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 The deregulation of the airline industry created a myriad of changes in the U.S. air 

transport system that has both defended and sparked debate on the wisdom of such policy 

change for over three decades. One of the promises of deregulation from its proponents in 

the 1970s was increased competition that would lead to a reduction in fares for 

consumers. Historic data and literature has indeed shown this to be to the case as average 

airfares have trended downward especially over the last twenty years. Nonetheless, the 

industry has become much more complex since deregulation in terms of pricing to the 

point that very sophisticated yield management computer models are used to achieve an 

optimum balance between load factors and price. Consequently, this has in turn translated 

into a haphazard experience for most air travelers in the United States; for instance, the 

cost of a ticket is sometimes lower traveling from coast to coast than within a particular 

region of the U.S. and paid fares for the exact same trip can deviate dramatically, often 

based on variation in the date of purchase. Additionally, this has also resulted in a spatial 
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pattern where certain regions throughout the country have enjoyed lower airfares more so 

than others. This research seeks to identify this regional disparity using a geographically 

weighted regression and spatial autoregressive models in a sample of 6,200 routes 

between 80 primary U.S. airports. The results from the global model  showed that 

variables which measure competition (airlines), operating cost (flights, distance) and 

elasticity (layover time) proved to be statistically significant and had a positive 

relationship with airfare The GWR results indicated that while some factors like distance, 

and hub size, were statistically significant almost nationwide, other factors such as 

frequency, presence of low cost carriers, and numbers of airlines were only statistically 

significant at certain airports. Finally, the spatial regressions models indicate that the 

spatial autocorrelation found in U.S. airfares resemble the first order properties of spatial 

autocorrelation (i.e. spatial heterogeneity) and not the second order properties (i.e. spatial 

dependence).
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I. INTRODUCTION 

 The deregulation of the airline industry created a myriad of changes in the U.S. 

system that has both defended and sparked debate on the wisdom of such policy change 

for over 3 decades (Bailey, et al, 1985; Borenstein, 1989; Brenner, 1988; Brown, 1987; 

Dobson, 1995; Goetz & Dempsey, 1989; Graham, et al, 1983; Meyer, et al, 1981; Rose, 

1981; Shaw & Ivy, 1994; Toh & Higgins, 1985). Many geographers have been interested 

in the spatial change in network structure resulting from deregulation.  These changes 

were required in order to maximize passenger loads and the usage of aircraft, which 

resulted in the hub-and-spoke system we see today.  The hub-and-spoke system created a 

hierarchy in air transport where some airports, those selected as transfer and collection 

hubs in the networks of the major airlines (hubs), were elevated in connectivity 

importance, and those not selected as major transfer and collection points (spokes) often 

declined in relative connectivity importance within the system; and some airports were 

completely left behind in the hub-and-spoke structure losing service altogether (Chan, 

1982; Ivy,1993a, 1993b; Jemiolo & Oster, 1987; Maraffa & Kiel, 1985; Warren, 1984). 

Research done by O’Kelly (1986a; 1986b, 1987) and others (Bauer, 1987; Chou, 1990; 

Fleming & Hayuth, 1994; Ivy, 1991; Lopuszynski, 1986; O’Kelly & Lao, 1991; O’Kelly 

& Miller, 1994; Shaw, 1993; Song, 2006) have made significant contributions to the 

understanding of the selection, positioning and interaction of hubs within the network 
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design. The connectivity advantages of hub cities can often translate into economic 

advantages such as creating an attractive force to large firms when locating or relocating 

administrative and research based employees or helping to restructure an urban economy 

in general (Debbage, 2000; Debbage & Delk, 2001; Ivy, et al, 1995), as well as other 

positive and negative impacts for the airports, airlines, communities housing the hub 

airport and passengers living in the hub city (Kanafani & Ghobrial, 1985).  

Effects of deregulation have also been felt in the number of competing airlines. 

Many long-standing carriers (legacy carriers) have disappeared through bankruptcies, 

liquidations and mergers, a multitude of ‘startup’ carriers has come and gone, an infusion 

of budget carriers has severely lessened the market shares of many of the legacy carriers, 

and many small regional carriers have moved into code-share partnerships with the larger 

carriers which has expanded the latter’s profitability (in some cases) and network 

coverage (Doganis, 2001; Wensveen, 2007).  What we see today as US Airways, for 

example, is the consolidation of 4 airlines; and what exists as Delta Airlines today 

resulted from the consolidation of 10 airlines (Vasigh, et al., 2008).  The trend for further 

consolidation has continued in recent years with the merger of Delta and Northwest, the 

merger of United and Continental, and the merger of Southwest and Air Tran (Alukos 

and Fleck, 2010).  Recent financial troubles at American Airlines and concern for 

slippage in market share by both American Airlines and US Airways has pushed both 

competitors to seek approval of a merger of the two carriers, and in fact, the Department 

of Justice has voiced its opposition by taking the case to the federal court.  

Other parts of the world, particularly Europe, have been heavily influenced by the 

US experience in the deregulated era which has prompted waves of deregulation 



 

3 

(liberalization), the build-up of large hubs to collect and redistribute passengers, mergers 

and acquisitions, marketing and operational alliances, as well as code-share partnerships 

to create larger systems that cut across political boundaries creating greater economies of 

scale and scope that has truly brought about the concept of a ‘global airline’ (Balfour, 

1994; Barrett, 1993; Browne, 1993; De Wit, 1996; Dennis, 1994a; Doganis, 1994; 

Graham, 1990, 1993, 1995, 1998; Holloway, 2008; Ivy, 1995,1997, 2002; Leigh, 1990; 

Oster & Pickrell, 1988; Shaw & Ivy, 1994; Vasigh, et al., 2010; Vowles, 2000a).  

 

1.1 Rationale 

 One of the promises of deregulation from its proponents in the 1970s was 

increased competition that would lead to a reduction in fares for consumers (Bailey, et 

al., 1985; Brown, 1987; Meyer, et al., 1981; O’Connor, 1985; Wensveen, 2007). Historic 

data and literature has indeed shown this to be to the case as average airfares have 

trended downward especially over the last twenty years (refer to figure 1). However, the 

industry has become much more complex since deregulation in terms of pricing to the 

point that very sophisticated yield management computer models are used to achieve an 

optimum balance between load factors and price. This has in turn translated into a 

haphazard experience for most air travelers in the United States. It is common to hear air 

travelers complain, for example, that the cost of a ticket is sometimes lower traveling 

from coast to coast than within a particular region of the U.S.  On top of that, any 

regularly scheduled commercial flight departing today contains passengers whose paid 

fares for the exact same trip can deviate dramatically, often based on variation in the date 

of purchase.  
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Furthermore, despite this overall downward trend in prices, airfares have 

exhibited a specific spatial pattern in the United States (refer to figures 1.2 through 1.4). 

Regions of lower airfares can be found along the West coast of the U.S. through the 

Southwest, certain sections along the Bos-Wash megalopolis, as well as central Florida.  

Higher airfares can be found in the Western mountain states, particularly Wyoming, 

Idaho, Montana, North and South Dakota, interior parts of Mid-Atlantic States, as well as 

in Southeastern states. Distance traveled once played the strongest role in determining 

airline fares (Cherington, 1958; MacAvoy & Snow, 1977; O’Connor, 1985), particularly 

in the regulated market, prior to 1978. As distance increased, the fixed costs decreased as 

they are spread over greater distance and the variable operating costs become a greater 

part of the fare structure.  The overall effect was that airline fares would increase at a 

decreasing rate for flights of greater distances. As identified by Harlin & Ivy (2003), 

there are other market factors that affect the airfare structure. Part of this spatial pattern is 

the result of low cost carriers, a phenomenon born with deregulation, where they are able 

to offer lower airfares due to their lower operating cost structure (Dresner, et al., 1996; 

Vowles, 2001; 200b). It is clear then that not only there are other market forces that play 

a role in the construction of airfares, but there also exist the possibility that the influence 

of these market forces have become increasingly heterogeneous, and that the localized 

effect of pockets of high and low airfares it is in part due to spatial dependency.  
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Figure 1.1 Average one-way fares 1993-2007 

 

Reprinted from: A.R. Goetz, T.M. Vowles / Journal of Transport Geography 17 (2009) 251–263 with permission from Elsevier 

 

Figure 1.2 Average Fares and Yields in 1993 

 

Reprinted from: A.R. Goetz, T.M. Vowles / Journal of Transport Geography 17 (2009) 251–263 with permission from Elsevier 
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Figure 1.3 Average Fares and Yields in 1998 

 

Reprinted from: A.R. Goetz, T.M. Vowles / Journal of Transport Geography 17 (2009) 251–263 with permission from Elsevier 

Figure 1.4 Average Fares and Yields in 2003 

 

Reprinted from: A.R. Goetz, T.M. Vowles / Journal of Transport Geography 17 (2009) 251–263 with permission from Elsevier 
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1.2 Objectives 

 The objective of this dissertation is to 1) identify market and structural factors 

(resulting from airline deregulation) and to measure their influence on the construction of 

airline fares; 2) to describe their spatial variability and measure their varying influence in 

space; 3) and to identify and measure the spatial dependency in U.S. airfares. The 

changes on the geography of the airline industry brought by deregulation have been well 

documented, particularly as it pertains to the location of airline hubs and route 

optimization. Although the impacts of deregulation on airfares have been well 

documented as well, especially to test whether the promises made by those supporters of 

deregulation in the 1970’s had come to fruition, very little attention has been paid, with 

the exception of Fajardo & Ivy (2001); Goetz (2002); Harlin & Ivy (2003); Gong (2006); 

Daraban (2007), to the spatial distribution of airfares resulting from the market and 

structural changes brought by deregulation. These previous studies have relied on global 

regression models to account for distance and frequency (Fajardo & Ivy, 2001); Harlin & 

Ivy (2003), influence of low cost carriers and spatial dependency Gong (2006); Daraban 

(2007), but have not measured the influence of market forces as they vary in space and 

the effect that airfares from nearby airports have on each other. The goal of this research 

is to fill that gap in the literature as it will add a new dimension to the lingering effects 

brought by the Airline Deregulation Act of 1978.  

 In order to achieve these goals, this research will be composed of three sequential 

investigations where each phase will be guided by the following research questions:  

1. What market and structural factors contribute to the construction of airline fares in 

the United States? 
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2. How do these factors and their explanatory power vary in geographic space? 

3. What role does spatial dependence play in the construction of airline fares? 



 

9 

II. LITERATURE REVIEW 

 One hundred years ago, on January 1st, 1914, the first commercial flight was 

recorded between the cities of St. Petersburg, FL and Tampa, FL. This historic flight 

marked the beginning of the modern aviation industry and during its early development 

remained under close supervision by the federal government (Wensveen, 2007). The Air 

Commerce Act of 1926, allowed federal regulation of air traffic rules and was widely 

supported by the aviation community because it was believed that without the 

government's action to improve safety, the potential of the industry would not be realized. 

The formal regulation of air transportation however, was instituted in 1938 by the Civil 

Aeronautics Act, which created the Civil Aeronautics Authority and was authorized to 

control entry and exit from routes, price changes, subsidies, certification of new airlines, 

and control of mergers. While government oversight was deemed necessary in the early 

years, due to the inherent lack of efficiency of regulation, by the 1970s, the airline 

industry had mature and was more competitive (Wensveen, 2007). Numerous economic 

studies (Levine 1965; Jordan 1970; Douglas and Miller 1974) highlighted the economic 

inefficiencies associated with regulation and consequently the Airline Deregulation Act 

of 1978 was signed into law. This chapter describes how the airline industry has changed 

as a consequence of the Airline Deregulation Act and especially the impacts that it has 

had on airfares, and the pricing strategies of U.S. airlines. 



 

10 

2.1 Changing Distribution Networks: from Point to Point to Hub and Spoke 

 One of the legacies of deregulation was the change from the non-stop route 

system to the hub-and-spoke network. In the years of regulation, airlines could not decide 

which markets to serve and how to organize their route networks; instead, they just 

operated the ones chosen for them by the Civil Aeronautics Board, mostly, a point to 

point, linear route system (Gong, 2006). The Airline Deregulation Act gave airlines the 

freedom to construct their own networks.  Beginning with its hub at Dallas/Fort Worth, 

American Airlines started to operate a hub-and-spoke type of network, a model that was 

followed by all other major carriers and became the central piece of the new era of the 

airline industry (Daraban, 2007). The idea behind the system was to achieve maximum 

connectivity for as many cities as possible. This was accomplished by concentrating 

departures and arrivals at certain hub airports thus increasing the connectivity of 

outbound flights with inbound flights. Operating a hub and spoke network delivered 

important benefits for the airlines: 1) fewer flights were needed to connect the same 

number of nodes compared to the direct point to point system (i.e. lower operating cost). 

2) By the same token, the hub and spoke network allowed for extended coverage since 

more cities were now able to be connected via the hub airport. 3) Less dense city pair 

markets were served at a lower cost than in a point-to-point network since in a hub-and-

spoke network, travelers are first gathered on the same plane to a hub before being sent to 

their final destinations. This allows airlines to use larger planes and achieve higher load 

factors, which ultimately lead to lower average cost per-seat (i.e. they were able to 

achieve economies of scale). 4) Finally, the hub and spoke network allow the creation of 

hub dominance through the occupation of facilities at the hub airport that will allow the 
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airline to produce increased frequency, network coverage and connectivity. 

Consequently, this hub dominance opened the door for the exclusion of potential 

competitors by creating barriers to entry (Gong, 2006).  

 From the perspective of passengers, the hub and spoke network has received 

mixed reviews. For one, the hub-and-spoke network has drastically increased flight 

frequency and connectivity of places, especially for those passengers who originate at the 

hub airport. However, for passengers originating from medium, small, or non-hub cities, 

they have mainly benefited from more frequent flights to the hub airport and have lost 

non-stop service to other markets. Furthermore, the concentration of inbound and 

outbound flights at the hub airport has led to an increment in flight delays due to runway 

congestion. Therefore, although hub-and-spoke networks have led to an increase in the 

total number of cities connected, the decline in the number of direct flights between many 

spoke cities has translated into higher travel times since passengers have to make an extra 

stop (Goetz & Vowles, 2009). 

  

2.2 Low Cost Carriers 

 The hub and spoke network represents an operational model that became more 

and more complex over time in order to achieve maximum connectivity and optimum 

network coverage. Unfortunately, these achievements have come at the expense of some 

inefficiency and passenger inconvenience, and as such, a new kind of carrier – low cost 

carriers (LCCs) - have managed to challenge the market position of the legacy airlines 

who operate the hub-and-spoke system  to the point that the financial viability of such 

network has been criticized (Daraban, 2007). One of the major benefits of LCC, from the 
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perspective of the consumer, is lower airfares (Tierney & Kuby, 2008). LCCs are able to 

offer lower airfares to consumers because instead of operating in a hub and spoke system, 

they fly point to point getting passengers more quickly to destinations and minimizing 

ground time. Also, instead of flying to major airports, they fly to secondary smaller 

suburban airports that are not troubled with congestion further minimizing the turnaround 

time of aircrafts and leading to higher utilization of aircrafts. LCCs also operate a 

homogeneous aircraft fleet which has reduced costs for airlines since pilots do not need to 

be retrained in different equipments and replacements parts for aircrafts can be purchased 

in bulk (Vowles, 2001). 

 Another change brought by LCC, from the perspective of airports, has been the 

overall reduction in airfares known as the ‘Southwest Effect’ (Tierney & Kuby, 2008). 

Also, airport traffic has been found to increase when LCC starts offering service from a 

new airport (Pantazis & Leifner, 2006). Although several studies have shown that this 

increment in traffic is newly generated traffic (Franke, 2004; Brandt, 2003; Valentinelli et 

al., 2004). Pantazis & Leifner (2006) also found that airports who welcomed LCC 

widened their catchment areas and attracted passengers from cities that were distant from 

the airport. In a similar fashion, Tierney and Kuby (2008) found that LCC passengers are 

willing to go to other less convenient airports in order to reap the perceived benefits. In 

the same study they also found that leisure travelers and passengers traveling as a group 

were more willing to go to a farther airport because of their membership in the Southwest 

frequent flyer program. As a result, Pantazis and Leifner (2006) state that an increment in 

size of an airport’s catchment area can be compared with its relative competitive status. 
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From this perspective, it can be argued that as the catchment area of one airport increases, 

the catchment area of surrounding airports decreases. 

 

2.3 Market Structure 

 Given that a market is made up of buyers, sellers, and the product created by 

sellers, the market structure will depend on four main factors: the numbers and relative 

power of buyers and sellers, the extent of product differentiation, ease of market entry, 

and the availability of information. Depending on the level of these four major 

components, neoclassical microeconomic theory describes four types of competitive 

market structures (perfect competition, monopoly, monopolistic competition, and 

oligopoly) and each must meet specific requirements in order to be effective (Vasigh, 

Flemming, & Tacker, 2010). 

  In perfect competition large numbers of small producers and consumers are 

present and neither of them is able to influence market price (i.e. they are both price 

takers). Also, the products from sellers are considered perfect substitutes for each other 

consequently there is no consumer preference, no market power and the firms face no 

switching costs. Lastly, there are no barriers to entry or exit, which enables perfect 

mobility in markets, and information is costless and available to all market participants. 

The airline industry does not fit this model of analysis since very few city-pair markets 

have large number of producers and also because airlines set their own price by first pre-

committing to their output levels (cities to serve, frequency, fleet assignment, scheduling, 

etc.) and then choosing a revenue management system to control its sales (therefore they 

don’t let the market determine the price). Additionally, since there are thousands of city-
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pair markets served by the airlines and many of these will be made up of a separate group 

of consumers demanding different types of products, airlines’ products are not 

homogeneous (i.e. perfect substitutes) (Vasigh, Flemming, & Tacker, 2010). In fact, this 

is the reason why airlines invest so much in image branding so they are able to 

differentiate their products from their competitors. By the same token, consumers face 

switching cost, especially if they belong to a frequent flyer program. The main objective 

of these programs offered by the airlines is to increase passenger retention and increase 

their market share. Finally, all airlines, whether incumbents or startups, face barriers 

when deciding to enter a market (certification, switching cost on behalf of the consumer, 

and economies of scale and scope especially by airlines with well developed networks).  

 Monopoly on the other hand is characterized by one seller market, high barriers to 

market entry, and the unavailability of close substitutes. Pure or perfect monopoly is 

relatively rare in the airline industry mainly because substitutes tend to be available. 

However, in countries where air transportation has not been liberalized and deregulated, 

the existence of monopolies is feasible. Besides these requirements in order for a 

monopoly to exist, a monopoly differs from a perfectly competitive in their ability to set 

the price for the market (i.e. they have market power). In other words, since there is only 

one producer, the solo seller sets the price for the whole market. Nonetheless, this is why 

this market structure is not suitable for city-pair markets with a deregulated and 

liberalized airline industry because the profits being earned by the sole supplier will 

attract other suppliers to enter the market for a share of the profits; as such, the market 

will not be in equilibrium (Vasigh, Flemming, & Tacker, 2010). 
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 Monopolistic competition has less strict defining conditions than perfect 

competition, specifically, similar products may be perceived by consumers to have 

important differentiating attributes. Therefore, competing products might be substitutes 

for each other but not perfect substitutes and consequently it gives sellers a certain degree 

of market power. Yet, in monopolistic competition the number of producers must still be 

high, the price change of one competitor will not lead to a price change by other 

competitors, as it would in an oligopolistic market, and market entry is relatively easy. 

For these reasons is hard to use this model to describe the competitive market structure of 

the airline industry. Airlines are known to engage in competitive behavior, especially 

through pricing discrimination as they seek to increase their load factors, and as 

previously discussed, the number of competitors is relatively small in the airline industry, 

especially at the city-pair market level. Furthermore, despite nowadays airlines being able 

to lease aircrafts for their operations and hence make the initial investment less of a 

barrier to entry, possible entrants still face switching costs from consumers. Nevertheless, 

although it can still be argued that to some degree nowadays the airline industry is 

producing homogeneous undifferentiated products, especially in the economy classes of 

U.S. airlines, products are more heterogeneous in long haul markets and carriers continue 

to spend a great deal of effort in developing distinctive attributes in their style of service 

delivery and brand images. Therefore it is reasonable to characterize at least some city-

pair markets as monopolistically competitive (Vasigh, Flemming, & Tacker, 2010).  

 The competitive market structure of the airline is best described by the 

assumptions of an oligopolistic market structure.  Oligopoly is characterized by few 

producers, homogenized or differentiated products (the latter through advertising), high 
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barriers to entry, market power from producers, and consequently price discrimination 

behavior (although this can exist in any market structure where the supplier has a certain 

degree of market power). The key defining characteristic of oligopolistic markets is the 

high level of interaction between the actions and reactions of sellers; in other words, each 

supplier considers how the other competitors will react in response to a decision. 

Therefore, the profitability of firms in oligopolistic market structures depends in a large 

measure upon how competitors interact when making output and pricing decisions. Game 

theory from neoclassical microeconomic theory has been used in order to explain 

competition and market equilibrium based on firms competing through output decisions 

(Cournot model) and pricing (Bertrand model). Given that airlines pre-commit to their 

outputs (city-pairs serviced, level of frequency, fleet assignment, and scheduling) the 

Cournot model has been used to describe the competitive strategic behavior of airlines 

Holloway, 2010).  

 While the deregulation of the airline industry in 1978 made it easier (from a 

regulatory perspective) for new airlines to form, and enter and exit markets as they 

please, the industry is still considered to have significant barriers to entry including high 

start-up costs, high and volatile cost of resources (jet fuel in particular) as well as 

competition over control of those resources, high levels of competition at airports for 

gates and landing slots, and a growing need for economies of scale in order to survive 

(Vasigh, Flemming, & Tacker, 2010). The ‘bigger is better’ mentality has meant that 

airlines have sought expansion as a means of achieving the highest levels of economies of 

scale, whether through direct merger and acquisition or through partnerships and 

alliances both nationally and internationally towards the creation of the concept of a 
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global airline (Belobaba, et al., 2009; Doganis, 1994; Doganis, 2001; Graham, 1995; 

Hanlon, 1999; Ivy, 1997; Rodrigue, et al., 2006; Shaw and Ivy, 1994). 

In an oligopoly, the actions of an individual competitor (for example raising or 

lowering prices) typically have a substantial impact on the industry, and often change the 

actions of other competitors.  For example, the lowering of airfares in a particular market 

will often result in the other airlines following suit.  We have recently seen other changes 

such as charging for checked baggage, which was started by one carrier, with almost all 

other carriers quickly adopting the same policy.  As discussed by Vasigh, et al., (2010, p. 

209), “This creates a complex interdependence between the firms; each firm’s actions 

will be conditioned on how they believe the competition will react.”  In oligopolistic 

markets, it is generally considered unwise for mergers of competitors to occur without 

scrutiny as a significant imbalance in the market share, and therefore market power, can 

occur in the industry.  Market share and power imbalance can create problems such as 

predatory pricing , for example, where the dominant firm can cut prices long enough to 

drive competitors out of business (even though they are losing money themselves during 

the same time), then raising prices in a monopolistic fashion after the competitor’s 

demise.   

Some economists, however, argue that the airline industry is somewhat unique in 

that the sheer threat of competition keeps the industry in check.  In other words, the 

airlines know that if they increase fares too much in a particular city-pair market, some 

other, perhaps brand new carrier, will come into that market and undercut them, finding 

an important niche that will help the new carrier not only survive in that market, but 

obviously decrease the market shares of the other carriers.  This is known as the 
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contestability theory, where potential competition has the same impact on an industry as 

actual competition (Vasigh, Flemming, & Tacker, 2010), and of course the degree to 

which it truly applies in the real world can highly depend on the barriers of entry into a 

particular market; therefore the theory may or may not apply to all city-pair markets in 

the airline industry.  Some research in the 1990s found that decreased actual competition 

did result in higher fares, and thus, rejected the contestability theory (Oum, et al., 1993; 

Strassman, 1990; Whinston and Collins, 1992).  That being noted, however, the 

contestability theory is still invoked a great deal, particularly by those who support 

continued consolidation of the airline industry.   

 

2.4 Industry Consolidation  

 One of the biggest points of controversy resulting from the deregulation of the 

airline industry has been the number of airline mergers which has led to an overall 

reduction in the number of competitors. One of the objectives of deregulation was to 

promote competition; however, an inadequate level of competition has been suggested as 

the basic reason for most of the current concerns in the industry. In the period 

immediately following deregulation, Dempsey (1990) states that the industry became 

highly concentrated as fifty one airline mergers and acquisitions occurred between 1978 

and 1988.  The growth of bargain carriers and the increase in use of regional jets owned 

by smaller companies operating in partnership with the larger legacy carriers reduced that 

concentration by the end of the 1990s and into the 2000s.   

 When large companies propose mergers or takeovers which would result in 

consolidation in an industry, the U.S. Department of Justice and the Federal Trade 
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Commission investigate the proposal to check for major changes in market power that are 

likely to occur from the merger, and must give their approval before the merger can occur 

(such approval was required in the airline industry beginning in 1985).  The Herfindahl 

Index, sometimes known as the Herfindahl-Hirschman Index or HHI, is a commonly used 

measure of the concentration of an industry by examining the distribution of the market 

shares of the firms involved (AmosWeb, 2012). Market share could be measured by 

percentage of sales volume, passengers, or passenger miles. For large industries with 

many competitors, often the top 50 firms are used in the analysis.  However, if 50 or less 

firms exist in the industry, thought to be typical of the airline industry, then all firms are 

used in the calculation of the index.  

 As calculated by Vasigh, Flemming, & Tacker, (2010) the Hirschman-Herfindahl 

Index (HHI) for the airline industry as a whole in the U.S. indicates that the industry has 

become less concentrated with the index dropping steadily from 1,016.2 in 1998 to 

808.58 in 2005, based on passenger enplanements.  The same authors, however, indicate 

that two potential problems exist with looking at airline industry concentration in the 

manner of current practice.  First, due to the unique market definition of an airline (i.e., 

specific route paths from point i to point j, for example, representing a unique market), an 

overall industry index value perhaps is less meaningful for the airline industry.  

“Although the number of mergers reduced during the 1990s, critics argue that most 

mergers were still part of well planned strategies to reduce competition in various 

markets (Vasigh,et al.,  2010, p. 14).”  To get away from the focus of an overall industry 

average for market concentration, Vasigh, et al., (2010) further looked at market share 

power at individual airports in the U.S. and found the service at many hubs to be highly 
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concentrated (one airline controlling a large percentage of the market share of 

enplanements) with larger HHIs than the airline industry average, therefore giving 

credence to the examination of market concentration at different scales within the 

industry as opposed to merely using an industry average.  

 Current practice treats every named carrier as an individual competitor in the 

calculation of the Hirfindahl-Hirschman index.  For example, Republic Airlines is a small 

regional carrier that by contractual agreement contributes flights to the US Airways 

network operating as US Airways Express.  Separation of these carriers in the calculation 

of the HHI treats them as competitors when they are really working together within the 

context of a single network.  They are marketed together, scheduled together, and clearly 

extend the capacity of the legacy carrier, US Airways. “This (i.e., separating instead of 

aggregating their market shares) could potentially distort (i.e., underestimate) the level of 

consolidation at airports with large regional carrier presence (Vasigh, et al., 2010, p. 17).”  

 Cordoba and Ivy (2012) responded to this criticism of the traditional method of 

examining market concentration in the airline industry. They argued that the airline 

industry is unique in the way a market is defined.  For most industries, market 

concentration within an industry is likely to be the main force in changing the prices that 

consumers pay.  While this is generally true for the airline industry as well, their research 

suggested that for the consumer, it is probably more meaningful to consider market 

concentration on specific city-pair routes.  Airlines have vast networks in which they 

manipulate the fare structures in order to maximize their total profits.  Within their own 

systems, they can create a fare structure of cross-subsidization, charging lower fares on 

routes where there is high competition, and making up for those profit losses by charging 
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higher fares on routes where there is little to no competition.  Thus, for consumers, the 

competition within the overall industry as a whole, while important, is probably less 

important than the competition along a particular route.  In other words, a passenger 

flying from Savannah, Georgia to Burlington, Vermont is likely to be more impacted by 

market concentration between those city pairs as opposed to the industry overall. They 

also put to the test the criticism of not combining the regional carriers with their larger 

partners in market share analysis. They found for instance that all of the regional carriers 

contracting with US Airways as US Airways Express certainly added to the network 

coverage of the larger carrier and therefore impacted the market share concentration of 

US Airways.  In synthesis, given that they work together as one basic system, they should 

be treated as such in market share analysis. 

 

 2.5 Pricing Strategy 

 The pricing strategy of airlines depends heavily on the market structure of the 

industry (i.e. the competitive environment) and they must have a good understanding of 

their market power and their ability to prevent resale. Once these two elements are taken 

into account, the airline will then rely on price discrimination to set airfares that will 

maximize revenues. An airline must have a certain degree of market power in order to 

price discriminate otherwise it will simply be a price taker which it means is participating 

in a competitive market structure. Without market power an airline cannot choose its 

price even less charge different prices to different consumers or use more advanced 

pricing strategies (Vasigh, Flemming, & Tacker, 2010). Consequently, implementations 

of pricing strategies mainly apply to firms participating in market structures described as 
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monopolies or oligopolies. Besides market power, a firm considering to implement a 

pricing discrimination strategy must also be able to prevent arbitrage; in other words, in 

order for a firm to successfully implement any of the discriminatory pricing strategies it 

has to design a mechanism that prevents customers from reselling the product among 

themselves, otherwise, the customers will buy the product at a lower price from the firm 

and then resell them to other customers at a higher price. As it can be noted, the firm will 

lose some of the revenue to the ‘middle man’ by failing to prevent the resale; therefore, 

preventing resell is a must in order for price discrimination to succeed. Passengers who 

pay for a ‘discounted’ ticket instead of a full fare are examples of this restriction. 

Discounted tickets restrict passengers at the time of purchase by stipulating that the ticket 

is only valid for the person whose name was input into the system at the time of purchase. 

Full fares, on the other hand, are transferable (Holloway, 2010).   

 Given that a firm meets these two key requirements it can then go ahead and try to 

implement any of the three forms of pricing discrimination; which one of these will the 

firm choose depends on the amount of information that the firm has on its customers (i.e. 

does the firm’s customers have different demand curves? Is the firm able to directly 

identify customers’ demand before they buy? Does the firm have the ability to charge 

every customer a different price, or perhaps group customers and charge different prices 

to each group?)  When a firm knows that its customers differ in their willingness to pay 

and therefore have different demand curves and is able to identify the demand for each 

customer before they buy, the firm can engage in perfect price discrimination (first 

degree price discrimination). This type of pricing discrimination captures the entire 

market surplus for the firm; however, the amount of customer information necessary to 
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implement this strategy is very detail and so is not very practical. In a similar manner, if 

the firm has different types of customers, can identify them into groups, and knows the 

groups’ willingness to pay for the product, the firm can engage in segmenting (third 

degree price discrimination). Unlike first degree price discrimination where the firm must 

know the demand curve for each of its customers, in third degree price discrimination this 

requirement does not have to met but the firm must at least be able to segment its 

customers in order to implement this strategy. To maximize the firm’s profit using this 

strategy, the firm must follow the single price monopoly rule separately for each group 

(i.e. the price equivalent to the intersection of the firm’s marginal revenue and marginal 

cost curves for each group) (Vasigh, Flemming, & Tacker, 2010).  

 If the firm’s customers have different demand curves but it cannot directly 

identify which customers have which type of demand before they purchase a product, 

then the firm can decide to implement indirect price discrimination (second degree price 

discrimination). In this pricing strategy the firm gives its customers various pricing 

choices and allows the customers to sort themselves into groups. The most common form 

of second degree price discrimination implemented by airlines is versioning. Airlines 

offer a range of products (first, business, and economy-depending on the airline they 

might just offer two or one class service), however, at the end of the day the core product 

is a ‘plane seat’ where you will be carried from i to j. For the most part, airlines have a 

group of customers who are less sensitive to prices and prefer to travel in first or business 

class, and also have a group of customers who are more price conscientious. The goal of 

the airlines is then to charge different prices to each group-higher prices to the less price 

sensitive and lower prices to more price sensitive. Hence, airlines successfully induce 
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customers to sort themselves and pick the type of product they want by offering different 

services and imposing different restrictions. For instance, a passenger traveling on 

economy class accept the following conditions: no transferability, no checked in bags 

(and depending on the airline sometimes no carry on), smaller selection of drinks and 

food, smaller seats, less leg room, no priority boarding, etc.). The more expensive version 

of the product (first/business class) comes with less restrictions and a higher quality of 

service. For this strategy to work however, the airline must ensure that the products are 

incentive compatible (i.e. business/first class passengers have no incentive to switch to 

economy class and vice versa) (Vasigh, Flemming, & Tacker, 2010).   

 Some airlines are also starting to test mixed bundling, although this has been more 

noticeable among low cost carriers, particularly, Spirit. When booking a ticket on Spirit 

Airlines’ website customers are given the option to pay for a check in a bag for a lower 

price instead of paying for the check in bag separately after purchasing the airline ticket. 

It can also be argued that some airlines are implementing a two-part tariff by not allowing 

‘free’ carry on bags as part of the airfare. Given that passengers have to travel with 

certain belongings they almost have no option but to pay for the carry on or the checked 

in bag. Hence, the airfare will be the fixed fee and the additional bags are the per unit 

price. However, this pricing scheme is not a second degree pricing discrimination 

strategy, and given that airlines have different degrees of price elasticity of demand, the 

effectiveness of this strategy cannot be ensured. As such, it can be the reason why only a 

small number of airlines are trying it out (Holloway, 2010). 

  In summary, there are many different kinds of indirect price discrimination 

techniques; nonetheless, the common denominator among all of them is the ability of the 
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firm to set up the pricing options to convince the customers to pick the option that will 

benefit them the most. Also, airlines understand that a person considering purchasing a 

first class or business class seat has a more inelastic demand than a person who has a 

more elastic demand and is considering purchasing a seat in economy. Therefore, the 

ultimate goal of price discrimination strategies is to increase the firm’s revenues by 

charging higher prices to customers with inelastic demand and lower prices to consumers 

with elastic demand. Finally, almost all airlines engage in price discrimination through 

coupons or by sending e-mails to customers with a specific discount. Those potential 

passengers that are more price sensitive and are willing to invest their time perusing the 

e-mail and abide by the restrictions might fall into the 10% to 15% discount trick without 

realizing that the airline was well aware of their behavior and was all along trying to get 

price sensitive customers to purchase the ticket (Vasigh, Flemming, & Tacker, 2010). 

   

2.6 Revenue Management 

 The financial performance of airlines lies in the balance of the supply of aircraft 

seats (i.e. capacity provided by the airline) and passenger demand. A standard measure 

used in the industry to gauge the performance of an airline is the yield. The yield is a 

distance weighted measure of production in the airline industry that allows analysts to 

maximize revenues by manipulating the outputs of seats and passenger demand; in other 

words, airlines want to sale as many high priced seats as possible while keeping airplanes 

full. The yield describes the relationship between operating revenue and passengers 

transported by a carrier (or tones carried if dealing with a cargo airline). The relationship 

between operating revenue and passengers carried is expressed in the following equation: 
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Yield= operating revenue/revenue per passenger mile (rpm); where a paying passenger 

flying one mile creates and rpm. Therefore, 100 passengers flying 500 miles generate 

50,000 rpms. The yield then can be calculated at the system level (i.e. for a whole 

airline=passenger revenue/total rpms) or at the individual level (i.e. ticket price/mileage). 

The yield in essence is operating revenue/traffic; as such, if traffic grows faster than 

revenue, yield will decline, or differently stated, operating revenue can rise even if the 

yield is falling (Holloway, 2010).  

 There are four factors that influence the yield and airlines must account for them: 

traffic mix, length of haul, intensity of competition, and network design. Given that an 

airline’s traffic mix (i.e. the proportion of traffic traveling at each different price) has an 

influence on its yield, as business passengers create higher revenue than leisure 

passengers, the higher the proportion of business passenger the higher the yield will be. 

The demand curve of business passengers is more price inelastic than that of leisure 

travelers; subsequently, airlines can charge a higher airfare without losing too many 

passengers. This in turn allows them to increase their overall revenues. As noted above, 

length of haul is another factor influencing the yield.  As a general rule, fares per mile are 

generally lower for long haul than short haul routes because units of cost taper off as 

stage length increases. Therefore, a carrier whose passenger journey is significantly 

longer than another’s carrier average journey will probably generate a lower yield. 

Additionally, the more market power a carrier benefits from, the stronger its yield will be. 

Conversely, increased price competition puts downward pressure on yield; therefore, the 

intensity of price competition greatly influences the yield. Finally, the network design of 

the airline (i.e. hub and spoke or point to point) will affect the yield as it determines the 
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distance flown in each city-pair market. The greater the distance covered in serving a 

market the lower the yield at any given fare because the revenue generated from those 

fares must be spread over more distance (Holloway, 2010). 

 Understanding how airlines manage their yield can lead to a higher understanding 

of how airlines allocate resources in terms of fleet assignment, scheduling, seat 

configuration, and change in airfare to increase load factors. In essence, all this amounts 

to airlines strategically selling tickets to the right customer (business/leisure), at the right 

price, and at the right timing. Therefore, the strategy that the airlines choose to increase 

profit will directly impact the airfare. Obviously, the strategy will have to take into 

consideration the price elasticity of demand of the different market segments and of each 

city-pair market. Also, the load factor and time remaining before the departure date will 

carry more weight in the decision making process for determining the price. Airlines’ 

yields will soften when prices drop to stimulate demand, and will harden when load 

factors are already high and prices hold steady. As such, yield management principles 

explain the spatial variation of airfares across different markets as we approach the 

expiration date of the product (i.e. as we approach the departure date) (Holloway, 2010). 

 An airline’s schedule is both a production schedule and the specification of a core 

service; consequently, it is both a revenue and a cost generator. In this manner, 

scheduling will have an impact on the yield since the airlines must price above their 

marginal cost in order to remain profitable. In other words, determining how much it 

costs to produce the schedule and the amount of revenue generated from the markets 

being served is crucial when determining the pricing for a city-pair market.  Obviously, 

schedules that generate more cost will drive the airfare up and vice versa, and as a 
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general rule, markets with higher demand will allow the airline to use bigger aircrafts, 

spread the cost over more passengers and generate overall more revenue. Additionally, 

the market segmentation (business or leisure) of a city-pair market will also have an 

impact on the scheduling and consequently on the yield. For instance, it is more 

expensive for an airline to service a market whose main market segment is made up of 

business passengers. This is especially the case in short haul markets where they face 

more competition from other modes of transportation and so the main advantage that 

airlines have over the other modes of transportation is the ability to transport passengers 

in a short amount of time. This in turn reduces the demand of air transportation in these 

markets and airlines are forced to use smaller aircrafts, which also means a lower number 

of passengers over which to spread the cost. Furthermore, given that business passengers 

are more time sensitive, airlines will also have to offer an adequate level of frequency and 

departures times to attract business passengers. On one end of the spectrum, it is known 

that a carrier offering more than half the frequencies in the market is likely to have a 

higher market share. Furthermore, it is also known that departure timings, especially in 

hub and spoke networks, will have an impact on the connectivity of an airline and 

consequently on the marketability of the schedule. On the other end however, the airline 

must strike a balance between cost and revenue since a higher level of frequency will 

generate higher costs in the form of more crew and ground operational costs. Finally, the 

reliability of the schedule is also a major driver of both revenue and cost. A schedule 

must allow for weather events and other delays outside the control of the airline (queuing 

time on the tarmac) in order not to lose their punctuality reputation and consequently 

their market share (Holloway, 2010). 
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2.7 Airfare Trends 

 As outlined by Wensveen (2007), domestic passenger fares in the U.S. airline 

industry have gone through a series of trends in response to changes in policy, the 

economy, political events and advancements in aviation technology. In the infant years of 

the U.S. airline industry, demand for passenger transportation was low, and therefore 

costs were high as there were not enough passengers to share the fixed costs that the 

airlines incurred.  In order to stimulate the development of passenger airline business, 

airlines were awarded air mail contracts by the U.S. Post Office to subsidize the costs of 

flying, keeping the air fares a bit more manageable for potential passengers.  High 

passenger fares would, of course, have discouraged the growth of air passenger traffic.  It 

became the responsibility of the Civil Aeronautics Board, the forefather of the Federal 

Aviation Administration, to maintain the viability of the industry. 

Wensveen (2007) outlines that fares were generally high between 1926 and 1929 

prior to the air mail contracts mentioned above, and that most airlines operated in the red 

during this period. Between 1929 and 1941, air fares dropped significantly, adopting a 

structure that was close to the railroad fares of the day; the main competition for long-

distance passenger transportation at the time.  This was the period of the growth of the air 

mail contracts, which allowed for a great deal of subsidization of the costs incurred by the 

airlines.  It was also during this time that airlines introduced specialized fare structures 

(reduced fares for round-trip travel, etc) in order to stimulate more demand for air travel.  

By 1941, the industry had more demand than capacity which was worsened by the 

commandeering of commercial aircraft in support of the U.S. military operations.  During 

World War II, a federal tax on airfares was introduced at 5% in 1941, but grew to 15% by 
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1943; special discounted fares disappeared and airfares rose steadily. Following World 

War II, airfares began to drop again, pre-war discounts resurfaced and airlines began to 

calculate fares on a uniform mileage rate (multiplying a base rate by distance flown).  

The early 1950s saw an increase in domestic fares in the U.S. coinciding with the Korean 

War and a similar commandeering of commercial aircraft that happened during WW2 

creating a shortage of capacity for domestic use. Airfares remained relatively stable 

through the mid 1950s, but began to climb again near the end of that decade in response 

to declining demand associated with the recession of 1957-1958.  Tremendous decline in 

domestic air fares in the U.S. was the trend through most of the 1960s, largely with the 

cost advantages associated with the advent of jet aircraft.  By contrast, the 1970s saw 

some of the largest losses in airline history in the U.S. and an almost doubling of 

domestic fares.  As the airline industry had grown and matured in the 1960s, labor costs 

and fuel costs had risen dramatically cutting very sharply into airline profits, as did 

landing fees at airports and interest rates related to the jet aircraft purchases. In the post-

deregulation period of the 1980s, fares became much more complex, but largely declined 

as increased competition from new entrants, lower fuel prices and a variety of cost 

control measures by the major carriers became the norm.  This was also a period of ‘fare 

wars’ where airlines were cutting fares on highly-competitive routes to the point of profit 

loss, creating a game of survival by determining who can lose money on these routes for 

the longest period and still stay in business overall. The late 1980s and early 1990s saw a 

general upward trend in airline fares in response to rising fuel costs and contraction (often 

creating less competition) in the industry.  The past decade has generally been a period of 

declining airfares due to increased competition, particularly from a surge of new, start-up, 
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low-cost carriers.  The impact of the low-cost carriers has been well-documented in the 

literature (Dresner, et al., 1996; Vowles, 2001; 200b). However, rising fuel costs 

frequently create a spike in fares.  Thus a variety of political, economic and policy 

changes have created a constant fluctuation in the general trend of airline fares in the U.S.  

In the deregulated era, airlines have additionally had to focus on intense competition 

within an industry that is frequently classified as oligopolistic (Vasigh, et al., 2010).  

Sophisticated principles of yield management are now the norm in the airline industry 

which requires constant scrutiny of competitors, load factors on each route run by the 

airline, and changing market demands and tastes (Clark & Vincent, 2012; Obeng & 

Sakano, 2012; Wensveen, 2007)). 

 Some geographers have sought to better understand the relationship between 

distance traveled and airfares in a variety of settings.  Johns & Ivy (2000), for example, 

examined the concept of accessibility (central location vs. peripheral location) in the 

European Union using air fares as one of the variables.  Fajardo & Ivy (2001) compared 

the importance of distance travelled in the construction of airline fares in the European 

Union and the United States, finding that distance travelled contributes more to airline 

fares in the EU than in the US.  Their work calls for more research in the modeling of the 

complexities of the airline fare structure in the U.S.  Harlin & Ivy (2003) confirmed a 

statistically significant linear relationship between distance traveled and airfares, albeit 

fairly weak (R=0.383), indicating a complex model in which a variety of factors beyond 

distance could impact airline fares in the U.S.  Their map of residuals generated from the 

fare/distance model showed lower fares than expected (based on distance traveled to all 

other airports in their study set) from the West coast of the U.S. through the Southwest, 
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South Central and Upper Great Lakes regions, as well as the Northeast coast and Florida.  

Higher fares than expected were found in the Northwest mountain states, particularly 

Wyoming, Idaho and Montana, as well as North and South Dakota.  Another important 

variable in their study was the inclusion of flight frequency into a multiple regression 

model along with distance.  The correlation coefficient (R) increased to 0.587 when using 

both distance and flight frequency to explain the differences in air fares.   
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III. METHODS 

 This chapter describes the overall design of the study, from sample creation, 

variable selection, data collection, to the techniques and reasoning behind the statistical 

tools used to analyze the data collected. The chapter is broadly divided in two sections: 

research design and data analysis, and each are further subdivided to address the 

aforementioned steps. 

 3.1 Research Design 

For most air travelers in the U.S., the construction of airfares seems to be 

haphazard, both between particular markets around the nation, and on individual flights.  

It is common to hear air travelers complain, for example, that the cost of a ticket is 

sometimes lower traveling from coast to coast than within a particular region of the U.S.  

Moreover, any regularly scheduled commercial flight departing today contains 

passengers whose paid fares for the exact same trip can deviate dramatically, often based 

on variation in the date of purchase. This phenomenon is known as price dispersion and it 

occurs in the airline industry due to high levels of competition, shrinking profits through 

much of the deregulated era, and sophisticated yield management principles. Airlines 

typically change fares several times per day to respond to competitors’ fare changes 

while aiming to maximize revenues. Therefore, we know that class of service creates fare 

differences, but what are the other factors come into play?   
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The datasets used in this research simulate a passenger quoting an airfare two 

months prior to departure, then, two weeks prior to departure, and finally one week prior 

to departure. It is important to simulate this process as it is the most realistic way to 

replicate the interaction between airlines and potential passengers and also because price 

dispersion is due to some degree to the time gap between purchasing a ticket and the 

departure date. With the exception of Fajardo & Ivy (2001) and Harlin & Ivy (2003), 

previous studies have used airfare data on purchased itineraries acquired through the 

Bureau of Transport Statistics database or through a global airline management 

reservation system such as SABRE. The problem with these sources of airfare data is that 

they do not take into account the time of purchase and the data will be composed of 

itineraries purchased as early as four months or as late as one day before departure. For 

that reason, the data collection of airline fares for the two datasets to be used in this 

research was quite tedious and time consuming, explaining why there are relatively few 

studies that attempt to analyze airline fares in great detail. Therefore, two different sets of 

data were collected to carry out this research; the first dataset was used to explore the 

market forces that contribute to the airfare structure, and the second set was used to study 

the spatial variability and dependence of airfares in the United States. 

3.1.1 First Sample   

The Federal Aviation Administration (FAA), ranks airports based on the number 

of passengers enplaned each year relative to the total number of passengers that are 

enplaned throughout the United States. For instance, an airport with a share of enplaned 

passengers greater than 1 percent are classified as large hubs. Airports with shares 

between 0.25 percent and .99 percent are rank as medium size hubs, while airports with 
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shares between .24 percent and 0.05 percent are considered small hubs. The rest of 

commercial airports that service less than 0.05 percent of enplaned passengers in the 

United States are classified as ‘non-hubs’. The first data set in this study consists of sixty 

airport hubs where a stratified random sample was used to select twenty large hubs, 

twenty medium hubs, and twenty small hubs, based on the hubs’ share of total enplaned 

passengers for 2009.  Additionally, location was also taken into consideration in order to 

achieve a balanced geographic representation (figure 3.1).  

Figure 3.1. Selected Airport Hubs for First Dataset 

 

A symmetrical origin-destination matrix was created using the sixty airports 

selected which rendered 3,540 point to point routes after removing the i to j diagonal 

values. For each one of these routes a total of eleven variables were collected to study 

their relationship and contribution to the airfare structure (table 1). The variables selected 

were used as proxies to measure the influence of market forces such as demand and 
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elasticity of demand, as well as the competitive environment of airlines by taking into 

account the number of competitors, and the operating cost incurred by airlines dependant 

on their fleet, network structure, and overall distance to reach the destination. To create 

the variable ‘hub size’, the value of the hub size ranking for the origin and destination 

cities were combined for each city pair route.  Given the three main hub sizes (small, 

medium, and large), an ordinal scale was created with nine possible hub combinations of 

origin-destination matching (i.e. from small hub to another small hub, from small hub to 

a medium hub, from small hub to a large hub, etc.).  The values of the variable ‘total 

passengers’ were standardized (z-scores), and each city pair was assigned the 

standardized value of the origin hub. The variable ‘distance’ (direct point to point 

measurement) was calculated in ArcMap using the ‘near tool’ in the Analysis toolbox. 

The point shapefile with all the airports was acquired from the 2010 National 

Transportation Atlas Database as well as the polygon shapefile for the United States. The 

geographic projections of both shapefiles were transformed to the projected coordinate 

system ‘U.S. contiguous equidistant conic’ to get the most accurate measure of distance. 

The geographic distance values were then converted from meters to miles.  

The expected fuel cost was created by first calculating the expected fuel 

consumption in gallons between each city pair and multiplying that value by the average 

cost per gallon of jet fuel. In order to calculate the expected fuel consumption, the fuel 

capacity and flight range for each type of aircraft was researched on the various websites 

of the aircraft manufacturers and multiplied by distance traveled. The average cost per 

gallon of jet fuel was acquired from the United States Energy and Information 

Administration (EIA).  The main goal for including fuel costs was to examine the fuel 
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efficiency along specific routes based on miles traveled and particular aircraft scheduled 

for the trip in relation to air fares.  Airlines typically bid for contracts for fuel supplies 

several months in advance, so to check for the impact of changes in fuel prices on air 

fares would require much longer lead times than this study utilized. 

3.1.2 First Data Collection 

The travel dates used for this dataset were the same used by Harlin & Ivy in 2003 

(departure date of May 10th, return date of May 17th).  These departure dates are generally 

right before the beginning of the high-fare travel season, which may not be ideal, but 

there was a desire to be consistent with the 2003 study departure dates to more precisely 

examine any trend changes that may have occurred in the past ten years. However, given 

that this study is also interested in looking at the change in airfares as the traveler 

approaches the departure date, data were collected for three scenarios.  First, data were 

collected from March 7th through 14th, 2011, giving a lead time of approximately sixty 

days before the May 2011 departure; second, the same data were collected April 24th 

through 26th 2011, giving a lead time of approximately two weeks before the May 2011 

departure; and data were again collected for a third time during May 1st through 3rd 2011, 

approximately 1 week before the May 2011 departure. During the second and third data 

collection periods, only airfare data were collected working on the assumption that the 

other variables would have shown little to no change in the short time period since the 

first collection. Except for variables that are clearly aggregate measures, data for each 

origin destination pairing in the study set were recorded for the single flight with the 

lowest airfare listed on Priceline. One limitation with airfare data collected in this tedious 
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matter is the data collection period itself—meaning that the period of data collection 

cannot be prolonged due to the dynamic nature of airfares. 

Table 3.1. Variables Selected for First Dataset 

Variable Description Function Source 

Airfare Lowest airfare from i to j Dependent Variable Priceline 
Frequency # of flight options from i to j Competition Priceline 
Airlines # of airlines participating from i to j Competition Priceline 
Flights # of flights to reach destination j Operating Cost Priceline 
Layover Connection time in transfer to j Elasticity Priceline 
Hub Size Ranking based on sizes of i and j Demand FAA 
Distance Point to point distance between i and j Operating Cost GIS 
Passengers Passengers enplaned and deplaned at i Demand Priceline 
Aircraft Type of aircraft used to reach j Operating Cost Priceline 
Travel Time Overall trip time from i to j Elasticity Priceline 
Fuel Cost Expected fuel cost to reach j Operating Cost EIA 

 

3.1.3 Second Sample 

 The second dataset builds on the results and recommendations obtained from the 

analysis of the first dataset. For one, the number of airports sampled increased from sixty 

to eighty to include non-hub airports at smaller cities throughout the United States. This 

selection rendered a symmetrical origin-destination matrix of 6,320 unique point to point 

route combinations after removing the i to j pairings in the diagonal. The top twenty 

airports in the lower forty eight states from each of these four categories were selected 

based on their 2011 share of enplaned passengers (figure 3.2). The number of 

independent variables used as proxies to account for the influence brought on by the 

competitive structure of the airline industry, operating cost, as well as demand and 

elasticity, were incremented from eleven to nineteen (Table 3.2). Many of these variables 

are the same as the one used in the first dataset as they showed to influence the airfare 

structure. Among the new variables included is departure time which was used as a proxy 
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for elasticity of demand given that some passengers are willing to pay more flights that 

leave during specific time slots of the day. This variable was recorded in time blocks 

instead of actual time (i.e. early morning departure, mid morning departure, early 

afternoon, early evening, and late evening). Another added variable was seating capacity, 

which replaced the ‘type of aircraft’ variable used in the previous dataset with the idea 

that this was a better proxy to measure the operating cost that airlines incur and therefore 

they can spread it over more passengers in larger aircrafts than in smaller ones.   

 
Figure 3.2. Selected Airport for Second Dataset 
 

 
 
  

Additionally, more proxies of competition were added due to the recent mega 

mergers that have taken place over the last five years (i.e. Delta and Northwest; United 

and Continental; Southwest and AirTran, and the recently approved American and US 

Airways merger). Consequently, the market share of the dominant airline providing 
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(3.1) 

service between each city-pair market was gathered from 

www.flightaware.com/insight/airline, and from this data set, four variables were created: 

the presence (or absence) of a low cost carrier (Southwest, AirTran, Jetblue, Allegiant, 

and Spirit), market share of the low cost carrier along each route when applicable (0 was 

entered as the market share when a low cost carrier was not present), and a calculation of 

the Herfindahl-Hirschman Index (HHI) both with regional carriers (such as USAirways 

Express carriers operated by several different regional airlines) as independent 

competitors, and merging the market share data of the regional carriers with their 

contracting airline. The Herfindahl-Hirschman Index or HHI is a commonly used 

measure of the concentration of an industry by examining the distribution of the market 

shares of the firms involved. The index is calculated by squaring the market share for 

each firm in a particular industry, and then summing the squares where    is the market 

share of firm i in the market, and N is the number of firms in the market.  Finally, an 

‘airline transfer hub’ variable was created by determining from each airline’s website 

whether or not each origin airport in the study set serves as a transfer hub for any of the 

commercial airlines of the United States. 

 

      
    

  
 
Furthermore, a spatial analysis was carried out in ArcGIS to account for the 

influence that surrounding airports have on each other. This is especially the case in 

multi-airport regions where passengers can substitute their closest airport if another 

nearby airport offers a lower airfare. This ability to substitute airports has been facilitated 

by travel websites that prompt consumers with the airfare information of nearby airports. 

However, the lack of surrounding airports can also have the opposite effect in areas 
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where consumers do not have a viable option to substitute their closest airport. This is 

especially the case in less populated areas of the country where there is demand for air 

service but that are not profitable for airlines due to the small population sizes and higher 

operating cost for smaller aircrafts. Consequently, four variables were created to test for 

the influence that primary airports within a 75, 150, 225, and 300 miles radius (i.e. 

potential competitors or airports that could be perceived as intervening opportunities as 

points of origin) using each of the 80 airports individually selected as the centers. The 

above distances selected as radius buffers for searching surrounding airports were 

determined based on the hypothetical distance that a driver can cover within one, two, 

three, or four hours of non-stop driving, respectively. Fuellhart (2003) found that most 

consumers were willing to drive less than two hours as a maximum distance to alternative 

airports, however, this research seeks to re-test this finding with a larger study set due to 

the greater spatial variability of airports in the western U.S.  The point shapefile 

containing all the airports receiving commercial sercvice in the United States was 

acquired from the 2010 National Transportation Atlas Database and the ‘U.S. Contiguous 

Equidistant Conic’ projection was used to get the most accurate measure of the distances.  

 

3.1.4 Second Data Collection 

 The traveling period used in all queries had a departure date of May 10th, 2012 

and a return date of May 17th, 2012. These dates are comparable to the first dataset 

mentioned in the previous section. Also similar to the first dataset, there were two 

additional data collection periods to examine the relationship between the variables as the 

gap in time between quoting an airfare and the departure date gets smaller. The second 
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collection period took place during April 26th to April 28th, simulating a potential 

passenger quoting an airfare two weeks before departure. The third collection period was 

carried out from May 3rd to May 5th, simulating a potential passenger quoting a fare one 

week prior to departure date. It should be noted however, that for the 2nd and 3rd 

collection periods only the airfare was collected; the other six independent variables 

gathered from Priceline were not collected since it would have extended the collection 

period for several days, thus jeopardizing the validity of the fares collected. 

Table 3.2. Variables Selected in Second Dataset 

Variable Description Function Source 

Airfare Lowest airfare from i to j Dependent Variable Priceline 
Frequency # of flight options from i to j Competition Priceline 
Airlines # of airlines participating from i to j Competition Priceline 
Flights # of flights to reach  j Operating Cost Priceline 
Layover Connection time in transfer to j Elasticity Priceline 
Departure Time block of departure Elasticity Priceline 
Seating Capacity Seating capacity based on aircraft Operating Cost Priceline 
Hub Size Ranking based on sizes of i and j Demand BTS 
Total Passengers # of passengers enplaned at i Demand BTS 
Airline Transfer Hub Airport serving as a hub for airline Competition Airlines 
Low Cost Carrier 
Presence 

Participation of a LCC from i to j Competition Flightaw
are 

Low Cost carrier Share Market share of LCC from i to j Competition Flightaw
are 

Dominant Airline Market share of airline at i Competition BTS 
HHI Merged Concentration level merging 

regional carriers 
Competition Flightaw

are 
HHI Single Concentration levels not merging 

regional carriers 
Competition Flightaw

are 
Distance Direct distance between i and j Operating Cost GIS 
Surrounding Airports 75 airports within 75miles of i and j Competition-Airports GIS 

Surrounding Airports 
150 

airports within 150 miles of i and j Competition-Airports GIS 

Surrounding Airports 
225 

airports within 225 miles of i and j Competition-Airports GIS 

Surrounding Airports 
300 

airports within 300 miles of i and j Competition-Airports GIS 
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3.2 Data Analysis 

This research employed linear regression analysis as its main tool to investigate 

the cost of traveling within the lower forty eight states of the U.S. as a function of 

competition, operating cost, demand, elasticity of demand, and substitutability from 

nearby airports. Furthermore, given that the dataset used in this research takes place 

along an air transport network, it was necessary to take into account the spatial structure 

of the dataset and control for spatial autocorrelation. For this reason, this research 

considers the first order properties of spatial autocorrelation where it was argued that 

airfares vary across space due to the changes in competition, operating cost, demand, 

elasticity of demand, and substitutability of nearby airports. This spatial non-stationary 

phenomenon was tested through geographically weighted regression. This research also 

took into account the second order properties of spatial autocorrelation that argued that 

airfares vary across space due to the interaction between airfares. This spatial dependence 

phenomenon was accounted for through the use of spatial autoregressive models. In 

reality however, both, first and second order properties play a role in the spatial structure 

of the dataset; as such, a mixture of autoregressive and geographically weighted 

regressions were implemented to account for non-stationary and spatial dependence. 

3.2.1 Linear Regression  

                       

The variable selection process in multiple linear regression analysis is a common 

issue. Therefore, before trying all possible combinations of independent variables, it is 

always good practice to keep in mind the hypothesis and the underlying process that is 

being studied instead of seeking the equation that will lead to the highest coefficient of 

(3.2) 
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determination. The following hypotheses were used as a guide to inform the variable 

selection process in the multivariate regression analysis: 

 1) Airfares increase with distance 

2) More competition in a city-pair leads to lower airfares 

3) Higher load factors lead to lower airfares 

4) The more options for airport substitution a passenger has, the lower airfares 

 he/she will find 

With these guiding principles in mind, there are other key statistical outputs that 

need to be checked during the variable selection process. One important assumption of 

multiple linear regression is that there is no multicollinearity among the independent 

variables (i.e. the correlation between the regressors is not high). For this reason, during 

the variable selection process the variance inflation factor (VIF) was monitored to detect 

multicollinearity issues. Failure to do so can lead to the selection of redundant variables 

and to a distorted coefficient of determination. The threshold of VIF values for 

determining the presence of multicollinearity ranges from conservative estimates as low 

as 5 and as high as 10; nonetheless, the conservative approach suggested by Rogerson 

(2006) was adopted where anything beyond five was removed from the model. In 

addition to keeping multicollinearity under control, statistical significance of both, the 

independent variables and the overall regression model were constantly monitored. 

Although sometimes an independent variable might not present redundancy issues there 

is the possibility that the variable could end up being not statistically significant. The t-

statistics and significant values of the coefficients were examined every time a variable 

was removed or added to the model. To accomplish this, first, the variable that was most 
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highly correlated with the dependent variable was entered first and then the rest of the 

variables continued to be added in order of decreasing correlation. However, as each 

variable was added, variables entered on earlier steps were rechecked to see if they were 

still significant; if this was not the case, they were removed. As each variable was added 

or removed, both, the VIF and significance values were rechecked as well as the overall 

significance of the regression model and coefficient of determination. Finally, with every 

addition and removal of variables the behavior of the coefficient of determination was 

observe throughout the process, but again, the objective was not to find the combination 

of independent variables that leads to a high coefficient determination, but rather observe 

how each variable contributed to the explanation of the variation of the dependent 

variable. 

 

3.2.2 Geographically Weighted Regression   

The residuals from a well fitted ordinary least squares (OLS) regression model 

should be random and normally distributed (Rogerson, 2006). However, geographic data 

tends to violate these assumptions and a clustering pattern tends to occur with the 

residuals (Fotheringham, et al., 2002). The spatial structure found on residuals can lead to 

bias estimates and large errors and although it was not the goal of this study to make 

predictions of airfares, a well specified model should meet both of these assumptions. To 

meet these expectations and also answer the second research question of how these 

coefficients vary in space, a geographically weighted regression (GWR) model was 

constructed.  

                                                   (3.3) 
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Where         represents the geographic coordinates of I (i.e. the location of the 

parameter). 

GWR works in a similar manner that a moving window regression works where a 

grid or ‘window’ around each regression point contains observations that are used to 

calibrate the regression points. GWR borrows the same idea of using nearby observations 

to calibrate the regression point, except that points closest to the point of interest are 

weighted more than points that are farther apart; in other words, inverse distance 

weighting is applied. With this concept in mind, each regression point is estimated using 

only nearby observations and as such each point will be calibrated differently and will 

produce local estimates for each regression point. In the regression equation matrix form:  

        

  is estimated in vector form by: 

               

The GWR equivalent is: 

                          

Where     represents the row in the n by n spatial weight matrix W    and: 

      
     
   
     

  

Where W(in) is the diagonal weight for each observation and the non-diagonal weights 

are set to zero (i.e. sparse matrix).  

Consequently, GWR is sensitive to the size of the neighboring area, known in the 

literature as ‘bandwidth’ (Fotheringham, et al., 2002). If the spatial distribution of the 

dataset is uneven, GWR might encounter the challenge of the bandwidth using very few 

(3.4) 

(3.5) 

(3.6) 

(3.7) 
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observations to calibrate the regression point, which might lead to poor estimations. For 

this reason, GWR offers the option of making the bandwidth adaptive where in areas with 

few observations the bandwidths are smaller and therefore each observation carries more 

weight, while in areas with abundant  information, the bandwidth is larger and the 

observations carry less weight (i.e. where the distribution is dense the spatial context is 

smaller, where the distribution is sparse the spatial context is larger). The researcher also 

has the option of setting a fixed bandwidth (i.e. similar to the moving window regression) 

or setting a minimum number of neighbors to be included in the calibration. The 

bandwidth option selected in this research was the default setting (adaptive bandwidth) 

where the software chose the size. Due to this inverse relationship with distance, the 

bandwidth is said to achieve the shape of a Gaussian kernel where the maximum value is 

right over the point being regressed (i.e. itself).  

The power of GWR then is that it gives the researcher the ability to examine the 

spatial variation in relationships since the technique will calculate different   estimates 

and coefficient of determinations at each point of interest. In this sense, the focus is more 

on the spatial heterogeneity of the model (i.e. the first order properties of 

autocorrelation). In linear regression, the researcher assumes that the   estimates and 

coefficient of determination obtained from the model are homogeneous (i.e. they are 

global), in GWR each point of interest gets its own ‘local’ model (Fotheringham,et al., 

2002). In view of this reality, if linear regression is used to model a spatially 

heterogeneous phenomenon, the residuals of the model will present spatial 

autocorrelation regardless of whether the model was fitted correctly. For this reason, 

when the residuals present a spatial pattern and the researcher is interested in improving 
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the model as well as examining the local distribution of the coefficients, GWR is 

recommended (Cardozo, et al., 2012; Fotheringham, et al., 2002; Rogerson, 2006).  In 

this study, GWR was applied to the second dataset and each observation (i.e. city-pair) 

received the geographic coordinate of its origin airport; hence, local   coefficients and 

coefficient of determinations were estimated for each airport. 

 

3.2.3 Spatial Autoregressive Models   

 While ‘spatial heterogeneity’ refers to the varying relationships in space, ‘spatial 

dependence’ (2nd order properties of autocorrelation) argues that the autocorrelation 

structure is due to the interaction effect between observations (i.e. values at location i 

depend on values at location j, but never with itself i ≠ j) (LeSage & Pace, 2010). 

Consequently, spatial autoregressive models are linear regression models that control for 

spatial dependence and this framework was used to answer the third research question on 

whether spatial dependence plays a role in the construction of airfares in the United 

States. The general statement of the spatial autoregressive model follows the form: 

            

         

Where;  

 y = dependent variable (nx1 vector) 

 X = independent variable (nxk matrix) 

            spatial weights (nxn matrix) 

    parameter to be estimated that reflects the influence of independent variables 

(3.8) 
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    spatial autoregressive parameter to be estimated that reflects the spatial lag  

        dependence in     

    coefficient on the spatially correlated error 

    error term, represents the stochastic disturbance in the model 

From this general statement, many special forms have been derived and this research 

makes use of two of them: the first order spatial autoregressive model (FAR) and the 

mixed regressive spatial autoregressive model (SAR). 

 

3.2.4 First Order Spatial Autoregressive Model 

 The FAR model is achieved when the general statement is restricted so that    

and X are both set to zero. In this case, the statement is reduced to: 

         

This version of the model attempts to explain the variation of the dependent variable 

using ‘y’ (i.e. itself) as the only independent variable with a linear combination of    

which captures the spatial relationship between the observations. The estimated 

parameter     represents the average strength of spatial dependence in the sample of 

observations. It represents part of the total variation in y across the spatial sample that is 

explained by each observation’s dependence on its connected neighbors. The parameter ρ 

would reflect this in the typical sense of regression. This parameter should not be 

interpreted exactly as a conventional correlation coefficient between y and Wy. Anselin 

and Florax (1994), define the feasible interval for ρ as: 

 

    
   

 

    
 

 

(3.9) 

(3.10) 
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Where: 

λmin represents the minimum eigenvalue of the standardized matrix W and  

λmax denotes the largest eigenvalue of matrix W. 

The estimated parameter     can then be interpreted as a global measure of the degree of 

spatial autocorrelation inherent in the dataset; in fact,    is interpreted in a similar manner 

to Moran’s I measure of spatial autocorrelation, where significant positive values are 

indicative of positive spatial autocorrelation (i.e. cluster pattern), significant negative 

values are indicative of negative spatial autocorrelation (i.e. uniform pattern), and no 

significant values are indicative of no spatial autocorrelation (i.e. random pattern). In this 

sense, FAR is similar to GWR in that it assigns different weights to each observation; 

however, where GWR assigns weights based on ‘distance’ to the point of interest, FAR 

does it based on ‘contiguity’. Consequently, estimation of   relies heavily on the ability 

to adequately describe the spatial relationship that exists among the observations.  

 O’Sullivan and Unwin (2009) describe many different ways in which the spatial 

relationship in the data can be quantified based on the concept of adjacency. The two 

basic structures are rooks contiguity (regions that share an edge with the area of interest 

are assigned a value of one, zero otherwise), and queens contiguity (regions that share an 

edge or vertex with the area of interest are assigned a value of one, zero otherwise). 

LeSage and Pace (2010) describe many other forms to define contiguity and to different 

orders as well (i.e. instead of ‘first order’ where only the immediate neighbors are taken 

into account, in ‘second order’ contiguity, the neighbors of the neighbors will also be 

considered to be contiguous, and hence assigned a value of one). Many different orders 

can be used, similar to a connectivity matrix that can be power until all zero values are 
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non-existent; however, redundancy should be kept in mind as the order of contiguity is 

incremented. 

 

3.2.5 Spatial Relationships in an Air Transport Network 

 Describing the spatial dependence structure based on contiguity was originally 

developed in the regional sciences as economist and human geographers were dealing 

with data that was aggregated by zip codes, census tracts, provinces, and many other 

levels of political division. For this reason, the way to capture the relationship of the data 

was based on the concept of adjacency. The dataset used in this research however, takes 

place in an air transport network, and as such, contiguity cannot be defined in the 

straightforward manner that is defined with areal units. Fortunately, the literature on 

spatial interactive models and network analysis (Taafe, Gauthier, and O’Kelly, 1996) 

have used matrices to capture the interaction between transportation nodes (i.e. they treat 

the network as a matrix). In these models, the interaction between two cities, linked by a 

highway or an air route, captures the flow of goods, people, and information. Using this 

framework, the concept of ‘connectivity’ is used in place of the concepts of ‘adjacency’ 

and ‘distance’ to describe and capture the spatial structure of the dataset. 

Figure 3.3. Describing Spatial Relationships between Locations 
 
  
 
 
 
 
 
 
 
 
 Distance   Contiguity  Connectivity 
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 The concept of connectivity was used to design a series of spatial weight matrices 

in order to find the matrix that most adequately described the spatial relationship inherent 

in the dataset. Following the concept at the core of the basic form of the gravity model 

(Taafe, Gauthier, and O’Kelly, 1996) where population size and distance determine the 

level of interaction that exist between two cities, the following three variables were used 

to build the matrices that were tested in FAR: distance, passenger flow from i to j, and 

hub size. These variables were the three variables that had the potential of accurately 

describing the spatial interaction in the dataset. The gravity model takes the following 

form: 

     
    

   
    

Where; 

   = predicted flow between i and j 

   = population at city i 

   = population at city j 

   = distance between i and j 

One of the basic tenets of the gravity model is that the bigger the distance between two 

cities, the less interaction is expected and vice versa. Also, distance had the added bonus 

of already having a strong positive correlation with the airfare and being the variable that 

explains the most variation in the airfare. Furthermore, another basic tenet of the gravity 

model is that the bigger the population of a city, more interaction is expected with bigger 

cities than cities with smaller populations. In this sense, the ranking of an airport, as 

measure by its hub size, is indicative of the number of passengers that are enplaned each 

(3.11) 
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year, and as such, more interaction was expected to take place among bigger airports than 

between smaller airports. Therefore, hub size was a logical choice since many of these 

airports that are ranked as ‘large hubs’ in the U.S. air transport system are either airports 

in big cities that benefit from high local demand, or are airports that serve as an airline’s 

transfer hub and therefore serve as a collection point in the system. In some instances 

however, some airports can benefit from both, having a large local population and be a 

key node in the airline’s network (i.e. ATL, DFW, ORD). Consequently, passenger flow 

from i to j was also chosen due to being the closest proxy of the trade off that occurs in 

the gravity model between distance and population size. This variation in passengers is 

indicative of the level of interaction that exists in the different city pairs created from the 

eighty airports used in this dataset. The passenger flow data was acquired from the Air 

Carriers Statistics (Form 41 Traffic-US Carriers) database and it was downloaded from 

the Research and Innovative Technology Administration (RITA) of the Bureau of 

Transport Statistics (BTS). The table used from the database was the T-100 Market (US 

Carriers Only) which contains the market level data between all origin and destinations in 

the United States.   

 Using this framework, a total of twenty one matrices were build using distance, 

passenger flow, and hub size as attributes that guided the city-pair selection process 

(Table 3.3). For instance, the matrix ‘D<1,500’ indicates that only city-pair routes with a 

distance of 1,500 miles or less were described to be ‘connected’ with the route of interest. 

Figure 3.4 illustrates this concept using Miami International Airport (MIA) to Columbus, 

OH (CMH) as the route to be estimated. In this case, only the routes MIA to Chicago 

O’Hare (ORD) and MIA to Raleigh Durham, NC (RDU) would have been linked. In 
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other words, these were the only two city-pair routes that were used to calibrate the 

airfare value for MIA to CMH. A similar route selection process was used to describe the 

spatial structure in the data set with the other two variables. If matrix ‘P<100,000’ was 

used to describe the spatial structure, only MIA to Boise, ID (BOI) and MIA to RDU 

would have been connected. On the other hand, if matrix ‘All Equal H’-meaning routes 

with airports of the same hub ranking- was used to describe the spatial structure, only 

MIA to ORD would have been linked to the MIA-CMH route. Given that the variable 

hub size ranks airports from 1 (non-hub to non-hub) to 16 (large hub to large hub), very 

few connections were established in the connectivity matrix. As such, in some instances 

routes were selected on two attributes, hub size and distance. In other words, the city-pair 

route had two satisfied both selection parameters in order to be linked to the point of 

interest. 

 
Table 3.3. Variable Attributes used to Create Connectivity Matrices 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Distance (D) Passenger Flow (P) Hub Size (H) + (D) 

Any D Any P Any H 
D<1,000 P>2,500 All Equal H 
D<1,500 P>5,000 Equal H + D>500 
D>1,000 P>10,000 Equal H + D<1,500 
D>1,500 P>25,000 Equal H + 500<D<1,750 
1,000<D<1,500 P<100,000 Equal H + 750<D<2,000 
750<D<1,500  Equal H + 500<D<2,000 
500<D<2,000   
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Figure 3.4. City-Pair Selection based on Variable Attributes 

 
 
 
 
 
 
 
 
 
 
 
 
 
      Distance       Passengers   Hub Size 
 
 

Table 3.4. Routes Selected to Estimate the Airfare from MIA to CMH 
 

Matrix  ORD BOI RDU 
D<1,500 MIA 1 0 1 
P<100,000 MIA 0 1 1 
H=Equal Hubs MIA 1 0 0 

 
 Given that the second dataset has a total of eighty airports, this rendered a 

combination of 6,320 routes, where (i ≠ j), and therefore each matrix created was 6,320 

by 6,320. Figure 3.5 illustrates the quantification process in the hypothetical example 

where D<1,500. 
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Figure 3.5. Quantifying Spatial Relationships in an Air Transport Network 
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 There are a few things that need to be highlighted about the quantification process 

shown in figure 3.5. First and foremost, note that the route being predicted do not uses 

itself despite the fact that in some instances there was connectivity. This is due to the 

definition of the spatial autoregressive model stated previously (i.e. values at location i 

depend on values at location j, but never with itself i ≠ j). Therefore, these values were 

forced to be zero (the red zeros in the diagonal) and each value was then standardized so 

that the total sum of the weights equaled to unity. Second, the routes selected to predict 

the route of interest only used the routes that originated from the same airport and as such 

the maximum number of routes that could have been used in the estimation was seventy 

eight (i.e. 79 routes for each airport minus the route being predicted since i ≠ j).This is a 

limitation since information from routes originating or terminating in either of the two 

cities that make up the route of interest could have been used predictors since it would 

have taken into account the factors that influence the airfare at both airports. Also, routes 

in the opposite direction could have also helped explain the imbalance that exists in 

airfares due to seasonality. For instance, there is more demand from Minneapolis, MN 

(MSP) to Fort Lauderdale, FL (FLL) during winter months, and therefore higher airfares, 

than in the opposite direction during the same season, despite the route involving the 

same cities. Third, also note that in the example provided in figure 3.5, BOI to RDU does 

not have any route to use in the calibration and hence, in this hypothetical example it 

would have estimated an airfare of zero for this route. For this reason, the ranges used in 

the variable selection process were limited by this factor and so it was ensured that each 

observation had a minimum of two routes to use for calibration. Lastly, the final weight 

matrix ended up being a sparse matrix (i.e. mainly composed of zeros) and this is due to 
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having to make the weight matrix square and only using the routes originating from the 

same airport. Given that both, the dependent variable and the independent variable were 

in vector form with dimensions [6320,1] the weight matrix had to have as many columns 

as there were rows in the vectors in order to perform the multiplication. Therefore, the 

matrix had to be square [6320, 6320] where the empty cells were filled with zeros (i.e. 

the green zeros in figure 3.5). 

 

3.2.6 Mixed Autoregressive Model 

   Once the matrix that best described the spatial dependence structure in the dataset 

was identified through FAR, the matrix was then used in the mixed regressive-spatial 

autoregressive model (SAR), which is the version of the general autoregressive model 

where only    is restricted to zero (Anselin, 1988). The model then takes the following 

form: 

           

SAR is called mixed regressive-spatial autoregressive because it combines the standard 

regression model with the first order spatial autoregressive model (FAR). In this sense, 

SAR is similar to time lagged time series, where the observations are shifted back in time 

to the ith order lag (i.e. if shifted one time, then is a first order lag). Using the same 

analogy, here the lag takes place in space and not in time, where the first order 

connectivity is the spatially lag independent variable contained in the connectivity matrix 

  , and   is the coefficient of the spatially lagged independent variable. Therefore, SAR 

takes into account spatial dependence and the influence of the independent variables at 

the same time. 

(3.12) 
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 Finally, although the SAR model does take into account spatial dependency, it can 

still lead to spatially autocorrelated residuals since airfares can follow more the first order 

properties of spatial autocorrelation (i.e. airfares are non-stationary). For this reason, the 

residuals from the SAR model were used as the dependent variable in a GWR model to 

account for both, spatial dependency and spatial heterogeneity.  

 

3.2.7 Spatially Autocorrelated Residuals 

 The final step of the analysis was to test the residuals from all four models (i.e. 

OLS, GWR, SAR, and SAR/GWR) for spatial autocorrelation. Given that all four models 

ought to meet the assumption of randomly distributed residuals, Moran’s I was used to 

see which model corrected best for spatial autocorrelation. Moran’s I takes the following 

form: 

 

   
 

          
   

    
                    

   
 
   

     
 
   

 
   

  

 
At the core of this calculation is the covariance term which calculates the product of the 

difference of value   at i and j from their respective means  . In this sense, if both    and 

   are on the same side of the mean (either below or above it) the product will be 

positive; however, if either one of the terms if above or below it then the product will be 

negative. The covariance term is then multiplied by matrix     which weights each 

observation based on their adjacency (i.e    =1 if zone i and j are adjacent, zero 

otherwise). The rest of the terms in the equation normalize the weighted covariance value 

I according to the number of observations , the range of values in , and the number of 

adjacencies created in matrix   .   

(3.13) 
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IV. RESULTS 

 This chapter presents the results obtained from the analysis described in chapter 

three and it is divided in three sections. It begins by presenting the results from the first 

dataset used to explore the market forces that contribute to the airfare structure. Then, 

sections two and three present the results from the analysis performed on the second 

dataset: first, the results from the geographically weighted regression are presented, 

followed by the results from the spatial regression models. 

 

4.1 Market Forces in the U.S. Airline Industry 

The first part of the analysis employed linear regression analysis as its main tool 

to investigate the cost of traveling within the lower forty eight states of the U.S. as a 

function of competition, operating cost, demand and elasticity of demand. The 

preliminary analysis of the first data collected, approximately 30 days prior to departure, 

identified that some origin/destination pairings should be eliminated from the study.  The 

variables trip distance and geographic distance were examined against each other in a 

scatter plot to look for city pairs that had unusually long trip distances when compared to 

their actual geographic distance. This was anticipated because of the close proximity of 

some airports in the study set, and therefore the lack of easy flight service between them. 

For instance, the trip distance from Miami to West Palm Beach was unusually high when 

compared to the geographic distance between them since no non-stop flight is scheduled 

between cities so close (easy driving distance) to one another, and the flight service
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between the two was routed through Atlanta.  The same was, of course, true for the return 

flight in each of these cases (i.e. West Palm Beach to Miami) and hence a total of 58 city 

pairs were deleted from the data set. The points representing the 60 diagonal values in the 

distance matrix were also deleted (representing distance from/to the same city).  This left 

a total of 3482 city pairs of flights for the analysis.  

Using the data for these city pairs, multiple linear regression analysis was 

performed with ‘airfare’ as the dependant variable. All variables (number of airlines, 

number of flights, type of aircraft, hub size, geographic distance, trip distance, travel 

time, standardized total passengers, flight frequency, layover time, and expected fuel 

cost) were entered into the model as independent variables in order to check for 

multicollinearity.  VIF and Pearson’s correlation coefficient analyses (from three 

different models) supported the removal of ‘trip distance’, ‘expected fuel cost’ and ‘travel 

time’ from the model. The final model using the remaining variables resulted in an R2 of  

0.434. Table 1 is a partial output of the regression model.  

As shown in Table 4.1, all variables were statistically significant.  The ‘number of 

flights’ that a passenger must take to reach their final destination seems to be a strong 

predictor of airfares. Looking at the positive relationship between ‘airfare’ and ‘number 

of flights’, one can expect an increase of 36 units in the predicted airfare for every one 

unit increase in the number of flights, given that all remaining variables remain constant. 

There is an interesting relationship between ‘hub size’ and ‘total passengers’ as predictors 

of airfare. ‘Total passengers’ coefficient on the predicted airfare is opposite from hub size 

(positive as opposed to negative), but the magnitude of the contribution of both variables 

is approximately equal in the model (14.939 compared to -14.500).     
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Table 4.1. Regression Model Two Months before Departure 

Variable Unstandardized 
Coefficient 

Standard 
Error 

t- score Significance 

Constant 

Airlines 

Flights 

Type of Aircraft 

Hub Size 

Geographic_Dist 

Total Passengers 

Frequency 

Layover Time 

267.17 

-10.03 

36.87 

-8.38 

-14.50 

0.07 

14.94 

2.02 

0.21 

10.74 

1.32 

2.89 

1.92 

0.89 

0.01 

2.04 

0.22 

0.02 

24.88 

-7.61 

12.78 

-4.37 

-16.30 

24.73 

7.33 

9.24 

12.39 

0.00 

0.00 

0.00 

0.00 

0.00 

0.00 

0.00 

0.00 

0.00 

 

Table 4.2 explores the relationship between ‘hub size’ and ‘airfare’ in more detail.  

It shows the average airfare according to hub size (still using the 30 day lead time data 

set), with the average airfare for all trips in the study set being $351.98.  Classifying the 

airports by hub size, the lowest mean airfare was found in the large hubs (the average 

airfare from all large hubs in the study set to every other city in the study set) at $323.78, 

and the highest mean airfare was found in the small hubs (the average airfare from all 

small hubs in the study set to every other city in the study set) at $397.85.  Breaking the 

data set into more specific origin/destination pairing by hub size, the lowest average 

airfare was from one large hub to another large hub ($293.45) and the highest average 

airfare was from one small hub to another small hub ($447.11). 
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Table 4.2. Average Airfare by Hub Size 

Data Subsets Mean Airfare               N 

All Data $351.98 3482 

Small Hub $397.85 1161 

Medium Hub $334.34 1155 

Large Hub $323.78 1166 

Small Small $447.11 372 

Small Medium $378.22 392 

Small Large $371.09 397 

Medium Small $378.07 393 

Medium Medium $315.15 370 

Medium Large $308.62 392 

Large Small $367.18 398 

Large Medium $308.8 392 

Large Large $293.45 376 

 

Returning to the regression model in Table 4.1, the two measures of competition 

among the variables, ‘airlines’ (number of airlines serving the route in question) and 

‘frequency’ were also significant predictors of airfare; yet, ‘airlines’ had a stronger 

impact than ‘frequency’ and in the opposite direction. This negative relationship was 

expected since more competition usually benefits consumers, and in this case, the greater 

the number of airlines present in a market, the lower the airfares. Unlike Harlin & Ivy 

(2003), this study found a somewhat strong positive correlation between airfare and 

frequency (0.497).   

‘Aircraft type’ had a negative relationship with the predicted airfare; the use of 

larger jet liners leads to lower airfares than the use of regional jets and turbo props. 
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However, airfares were higher when a mix of aircraft type was used for the trip in 

question. For instance, the mean airfares for regional jets/turboprops exclusively, mixed 

service, and larger jet liners exclusively were $329.77, $387.68, and $326.34, 

respectively.  One possible explanation for these differences could simply be the fact that 

larger aircraft have greater seating capacity and can spread the fixed costs over a greater 

number of passengers per mile, but perhaps more importantly the greater difference could 

be tied to an observation that was made while the data were being collected. That is, 

flights that used regional jets were operated by ‘connection carriers’ like Pinnacle 

Airlines, Colgan Air, Piedmont Airlines, Republic Airlines, etc. that are independent 

companies operating under contract with the larger name-brand carriers.   Therefore, it 

seems that airlines charge higher prices when the profit to be made from a flight has to be 

shared with a regional carrier, than when the main profit to be made from a flight either 

goes to the larger airline or the connection carrier. Note that the difference in average 

airfares between regional and larger airlines is roughly $3. The role that ‘connection 

carriers’ operating as feeders into the mainline system of the larger airlines play in the 

fare structure of the U.S. airline industry needs to be examined further. Despite 

‘geographic distance’ and ‘layover time’ having relatively low unstandardized 

coefficients when compared to the other coefficients, they still proved to be statistically 

significant in explaining the variation of airfares.  

The residuals of the regression were averaged according to airport of origin and 

were then interpolated using IDW, where figure 4.1 was created. Higher than expected 

airfares are generally found in the great plains and mountain state regions but other 

airports that exhibit similar values are Seattle, Portland, Salt Lake City, Detroit, Houston, 
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Memphis, Miami, and Washington D.C.  Lower than expected airfares were found 

generally in the Southwest (with the exception of Tucson), the Eastern Seaboard (with the 

exception of Washington D.C. and South Florida), the Sunbelt, and parts of the Midwest 

and Great Lakes region (Pittsburgh, Cincinnati, and Chicago, for example). Other airports 

that depict lower than expected airfares are Dallas-Fort Worth, Boise, and Spokane.  

Figure 4.1. Residuals from Model 1 

 

  

4.1.1 Trend Surface Analysis of Price Dispersion in the U.S. Airline Industry 

The dataset that has been examined to this point was collected approximately two 

months before the departure date of May 10th, 2011. Given the dynamic nature of 

airfares, changes in airfares were expected as one gets nearer to the departure date, and 

therefore airfares for the same study set were collected two weeks, and again one week 

before departure. Figures 4.2 and 4.3 depict the percent change in airfare between two 
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months and two weeks before departure, and between two weeks and one week before 

departure, respectively. 

Figure 4.2. Change in Average Airfare between Periods 1-2 

 

 
Figure 4.3. Change in Average Airfare between Periods 2-3 
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Even though the overall increment in airfare in the six week period between 

March and April (data collection period 1 and data collection period 2) saw an increment 

of only $6.56- which is equivalent to a 1.86% increment- it should be noted in Figure 4.2 

that while some regions experienced an increment in airfare, others experienced a 

decrease in airfare. Specifically, the region starting from Dallas- Fort Worth east along 

the Sunbelt to Savannah and then north along the eastern Seaboard (with the exception of 

Norfolk) saw an increment in airfare. Conversely, the Northwest region of the United 

States, South Florida, the corridor from Oklahoma City north to Minneapolis-St. Paul, 

and a few scattered individual airports like Tucson, Chicago, Milwaukee, and San 

Antonio, experienced a decrease. 

Figure 4.3 on the other hand exhibits an overall increment in airfares throughout 

the country (with the exception of Tucson) in the third data collection period 

(approximately one week prior to departure) as compared to the fares from the second 

data collection period—just one week apart.  The average increment in airfare was 

$38.15 or roughly a 10.64% percent increase. Similar to Figure 4.2, some regions 

experienced a higher increment in airfares than others. For instance, the Southeast, Mid -

Atlantic, the Northern Plains, and the Lower Mississippi River Valley, experienced a 

higher percent change in airfare than the whole Western United States (with the 

exception of Tucson, Las Vegas, Reno, and Seattle). 

An overall increment of $44.71 (equivalent to 12.7%) in average airfares in the 

seven week period between two months and one week before departure might not seem 

very high. However, what is more telling perhaps is the increment in the variability of the 

airfares as the departure date gets closer. As indicated in figure 4.4, the percent change in 
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standard deviation varied by region.  The region that saw the biggest increment in the 

variability of prices was a corridor that extended in a southwest direction from the Great 

Lakes to the Four Corners region and then north to Montana. The state of Florida and 

individual airports like Reno, Phoenix, and Little Rock experienced the lowest percent 

increment in the variation of airfares.  

Figure 4.4. Percent Change in Standard Deviation of Airfares between Periods 1-3 

 

  

 Given this increment in the variability of airfares, two multiple linear 

regression analyses were run with the second and third set of airfares using the same 

independent variables used in the first model as predictors. Overall, all of the 

unstandardized coefficients increased in magnitude (with the exception of ‘geographic 

distance’) in the second and third models and behaved in the same manner (positive 

versus negative impact) as they did in the first model. The one notable observation in the 

change of coefficients was for the variable ‘airlines’. The magnitude of the coefficient 
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changed from -10.026 to -20.372, and -32.766 in the first, second, and third model, 

respectively. That is to say that competition played a bigger role in the construction of the 

airfare as the departure date got closer. This gives us a hint as to the competitive 

environment of the airlines as they contend for the ‘last passenger’ in particular markets. 

Hence, one can expect roughly 32 units of decrease in the airfare per every one unit of 

increase in the number of airlines serving a particular market, given that all remaining 

variables remain constant. Finally, as can be noted in Table 4.3, the coefficient of 

determination increased slightly in the second model, but decreased with the third model.  

Table 4.3. Coefficient of Determination of the Airfare Explained in All Three Collection 
 Periods 
 

 Adjusted           
R-squared F Significance 

Model 1 0.434 335.218 0.000 

Model 2 0.436 336.862 0.000 

Model 3 0.422 318.601 0.000 

 

4.2 The Spatial Heterogeneity of U.S. Airfares 

 The second part of the analysis employed both, multiple linear regression, and 

geographically weighted regression to investigate the first order properties of spatial 

autocorrelation where it was argued that airfares vary across space due to the changes in 

competition, operating cost, demand, elasticity of demand, and substitutability of nearby 

airports. In the preliminary analysis of the second dataset, twelve of the nineteen 

variables remained in the OLS model for the first set of airfares collected (Table 4.4).  All 

of these variables were statistically significant at the 0.05 level and redundancy among 

the predictors was not an issue. The coefficient of determination had an R2 of 0.593 with 

an adjusted R 2 of 0.592. The distance between the origin and the destination was the 
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strongest contributor to the explanation of the variation of the airfare, followed by hub 

size, and the number of flights. The thing to note from these partial outputs is that the 

predictors behaved as expected; for instance, low cost carriers had a negative relationship 

with the airfare meaning that the presence and market share of a low cost carrier in a city-

pair market tended to drive down the cost of a plane ticket. Furthermore, airport 

competition also played a role in the fare structure as surrounding airports at 75 miles 

away from both the origin and destination airports had a significant negative 

association—the more alternative airports within 75 miles of the origin airport, the 

greater the drop in airfares. In other words, within a 75 mile radius, the presence of 

surrounding or alternative airports can be expected to continue to drive down the airfare. 

Competition among airports (intervening opportunities) does play a role in fare structure, 

but there seems to be a threshold where after a specific distance, surrounding airports do 

not drive down the cost of the airfare. Also, similar to the finding of first part of the 

analysis, airfare seems to increase with distance, it is cheaper to fly from or to a large 

hub, and trips with less connecting flights tend to be cheaper.  

 As discussed earlier, OLS assumes that the independent variables as well as the 

explanatory power of the model are stationary. However, the Koenker (BP) statistics as 

well as the Jarque-Bera test were statistically significant for this model. Therefore, it was 

warranted to consider GWR since the explanatory variables are not guaranteed to 

contribute in the same manner in different regions of the country, and the overall 

explanatory power of the model is likely to vary by region as well. Additionally, as 

suggested by the Jarque-Bera statistic, the residuals were not randomly distributed and 

this was also confirmed by a higher than expected Moran’s I (i.e. clustering pattern). As 
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depicted in figure 4.5, the explanatory power of the model does vary throughout the 

country, and the local fits range from 0.33 to 0.72. The GWR results were obtained using 

only 7 of the 12 variables used in the OLS because of local multicollinearity issues.  As 

noted in Table 4.4, all 12 variables used in the model were clear of redundancy problems 

at the global scale, yet at the local level, half of the variables proved problematic when 

GWR was attempted, and were removed from the GWR.  Nevertheless, even with fewer 

variables, the global coefficient of determination improved to 0.635 with an adjusted R 2 

of 0.619. The Northwest region, Southern tip of Florida, and the region surrounding 

Denver is where the model is best fitted, and explains 70% of the variation of the airfare. 

In fact, the model is able to explain at least 50% of the variation in most of the 

contiguous 48 states except for the center of the country in an area stretching from 

Houston to North Dakota. Likewise, analysis of the residuals hints that better results are 

obtained from GWR than from OLS as the overall residuals are smaller. Still, as noted in 

figure 4.6, some of the trends remained the same. For example, the areas of Northern 

California and Oregon, West Texas and Eastern Arizona parts of the Southeast and the 

Midwest, as well as Northern New England pay lower than expected airfares, while some 

regions in the Northern mountain states, Las Vegas, and the area extending from 

Louisiana to Wisconsin pay higher than expected airfares.  
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Table 4.4. Parameter Estimates and Goodness of Fit Measure for the 1st Set of Airfares 

 

   

 

 

 

 

 

 

 

Unstandadrdized 
Coefficients

Std. 
Error

Standardized 
Coefficients t-statistic Significance VIF

Constant 300.528 7.147 42.050 0.000
Airlines* -2.235 0.690 -0.029 -3.238 0.001 1.217
Flights* 31.622 2.057 0.164 15.371 0.000 1.740
Seating Capacity* -0.212 0.025 -0.078 -8.556 0.000 1.271
Hub Size* -6.476 0.378 -0.262 -17.150 0.000 3.551
Distance* 0.094 0.002 0.530 51.161 0.000 1.631
Total Enplanements -1.114E-06 0.000 -0.131 -11.330 0.000 2.154
Airline Transfer Hub 28.668 3.167 0.112 9.053 0.000 2.314
LCC Presence* -15.792 3.091 -0.068 -5.110 0.000 2.707
LCC Share* -0.683 0.060 -0.143 -11.330 0.000 2.419
Dominant Airline 0.197 0.058 0.031 3.410 0.001 1.266
Surrounding Airports 75 -4.929 0.426 -0.103 -11.579 0.000 1.213
HHI Merged 0.006 0.001 0.109 10.698 0.000 1.592

N 6200
R2 0.593 69947.212
Adjusted R2 0.592 171.973
F 751.637 0.000
df 6186 85.641
Significance 0.000 0.000

Sigma 69.979 482
R2 0.635 29040274
Adjusted R2 0.619 269.896
AICc 70461.647
*Variables used in GWR model

Jarque-Bera Statistic

Summary OLS  Outputs

OLS Diagnostics

AIC
Koenker (BP) Statistic
Koenker's Significance

Jarque-Bera's Significance
GWR Diagnostics

Neighbors
Residual Squares
Effective Number
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Figure 4.5. Spatial Distribution of Local R2 from 1st Set of Airfares 

 

 

Figure 4.6. Spatial Distribution of OLS Residuals from 1st Set of Airfares 
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Figure 4.7. Spatial Distribution of GWR Residuals from 1st Set of Airfares 

 

Spatial variability was also found in the coefficients of the explanatory variables. 

The variable ‘airlines’ was found to be statistically significant in 25 out of the 80 airports 

and made its strongest contributions to the model in the multi-airport regions of the San 

Francisco Bay area and the New York metropolitan area. ‘Distance’, ‘flights’, and ‘hub 

size’, on the other hand, were statistically significant in almost all 80 airports (distance 

was significant in all 80 airports). These variables were already significant at the global 

level with OLS, and their importance was proven again at the local level. One of the 

benefits of analyzing local coefficients is that there is the possibility that their expected 

relationship with the dependent variable can vary across the regions. One example of this 

point would be the variable ‘LCC presence’. As mentioned in the OLS discussion, the 

presence of low cost carriers in a city-pair market tended to bring down the cost of the 

airfare; yet as shown in figure 4.8, this variable can also be expected to increase the cost 

of airfare, as in DFW (Dallas Fort Worth) and DAL (Dallas Love Field). Another 
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intriguing factor of this variable is where it proved to be statistically significant. For the 

most part, this variable was statistically significant from the Midwest to the Northeast, 

the state of Washington, the San Francisco Bay Area, and Dallas. 

Figure 4.8. Spatial Distribution of Local Coefficients for ‘Presence of Low Cost Carriers’ 
       and p-values 
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4.2.1 Price Dispersion and Spatial Heterogeneity in U.S. Airfares 

Up to this point, the analysis presented has related to the first set of airfares, 

approximately two months before departure. The same analysis was performed on the 

second and third set of airfares (two weeks and one week before departure, respectively) 

combined with the same list of independent variables as the first model, and similar to the 

first set of airfares, some variables had to be removed from the GWR models due to local 

multicollinearity. The global coefficients of determination obtained from GWR increased 

in the second set of airfares, but decreased in the third set; R 2 of 0.671 and R2 of 0.603, 

respectively. Additionally, the spatial distribution of the explanatory power was similar to 

that found in the first set of airfares (i.e. the best fitted models are found on the East and 

the West, while in the central part of the country we find the models have the lowest 

explanatory power). One exception to point out is that this central area where we find the 

lowest coefficients of determination has widened progressively towards the east and west 

as compared to the first model with the first set of airfares (two months prior to 

departure). Furthermore, the low end of the range of the explanatory power has gone 

down as well, indicating the difficulty in explaining the variation of airfare the closer we 

get to departure time (Table 4.5).  

Table 4.5. Goodness of Fit Measure for Final Models 

Airfare 1 Airfare 2 Airfare 3
OLS R2 0.593 0.422 0.476

Adjusted R2 0.592 0.420 0.475
GWR R2 0.635 0.671 0.603

Adjusted R2 0.619 0.640 0.577
Min R2 0.315 0.244 0.148
Max R2 0.733 0.758 0.718  
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With both model 2 and model 3, distance has remained the strongest contributing 

variable in the explanation of variance in airline fares, although its influence has slightly 

declined (standardized coefficient decreased from 0.555 in the first set of airfares, to 

0.400 and 0.466 in the second and third sets, respectively). Also worth noting is that the 

presence of low cost carriers increased its influence as an explanatory variable as the 

departure neared.  The contribution of the variable ‘airlines’ in the explanatory power of 

the model continued to increase as the departure date got closer. Therefore, the 

performance of these two variables seems to indicate that competition among the airlines 

tends to make a stronger contribution to the construction of the airfare as we get closer to 

departure. This notion is also present at the local level of their coefficients; for example, 

the number of airports where these variables were statistically significant increased from 

25, to 41, then to 49 from models run with the first, second and third set of airfares, 

respectively.  

Finally, the residuals show a more constant spatial trend with the 3rd set of airfares 

where everyone in the Southwest (with the exception of El Paso) saw higher than 

expected airfares (Figure 4.10).  The residual map of the model using the second set of 

airfares showed a more localized trend, perhaps giving an indication of the manipulation 

of the airfare done by the airlines as they were trying to increase their yields and adjust 

their load factors. [NOTE: The class intervals on the GWR residual maps are not 

consistent due to the fact that the range of residual values are quite different from one 

map to the next which would result in some maps having all GWR residuals mapped in 1 

or 2 categories on some maps if class intervals were made uniform across all maps.] 

Consequently, these trends explain, to a certain extent, the overall performance of the 
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OLS and GWR models. The explanatory power of the OLS model for the second set of 

data is slightly lower than the third set, but its GWR fitness is higher; conversely, the 

explanatory power of the OLS model is higher for the third set of data, but the GWR 

fitness of the third data set is lower than the second set. In other words, GWR performed 

the best with the second data set because the variation of the airfare was more localized 

and different adjustments were taking place through the country. In the third data set, 

there was already a more global trend which is why we saw a slightly higher OLS 

coefficient of determination. All in all, this is an indication that the airlines have a more 

stable price before the departure, then they begin to manipulate the airfares to achieve 

their desired yield and load factors at a more localized level, and as the departure date 

gets even closer, the airfare trends constantly upward (i.e. the airfare is increasing 

globally not just locally). 

Figure 4.9. GWR Residuals for 2nd Set of Airfares 
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Figure 4.10. GWR Residuals for 3rd Set of Airfares 

 

 

4.3 Spatial Dependence in U.S. Airfares 

 The final part of the analysis employed spatial autoregressive models to 

investigate the second order properties of spatial autocorrelation which argued that 

airfares vary across space due to the interaction among them. The tenets of the gravity 

model were used to build the connectivity matrices that tried to capture the spatial 

dependence in the dataset; consequently, three variables were used to describe this spatial 

dependence: distance, passenger flow from i to j, and hub size. Table 4.6 presents the 

results obtained from the first-order autoregressive (FAR) models where different 

parameters of distance were used to build the connectivity matrices. Based on the rho ( ) 

estimates it can be noted that airfares in the medium haul markets (between 500 and 

2,000 miles) exhibit more spatial dependence than airfares in both, short (less than 500 

miles) and long (greater than 2,000 miles) haul markets. This observation can be 

explained by the pricing effect that hub and spoke networks have on airfares. For 
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instance, airfares in short haul markets (less than 500 miles) seem to exhibit less spatial 

dependence than medium haul markets (between 500 and 2,000 miles) due to the feeder 

role they play in the airline’s network. Major airlines subcontract short haul routes to 

regional carriers which use smaller less fuel efficient jets, and only connect to an airline’s 

dominant hub where the passengers originating from the small cities feed the medium 

and long haul markets of the airline. In this sense, the majority of the passengers in short 

haul flights are en route passengers to a destination beyond the airline’s dominant hub 

and not end to end passengers since airlines also loose passengers to other modes of 

transportation (i.e. bus, train, and cars). Therefore, the local end to end traffic is being 

displaced by the transferring traffic, which ultimately leads to higher airfares. This in 

turns translates to highly variable airfares in short haul markets where the prices depend 

on the local competitive environment at the airport. Long haul markets (greater than 

2,000 miles) on the other hand, have lower airfares in part due to higher competition 

among the airlines, bigger more efficient aircrafts, and the tapering effect of airfares with 

distance. It was documented in the two previous sections of the results that airfares 

correlate positively with distance as more fuel is consume in longer flights; however, this 

increment in airfare with distance occurs at a diminishing rate, and it is this tapering 

effect that makes airfares vary in long haul markets. Hence, when estimating airfares in 

medium haul markets, such as Atlanta, GA (ATL) to Phonenix, AZ (PHX), the airfare 

from ATL to Denver, CO (DEN) is a better proxy than the airfare from ATL to Valdosta, 

GA (VLD), since airfares in medium haul routes are more evenly impacted by the 

operating cost and the competitive environment of airlines, than airfares in short and long 

haul markets.  
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Table 4.6. First-order Autoregressive Estimates based on Distance Connectivity Matrix 

 

 On the other hand, airfares do not resemble as much spatial dependence when 

weighted by city-pair markets with similar flow of passengers (Table 4.7). These results 

were unexpected since passenger flow is a direct representation of the interaction 

between two cities; however, given that the flow of passengers between cities occurs 

through the airlines’ network and not directly (i.e. point to point), the origin to destination 

traffic gets mixed with the transferring traffic from other cities. In this sense, these results 

corroborate the findings of higher spatial dependence when both hub size and distance 

are taken into account. As noted in Table 4.8, the overall levels of spatial dependence are 

higher than those found with the previous two variables (i.e. distance and passenger 

flow). Distance and hub size, are variables that affect airfares because they both form part 
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of an airline’s operating cost and it seems that airfares resemble more the cost structure 

imposed by the airline’s hub and spoke network than the actual demand between two 

cities. 

 One final observation that is to be noted from the autoregressive results is the 

higher overall levels of spatial dependence found in the dataset collected two weeks prior 

to departure. This corroborates the findings obtained from the geographically weighted 

regression (GWR) analysis where the model was able to explain the most variance from 

the airfare collected two weeks prior to departure. It was then suggested that the model 

performed better because airfares fluctuates at a local level as airlines change their fares 

in order to manage their yields; these higher levels of spatial dependence support that 

explanation. This observation is further substantiated by the fact that spatial dependence 

was lower in the dataset collected one week prior to departure, and the variance explained 

by GWR was also lower. These observations can serve as an indication that when airfares 

are first published they resemble more the operating cost and competitive environment of 

the city-pair market. However, as the departure date get closer, airlines evaluate the 

progress they have made towards the load factors they intended to achieve and depending 

on these results, they decide whether to lower or increase the airfare. It is unclear 

however, whether these changes occur at the city-pair market level or at the regional 

level. Given that spatial dependence was higher in the airfares collected two weeks and 

one week prior to departure, it seems that changes occur at the regional level but future 

research will need to further examine the geographic scale of airfare changes.   
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Table 4.7. First-order Autoregressive Estimates based on Passenger Flow Connectivity  
      Matrix 
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Table 4.8. First-order Autoregressive Estimates based on Hub Size & Distance     
      Connectivity Matrix 
 

 

 

4.3.1 Accounting for Spatial Dependence in U.S. Airfares 

 The distance based matrix (between 500 and 2,000 miles) was able to describe the 

spatial dependence structure in the dataset better than the other matrices, with the 

exception of matrix ‘all hubs’ (i.e. all observations). However, the ‘between 500 and 

2,000 miles’ matrix showed almost the same levels of spatial dependence as the ‘all hubs’ 

matrix but with less observations. As such, the more homogeneous matrix (between 500 

and 2,000 miles) was chosen to be used in the mixed regressive-spatial autoregressive 
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model (SAR). Table 4.9 summarizes the partial of outputs from the first SAR model. It 

can be noted that this model was able to explain fifty five percent of the variance in 

airfares, slightly underperforming the GWR model that explained fifty nine percent. Also, 

unlike the GWR model where distance was the variable making the strongest 

contribution, in the SAR model, distance was one of the least contributing variables. This 

can be the result of the distance matrix diminishing the influence of the variable since it 

was used to weight the observations in order to capture the spatial dependence in the 

dataset. Furthermore, hub size is no longer statistically relevant in the model, so the 

variables associated with the cost structure (i.e. distance and hub size) were replaced by 

variables that accounted for competition (i.e. airlines competing in the city-pair market, 

and availability of substitute airports) as having the strongest influence on the airfare.  

Table 4.9. SAR Estimates for Airfares Collected Two Months before Departure 

 

 SAR was not able to improve its performance with the second and third group of 

airfares (i.e. two weeks, and one week prior to departure) where only twelve and thirty 
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eight percent of the airfare variance was explained, respectively. However, hub size was 

statistically relevant again but it did not contribute in the same magnitude as the 

competition variables ‘airlines’ and ‘surrounding airports’. These results then confirm 

that airfares are a reflection of the competitive environment present at the origin and 

destination airports, direct competition in city-pair markets, and of the cost structure 

created by the airline’s network ability to distribute passengers and connect cities. Also, 

although airfares are influenced by these three factors, competition seems to play more of 

a role at the city-pair market level, while cost factors are more evenly distributed. This 

was evident as distance and hub size did not make a strong contribution in the SAR 

models. For this reason, airfares should be examined in a city-pair market context, 

especially when considering the impact of entry or exit of a new competitor, while 

impacts stemming from fuel cost and network changes will impact the system as a whole. 

It should be noted however, that major network changes, such as dehubbing, not only it 

will impact distribution and connectivity of the system, but it will have a local impact on 

the airfares of the airport being vacated. Whether the efficiency and cost reduction 

obtained from dehubbing impact airfares throughout an airline’ system is to be examined 

by future research.   
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Table 4.10. SAR Estimates for Airfares Collected Two Weeks before Departure 

 

 

Table 4.11. SAR Estimates for Airfares Collected One Week before Departure 
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 GWR outperforming SAR can be interpreted as an indication that airfares 

resemble more the first order properties of spatial autocorrelation than the second order 

properties. In other words, the autocorrelation present in airfares is due more to its 

variability in space and not so much to its similarity. Consequently, GWR performed best 

because it is more apt to correct for spatial heterogeneity while SAR corrects more spatial 

dependence. Table 4.12 summarizes the amount of spatial autocorrelation found in the 

residuals of all four models. GWR provided residuals with the least spatial 

autocorrelation for airfare 1(two months before departure) and airfare 3 (one week before 

departure). On the other hand, FAR corrected best for spatial autocorrelation in airfare 2 

(two weeks before departure). These results provide support the idea that airfares 

fluctuate at a local level as airlines change their fares in order to manage their yields. 

FAR leading to residuals with less spatial autocorrelation indicate that these changes 

were applied to the airfares at a more regional level two weeks before departure, while 

changes in airfare fluctuated at a more local level one week before departure. It should be 

noted however, that residuals with spatial autocorrelation can also be the result of model 

misspecification, and given that the variance explained by the models ranged from twelve 

percent to sixty seven percent, the need of other variables to account for the unexplained 

variance should be consider.    
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Table 4.12. Spatial Autocorrelation Estimates & Goodness of Fit Measure 

 

 

Figure 4.11. FAR Residuals for Airfares Two Months Prior to Departure 
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Figure 4.12. SAR Residuals for Airfares Two Months Prior to Departure 

 

 

Figure 4.13. FAR Residuals for Airfares Two Weeks prior to Departure 
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Figure 4.14. SAR Residuals for Airfares Two Weeks prior to Departure 

 

 

Figure 4.15. FAR Residuals for Airfares One Week Prior to Departure 
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Figure 4.16. SAR Residuals for Airfares One Week Prior to Departure 
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V. CONCLUSION 

 This research was guided by the following research objectives: 1) to identify and 

measure market forces that have an influence on U.S. airfares. 2) To describe the spatial 

variability of U.S. airfares and measure their varying influence in space. 3) To identify 

and measure the spatial dependence in U.S. Airfares. The following sections will 

highlight the main findings of the investigation, describe the limitations of the 

investigation while hinting for ways in which it can be improved, and finally close with 

the contributions made to the literature.  

 

5.1 Summary of Findings 

 This first phase of the analysis illustrated the influence brought on by the 

competitive structure of the airline industry, operating cost, demand, and elasticity. The 

eight significant variables used in the final regression model of the first data set explained 

forty three percent of the variation in airline fares. This analysis also showed that 

variables which measure competition (airlines), operating cost (flights, distance) and 

elasticity (layover time) proved to be statistically significant and had a positive 

relationship with airfare. Furthermore, the research found the lowest airfares between 

large airports than between smaller airports. For instance, the average airfare to fly from a 

non-hub airport to another non-hub airport was $523.47, compared to $290.25 to fly from 

a large hub to another large hub. This finding of lowest fares being between large hubs 

contradicts previous studies (Vowles, 2006) and needs greater investigation. Also, on 
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average, airfare increased by 41.74% in a six week period (the change from two months 

before departure to two weeks before departure), and by 26.3% in the one week period 

(from two weeks to one week before departure) nearer the departure date. 

 In the second phase of the analysis, GWR enabled this study to examine the 

spatial heterogeneity of the factors contributing to the cost structure of air travel by 

providing more localized estimates. The results indicated that while some factors like 

distance, and hub size, were statistically significant almost nationwide, other factors such 

as frequency, presence of low cost carriers, and numbers of airlines were only statistically 

significant at certain airports. It was also found that surrounding airports, especially those 

within 75 and 150 miles of the origin and destination airports, indicating that airport 

competition drive down airfares as well. The influenced of nearby airports diminished to 

zero in the 150 and 300 mile threshold, indicating that communities with no substitute 

airports are experiencing higher airfares  

  In the third phase of the analysis it was found that U.S. airfares are spatially 

autocorrelated but given that the spatial regression models did not outperform GWR, this 

hints to the possibility that the spatial autocorrelation found in U.S. airfares resemble the 

first order properties of spatial autocorrelation (i.e. spatial heterogeneity) and not the 

second order properties (i.e. spatial dependence). Furthermore, it was found that the 

distance based connectivity matrix using routes between 500 and 2,000 miles was the 

best suited to capture the spatial dependence in the airfare.   
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5.2 Limitations and Opportunities for Future Research 

As in any research, this study was limited by a number of factors and one of them 

was the unexplained variance of airfares (37 percent using GWR). Future research should 

explore the possibility of selecting new variables that add to the competitive and 

operating cost factors inherent in the airline industry. For instance, the number seats 

available per flight as the departure date near in relation to fare changes. As it was noted 

in figure 4.2, some regions experienced a decrease in airfares while others did not. This 

might be related to the complicated management of airfares in which airlines engage in 

order to increase yield and load factors. Perhaps in the regions that experienced a 

decrease in airfares, airlines were trying to attract more passengers with lower airfares in 

order to achieve higher load factors, but for those flights where demand was high, airlines 

raised fares to take advantage of the demand of that specific market. Future research 

should also consider airport fees that the airlines have to include into the total price of a 

ticket. Airport fees vary by airport since airport authorities tend to use lower fees as 

incentives to attract airlines to come to an airport or to provide service to a new 

destination (Postorino, 2010). These fees are passed on to the passengers on every ticket 

that they purchase, and this is one of the factors that enable low cost carriers to offer 

lower fares from less-traveled airports that are near to more popular destinations.  

Given the performance of the local models, a more detailed analysis (i.e. route-to-

route) should be pursued in specific regions of the country to better understand their local 

trends, and be able to compare their performance with other parts of the country. In such 

detailed analysis, data on the load factors on a route-by-route basis could provide better 

explanations of the variation of airfares. Additionally, the contribution of small regional 
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airlines should be better understood.   Detailed analysis could also be done between two 

multi-airport regions where passengers are faced with more choices, and the airlines are 

not only competing between each other but also among themselves since they offer 

similar destinations from all surrounding airports. 

Finally, there were limitations with the matrices used to capture the spatial 

dependence present in the dataset where only the airfares from the originating airport 

were used to predict the airfare for a specific route. This can be improved by using a new 

set of matrices where routes that both originate and end in the airports of the route being 

predicted are used to calibrate the airfare. The number of routes can also be extended so 

that all routes in the dataset are eligible to be selected as long as they meet the variable 

selection parameters. However, a new schema needs to be generated where routes that do 

not include either node of the route are weighted less favorably than those that include 

one or both nodes. 

 

5.3 Contributions 

 One of the contributions to the literature on air transportation made by this 

research was its data collection design which accounted for the price dispersion 

phenomenon present in U.S. airfares. As it was noted in the results, the standard deviation 

of the first set of airfares went from $103.15 to $140.59 in a six week period. This thirty 

six percent increment in the overall variation of airfares speaks to the difficulty of 

predicting airfares, especially as we get closer to departure date. Previous studies relied 

on airfare data acquired by the U.S. Bureau of Transport Statistics that sampled purchase 

tickets with different query times (i.e. number of days prior to departure).    
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 Also, this research provided evidence of why airfares in the United States should 

be examined at the local level instead of a higher geographical scale. As illustrated in the 

second phase of the study, the linear models and the performance of their variables vary 

from region to region and from airport to airport. As it was previously stated, not all the 

variables were statistically significant at each airport, and although distance was the 

variable making the strongest contribution throughout the country, the variables making 

the second or third strongest contribution varied. Furthermore, the research demonstrated 

how some local airports actually experienced a decline in airfares even though the 

national trend in airfares was to increase as the departure date got closer. 

 Finally, this research tested for both properties of spatial autocorrelation (i.e. 

spatial heterogeneity and spatial dependence) and provided evidence indicating that U.S. 

airfares behave more like the first order property (spatial heterogeneity). This finding 

takes the observations of Goetz and Vowles (2009) a step further beyond their 

identification of the so called ‘pockets of pains’ and helps explain why some areas in the 

country are enjoying lower airfares more so than others in the deregulated era of the 

airline industry.   
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