive 

own-price elasticities for both operations and contractual services. The estimated own-price elasticities for 

operations and contractual services are positive for all observations in the output model, with a range of 0.157 

to 0.766 for operations and from 0.187 to 1.077 for contractual services. 
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According to Blackorby and Russell (1989), inputs j and h are Morishima substitutes if „  

> 0, and Morishima complements if „  < 0. Therefore, labor is a substitute for both 

operations and contractual services in Panel A, with stronger substitutability between labor 

and operations. On the other hand, operations and contractual services are strong 

complements. These results are consistent with the conclusions from the price elasticity. 

In addition, Blackorby and Russell (1989) illustrates that the percentage change in 

the relative shares of inputs j and h, caused by a 1% change in the relative price, , equals 

1- „ . Therefore, the relative share of input h increases when its price increases if „  < 1. 

In contrast, if „  > 1, the relative share of input h decreases. Panel A indicates that:  

(1) When labor price increases, the relative shares of operations and contractual 

services decrease. The relative share of contractual services decreases more than operations, 

suggesting stronger substitutability between labor and operations. 

(2) When operations price increases, the relative share of labor increases while 

the relative share of contractual services decreases. This confirms that operations and labor 

are substitutes, while operations and contractual services are complements. 

(3) When contractual services price increases, the relative shares of labor and 

operations decrease. The relative share of operations decreases more than labor, confirming 

that contractual services and labor are substitutes, while contractual services and operations 

are complements. 

The output model results in Panel B are generally consistent with the attribute 

model. However, compared to the attribute model, the effects of the operations price 

increase on the relative shares of labor and contractual services are weaker in the output 
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model, while the effects of the contractual services price increase on the relative shares of 

labor and operations are stronger. 

2.5.2.3 Returns to Scale 

Table 2.8 reports the short-term returns of capital stock utilization and the long-

term multi-product returns to scale based on Equation 2.12 and Equation 2.13, respectively. 

All values are statistically significant, with p-values of 0.000 against the hypothesis of 

constant returns. Panel A suggests that airports experience increasing returns to capacity 

utilization (1.343) as well as multi-product increasing returns to scale (1.237). Although 

the conclusions are generally consistent with the attribute model, the output model results 

in Panel B show slightly lower values for both measures, with differences of -0.245 and -

0.103, respectively. This suggests that the output model underestimates the returns to scale. 

Table 2.8: Returns to scale 

 

Panel A: 

Model with negative attributes 

(attribute model) 

Panel B: 

Model without negative 

attributes (output model) 

Ὁ  1.343 1.098 

Ὁ  1.237 1.134 

1. All values are statistically different from 1 with p-values of 0.000, based on a mean test. 

2. Ὁ : the returns of capital stock utilization in the short term. 

3. Ὁ : the multi-product returns to scale in the long term. 

 

As discussed in Section 2.5.1, the attribute model provides more accurate estimates 

for returns to scale by separating the effects of negative attributes from the cost elasticities 

for positive outputs. In addition, according to Equation 2.12 and Equation 2.13, the lower 

value of long-term multi-product returns to scale than the short-term returns of runway 

utilization indicates positive cost elasticities for runways. In the output model, the cost 
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elasticity for runways is -0.039 with a p-value of 0.002, leading to slightly higher multi-

product returns to scale (1.134) than the returns of runway utilization (1.098). In contrast, 

in the attribute model, the cost elasticity for runways is 0.039 with a p-value of 0.000, 

resulting in slightly lower multi-product returns to scale (1.237) than the returns of runway 

utilization (1.343). This indicates that after controlling for negative attributes, airports in 

the sample are overcapitalized on average, as discussed in Section 2.5.1. 

These findings are consistent with the current literature. Martin et al. (2011) also 

finds a positive and statistically significant coefficient for runway length. The study reports 

short-run economies of capacity utilization of 1.70, higher than multi-product long-run 

returns (1.18). The values are close to the estimates in this study. 

2.5.2.4 Production Efficiency 

Although the translog cost function does not allow direct calculations of scale and 

scope economies, the estimates of marginal cost elasticities provide some insights. Table 

2.9 reports the own- and cross-marginal cost elasticities for three positive outputs, 

calculated using Equation 2.15 and Equation 2.16, respectively. The p-values for the mean 

test are in parentheses. The diagonal values are own-marginal cost elasticities, while off-

diagonal values are cross-marginal cost elasticities. A negative own-marginal cost 

elasticity means that as the output increases, its marginal cost decreases, consistent with 

the existence of scale economies. Similarly, a negative cross-marginal cost elasticity means 

that as an output increases, the marginal cost of the other output decreases, consistent with 

the presence of scope economies. 
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Table 2.9: Marginal cost elasticities 

Panel A: Model with negative attributes (attribute model) 

 

g 

Departures Workload 

Non-

aeronautical 

revenue 

s 

Departures 
-3.308 

(0.288)2 

0.096 

(0.055) 

0.786 

(0.026) 

Workload 
1.016 

(0.108) 

-31.516 

(0.169) 

-6.343 

(0.215) 

Non-aeronautical 

revenue 

0.443 

(0.000) 

0.431 

(0.000) 

-0.748 

(0.000) 

Panel B: Model without negative attributes (output model) 

 

g 

Departures Workload 

Non-

aeronautical 

revenue 

s 

Departures 
-0.638 

(0.000) 

-0.275 

(0.622) 

0.541 

(0.000) 

Workload 
-0.680 

(0.613) 

0.474 

(0.807) 

0.850 

(0.057) 

Non-aeronautical 

revenue 

0.227 

(0.000) 

0.565 

(0.000) 

-0.773 

(0.000) 

1. Ὁ  is the elasticity of output s with respect to output g. 

2. P-values are reported in parentheses based on a mean test. 

3. The large negative mean value of the own marginal cost elasticity for the workload is due to a 

few large negative extreme estimated values in the sample. The median value in the sample is 

0.771, which is consistent with the normal magnitude of elasticities.  

 

In Panel A, all three positive outputs have negative own-marginal cost elasticities, 

suggesting the existence of product-specific scale economies.37 However, only the value 

for non-aeronautical revenue is statistically significant at the 5% level, indicating scale 

economies in non-aeronautical revenue. In addition, three cross-marginal cost elasticities 

are statistically significant at the 5% level - 0.786, 0.443, and 0.431. A 1% increase in 

departures (non-aeronautical revenue) leads to a 0.443% (0.786%) increase in the marginal 

 
37 A few extreme negative estimated values in the sample lead to the large negative mean value of 

the own marginal cost elasticity for 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 non-aeronautical revenue (departures). Furthermore, a 1% increase in workload 

units results in a 0.431% increase in the marginal cost of non-aeronautical revenue. These 

findings suggest the existence of weak scope diseconomies between departures/workload 

and non-aeronautical revenue, indicating that these positive outputs are cost anti-

complementarities.  

The output model results in Panel B also suggest the existence of weak scope 

diseconomies in these two positive output pairs. However, the output model underestimates 

the scope diseconomies between departures and non-aeronautical revenue by 0.216 to 

0.245 and overestimates the scope diseconomies between workload and non-aeronautical 

revenue by 0.134. The output model also indicates the presence of weak scale economies 

in departures, which is statistically insignificant in the attribute model. 

2.5.2.5 Technological Progress and Productivity Growth 

Equation 2.4 calculates the technological progress based on the year-fixed effect 

coefficients. The study calculates the technological progress between adjacent years and 

then determines the average annual technological progress rate for the sample period. Table 

2.10 presents the coefficients on the year-fixed effects and technological progress rates 

from both the attribute and output models, with 2012 as the base year. Panel A for the 

attribute model shows that most of the coefficients on year dummies are statistically 

significant at the 5% level. In 2013, the production technology significantly improved by 

10.37%. However, there was a slight technological decline during 2014 - 2016, with the 

highest annual decline being 2.75%. Starting from 2017, there was a slow recovery with 

minor technological improvements. 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 hand, Panel B reports the output model results, which differ from Panel 

A. The coefficients of year dummies are not statistically significant in Panel B. Over the 

sample period, there were frequent alternations between technological progress and regress, 

with relatively small magnitudes. Although the results confirm overall technological 

progress over the sample period, the output model significantly underestimates the annual 

technological progress rate, leading to a value of only 0.33%. 

Table 2.10: Technological progress 

Year 

Panel A: 

Model with negative attributes 

(attribute model) 

Panel B: 

Model without negative attributes 

(output model) 

Coefficient 

estimate of year 

dummy 

Technological 

progress 

compared to the 

previous year 

Coefficient 

estimate of year 

dummy 

Technological 

progress 

compared to the 

previous year 

2013 
-0.104 

(0.006) 
10.37% 

-0.006 

(-0.875) 
0.61% 

2014 
-0.099 

(0.014) 
-0.43% 

0.017 

(0.663) 
-2.30% 

2015 
-0.089 

(0.016) 
-1.09% 

-0.016 

(0.677) 
3.31% 

2016 
-0.061 

(0.090) 
-2.75% 

-0.020 

(0.610) 
0.37% 

2017 
-0.081 

(0.031) 
2.00% 

-0.019 

(0.637) 
-0.14% 

2018 
-0.109 

(0.005) 
2.84% 

-0.009 

(0.819) 
-0.95% 

2019 
-0.113 

(0.004) 
0.37% 

-0.023 

(0.559) 
1.42% 

Average - 1.62% - 0.33% 

1. P-values are in parentheses. 

 

This study calculates two measures of productivity growth - PGX (outputs held 

constant) and PGY (inputs held constant) - based on Equation 2.18 and Equation 2.19, 

respectively. Table 2.11 Panel A reports the results from the attribute model and shows that 
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the average annual productivity growth rate during the sample period is 1.77% (PGX) and 

2.17% (PGY). These values are very close to the technological progress rates calculated in 

Table 2.10 Panel A, confirming the progress in airport production during the sample period. 

Consistent with Table 2.10, Table 2.11 indicates that the output model also underestimates 

the productivity growth rate compared to the attribute model, with differences of 1.43% 

for PGX and 1.8% for PGY. The results from the output model are 0.34% (PGX) and 0.37% 

(PGY), which are also similar to the technological progress rate (0.33%) reported in Table 

2.10 Panel B but are significantly lower than the values from the attribute model. In 

addition, both models show higher productivity growth rates measured by PGY than by 

PGX. This suggests that although there are improvements in both aspects, the improvement 

in airportsô abilities to produce more outputs with the same levels of inputs (measured by 

PGY) is slightly higher than the improvement in the ability to reduce input usage while 

holding outputs constant (measured by PGX). This difference is more substantial in the 

attribute model results. 

Table 2.11: Annual productivity growth 

 

Panel A: 

Model with negative attributes 

(attribute model) 

Panel B: 

Model without negative 

attributes (output model) 

ὖὋὢ 1.77% 0.34% 

ὖὋὣ 2.17% 0.37% 

1. All values are statistically significant, with p-values of 0.000, based on a mean test. 

2. ὖὋὢ: the rate at which all inputs can decrease over time with fixed outputs. 

3. ὖὋὣ: the rate at which all outputs can grow over time with fixed inputs. 
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2.5.2.6 Estimates for Average Cost and Marginal Cost 

Table 2.12: Cost estimates for the full sample 

Panel A: Model with negative attributes (attribute model) 

 
Average variable cost (2012 $) Marginal cost  

(2012 $) Actual Estimated 

Departures $1,360 $1,353 $291 

Workload units $12.61 $12.53 $1.31 

Non-aeronautical revenue $1.37 $1.36 $0.67 

Panel B: Model without negative attributes (output model) 

 
Average variable cost (2012 $) Marginal cost 

(2012 $) Actual Estimated 

Departures $1,360 $1,344 $298 

Workload units $12.61 $12.45 $1.52 

Non-aeronautical revenue $1.37 $1.34 $0.74 

1. All values are statistically significant, with p-values of 0.000, based on a mean test. 

 

Table 2.12 reports the actual and estimated average variable costs, as well as the 

estimated marginal costs, for three positive outputs. The actual average variable costs for 

departures, workload, and non-aeronautical revenue in the sample are $1,360, $12.61, and 

$1.37, respectively. In Panel A, the estimated average variable costs are $1,353 

(departures), $12.53 (workload), and $1.36 (non-aeronautical revenue), which are close to 

the actual values from the sample. The estimated marginal costs for positive outputs are 

$291 (departures), $1.31 (workload), and $0.67 (non-aeronautical revenue). These 

marginal costs are significantly lower than the corresponding average variable costs, 

suggesting the existence of product-specific scale economies for the sample airports on 

average. This finding is consistent with Section 2.5.2.4 and Table 2.9 Panel A, which use 

the marginal cost elasticity as an indirect measure of scale economies. From Table 2.9 
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Panel A, while all three positive outputs have negative marginal cost elasticities, suggesting 

the existence of product-specific scale economies, only the value for non-aeronautical 

revenue is statistically significant at the 5% level. These findings from Table 2.9 Panel A 

and Table 2.12 Panel A are consistent with McCarthy (2016), using the same set of inputs 

and positive outputs, and without considering negative attributes. McCarthy (2016) also 

finds lower marginal costs than average variable costs for all three positive outputs, with 

only non-aeronautical revenue having a statistically significant negative marginal cost 

elasticity.  

The output model provides estimated average variable costs of $1,344 (departures), 

$12.45 (workload), and $1.34 (non-aeronautical revenue) in Panel B. Although close to the 

actual values in the sample, these estimates have slightly larger deviations from the sample 

values compared to the attribute model estimates. In addition, the marginal costs for three 

positive outputs based on the output model are higher than the attribute model by 2% to 

16%. 

2.5.3 Sub-Sample Analysis by Hub Size 

In order to analyze the differences in productivity growth between large and 

medium hubs, the study divides the whole sample into two sub-samples based on the hub 

size. Table 2.13 reports the average variable costs, marginal costs, returns to scale, and 

productivity growth rates for 27 large and 23 medium hubs using the attribute model with 

three negative attributes. The full sample experiences both increasing returns to runway 

utilization (1.343) in the short run and multi-product increasing returns to scale (1.237) in 

the long run. The sub-samples also have short-term increasing returns to scale for capital 

utilization and long-term multi-product increasing returns to scale. However, the values for 
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the long-term and short-term measures provide mixed results. The large hubs have higher 

short-term returns to scale for runway utilization than medium hubs, while the medium 

hubs have slightly higher long-term multi-product returns to scale than large hubs. This is 

because the long-term multi-product returns to scale for large hubs are lower than the short-

term returns to runway utilization, while the long-term multi-product returns to scale for 

medium hubs are higher than the short-term returns to runway utilization, due to the 

difference in the cost elasticities for runways between large and medium hubs. As 

discussed in Section 2.5.2.3, a lower value of long-term multi-product returns to scale than 

short-term returns of runway utilization suggests positive cost elasticities for runways. The 

cost elasticity for runways is 0.121 for large hubs and -0.058 for medium hubs. Therefore, 

large hubs in the sample are overcapitalized on average, while medium hubs are 

undercapitalized. McCarthy (2016) uses 1996 ï 2008 data for a similar sample and finds 

that short-term returns to capital utilization are higher than long-term multi-output returns 

to scale for both large and medium hubs, indicating that both large and medium hubs are 

overcapitalized. 

During the sample period, the average annual productivity growth rate for the full 

sample is 1.77% (PGX) and 2.17% (PGY). Both large and medium hubs had certain 

productivity growth during the sample period. The productivity growth rate for large hubs 

is 1.93% (PGX) and 2.30% (PGY), while it is 1.59% (PGX) and 2.01% (PGY) for medium 

hubs. Both measures consistently indicate 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 hubs have unique advantages over medium hubs, such as greater 

access to resources and broader connections and networks. These factors result in higher 
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productivity growth in large hubs. Consistent with the full sample, the productivity growth 

measured by PGY is slightly higher than PGX for both large and medium hubs.  

Table 2.13: Production properties by hub size 

 Large hubs Medium hubs 

Number of airports 27 23 

Number of 

observations 
214 182 

Average variable 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 

Ὁ  1.43 1.25 

Ὁ  1.21 1.26 

Productivity growth  

ὖὋὢ 1.93% 1.59% 

ὖὋὣ 2.30% 2.01% 
1. The full sample includes 50 large and medium hubs and 396 observations. All values are 

statistically significant, with p-values of 0.000, based on a mean test, except for the marginal cost 

estimate of departures for large hubs (p-value = 0.856). 

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

during 2013 ï 2019. 

3. The labor price index is calculated by dividing labor costs by the full -time equivalent number of 

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent 

numbers of employees, leading to four missing values for the real labor price index. 

4. P-value = 0.856. 

5. Ὁ : the return of capital stock utilization in the short term. 

6. Ὁ : the multi-product returns to scale in the long term. 

7. ὖὋὢ: the rate at which all inputs can decrease over time with fixed outputs. 

8. ὖὋὣ: the rate at which all outputs can grow over time with fixed inputs. 

 

The estimated average variable costs for three positive outputs are close to the 

sample values. Both actual and estimated average variable costs are higher for large hubs 
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than for medium hubs, but the differences are not large. Regarding marginal costs, the 

estimated marginal costs are non-negative for 47% (departure), 91% (workload), and 100% 

(non-aeronautical revenue) of the large hub observations, while for medium hubs, these 

proportions are 93% (departure), 39% (workload), and 100% (non-aeronautical revenue). 

These results indicate that the model does not accurately predict the marginal cost of 

departures for large hubs and the marginal cost of workload for medium hubs. Therefore, 

the marginal cost of departures for large hubs is underestimated and statistically 

insignificant, while the marginal cost of workload for medium hubs has a negative value 

in Table 2.13. However, the model provides reliable estimates of the marginal costs of non-

aeronautical revenue for both large and medium hubs. The marginal cost of non-

aeronautical revenue for the full sample is $0.67. It is $0.71 for large hubs and $0.62 for 

medium hubs, both lower than their respective average variable cost of non-aeronautical 

revenue. 

2.6 Robustness Check 

The study conducts the robustness check for the findings from Section 2.5 by using 

the full information maximum likelihood (FIML) estimation and conducting a sub-sample 

analysis based on cargo and non-cargo airports. 

2.6.1 Full Information Maximum Likelihood Estimation 

Table A.6 reports the full information maximum likelihood (FIML) estimation 

results of the attribute model with three negative attributes as a robustness check. The 

findings from FIML estimation are generally consistent with the ITSUR estimation results, 

with only a few minor differences. Firstly, although still not statistically significant at the 
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10% level, the p-value of the first-order departures coefficient based on FIML (0.128) is 

smaller than ITSUR (0.675), and the coefficient estimate increases (FIML 0.119 versus 

ITSUR 0.036). However, this does not significantly affect the cost elasticity for departures 

based on the enumerated sample mean method. Both FIML and ITSUR estimates are very 

close (FIML 0.23 versus ITSUR 0.17) and are statistically significant (p-value = 0.000). 

Secondly, consistent with ITSUR results, FIML estimation results confirm that operations 

and contractual services are complements based on cross-price elasticities. However, the 

FIML estimates of the cross-price elasticities are between -3.25 and -2.31, suggesting 

stronger complementarity between the two inputs compared to ITSUR results (-1.872 to -

1.328). Thirdly, the FIML estimate for the marginal cost of departures is $335, slightly 

higher than the ITSUR estimate of $291. On the other hand, the marginal cost of workload 

from FIML is $0.95, slightly lower than the ITSUR estimate of $1.31. These differences 

result from differences in the cost elasticities of the two estimation methods. Specifically, 

the mean cost elasticities of departures and workload from FIML are 0.23 and 0.10, 

respectively, while the ITSUR values are 0.17 and 0.13. However, both methods have 

similar average variable cost estimates. 

2.6.2 Sub-Sample Analysis by Cargo and Non-Cargo Airports 

According to FAA, cargo service airports handle over 100 million pounds of direct 

annual cargo volume. An airport can simultaneously be a commercial service airport as 

well as a cargo service airport. In recent years, cargo airports generally have both high 

passenger and cargo volumes, suggesting a close connection between cargo and passenger 

transportation. 78% of the cargo airports in the sample are large hubs, while 83% of the 

non-cargo airports are medium hubs, suggesting overlaps between large hubs and cargo 



 67 

airports, as well as between medium hubs and non-cargo airports. Table 2.14 provides 

descriptive statistics for cargo and non-cargo airports. Consistent with large and medium 

hubs in Table 2.2, cargo airports have significantly higher values than non-cargo airports 

with respect to total operating costs, cost components, and positive outputs. The differences 

are around three times, smaller than those between large and medium hubs.38 Cargo and 

non-cargo airports have the same cost shares. Labor prices are higher for cargo airports 

than non-cargo airports, while operations and contractual services prices are lower for 

cargo airports than non-cargo airports. Cargo airports have slightly lower delay rates but 

slightly higher average taxi-out minutes than non-cargo airports. The average annual 

median air quality index (AQI) is the same for both types of airports. In addition, the 

equivalent number of runways for cargo airports is twice that for non-cargo airports. Based 

on the sub-sample analysis by hub size in Section 2.5.3, this may indicate that cargo airports 

are overcapitalized on average. 

Table 2.15 summarizes the production properties of cargo and non-cargo airports. 

Regarding the economies of capital utilization, both types of airports experience long-term 

(1.17 - 1.33) and short-term (1.32 - 1.37) returns to scale. Moreover, the long-term returns 

to scale are consistently slightly lower than the short-term returns to runway utilization, 

with a difference between 0.04 and 0.16. This indicates that both types of airports are 

overcapitalized on average, and cargo airports are more overcapitalized. This result is 

reasonable given that cargo airports have an equivalent number of runways twice that of 

non-cargo airports. In addition, non-cargo airports show slightly higher returns to scale in 

both the long-term and the short-term, with a difference between 0.04 and 0.15. 

 
38 In this study, workload units are the sum of the number of passengers and the units of 220 pounds 

of cargo, which reflects the combination of passengers and cargo. 
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Table 2.14: Descriptive statistics by cargo and non-cargo airports, 50 U.S. airports, 2012 

- 2019 

Variables 

Cargo airports Non-cargo airports 

# of 

Obs. 
Mean 

Std. 

Dev. 

# of 

Obs. 
Mean 

Std. 

Dev. 

Costs 

(million  

2012 $) 

Total operating 

costs 
237 246 186 163 84 58 

Labor 237 95 81 163 34 27 

Contractual services 237 88 68 163 29 19 

General operations 237 64 61 163 21 18 

Cost shares 

Labor 237 0.39 0.10 163 0.39 0.11 

Contractual services 237 0.36 0.12 163 0.36 0.13 

General operations 237 0.25 0.09 163 0.25 0.08 

Average 

variable cost 

(2012 $) 

Per departure 237 1,389 597.62 163 1,318 347.84 

Per workload unit 237 11.82 4.34 163 13.76 3.65 

Per non-aeronautical 

revenue 
237 1.35 0.46 163 1.40 0.65 

Real input 

price indexes 

(2012 = 100) 

Labor 237 108.93 80.68 159 96.57 84.59 

Contractual services 237 100.97 5.73 163 102.39 6.08 

General operations 237 98.87 5.55 163 100.32 5.88 

Positive 

outputs 

(million) 

Departures 237 0.17 0.10 163 0.06 0.04 

Workload units 237 21 12.56 163 6 3.35 

Non-aeronautical 

revenue (2012 $) 
237 180 108.22 163 59 26.11 

Negative 

attributes 

Delay rate 237 0.19 0.04 163 0.20 0.04 

Average taxi-out 

time (minute) 
237 17 3.34 163 14 3.41 

Annual median air 

quality index 
237 47 9.93 163 47 9.18 

Quasi-fixed 

factor 

Equivalent number 

of 10,000ô ³ 150ô 

runways 

237 4.07 1.93 163 2.25 0.98 

1. The full sample includes 50 cargo and non-cargo airports and 396 observations.  

2. Workload units are the sum of the number of passengers and the units of 220 pounds of cargo. 

3. The annual air quality index (AQI) range is 0 to 500. A lower AQI value means better air quality. 

 

Both types of airports have moderate productivity growth between 1.65% and 

2.22%. Although the overall growth rates are similar for the two types, the two indicators 

- PGX and PGY - provide mixed results. Based on the ability to reduce inputs with fixed 

outputs, as measured by PGX, non-cargo airports are weaker than cargo airports by 0.2%. 
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However, based on the ability to increase outputs with fixed inputs, as measured by PGY, 

non-cargo airports outperform cargo airports by 0.08%. 

Table 2.15: Production properties by cargo and non-cargo airports, 50 U.S. airports, 2012 

- 2019 

 Cargo airports  Non-cargo airports  

Number of 

observations 
237 159 

Average variable 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 

Ὁ  1.32 1.37 

Ὁ  1.17 1.33 

Productivity growth  

ὖὋὢ 1.85% 1.65% 

ὖὋὣ 2.14% 2.22% 
1. The full sample includes 50 cargo and non-cargo airports and 396 observations.  

2. Ὁ : the return of capital stock utilization in the short term. 

3. Ὁ : the multi-product returns to scale in the long term. 

4. ὖὋὢ: the rate at which all inputs can decrease over time with fixed outputs. 

5. ὖὋὣ: the rate at which all outputs can grow over time with fixed inputs. 

 

Regarding the average variable costs, cargo airports have higher average variable 

costs for departures and lower average variable costs for workload than non-cargo airports. 

The average variable costs for non-aeronautical revenue are close between the two types. 

Although both cargo airports and large hubs have higher workload levels compared to their 

counterparts, large hubs have a slightly higher average variable cost of workload than 
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medium airports, while cargo airports have a significantly lower average variable cost of 

workload than non-cargo airports. Regarding the marginal cost, cargo airports have 

significantly lower marginal costs for departures than non-cargo airports, while the 

marginal costs for workload and non-aeronautical revenue are slightly higher for cargo 

airports than non-cargo airports.39 

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 attributes in the production of positive outputs 

to reduce total 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). Therefore, airports should 

also consider the impact of these negative attributes in negotiations with airlines. Secondly, 

compared to the output model without negative attributes, airports have higher returns to 

scale, technological progress, and productivity growth in the production of positive 

outputs, based on the attribute model after controlling for negative attributes. Therefore, 

policymakers should recognize that neglecting negative attributes leads to underestimated 

returns to scale, technological progress rate, and productivity growth rate and use the 

attribute model results as a basis for decision-making. Thirdly, on average, medium hubsô 

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

 
39 As mentioned in Section 2.5.3, the sub-sample analysis based on hub size indicates that the model 

does not accurately estimate the marginal cost of workload for medium hubs. Due to the overlap between 

non-cargo airports and medium hubs, this also leads to the inaccurate estimation of the marginal cost of 

workload for non-cargo airports. 
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of medium hubs by providing more resources and technical support, thereby improving the 

overall productivity of airports. 

Several aspects need further discussion. Firstly, as mentioned in Section 2.4.1, a 

major limitation of this study is the lack of airport-specific air pollution data, and thus the 

study uses county-level AQI data to measure air pollution. In addition, the study is unable 

to obtain the noise data for the 50 sample airports from 2012 to 2019 and thus unable to 

include noise as the fourth negative attribute in the model. Scotti et al. (2014) shows that 

air pollution has a similar impact as delay on efficiency, while noise has a relatively minor 

effect. These two data limitations result in the inability to accurately estimate the effect of 

air pollution on total variable costs and the coefficients on positive outputs after controlling 

for air pollution and noise. However, 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 expects that air pollution and noise also have statistically significant and positive 

effects on total operating costs. The results in Section 2.5.2 show that the cost elasticity 

estimates for positive outputs decrease after controlling for negative attributes, while the 

estimates for the short-run and long-run returns to scale, the technological progress rate, 

and the productivity growth rate increase. Therefore, by using more 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 noise), leading to lower cost 

elasticity estimates for positive outputs and higher estimates for short-run and long-run 

returns to scale, technological progress rate, and productivity growth rate. Qualitatively, 

the overall conclusions still hold. Although the data in this study does not support a 
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complete negative attribute vector, the conclusions still have some implications for a more 

comprehensive analysis using more accurate data. 

Secondly, as mentioned in Section 2.4.2, another limitation of this study is the issue 

of input price. On the one hand, for contractual services and general airport operations, the 

study uses the state-level real input price indexes derived from the national price indexes, 

which are not the actual input prices faced 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 should use each inputôs actual price and corresponding 

costs rather than aggregated composites. However, the existing data does not support this 

approach. These two limitations may affect the accuracy and reliability of the estimation 

results to some extent. 

Thirdly, as discussed in Section 2.4.2, this study uses the equivalent number of 

runways instead of the actual number of runways as the runway measure. Although this 

method can account for differences in runway lengths and runway extensions (instead of 

constructing new runways), it also has certain limitations. One 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 number of runways greater 

than one through Equation 2.20, which does not reflect the actual situation of the airport. 

Therefore, the conclusions about airports being overcapitalized or undercapitalized based 

on the equivalent number of runways may be biased. 

Fourthly, as discussed in Section 2.4.3, according to Figure 2.5 Panel A, departures 

declined 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. 

Departures did not recover to the 2012 level until 2016, leading to a decline in the delay 

rate from 2014 to 2016, as shown in Figure 2.6 Panel A. The sample data suggest that most 

of the sample airports exhibited a decline in the delay rate from 2014 to 2016. Therefore, 

the potential reason, other than the decrease in departures, is likely not a few airportsô 

expansion but factors affecting the full  sample, including but are not limited to airlinesô 

scheduling and system improvements and the decrease in the occurrence of extreme 

weather in 2015 and 2016. If this event leads to significant fluctuations in departures and 

delay rates, then it may impact the estimation. However, the overall magnitude of 

fluctuations in departures and delays are very small. The decline in departures from 2012 

to 2013 was only 0.49% and was 2.10% from 2013 to 2014. In contrast, the decline caused 

by COVID-19 in 2020 was 40% compared to 2019. On the other hand, the low level of 

departures decreased the average annual delay rate from 22% in 2014 to 19% in 2015, and 

then to 18% in 2016. The overall decrease is also very small. The average annual delay rate 

is generally stable within a narrow 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 estimation results. 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 controlling 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 outputs, confirming the 
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existence of product-specific generalized scale economies. On average, the sample airports 

show increasing returns to scale in both the short and long run. Compared to the model 

without negative attributes, the results from the attribute model indicate that airports exhibit 

higher production efficiency in producing positive outputs after controlling for negative 

attributes. 

2.8 Conclusions 

Airports are crucial in the growth of air transportation, and understanding the 

airportôs cost structure is essential for effective resource allocation and policymaking. In 

addition, the impact of negative attributes such as delay, congestion, and pollution on 

airport production has gained significance. This study examines the effects of negative 

attributes on airport short-run total variable costs and production characteristics. The study 

estimates a short-run multi-output translog cost function using panel data from 50 medium 

and large U.S. airports during 2012 - 2019. The analysis considers three inputs (labor, 

general airport operations, and contractual services), three positive outputs (departures, 

workload, and non-aeronautical revenue), three associated negative attributes (delay, 

congestion, and air pollution), and a quasi-fixed factor (the equivalent number of runways). 

This paper contributes to the existing literature and addresses research gaps by 

incorporating negative attributes into the airport cost analysis. The study also analyzes 

production properties such as elasticities, generalized scale and scope economies, 

technological progress, and productivity growth. Furthermore, the study differentiates and 

compares the production characteristics of medium and large hubs, as well as cargo and 

non-cargo airports, providing new insights into their operational differences. 
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This paper has several key findings. Firstly, the study shows that delay and 

congestion have positive and statistically significant impacts on airport total operating 

costs. Specifically, a 1% increase in the annual delay rate or average taxi-out time results 

in a 0.38% or 0.33% increase in total operating costs, respectively. However, the effect of 

pollution on the total operating costs is statistically insignificant, likely due to limitations 

in the AQI data. 

Secondly, the airport cost analysis without negative attributes provides unreliable 

estimates in several aspects. Specifically, it underestimates the complementarity between 

operations and contractual services by half the actual value. Moreover, omitting negative 

attributes leads to the underestimation of the short-term returns to runway utilization and 

long-term multi-product returns to scale by 0.245 and 0.103, respectively. In addition, the 

omission further results in biased estimates for generalized scope economies, 

underestimation of technological progress (by 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 that the sample 

airports are undercapitalized on average, whereas, after controlling for negative attributes, 

the sample airports are actually overcapitalized on average. 

Thirdly, after acknowledging the difference between the output and attribute 

models, the study further analyzes several airport production properties based on the 

attribute model. Regarding inputs, the study finds that operations and contractual services 

are complements, while labor is a substitute for both. Moreover, labor is more easily 

substitutable with operations than contractual services. Regarding positive outputs, while 

all three positive outputs have negative own-marginal cost elasticity, suggesting the 
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existence of product-specific scale economies, only the value for non-aeronautical revenue 

is statistically significant at the 5% level. The analysis also indicates weak scope 

diseconomies between departures/workload and non-aeronautical revenue. In addition, 

sample airports experience both short-term increasing returns to runway utilization and 

long-term multi-output increasing returns to scale. On average, sample airports are 

overcapitalized. The study also identifies moderate technological progress and productivity 

growth rates during the sample period, with average annual rates of 1.62% for 

technological progress and 1.77% (inputs fixed) and 2.17% (outputs fixed) for productivity 

growth. 

Lastly, the paper conducts a sub-sample analysis between large and medium hubs 

based on hub size. The findings suggest slightly higher productivity growth rates for large 

hubs than medium hubs, with a difference between 0.29% and 0.34%. Both large and 

medium hubs experience long-term and short-term increasing returns to scale. Large hubs 

are overcapitalized, while medium hubs are undercapitalized. As the robustness check, the 

study conducts an additional sub-sample analysis based on cargo and non-cargo airports. 

The findings show that both types of airports exhibit both long term and short term returns 

to scale, and non-cargo airports have stronger returns to scale in both the long-term and 

short-term. Both types of airports are overcapitalized, but cargo airports are more 

overcapitalized. Regarding productivity growth, both types of airports have moderate 

growth, and one type outperforms the other in either the PGX or PGY measure. The 

findings from 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 paper analyzes the impact of COVID-19 and related policies on the airportôs 

short-run costs. The analysis estimates a short-run multi-output cost function with multiple 

positive outputs, associated negative attributes measuring the quality of positive outputs, 

and COVID-19 measures and policies. The data for this analysis is a ten-year panel dataset 

(2012 - 2021) covering 50 medium and large airports in the United States.40 

As discussed in Chapter 2, airports are essential not only for passenger and cargo 

transportation but also for employment generation and economic growth. A more complete 

and accurate understanding of the factors affecting airport costs enables airport managers 

and policymakers to allocate resources more efficiently and design policies accordingly. 

As a significant global public health crisis, the COVID-19 pandemic has influenced various 

industries since 2020. Airports, as the hub of air transportation, are particularly affected. 

Figure 3.1 illustrates the output trends of all U.S. airports from 2012 to 2021, and the red 

line separates the pre-COVID-19 period and the COVID-19 period. As illustrated in 

Chapter 2, the four major outputs of airports ï departures, passengers, cargo, and non-

aeronautical revenue ï showed overall upward trends before the pandemic (2012 - 2019). 

However, after the COVID-19 outbreak, three key outputs ï departures, 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%. Hartsfield-Jackson Atlanta International (ATL), John F Kennedy International (JFK), and Los Angeles 

International (LAX) are examples of large hubs. Cleveland-Hopkins International (CLE), Dallas Love Field 

(DAL), and Memphis International (MEM) are examples of medium hubs. 
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non-aeronautical revenue ï rapidly and drastically declined 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. Non-aeronautical revenue decreased from 11.4 billion in 2019 to 7.9 

billion in 2020. Passengers were the most seriously affected and declined by over half, 

from 1 billion in 2019 to 0.4 billion in 2020. As the vaccine became available and the 

economies progressively reopened, economic activity resumed in 2021, resulting in the 

recovery of departures and passengers. However, non-aeronautical revenue continued to 

fall in part because of the spreading modes of the virus.41 In 2021, the three outputs totaled 

9 million departures, 0.7 billion passengers, and 7 billion non-aeronautical revenue. These 

values reflect a drop of 23% (departures), 33% (passengers), and 36% (non-aeronautical 

revenue) compared to 2019 levels and are even much lower than 2012 levels. In contrast, 

factors such as the growing demand for essential goods (e.g., food, medical supplies, and 

epidemic prevention supplies), cargo-only flights, and the interruptions in global supply 

chains resulted in the surge in cargo transportation during the pandemic. In U.S. airports, 

cargo volume climbed from 52 billion pounds in 2019 to 60 billion in 2021. 

The COVID-19 pandemic has had a substantial effect on airport production. On the 

one hand, people have subjective concerns over the health risks associated with travel 

during the pandemic. On the other hand, pandemic-related policies, such as lockdowns, 

face mask mandates, social distancing actions, and mandatory vaccine policies, result in 

objective travel hassles and influence peopleôs travel decisions. These two factors also 

affect airportsô total operating costs during the pandemic. This study estimates a short-run 

 
41 According to the Centers for Disease Control and Prevention (CDC), the major modes of COVID-

19 transmission are airborne and respiratory droplets. Thus, in order to limit the risk of infection, people 

avoid dining at airports. In addition, people restrict their airport purchasing to avoid busy places. These 

circumstances contributed to a continuous reduction in non-aeronautical revenue in 2021. 
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multi-output translog cost function with three positive outputs (departures, non-

aeronautical revenue, and workload reflecting both passengers and cargo) and three 

associated negative attributes (flight delays, congestion, and air pollution) proposed in 

Chapter 2 as the attribute model. 

 

Figure 3.1: Trends for airports outputs, all U.S. airports, 2012 ï 2021 

Understanding the effects of COVID-19 and related policies on short-run airport 

costs is critical for two reasons. Firstly, understanding how the COVID-19 pandemic 

impacts airport costs enables airport management to make informed decisions and develop 

effective strategies to manage the crisis and ensure the airportsô long-term profitability. 

Secondly, this knowledge helps policymakers to evaluate the policy impact and make 

policy adjustments more efficiently. 
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3.2 Literature Review 

Since the COVID-19 outbreak in early 2020, various papers have studied the impact 

of COVID-19 on air transportation (Dube et al., 2021; Khatib et al., 2020; Suas-Sanchez 

et al., 2020; Sun et al., 2020; Zhang et al., 2020). The majority of these studies focus on 

the impact of COVID-19 on the aviation industry as a whole or on airlines in particular, 

while only a few examine the effects on airports. 

3.2.1 COVID-19 and the Aviation Industry 

COVID-19ôs impact on the aviation sector exceeds the combined effects of the 9/11 

attacks and the 2008 financial crisis (Molenaar et al., 2020). Since the COVID-19 outbreak, 

air transportation has been a principal mode for worldwide viral transmission (Du et al., 

2020; Kraemer et al., 2020; Nakamura and Managi, 2020; Zhang et al., 2020b; Zheng et 

al., 2020). By mathematical modeling of worldwide air travel statistics and population 

density, Daon et al. (2020) examines the airportô risk of becoming major sources of the 

global spread of COVID-19. The study forecasts that airports in East Asia will be the key 

sources of global spread and that air travel accelerates the transmission into Brazil, India, 

and Africa. Khatib et al. (2020) examines the health risk linked with air travel during the 

COVID-19 pandemic, emphasizing the crucial role of air passengers in worldwide 

COVID-19 transmission. The study also highlights the substantial risk of transmitting 

infectious diseases, such as COVID-19, via commercial flights. 

To prevent the entry of the virus, 194 countries imposed border control policies 

ranging from international travel restrictions to border closures (Lee et al., 2020). Many 

countries also implemented domestic travel restrictions and lockdowns (Chinazzi et al., 
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2020). These policies resulted in a dramatic fall in air travel demand and have had a major 

negative influence on airlines and the aviation industry as a whole in terms of revenue and 

flight volume (Dube et al., 2021). However, these policies are vital to limit  the virusô 

spread. Zhang et al. (2020a) provides a risk index for evaluating the risk of COVID-19 

cases imported via international flights. The study reveals that border control policies 

significantly decreased the risk associated with imported cases, whereas prematurely 

relaxing control policies raised the risk. 

According to the International Air Transport Association (IATA, 2020), the 

significant influence of the COVID-19 pandemic on the aviation industry began in March 

2020, which was extensive and rapid (Dube et al., 2020; Gössling, 2020; Suau-Sanchez et 

al., 2020). According to Shepardson et al. (2020) and Whittly et al. (2020), worldwide 

passenger demand fell by 70% to 95% in April 2020, and worldwide scheduled flights had 

declined by 47.5% as of August 2020 (Khatib et al., 2020). Based on Arora et al. (2021) 

utilizing IATA data, the worst year for the aviation business worldwide was 2020, when 

the revenue declined 60% with a $84 billion loss. In particular, flights, revenue passenger 

kilometers, and cargo volume decreased by 58%, 66%, and 10.6%, respectively, compared 

to 2019. 

Airlines employed several strategies to react to the pandemic, including personnel 

layoffs, service cancellations, temporary aircraft storage, and financial support applications 

(Adrienne, 2020; Akbar and Kisilowski, 2020; Budd et al., 2020; Choi, 2021; Kao et al., 

2020). According to a McKinsey report (Curley et al., 2020), airlines stopped 60% of 

aircraft worldwide and reduced their capacity by 70% - 80% in April 2020. As of March 

2020, worldwide airlines have requested $300 billion in financial aid (Parker, 2020). 
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However, Dube et al. (2021) forecasts that the aviation industry's recovery would be far 

slower than anticipated because of the differences in economic recovery and the relaxation 

of pandemic-related policies in different regions. The study also proposes that the aviation 

industry employs a steady recovery strategy focusing on passenger safety, cost saving, and 

efficiency enhancement. 

3.2.2 COVID-19 and Airports 

Compared to the studies of the COVID-19 impact on the aviation industry and 

airlines, only limited research analyzes the COVID-19 effect on airports. Through a 

complex network analysis that includes three layers of networks ï networks of global 

airports, international countries, and domestic airports, Sun et al. (2020) analyzes the 

COVID-19 impact on air transportation systems based on data from January to May 2020. 

According to four different complex network metrics commonly used in the literature, each 

airport lost an average of 50% of connections, significant decreasing network connectivity. 

A few studies examine the airport recovery process. To address the long-term 

influence of COVID-19 on airport operations, Serrano and Kazada (2020) proposes that 

airports should cut unnecessary costs and introduce biometric and self-service processes to 

reduce interpersonal contact and increase operational efficiency. Choi (2021) suggests that 

airports focus on non-aeronautical revenue management during COVID-19 recovery. 

Using transaction data from duty-free stores at Incheon Airport in South Korea, the study 

proposes that airports proactively align their operation policies with non-aeronautical 

revenue. For instance, enhancing management efficiency, which accelerates passenger 

security checks and allows more time for passengers to shop during waiting time, would 

increase airport income. Based on a case study of the recovery of the Chinese aviation 
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industry, Hou et al. (2021) concludes that slot reallocation and associated subsidy programs 

can accelerate the recovery of airports and the overall aviation industry. Before the 

pandemic, severe slot constraints restricted route allocations between major and regional 

airports. However, due to the decreased demand in the recovery phase, airport capacity was 

no longer constrained, increasing available slots. Consequently, the government loosened 

route restrictions between major and regional airports and granted subsidies to regional 

airports, facilitating the recovery of the aviation industry. Tanriverdi et al. (2022) indicates 

that cargo will play an important part in the airportôs recovery process. The study suggests 

a steady increase in the proportion of cargo flights while keeping the related fees low. 

Based on a case study of U.K. airports, Colak et al. (2023) shows that the pandemic 

changed the airport business models. To prepare for similar challenges in the future, 

airports have implemented reforms in four areas: cost savings (more cautious about 

expenditure), income diversification and commercial revenue development, digitalization 

and operational efficiency enhancement, and sustainable operations commitment. 

3.2.3 Gaps and Contributions 

The current literature has two main gaps. Firstly, there is a lack of research 

analyzing the COVID-19 impact on airport costs. The few studies examining the COVID-

19 effect on airports mainly focus on the outputs and recovery process. Secondly, there is 

no analysis of the impact of COVID-19 related policies, such as face mask and COVID-19 

vaccine mandates, on airport costs.42 

 
42 Oum and Wang (2020) endorses these policies. The paper employs an urban traffic congestion 

model to examine the socially optimal lockdown and travel restrictions during COVID-19. The findings 

indicate that people do not internalize the costs of the infection risk their behaviors put on other people and 

the healthcare system, emphasizing the importance of government regulation. Due to these external costs, 

the socially optimal duration of lockdown will always exceed the privately optimal duration. 
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This paper contributes to the current literature and fills these gaps by conducting a 

short-term multi-output cost analysis with alternative COVID-19 measures and COVID-

19 policy responses. The study offers three key contributions: 

(1) analyzes the influence of COVID-19 and related policies on short-term 

airport costs, providing new insights into the COVID-19 effect on airports costs and 

technical characteristics. 

(2) decomposes the percentage change in average variable costs between pre-

COVID-19 and COVID-19 periods and examines how COVID-19, 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 airports versus non-cargo airports, facilitating 

a better understanding of the different effects across different airport types. 

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 costs (TVC) associated with producing a range of positive 

outputs. Equation 3.1 summarizes the airport managerôs cost minimization problem, where 

ήᴆ is the positive output vector and ὢᴆ is the vector of input x.43 

 

ÍÉÎ
ᴆ
          Ὕὠὅ ὴὼ 

ίȢὸȢ  ήᴆ Ὂ ὢᴆ  

3.1 

 
43 Bar over the variable denotes that the variable is a vector. 
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In the long run, airports can adjust all inputs according to their needs. However, in 

the short run, airports cannot easily alter certain inputs, referred to as (quasi-) fixed factors, 

such as capital. Equation 3.2 represents the short-run cost function, reflecting that the total 

variable costs depend on the vector of quality-adjusted outputs ὗᴆήᴆȟὶᴆ, the input price 

vector ὴᴆ, and the vector of quasi-fixed factors Ὧᴆ. The quality-adjusted outputs ὗᴆήᴆȟὶᴆ 

adjust the positive outputs ήᴆ with associated negative attributes ὶᴆ measuring the quality of 

positive outputs. 

 ὝὠὅὗᴆήᴆȟὶᴆȠὯᴆȟὴᴆ  ὝὠὅήᴆȠὶᴆȟὯᴆȟὴᴆ 3.2 

According to Oum and Tretheway (1989), the quality of an airport's positive output 

(departures, workload, and non-aeronautical revenue) associates with measurable negative 

attributes (delay, congestion, and pollution).44 The cost function needs to include these 

negative attributes to account for their effects on costs and adjusts the positive outputs for 

the variations in negative attributes measuring the quality. This analysis considers three 

positive outputs of the airport ï departures (domestic and international), workload 

(passengers, freight, and mail), and non-aeronautical revenue (e.g., food, retail stores, 

hotels, and rental cars) ï and three associated negative attributes ï delay, congestion, and 

air pollution. Equation 3.3 illustrates functions of the quality-adjusted outputs ὗ used in 

Equation 3.2, considering not only the quantity but also the quality aspects of the airport 

outputs.45 

 
44 Negative attributes ï delay, congestion, and air pollution ï affect the quality of positive outputs. 

The term ñnegativeò does not mean that these attributes are inherently negative. It emphasizes that these 

attributes are undesirable and negatively impact the positive outputs. The study uses the term ñnegativeò to 

separate these attributes from the positive outputs, where the term ñpositiveò reflects that these outputs are 

desirable from airport operations. 
45 To separate from the positive output ή, the study uses ὗ to represent the quality-adjusted output. 
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 ὗ  ὪὨὩὴὥὶὸόὶὩίȟὨὩὰὥώȟὧέὲὫὩίὸὭέὲȟὴέὰὰόὸὭέὲ 

ὗ  ὫύέὶὯὰέὥὨȟὨὩὰὥώȟὴέὰὰόὸὭέὲ 

ὗ  ὬὲέὲὥὩὶέὲὥόὸὭὧὥὰ ὶὩὺὩὲόὩȟὨὩὰὥώ 

3.3 

Delays, congestion, and pollution are negative attributes related to departures. More 

departures lead to increased delays, more congested runways, and higher pollutant 

emissions. The negative attributes associated with workload units representing both 

passengers and cargo are delay and air pollution. The increasing number of passengers puts 

pressure on airport operations, causing delays due to operational constraints. In addition, it 

requires larger aircraft to transport more passengers and cargo without increasing 

departures, which leads to higher pollution levels. Non-aeronautical revenue also has delay 

as a negative attribute. Airports may reallocate certain resources from aeronautical 

operations to non-aeronautical activities to increase non-aeronautical revenue. Considering 

airportsô limited resources, this may cause delays due to operational constraints. 

3.3.1.1 Translog Cost Function 

Instead of deriving the cost function through the cost minimization problem, Caves 

et al. (1981) proposes an alternative approach using a translog cost function.46, 47 The 

translog cost function, unlike the cost function obtained from the optimization process, is 

 
46 The current literature uses a variety of flexible functional forms to depict the production process, 

such as Cobb-Douglas, constant elasticity of substitution, generalized Leontief, translog, and generalized 

square root quadratic functions. Different functions have different implications for production characteristics, 

such as homotheticity, elasticity of substitution, cost elasticity, and returns to scale. 
47 According to Heathfield and Wibe (1987), the translog function is a flexible functional form, 

which requires relatively few restrictions. Caves et al. (1981) first presents the translog production and price 

frontier, then further extends them to the translog utility function. The translog cost function is an extension 

of Cobb-Douglas and constant elasticity of substitution functions, allowing the elasticities of substitution to 

change with input proportions. 
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not self-dual. In the context of panel data and considering the quasi-fixed factor k, the 

multi-output translog variable cost function, incorporating three positive outputs and three 

associated negative attributes, takes the form of Equation 3.4. For airport i at time t, Ὕὠὅ 

is the total variable costs; ή  is the positive output s; ὶ  is the negative attribute l; ὴ  is 

the price of input j; Ὧ  is the quasi-fixed factor.  

 

ÌÎὝὠὅ  ‍ ‍ ÌÎή ‍ ÌÎὶ ‍ ÌÎὴ

‍ÌÎὯ
ρ

ς
‍ ÌÎή ÌÎή

ρ

ς
‍ ÌÎὶ ÌÎὶ

ρ

ς
‍ ÌÎὴ ÌÎὴ

ρ

ς
‍ ÌÎὯ

‍ ÌÎή ÌÎὶ ‍ ÌÎή ÌÎὴ

‍ ÌÎή ÌÎὯ ‍ ÌÎὶ ÌÎὴ

‍ ÌÎὶ ÌÎὯ ‍ ÌÎὴ ÌÎὯ  

3.4 

The inputs include labor, general airport operations, and contractual services. 

Consistent with McCarthy (2014), this study measures the quasi-fixed factor by the 

equivalent number of 10,000ô ³ 150ô runways, instead of using the actual number of 

runways. This method accounts for the differences in runway lengths. To make the 

approximation at the sample mean of each variable, Equation 3.4 subtracts the log forms 

of sample means, denoted as ÌÎή, ÌÎὶӶ, ÌÎὴӶ, and ÌÎὯ, from ÌÎή , ÌÎὶ , ÌÎὴ , and 
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ÌÎὯ , respectively, which results in Equation 3.5. The model also includes the airport 

effect and year-fixed effects in the estimation, with 2012 as the base year.48, 49 

 
ÌÎὝὠὅ  ‍ ‍ ÌÎή ÌÎή ‍ ÌÎὶ ÌÎὶӶ
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‍ ÌÎὯ ÌÎὯ ‍ ÌÎή ÌÎή ÌÎὶ ÌÎὶӶ

‍ ÌÎή ÌÎή ÌÎὴ ÌÎὴӶ

‍ ÌÎή ÌÎή ÌÎὯ ÌÎὯ

‍ ÌÎὶ ÌÎὶӶÌÎὴ ÌÎὴӶ

‍ ÌÎὶ ÌÎὶӶÌÎὯ ÌÎὯ ‍ ÌÎὴ

ÌÎὴӶÌÎὯ ÌÎὯ ‍ ÌÎὅὕὠὍὈ ‍ ÌÎὴ

ÌÎὴӶÌÎὅὕὠὍὈ‍ Ὂὓ ‍ ὠὓ 

3.5 

To analyze the effects of COVID-19 and related policies on total operating costs, 

Equation 3.5 incorporates additional variables. Specifically, ÌÎὅὕὠὍὈ represents the log 

 
48The variation of the equivalent number of runways over the sample period for each airport is 

minimal in the sample. Consequently, including a complete set of airport fixed effects (49 binary dummy 

variables) with the quasi-fixed factor in the model leads to severe multicollinearity issues, which make it 

impossible to estimate the model. Thus, to account for airport-specific  effects, this study uses the airport 

effect variable, which is similar to the year trend variable and takes values between 1 and 50 for 50 airports. 

There is no reference airport in this approach. 
49 The 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 COVID-19 measure, such as the number of cases or deaths.50 To account for 

the possibility that the effect of COVID-19 measure may vary with the levels of positive 

outputs and associated negative attributes, the model includes the interactive terms between 

ÌÎὅὕὠὍὈ and ÌÎή , as well as between ÌÎὅὕὠὍὈ and ÌÎὶ . In addition, the study 

considers two COVID-19 related policies: state-level face mask mandates and COVID-19 

vaccine mandates.51 The model uses binary dummy variables to represent policies, taking 

1 when the policy is enforced and 0 otherwise. Equation 3.5 incorporates these variables, 

Ὂὓ for face mask mandates and ὠὓ  for COVID-19 vaccine mandates, to capture their 

effects on the total operating costs.  

A well-behaved variable cost function must satisfy symmetry and linear 

homogeneity conditions. The symmetry condition, Equation 3.6, requires the cost function 

to be symmetric in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The linear 

homogeneity condition, Equation 3.7, requires the cost function to be homogeneous of 

degree one in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The study 

imposes the symmetry and linear homogeneity restrictions on Equation 3.5 before 

estimation.52 

 

 
50 Given that the value of the COVID-19 measure is 0 for observations between 2012 and 2019, and 

that log form does not allow 0 values, the COVID-19 measure is set to 1 to make ÌÎὅὕὠὍὈρω equal 0 for 

observations between 2012 and 2019. 
51 Section 3.4.3.2 provides a detailed discussion on the choice of COVID-19 related policies. 
52 If the study utilized the actual input prices faced by airports, the symmetry condition would hold 

in the estimation results even without imposing it before the estimation. However, given that actual input 

price data for contractual services and general airport operations are unavailable, this study uses state-level 

real input price indexes derived from national input price indexes. Consequently, the symmetry constraint 

does not naturally hold. Thus, the study imposes the symmetry constraint prior to the estimation. In addition, 

although homogeneity should theoretically hold, it does not naturally hold for the sample dataset with input 

price indexes. Consequently, the study also imposes the homogeneity restriction prior to the estimation, 

which is consistent with the current literature employing the translog cost function (Caves et al., 1981; Martin 

et al., 2011; McCarthy, 2014, 2016). 
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3.9  

The study derives Equation 3.8 based on Shephardôs lemma, where ὼᶻ is the 

optimal demand for input ὼ. Based on Equation 3.8, the cost share equation of input j, ,‫ 

is Equation 3.9. The study estimates the cost share equations jointly with the translog cost 

function, Equation 3.5, as a system to improve the estimation efficiency. Since the shares 
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of three inputs sum to one, the study drops one input cost share ï contractual services ï 

before the estimation.53 

3.3.2 Decomposition of Percentage Change in Average Variable Costs 

3.3.2.1 Percentage Change in Total Variable Costs 

 ώ Ὢὼȟȣȟὼ  3.10 

 

 Ўώ Ὢὢᴆz Ўὼᴆ Ὢὢᴆz Ὢȿᴆ ᴆzЎὼ Ễ Ὢȿᴆ ᴆzЎὼ 3.11 

 

 Ὠώ ὪὨὼ Ễ ὪὨὼ 3.12 

 

 

Ὠώ ὪɳὨὢ
Ὢ
ȣ
Ὢ

Ὠὼ
ȣ
Ὠὼ

 3.13 

 

 
ЎὰὲὝὠὅὰὲὝὠὅȿ ὰὲὝὠὅȿ

ЎὝὠὅ

Ὕὠὅȿ

ὖὩὶὧὩὲὸὥὫὩ ὅὬὥὲὫὩ Ὥὲ Ὕέὸὥὰ ὠὥὶὭὥὦὰὩ ὅέίὸί 

3.14 

Equation 3.10 to Equation 3.13 illustrate the notion of the total derivative. 

Specifically, Equation 3.11 demonstrates the calculation of the change in ώ, denoted as Ўώ, 

when shifting from ὢᴆ ὢᴆz to ὢᴆ ὢᴆz Ўὼᴆ, where Ὢ is the partial derivative with respect 

to ὼ, . This change in ώ can be calculated by summing the products of the changes in 

 
53  With maximum likelihood estimation procedures, the parameter estimates in a system of 

equations remain invariant regardless of which share equation is dropped (Berndt, 1991). 
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ὼȟȣȟὼ and their respective partial derivatives ὪȟȣȟὪ, evaluated at ὢᴆ ὢᴆz. Equation 

3.12 provides the equation for Ὠώ, representing the infinitesimal change in ώ. Furthermore, 

Equation 3.13 presents the matrix form of Ὠώ, where ɳὪ is the gradient of  Ὢ, ɳ Ὢ
Ὢ
ȣ
Ὢ

.  

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 described in Equation 3.14. 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 function is the basis for calculating the percentage change in total 

variable costs between two observations. As illustrated in Equation 3.14, the difference in 

ὰὲὝὠὅ between the two observations, ЎὰὲὝὠὅ, corresponds 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 derivative 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 at ὢ ὢᶻ as in Equation 3.11, Caves and Christensen 

(1988) takes the average of Ὢȿᴆ ᴆz and  Ὢȿᴆ ᴆz Ўᴆ, to account for the potential significant 

change in ὢᴆ and its resulting impact on the partial derivative values.54 Building upon 

 
54 In Equation 3.11, evaluating the partial derivatives at ὢ ὢᶻ works best when Ўὼᴆ is small. 
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Equation 3.5, Equation 3.15 represents the expression for the percentage change in total 

variable costs between two observations. 

ὖὩὶὧὩὲὸὥὫὩ ὅὬὥὲὫὩ Ὥὲ Ὕέὸὥὰ ὠὥὶὭὥὦὰὩ ὅέίὸίЎὰὲὝὠὅὰὲὝὠὅȿ ὰὲὝὠὅȿ  
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3.3.2.2 Decomposition of Percentage Change in Total Variable Costs 

Windle (1991) uses the components in Equation 3.15 to identify the factors 

contributing to the percentage change in total variable costs. By analyzing these factors, 

the study identifies the channels affecting total variable costs. Assigning names to each 

component within Equation 3.15 as a factor and classifying them accordingly, Equation 

3.16 further decomposes the percentage change in total variable costs into distinct factors, 

where the superscripts denote observations 1 and 2; ήȟὶȟὴȟὅὕὠὍὈ  are in natural 
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logarithms; Ὢ  denotes the partial derivative of lnTVC for observation i with respect to 

variable x.55  

ὖὩὶὧὩὲὸὥὫὩ ὅὬὥὲὫὩ Ὥὲ Ὕέὸὥὰ ὠὥὶὭὥὦὰὩ ὅέίὸίὰὲὝὠὅὰὲὝὠὅ 
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At a high level, the percentage change in total variable costs has two primary 

causes. Firstly, the differences in input prices result in variations in total variable costs 

(input price effects). Secondly, differences in productivity between the two observations 

contribute to the percentage change in total variable costs (productivity effects). The causes 

 
55 Equation 3.16 is essentially identical to Equation 3.15, with the only difference being that the 

components in Equation 3.15 are named in Equation 3.16. 
56 Positive output effects are the combined effects of three positive outputs. 
57 Negative attribute effects are the combined effects of three negative attributes. 
58 In this study, the COVID-19 effects include three components: the COVID-19 measure effect, the 

face mask mandates effect, and the COVID-19 vaccine mandates effect. 
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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 effects, negative attribute effects, COVID-19 effects, and 

time or technical efficiency effect. Equation 3.16 provides a valuable framework for 

analyzing the impact of various 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 in Average Variable Costs 

In addition to the percentage change in total variable costs, the translog cost 

function also allows for calculating the percentage change in average variable costs for 

positive output s, ϷЎὃὠὅ, as in Equation 3.17. Equation 3.18 defines ὃὠὅ, and taking 

the natural logarithm of both sides yields Equation 3.19. Further taking the differences 

leads to Equation 3.20. Based on Equation 3.17 and Equation 3.20, Equation 3.21 

demonstrates that ϷЎὃὠὅ between two observations includes two components: the 

percentage change in total variable costs and the percentage change in the positive output 

s (referred to as the own-quantity effect in this study). The ϷЎὃὠὅ increases with an 

increase in ЎὰὲὝὠὅ, while it decreases with an increase in Ўὰὲή. Intuitively, for the 

percentage change in average variable costs of positive output s, its increase (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 variable costs, indicating a larger difference in 

total variable cost for a fixed difference in positive output s, or a decrease in the difference 

in positive output s while the difference in total variable costs remains constant, or a 

combination of both factor. Equation 3.22 provides the formula for ϷЎὃὠὅ, by 
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subtracting the own-quantity effect, ὰὲήȿ ὰὲήȿ   from Equation 3.15. 

Consequently, compared to Equation 3.15, the only additional term in Equation 3.22 is 

ὰὲήȿ ὰὲήȿ . 
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3.3.2.4 Decomposition of Percentage Change in Average Variable Costs 

Similar to Section 3.3.2.2 and Equation 3.16, Equation 3.23 further decomposes the 

percentage change in average variable costs of positive output s by assigning names to each 

component within Equation 3.22 as factors and classifying them accordingly, where the 

superscripts denote observations 1 and 2; ήȟὶȟὴȟὅὕὠὍὈ  are in natural logarithms; Ὢ 

denotes the partial derivative of lnTVC for observation i with respect to variable x.59 

Notably, the term ὰὲήȿ ὰὲήȿ  has a dual impact on ϷЎὃὠὅ. On the one hand, 

it represents the own-quantity 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 ϷЎὃὠὅ. To illustrate, when calculating the percentage change in 

average variable costs of departures ϷЎὃὠὅ , departures have a direct influence 

through the own-quantity effect and are simultaneously one of the positive output effects, 

affecting ϷЎὃὠὅ  indirectly through its impact on the percentage change in total 

variable costs. In contrast, the other two outputs, workload and non-aeronautical revenue, 

are unrelated to the own-quantity effect and impact ϷЎὃὠὅ  solely through their 

influence on the percentage change in total variable costs.60 Equation 3.23 serves as a 

valuable framework for analyzing the effects of various factors on the percentage change 

in average variable costs, enabling a comparative analysis of influence and contribution of 

each channel. 

 
59 Equation 3.23 is essentially identical to Equation 3.22, with the only difference being that 

Equation 3.23 names the components in Equation 3.22. 
60 A simpler way to illustrate this is that in Equation 3.20, Ўὰὲή affects Ўὰὲὃὠὅ in two ways. On 

one hand, Ўὰὲή has a direct effect on Ўὰὲὃὠὅ because it is directly included in the equation. On the other 

hand, as shown in Equation 3.16, Ўὰὲή is also part of the positive output effects, which contribute to ЎὰὲὝὠὅ. 

As a result, Ўὰὲή indirectly affects Ўὰὲὃὠὅ through its influence on ЎὰὲὝὠὅ. In contrast, the other two 

positive outputs, assuming  ή and ή, are not directly included in Equation 3.20. They only affect Ўὰὲὃὠὅ 

through their influence on ЎὰὲὝὠὅ as part of positive output effects in Equation 3.16. 
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61 Positive output effects are the combined effects of three positive outputs. 
62 Negative attribute effects are the combined effects of three negative attributes. 
63 In this study, the COVID-19 effects include three components: the COVID-19 measure effect, the 

face mask mandates effect, and the COVID-19 vaccine mandates effect. 
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3.4 Data 

The analysis utilizes panel data compiled from multiple databases, which covers 50 

U.S. medium and large airports from 2012 to 2021 and comprises 1,488 observations. 

Table B.1 presents a list of sample airports. During the pre-COVID-19 period (2012 - 

2019), these 50 large and medium hubs collectively account for 61% of departures, 69% 

of passengers, 45% of cargo, and 73% of nan-aeronautical revenue among all U.S. airports. 

During the COVID-19 period, in 2020 and 2021, the sample airports maintained their 

importance. They accounted for 61% of departures, 71% of passengers, 43% of cargo, and 

71% of non-aeronautical revenue among all U.S. airports in 2020 and 2021. Despite the 

challenges caused by the COVID-19 pandemic, the sample airports maintained a similar 

share of overall airport activity compared to the pre-COVID-19 period. The sample 

comprises airports from 29 out of the 51 jurisdictions in the United States. 64 Table B.2 

summarizes data sources.  

3.4.1 Total Variable Costs, Positive Outputs, and Negative Attributes 

This short-term cost analysis measures total variable costs using total operating 

costs. The Federal Aviation Administration (FAA) Certification Activity Tracking System 

(CATS) provides airportsô annual financial information.65 The total operating costs consist 

 
64 51 jurisdictions are 50 states plus Washington, D.C. 
65 Detroit Metropolitan Wayne County Airport (DTW) submitted its financial information twice in 

2019. The first report (from October 1, 2018, to September 30, 2019) was on September 30, 2019. The second 

report (from October 1, 2019, to December 31, 2019) was on December 31, 2019. This is because that DTW 

changed its financial year-end from September 30 to December 31 in 2019. Therefore, the study uses the data 

from September 30, 2019, for 2019, and adds the data from December 31, 2019, to 2020. 
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of three components ï personnel compensation and benefits (labor costs), contractual 

services costs, and general airport operations costs.66, 67 

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, which contains 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 non-aeronautical revenue data is from FAA CATS.68 The analysis 

also considers three associated negative attributes: delay, congestion, and air pollution. 

BTSô Airline On-time Performance Data is the source of both flight delays and congestion. 

Delay is the annual percentage of delayed departing flights at each airport, while 

congestion is the annual average taxi-out time for departing flights. In addition, the measure 

for air pollution is the annual median Air Quality Index (AQI) in the county where the 

airport is located.69, 70 The U.S. Environmental Protection Agency (EPA) is the source for 

the AQI data. AQI ranges from 0 to 500, and lower values indicate better air quality. Using 

 
66 Personnel compensation and benefits, also referred to as labor costs in this paper, are the salaries 

and earnings of personnel directly hired by the airport, as well as employee benefits such as health and life 

insurance and employee pensions. The contractual services costs are the costs of consulting, legal, 

accounting, maintenance, financial services, and other services paid to commercial firms and government 

agencies. The repair and maintenance costs account for a major portion of contractual services costs. The 

general airport operations costs consist of costs associated with communications and utilities, supplies and 

materials, insurance, claims and settlement, and other operating expenses that do not fall under the criteria of 

labor and contractual services costs. 
67 The costs in this study contain an exhaustive list of inputs and are all aggregated composites of 

several inputs. Ideally, the model should use each inputôs actual price and associated costs, instead of 

aggregated composites. However, the available data does not support the method. 
68 The primary sources of non-aeronautical revenue are food and beverage, retail stores and duty-

free, rental cars, and hotels. 
69 AQI data is available at the county level and core-based statistical area (CBSA) level. AQI data 

at a narrower geographic scale, such as city level, is unavailable. According to the Office of Management 

and Budget (OMB), a CBSA includes one or more counties, indicating that a CBSA is often bigger than a 

county. Consequently, the study utilizes county-level AQI data instead of CBSA level data.  
70 Since Kansas City International Airport (MCI) locates in Platte County, Missouri, which lacks 

AQI data, the study uses the AQI data from Clay County, Missouri, the closest county. 
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the median values reduces the problems caused by outliers. The EPA classifies air quality 

into six levels according to AQI values: good (0-50), moderate (51-100), unhealthy for 

sensitive groups (101-150), unhealthy (151-200), very unhealthy (201-300), and hazardous 

(301 and higher). An alternative approach to measuring air pollution is to focus on airport-

specific pollutants. However, this method does not necessarily offer a better measure for 

air pollution than the AQI. According to Riley et al. (2021), most studies on U.S. airports 

identify carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2) as the 

three major airport pollutants. However, no evidence suggests which one is the most 

predominant pollutant. EPA calculates AQI using these three pollutants, along with 

ground-level ozone and particle pollution. Consequently, the AQI is a composite measure 

considering all three major airport pollutants. While there are county-level data available 

for each pollutant, utilizing the single pollutant data at the same level is not necessarily 

better than using the AQI composite including all three pollutants.71 

3.4.2 Input Prices and Quasi-Fixed Factor 

Consistent with the three components of total operating costs, this study includes 

three inputs: labor, contractual services, and general airport operations. Equation 3.5 

requires a price index for each input. The study calculates nominal labor prices using labor 

costs and the number of full-time equivalent employees data from FAA CATS.72 The study 

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

 
71 Chapter 2 has a detailed discussion of the limitations associated with air pollution and the absence 

of noise data. 
72 STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent numbers of 

employees, leading to four missing values for the labor price index. 
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(2012 = 100) and then standardizing them to the real labor price indexes with 2012 as the 

base year (2012 = 100).  

However, airport-level price indexes for general airport operations and contractual 

services are unavailable. Therefore, the study uses national-level producer price indexes 

(PPI) from the Bureau of Labor Statistics (BLS). The price index for general airport 

operations is the PPI for airport operations, while the price index for contractual services 

is the PPI for nonresidential building maintenance and repair.73  According to the 

methodology proposed in McCarthy (2014), the study uses a three-step process to convert 

these national-level nominal price indexes into state-level real price indexes: 

(1) Standardizing national-level nominal price indexes with 2012 as the base 

year (2012 = 100).  

(2) Adjusting the national-level nominal price indexes by state-level Consumer 

Price Index (CPI) to obtain the state-level nominal price indexes.  

(3) Converting the state-level nominal price indexes to state-level real price 

indexes using the GDP deflator (2012 = 100).74 

The runway is a quasi-fixed factor in the short-run cost analysis. This study follows 

the methodology from McCarthy (2014) and uses the equivalent number of 10,000ô ³ 150ô 

runways (ENRW), Equation 3.24, to measure the quasi-fixed factor, where 

ὙόὲύὥώὒὩὲὫὸὬ  is the length of runway j for airport i at time t. ENRW provides two 

major advantages over the actual number of runways. First, the actual number of runways 

 
73 There is no PPI series for airport contractual services. Since the maintenance and repair costs are 

the major portion of airport contractual services costs, the study uses PPI for nonresidential building 

maintenance and repair as the source for the contractual services price index. 
74 The resulting input price indexes are not the 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 capacity, given the differences in runway lengths, which 

can be accommodated by using ENRW. Second, and related, since airports often extend an 

existing runway instead of constructing a new one, ENRW accounts for the changes to 

existing runways.75 Although there is no definition for a standard runway, a 10,000ô ³ 150ô 

runway can accommodate most passenger and cargo aircraft (McCarthy, 2014). 

 
ὉὔὙὡ

В ὙόὲύὥώὒὩὲὫὸὬ ὙόὲύὥώὡὭὨὸὬ

ρȟυππȟπππ
 3.24 

3.4.3 COVID-19 Measures and Related Policies 

3.4.3.1 COVID-19 Measures 

The Centers for Disease Control and Prevention (CDC) publishes various COVID-

19 statistics, including the ñWeekly United States COVID-19 Cases and Deaths by Stateò 

dataset used in this study. The dataset provides weekly case and death counts compiled at 

the state level.76 In order to preserve consistency in frequency, this study further combines 

the weekly COVID-19 data into annual data, as airport data is at an annual level. CDC 

defines a COVID-19 case based on certain criteria, including clinical criteria, laboratory 

criteria, and epidemiologic linkage. There are three types of cases: suspect, probable, or 

confirmed.77 CDC includes both probable and confirmed cases in the data but excludes 

 
75 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 number of runways 

greater than one through Equation 3.24, which does not reflect the airportôs actual situation. 
76 Despite the availability of county-level COVID-19 data on the CDC's COVID Data Tracker, the 

author was unable to locate complete county-level data for COVID-19 cases and deaths that covers the entire 

2020 and 2021. 
77 According to COVID-19 2021 Case Definition by CDC, a confirmed case meets confirmatory 

laboratory evidence, while a probable case mainly meets clinical criteria and epidemiologic linkage or 

presumptive laboratory evidence, without confirmatory laboratory evidence. A suspect case only meets 

supportive laboratory evidence. See https://ndc.services.cdc.gov/case-definitions/coronavirus-disease-2019-

https://ndc.services.cdc.gov/case-definitions/coronavirus-disease-2019-2021/
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suspect cases.78 A COVID-19 death means that the death certificate lists COVID-19 as the 

contributing cause. The paper uses COVID-19 cases as the primary measure for analyzing 

the COVID-19 impact in the empirical analysis, given that COVID-19 cases are the key 

indicator used by governments and health authorities to assess the severity of the pandemic. 

In addition, the analysis uses COVID-19 deaths in the robustness check. 

Several factors can influence the accuracy of COVID-19 data. According to CDC, 

these factors include the delayed appearance of symptoms, delay in testing and reporting, 

underreporting of mild cases, and differences in data collection across states. These factors 

may introduce errors in the data. 

3.4.3.2 COVID-19 Related Policies 

The paper considers two COVID-19 related policies that may affect airport costs: 

state-level face mask mandates and COVID-19 vaccine mandates. Various levels of 

government and related agencies in the U.S. implemented several COVID-19 related 

policies in 2020 and 2021, including but not limited to stay-at-home orders, face mask 

mandates, curfews, gathering size limits, indoor dining restrictions, public venues closure, 

and COVID-19 vaccine mandates.79 When deciding the policies to analyze, the paper 

primarily considers three aspects. First, the policyôs effective duration should be long 

enough to reflect its influence. Therefore, the study excludes shorter-term policies that only 

lasted a few weeks, such as stay-at-home orders and curfews. Second, in order to reliably 

estimate the regression model, there must be variation in the policy across the sample 

 
2021/ for details. 

78 In the dataset, CDC combines probable and confirmed cases together and refers to them 

collectively as ñcasesò. According to CDC, not all states report probable cases. 
79 Although some of these policies may not directly relate to airports, they may indirectly influence 

peopleôs travel decisions and thus affect airports. 

https://ndc.services.cdc.gov/case-definitions/coronavirus-disease-2019-2021/
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airports. During the pandemic, airlines introduced certain rules, such as waiving change 

fees and blocking middle seats. However, these policies affect all relevant airports 

uniformly. For example, Deltaôs policy of blocking middle seats impacts almost all the 

sample airports, leading to a lack of variation in this policy variable and making it difficult 

to estimate the econometric model. Third, the policy should influence many airports, 

suggesting extensive implementation in different states. During the pandemic, six states 

enacted different levels of quarantine policies for inbound passengers. However, this policy 

only affected three airports in the sample, which may not have a significant and widespread 

effect.  

In addition, the study focuses on state-level COVID-19 related policies rather than 

county-level policies for three reasons. First, when state-level and county-level rules 

conflict, as in the case of face mask mandates, state governments often have the authority 

to override local policies, resulting in the final execution of state-level policies (Jankowski 

and Peterson, 2023). Second, airports serve as transportation hubs for the whole state's 

population, not simply the local county. In addition, peopleôs travel decisions are often 

affected by the stateôs policies as opposed to the countyôs. Third, county-level policies are 

typically more specific and detailed than state-level policies. Therefore, there is 

considerable variation in the details of the same policy among the counties. In contrast, 

state-level policies have more similarities and consistency. 

Based on these considerations, the paper selects state-level face mask mandates and 

COVID-19 vaccine mandates. These two were the most widely implemented policies 

before and after the availability of vaccines. Both had long-term and extensive 

implementation across several states, while there are also a few states that never enacted 
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these policies.80 The Kaiser Family Foundation (KFF), an independent source of health 

policy research, provides information on state-level face mask and COVID-19 vaccine 

mandates. Specifically, the paper defines face mask mandates as statewide requirements 

for the general public to wear masks issued by a stateôs executive branch.81 State-level face 

mask mandates began in April 2020. KFF provides information on face mask mandates 

from June 25, 2020, to November 16, 2021.82 Since many states adjusted face mask 

mandates based on real-time COVID-19 data, leading to intermittent policies, the paper 

calculates the exact number of days per year that face mask mandates were in effect as a 

measure of their implementation. In this case, the variable representing face mask mandates 

is non-negative integers. However, this method has a major limitation. Since KFF does not 

provide information on face mask mandates from the start of the pandemic (or the start of 

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 bias.83 An alternative method is 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 for 

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 implemented neither a face mask mandate nor a COVID-19 vaccine 

mandate in 2020 and 2021. 
81 Two important points 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 mask mandates throughout 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 only", but it does not include policy ñrequired for certain 

employeesò. 
82 The first state-level face mask mandate in the U.S. was implemented by the state of New York on 

April 17, 2020. 
83 The first COVID-19 case in the U.S. was reported on January 20, 2020. 
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in a binary dummy variable for the face mask mandates.84 This method has the additional 

benefit of mitigating the strong positive correlation between the variables for face mask 

mandates and COVID-19 vaccine mandates.85 The paper primarily uses this dummy 

variable method for empirical analysis and employs the day count method for the 

robustness check.  

Another policy of interest in the paper is state-level COVID-19 vaccine mandates, 

which only existed in 2021 (for this study). In contrast to face mask mandates, COVID-19 

vaccine mandates did not adjust dramatically and frequently based on the pandemic 

situation during the sample period. States that had COVID-19 vaccine mandates enforced 

them from the time of implementation until the end of 2021. Since there is no complete 

information on the start dates of COVID-19 vaccine mandates in each state, instead of 

using day count as a measure, the paper uses a binary dummy variable to represent COVID-

19 vaccine mandates. Furthermore, compared to face mask mandates, there is significant 

variation in the specific requirements of vaccine mandates among states. Although the 

overall target is state employees, the specific targeted population varies greatly, making it 

difficult to classify into 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. If many airports clusters around the 50% threshold, it could 

introduce bias into the estimation results. 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 does arise. Five airports 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 on the fact that states implementing vaccine mandates tend to have stricter 

COVID-19 policies. Therefore, they often lift face mask mandates late, leading to large values for the day 

count method. There is a strong positive correlation between the two policies. In the sample, in 2021, states 

with vaccine mandates had face mask mandates implemented for 48 days longer than states without vaccine 

mandates. Using the dummy variable method based on the ratio and the 50% threshold helps mitigate this 

correlation to some extent. 
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Table 3.1: Descriptive statistics, 50 U.S. airports, 2012 - 2021 

Variables 

Full Sample Over Airports  Over Years 

# of 

Obs. 
Mean 

Std. 

Dev. 

# of 

Obs. 

Std. 

Dev. 

# of 

Obs. 

Std. 

Dev. 

Costs 

(million 

2012$) 

Total operating costs 500 180 168 50 167 10 14 

Labor 500 71 72 50 70 10 7 

Contractual services 500 64 61 50 61 10 5 

General operations 500 46 52 50 51 10 3 

Cost shares 

Labor 500 0.40 0.10 50 0.10 10 0.01 

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 

variable 

cost 

(2012$) 

Per departure 500 1,488 691 50 571 10 325 

Per workload unit 500 14.27 7.19 50 4.95 10 4.59 

Per non-aeronautical 

revenue 
500 1.49 0.68 50 0.57 10 0.26 

Real input 

price 

indexes 

(2012 = 

100) 

Labor 496 103.87 80.71 50 78.95 10 4.37 

Contractual services 500 101.65 6.10 50 5.98 10 0.94 

General operations 500 99.28 6.03 50 5.83 10 1.41 

Positive 

outputs 

(million) 

Departures 500 0.12 0.10 50 0.09 10 0.02 

Workload units 500 14 12 50 11 10 3 

Non-aeronautical revenue 

(2012$) 
500 123 99 50 96 10 20 

Negative 

attributes 

Delay rate 500 0.19 0.04 50 0.03 10 0.02 

Average taxi-out time 

(minute) 
500 15 4 50 3 10 1 

Annual median air quality 

index 500 47 11 50 10 10 1 

Quasi-

fixed factor 

Equivalent number of 

10,000ô ³ 150ô runways 
500 3.33 1.84 50 1.86 10 0.00 

COVID-19 

measures 

COVID-19 cases per 

thousand residents 
100 79 26 50 13 2 29 

COVID-19 deaths per 

thousand residents 
100 1 0.43 50 0.29 2 0.26 

COVID-19 

related 

policies 

Face mask mandates 

(dummy) 
100 0.56 0.50 50 0.41 2 0.23 

Face mask mandates 

(days) 
100 141 104 50 96 2 12.09 

COVID-19 vaccine 

mandates (dummy) 50 0.5 0.51 50 0.51 1 - 

1. The labor price index is derived by dividing labor costs by the full -time equivalent number of 

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent 

numbers of employees, leading to four missing values for the real labor price index. 

2. Workload units are the sum of the number of passengers and the units of 220 pounds of cargo. 

3. The air quality index (AQI) range is 0 to 500. A lower AQI value means better air quality. 

4. The descriptive statistics for COVID-19 cases and deaths are based on observations from 2020 

and 2021. 

5. The state-level face mask mandates were effective in 2020 and 2021. The descriptive statistics 

are based on observations from 2020 and 2021. The state-level COVID-19 vaccine mandates 

were effective starting from 2021. The descriptive statistics are based on observations from 2021. 
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Overall, both state-level face mask and vaccine mandates have broad 

implementation and are in effect for a substantial duration. In 2020, out of the 51 U.S. 

jurisdictions, 40 implemented face mask mandates, with an average duration of 127 out of 

190 days with available data.86 In 2021, the same 40 jurisdictions had face mask mandates 

with an average duration of 131 out of 320 days with available data. In addition, 21 

jurisdictions implemented COVID-19 vaccine mandates in 2021. 

3.4.4 Summary Statistics 

Table 3.1 provides summary statistics for the full sample, over airports, and over 

the years. All monetary values are in real terms (2012$). The range of real total operating 

costs in the sample period is from $28 million (Albuquerque International Sunport, ABQ, 

New Mexico, 2016) to $781 million (Los Angeles International, LAX , California, 2020). 

Among the three cost components, labor and contractual services costs contribute similar 

proportions, 40% and 36% on average, respectively, while general airport operations costs 

account for an average of 24% of total operating costs. The average variable costs per 

departure ($1,488) are significantly higher than per workload unit ($14.27) and per non-

aeronautical revenue ($1.49). As the study standardizes the input price indexes using 2012 

as the base year (2012 = 100), the sample means of the input price indexes are very close.87 

Regarding positive outputs, Hartsfield-Jackson Atlanta International (ATL, 

Georgia, large) has the sample highest 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 The standard deviation of the labor price index is relatively high compared to the other two input 

price indexes. This is because the labor price index is derived from airport-level nominal wages, which have 

significant variations even after adjusting for deflation and standardization. In contrast, the price indexes for 

contractual services and general airport operations are based on the national-level Producer Price Index (PPI) 

and state-level Consumer Price Index (CPI), which are more standardized and have relatively low variations. 
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and workload units (58 million in 2019). In contrast, Albuquerque International Sunport 

(ABQ, New Mexico, medium) has the sample lowest values for both workload units (1 

million in 2020) and non-aeronautical revenue ($12 million in 2021). Los Angeles 

International has the sample highest amount of non-aeronautical revenue ($516 million in 

2017), while Palm Beach International (PBI, Florida, medium) has the sample lowest value 

for departures (0.02 million in 2020).  

On average, around 19% of flights experience delays each year, and the average 

taxi-out time before takeoff is 15 minutes. The mean annual median AQI at sample airports 

is 47, corresponding to the ñgoodò level and meaning that ñair quality is satisfactoryò. 

However, this value is very close to the boundary of 50, which separates the ñgoodò and 

ñmoderateò levels. According to EPA, the average AQI for the United States during the 

sample period is 39, suggesting that the air quality at sample airports is worse than the 

national average. The range of sample AQI values is big. Portland International (PDX, 

Oregon, large) has the sample lowest AQI value (the best air quality) of 31 in 2016, while  

Phoenix Sky Harbor International (PHX, Arizona, large) has the sample highest AQI value 

(poorest air quality) of 122 in 2021, corresponding to ñunhealthy for sensitive groupsò.88 

The average equivalent number of runways is 3.33, which is slightly lower than the average 

actual number of runways, 3.48, after accounting for differences in runway lengths. 

During 2020 and 2021, the average annual number of COVID-19 cases was 

approximately 1 million per state in the sample, with 17,465 deaths. The average mortality 

rate was around 1.6%.89 Specifically, in 2020, the average number of cases per state was 

 
88 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, large, 2014; DCA, large 2020; IAD, large, 2020, PDX, medium, 2020 and 2021). 
89 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 2021, the average 

number of cases per state was 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 cases and deaths per 

thousand residents are 79 and 1, respectively. In the sample, Kentucky had the highest 

number of annual cases per thousand residents, 135 in 2021, while Arizona had the highest 

number of annual deaths per thousand residents, 2 in 2021. On the other hand, Oregon had 

the lowest number of annual cases and deaths per thousand residents, with 26 cases and 

0.45 death in 2020.  

Throughout the two years, an average of 56% of sample airports implemented face 

mask mandates for more than half of the time with available data, with an average duration 

of 141 days per year.90 72% of the airports implemented face mask mandates with an 

average duration of 133 days in 2020, while 40% of the airports implemented face mask 

mandates with an average duration of 150 days in 2021. This suggests that the U.S. relaxed 

face mask regulations in 2021. However, states that still enforced face mask mandates in 

2021 were determined to sustain their implementation for a longer period. In 2021, half of 

the sample airports were in states with vaccine mandates. 

Table B.3 provides a detailed comparison between large and medium hubs. As 

anticipated, large hubsô total operating costs, cost components, and positive outputs are 

generally three to five times those for medium hubs. Large hubs also have higher average 

variable costs than medium hubs, although the differences are relatively small compared 

to total operating costs and positive outputs. The average equivalent number of runways 

 
90 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 is 1.6 times that for medium hubs, whereas the cost shares within sub-

samples are close to those in the full sample. In addition, large hubs tend to have higher 

delay rates, longer taxi-out minutes, and slightly poorer air quality compared to medium 

hubs. The high positive output levels of large hubs contribute to these differences. For input 

prices, large hubs face much higher labor prices but lower prices for contractual services 

and general airport operations than medium hubs. A potential reason is that large hubs are 

usually located in large cities, where labor price is higher, and input markets are more 

competitive than smaller cities. 

The states with large hubs have fewer COVID-19 cases and deaths than those with 

medium hubs. This could be because of the relatively strict COVID-19 policies 

implemented in the states with large hubs. Several studies (Adjodah et al., 2021; Huang et 

al., 2022; Lazer et al., 2023; Fitzpatrick et al., 2023) show that the COVID-19 prevention 

policies, such as face mask and COVID-19 vaccine mandates, effectively reduce COVID-

19 cases and deaths. 76% of the states with large hubs implemented face mask mandates 

for more than 50% of the time with available data, and the average duration is 147 days 

per year. In 2021, 61% of the states with large hubs implemented COVID-19 vaccine 

mandates. All three indicators of COVID-19 related policies are higher for the states with 

large hubs than those with medium hubs. 

3.5 COVID -19 and Airports 

In this section, the paper illustrates the impact of the COVID-19 pandemic on short-

run airport costs based on sample statistics. The study focuses on three aspects: the pre-

COVID-19 period versus the COVID-19 period, the impact of COVID-19 measures, and 

the impact of COVID-19 related policies. 
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Table 3.2: Descriptive statistics by pre-COVID-19 and COVID-19 periods, 50 U.S. 

airports, 2012 - 2021 

Variables 
Pre-COVID : 

2012 - 2019 

COVID : 

2020 and 2021 
Change2 2020 2021 Change3 

Costs (million 2012 $) 

Total operating costs 
180.22 

(168)1 

180.37 

(168) 
0.08% 

189.21 

(177) 

171.53 

(160) 
-9.34% 

Labor 
70.16 

(71) 

72.72 

(74) 
3.65% 

77.38 

(79) 

68.06 

(69) 
-12.04% 

Contractual services 
63.79 

(61) 

65.08 

(62) 
2.03% 

67.17 

(64) 

63.00 

(61) 
-6.20% 

General operations 
46.27 

(53) 

42.57 

(49) 
-8.02% 

44.67 

(51) 

40.46 

(47) 
-9.41% 

Cost shares 

Labor 
0.39 

(0.10) 

0.41 

(0.11) 
3.31% 

0.42 

(0.11) 

0.40 

(0.11) 
-4.34% 

Contractual services 
0.36 

(0.12) 

0.36 

(0.12) 
1.11% 

0.36 

(0.12) 

0.37 

(0.12) 
3.36% 

General operations 
0.25 

(0.08) 

0.23 

(0.09) 
-7.26% 

0.23 

(0.09) 

0.23 

(0.10) 
3.08% 

Real input price indexes (2012 = 100) 

Labor 
103.96 

(82.39) 

103.50 

(74.07) 
-0.44% 

108.62 

(79.19) 

98.39 

(69.01) 
-9.42% 

Contractual services 
101.55 

(5.91) 

102.05 

(6.81) 
0.49% 

101.91 

(6.94) 

102.19 

(6.75) 
0.27% 

General operations 
99.46 

(5.73) 

98.54 

(7.11) 
-0.93% 

95.84 

(6.53) 

101.24 

(6.69) 
5.63% 

Positive outputs (million) 

Departures 
0.13 

(0.10) 

0.09 

(0.07) 
-27.93% 

0.08 

(0.06) 

0.11 

(0.08) 
29.28% 

Workload units 
14.79 

(12.24) 

10.19 

(8.91) 
-31.12% 

7.88 

(6.77) 

12.50 

(10.19) 
58.53% 

Non-aeronautical 

revenue (2012 $) 

130.71 

(103.51) 

93.08 

(73.28) 
-28.79% 

97.78 

(79.20) 

88.38 

(67.33) 
-9.62% 

Negative attributes 

Delay rate 
0.19 

(0.04) 

0.17 

(0.04) 
-13.40% 

0.15 

(0.02) 

0.19 

(0.05) 
31.72% 

Average taxi-out time 

(minute) 

15.57 

(3.67) 

14.93 

(2.67) 
-4.12% 

14.49 

(2.60) 

15.37 

(2.69) 
6.08% 

Median air quality index 
46.84 

(9.62) 

46.48 

(14.40) 
-0.77% 

45.86 

(14.45) 

47.10 

(14.47) 
2.70% 

Average variable cost (2012 $) 

Per departure 
1,360 

(511) 

1,999 

(1,012) 
46.99% 

2,367 

(1,147) 

1,631  

(691) 
-31.09% 

Per workload 
12.61 

(4.18) 

20.89 

(11.60) 
65.66% 

27.18 

(12.36) 

14.60  

(6.21) 
-46.28% 

Per non-aeronautical 

revenue 

1.37 

(0.54) 

1.98 

(0.93) 
44.53% 

2.00 

(0.99) 

1.97  

(0.87) 
-1.50% 

1. The table reports the sample mean and standard deviation in parentheses. 

2. The change of mean values from the pre-COVID-19 period to the COVID-19 period. 

3. The change of mean values from 2020 to 2021. 
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3.5.1 Pre-COVID-19 Period versus COVID-19 Period 

Table 3.2 provides a comparison of descriptive statistics before and during the 

pandemic, as well as a comparison between 2020 and 2021. Figure 3.2 to Figure 3.6 

illustrate the trends of the main variables from 2012 to 2021, with the reference line in 

2019 distinguishing the pre-COVID-19 period (2012 - 2019) and the COVID-19 period 

(2020 and 2021). Regarding the total operating costs, Table 3.2 shows that the means of 

operating costs and cost shares remained relatively stable before and during the pandemic. 

Figure 3.2 depicts the changes in operating costs and cost shares. Panel A demonstrates a 

continuous increase in total operating costs during the pre-COVID-19 years, followed by 

a sharp decline after the COVID-19 outbreak, dropping to a level close to 2014 within two 

years.91 Panel B illustrates consistent downward trends for all three cost components after 

upward trends before the pandemic.92 As a result, Panel C indicates stable cost shares for 

the three components throughout the sample period, consistent with the data in Table 3.2. 

Regarding the input prices, Table 3.2 shows that the mean of real input price indexes 

remained unchanged before and during the pandemic. As depicted in Figure 3.3, the labor 

price exhibited a significant decrease during the pandemic period, while the prices of 

contractual services and general airport operations exhibited overall upward trends.93 

 
91 Notably, in this section, the paper compares the two years during the pandemic with the preceding 

eight years before the COVID-19 outbreak. 
92 The upward trend of general airport operations costs was much weaker than the other two cost 

components before the pandemic. However, the operations costs experienced a similar decline after the 

COVID-19 outbreak, dropping to a level lower than in 2012. Thus, the mean of operations costs during the 

pandemic is lower than the pre-pandemic level. 
93 The reduced demand for labor due to the sharp decrease in flights and passenger traffic caused by 

the pandemic leads to a decrease in the labor price. On the other hand, airports must implement additional 

measures to meet safety requirements during the pandemic, such as improving airport sanitation facilities or 

increasing cleaning and disinfection frequencies (Bielecki et al., 2020; Duddu, 2020). These additional 

services, provided either by the airports themselves or through contractual services, increase the prices of 

contractual services and general airport operations during the pandemic. 
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Although not explicitly focusing on airports, Ogden (2021) confirms that input prices 

(except for labor) for U.S. producers increased during the COVID-19 period (2020 and 

2021). 

Regarding positive outputs, as expected and consistent with many studies (Dube et 

al., 2020; IATA, 2020; Suasu-Sanchez et al., 2020), the data in Table 3.2  shows that the 

average levels of three positive outputs during the pandemic were significantly lower than 

the values before the pandemic, by around 30%. Figure 3.4 provides a more visual 

presentation, showing sharp declines in all three positive outputs in 2020 due to travel 

restrictions and health concerns (Chinazzi et al., 2020; Lee et al., 2020). Although 

departures and workload experienced some recovery in 2021, they remained at low levels, 

even below 2012, suggesting a long recovery for airports after COVID-19 (Dube et al., 

2021). Furthermore, influenced by the virusô spread mode (CDC, 2021a), non-aeronautical 

revenue continued to decrease in 2021.94 Figure 3.5 and Table 3.2 demonstrate that 

negative attributes had similar trends as positive outputs. Delays and congestion decreased 

in 2020 along with the decreases in positive outputs and rebounded in 2021 with the 

increases in positive outputs. Pollution, on the other hand, showed no significant change 

during the pandemic, with only a one-point fluctuation in AQI.95 

Based on Chapter 2, the sample airports exhibited scale economies in all three 

positive outputs before the pandemic. Therefore, with sharp declines in positive outputs 

following the COVID-19 outbreak, the average variable costs should significantly increase. 

 
94 According to the Centers for Disease Control and Prevention (CDC), the major modes of COVID-

19 transmission are airborne and respiratory droplets. Thus, in order to limit the risk of infection, people 

avoid dining at airports. In addition, people restrict their airport purchasing to avoid busy places. These 

circumstances contributed to a continuous reduction in non-aeronautical revenue in 2021. 
95 This may result from the data limitation of air pollution data discussed in Chapter 2. 
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Figure 3.2: Year trends for operating costs, 50 U.S. airports, 2012 ï 2021 
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Figure 3.3: Year trends for real input price indexes, 50 U.S. airports, 2012 ï 2021 

Table 3.2 and Figure 3.6 confirm this conclusion. Table 3.2 shows that the average 

variable costs for three positive outputs during the pandemic were much higher than the 

pre-pandemic values, by 45% to 66%. Figure 3.6 depicts the complete trend, where the 

declines in positive outputs in 2020 lead to significant increases in average variable costs, 

followed by decreases as positive outputs slightly rebounded in 2021. Figure B.1 further 

decomposes average variable costs into three cost components, showing consistent changes 

in all three components, with no single cost component dominating the changes in average 

variable costs. Section 3.6.2 decomposes the percentage change in average variable costs 

and analyzes the contributions of each factor. 
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Figure 3.4: Year trends for positive outputs, 50 U.S. airports, 2012 ï 2021 
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Figure 3.5: Year trends for negative attributes, 50 U.S. airports, 2012 ï 2021 
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Figure 3.6: Year trends for average operating costs per positive output, 50 U.S. airports, 

2012 ï 2021 
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3.5.2 The Impact of the COVID-19 Measures 

By focusing on the COVID-19 period 2020 and 2021, the sample statistics provide 

insights into how COVID-19 affects airport short-run costs. This study uses cases and 

deaths as COVID-19 measures, showing consistent results in this section. Figure 3.7 

indicates weak positive sample correlations between COVID-19 measures and total 

operating costs. Figure B.2 and Figure B.3 further illustrate that the increase in COVID-19 

measures is associated with the increases in labor and contractual services costs and the 

decrease in general operations costs.96  Furthermore, Figure B.4 and Figure B.5 

demonstrate that the increase in contractual service costs is the most significant, leading to 

an increase in the cost share. Although labor costs also increase, the magnitude is smaller 

than contractual services costs, resulting in decreased cost share. These two factors, along 

with the decrease in general operations costs themselves, lead to a significant decrease in 

the cost share of general operations.  

Regarding average variable costs, COVID-19 can affect average variable costs by 

simultaneously influencing the numerator (total operating costs) and the denominator 

(positive outputs). From Figure B.6 and Figure B.7, the combined effect indicates no 

significant sample correlation between COVID-19 measures and average variable costs for 

departures but negative correlations with workload and non-aeronautical revenue. 

 
96 This finding is consistent with the actual situation during the pandemic. The COVID-19 outbreak 

and the increase in confirmed cases force airports to implement measures to ensure safety and health. On the 

one hand, airports need to upgrade facilities to meet the requirements for disease prevention (ICAO, 2021b). 

The associated costs fall under contractual services costs focusing on repair and maintenance. On the other 

hand, airports need to increase labor for prevention-related tasks, such as cleaning and disinfection (Bielecki 

et al., 2020; Duddu, 2020). In addition, the pandemic resulted in sharp decreases in flights and passengers 

(Dube et al., 2021), leading to a decrease in general airport operations costs. 
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Figure 3.7: Total operating costs versus COVID-19 cases/deaths, 50 U.S. airports, 2012 ï 

2021 
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Figure 3.8: Total operating costs by COVID-19 related policies, 50 U.S. airports, 2012 ï 

2021 
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3.5.3 The Impact of COVID-19 Related Policies 

In Figure 3.8 Panel A, the study divides the full sample based on whether mask 

mandates were in effect for more than 50% of the data available period in either 2020 or 

2021.97 The study then compares the trends for total operating costs of two sub-samples to 

that of the full sample from 2012 to 2021. Similarly, in Figure 3.8 Panel B, the study divides 

the full sample based on whether vaccine mandates were in effect in 2021 and then 

compares their trends to the full sample. Since face mask mandates were in effect in 2020 

and 2021, and vaccine mandates were only in effect in 2021, the reference lines in the 

figures correspond to 2019 and 2020, respectively. According to Figure 3.8, the trends for 

the sub-samples with and without face mask mandates are consistent with the full sample, 

and the same is true for the sub-samples with and without vaccine mandates. The figures 

identify no apparent impact of these policies on total operating costs based on sample 

statistics. Figure B.8, Figure B.9, and Figure B.10 analyze the impact of face mask 

mandates on cost components, cost shares, and average variable costs using the same 

approach and find that the sub-samples with and without face mask mandates have similar 

trends as the full sample, indicating no apparent impact of face mask mandates based on 

sample statistics. Similarly, Figure B.11, Figure B.12, and Figure B.13 do not show a 

significant impact of vaccine mandates.98 Section 3.6.1.2 uses regression analysis to 

provide a more reliable analysis of the effects of COVID-19 policies on airport costs. 

 
97 Section 3.4.3.2 discusses this binary dummy variable measure for the state face mask mandates. 
98 There are two minor differences worth noting. First, in Figure B.12, there is a clear difference in 

the cost share trends for the sub-samples with and without vaccine mandates, but this is consistent with the 

relative changes of cost components within sub-samples shown in Figure B.11. Second, in Figure B.13, the 

average variable costs for non-aeronautical revenue show opposite trends for the two sub-sample in 2020 and 

2021. Given the lack of significant sample correlations between vaccine mandates and operating costs shown 

in Figure 3.8, this may be due to the impact of vaccine mandates on the non-aeronautical revenue, which 

indirectly affects average variable costs. 
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As mentioned in Section 3.4.3.2, this study also employs the day count measure for 

face mask mandates, which is the number of days that face mask mandates were effective 

each year. Figure B.14 and Figure B.15 demonstrate positive sample correlations between 

the day count measure of face mask mandates and total operating costs/average variable 

costs. 

To summarize, based on the sample statistics, the total operating costs declined 

dramatically after the COVID-19 outbreak, while the average variable costs of three 

positive outputs increased. During 2020 and 2021, the COVID-19 cases have a weak 

positive relationship with the total operating costs. In addition, the COVID-19 cases show 

negative relationships with the average variable costs for workload and non-aeronautical 

revenue but no significant relationship with departures. The COVID-19 deaths show 

consistent results with the COVID-19 cases. Both face mask and COVID-19 vaccine 

mandates (dummy variable measures) show no significant relationships with the total 

operating costs and average variable costs. In contrast, 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 Section 3.5 are based on sample 

statistics and 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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Table 3.3: ITSUR estimation results of translog cost function with negative attributes, 

COVID-19 cases, and related policies, 50 U.S. airports, 2012 ï 2021 

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|) 

COVID-19 cases 0.078 0.001 
Non-aeronautical revenue ³ 

congestion 
-0.272 0.176 

Face mask mandates 0.159 0.000 
Non-aeronautical revenue ³ 

pollution 
-0.115 0.452 

COVID-19 vaccine 

mandates 
0.168 0.004 Delay ³ congestion -0.155 0.681 

Cases ³ departures 0.009 0.344 Delay ³ pollution -0.251 0.334 

Cases ³ workload 0.008 0.264 Congestion ³ pollution -0.635 0.153 

Cases ³ non-aeronautical 

revenue 
-0.010 0.012 Labor price ³ departures -0.007 0.750 

Cases ³ delay -0.019 0.020 Labor price ³ workload 0.013 0.483 

Cases ³ congestion -0.010 0.425 
Labor price ³ non-aeronautical 

revenue 
-0.035 0.001 

Cases ³ pollution -0.034 0.000 Labor price ³ delay -0.139 0.000 

Departures -0.026 0.729 Labor price ³ congestion -0.088 0.005 

Workload 0.306 0.000 Labor price ³ pollution -0.017 0.431 

Non-aeronautical revenue 0.520 0.000 Operations price ³ departures 0.048 0.013 

Delay 0.336 0.000 Operations price ³ workload -0.040 0.009 

Congestion 0.300 0.001 
Operations price ³ non-aeronautical 

revenue 
-0.047 0.000 

Pollution 0.040 0.555 Operations price ³ delay 0.030 0.094 

Labor price 0.403 0.000 Operations price ³ congestion 0.116 0.000 

Operations price 0.242 0.000 Operations price ³ pollution 0.071 0.000 

Runway 0.106 0.004 Runway ³ departures 0.359 0.062 

Departures2 -0.842 0.089 Runway ³ workload -0.312 0.035 

Workload2 0.398 0.164 
Runway ³ non-aeronautical 

revenue 
-0.060 0.462 

Non-aeronautical 

revenue2 
-0.127 0.181 Runway ³ delay -0.055 0.719 

Delay2 -0.226 0.492 Runway ³ congestion 0.240 0.219 

Congestion2 0.955 0.231 Runway ³ pollution 0.268 0.055 

Pollution2 1.912 0.000 Labor price ³ operations price 0.000 0.985 

Labor price2 0.061 0.000 Runway ³ labor price 0.071 0.000 

Operations price2 0.397 0.082 Runway ³ operations price 0.050 0.000 

Runway2 0.259 0.006 Year 2013 -0.106 0.007 

Departures ³ workload -0.013 0.970 Year 2014 -0.105 0.012 

Departures) ³ non-

aeronautical revenue 
0.001 0.995 Year 2015 -0.097 0.011 

Departures ³ delay 1.201 0.000 Year 2016 -0.070 0.059 

Departures ³ congestion 0.845 0.049 Year 2017 -0.092 0.018 

Departures ³ pollution -0.054 0.879 Year 2018 -0.117 0.004 

Workload ³ non-

aeronautical revenue 
0.278 0.001 Year 2019 -0.125 0.002 

Workload ³ delay -0.466 0.064 Year 2020 -0.839 0.008 

Workload ³ congestion -0.782 0.064 Year 2021 -1.099 0.001 

Workload ³ pollution 0.108 0.700 Airport 0.002 0.009 

Non-aeronautical revenue 

³ delay 
-0.512 0.000 (Intercept) 18.894 0.000 

1. Number of observations: 1,488; R2 = 0.970; Estimation results of Equation 3.5. 

2. All variables reported in this table are in log form, except for the face mask mandates (binary dummy), 

COVID-19 vaccine mandates (binary dummy), airport effect, and year-fixed effects. 
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3.6.1.1 Coefficients on Non-COVID-19 Variables 

Compared to Chapter 2 using 2012 ï 2019 data, this paper extends the sample 

period to 2012 - 2021 to incorporate data from the COVID-19 period. As a starting point 

for the study and an additional robustness check for the attribute model proposed in Chapter 

2, the paper estimates the attribute model using the 2012 ï 2021 data and presents ITSUR 

estimation results of the translog cost function with three positive outputs and three 

associated negative attributes in Table B.4. The results remain consistent with Chapter 2 

using 2012 - 2019 data.99  

Table 3.3 presents the ITSUR estimation results for Equation 3.5, which is the 

translog cost function with three positive outputs, three associated negative attributes, 

COVID-19 cases, state-level face mask mandates, and COVID-19 vaccine mandates. The 

model fits the data well, with an R-squared value of 0.97.100 The estimated cost shares for 

all three inputs are positive for all observations except one.101 The estimated marginal cost 

for departures, workload, and non-aeronautical revenue is non-negative for 65%, 71%, and 

100% of the sample observations, respectively.102 The input price coefficients for labor 

(0.403) and operations (0.242) are statistically significant with p-values of 0.000 and are 

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

 
99 Specifically, negative attributes such as delay and congestion significantly and positively affect 

total operating costs, while the pollution coefficient is statistically insignificant.  
100 The estimation results are consistent with Chapter 2. 
101 The estimated cost shares for all three inputs are positive at all sample observations except for 

one observation - Dallas Love Field (DAL) in 2018. The estimated labor cost share for DAL in 2018 is -

10.6%. DAL reports total labor costs of $20,980 in 2018 with a labor cost share of 0.04%, both of which are 

sample minimum values and outliers. 
102 For comparison, in Chapter 2, the estimated marginal cost for departures, workload, and non-

aeronautical revenue is non-negative for 68%, 67%, and 100% of the sample observations, respectively. 
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runways coefficient (0.106) is also statistically significant with a p-value of 0.004 and 

positive. The enumerated sample means of the cost elasticity for runways is 0.071.103, 104 

All positive output coefficients, except for departures, are statistically significant 

with p-values of 0.000 and fall between 0 and 1.105 Based on the enumerated sample means 

of the cost elasticities, a 1% increase in departures, workload, and non-aeronautical revenue 

results in an increase of 0.144%, 0.181%, and 0.470% in total operating costs, 

respectively.106 These values are close to the values from Chapter 2, indicating that the 

returns to scale in airport production did not change significantly during the COVID-19 

period.107 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 costs.108 The enumerated sample means of the cost elasticities for negative 

attributes are 0.30 for the delay, 0.36 for congestion, and -0.10 for pollution, which are 

close to the values from Chapter 2.109 

 
103 As discussed in Chapter 2, the first-order coefficient in Equation 3.5 represent the cost elasticities 

at sample means. Given the non-linear nature of the translog cost function, predicting at the sample means 

can lead to aggregation bias. The study uses the enumerated sample mean instead, which first calculates the 

complete cost elasticity at each observation by considering both the first- and second-order coefficients and 

then averages across the sample. 
104 A positive value indicates that an increase in the equivalent number of runways (build more 

runways or extend the lengths of existing runways) will increase the total operating costs, suggesting that 

airports are overcapitalized on average. Since the goal of having more runways is to reduce congestion issues 

and decrease the total operating costs, the positive effect of runways on the total operating costs may suggest 

that the airport has a higher number of runways than optimal. 
105 Consistent with Chapter 2, the departures coefficient is statistically insignificant after controlling 

for negative attributes. 
106 All three values are statistically different from 0, with 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 the pre-pandemic period. However, given that the pandemic period 

accounts for only two out of the ten years in the sample, the change may not have been significantly reflected. 
108 The pollution coefficient is statistically insignificant and negative, possibly due to the limitations 

of the AQI data discussed in Chapter 2. The AQI data used in this study is a composite at the county level 

and is not specific to airport areas. The pollution coefficient could be more accurately estimated if airport-

specific pollution data were available.  
109 All three values are statistically different from 0, with p-values of 0.000, based on the mean test. 
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3.6.1.2 Coefficients on COVID-19 Variables 

The coefficient estimate on COVID-19 cases (0.078) is positive and statistically 

significant at the 0.1% level, suggesting that COVID-19 cases positively affect the total 

operating costs. Based on the enumerated sample mean of the cost elasticity, a 1% increase 

in COVID-19 cases leads to a 0.077% increase in the total operating costs. The model also 

includes interactive terms between COVID-19 cases and positive outputs, as well as 

between COVID-19 cases and negative attributes. The terms COVID-19 cases ³ non-

aeronautical revenue, COVID-19 cases ³ delay, and COVID-19 cases ³ pollution are 

statistically significant at the 5% level. The negative values for these three interactive terms 

suggest that as COVID-19 cases increase, the effects of non-aeronautical revenue and delay 

on total operating costs decrease, while the impact of air pollution becomes more 

pronounced.110 During the pandemic, non-aeronautical activities adjusted and simplified 

their services. For example, restaurants stopped or reduced dine-in services (Wiener-

Bronner, 2023), and hotels reduced the frequency of room cleaning during stays (Schulz, 

2021). These adjustments indirectly help airports reduce the costs associated with non-

aeronautical revenue. Regarding the delay, the delay during the pandemic is primarily 

caused by health and safety related reasons, such as enhanced health checks and thorough 

aircraft disinfection procedures, rather than conventional factors such as mechanical issues 

and air traffic control.111 These delays lead to relatively fewer costs for airports compared 

 
110 Unlike delay and congestion, the negative cost elasticity for pollution indicates that an increase 

in air pollution actually decreases the total operating costs. Therefore, a negative coefficient on the interactive 

term COVID-19 cases ³ pollution suggests that as COVID-19 cases increase, the cost elasticity becomes 

more negative. This implies that an increase in pollution will further reduce the total operating costs, thus 

amplifying the pollution effect. 
111 According to BTS, the causes of delay are in five broad categories: air carrier, extreme weather, 

national aviation system, late-arriving aircraft, and security. The airlines report the delay caused by aircraft 

cleaning and disinfection procedures under the air carrier category. During the pre-COVID-19 period (2012 

ï 2019), air carrier cause accounts for 26% of the delay. During the COVID-19 period (2020 and 2021), it 
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to delays caused by traditional factors.112 As for air pollution, based on the cost elasticity, 

an increase in AQI (a decline in air quality) leads to a decrease in airport total operating 

costs. One possible channel is that the rise in AQI prompts airports to take measures 

addressing health risks associated with air pollution. On the one hand, airports reduce 

outdoor work for ground personnel (U.S. Department of Labor, 2023), thus reducing labor 

costs. On the other hand, airports implement health and safety measures that effectively 

protect employee health (ICAO, 2021a), thus reducing the costs associated with employee 

illnesses and related medical expenses. During the pandemic, airports prioritized and 

proactively implemented such measures in response to the increasing number of COVID 

cases (Street, 2020), further reducing their operating costs.113 

Both state-level face mask and COVID-19 vaccine mandates have positive and 

statistically significant effects on total operating costs at the 0.1% level. Implementing face 

mask mandates increases total operating costs by 15.9%, while implementing COVID-19 

vaccine mandates increases total operating costs by 16.8%. 

3.6.2 Decomposition of Percentage Change in Average Variable Costs 

After analyzing the COVID-19 effect on total operating costs, this section focuses 

on the percentage change in average variable costs and identifies the channels of the 

 
accounts for 29% of the delay based on the data of all U.S. airports. 

112 Traditional factors for the delay, such as mechanical issues and air traffic control, may involve 

aircraft repair, gate changes, or even flight cancellations, all of which can result in high costs for airports. In 

contrast, the delay caused by the additional health measures during the pandemic often does not involve these 

factors, leading to relatively low costs. 
113 During the pandemic, the costs associated with employee illnesses and related medical expenses 

were much higher than before (DeMartino et al., 2022). On the one hand, the recovery and quarantine periods 

for employees infected with COVID-19 are generally longer compared to other illnesses (CDC, 2022). On 

the other hand, an infected employee can cause a cluster of infections among colleagues (CDC, 2021a), 

further increasing the costs. Therefore, compared to the pre-pandemic period, the proactive measures by 

airports to address the decrease in air quality helped them avoid high disease-related expenses during the 

pandemic. 
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change.114 To compare the average variable costs between the pre-COVID-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 the factors 

contributing to the difference. The representative airport in each period is the mean airport, 

where all variables are evaluated at the means. 

3.6.2.1 Full Sample 

Table 3.4 summarizes the characteristics of the representative airports for the pre-

COVID-19 and COVID-19 periods. Each representative airport has the mean value of each 

variable for that specific period. The positive outputs during the COVID-19 period are 

significantly lower than the pre-COVID-19 period, leading to lower negative attributes 

during the COVID-19 period. The two COVID-19 policy variables in Equation 3.5 are 

binary dummies. To assign the values of policy variables to the representative airport for 

the COVID-19 period, the study uses the proportion of the sample airports with each policy 

during the COVID-19 period. 56% and 25% of airports implemented face mask mandates 

and vaccine mandates, respectively. The year-fixed effects in Equation 3.5 provide a way 

to address the challenge of assigning years to the representative airports. Instead of 

assigning specific years to the representative airports, the study utilizes the coefficients of 

the year fixed effects from Equation 3.5. By taking 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 effects.115 From Table 3.3, the year fixed effects are consistently 

 
114 This study defines pre-COVID-19 period as 2012-2019, while COVID-19 period is 2020 and 

2021. 
115 Another method is to add a year trend and the interactive term between the year trend and 
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negative and significant at the 5% level, except for 2016.116 The coefficients become more 

negative from 2013 to 2021, indicating a continuous decline in total operating costs due to 

technological progress, holding all else constant. 

Table 3.4: Characteristics of representative airports for pre-COVID-19 and COVID-19 

periods, full sample, 2012 - 2021 

Category Variable 

Pre-COVID -

19 period 

COVID -19 

period 

# of 

obs. 
Value 

# of 

obs. 
Value 

Positive outputs 

(million) 

Departures 400 0.13 100 0.09 

Workload units 400 15 100 10 

Non-aeronautical revenue (2012 $) 400 131 100 93 

Negative 

attributes 

Delay rate 400 0.19 100 0.17 

Average taxi-out time (minute) 400 16 100 15 

Median air quality index 400 47 100 46 

Real input price 

indexes 

(2012 = 100) 

Labor  396 103.96 100 103.50 

General airport operations 400 99.46 100 98.54 

Contractual services 400 101.55 100 102.05 

COVID-19 

measure 
COVID-19 cases (million) 400 - 100 1 

State COVID-19 

related policies 
Face mask mandates 400 - 100 0.56 

COVID-19 vaccine mandates 400 - 100 0.25 
1. The representative airport for each period is created by calculating the mean of each variable for 

that period. 

2. The pre-COVID-19 period is 2012 - 2019, and the COVID-19 period is 2020 and 2021. 

3. COVID-19 related policies are binary dummies. However, the values for the representative 

airport of the COVID-19 period are the percentages of airports with each policy during the 

COVID-19 period. 

 

Following the methods discussed in Section 3.3.2.2, the study first decomposes the 

percentage change in total variable costs and then decomposes the percentage change in 

the average variable costs. Table 3.5 focuses on the total variable costs. The study 

 
COVID-19 period dummy in Equation 3.5 to capture the time effect before and during the COVID-19 period. 

The study uses this approach to conduct the robustness check. 
116 This is consistent with the Chapter 2 results. In Chapter 2, using 2012 - 2019 data, all year fixed 

effects are significant at the 5% level except for 2016, with a p-value of 0.090. 
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calculates the percentage change in total variable costs by substituting the values of the two 

representative airports into Equation 3.16. All the numbers in the table represent the 

percentage changes from the pre-COVID-19 period to the COVID-19 period. Comparing 

the two representative airports, the total variable costs increased by 2.74%. The decreases 

in labor and general operations prices during the COVID-19 period led to a decrease in 

total variable costs, while the increase in the contractual services price leads to an increase 

in total variable costs. The overall input price effects are small, causing a 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 costs, respectively.117 It is apparent 

that the changes in positive outputs have a greater impact on total operating costs than 

negative attributes. The most significant factors are COVID-19 and time/technical 

efficiency effect. The COVID-19 cases increased the total variable costs by 109.15%, while 

the two COVID-19 related policies increased the total variable costs by 8.91% and 4.19%, 

respectively. However, the significant increase in total variable costs caused by COVID-

19 was partially offset by the rapid technological progress, which reduced the total variable 

costs by 86.73%. At a high level, within the productivity effects, the positive effect of 

COVID-19 counteracts the combined negative effects dominated by the time/technical 

efficiency effect, resulting in an increase of only 3.07% in total variable costs.118 This 

increase, combined with the decrease caused by input price effects, leads to an increase of 

2.74% in total variable costs. 

 
117 The increase in pollution leads to a decrease in total variable costs. The lower AQI during the 

COVID-19 period increases the total variable costs. 
118  The productivity effects include positive outputs, negative attributes, COVID-19, and 

time/technical efficiency effects. 
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Based on Equation 3.20 and Equation 3.5, Table 3.6, Table 3.7, and Table 3.8 

illustrate the calculations and decompositions of the percentage change in average variable 

costs. Except for the underlined numbers, the numbers in these tables are the same as those 

in Table 3.5. Table 3.9 summarizes the values from Table 3.5 to Table 3.8. Comparing the 

pre-COVID-19 and COVID-19 periods, the average variable costs of the three positive 

outputs - departure, workload, and non-aeronautical revenue - increased by 35.9%, 40.02%, 

and 36.69%, respectively. These increases are primarily due to significant decreases in the 

positive outputs. Although the total variable costs increased by only 2.74%, the positive 

outputs experienced substantial declines by 32.75% (departures), 37.28% (workload), and 

33.95% (non-aeronautical revenue), respectively. These declines led to increases in 

average variable costs of 35% - 40%. Regarding specific factors, COVID-19 cases were 

the most significant contributor to the increases in average variable costs, partially offset 

by time/technological efficiency. From a high-level, Table 3.10 indicates that the effects 

of input prices, positive outputs, and negative attributes on the percentage change in 

average variable costs are minimal, while the main influences are from COVID-19 and 

time/technological efficiency. 
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Table 3.5: Decomposition for percentage change in total variable costs of representative 

airports for pre-COVID-19 and COVID-19 periods, full sample, 2012 ï 2021 

 
Full sample 

COVID -19 period versus pre-COVID -19 

period 

Percentage change in total variable 

costs 
2.74% 

 

Departures -1.96% 

Positive output effects 

[Subtotal = -29.29%] 

Productivity effects 

[Subtotal = 3.07%] Percentage 

change in total 

variable costs 

[Total = 2.74%] 

 

Workload -11.83% 

Non-aeronautical 

revenue 
-15.50% 

Delay -2.22% 
Negative attribute effects  

[Subtotal = -3.17%] 
Congestion -1.09% 

Pollution 0.14% 

COVID-19 cases 109.15% 

COVID-19 effects 

[Subtotal = 122.26%] 

Face mask 

mandates 
8.91% 

COVID-19 

vaccine mandates 
4.19% 

Time/Technical 

efficiency effect 
-86.73% 

Time/Technical 

efficiency effect  

[Subtotal = -86.73%] 

Labor -0.18% 

Input price effects 

[Subtotal = -0.32%] 

General 

operations 
-0.23% 

Contractual 

services 
0.08% 

1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-

19 period. 
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Table 3.6: Decomposition for percentage change in average variable cost per departure of 

representative airports for pre-COVID-19 and COVID-19 periods, full sample, 2012 - 

2021 

 
Full sample 

COVID -19 period versus pre-COVID -19 

period 

Percentage change in total variable costs 2.74% 

minus 

Own-quantity effect of departures -32.75% 

equals 

Percentage change in average variable costs per 

departure 
35.49% 

   

Departures 
-1.96% - (-32.75%) 

= 30.79% 
Positive output effects 

[ Subtotal =  

-29.29% - (-32.75%)  

= 3.46%] 

Productivity effects 

[Subtotal =  

3.07% - (-32.75%) 

= 35.82%] 

Percentage change 

in average variable 

costs per departure 

[Total =  

2.74% - (-32.75%)  

= 35.49%] 

 

Workload -11.83% 

Non-aeronautical 

revenue 
-15.50% 

Delay -2.22% Negative attribute 

effects  

[Subtotal = -3.17%] 

Congestion -1.09% 

Pollution 0.14% 

COVID-19 cases 109.15% 

COVID-19 effects 

[Subtotal = 122.26%] 

Face mask 

mandates 
8.91% 

COVID-19 vaccine 

mandates 
4.19% 

Time/Technical 

efficiency effect 
-86.73% 

Time/Technical 

efficiency effect  

[Subtotal = -86.73%] 

Labor -0.18% 

Input price effects 

[Subtotal = -0.32%] 

General operations -0.23% 

Contractual 

services 
0.08% 

1. 1. The numbers in the table are the same as those in Table 3.5, except for the numbers with an underline. 

2. 2. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 period. 
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Table 3.7: Decomposition for percentage change in average variable costs per workload 

unit of representative airports for pre-COVID-19 and COVID-19 periods, full sample, 

2012 - 2021 

 
Full sample 

COVID -19 period versus pre-COVID -

19 period 

Percentage change in total variable costs 2.74% 

minus 

Own-quantity effect of workload unit -37.28% 

equals 

Percentage change in average variable costs per 

workload unit  
40.02% 

 

Departures -1.96% 
Positive output effects 

[ Subtotal =  

-29.29% - (-37.28%)  

= 7.98%] 

Productivity effects 

[Subtotal =  

3.07% - (-37.28%) 

= 40.30%] 

Percentage change 

in average variable 

costs per workload 

unit 

[Total =  

2.74% - (-37.28%)  

= 40.02%] 

 

Workload 
-11.83% - (-37.28%) 

= 25.45% 

Non-aeronautical 

revenue 
-15.50% 

Delay -2.22% Negative attribute 

effects  

[Subtotal = -3.17%] 

Congestion -1.09% 

Pollution 0.14% 

COVID-19 cases 109.15% 

COVID-19 effects 

[Subtotal = 122.26%] 

Face mask 

mandates 
8.91% 

COVID-19 

vaccine mandates 
4.19% 

Time/Technical 

efficiency effect 
-86.73% 

Time/Technical 

efficiency effect  

[Subtotal = -86.73%] 

Labor -0.18% 

Input price effects 

[Subtotal = -0.32%] 

General 

operations 
-0.23% 

Contractual 

services 
0.08% 

1. The numbers in the table are the same as those in Table 3.5, except for the numbers with an underline. 

2. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 period. 
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Table 3.8: Decomposition for percentage change in average variable costs per non-

aeronautical revenue of representative airports for pre-COVID-19 and COVID-19 

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 of non-aeronautical revenue -33.95% 

equals 

Percentage change in average variable costs per non-

aeronautical revenue 
36.69% 

 

Departures -1.96% Positive output effects 

[ Subtotal =  

-29.29% - (-33.95%)  

= 4.65%] 

Productivity effects 

[Subtotal =  

3.07% - (-33.95%) 

= 37.01%] 

Percentage change 

in average variable 

costs per non-

aeronautical revenue 

[Total =  

2.74% - (-33.95%)  

= 36.69%] 

 

Workload -11.83% 

Non-aeronautical 

revenue 

-15.50% - (-33.95%)  

= 18.44% 

Delay -2.22% Negative attribute 

effects  

[Subtotal = -3.17%] 

Congestion -1.09% 

Pollution 0.14% 

COVID-19 cases 109.15% 

COVID-19 effects 

[Subtotal = 122.26%] 

Face mask 

mandates 
8.91% 

COVID-19 

vaccine mandates 
4.19% 

Time/Technical 

efficiency effect 
-86.73% 

Time/Technical 

efficiency effect  

[Subtotal = -86.73%] 

Labor -0.18% 

Input price effects 

[Subtotal = -0.32%] 

General 

operations 
-0.23% 

Contractual 

services 
0.08% 

1. 1. The numbers in the table are the same as those in Table 3.5, except for the numbers with an underline. 

2. 2. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 period. 
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Table 3.9: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, full sample, 2012 ï 

2021 

 

Full sample 

COVID -19 period versus pre-COVID -19 period 

Percentage 

change in total 

variable costs 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-

aeronautical 

revenue 

Percentage change 2.74% 35.49% 40.02% 36.69% 

Decomposition for percentage change 

Productivity 

effects 

Positive 

output 

effects 

Departures -1.96% 30.79% -1.96% -1.96% 

Workload -11.83% -11.83% 25.45% -11.83% 

Non-

aeronautical 

revenue 

-15.50% -15.50% -15.50% 18.44% 

Negative 

attribute 

effects 

Delay -2.22% 

Congestion -1.09% 

Pollution 0.14% 

COVID-

19 effects 

COVID-19 

cases 
109.15% 

Face mask 

mandates 
8.91% 

COVID-19 

vaccine 

mandates 

4.19% 

Time/Technical efficiency 

effect 
-86.73% 

Input price effects 

Labor -0.18% 

General 

operations 
-0.23% 

Contractual 

services 
0.08% 

1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-

19 period. 
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Table 3.10: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, full sample, 2012 ï 

2021, subtotals 

 
Full sample 

COVID -19 period versus pre-COVID -19 period1 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-aeronautical 

revenue 

35.49% 40.02% 36.69% 

Decomposition for percentage change 

Positive output effects 3.46% 7.98% 4.65% 

Negative attribute effects -3.17% 

COVID-19 effects 122.26% 

Time/Technical efficiency 

effect 
-86.73% 

Subtotal for 

productivity effects 
35.81% 40.34% 37.01% 

Input price effects -0.32% 

1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-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 first sub-sample analysis is based on hub size. Similarly, 

the study selects one large hub and one medium hub as representative airports for the pre-

COVID-19 and COVID-19 periods, resulting in four representative airports. Each 

representative airport takes the mean values of all variables for each hub size in each period. 

Table 3.11 summarizes the characteristics of these four representative airports. Overall, the 

changes in positive outputs for large hubs are more significant than for medium hubs, with 
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positive outputs decreasing by 35% to 42% for large hubs and 23% to 30% for medium 

hubs. Table 3.12 and Table 3.13 decompose the percentage change in average variable 

costs for large hubs, while Table 3.14 and Table 3.15 do the same for medium hubs. 

Comparing large and medium hubs, the study has several findings. Firstly, although the 

average variable costs increased for both large and medium hubs by 30% to 40%, the 

reasons behind the increases are different. For large hubs, both total variable costs and 

positive outputs decreased. However, the decrease in total variable costs is smaller than the 

decreases in positive outputs, approximately -2% versus -37%, leading to the overall 

increase in average variable costs. On the other hand, for medium hubs, the decreases in 

positive outputs were accompanied by an increase in total variable costs, leading to an 

overall increase in average variable costs. Secondly, similar to the full sample, COVID-19 

significantly increased average variable costs, partially offset by time/technical efficiency. 

The effects of other factors, such as input prices and positive outputs, are relatively small. 

Thirdly, comparing the effects of the two policies, face mask mandates consistently 

resulted in a larger increase in average variable costs for both large and medium hubs, by 

around 4% to 6% compared to vaccine mandates. 

 

 

 

 

 



 143 

Table 3.11: Characteristics of representative airports for pre-COVID-19 and COVID-19 

periods, by hub size, 2012 - 2021 

Category Variable 

Pre-

COVID -19 

period 

COVID -19 

period 

# of 

obs. 
Value 

# of 

obs. 
Value 

Large hubs 

Positive outputs 

(million) 

Departures 214 0.20 54 0.14 

Workload units 214 22 54 15 

Non-aeronautical revenue (2012 $) 214 198 54 137 

Negative attributes 

Delay rate 214 0.20 54 0.17 

Average taxi-out time (minute) 214 18 54 17 

Median air quality index 214 47 54 48 

Real input price 

indexes 

(2012 = 100) 

Labor price 214 131 54 124 

General airport operations price 214 97.44 54 96.62 

Contractual services price 214 99.50 54 99.95 

COVID-19 

measure 
COVID-19 cases (million) 214 - 54 1.08 

State COVID-19 

related policies3 

Face mask mandates 214 - 54 0.57 

COVID-19 vaccine mandates 214 - 54 0.31 

Medium hubs 

Positive outputs 

(million) 

Departures 186 0.05 46 0.04 

Workload units 186 6 46 5 

Non-aeronautical revenue (2012 $) 186 53 46 42 

Negative attributes 

Delay rate 186 0.18 46 0.16 

Average taxi-out time (minute) 186 13.06 46 13.08 

Median air quality index 186 46 46 45 

Real input price 

indexes 

(2012 = 100) 

Labor price 182 72.39 46 79.52 

General airport operations price 186 101.79 46 100.80 

Contractual services price 186 103.91 46 104.51 

COVID-19 

measure 
COVID-19 cases (million) 186 - 46 1.21 

State COVID-19 

related policies 
Face mask mandates 186 - 46 0.54 

COVID-19 vaccine mandates 186 - 46 0.17 
1. 1. The representative airport for each period is created by calculating the means of each variable for that 

period. 

2. 2. The pre-COVID-19 period is 2012 ï 2019, and the COVID-19 period is 2020 and 2021. 

3. 3. COVID-19 related policies are binary dummies. However, the values for the representative airport of 

the COVID-19 period are the percentages of airports with each policy during the COVID-19 period. 
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Table 3.12: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, large hubs, 2012 ï 

2021 

 

Large hubs 

COVID -19 period versus pre-COVID -19 period 

Percentage 

change in total 

variable costs 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-

aeronautical 

revenue 

Percentage change -2.96% 31.33% 38.59% 34.15% 

Decomposition for percentage change 

Productivity 

effects 

Positive 

output 

effects 

Departures 2.95% 37.24% 2.95% 2.95% 

Workload -17.39% -17.39% 24.17%  -17.39% 

Non-

aeronautical 

revenue 

-16.63% -16.63% -16.63% 20.49%  

Negative 

attribute 

effects 

Delay -3.66% 

Congestion -2.24% 

Pollution -0.30% 

COVID-

19 effects 

COVID-19 

cases 
109.14% 

Face mask 

mandates 
9.07% 

COVID-19 

vaccine 

mandates 

5.20% 

Time/Technical efficiency 

effect 
-86.73% 

Input price effects 

Labor -2.24% 

General 

operations 
-0.21% 

Contractual 

services 
0.08% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.13: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, large hubs, 2012 ï 

2021, subtotals 

 
Large hubs 

COVID -19 period versus pre-COVID -19 period 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-aeronautical 

revenue 

31.33% 38.59% 34.15% 

Decomposition for percentage change 

Positive output effects 3.22% 10.49% 6.05% 

Negative attribute effects -6.20% 

COVID-19 effects 123.41% 

Time/Technical efficiency 

effect 
-86.73% 

Subtotal for 

productivity effects 
33.71% 40.98% 36.53% 

Input price effects -2.38% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.14: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, medium hubs, 2012 ï 

2021 

 

Medium hubs 

COVID -19 period versus pre-COVID -19 period 

Percentage 

change in total 

variable costs 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-

aeronautical 

revenue 

Percentage change 9.83% 38.98% 32.98% 33.60% 

Decomposition for percentage change 

Productivity 

effects 

Positive 

output 

effects 

Departures -14.33% 14.82% -14.33% -14.33% 

Workload -0.03% -0.03% 23.12% -0.03% 

Non-

aeronautical 

revenue 

-10.48% -10.48% -10.48% 13.29% 

Negative 

attribute 

effects 

Delay -1.02% 

Congestion 0.04% 

Pollution 0.51% 

COVID-

19 effects 

COVID-19 

cases 
106.62% 

Face mask 

mandates 
8.60% 

COVID-19 

vaccine 

mandates 

2.85% 

Time/Technical efficiency 

effect 
-86.73% 

Input price effects 

Labor 3.95% 

General 

operations 
-0.23% 

Contractual 

services 
0.09% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 

 

3.6.2.1 Cargo Airports versus Non-Cargo Airports 

According to FAA, cargo service airports handle over 100 million pounds of direct 

annual cargo volume. An airport can simultaneously be a commercial service airport as 

well as a cargo service airport. In recent years, cargo airports generally have both high 

passenger and cargo volumes, suggesting a close connection between cargo and passenger 

transportation. Table 3.16 summarizes the characteristics of cargo and non-cargo 



 147 

representative airports. The sample consists of 60% cargo service airports. Similar to the 

comparison between large and medium airports, cargo airports had significantly higher 

positive outputs than non-cargo airports, and their positive outputs experienced more 

pronounced decreases after the COVID-19 outbreak. Table 3.17 and Table 3.18 decompose 

the percentage change in average variable costs for cargo airports, while Table 3.19 and 

Table 3.20 do the same for non-cargo airports. The comparison between cargo and non-

cargo airports yields conclusions consistent with the comparison between large and 

medium hubs. 

Table 3.15: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, medium hubs, 2012 ï 

2021, subtotals 

 
Medium hubs 

COVID -19 period versus pre-COVID -19 period 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-aeronautical 

revenue 

38.98% 32.98% 33.60% 

Decomposition for percentage change 

Positive output effects 4.31% -1.69% -1.07% 

Negative attribute effects -0.47% 

COVID-19 effects 118.07% 

Time/Technical efficiency 

effect 
-86.73% 

Subtotal for 

productivity effects 
35.17% 29.18% 29.80% 

Input price effects 3.81% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.16: Characteristics of representative airports for pre-COVID-19 and COVID-19 

periods, by cargo and non-cargo airports, 2012 - 2021 

Category Variable 

Pre-

COVID -19 

period 

COVID -19 

period 

# of 

obs. 
Value 

# of 

obs. 
Value 

Cargo airports 

Positive outputs 

(million) 

Departures 237 0.17 64 0.12 

Workload units 237 21 64 14 

Non-aeronautical revenue (2012 $) 237 180 64 120 

Negative attributes 

Delay rate 237 0.19 64 0.17 

Average taxi-out time (minute) 237 17 64 16 

Median air quality index 237 46.93 64 47.30 

Real input price 

indexes 

(2012 = 100) 

Labor price 237 108.93 64 106.81 

General airport operations price 237 98.87 64 98.03 

Contractual services Price 237 100.97 64 101.34 

COVID-19 

measure 
COVID-19 cases (million) 237 - 64 1.09 

State COVID-19 

related policies3 

Face mask mandates 237 - 64 0.55 

COVID-19 vaccine mandates 237 - 64 0.28 

Non-cargo airports 

Positive outputs 

(million) 

Departures 163 0.06 36 0.04 

Workload units 163 6 36 4 

Non-aeronautical revenue (2012 $) 163 59 36 44 

Negative attributes 

Delay rate 163 0.20 36 0.17 

Average taxi-out time (minute) 163 13.80 36 13.61 

Median air quality index 163 47 36 45 

Real input price 

indexes 

(2012 = 100) 

Labor price 159 96.57 36 97.63 

General airport operations price 163 100.32 36 99.45 

Contractual services price 163 102.39 36 103.30 

COVID-19 

measure 
COVID-19 cases (million) 163 - 36 1.24 

State COVID-19 

related policies 
Face mask mandates 163 - 36 0.58 

COVID-19 vaccine mandates 163 - 36 0.19 
1. 1. The representative airport for each period is created by calculating the means of each variable for that 

period. 

2. 2. The pre-COVID-19 period is 2012 ï 2019, and the COVID-19 period is 2020 and 2021. 

3. 3. COVID-19 related policies are binary dummies. However, the values for the representative airport of 

the COVID-19 period are the percentages of airports with each policy during the COVID-19 period. 
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Table 3.17: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, cargo airports, 2012 ï 

2021 

 

Cargo airports 

COVID -19 period versus pre-COVID -19 period 

Percentage 

change in total 

variable costs 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-

aeronautical 

revenue 

Percentage change -1.96% 33.79% 38.95% 38.10% 

Decomposition for percentage change 

Productivity 

effects 

Positive 

output 

effects 

Departures 2.07% 37.83% 2.07% 2.07% 

Workload -16.84% -16.84% 24.07% -16.84% 

Non-

aeronautical 

revenue 

-19.16% -19.16% -19.16% 20.90% 

Negative 

attribute 

effects 

Delay -2.37% 

Congestion -1.84% 

Pollution -0.12% 

COVID-

19 effects 

COVID-19 

cases 
110.53% 

Face mask 

mandates 
8.75% 

COVID-19 

vaccine 

mandates 

4.70% 

Time/Technical efficiency 

effect 
-86.73% 

Input price effects 

Labor -0.82% 

General 

operations 
-0.21% 

Contractual 

services 
0.06% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.18: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, cargo airports, 2012 ï 

2021, subtotals 

 
Cargo airports 

COVID -19 period versus pre-COVID -19 period1 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-aeronautical 

revenue 

33.79% 38.95% 38.10% 

Decomposition for percentage change 

Positive output effects 1.83% 6.99% 6.14% 

Negative attribute effects -4.33% 

COVID-19 effects 123.98% 

Time/Technical efficiency 

effect 
-86.73% 

Subtotal for 

productivity effects 
34.76% 39.92% 39.07% 

Input price effects -0.97% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.19: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, non-cargo airports, 

2012 ï 2021 

 

Non-cargo airports 

COVID -19 period versus pre-COVID -19 period1 

Percentage 

change in total 

variable costs 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-

aeronautical 

revenue 

Percentage change -1.60% 39.86% 46.37% 27.32% 

Decomposition for percentage change 

Productivity 

effects 

Positive 

output 

effects 

Departures -19.81% 21.65% -19.81% -19.81% 

Workload 2.35% 2.35% 50.32% 2.35% 

Non-

aeronautical 

revenue 

-9.82% -9.82% -9.82% 19.11% 

Negative 

attribute 

effects 

Delay -2.98% 

Congestion -0.52% 

Pollution 0.88% 

COVID-

19 effects 

COVID-19 

cases 
102.21% 

Face mask 

mandates 
9.23% 

COVID-19 

vaccine 

mandates 

3.19% 

Time/Technical efficiency 

effect 
-86.73% 

Input price effects 

Labor 0.44% 

General 

operations 
-0.21% 

Contractual 

services 
0.17% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.20: Decomposition for percentage change in average variable costs of 

representative airports for pre-COVID-19 and COVID-19 periods, non-cargo airports, 

2012 ï 2021, subtotals 

 
Non-cargo airports 

COVID -19 period versus pre-COVID -19 period1 

Percentage change in average 

variable costs 

Departures 
Workload 

units 

Non-aeronautical 

revenue 

39.86% 46.37% 27.32% 

Decomposition for percentage change 

Positive output effects 14.18% 20.69% 1.65% 

Negative attribute effects -2.62% 

COVID-19 effects 114.63% 

Time/Technical efficiency 

effect 
-86.73% 

Subtotal for 

productivity effects 
39.46% 45.97% 26.93% 

Input price effects 0.40% 

1. 1. The numbers in the table represent the percentage change from pre-COVID-19 period to COVID-19 

period. 
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Table 3.21: ITSUR estimation results of translog cost function with interactive terms 

between COVID-19 cases and input prices, 50 U.S. airports, 2012 ï 2021 

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|) 

COVID-19 cases ³ labor price -0.001 0.073 Delay ³ pollution 0.054 0.835 

COVID-19 cases ³ operations 

price 
-0.002 0.009 Congestion ³ pollution -1.205 0.006 

Face mask mandates 0.095 0.035 Labor price ³ departures -0.009 0.681 

COVID-19 vaccine mandates 0.172 0.004 Labor price ³ workload 0.012 0.504 

Departures -0.045 0.550 
Labor price ³ non-

aeronautical revenue 
-0.037 0.000 

Workload 0.359 0.000 Labor price ³ delay -0.148 0.000 

Non-aeronautical revenue 0.487 0.000 Labor price ³ congestion -0.081 0.009 

Delay 0.279 0.000 Labor price ³ pollution -0.020 0.357 

Congestion 0.271 0.002 
Operations price ³ 

departures 
0.047 0.014 

Pollution 0.008 0.903 Operations price ³ workload -0.040 0.009 

Labor price 0.406 0.000 
Operations price ³ non-

aeronautical revenue 
-0.050 0.000 

Operations price 0.247 0.000 Operations price ³ delay 0.023 0.215 

Runway 0.124 0.000 
Operations price ³ 

congestion 
0.118 0.000 

Departures2 -0.973 0.051 Operations price ³ pollution 0.075 0.000 

Workload2 0.329 0.261 Runway ³ departures 0.442 0.020 

Non-aeronautical revenue2 -0.141 0.148 Runway ³ workload -0.294 0.047 

Delay2 -0.230 0.492 
Runway ³ non-aeronautical 

revenue 
-0.075 0.365 

Congestion2 0.242 0.758 Runway ³ delay -0.116 0.457 

Pollution2 1.203 0.000 Runway ³ congestion 0.075 0.702 

Labor price2 0.061 0.000 Runway ³ pollution 0.163 0.247 

Operations price2 0.165 0.489 
Labor price ³ operations 

price 
0.001 0.826 

Runway2 0.230 0.018 Runway ³ labor price 0.075 0.000 

Departures ³ workload 0.024 0.947 Runway ³ operations price 0.052 0.000 

Departures) ³ non-aeronautical 

revenue 
-0.036 0.810 Year 2013 -0.092 0.020 

Departures ³ delay 1.034 0.000 Year 2014 -0.091 0.030 

Departures ³ congestion 1.139 0.009 Year 2015 -0.088 0.025 

Departures ³ pollution -0.012 0.973 Year 2016 -0.069 0.073 

Workload ³ non-aeronautical 

revenue 
0.320 0.000 Year 2017 -0.087 0.028 

Workload ³ delay -0.516 0.036 Year 2018 -0.106 0.009 

Workload ³ congestion -0.820 0.055 Year 2019 -0.114 0.005 

Workload ³ pollution 0.114 0.694 Year 2020 0.277 0.000 

Non-aeronautical revenue ³ delay -0.365 0.003 Year 2021 0.022 0.645 

Non-aeronautical revenue ³ 

congestion 
-0.233 0.255 Airport 0.002 0.010 

Non-aeronautical revenue ³ 

pollution 
-0.010 0.949 (Intercept) 18.907 0.000 

Delay ³ congestion 0.101 0.783    

1. 1. Number of observations: 1,488; R2 = 0.962. 

2. 2. All variables reported in this table are in log form, except for the face mask mandates (binary dummy), COVID-19 

vaccine mandates (binary dummy), airport effect, and year-fixed effects. 

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

The study further analyzes the channels through which COVID-19 cases impact 

airport total operating costs. Specifically, it examines that COVID-19 affects which of the 

three cost components ï labor, general airport operations, and contractual services. The 

study replaces the COVID-19 cases and its interactive terms with the interactive terms 

between COVID-19 cases and input prices in Equation 3.5 and estimates this new model.119 

Table 3.21 presents the estimation results.120 The coefficients on COVID-19 cases ³ labor 

price and COVID-19 cases ³ operations price are -0.001 and -0.002, respectively, while 

the coefficient on COVID-19 cases ³ contractual services price is -0.003. This indicates 

that holding other variables constant, a 1% increase in COVID-19 cases 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%. Therefore, the 

COVID-19 cases increase the total operating costs by raising contractual services costs. 

Based on the mean values, an increase of 1,000 COVID-19 cases leads to a rise of $4,423 

in airport contractual services costs. Considering that the sample average annual COVID-

19 cases are 1,142,746, COVID-19 cases lead to an annual increase of $5,054,420 in 

contractual services costs for the sample airports. 

 
119 An alternative approach is to estimate a translog cost function without COVID-19 cases and 

decompose the percentage change in average variable costs based on the results. Analyzing the input price 

effects helps to understand the channels for the effect of COVID-19 cases. However, when the model does 

not include COVID-19 cases, the year-fixed effects for 2020 and 2021 capture the COVID-19 cases effect, 

while the input price coefficients remain largely unchanged compared to the model with COVID-19 cases. 

Therefore, the input price effects in the decomposition are also unchanged compared to the model with 

COVID-19 cases. 
120 The table does not report ‍   ³   , due to the homogeneity 

restriction, which is equal to 0 - ‍   ³   - ‍   ³    . 
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As mentioned in Section 3.5.2, the COVID-19 outbreak and the rise in COVID-19 

cases prompt airports to implement various measures to ensure safety and health. On the 

one hand, airports must upgrade their facilities to meet disease prevention requirements 

(ICAO, 2021b). The associated costs fall under maintenance costs and are classified as 

contractual services costs. On the other hand, airports take various preventive actions, 

including but not limited to disinfection, cleaning, and provision of protective supplies such 

as masks and sanitizers (Bielecki et al., 2020; Duddu, 2020). Commercial enterprises 

provide these services, and the associated costs are also classified as contractual services 

(FlagShip, 2023). As the COVID-19 cases increase, these expenses increase, and their cost 

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

3.8 Robustness Check 

This paper conducts robustness checks on the conclusions from Section 3.6 in four 

aspects. Firstly, the study replaces COVID-19 cases with COVID-19 deaths and COVID-

19 cases per thousand residents, respectively, as the measure of COVID-19 to verify the 

impact of COVID-19 on total operating costs. Secondly, the study analyzes whether the 

proportion of international flights affects the COVID-19 effect. Thirdly, as mentioned in 

Section 3.4.3.2, the paper replaces the dummy variable for face mask mandates with the 

day count measure of the face mask mandates to assess the impacts of COVID-19 related 

policies. Fourthly, using a year trend and an interactive term between the year trend and 

the COVID-19 period indicator, the analysis examines whether the technical efficiency 

effect in the decomposition of percentage change in average variable costs is reliable. 
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3.8.1 COVID-19 Deaths 

Table B.6 presents the ITSUR estimation results using COVID-19 deaths as the 

replacement for COVID-19 cases. The results are consistent with Table 3.3. COVID-19 

deaths also have a significant and positive effect on total operating costs. The enumerated 

sample mean of the cost elasticity for COVID-19 deaths is 0.077, the same as COVID-19 

cases. This suggests that COVID-19 cases and deaths similarly impact on airport total 

operating costs. Consistent with Table 3.3, the interactive terms between COVID-19 deaths 

and non-aeronautical revenue, delay, and pollution are all statistically significant and 

negative. In addition, after controlling for COVID-19 deaths, the coefficients on policies 

remain significant and do not change significantly. Overall, the conclusions using COVID-

19 cases are robust when using COVID-19 deaths. 

3.8.2 COVID-19 Cases per Thousand Residents 

In the previous sections, the study primarily uses the absolute number of COVID-

19 cases, the most commonly used COVID-19 measure. However, a limitation of this 

measure is that it does not account for population differences. The study further uses 

COVID-19 cases per thousand residents as the measure of COVID-19 to do the robustness 

check. 

Table B.7 presents the estimation results. The coefficient on COVID-19 cases per 

thousand residents is not statistically significant at the 15% level, while the coefficients on 

policies become slightly smaller compared to the results in Table 3.3. This suggests that 

although COVID-19 cases significantly and positively impact airport total operating costs, 

COVID-19 cases per thousand residents do not have a statistically significant effect.  
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This difference may be due to the different aspects emphasized by the two measures. 

COVID-19 cases, as the primary COVID-19 measure used by major COVID-19 data 

sources such as CDC, John Hopkins, and WHO, represent the total number of infections. 

Therefore, passengers and airports primarily use this absolute number to assess the severity 

of the pandemic and take corresponding measures, which significantly affects airport costs. 

On the other hand, considering population differences, COVID-19 cases per thousand 

residents focus more on population density and infection rates. Population density and 

infection rates are primary indicators considered by policymakers when making decisions, 

but they are not necessarily the factors that passengers and airports consider. As a result, 

COVID-19 cases per thousand residents do not have a statistically significant impact on 

airport total operating costs but lead to a slight decrease in policy coefficients. 

3.8.3 Proportion of International Flights 

Due to the implementation of border control policies by many countries in response 

to the pandemic, COVID-19 may have a greater impact on airports with a higher proportion 

of international flights (Chinazzi et al., 2020; Lee et al., 2020). To further analyze the 

influence of the international flight proportion on the COVID-19 effect, the study includes 

the interactive term COVID-19 cases ³ international hub in Equation 3.5, where 

international hub is a binary dummy variable. Based on the average annual proportion of 

international flights to total departures at each airport during the pre-COVID-19 period of 

2012 - 2019, the study defines the top 10 airports with the highest international flight 
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proportions in the sample as international hubs, with variable international hub taking a 

value of 1 for these airports and 0 for others.121  

Table B.8 presents the estimation results. The coefficient on COVID-19 cases ³ 

international hub is 0.015 with a p-value of 0.001. The positive value suggests that the 

impact of a 1% COVID-19 cases increase on airports with a high proportion of 

international flights is approximately 0.015% greater than that on airports with a lower 

proportion of international flights. A 1% increase in COVID-19 cases leads to cost 

increases of approximately 0.069% and 0.084% for airports with low and high proportions 

of international flights, respectively. The coefficients on other variables are consistent with 

the results in Table 3.3. 

3.8.4 The Days of State Face Mask Mandates 

Table B.9 presents the results using the day count measure instead of the dummy 

variable for face mask mandates. The results are consistent with those of Table 3.3, but two 

points are worth noting. Firstly, when using the day count measure, the coefficient on face 

mask mandates becomes smaller, although still highly significant. Each additional day of 

face mask mandates results in a mere 0.001% increase in airport total operating costs, 

compared to the coefficient of 0.159 when using the dummy variable. However, these 

values are actually consistent since the dummy variable takes a value of 1 when the 

mandates are in effect for more than 50% of the data available days, which has a threshold 

 
121 Due to the border control measures implemented by various countries during the pandemic 

period, 2020 and 2021, there are significant changes in the international flight proportions at airports. 

Therefore, this study does not consider the proportions during 2020 and 2021 when determining the 

international hubs. The top 10 airports with the highest annual international flight proportions during 2012 ï 

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% per day would reach 0.128%, close 

to the coefficient of 0.159. Secondly, after using the day count measure, the coefficient for 

COVID-19 vaccine mandates becomes insignificant and decreases. As discussed in Section 

3.4.3.2, this may be due to the strong positive correlation between the day count measure 

of the face mask mandates and the COVID-19 vaccine mandates in 2021, highlighting the 

advantage of using the dummy variable to measure face mask mandates compared to the 

day count measure. 

3.8.5 Year Trend Method for the Decomposition of Average Cost Differentials 

In Section 3.6.2.1, when calculating the time/technical efficiency effect, this study 

uses the coefficients of year-fixed effects from Table 3.3 to calculate the average year effect 

for the pre-COVID-19 and COVID-19 periods and takes the difference as the time effect. 

An alternative is to include a year trend and an interactive term between 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 on this method, the study recalculates and decomposes the percentage change in 

average variable costs for representative airports of the full sample.  

Table B.10 presents the estimation results after replacing year-fixed effects with 

the year trend. Table B.11 and Table B.12 show the percentage change in average variable 

costs based on the new estimation results. The estimation results and the results of the 

percentage change decomposition are consistent with the previous conclusions. However, 

it is worth noting that after replacing year-fixed effects with the year trend, Table B.10 

shows that the coefficient on COVID-19 vaccine mandates becomes insignificant with a p-

value of 0.466, while the coefficient on face mask mandates increases. The percentage 
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change decomposition also reflects a similar change, showing a widening gap in the effects 

of the two policies. Compared to year-fixed effects, the year trend does not fully control 

for year effects, making the model less reliable. For the technical efficiency effect, the 

result obtained using the year trend method is -74.02%, close to -86.73% based on year-

fixed effects. 

3.9 Discussion 

The results provide several policy implications. On the one hand, the COVID-19 

pandemic increases the airportôs total operating costs. This is primarily due to the 

additional contractual services costs for cleaning, disinfection, equipment upgrades, and 

provision of protective supplies to respond to COVID-19. Therefore, the government can 

provide dedicated funds to compensate airports for the increased costs in these areas. On 

the other hand, state-level face mask and COVID-19 vaccine mandates also increase in 

total operating costs. When policymakers decide whether to implement such policies and 

determine the duration of the policies, they should consider the associated cost implications 

for airports. The government should provide subsidies or financial support to airports to 

offset the costs imposed by public health policies. 

Two issues need further discussion. Firstly, during the pandemic, the government 

provided various forms of economic assistance to airports to help them respond to COVID-

19. The two largest programs are Coronavirus Aid, Relief, and Economic Security 

(CARES) Act and Coronavirus Response and Relief Supplemental Appropriation Act 

(CRRSAA). CARES program, signed on March 27, 2020, aims to provide $10 billion in 

economic relief to eligible U.S. airports (FAA, 2020a). CRRSAA program, signed on 

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

the pandemic's impact. However, since these fundings have specific purposes and target 

specific issues, they may not directly correlate with airport short-term costs. For example, 

the CARES program aims to provide funding for critical safety and capacity projects from 

the Airport Improvement Program. In contrast, the CRRSAA program aims to provide 

relief from rent and minimum annual guarantees to on-airport car rental, on-airport parking, 

and in-terminal airport concessions. In addition, these funds do not show up on the airport 

cost side according to FAA. Therefore, these funding programs are not likely to have a 

significant impact on the short-term airport cost analysis. Secondly, one limitation of this 

study is that it can only provide a rough estimate of the impact of COVID-19 related 

policies on airport total operating costs. The study primarily uses binary dummy variables 

to represent state-level face mask and COVID-19 vaccine mandates. However, different 

states may have significant variations in the specific content, target populations, strictness, 

and 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, COVID-19 has had a significant impact worldwide. 

Airports, as the hub for passengers and cargo transportation, are greatly affected by the 

COVID-19 pandemic and related policies. Accurately understanding the impacts of the 

pandemic and associated policies on short-term airport costs is important for airport 

management to effectively respond to the crisis and ensure long-term operational stability. 

In addition, it provides valuable guidance to policymakers.  
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This analysis estimates a short-run multi-output translog cost function with three 

positive outputs, three associated negative attributes, and COVID-19 measures and related 

policies. The data is a ten-year panel (2012 - 2021) of 50 medium and large airports in the 

United States. The study considers two COVID-19 measures ï COVID-19 cases and 

deaths, as well as two COVID-19 related policies ï state-level face mask mandates and 

COVID-19 vaccine mandates. This study contributes to the current literature and fills 

existing gaps by analyzing the impact of COVID-19 and related policies on airport short-

term costs and decomposing 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 trends for positive outputs and short-term costs before and 

during the pandemic. The paper identifies sharp declines in positive outputs and rapid 

increases in average variable costs following the COVID-19 outbreak in 2020. However, 

these trends reversed in 2021. Secondly, COVID-19 has a significant and positive impact 

on total operating costs. A 1% increase in COVID-19 cases leads to a 0.077% increase in 

total operating costs. The findings using COVID-19 deaths as the measure are consistent 

with cases. State-level face mask mandates and COVID-19 vaccine mandates also have 

statistically significant and positive impacts on total operating costs, resulting in increases 

of 15.9% and 16.8%, respectively.  

Thirdly, through the calculation and decomposition of percentage change in 

average variable costs based on the full sample, the study finds that average variable costs 

increased by 35% to 40% compared to the pre-COVID-19 period. COVID-19 cases and 

the time/technical efficiency effect are the two most influential factors. COVID-19 cases 



 163 

lead to a 109.15% increase in average variable costs, while the time/technical efficiency 

effect results in an 86.73% decrease. In addition, the impact of face mask mandates is 

greater than that of COVID-19 vaccine mandates by 5%. Lastly, the conclusions based on 

different airport types (large versus medium hubs, cargo versus non-cargo airports) are 

consistent with the full sample. 
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CHAPTER 4 ARE AIRPORTS CHARGING SUFFICIENTLY?  

EXAMINING MARGINAL SOCIAL COST PRICING FOR 

DEPARTURES IN 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 on aircraft 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 fee.122 The data for the 

analysis is an eight-year panel (2012 - 2019) of 50 medium and large airports in the United 

States.123 

As discussed in Chapters 2 and 3, airports contribute significantly to passenger and 

cargo transportation, as well as job creation and economic growth. However, airport 

operations also generate a series of negative externalities, leading to external costs. 

Departure gate delay, runway congestion, and air pollution are the three most significant 

negative externalities associated with departures, the principal output of airports. Departure 

gate delay is when an aircraft departs from the origin gate later than scheduled. The study 

measures delay using the difference between the actual gate-out time and the scheduled 

 
122 Section 4.4.3 provides a detailed discussion of the 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 International (ATL), John F Kennedy International (JFK), and Los Angeles 

International (LAX) are examples of large hubs. Cleveland-Hopkins International (CLE), Dallas Love Field 

(DAL), and Memphis International (MEM) are examples of medium hubs. 
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gate-out time. Departure runway congestion refers to the increased wait time on the runway 

for departing aircraft due to increased flight volume. The study defines congestion as the 

extra taxi-out time, which is the difference between the actual taxi-out time (actual wheels-

off time minus actual gate-out time in minutes) and the unimpeded taxi-out time for an 

aircraft.124 Air pollution refers to the pollutant emissions caused by aircraft departures at 

the airport.125 The study measures air pollution using Air Quality Index (AQI). Delay and 

congestion disrupt passengersô travel plans, while air pollution increases health risks and 

expenditures. All three negative externalities result in economic costs that are difficult to 

measure. Figure 4.1 illustrates the severity of delay and congestion based on the data from 

all U.S. airports. From 2012 to 2019, both delay and congestion showed general upward 

trends. In 2019, the average gate delay was 14 minutes, and the average extra taxi-out time 

on the runway prior to takeoff was 5 minutes. In addition, many studies (Masiol et al., 

2014; Penn et al., 2017; Schlenker et al., 2016) show that airport operations constitute a 

significant source of air pollution. From the social standpoint, these negative externalities 

result in substantial external costs. According to the Federal Aviation Administration 

(FAA), the total cost of delay in the United States was $33 billion in 2019. Moreover, 

according to the Partnership of New York City (2009), the losses associated with 

congestion at the three airports in New York City alone are over $50 billion between 2008 

and 2025. Wolfe et al. (2014) shows that the air quality damage from airport operations in 

the U.S. is around $2 billion annually.  

 
124 The FAA defines the unimpeded taxi-out time as the estimated taxi-out time under ideal 

operating conditions (when congestion, weather, and other delay factors are insignificant). 
125 There are two stages of aircraft pollutant emissions: the airport stage and the high-altitude flight 

stage. This paper focuses on the negative externalities associated with departures, only considering pollutant 

emissions during the airport stage (airport parking and takeoff) and their 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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Figure 4.1: Trends for airport average delay minutes and extra taxi-out minutes, all U.S. 

airports, 2012 ï 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 from negative 

externalities. If airports only consider marginal private costs and ignore marginal external 

costs, this will result in landing fees below the socially optimal level. Consequently, the 

number of departures will exceed the socially optimal level, causing market inefficiency. 

Calculating the short-term marginal social costs per departure that include negative 

externalities (delay, congestion, and air pollution) and comparing them to the landing fees 

serve two essential purposes. Firstly, quantifying the marginal social costs helps understand 

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

set the price of departures, i.e., landing fee, to equal the marginal social cost of departures. 

Consequently, comparing the marginal social cost to the landing fee enables an evaluation 

of whether airports impose sufficient landing fees to compensate for the marginal social 

costs incurred by an additional departure and achieve socially efficient pricing. 

4.2 Literature Review 

The literature on the calculations of short-term airport marginal external and social 

costs per departure is very limited. The few studies on delay and congestion employ a 

similar methodology, using the opportunity cost of time to estimate the external costs. 

Carlin and Park (1970) assumes that the value of a passengerôs time is $12 per hour and 

estimates the marginal external cost per departure incurred by delay at LaGuardia airport 

to be between $0 and $501 for various intervals throughout a day on multiple days during 

1967 - 1968. Daniel (2001) estimates the average marginal departure external cost 

associated with congestion to be around $500, based on a passenger time value estimate of 

$40 per hour and data from the first week of May 1990 at the Minnesota airport. Solving a 

social welfare maximization problem, Carlsson (2003) derives the marginal external cost 

per departure associated with delay and indicates that it is related to 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 costs from the study are 

between $4 and $3,580. According 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. 
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Few studies examine air pollution. Lu (2009) calculates the marginal external costs 

per landing at five European airports in 2003 and 2004 using data on aircraft engine 

emissions. The study finds that the marginal external costs caused by air pollution are 

between 282 to 442 Euros ($308 and $483). Hu et al. (2018) estimates congestion costs at 

Guangzhou Baiyun Airport in China using a steady-state congestion model that includes 

costs to airlines, passengers, and the environment. The study estimates airline and 

environmental costs based on the major aircraft typesô per-minute operating costs and fuel 

consumption costs. The study calculates passenger costs using the value of passengersô 

time, set at 50 RMB ($6.89) per hour for leisure travel and 100 RMB ($13.78) per hour for 

business travel. The findings show that the marginal costs per departure caused by 

congestion during off-peak hours are between 5,000 to 10,000 RMB ($689 to $1,378) but 

exceed 10,000 RMB ($1,378) and even approach 35,000 RMB ($4,823) during peak-hour. 

The current literature on short-term airport marginal social costs has three main 

gaps. First, the sample utilized in the research only represents a small number of airports - 

one to five - and covers a brief period - one 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 reliable conclusions for a wider variety of airports and 

periods. Second, there is no comparison between marginal private costs and marginal social 

costs that include negative externalities to illustrate their relative magnitudes. Thirdly, there 

is no comparison between marginal social costs and current airport landing fees. This gap 

prevents us from assessing if the current landing fees are optimal from the social 

perspective. 
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To address these gaps, this study thoroughly analyzes the short-term marginal 

social cost per 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:  

(1) The sample consists of panel data from 50 airports over 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 per aircraft to the marginal social cost 

to determine whether the current landing fee is efficient from the social perspective.  

(4) The study performs sub-sample analyses based on hub size and cargo/non-

cargo airports and discusses the comparative differences across different types of airports. 

4.3 Empirical Research Strategy 

This paper uses the following steps to calculate the short-term marginal social cost 

per departure in order to analyze whether the current landing fees at airports cover the 

marginal departure social cost. First, the paper estimates a short-term multi-output translog 

cost function with three positive outputs but without negative attributes (delay, congestion, 

and air pollution). Second, based on the estimation results, the paper calculates the 

marginal private cost per departure. Third, the study uses regression models that relate 

departures with delay, congestion, and air pollution to estimate each of the three negative 

externalities, respectively. Fourth, based on the estimation results of those regression 

models and using estimates for the value of time and health cost per one-point increase in 

annual average AQI, the study quantifies the marginal external cost per departure 
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associated with delay, congestion, and air pollution, respectively, which represents an 

empirical measure of the costs associated with the negative externalities. Fifth, the study 

adds the marginal private cost and marginal external cost to obtain the marginal social cost 

per departure. Finally, the paper compares the marginal social cost of departures with the 

price of departures - landing fee - to analyze whether the airport charges a sufficient landing 

fee to cover the marginal departure social cost that considers negative externalities and 

achieves socially efficient pricing.  

 

Figure 4.2: Illustration of private and social market equilibriums for departures 

Figure 4.2 depicts the private and social market equilibriums for departures in the 

short term. MPC stands for the marginal private cost, while MSC stands for the marginal 

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

marginal external cost resulting from negative externalities. The MPC and MSC curves 



 171 

represent the supply curves from the private and social perspectives, respectively. The 

intersection of the MPC curve and the demand curve at point A indicates the private market 

equilibrium, corresponding to the privately optimal quantity Dprivate and the privately 

optimal price Pprivate. The social market equilibrium point is point B, where Dsocial 

represents the socially optimal quantity and Psocial represents the socially optimal price, i.e., 

the socially optimal landing fee. From the social efficiency perspective, the airport should 

set the landing fee equal to the marginal departure social cost. Due to the lack of 

consideration for negative externalities, the private market equilibrium has a lower 

equilibrium price and a higher quantity than the social equilibrium. 

4.3.1 Translog Cost Function (Output Model) 

To calculate the short-term marginal private cost, the study estimates a short-term 

multi-output translog cost function with three positive outputs (the output model from 

Chapter 2), as Equation 4.1. This model does not include the negative attributes 

incorporated in Chapter 2. For airport i at time t, Ὕὠὅ is the total variable costs; ή  is 

the positive output s; ὴ  is the price of input j; Ὧ  is the quasi-fixed factor. 

The model includes three positive outputs of the airport ï departures (domestic and 

international), workload (passengers, freight, and mail), and non-aeronautical revenue 

(e.g., food, retail stores, hotels, and rental cars). The inputs are labor, general airport 

operations, and contractual services. Consistent with McCarthy (2014), this study measures 

the quasi-fixed factor by the equivalent number of 10,000ô ³ 150ô runways, instead of using 

the actual number of runways. This method accounts for the differences in runway lengths. 

To make the approximation at the sample mean of each variable, Equation 4.1 subtracts 
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the log forms of sample means - ÌÎή, ÌÎὴӶ, and ÌÎὯ - from ÌÎή , ÌÎὴ , and ÌÎὯ , 

respectively, which results in Equation 4.2. The model also includes the airport effect and 

year-fixed effects in the estimation, with 2012 as the base year. 
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4.2 

A well-behaved variable cost function must satisfy symmetry and linear 

homogeneity conditions. The symmetry condition, Equation 4.3, requires the cost function 

to be symmetric in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The linear 
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homogeneity condition, Equation 4.4, requires the cost function to be homogeneous of 

degree one in variable input prices, where j, h = 1, 2, 3 and s, g = 1, é, 3. The study 

imposes the symmetry and linear homogeneity restrictions on Equation 4.2 before the 

estimation.126 

 ‍  ‍     ὥὲὨ   ‍ ‍  4.3  
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4.4  

The study derives Equation 4.5 based on Shephardôs lemma, where ὼᶻ is the 

optimal demand for input ὼ. Based on Equation 4.5, the cost share equation of input j, ,‫ 

is Equation 4.6. The study estimates the cost share equations jointly with the translog cost 

function, Equation 4.2, as a system to increase the estimation efficiency. Since the cost 

shares of three inputs sum to one, the study drops one input cost share ï contractual services 

ï before the estimation.127 

 
126 If the study utilized the actual input prices faced by airports, the symmetry condition would hold 

in the estimation results even without imposing it before the estimation. However, given that actual input 

price data for contractual services and general airport operations are unavailable, this study uses state-level 

real input price indexes derived from national input price indexes. Consequently, the symmetry constraint 

does not naturally hold. Thus, the study imposes the symmetry constraint prior to the estimation. In addition, 

although homogeneity should theoretically hold, it does not naturally hold for the sample dataset with input 

price indexes. Consequently, the study also imposes the homogeneity restriction prior to the estimation, 

which is consistent with the current literature employing the translog cost function (Caves et al., 1981; Martin 

et al., 2011; McCarthy, 2014, 2016). 
127 The estimates based on maximum likelihood methods remain unchanged, irrespective of which 

cost share the study drops (Berndt, 1991). 
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4.6  

4.3.2 Marginal Social Cost Methodology 

This paper calculates the short-term marginal social cost by calculating the 

marginal private cost and marginal external cost per departure separately. Equation 4.7 

expresses the marginal private cost per departure (ὓὖὅ ) using the estimation 

results of Equation 4.2. Here, ὓὖὅ  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 externalities. Equation 4.7 calculates ὓὖὅ  as the 

product of the elasticity of the total variable costs with respect to departures ( ) 

and the average variable costs of departures (ὃὠὅ ).128  

 
128 Substituting the TVC with (ὃὠὅ ή ) in Equation 4.7 leads to the following 

equation, which gives another perspective to interpret ὓὖὅ : 
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  4.7  

This study considers three negative externalities related to departures - departure 

gate delay, departure runway congestion, and air pollution at the airport. The marginal 

external cost per departure is the sum of the marginal external costs associated with these 

three negative externalities. The departure gate delay occurs when an aircraft leaves the 

origin gate later than scheduled. The study measures delay as the difference between actual 

gate-out time and scheduled gate-out time. In Equation 4.8, the total time delay (TTD) is 

equal to the average time delay (ATD) multiplied by departures (D). Taking the partial 

derivative of both sides of Equation 4.8 with respect to departures (D) leads to the formula 

for the marginal time delay (MTD), as Equation 4.9. MTD consists of two parts - the 

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

(Ὀ ). Following a similar approach to Carlsson (2003), this paper uses Equation 4.10 

to estimate , where ‍  measures the change in average time delay (ATD) at the 

airport i in year t due to an additional departure and is equal to .129 On the other hand, 

Equation 4.11 converts the time value per passenger into the time value per departure. 

 
In this perspective, ὓὖὅ  equals ὃὠὅ  plus the change in ὃὠὅ  caused 

by an additional ή , which only considers private costs and does not consider negative externalities. 

This equation provides the same value of ὓὖὅ  with Equation 4.7: ὃὠὅ ρ

ὃὠὅ . 

129 Instead of estimating a cost function with input prices and outputs, Carlsson (2003) estimates a 

model with passengers and year- and airport-fixed effects to calculate the marginal private cost per passenger. 

This paper employs a similar approach to estimate the effects of departures on average time delay and 

congestion. 
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Based on Equation 4.9, Equation 4.10, and Equation 4.11, this paper uses Equation 4.12 to 

calculate the marginal departure external cost associated with delay. 
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4.12 

Departure runway congestion refers to the increased taxi-out time for the aircraft 

before takeoff after leaving the gate, due to the traffic congestion on the runway caused by 

the increased flight volume. The paper defines congestion as the extra taxi-out time, which 

is the difference between the actual taxi-out time (actual wheels off time minus actual gate-

out time in minutes) for an aircraft and the unimpeded taxi-out time when the congestion 

is insignificant. FAA defines the unimpeded taxi-out time as the estimated taxi-out time 

for an aircraft under optimal operating conditions (when congestion, weather, and other 
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delay factors are insignificant), which is the benchmark taxi-out time when there is no 

congestion. The study uses a similar approach to delay to calculate the marginal departure 

external cost associated with congestion. Equation 4.13 indicates that the total time 

congestion (TTC) is equal to the average time congestion (ATC) multiplied by departures 

(D). Taking the partial derivative of both sides of Equation 4.13 with respect to departures 

(D) leads to the formula for the marginal time congestion (MTC), as Equation 4.14. MTC 

also has two components - the average time congestion (ATC), and the congestion 

externality caused by an additional departure (Ὀ ). Similarly, ‍  in 

Equation 4.15 is the estimate of . Based on Equation 4.14 and Equation 4.15, this paper 

uses Equation 4.16 to calculate the marginal departure external cost associated with 

congestion. 
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Air pollution differs from delay/congestion in two ways. On the one hand, the 

external costs caused by delay and congestion are mostly due to time loss, but the impact 

of air pollution is primarily harmful to peopleôs physical health, leading to increased health 

expenditures. On the other hand, passengers mainly bear the delay and congestion costs, 

whereas the study assumes that airport employees primarily bear the air pollution costs. 

The impact of air pollution on health and health expenditures requires long-term exposure 

(Chen and Chen, 2021). Since passengers only have a brief stay at the airport (less than a 

day), the air quality is unlikely to significantly impact their health. Chen and Chen (2021) 

finds that short-term exposure (one day) to poor air quality environments does not have a 

statistically significant effect on peopleôs health expenditures. However, long-term 

exposure to poor air quality environments (over seven days) significantly increases health 

expenditures. Therefore, the study assumes that airport air pollution primarily causes costs 

to airport employees.130 Based on Equation 4.17, Equation 4.18 calculates the marginal 

departure external cost associated with air pollution. Chen and Chen (2021) offers an 

estimate for health costs per one-point increase in annual average AQI, 

   

 
, which is discussed in detail in Section 4.4.2. Equation 4.19 

provides an estimate for 
 

, which is ‍ . 

 ὝὝὅὃὝὅ Ὀ 4.17  

 

 
130 Airport air pollution also affects residents living near the airport. However, due to the lack of 

data on the population within a certain distance (e.g., five kilometers) of the airport, this paper is unable to 

assess the impact of air pollution on residents near the airport. Therefore, the study focuses only on the effects 

of airport air pollution on airport employees. This limitation leads to an underestimation of the external costs 

of air pollution. 
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Based on the discussions and calculations of marginal private and external costs 

per departure, the paper calculates the marginal social cost per departure using Equation 

4.20. 

4.4 Data 

The analysis utilizes panel data compiled from multiple databases. The sample 

covers 50 U.S. medium and large airports from 2012 to 2019 and comprises 1,188 

observations.131 Table C.1 presents a list of sample airports. Throughout the sample period, 

 
131 Data for 2020 and 2021 are also available. However, the paper excludes them to avoid the 

COVID-19 impact. Chapter 3 focuses on the COVID-19 effect on short-term airport costs using data from 

2012 ï 2021.  
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these 50 large and medium hubs collectively account for 61% of departures, 69% of 

passengers, 45% of cargo, and 73% of nan-aeronautical revenue among all U.S. airports. 

Table C.2 summarizes the data sources. Table C.3, Table C.4, and Table C.5 present a 

comprehensive summary of descriptive statistics. Since Chapter 2 provides a detailed 

discussion of descriptive statistics for most variables, this paper focuses on the descriptive 

statistics for the newly added variables. 

4.4.1 Translog Cost Function Measures 

4.4.1.1 Total Variable Costs and Positive Outputs 

This short-term cost analysis measures total variable costs using total operating 

costs. The Federal Aviation Administration (FAA) Certification Activity Tracking System 

(CATS) provides airportsô annual financial information.132 The total operating costs 

consist of three components ï personnel compensation and benefits (labor costs), 

contractual services costs, and general airport operations costs.133, 134 

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

aeronautical revenue. Departure data is from the Bureau of Transportation Statistics (BTS) 

 
132 Detroit Metropolitan Wayne County Airport (DTW) submitted its financial information twice in 

2019. The first report (from October 1, 2018, to September 30, 2019) was on September 30, 2019. The second 

report (from October 1, 2019, to December 31, 2019) was on December 31, 2019. This is because that DTW 

changed its financial year-end from September 30 to December 31 in 2019. Therefore, the study uses the data 

from September 30, 2019, for 2019, and adds the data from December 31, 2019, to 2020. 
133 Personnel compensation and benefits, also referred to as labor costs in this paper, are the salaries 

and earnings of personnel directly hired by the airport, as well as employee benefits such as health and life 

insurance and employee pensions. The contractual services costs are the costs of consulting, legal, 

accounting, maintenance, financial services, and other services paid to commercial firms and government 

agencies. The repair and maintenance costs account for a major portion of contractual services costs. The 

general airport operations costs consist of costs associated with communications and utilities, supplies and 

materials, insurance, claims and settlement, and other operating expenses that do not fall  under the criteria of 

labor and contractual services costs. 
134 The costs in this study contain an exhaustive list of inputs and are all aggregated composites of 

several inputs. Ideally, the model should use each inputôs actual price and associated costs, instead of 

aggregated composites. However, the available data does not support the method. 
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T-100 Segment of Form 41 Traffic, which contains 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 non-aeronautical revenue data is from FAA CATS.135 

4.4.1.2 Input Prices and Quasi-Fixed Factor 

Consistent with the three components of total operating costs, this study includes 

three inputs: labor, contractual services, and general airport operations. Equation 4.2 

requires a price index for each input. The study calculates nominal labor prices using labor 

costs and the number of full-time equivalent employees data from FAA CATS.136 The 

study derives the real labor prices by adjusting the nominal labor prices using GDP 

deflators (2012 = 100) and then standardizing them to the real labor price indexes with 

2012 as the base year (2012 = 100).  

However, airport-level price indexes for general airport operations and contractual 

services are unavailable. Therefore, the study uses national-level producer price indexes 

(PPI) from the Bureau of Labor Statistics (BLS). The price index for general airport 

operations is the PPI for airport operations, while the price index for contractual services 

is the PPI for nonresidential building maintenance and repair.137  According to the 

methodology proposed in McCarthy (2014), the study uses a three-step process to convert 

these national-level nominal price indexes into state-level real price indexes:  

 
135 The primary sources of non-aeronautical revenue are food and beverage, retail stores and duty-

free, rental cars, and hotels. 
136 STL 2012, DAL 2013, STL 2013, and MSY 2018 did not report full-time equivalent numbers of 

employees, leading to four missing values for the labor price index. 
137 There is no PPI series for airport contractual services. Since the maintenance and repair costs are 

the major portion of airport contractual services costs, the study uses PPI for nonresidential building 

maintenance and repair as the source for the contractual services price index. 
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(1) Standardizing national-level nominal price indexes with 2012 as the base 

year (2012 =100).  

(2) Adjusting the national-level nominal price indexes by state-level Consumer 

Price Index (CPI) to obtain the state-level nominal price indexes.  

(3) Converting the state-level nominal price indexes to state-level real price 

indexes using the GDP deflator (2012 = 100).138 

The runway is a quasi-fixed factor in the short-run cost analysis. This study follows 

the methodology from McCarthy (2014) and uses the equivalent number of 10,000ô ³ 150ô 

runways (ENRW), Equation 4.21, to measure the quasi-fixed factor, where 

ὙόὲύὥώὒὩὲὫὸὬ  is the length of runway j for airport i at time t. ENRW provides two 

major advantages over the actual number of runways. First, the actual number of runways 

is an inferior measure of runway capacity, given the differences in runway lengths, which 

can be accommodated by using ENRW. Second, and related, since airports often extend an 

existing runway instead of constructing a new one, ENRW accounts for the changes to 

existing runways.139 Although there is no definition for a standard runway, a 10,000ô ³ 

150ô runway can accommodate most passenger and cargo aircraft (McCarthy, 2014). 

 
ὉὔὙὡ

В ὙόὲύὥώὒὩὲὫὸὬ ὙόὲύὥώὡὭὨὸὬ

ρȟυππȟπππ
   4.21 

 

 
138 The resulting input price indexes are not the 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. 
139 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 number of runways 

greater than one through Equation 4.21, which does not reflect the airportôs actual situation. 



 183 

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 actual gate-out time and 

scheduled gate-out time.140 BTSô Airline On-time Performance Data provides annual 

average delayed minutes at each airport during 2012 - 2019. On the other hand, the study 

defines departure runway congestion as the extra taxi-out time. The extra taxi-out time is 

the difference between the actual taxi-out time (actual wheels off time minus actual gate-

out time in minutes) for an aircraft and unimpeded taxi-out time, which is the estimated 

taxi-out time for an aircraft under optimal operating conditions (when congestion, weather, 

and other delay factors are insignificant).141 BTSô Airline On-time Performance Data 

provides the annual average actual taxi-out minutes at each airport during 2012 - 2019. The 

FAA Aviation System Performance Metrics (ASPM) provides annual unimpeded taxi-out 

time for each airport. However, this data is only available for 2000 to 2013, with an overlap 

of 2012 and 2013 in the sample period. For the unimpeded taxi-out time from 2014 to 2019, 

this study uses each airportôs average unimpeded taxi-out time in 2012 and 2013 as the 

estimate for 2014 - 2019.142 This approach assumes that each airportôs unimpeded taxi-out 

 
140 One issue with this data is that when an aircraft departs from the gate ahead of schedule, the 

system records it as having zero delayed minutes instead of negative values. This leads to an overestimation 

of coefficient ‍  in Equation 4.10, resulting in an overestimation of the marginal departure external cost 

caused by the delay in Equation 4.12. 
141 One possible scenario is that if an aircraft remains at the gate due to runway congestion and does 

not taxi out, the time wasted during this period might be incorrectly classified as delay instead of congestion. 

Since the calculation of taxi-out time starts from the gate-out, this period of time will not be double-counted 

as congestion, avoiding the issue of duplicate calculations. However, this misclassification can lead to an 

overestimation of delayed minutes and an underestimation of congestion minutes, resulting in an 

overestimation of the marginal external cost associated with delay and an underestimation of the marginal 

external cost associated with congestion. 
142 An alternative method is to use the average unimpeded taxi-out times for each airport during 

2000 ï 2013 as the estimates for 2014 ï 2019. On the one hand, this requires a stronger assumption that the 

unimpeded taxi-out times during 2014 ï 2019 are similar to 2000 ï 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 2014 - 2019 and is equal to the 2013 value. Based 

on the data from 2000 - 2013, there was minimal variation in unimpeded taxi-out times 

among the 50 sample airports from year to year, which supports the assumption.143 This 

study measures congestion by calculating the average extra taxi-out time for each airport 

each year, which is the difference between the average taxi-out time and the unimpeded 

taxi-out time.  

In addition, the measure for airport air pollution is the annual average Air Quality 

Index (AQI) for the county where the airport is located.144, 145 The U.S. Environmental 

Protection Agency (EPA) is the source for the AQI data. AQI ranges from 0 to 500, and 

lower values indicate better air quality. The EPA classifies air quality into six levels 

according to AQI values: good (0-50), moderate (51-100), unhealthy for sensitive groups 

(101-150), unhealthy (151-200), very unhealthy (201-300), and hazardous (301 and 

higher). An alternative approach to measuring air pollution is to focus on airport-specific 

pollutants. However, this method does not necessarily offer a better measure for air 

pollution than the AQI. According to Riley et al. (2021), most studies on U.S. airports 

identify carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2) as the 

three major airport pollutants. However, no evidence suggests which one is the most 

predominant pollutant. EPA calculates AQI using these three pollutants, along with 

ground-level ozone and particle pollution. Consequently, the AQI is a composite measure 

 
143 For 2000 ï 2013, the standard deviation of unimpeded taxi-out minutes across years is 0.23, and 

the mean value is 11 minutes. 
144 AQI data is available at the county level and core-based statistical area (CBSA) level. AQI data 

at a narrower geographic scale, such as city level, is unavailable. According to the Office of Management 

and Budget (OMB), a CBSA includes one or more counties, indicating that a CBSA is often bigger than a 

county. Consequently, the study utilizes county-level AQI data instead of CBSA level data.  
145 Since Kansas City International Airport (MCI) locates in Platte County, Missouri, which lacks 

AQI data, the study uses the AQI data from Clay County, Missouri, the closest county. 
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considering all three major airport pollutants. While county-level data available for each 

pollutant, utilizing the single pollutant data at the same level is not necessarily better than 

using the AQI composite including all three pollutants. 

 

Figure 4.3: Year trends for delayed time, extra taxi-out time, and AQI, 50 U.S. airports, 

2012 - 2019 

As shown in Table C.3, on average, a departure experiences a 12-minute delay at 

the gate, followed by a 4-minute extra taxi-out compared to a no-congestion situation 

before takeoff. The standard deviations of delay and congestion, both across years and 

airports, are small, indicating similarities in delay and congestion among different airports 

and over different years. The average AQI in the sample airports is 50, which is the 

boundary value between ñgoodò and ñmoderateò air quality. The high standard deviation, 

11, shows the variations among the sample airports. Notably, Table C.4 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 trends in Figure 4.3, both delay and congestion increased 

during the sample period, while AQI declined, showing the efforts of the government and 

airports on environmental protection, as well as the technological improvement in reducing 

airport-related pollution. Furthermore, as shown in Figure 4.4, delay, congestion, and air 

pollution all have positive sample relationships with departures, with congestion 

demonstrating a stronger relationship. 

As illustrated in Equation 4.12 and Equation 4.16, the calculations of marginal 

departure external costs require data on the value of time per departure. The U.S. 

Department of Transportationôs 2016 Revised Value of Travel Time Guidance provides 

estimates for the value of travel time, specifically for all purposes air travel, which is $47.10 

per person-hour in 2015$. Adjusting for the inflation and converting to the per-minute 

value yields $0.75 per person-minute in 2012$. Equation 4.11 requires the average number 

of passengers per departure to convert the value of travel time per passenger per minute to 

the value of travel time per departure per minute. The BTS T-100 Segment provides data 

on annual passenger enplanement as well as the annual departures for each airport, enabling 

the calculation of passengers per departure at each airport. As in Equation 4.11, multiplying 

passengers per departure by the value of time per passenger-minute gives the value of time 

per departure per minute for each airport. As shown in Table C.3, during the sample period, 

the average value of time per departure per minute is $72, with a standard deviation of $16. 

The mean value for large hubs ($78) is higher than for medium hubs ($65), as shown in 

Table C.4. 
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Figure 4.4: Delayed time/Extra taxi-out time/AQI versus departures, 50 U.S. airports, 

2012 - 2019 
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In order to calculate the marginal departure external cost associated with air 

pollution, Equation 4.18 requires an estimate for health costs per one-point increase in 

annual average AQI. Chen and Chen (2021) shows that a 1% increase in the 180-day 

average AQI results in an 87% increase in monthly health expenditures per person. Based 

on their studyôs sample mean values for AQI (86) and health expenditures (RMB 456 in 

2015$), an increase of 0.86 points in the 180-day average AQI would lead to an increase 

of RMB 397 (63 USD) per person per month in health expenditures in 2015$, which is 

equal to an annual increase of $724 in 2012$. Since Chen and Chen (2021) does not 

estimate the impact of the 365-day average AQI (i.e., annual average AQI) on health 

expenditures, this paper assumes that its effect is the same as the 180-day average AQI.146 

Therefore, a one-point increase in the annual average AQI would result in an increase of 

$842 in annual health expenditures per person in 2012$, i.e., 

   

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

full -time employees at each airport each year, as required in Equation 4.18. 

4.4.3 Landing Fee 

The study uses the landing fee per aircraft as the price for departure. FAA defines 

landing fees as charges on aircraft owners and operators for using runways, runway 

protection zones, clearways, and landing strips. The landing fee revenue data is from FAA 

CATS. To maintain consistency with the types of departures, the landing fee revenue in 

 
146 Chen and Chen (2021) estimates the effects of 1-day, 7-day, 30-day, 60-day, 90-day, and 180-

day average AQI on monthly health expenditures per person, respectively. Except for the coefficient on 1-

day AQI, which is statistically insignificant, all other coefficients are statistically significant, and the values 

increase with the number of days. Therefore, the effect of the annual average AQI on monthly health 

expenditures per person may be greater than that of the 180-day average AQI, leading to the underestimation 

of the marginal external cost associated with air pollution. 
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this study includes landing fees for passenger airlines, cargo operations, and general 

aviation and military operations.147 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, respectively. Dividing the landing fee revenue by the number of 

departures gives the landing fee per aircraft.148 Furthermore, the study converts the landing 

fees per aircraft to real values based on 2012$ using the GDP deflator. As shown in Table 

C.3, the average landing fee per aircraft in the sample is $380, with a large standard 

deviation ($263), indicating substantial differences in landing fees across airports. 

Moreover, as summarized in Table C.4, large hubs have an average landing fee per aircraft 

of $441, which is significantly higher than medium hubs, $310. 

4.5 Empirical Results 

4.5.1 Marginal Private Cost per Departure 

Table 4.1 presents the iterative seemingly unrelated regression equations (ITSUR) 

estimation results for the translog cost function, Equation 4.2. The study estimates the 

translog cost function jointly with cost share functions, Equation 4.6, as a system, and drops 

the cost share for contractual services before the estimation. The model fits the data well 

 
147 Due to the lack of disaggregated data on departures by type, the study is unable to calculate the 

landing fee per aircraft for each type of departure. 
148 When an aircraft departs from an airport, it generates a departure, while its previous arrival at the 

airport must have generated an arrival. This means that, theoretically, each departure has a preceding arrival 

at any airport. Therefore, this study assumes that for each airport, the numbers of arrivals and departures 

should theoretically be equal, which are also equal to the number of aircraft operated at each airport. The 

study uses the arrivals and departures data at 50 sample airports from 2012 to 2019 to test this assumption. 

The average number of departures per year per airport was higher than arrivals by 154, which is only 0.01% 

of the sample average annual departures, 0.12 million. The reasons for the difference may be the addition of 

new aircraft (as the new aircraft only generates departure when having the first flight at the assembly airport 

and does not have preceding arrivals) and statistical errors (the data do not record certain arrivals). Therefore, 

the data supports the assumption. 
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with an R-squared value of 0.953. Chapter 2 and Chapter 3 have a detailed discussion of 

the properties and implications of the translog cost function. The primary purpose of 

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

per departure. According to Equation 4.7, the study calculates each observationôs marginal 

private cost per departure. As presented in Table 4.5, the enumerated sample mean of the 

marginal private cost per departure is $379.149 

4.5.2 Marginal External Cost per Departure 

Table 4.2 present the fixed effects estimation results for the average time delay 

model, Equation 4.10, the average time congestion model, Equation 4.15, and the average 

AQI model, Equation 4.19. Regarding delay and congestion, the coefficients on departures 

in Panel A and Panel B are both statistically significant at 0.1%. The values of ‍  and 

‍  are 0.0000225 and 0.0000371, respectively, suggesting that an additional 

departure leads to an increase of 0.0000225 minutes in average delay time at the gate and 

an increase of 0.0000371 minutes in average extra taxi-out time on the runway for other 

flights. Regarding air pollution, the coefficient on departures in Panel C, ‍ , is 

0.0000298, with a p-value of 0.109, suggesting that an additional departure leads to an 

increase of 0.0000298 in the annual average AQI.  

 

 
149 According to the marginal cost pricing theory, the marginal private cost per departure in this 

study serves as a reference for the airportôs pricing 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 values in the data. Previously, the sample mean was $298. 
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Table 4.1: ITSUR estimation results of translog cost function without negative attributes 

(output model), 50 U.S. airports, 2012 ï 2019 

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|) 

Departures 0.106 0.137 
Operations price ³ 

departures 
0.078 0.000 

Workload 0.259 0.001 
Operations price ³ 

workload 
-0.041 0.024 

Non-aeronautical 

revenue 
0.589 0.000 

Operations price ³ non-

aeronautical revenue 
-0.052 0.000 

Labor price 0.400 0.000 Runway ³ departures 0.097 0.555 

Operations price 0.249 0.000 Runway ³ workload -0.391 0.030 

Runway 0.011 0.758 
Runway ³ non-aeronautical 

revenue 
0.228 0.022 

Departures2 0.178 0.722 
Labor price ³ operations 

price 
0.009 0.137 

Workload units2 0.886 0.017 Runway ³ labor price 0.090 0.000 

Non-aeronautical 

revenue2 
-0.152 0.281 Runway ³ operations price 0.045 0.000 

Labor price2 0.062 0.000 Year 2013 -0.006 0.875 

Operations price2 0.267 0.503 Year 2014 0.017 0.663 

Runway2 0.483 0.000 Year 2015 -0.016 0.677 

Departures ³ workload -0.612 0.152 Year 2016 -0.020 0.610 

Departures ³ non-

aeronautical revenue 
-0.006 0.967 Year 2017 -0.019 0.637 

Workload ³ non-

aeronautical revenue 
0.203 0.035 Year 2018 -0.009 0.819 

Labor price ³ 

departures 
0.007 0.771 Year 2019 -0.023 0.559 

Labor price ³ 

workload 
-0.024 0.285 Airport 0.002 0.045 

Labor price ³ non-

aeronautical revenue 
-0.043 0.001 (Intercept) 18.875 0.000 

1. 1. Number of observations: 1,188; R2 = 0.953; Estimation results of Equation 4.2 with three positive 

outputs. 

2. 2. All variables reported in this table are in log form, except for the airport effect and year-fixed effects. 
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Table 4.2: Fixed-effects estimation results for negative externality models 

Panel A. Delay 

Dependent variable: Average 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 model includes airport fixed effects; 2012 is the reference year. 

   

Panel B. Congestion 

Dependent variable: Average extra taxi-out minutes 

Variable Coefficient P>| t | 

Departures 0.0000371 0.000 

Year   

2013 0.4068984 0.002 

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 year. 

 

Panel C. Air pollution 

Dependent variable: Average AQI 

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 year. 
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Table 4.3: Summary of marginal social cost calculations, delay and congestion, full 

sample, 2012 ï 2019 

Variable # of Obs. Mean Std. Dev. Min  Max 

Panel A. ♫▀▄■╪◐ in Equation 4.10 and ♫╬▫▪▌▄▼◄░▫▪ in Equation 4.15 

‍  400 0.0000225 - - - 

‍  400 0.0000371 - - - 

      

Panel B. ╣▫◄╪■ ◄░□▄ ◌╪▼◄▄ ╬╪◊▼▄▀ ╫◐ ╪▪ ╪▀▀░◄░▫▪╪■ ▀▄▬╪►◄◊►▄
 ♫▀▄■╪◐ ▫► ♫╬▫▪▌▄▼◄░▫▪╓▄▬╪►◄◊►▄▼ 

Total time waste 

associated with delay 
400 3 mins 2 mins 1 min 10 mins 

Total time waste 

associated with 

congestion 

400 5 mins 4 mins 1 min 17 mins 

Total time waste 

(sub-total) 
400 8 mins 6 mins 1 min 27 mins 

      

Panel C. 

╜╪►▌░▪╪■ ▀▄▬╪►◄◊►▄ ▄●◄▄►▪╪■ ╬▫▼◄ ╪▼▼▫╬░╪◄▄▀ ◌░◄▐ ▀▄■╪◐ ╬▫▪▌▄▼◄░▫▪

 ♫▀▄■╪◐▫► ♫╬▫▪▌▄▼◄░▫▪╓▄▬╪►◄◊►▄▼╥╪■◊▄ ▫█ ◄░□▄ ▬▄► ▀▄▬╪►◄◊►▄ ▬▄► □░▪◊◄▄ 

Marginal external 

cost associated with 

delay 

400 $216 $181 $31 $909 

Marginal external 

cost associated with 

congestion 

400 $357 $299 $51 $1,498 

 

All three models include year-fixed effects with 2012 as the base year. Table 4.2 

shows that the coefficients on year-fixed effects in delay and congestion models are 

positive, while those in the air pollution model are negative. The year-fixed effect 

coefficients in all three models have p-values of 0.000 (except for the 2013 dummy in Panel 

B with a p-value of 0.002). This suggests that compared to 2012, the levels of delay and 

congestion increased, while the air quality improved, during 2013 ï 2019, for the same 

departure level. The difference of the coefficients on year-fixed effects allows for 

comparing the levels of delay and congestion between any two years at the same departure 

level. The delay shows an overall increasing trend with some improvements from 2014 to 
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2016, and congestion shows a continuous upward trend. In addition, the air quality 

continuously improved during the sample period. These findings are consistent with the 

conclusions based on sample statistics presented in Figure 4.3. 

Although Table 4.2 indicates that the impact of an additional departure on average 

delayed minutes and extra taxi-out minutes are relatively small, it shows significant 

negative externalities for the society caused by delay and congestion when multiplied by 

the total number of departures at sample airports. According to the enumerated sample 

means in Table 4.3 Panel B, on average, an additional departure leads to an increase of 3 

minutes in total gate delay and an increase of 5 minutes in total extra taxi-out time for 

sample airports, indicating a stronger effect of departure on congestion compared to that 

on delay. Furthermore, at Hartsfield-Jackson Atlanta International Airport in 2012 (ATL, 

Georgia, large), an additional departure led to an increase of 10 minutes and 17 minutes in 

total gate delay and extra taxi-out time, respectively, which are the sampleôs highest values. 

On the other hand, at Burbank-Glendale-Pasadena Airport in 2014 (BUR, California, 

medium), an additional departure only led to an increase of 1 minute each in total gate 

delay and extra taxi-out time, respectively, which are the sample lowest values. Using 

Equation 4.12 and Equation 4.16 derived from Section 4.3.2, the study calculates the 

marginal departure external cost caused by delay and congestion for each airport each year. 

As reported in Table 4.3 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, $216, indicating that runway congestion is a more severe problem from the social 

perspective compared to delay. The interpretation of the results in Table 8 is that adding 

one additional departure on an average day would lead to an additional 3-minute gate delay 
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for all other flights in total on that day, resulting in a delay external cost of $216.150 

Moreover, there would be an additional 5-minute taxi-out time on the runway for all other 

flights in total on that day, leading to a congestion external cost of $357. 

Table 4.4: Summary of marginal social cost calculations, air pollution, full sample, 2012 

ï 2019 

Variable # of Obs. Mean Std. Dev. Min  Max 

Panel A. ♫▬▫■■◊◄░▫▪ in Equation 4.19 (the change in annual average AQI caused by an 

additional departure) 

‍  400 0.0000298 - - - 

      

Panel B. 

═░►▬▫►◄ ╣▫◄╪■ ▐▄╪■◄▐ ╬▫▼◄ ╬╪◊▼▄▀ ╫◐ ▫▪▄ ▬▫░▪◄ ░▪╬►▄╪▼▄ ░▪ ╪▪▪◊╪■ ╪○╪▄►╪▌▄ ═╠╘ 

 ╝◊□╫▄► ▫█ ╪░►▬▫►◄ ▄□▬■▫◐▄▄▼ 
⸗▐▄╪■◄▐ ▄●▬▄▪▀░◄◊►▄ ▬▄► ▄□▬■▫◐▄▄

⸗╪○▄►╪▌▄ ═╠╘
 

Number of airport 

full -time employees 
396 606 543 110 3597 

Marginal effect of 

average AQI on annual 

health expenditure per 

employee (2012$) 

- $842 - - - 

Airport annual total 

health cost caused by 

a one-point increase 

in annual average 

AQI (2012$) 

396 $510,202 $457,564 $92,620 
$3,028,67

4 

      

Panel C. ╜╪►▌░▪╪■ ▀▄▬╪►◄◊►▄ ▄●◄▄►▪╪■ ╬▫▼◄ ╪▼▼▫╬░╪◄▄▀ ◌░◄▐ ╪░► ▬▫■■◊◄░▫▪

╝◊□╫▄► ▫█ ╪░►▬▫►◄ ▄□▬■▫◐▄▄▼ 
⸗▐▄╪■◄▐ ▄●▬▄▪▀░◄◊►▄ ▬▄► ▄□▬■▫◐▄▄

⸗╪○▄►╪▌▄ ═╠╘
♫▬▫■■◊◄░▫▪ 

Marginal external 

cost associated with 

air pollution (2012$) 

396 $15 $13 $3 $90 

 

Based on Table 4.2 Panel C (also presented in Table 4.4 Panel A), an additional 

departure has a minimal impact on the annual average Air Quality Index (AQI). As 

discussed in Section 4.3.2, a one-point increase in AQI leads to an annual health 

 
150 Please note that it does not mean that each flight will have a 3-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 airport employee. From Table 4.4 Panel B, multiplying 

$842 by the number of airport full -time employees per year gives the airport annual total 

health expenditure increase of $510,202, on average, resulting from a one-point increase 

in AQI. Since one additional departure only causes an increase of 0.0000298 points in AQI, 

it would only incur an average marginal external cost of $15, as reported in Table 4.4 Panel 

C. The interpretation of the results in Table 4.4 is that one additional departure leads to an 

increase in the airportôs AQI, resulting in an increase of $15 in the annual health 

expenditures of all airport employees in total. Brady International Airport (BDL, 

Connecticut, medium) had the sample lowest marginal external cost of $3 in 2012, while 

Los Angeles International Airport (LAX, California, large) had the highest marginal 

external cost of $90 in 2019.  

Table 4.5: Summary of marginal private cost, marginal social cost, and landing fee, per 

departure, full sample, 2012 ï 2019 

Variable # of Obs. Mean Std. Dev. 

Full sample (2012$) 

Marginal private cost 396 $379 $375 

Marginal 

external cost 

Delay 400 $216 $181 

Congestion 400 $357 $299 

Air pollution 396 $15 $13 

Sub-total 396 $591 $492 

Marginal social cost 396 $970 $341 

Landing fee 400 $380 $263 

 

Table 4.5 summarizes the calculation results of marginal external costs. On 

average, the marginal departure external cost associated with negative externalities is $591. 

The marginal external costs associated with delay and congestion on average are $216 and 

$357, respectively, which are significantly higher than air pollution, $15. Hartsfield-

Jackson Atlanta International Airport had the highest marginal departure external cost of 
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$2,440 in 2019, while Memphis International Airport had the lowest value of $89 in 2014. 

Figure 4.5 illustrates the trends of marginal departure external costs associated with delay, 

congestion, and air pollution over the sample period. Delay and congestion external costs 

exhibited steady upward trends over the sample period. The marginal external cost caused 

by congestion is consistently higher than delay, and the gap between them is relatively 

stable. The air pollution external cost is mainly unchanged during the sample period and is 

significantly lower than the other two external costs. 

 

Figure 4.5: Marginal external cost associated with delay, congestion, and air pollution, 

per departure, full sample, 2012 ï 2019 

Table 4.5 illustrates that the marginal external cost is much larger than the marginal 

private cost. On average, the marginal external cost per departure is $591, 1.5 times the 
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marginal private cost per departure, $379. Figure 4.6 shows the trends of these two costs 

over the sample period. The marginal external cost exhibits an overall upward trend, while 

the marginal private cost exhibits a downward trend. The former is consistently higher than 

the latter, and their difference continues to increase. 

 

Figure 4.6: Marginal private and external costs per departure, full sample, 2012 ï 2019 

4.5.3 Marginal Social Cost per Departure 

According to Equation 4.20, the study calculates the marginal social cost per 

departure for each airport each year. As presented in Table 4.5, the enumerated sample 

mean for the marginal social cost per departure is $970. The Hartsfield-Jackson Atlanta 

International Airport had the sample highest value of $2,440 in 2019, while Memphis 
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International Airport had the lowest value of $89 in 2014. As summarized in Table 4.5, it 

is easy to compare the marginal private cost/marginal social cost with the landing fee per 

aircraft. On the one hand, assuming that sample airports 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 marginal private cost per departure to 

achieve pricing efficiency from the 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. This indicates that, within the sample period, on average, 

the pricing strategy of sample airports is consistent with marginal private cost pricing. On 

the other hand, on average, the landing fee ($380) is much lower than the marginal social 

cost per departure ($970). This implies that, on average, sample airports do not set their 

prices based on marginal social costs and do not internalize external costs. 

Figure 4.7 visually illustrates the trends for marginal private cost, marginal social 

cost, and landing fee within the sample period. Consistent with Figure 4.6, the marginal 

private cost has a decreasing trend. However, the upward trend for the marginal external 

cost leads to that the marginal social cost stays stable and slightly increases in the sample 

period. In addition, the landing fee remains constant. Comparing the marginal private cost 

and the landing fee shows that the landing fee was initially lower than the marginal private 

cost in 2012 - 2014. This suggests that sample airports do not charge sufficient landing fees 

to cover the marginal private costs, which is pricing inefficient even from the private 

perspective. The two nearly align in 2015 and 2016 due to the continuous decrease in 

marginal private cost, suggesting pricing efficiency from the private perspective. After 

2016, the landing fee remains steady as the marginal private cost further declined, leading 
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to the landing fee higher than the marginal private cost. This suggests that sample airports 

internalize part of the marginal external cost. In 2019, the sample average landing fee was 

$394, higher than the marginal private cost ($323) by $71, around 11% of the marginal 

external cost ($667). 

 

Figure 4.7: Marginal social cost, marginal private cost, and landing fee, per departure, 

full sample, 2012 ï 2019 

On the other hand, comparing the marginal social cost and the landing fee shows 

that the landing fee is consistently lower than the marginal social cost. Before 2016, the 

sample airports did not internalize the marginal external costs caused by negative 

externalities. Although starting in 2016, the landing fee begins to internalize part of the 

marginal external cost, the extent of internalization is far from sufficient. The departure 
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pricing by sample airports is inefficient throughout the sample period from the social 

perspective.  

In summary, in the sample period, the departure pricing of the sample airports is 

inefficient even from a private perspective before 2015, less than the marginal private cost. 

It becomes efficient from the private perspective, equal to the marginal private cost during 

2015 and 2016. After 2016, the landing fee exceeds the marginal private cost and 

internalizes marginal external costs to some extent. In addition, since the landing fee 

remains stable throughout the sample period, it is unclear whether internalizing marginal 

external cost after 2016 is a proactive decision by sample airports or a passive result due 

to the decreasing marginal private cost. 

This paper further analyzes the pricing efficiency of each airport by calculating the 

absolute difference between the landing fee and the marginal departure social cost. The 

closer the landing fee is to the marginal departure social cost, the more pricing efficient the 

airport is from the social perspective. A large difference between the landing fee and the 

marginal departure social cost ï no matter which one is higher - indicates pricing 

inefficiency. The sample average absolute difference between the landing fee and the 

marginal departure social cost is $626 with a standard deviation of $350. This suggests a 

significant gap between the current landing fees and the efficient price levels, as well as 

significant variation in pricing efficiency among airports. 

The sampleôs lowest absolute difference was from Lambert-St Louis International 

(STL, Missouri, medium) in 2015. The landing fee ($752) was higher than the marginal 

departure social cost ($716) by $36. In contrast, the highest value was from Hartsfield-

Jackson Atlanta International (ATL, Georgia, large) in 2019. The landing fee ($107) was 
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lower than the marginal departure social cost ($2,440) by $2,333. Moreover, based on the 

average absolute difference for each airport in 2012 - 2019, the study analyzes the pricing 

efficiency of sample airports. The most pricing-efficient airport is Lambert-St Louis 

International (STL), with an average absolute difference of $83. In contrast, the most 

pricing-inefficient airport is Hartsfield-Jackson Atlanta International (ATL), with an 

average absolute difference of $2,161. In addition, Lambert-St Louis International (STL, 

Missouri, medium), LaGuardia (LGA, New York, large), and Baltimore-Washington 

International (BWI, Maryland, large) are the three most pricing-efficient airports in the 

sample. In contrast, Hartsfield-Jackson Atlanta International (ATL, Georgia, large), 

Dallas/Fort Worth International (DFW, Texas, large), and Chicago OôHare International 

(ORD, Illinois, large) are the three most pricing-inefficient airports. 

4.5.4 Sub-Sample Analysis 

This study conducts two sub-sample analyses based on hub size and cargo/non-

cargo airports to analyze the differences across different types of airports. 

4.5.4.1 Sub-Sample Analysis by Hub Size 

The study divides the full sample into large and medium hubs based on hub size. 

Table 4.6 presents the marginal private cost, marginal external cost, marginal social cost, 

and landing fee for large and medium hubs. The study summarizes the following findings: 

(1) The marginal external cost associated with congestion is higher than the 

delay for both types of airports. However, the difference is $220 for large hubs, much 

higher than that for medium hubs, $48. Although the marginal external cost associated with 

air pollution is significantly lower than the other two negative externalities for both types 
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of airports, the mean value for large hubs ($21) is higher than for medium hubs ($8) by 

$13. 

(2) Large hubs have lower mean marginal private cost ($99) and higher mean 

marginal external cost ($920), while medium hubs have higher mean marginal private cost 

($708) and lower mean marginal external cost ($205). This ultimately leads to similar 

marginal social costs for both types of airports, with large hubs ($1,019) slightly higher 

than medium hubs ($912) by $107 on average. 

(3) Large hubs have an average landing fee of $441, higher than medium hubs, 

$310. On average, the landing fee for large hubs is significantly higher than the marginal 

private cost but is still much lower than the marginal social cost. This indicates that 

although large hubs internalize part of the marginal external costs, the extent is still 

insufficient, leading to pricing inefficiency from the social perspective. On average, the 

landing fee for large hubs is higher than the marginal private cost by $342, representing 

37% of the marginal external cost ($920). On the other hand, on average, the landing fee 

for medium hubs is much lower than the marginal private cost, showing pricing 

inefficiency even from the private perspective. 

Figure 4.8 visually demonstrates the trends for large and medium hubs during the 

sample period. The study has the following findings: 

(1) The marginal social cost for large hubs exhibits an upward trend, while it 

shows a downward trend for medium hubs. 

(2) Consistent with Table 4.6, on average, the landing fee for large hubs is 

consistently higher than the marginal private cost but lower than the marginal social cost 

in the sample period. This indicates that large hubs internalize part of the external costs, 



 204 

about 37% on average, but the effort is still insufficient. On the other hand, the landing fee 

for medium hubs is lower than the marginal private cost throughout the entire sample 

period, suggesting continuous pricing inefficiency. 

(3) Consistent with the full sample, the landing fees for both types of airports 

are relatively stable during the sample period, suggesting that airports may not actively 

adjust the landing fees to achieve more efficient pricing. 

Table 4.6: Summary of marginal private cost, marginal social cost, and landing fee, per 

departure, by hub size, 50 U.S. airports, 2012 ï 2019 

Variable # of Obs. Mean Std. Dev. 

Full sample 

Marginal private cost 396 $379 $375 

Marginal 

external cost 

Delay 400 $216 $181 

Congestion 400 $357 $299 

Air pollution 396 $15 $13 

Sub-total 396 $591 $492 

Marginal social cost 396 $970 $341 

Landing fee 400 $380 $263 

 

Large hubs 

Marginal private cost 214 $99 $128 

Marginal 

external cost 

Delay 214 $339 $169 

Congestion 214 $559 $278 

Air pollution 214 $21 $16 

Sub-total 214 $920 $383 

Marginal social cost 214 $1,019 $372 

Landing fee 214 $441 $323 

 

Medium hubs 

Marginal private cost 182 $708 $295 

Marginal 

external cost 

Delay 186 $75 $27 

Congestion 186 $123 $45 

Air pollution 182 $8 $3 

Sub-total 182 $205 $72 

Marginal social cost 182 $912 $275 

Landing fee 186 $310 $140 
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Figure 4.8: Sub-sample analysis by hub size, 50 U.S. airports, 2012 ï 2019 
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Table 4.7: Summary of marginal private cost, marginal social cost, and landing fee, per 

departure, by cargo and non-cargo airports, 50 U.S. airports, 2012 ï 2019 

Variable # of Obs. Mean Std. Dev. 

Full sample 

Marginal private cost 396 $379 $375 

Marginal 

external cost 

Delay 400 $216 $181 

Congestion 400 $357 $299 

Air pollution 396 $15 $13 

Sub-total 396 $591 $492 

Marginal social cost 396 $970 $341 

Landing fee 400 $380 $263 

 

Cargo airports 

Marginal private cost 237 $167 $247 

Marginal 

external cost 

Delay 237 $297 $193 

Congestion 237 $490 $319 

Air pollution 237 $20 $16 

Sub-total 237 $806 $523 

Marginal social cost 237 $974 $412 

Landing fee 237 $405 $297 

 

Non-cargo airports 

Marginal private cost 159 $695 $305 

Marginal 

external cost 

Delay 163 $99 $57 

Congestion 163 $163 $94 

Air pollution 159 $8 $4 

Sub-total 159 $270 $155 

Marginal social cost 159 $965 $191 

Landing fee 163 $344 $199 
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Figure 4.9: Summary of marginal private cost, marginal social cost, and landing fee, per 

departure, by cargo and non-cargo airports, 50 U.S. airports, 2012 ï 2019 
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4.5.4.2 Sub-Sample Analysis by Cargo Airports and Non-Cargo Airports 

FAA defines cargo service airports as those that handle over 100 million pounds of 

direct annual cargo volume. An airport can simultaneously be a commercial service airport 

and a cargo service airport. In recent years, cargo airports generally have both high 

passenger and cargo volumes, suggesting a close connection between cargo and passenger 

transportation. 78% of the cargo airports in the sample are large hubs, while 83% of the 

non-cargo airports are medium hubs, suggesting overlaps between large hubs and cargo 

airports, as well as between medium hubs and non-cargo airports.  

Table 4.7 summarizes the marginal private cost, marginal external cost, marginal 

social cost, and landing fee for cargo and non-cargo airports. The comparison between 

cargo and non-cargo airports suggests both similarities and some differences with the 

comparison between large and medium hubs: 

(1) Consistent with the previous findings, the marginal external cost caused by 

congestion is much higher than delay. The difference is $193 for cargo airports and $64 for 

non-cargo airports. The air pollution external cost is very small for both types of airports 

compared to the other two negative externalities. 

(2) On average, cargo airports have lower marginal private costs ($167) and 

higher marginal external costs ($806), while non-cargo airports have higher marginal 

private costs ($695) and lower marginal external costs ($270). This ultimately leads to very 

close marginal social costs for both types of airports. 

(3) Cargo airports have an average landing fee of $405, higher than that for 

non-cargo airports, $344. However, the difference between the two values ($61) is smaller 

than between large and medium hubs ($131). On average, the landing fee for cargo airports 
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is higher than the marginal private cost by $238, suggesting that cargo airports internalize 

30% of the marginal external cost, which is slightly lower than large hubs. In contrast, the 

landing fee for non-cargo airports is lower than the marginal private cost by $351 on 

average. Although non-cargo airports are pricing inefficient even from the private 

perspective, they are slightly more pricing efficient than medium hubs. 

Figure 4.9 displays the trends for the sample period, which are consistent with the 

conclusions from Table 4.7. The characteristics of cargo and non-cargo airports are similar 

to large and medium hubs. However, the difference between cargo and non-cargo airports 

is generally smaller than between large and medium hubs. The reason is that cargo airports 

have a higher proportion of cargo operations than large hubs, leading to lower marginal 

external costs associated with passengers (delay and congestion). On the other hand, non-

cargo airports have a higher proportion of passenger operations than medium hubs, 

resulting in higher marginal external costs associated with passengers. 

4.6 Discussion 

The results provide several policy implications. Firstly, policymakers should 

develop appropriate policies that encourage airports to internalize the marginal departure 

external costs associated with negative externalities and raise landing fees to a level that 

can cover the marginal departure social cost, thereby achieving pricing efficiency from the 

social perspective. One solution would be to apply a corrective tax on landing fees equal 

to the marginal departure external cost. Secondly, since the corrective tax approach would 

result in a high tax level and deadweight losses based on the findings of this study, a more 

desirable approach would be to implement policies that incentivize airports to adjust their 

pricing structures for landing fees. Currently, the landing fee is determined by aircraft 
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weight (e.g., $5.90 per 1,000 pounds). Policymakers should incentivize airports to closely 

relate the landing fees to the negative externalities caused by aircraft, such as delay, 

congestion, and air pollution. This approach would not only enable landing fees to cover 

marginal social costs but also effectively incentivize airlines to reduce negative 

externalities. Thirdly, pricing at medium hubs is more inefficient than at large hubs. 

Therefore, relevant policies should prioritize medium hubs. Fourthly, among the negative 

externalities caused by departures, runway congestion results in the highest external cost. 

To reduce the external costs associated with congestion, policymakers can incentivize 

airports and airlines to assign flights during peak and off-peak hours more effectively. In 

addition, policymakers can offer funding and resources to actively encourage airport 

runway expansion and other infrastructure development to reduce congestion. 

The study has several limitations. Firstly, the study focuses on negative externalities 

and external costs. However, airport operations also have positive externalities, such as 

creating more jobs, contributing to economic growth, promoting tourism, and facilitating 

investments (Button, 1999; Cavers, 2003; Green, 2007; Lu, 2011; Maertens, 2019). One 

limitation of this study is the lack of quantifying the external benefits resulting from these 

positive externalities. Therefore, the calculated marginal departure social cost may be 

overestimated.  

Secondly, not all external costs caused by negative externalities are external. 

Several studies (Brueckner, 2002; Brueckner, 2021, 2022) indicate that the negative 

externalities are not entirely within the control of airports, and passengers and airlines may 

internalize some of these external costs. For example, Brueckner (2002) shows that a 

monopolistic airline in an airport would change ticket prices to fully account for the 
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congestion related time losses and costs imposed on passengers and their operating costs. 

Even in an oligopoly situation, airlines may internalize the congestion external costs they 

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. Also, the model 

assumes prices are exogenous. This study derives the labor price by dividing total labor 

costs by the total number of full-time employees, which raises endogeneity concerns since 

labor costs are part of total operating costs. At the same time, the results for labor in this 

study are similar to those in McCarthy (2016), which suggests endogeneity may not be a 

serious problem. Since input prices for general airport operations and contractual services 

are based on the price indexes rather than an airportôs cost data, endogeneity is less of a 

concern. 

Fourthly, both the models and the data used in this study have limitations. 

Regarding the models, the regression models ï Equation 4.10, Equation 4.15, and Equation 

4.17 - used to relate departures with delay, congestion, and air pollution may suffer from 

omitted variable bias. Although airport and year fixed effects can capture some factors 

influencing the dependent variables, the models may not control for enough variables, 

leading to potential errors in ‍ estimates and consequently in marginal social cost estimates. 

Regarding the data, since the dataset assigns the early departing flights with zero delayed 

time instead of negative values, this may lead to an overestimation of ‍ , thus 

overestimating marginal external costs associated with delay and marginal social costs. In 
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addition, the dataset may also misclassify the wait time at the gate due to runway 

congestion as delay instead of congestion, resulting in an underestimation of congestion 

external costs and an overestimation of delay external costs. However, this does not impact 

marginal social cost estimates. Moreover, the AQI data may not accurately measure air 

pollution at airports, leading to inaccurate estimates of marginal external costs associated 

with air pollution. Indeed, the estimate of the air pollution external cost in this study may 

lack accuracy and have the potential for improvement. However, the study still provides a 

comprehensive analysis of a relatively complete vector of negative externalities, including 

delay, congestion, and air pollution, and calculates the marginal departure social cost 

considering these factors.  

4.7 Conclusions 

In addition to facilitating peopleôs lives and economic growth, airport operations 

also generate negative externalities and external costs. Accurately estimating these 

negative externalities and calculating the social costs assists airports in setting departure 

prices at a socially efficient level. This paper calculates the marginal social cost per 

departure, considering the marginal external costs caused by delay, congestion, and air 

pollution. The study also analyzes whether the current landing fees cover marginal social 

costs per departure. The data includes 50 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 the marginal social cost using a broader sample and 

analyzing the pricing efficiency of current landing fees from the social perspective. 

The study has the following key findings. Firstly, departures can cause significant 

negative externalities and external costs. On average, an additional departure adds a total 
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of 3 minutes of gate delay and 5 minutes of taxi-out time to other flights at the airport. The 

marginal external costs associated with delay and congestion are $216 and $357, 

respectively. In addition, the marginal external cost caused by congestion is 1.7 times that 

of delay. The marginal external cost associated with air pollution, on average, is $15, lower 

than the other two negative externalities. The total marginal external cost caused by an 

additional departure, on average, is $591, 1.5 times the marginal private cost per departure. 

Secondly, the average marginal social cost of sample airports is $970. On average, 

the current landing fees just cover the marginal private costs but are far below the marginal 

social costs. This indicates that sample airports do not internalize the marginal external 

cost caused by negative externalities, resulting in pricing inefficiency from the social 

perspective. 

Thirdly, based on the trend over the sample period, on average, the landing fee was 

initially l ower than the marginal private cost, then equal to it, and ultimately higher than it. 

This shows a shift in departure pricing from private inefficiency to private efficiency, 

ultimately internalizing approximately 11% of the marginal external cost. However, from 

the social perspective, the sample airports are pricing inefficient throughout the sample 

period. Since the landing fee remains stable, it is unclear whether the internalization is the 

choice by sample airports or the passive result of the decline in the marginal private cost. 

Fourthly, the sub-sample analysis based on hub size suggests that large hubs have 

lower marginal private costs and higher marginal external costs, while medium hubs have 

the opposite pattern. On average, large hubsô marginal departure social cost is higher than 

medium hubs by $107. The landing fees of large hubs are higher than the marginal private 

costs but are consistently lower than the marginal social costs. Although large hubs 



 214 

internalize approximately 37% of the marginal external cost, the extent is still insufficient, 

leading to inefficient pricing from the social perspective. In contrast, the landing fees of 

medium hubs are consistently lower than the marginal private costs, suggesting pricing 

inefficiency even from the private perspective. In addition, the comparison between cargo 

and non-cargo airports is similar to that between large and medium hubs. 
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APPENDIX A.  SHORT-TERM MULTI -OUTPUT COST 

ANALYSIS OF U.S. AIRPORTS: A TRANSLOG COST FUNCTION 

APPROACH WITH NEGATIVE  ATTRIBUTES  

Table A.1: Airport list 

ID Airport Name  ID Airport Name  

27 large hubs 23 medium hubs 

ATL Hartsfield-Jackson Atlanta International ABQ Albuquerque International 

BOS General Edward Lawrence Logan AUS Austin-Bergstrom International 

BWI Baltimore-Washington International BDL Bradley International 

CLT Charlotte/Douglas International BNA Nashville International 

DCA Ronald Reagan Washington National BUR Burbank-Glendale-Pasadena 

DEN Denver International CLE Cleveland-Hopkins International 

DFW Dallas/Fort Worth International CMH Port Columbus International 

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 Jacksonville International 

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 Orleans International 

MCO Orlando International PBI Palm Beach International 

MDW Chicago Midway International PIT Pittsburgh International 

MIA  Miami International RDU Raleigh-Durham International 

MSP Minneapolis-St Paul International RSW Southwest Florida International 

ORD Chicago OôHare International SAT San Antonio International 

PDX Portland International SMF Sacramento Metro 

PHL Philadelphia International SNA John Wayne Airport 

PHX Phoenix Sky Harbor International STL Lambert-St Louis International 

SAN San Diego International   

SEA Seattle-Tacoma 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 during 

2013 ï 2019. 
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Table A.2: Data sources 

Variable Name Data Source Website 

Total variable costs Total operating costs 

Certification Activity 

Tracking System, 

Federal Aviation 

Administration (FAA) 

https://cats.airports.fa

a.gov/Reports/reports

.cfm 

Positive outputs 

Departures Number of departures 

T-100 Segment, Air 

Carrier Statistics (Form 

41 Traffic), Bureau of 

Transportation 

Statistics (BTS) 

https://www.transtats.

bts.gov/Fields.asp?gn

oyr_VQ=FMG 

Workload units 

Number of 

passengers + units of 

220 pounds of cargo  

T-100 Segment, Air 

Carrier Statistics (Form 

41 Traffic), BTS 

https://www.transtats.

bts.gov/Fields.asp?gn

oyr_VQ=FMG 

Non-aeronautical 

revenue 

Total non-

aeronautical revenue 

Certification Activity 

Tracking System, FAA 

https://cats.airports.fa

a.gov/Reports/reports

.cfm 

Negative attributes 

Delay 
Percentage of delayed 

flights 

Airline On-time 

Performance Data, BTS 

https://www.transtats.

bts.gov/Fields.asp?gn

oyr_VQ=FGJ 

Congestion Average taxi-out time 
Airline On-time 

Performance Data, BTS 

https://www.transtats.

bts.gov/Fields.asp?gn

oyr_VQ=FGJ 

Pollution 

County-level annual 

median Air Quality 

Index (AQI) 

Environmental 

Protection Agency 

https://aqs.epa.gov/aq

sweb/airdata/downloa

d_files.html#Annual 

Real input price indexes 

Labor price 
Airport-level average 

annual income  

Certification Activity 

Tracking System, FAA 

https://cats.airports.fa

a.gov/Reports/reports

.cfm 

General airport 

operations price 

State-adjusted PPI for 

general airport 

operations  

Series ID PCU48811-

48811-, PPI Databases, 

Bureau of Labor 

Statistics (BLS) 

https://www.bls.gov/

ppi/data.htm 

Contractual 

services price 

State-adjusted PPI for 

nonresidential 

building maintenance 

and repair 

Series ID 

PCU2381MR2381MR, 

PPI Databases, BLS 

https://www.bls.gov/

ppi/data.htm 

State-level price 

index 
State level CPI 

Consumer Price Index, 

BLS 

https://www.bls.gov/c

pi 

Quasi-fixed factor 

Runways 
Equivalent number of 

runways 
Airport data, FAA 

https://www.faa.gov/

airports/airport_safet

y/airportdata_5010/ 

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
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Table A.3: Descriptive statistics by year, 50 U.S. airports, 2012 - 2019 

Variables 2012 2013 2014 2015 2016 2017 2018 2019 

Costs (million 2012 $) 

Total operating costs 
161 

(150) 

164 

(151) 

170 

(160) 

178 

(175) 

185 

(173) 

188 

(171) 

192 

(177) 

204 

(190) 

Labor  
61  

(59) 

61 

(58) 

64 

(62) 

71 

(82) 

74  

(77) 

75 

(75) 

76  

(78) 

79  

(78) 

Contractual services 
56 

(55) 

58 

(57) 

61 

(59) 

61 

(61) 

64  

(60) 

67  

(62) 

69 

(65) 

74  

(70) 

General operations 
44 

(52) 

45  

(53) 

45  

(52) 

46  

(52) 

47  

(53) 

46  

(51) 

47 

(52) 

51  

(59) 

Cost shares 

Labor  
0.39 

(0.11) 

0.39 

(0.10) 

0.39 

(0.11) 

0.39 

(0.10) 

0.40 

(0.10) 

0.40 

(0.10) 

0.39 

(0.11) 

0.40 

(0.10) 

Contractual services 
0.35 

(0.12) 

0.35 

(0.12) 

0.36 

(0.12) 

0.35 

(0.13) 

0.36 

(0.12) 

0.36 

(0.12) 

0.37 

(0.14) 

0.37 

(0.13) 

General operations 
0.26 

(0.09) 

0.26 

(0.09) 

0.26 

(0.08) 

0.25 

(0.08) 

0.24 

(0.08) 

0.23 

(0.08) 

0.24 

(0.08) 

0.23 

(0.08) 

Average variable cost (2012 $) 

Per departure 
1,264 

(535) 

1,287 

(522) 

1,352 

(532) 

1,359 

(507) 

1,398 

(491) 

1,404 

(493) 

1,377 

(497) 

1,442 

(524) 

Per workload unit 
12.79 

(4.33) 

12.86 

(4.25) 

12.96 

(4.40) 

12.55 

(4.25) 

12.77 

(4.16) 

12.53 

(4.07) 

12.02 

(3.99) 

12.41 

(4.18) 

Per non-aeronautical 

revenue 

1.40 

(0.43) 

1.38 

(0.44) 

1.38 

(0.48) 

1.35 

(0.54) 

1.35 

(0.53) 

1.36 

(0.59) 

1.36 

(0.67) 

1.38 

(0.64) 

Real input price indexes (2012 = 100) 

Labor  
100.00 

(87.93) 

102.98 

(93.59) 

97.11 

(73.5) 

103.07 

(81.78) 

108.00 

(82.72) 

106.61 

(80.39) 

104.30 

(79.28) 

109.53 

(84.01) 

Contractual services 
100.22 

(5.32) 

100.33 

(5.22) 

100.63 

(5.20) 

101.60 

(5.74) 

102.10 

(5.70) 

102.42 

(6.41) 

102.13 

(6.80) 

102.96 

(6.42) 

General operations 
100.22 

(5.32) 

99.25 

(5.17) 

98.46 

(5.09) 

99.30 

(5.61) 

99.65 

(5.56) 

99.44 

(6.23) 

99.28 

(6.61) 

100.08 

(6.24) 

Positive outputs (million) 

Departures 
0.13 

(0.10) 

0.13 

(0.10) 

0.13 

(0.10) 

0.13 

(0.10) 

0.13 

(0.10) 

0.13 

(0.10) 

0.13 

(0.10) 

0.14 

(0.10) 

Workload units 
13  

(11) 

13  

(11) 

14 

(12) 

14  

(12) 

15  

(13) 

16  

(13) 

16  

(13) 

17  

(13) 

Non-aeronautical 

revenue (2012 $) 

113 

(87) 

117 

(91) 

122 

(97) 

128 

(100) 

135 

(106) 

139 

(112) 

142 

(113) 

149 

(119) 

Negative attributes 

Delay rate 
0.17 

(0.04) 

0.20 

(0.04) 

0.22 

(0.04) 

0.19 

(0.03) 

0.18 

(0.03) 

0.19 

(0.03) 

0.20 

(0.03) 

0.20 

(0.03) 

Average taxi-out 

time (minute) 

15  

(4) 

15  

(4) 

15  

(4) 

15  

(4) 

15 

(4) 

16 

(4) 

16  

(4) 

16  

(4) 

Annual median air 

quality index 

49  

(11) 

47  

(10) 

47 

(10) 

47  

(9) 

46  

(9) 

47  

(10) 

46  

(10) 

46  

(9) 

1. The table reports the sample mean and standard deviation in parentheses.  

2. Workload units are the sum of the number of passengers and the units of cargo of 220 pounds. 

3. The annual air quality index (AQI) range is 0 to 500. A lower value means better air quality. 
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Table A.4: ITSUR estimation results of translog cost function without negative attributes 

(output model), 50 U.S. airports, 2012 - 2019 

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|) 

Departures 0.106 0.137 
Operations price ³ 

departures 
0.078 0.000 

Workload 0.259 0.001 
Operations price ³ 

workload 
-0.041 0.024 

Non-aeronautical 

revenue 
0.589 0.000 

Operations price ³ 

non-aeronautical 

revenue 

-0.052 0.000 

Labor price 0.400 0.000 
Runway ³ 

departures 
0.097 0.555 

Operations price 0.249 0.000 
Runway ³ 

workload 
-0.391 0.030 

Runway 0.011 0.758 
Runway ³ non-

aeronautical 

revenue 

0.228 0.022 

Departures2 0.178 0.722 
Labor price ³ 

operations price 
0.009 0.137 

Workload units2 0.886 0.017 
Runway ³ labor 

price 
0.090 0.000 

Non-aeronautical 

revenue2 
-0.152 0.281 

Runway ³ 

operations price 
0.045 0.000 

Labor price2 0.062 0.000 Year 2013 -0.006 0.875 

Operations price2 0.267 0.503 Year 2014 0.017 0.663 

Runway2 0.483 0.000 Year 2015 -0.016 0.677 

Departures ³ 

workload 
-0.612 0.152 Year 2016 -0.020 0.610 

Departures ³ non-

aeronautical revenue 
-0.006 0.967 Year 2017 -0.019 0.637 

Workload ³ non-

aeronautical revenue 
0.203 0.035 Year 2018 -0.009 0.819 

Labor price ³ 

departures 
0.007 0.771 Year 2019 -0.023 0.559 

Labor price ³ 

workload 
-0.024 0.285 Airport 0.002 0.045 

Labor price ³ non-

aeronautical revenue 
-0.043 0.001 (Intercept) 18.875 0.000 

1. Number of observations: 1,188; R2 = 0.953; Estimation results of Equation 2.4 with three positive 

outputs. 

2. All variables reported are in log form, except for the airport effect and year-fixed effects. 
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Table A.5: ITSUR estimation results of translog cost function with negative attributes 

(attribute model), 50 U.S. airports, 2012 - 2019 

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|) 

Departures 0.036 0.675 Congestion ³ pollution -0.813 0.100 

Workload  0.253 0.004 Labor price ³ departures 0.005 0.835 

Non-aeronautical revenue 0.530 0.000 Labor price ³ workload -0.009 0.671 

Delay 0.400 0.000 
Labor price ³ non-

aeronautical revenue 
-0.031 0.011 

Congestion 0.314 0.001 Labor price ³ delay -0.156 0.000 

Pollution -0.007 0.920 Labor price ³ congestion -0.074 0.031 

Labor price 0.400 0.000 Labor price ³ pollution -0.011 0.677 

Operations price 0.246 0.000 
Operations price ³ 

departures 
0.043 0.050 

Runway 0.067 0.097 
Operations price ³ 

workload 
-0.034 0.054 

Departures2 -1.122 0.057 
Operations price ³ non-

aeronautical revenue 
-0.054 0.000 

Workload2 0.620 0.106 Operations price ³ delay 0.043 0.035 

Non-aeronautical revenue2 -0.118 0.386 
Operations price ³ 

congestion 
0.120 0.000 

Delay2 -0.105 0.786 Operations price ³ pollution 0.078 0.000 

Congestion2 0.520 0.557 Runway ³ departures 0.519 0.026 

Pollution2 2.855 0.000 Runway ³ workload -0.601 0.002 

Labor price2 0.059 0.000 
Runway ³ non-aeronautical 

revenue 
0.056 0.573 

Operations price2 0.536 0.190 Runway ³ delay 0.029 0.865 

Runway2 0.304 0.005 Runway ³ congestion 0.209 0.353 

Departures ³ workload -0.017 0.971 Runway ³ pollution 0.149 0.359 

Departures ³ non-aeronautical 

revenue 
0.127 0.459 

Labor price ³ operations 

price 
0.004 0.537 

Departures ³ delay 1.062 0.002 Runway ³ labor price 0.081 0.000 

Departures ³ congestion 1.207 0.014 Runway ³ operations price 0.054 0.000 

Departures ³ pollution 0.711 0.100 Year 2013 -0.104 0.006 

Workload ³ non-aeronautical 

revenue 
0.139 0.145 Year 2014 -0.099 0.014 

Workload ³ delay -0.372 0.198 Year 2015 -0.089 0.016 

Workload ³ congestion -0.666 0.213 Year 2016 -0.061 0.090 

Workload ³ pollution -0.338 0.423 Year 2017 -0.081 0.031 

Non-aeronautical revenue ³ 

delay 
-0.379 0.012 Year 2018 -0.109 0.005 

Non-aeronautical revenue ³ 

congestion 
-0.455 0.088 Year 2019 -0.113 0.004 

Non-aeronautical revenue ³ 

pollution 
-0.225 0.370 Airport 0.002 0.047 

Delay ³ congestion -0.386 0.330 (Intercept) 18.923 0.000 

Delay ³ pollution -0.095 0.751    

1. Number of observations: 1,188; R2 = 0.970; Estimation results of Equation 2.4 with three positive outputs 

and three negative attributes. 

2. All variables reported in this table are in log form, except for the airport and year-fixed effects. 

 


















































































