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AsstracT. This paper explores aspects of the determination of airline
fares in selected medium-sized U.S. markets subject to competition
from alternative airport hubs within driving distance. Passengers
in these markets often face substantial discounts at distant airports,
in exchange for the time costs of driving there. Spatial linkages in
airport competition are not well studied. A panel of 16 quarters is
constructed in order to investigate models of spatial error correlation
and spatial autoregression in overall fare levels in adjacent airports.
We find that fare differentials between local and nearby alternative
airports can lead to lower load factors and other indicators of poor
performance in smaller local airports. Fare differentials at nearby
hub airports often provide substantial incentives to travelers and are
an important determinant of poor performance at medium-sized air-
ports.

1. INTRODUCTION

A common allegation made in many small-to-medium airline markets is the lack
of effective competition and apparent failure of the process of competitive entry
to mitigate high fares. A 1999 study by the Transportation Research Board sug-
gests that fares are substantially higher in short-distance markets without low-fare
competition, markets largely confined to small-to-medium sized hubs. This paper
attempts to develop new evidence of the extent of this problem for a set of 65 such
hub markets, by assessing how fare differentials across alternative airports affect
performance.

Overlapping airline markets, particularly in the northeastern part of the country,
shape airline competition. Carriers set ticket prices to maximize market share
regarding not only local travelers, but also those travelers who are willing to drive
some distance to purchase a cheaper flight. Therefore, ticket prices are subject to
competition from alternative airports within driving distance. Passengers in smaller
markets in particular often face substantial discounts at larger distant airports, in
exchange for their time costs of driving there.

Spatial linkages in airport competition at small-to-medium sized markets are
not well studied. A panel of 16 quarters is constructed in order to investigate,
for the first time, temporal attraction of spatial fare differentials on performance

in smaller airports and the subsequent adjustment in fare differentials following
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entry. Carriers may find that costs are raised when travelers are drawn away from
the local airport, reducing passenger volume and load factors. We find that fare
differentials at alternative airports often reflect substantial incentives to travelers,
but the siphoning of price-sensitive passengers through airport substitution leads
to lower performance at the local airport in terms of load factors, passenger volume
and revenue.

The layout of this paper is as follows: Section 2 summarizes the related literature.
Section 3 describes the construction of a Laspeyres index across space, a weighted-
average cost of a representative bundle of flights between the focal airport and
the lowest-fare alternative. These weighted fare indexes proxy how substitutable
two airports are and influence market competition and performance. Section 4
describes the data used, the assumptions made, and the covariates controlled for in
our empirical analysis. Section 5 extends the empirical model to allow for spatial
autocorrelation in the dependent variable and the error term when estimating the
fare differential indexes. The empirical model of how fare differentials affect the
performance and entry decisions of airlines operating at small-to-medium airports
are described in Section 6. The empirical results for each of the models are reported

in Section 7. Our conclusions follow in the last section.

2. LITERATURE REVIEW

In order to analyze how fare differentials across alternative airports affect eco-
nomic performance, one must understand two issues: 1) the source of the fare dif-
ferentials and 2) the factors that drive carrier entry decisions and thus their expec-
tations about the potential profitability. First, if alternative airports were perfect
substitutes, then substitution by travelers would tend to equalize fares across the
alternatives. Second, one can view economic performance issues from the vantage
point of a potential entrant to understand the viability of service offerings in the

context of existing competition among carriers. There is an extensive literature that
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examines each of these issues. Starting with the fare differential literature, Boren-
stein (1989) determines that an airline’s airport and route dominance determines
the degree in which a carrier can mark-up over cost. Furthermore, their ability to
mark-up does not extend to non-dominate carriers on that route. Borenstein and
Rose (1994) observe fare differentials increasing on routes with more competition
or lower flight density. Evans and Kessides (1994) attribute this variation in prices
to multi-market contact, i.e., amount of overlapping network of flights by the car-
riers servicing that route. These findings suggest that the distribution of airfares
available to entrants will differ across alternative airports.

The literature on carrier entry provides insights as well on how entrants decide
on which routes to offer service. The first strand of this literature identifies fac-
tors that determine entry. Berry (1992), Brueckner et al. (1992), and Reiss and
Spiller (1989) among others find that entry on a given route increases with a car-
rier’s airport presence at the endpoints. Morrison and Winston (1990) determine
that trunk carriers are less likely to enter routes with relatively high fares. These
markets tend to be characterized by relatively high barriers to entry, relatively
high costs of service, or aggressive response by incumbent firms to entry of a new
carrier. Several papers focus solely low cost carriers (LCC) entry decisions. Ito
and Lee (2003a) ascertain that pre-market density - the average number of daily
passengers transported on that route- is the most important market characteristic
to induce nonstop entry by LCCs. Boguslaski, Ito, and Lee (2004) find evidence
that Southwest’s entry decisions have evolved over the years. Initially, Southwest
entered medium-haul markets to service people who did not previously travel. By
the second half of the 1990s, Southwest began to offer longer-haul service on routes
previously avoided by major carriers.

The second strand of the entry literature examines incumbents’ responses to
these entry decisions. Dresner et al. (1996) and Morrison (2001) show that LCC’s
influence on airfares extend beyond a particular airport route they enter. Ito and

Lee (2003b) find that incumbent hub-spoke carriers are fairly accommodating when
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LCCs begin to service their hubs. They rarely undercut entrants’ average fares and
usually only match their prices. Goolsbee and Syverson (2005) examine incumbent
pricing behavior on routes where Southwest does not operate, but offer service
at both endpoints. As expected, incumbents drop fares in anticipation of entry;
the decline is the greatest for the more concentrated routes and higher priced
business fares. Incumbents do not, however, cut fares on alternative routes, only
on threatened routes where Southwest Airlines already operates at both endpoints.
Finally, Windle and Dresner (1999), Whinston and Collins (1992), and Bamberger
and Carlton (1999) are other studies that document incumbent fare responses to
LCC entry. While market power problems at large hub airports with a dominant
carrier have been well studied by these papers, less attention has been shown to
the price determination at smaller sized airports. A study by the United States
GAO (1996) documents regional differences in airfares at small-to-medium sized
airports. Following deregulation, airfares in western states were generally found to
be declining, while airfares in eastern states were generally increasing. The GAO
attributes these differences to a greater frequency of entry by low-cost airlines in
the western states. While lacking a formal model, the GAO suggests that low-
cost carriers have avoided the eastern states because of “slower growth, airport
congestion, and harsher weather” and because “one or two relatively high cost
carriers have dominated the routes.”

Passengers’ willingness to trade-off price and travel time is reported in Hart-
mann’s (2000) study of consumer preferences for airline travel." In this study,
carriers set tickets prices to maximize market share regarding not only local trav-
elers, but also those travelers who are willing to drive longer distance to purchase
discounted fares. Using a discrete choice model, Hartmann estimates consumers’
preferences for flying. Utility is defined as a function of flier and flight character-

istics, e.g., flier income, ticket price, airport size, as well the distance and distance

"Hsu and Wu (1997) analyze another trade-off, the trade-off between passenger
travel costs and carrier operating costs in determining the optimal market size for
airports.
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square traveled between the flier’s MSA and the airport. This captures the trade-
off fliers’ face in their purchasing decisions, trading off cheaper flights for longer
driving time to airports. The average flier is found to be willing to drive up to 8.6
miles to lower the ticket price by $10.> Given that fliers are willing to drive some
distance for cheaper flight options, it is hypothesized that airport markets do not
operate in isolation, but rather are linked. This linkage is to be expected given
the complicated network of flights carriers operate. Russon and Riley (1993) find
evidence that airport substitutability determines passenger flows in the short haul
market. Dresner et al. (1996) observe that Southwest’s presence on a route lowers
prices on routes entered as well as on adjacent routes at nearby airports. Morrison
(2001) quantifies the aggregate spillover effect of Southwest entry on ticket prices.
He distinguishes between actual, adjacent, and potential entry by Southwest.

While the literature has examined how the existence of alternative airports de-
press passenger volume and ticket prices, it has yet to explore how the differentials
in overall fare levels across airports influence the performance of the affected air-
ports in an explicit spatial econometric framework.

We postulate an alternative hypothesis concerning the regional differences in
fares. We examine how fare differentials across alternative airports affect perfor-
mance adversely at small-to-medium sized airports. Using ticket price and quantity
data from the U.S. Department of Transportation’s Origin and Destination Sur-
vey, a panel of entry decisions for 16 quarters is constructed to investigate this link

between performance and fare differentials.

3. THE IMPLICATIONS OF AIRPORT SUBSTITUTION FOR COMPETITION AND

PERFORMANCE

A key indicator of the attraction of a small local airport for airline entry is
manifested in the tendency of travelers to seek out lower fares in neighboring large
hubs. To illustrate the approach taken here to identify if this is true, consider the

2The results are based on a 10% sample of all flights at the top 138 airports
between 1986 and 1996.



DRIVE TO FLY 7
situation facing travelers from Birmingham, Al (BHM) two-and-a-half hours drive
from Atlanta, Ga (ATL). There are potential cost savings to Birmingham travelers
who eschew the local airport and buy lower-priced tickets out of Atlanta, a larger
nearby hub.

To get an appropriate comparison of fare options across the two airports,
we first analyze the travel destinations of Birmingham passengers, identifying the
most frequent destinations for trips exceeding 500 miles and which are among the
largest 50 American cities. We then construct a weighted average cost of flying
out of Birmingham to this set of destinations, FIgmar:, weighted by the share
of Birmingham passengers traveling to each destination. The weighted cost of
this bundle of airline tickets to the same destinations starting from the alternative
airport (Atlanta), FIsrr,, is also calculated and the average differential, between
airports. In general, for any airport r and its best alternative airport k, F'D,; =
FI,., 1 — Fl;1 denotes the lagged fare differential at airport .

To get a better sense of what this measure implies, for the moment let us express
the average fare differential in terms of per hour of driving time, although in the
empirical models we do not make this adjustment. F'D,; is shown in Figure 1
for these airports over a period of 16 quarters (1996-1999). Thus, from Figure 1,
one can see that Birmingham passengers on long trips are typically rewarded with
savings of about $60-$80 per hour for the extra time spent driving to the Atlanta
airport. 3

This large average fare differential provides substantial incentives for passengers
with elastic demands and relatively low value of time to drive to Atlanta. It is not
difficult to see how the presence of fare differentials might siphon travelers from
local airports to distant ones. If this pattern occurs more generally than BHM to

ATL, it raises the question as to why fares are high in small-to-medium size hubs,

3The line drawn in the figure and in those that follow is a Loess line plot,
a nonparametric smoothing technique attributed to Cleveland and discussed in
Hérdle(1990) and implemented in Axum 6.0 software.
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FiGURE 1. Airline fare differentials, per driving hour, Birmingham

to Atlanta

relative to large hubs. First, if the alternative airport market fares are compet-
itively determined, but the local airport market is imperfectly competitive, fares
may reflect market power. This explanation begs the question of why local market
power could persist, since the local carriers should view fares at the distant market
as a limit price that they could effectively negate by pricing low enough to retain
the local travelers. In addition, high fare differential should be a strong attraction
for new carriers offering service out of the local airport. Indeed, the Birmingham
airport depicted in Figure 1 saw entry in the form of a substantial expansion of
routes served by Southwest Airlines beginning in the eleventh quarter (Q3 1998).
It appears that this development had a dampening effect on fare differentials in
that market. One would expect, moreover, that decreases in fare levels and fare
differentials following entry would be accompanied by an expansion in carrier per-
formance indicators such as local passenger volume and revenues as well. This
would be an interesting test of the market-expanding effect of entry, in contrast to

other industries where the business-stealing effect predominates.
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Local carriers’ failure to respond to fare discounts prevailing in the alternative
airport can adversely affect their costs of providing air service. Local carriers have
an incentive to avoid this problem. Allowing travelers to be siphoned away from
the local airport may make the scale of operations too small to achieve minimum
efficient scale with the residual population. Nevertheless, differences in the cost of
service at the local airport may explain some portion of the observed fare differen-
tials. For example, costs of round trip fares to a given destination may be naturally
higher at the local airport if service entails an additional connecting flight in the
itinerary, compared to direct flights available out of the alternate, large hub. Thus,
even in a zero profit competitive equilibrium, fare differentials can exist in which lo-
cal patrons receive the added convenience of a “door-to-door” round trip by paying
a premium to cover the higher costs.

Fare differentials like the example described above may not alone capture the
potential profitability of a local market to potential carriers. It would be useful to
control in the model for other determinants that cause fares to diverge in pairs of
nearby airports. For instance, higher fare differentials are likely to prevail in north-
ern states during winter season because the danger of driving in winter weather
would deter the kind airport substitution envisioned here. Moreover, it is unclear
whether fare differentials are high enough to justify the inconvenience of adding an
extra driving leg to a trip.

In communities with high-income demographics, it is reasonable that the nor-
mal income elasticity effects will limit the number of passengers willing to accept
additional inconveniences to obtain low or modest levels of cost savings. More-
over, empirical fare differential estimates such as F'D,; may be downward biased
measures of the true time cost savings. If one drives to a large hub, there may be
additional savings in terms of total time in transit in the air transport corridor. For
example, the large hub may offer direct service that avoids waiting time en route,

thus offsetting some of the driving time.



10 FOURNIER, HARTMANN, ZUEHLKE

A more complete assessment would factor in parking costs and potential alterna-
tives like limousines* that may be important. Parking fees could be an appreciable
factor at congested airports. For the current study, many of these variables are not
available in the data and will be proxied by the use of airport-specific fixed effects.

Timing issues are difficult to predict in this context. These issues include as-
sumptions about how long is the delay in responses by passengers to changes in
fare differentials, as well as the timing of adjustments that carriers might make to
local traffic loads. A key assumption will be that there are substantial, unmeasured
fixed determinants of the airlines’ performance at an airport. These may include
the adjustment of flight schedules and aircraft deployment, information costs, and
a variety of location-specific entry costs, such as the rental of counter space, bag-
gage handling, and landing gates. Consequently, we expect to observe a period of
time in which high fare differentials have persistent effects on performance. Thus,
in any given quarter, measures of performance, such as load factors and passenger
volumes, will depend on lagged average fare differentials and other demand and

supply side determinants.

4. EMPIRICAL ANALYSIS

The current study uses price and quantity data from the Origin and Destination
Survey and other data from the Domestic T100 Segment data administered by the
Department of Transportation (DOT). These data contain a 10 percent sample
of domestic air passenger fares with pertinent information about the passenger’s
itinerary, carrier and airports. The first step in our analysis is to select a sample of
airports meeting certain criteria. First, the airports are located in areas designated
“medium or small air traffic hubs”. The DOT constructs geographic areas into “air
traffic hubs” based on the percentage of U.S. passengers enplaned within. These
areas may contain several airports. Large hubs encompass one percent or more

4For example, Van Galder, Inc. operates an economical service between Chicago
O’Hare and Madison, Wisconsin. The one-way trip takes three hours instead of the

estimated two hours of driving, but may be a preferred choice for some travelers
out of Madison.
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of U.S. enplaned revenue passengers, or at least 5.9 million passengers in the local
area. The medium or small traffic hubs record at least 1.5 million and 294 thousand
enplaned revenue passengers, respectively. These latter airports would rank below
the top 50 in size. Second, to be included, airports must have a nearby alternative
airport, larger than itself and within 200 miles driving distance from it. Given
these criteria, there are 65 focal airports in the final sample.

The construction of the fare differentials in this sample also require a number of
operational assumptions. First, noting that business and first class travelers would
be less likely to be price sensitive regarding alternative airport opportunities, we
limit our sample to economy-class fares.” Moreover, we find that the distribution
of fares is such that the average fares are generally higher and more dispersed than
median fares. An example is shown in Figure 2 for the two alternative airports for
Des Moines (DSM), Omaha (OMA) and Kansas City (MCI).

Third, we find that for our focal airports, there are up to four alternative airports
falling within the (admittedly arbitrary) 200 miles distance adopted here.® Thus,
our initial analysis pairs up the focal airport with the alternative airport providing
the best reported fare differential in the data. For the example above, if it appears
that Omaha yields a higher return as an alternative, it is chosen for our empirical
analysis. To be precise, in determining which airport is the best alternative, we
impute a full cost measure of the bundle of flight destinations from the focal market
by adding a travel time cost to the calculated cost of the bundle at each alternative.

The value of time is assumed to be 30 dollars per hour. The best alternative is

5The fares used in the empirical analysis to follow are not separated into “re-
stricted” versus “non-restricted” fares, although there may be some advantages
to consider separating them in the analysis. An exception is made for Soutwest
Airlines, since the data for this carrier reports all tickets as first class.

SMorrison (2001) found that defining alternative airport markets using a 75 mile
radius (as opposed to a 25, 50, 100, and 125 mile radius) had the best fit. Given
that we are focusing solely on small-to-medium sized airports where consumers may
drive farther distances to alternative airports, we believe it was best to increase the
radius. Furthermore, extending the market radius to 200 will introduce little error
to our estimation given that we identify the best alternative airport based on the
lowest FD plus travel costs.
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chosen as the airport that minimizes the full cost of the bundle, fare plus travel

costs.
Mean Fare Differential Median Fare Differential
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FIGURE 2. Mean and median fare differentials between Des Moines
Airport (DSM) and its two alternatives, Omaha (OMA) and Kansas
City (MCI)

4.1. Measuring entry. It is interesting to examine episodes of new carrier en-
try into these smaller markets, since perhaps these occurrences are competitive
responses to profit opportunities reflected in the fare differentials. Pure entry, the
beginning of service by a carrier not currently operating at an airport, occurs rel-
atively infrequently during the sample period for our selected markets. We focus
on the share of total airport passenger revenues rather than the market shares on
particular routes. Multi-market entry via route expansions is the usual pattern of

airlines. Evidence of multiple, coordinated route expansions may be measured by
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the extent of routes serviced from the origin. For example, Southwest Airlines sup-
posedly made a big expansion in its flight offerings out of Birmingham during this
period. We look at Wall Street Journal articles to find evidence of route expansion
episodes and search the data to verify that there were threshold changes in the
airport market share of a major carrier, i.e. a share less than 1 percent rising in a
single quarter to a level of more than 3 percent which is sustained in at least three
successive quarters. Between 1996 and 1999, we identify 25 instances in which
a major carrier entered a new market or a national/regional carrier entered and
achieved a substantial market share (3% or more) of overall passenger revenue.”
While there are too few events to do an extensive empirical analysis of the entry
process, we hypothesize that fare differentials will decrease at airports following the
introduction of new carrier entry. To illustrate with one pair of airports, Figure 3
gives the plot of changes in fare differentials between Manchester, NH and Boston,
MA. The focal airport at Manchester (MHT) experiences entry in the 10th quarter,

and this was followed by a rapid and substantial elimination of the differential in

subsequent quarters.

4.2. Market Structure, Demographic and Control Variables. The variables
used in our empirical analysis are defined in Table 1 and the summary statistics
are shown in Table 2. Local market structures at the medium-to-small airport
hubs display a high degree of variation in market shares because of the presence of
numerous, small commuter lines and the incidental presence of charter flights by
major carriers outside the market. We calculate the presence at the airport of a

major carrier by including only those that achieve a market share of 3 percent or

"There are several instances in our data where a carrier expands its route offerings
at a market and becomes a “beefed-up” competitor. During the period 1996-1999,
Southwest and Northwest Airlines are especially active in expanding their route
offerings at a number of cities included in our sample. We also calculate the number
of destinations serviced by carriers at each focal market as an alternative basis for
identifying this route-expansion form of entry. The method is intractable, however,
because of the complexity of the service networks affected by expansion via indirect
connections.
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Ficure 3. Effect of Entry on Fare Differentials at Manchester

(MHT) relative to Boston (BOS)

higher in a given quarter. This variable is used for carrier-specific fixed effects and
to identify the presence of a low cost carrier at the airport, low cost.

The variation in market shares suggests that structure may be best captured
with the Herfindahl index calculated from revenues reported by every carrier with
tickets originating at the local airport. Note that reported revenues are an estimate
of actual revenues; they are constructed from the 10 percent Origin and Destination
sample. It is not known whether biases may be introduced by non-randomness in
the reporting. For example, all major carriers have established affiliations with
regional and local airlines to service routes to and from smaller hub airports for
them. Because of ambiguous reporting, in some cases, ticket revenues are reported
only for the affiliate rather than the major carrier. Thus, it is not entirely clear
how to allocate revenues among carriers when both are present in the local market.

We construct the Herfindahl index, HHI, based on the revenues from the reported
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tickets for the individual carrier that attributes all revenues to the major carrier
(if present in the market) in the affiliation. Additional control variables include
an index of the price of jet fuel, jet fuel, an index of gasoline prices, gas prices,
the logarithm of a quarterly population estimate for the metropolitan statistical
area, pop, and an estimate of the personal income per capita in the MSA, income.®

Finally, seasonal dummies and a time trend are constructed for the panel models.

5. THE ECONOMETRIC ANALYSIS OF SPATIAL CORRELATION IN FARE INDEXES

We begin with estimates of a fare index model that allows for spatial correlation
and spatial autoregressive errors between each local airport and its nearby alterna-
tive. Traditional panel data models that allow temporal and cross-sectional fixed
effects may be extended to include spatial correlation in the dependent variable
or errors. A model allowing spatial autocorrelation in the dependent variable, the

Spatial Autoregressive (SAR) model may be written as:
(1) F[t:pWFIt‘FOé‘i‘ét‘i‘Xtﬁ‘i‘gt

where F'I; denotes the Rx1 vector of observations on the dependent variable, the
fare index, for each of the R airports at time period t, X; denotes the Rxk matrix of
observations of k regressors for each of the R airports at period t, and €, denotes the
Rx1 vector of errors at time t. The RxR matrix W is the spatial contiguity matrix
that indicates the correspondence between focal and alternative airport pairs in
this study. The coefficient p is the spatial correlation coefficient. The Rx1 vector
« contains the airport-specific fixed effects, and the scalar 0 is the temporal fixed
effect.

A similar model allowing spatial error correlation, the Spatial Error Model

(SEM), may be written as:

(2) FIi =a+ 6+ XiB+n

8These data are linear extapolations from data available at the REIS website at
http://www.ciesin.org/datasets/reis/reis-home.html.
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where
(3) = pWi + &

As with the SAR model, the matrix W is the spatial contiguity matrix and p is
the spatial correlation coefficient. In both models, ¢; is assumed to have zero mean
and covariance matrix o21p.

Elhorst (2003) considers estimation of spatial panel data models. The usual
properties of ML estimates are dependent on the form of the contiguity matrix. The
ML estimator of 3 is consistent and asymptotically normal for the common cases of
a binary contiguity matrix and an inverse distance contiguity matrix. Furthermore,
spatial panel models have the usual incidental parameters problem. That is, if
the number of time periods is fixed, allowing the number of cross-section units
to go to infinity is not sufficient to insure the consistency of the estimate of a.
Consistency of the estimates of o and § requires both the number of cross-sections
and the number of time periods to go to infinity. Fortunately, as with the standard
linear panel models, this inconsistency does not spill over to the estimates of the

coefficients 3.°

6. EFFECTS OF AIRPORT SUBSTITUTION ON PERFORMANCE

We turn next to the effect of fare differentials on the cost performance of airlines
operating at our 65 focal markets. The issue is whether the siphoning of passengers

by alternative airports results in reduced efficiency at the focal airport.

6.1. Cost Performance at the Smaller Airport Market. Our hypothesis is
that the load factors, LF,;, are depressed in areas most affected by “drive-to-fly”
behavior. Airlines may face adjustment costs in reconfiguring the deployment of
aircraft and be saddled with larger planes than needed, for some period of time.
In our model, we transform the load factor into logits, and estimate logistical
regressions with panel features.

9Matlab programs for estimation of both the SAR and SEM models is available
on Professor James P. LeSage’s web site at www.spatial-econometrics.com.
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Alternatively, the performance effect may be reflected in reduced passenger vol-
ume from the airport, Pax,;, or in reduced total passenger revenue, TR,;. In
summary, to get at the issue of how cheaper alternative airports affect the cost

performance in the focal airport, we estimate these alternative models:

(4) LFrt = o + (st + ﬁOFDrt + /6Xrt + &
(5) Pa'xrt = Tr + v + QOFDTt + eXrt + &t
(6) TRmL = Yr + v + QOFDrt + QXM + Ept

for r = 1,...,R and t = 1,...,T. The time period for this study includes 16
quarters from 1996 to 1999. The «, are the airport-specific effects and the d; are

the time-specific effects. For any airport r and its best alternative airport k,

(7) FDyy=Flyy — Flyy

denotes the lagged fare differential at airport r, and X,; denotes regressors with
both airport and time variation. The typical estimation procedure is to difference
each observation from its temporal sample mean in order to eliminate the airport-
specific effects from the estimating equation, and to include a set of temporal
dummy variables to capture the time-specific effects. This estimating equation
produces the familiar “difference-in-difference” estimator for the restricted case of

two time periods and no regressors.

7. RESULTS

7.1. Spatial econometric model of airport substitution. The first general
question is what determines the level of fares observed in the data? We approach
this first question because it may be that market structure or other variables are

driving the observed fare indexes. Table 3 reports panel regression model based
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on three models of what drives fare levels: ordinary least squares and two differ-
ent models incorporating the spatial econometric features. We include the OLS
estimates to have a baseline comparison for the spatial econometric specifications.
Indeed, while the point estimates vary to some degree, the reported signs of the
coefficients are remarkably constant across the three estimation procedures.

Covariates in the model are mostly significant. The mean fare is found to be
negatively and significantly related to the Herfindahl index. The coefficient of the
weighted load factor is negative and significant in both models. Airport market
density, as proxied by the local population, is negatively related to the fare index,
and we find that the presence of a low cost carrier is associated with a significantly
lower level of fares. Both these results reflect the local cost shifters in providing
service out of the airport and are consistent with earlier studies.

The positive effect of gasoline prices suggests that fares are higher in the face of
high fuel prices, although the coefficient of the jet fuel price index is unexpectedly
negative and significant. Gas prices capture variations in the implicit travel costs
to an alternative airport and would affect passenger demand. Fuel prices, on the
other hand, represent a input cost driver for the carriers. Thus, the negative
coefficient may be a statistical artifact owing to its high correlation with the gasoline
price index.!” In order to include a complete set of carrier, temporal and airport
fixed-effects dummies, there are 159 parameters, while the sample contains 2080
observations. Nevertheless, the fixed effects are also highly statistically significant
and an important control for time invariant sources of unobserved variation in the
airports.

The spatial econometric models are reported in Table 3 as well. These results
are important because they confirm a tight economic linkage between the 65 local
airports and best alternative near-by airports. The estimated spatial correlation
coefficient is approximately 0.5 in both the SAR and SEM models. Recall that
the SAR model is one allowing spatial autocorrelation in the dependent variable

0The focus variables in this study were robust to alternative specifications in-
volving various combinations of the fuel variables.
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explicitly, via the contiguity matrix that identifies the spatially-lagged influence of
fare levels at the larger airport hub on its neighboring small-to-medium airport.
The SEM model works by allowing spatial error correlation.

No matter how one models the process that generates fare differentials between
alternative airports, the direction of the relationship is positive. The results sug-
gest that a $1 decrease in fares at the alternative airport results in less than a
$1 decrease in fares at the local airport. As the fares at the alternative airport
become relatively cheaper, travelers have a greater incentive to drive to the alter-
native airport. Perhaps because of relatively low load factors and inefficient scale
of operations prevailing at many smaller airports, the decreases in passenger vol-
ume will result in a less than proportional decrease in fares at the local airport.
At least for price-sensitive travelers, driving-to-fly helps to drive equilibrium fares
close together, as the high correlation between these fare indexes shows, be it in the
spatial autogressive (SAR) model or the spatial error (SEM) model. We interpret
this result to show that passengers are cognizant of travel discounts in the distant
market and being siphoned away from the local airport when favorable differentials
are available.

Table 4 reports the panel regression models aimed at measuring the cost perfor-
mance effects of the fare differentials.!! In these models we look at the effect of the
one-quarter lagged fare differential directly on performance, under the assumption
that price sensitive passengers respond to this differential by substituting the al-
ternate airport in response. We find that a relatively high F'D,; in the previous
quarter is highly significant in reducing the passenger volume and total revenue out
of the focal airport, and it reduces the average load factors achieved by carriers as

well. This result is striking and may explain in part the fact that these markets

HReported results are based on models with the mean fare differential; other
results, not reported here, were based on median fare differentials and are qualita-
tively similar.
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often remain unattractive for entrants, despite the high fares prevailing. Low pas-
senger volume and load factors may imply added profit risks of entry, and slow the
adjustment.

We turn next to the effect of carrier airport entry on the fare index itself. Of the
65 airports in our data, 25 airports present the opportunity to observe performance
before and after entry has occurred. We restrict our next sample to quarterly
observations on airports where entry is observed, as well as observations on their
alternative airports and estimate again the models presented above in Table 3.
Now we can examine the procompetitive effect on the fare index by adding a
indicator variable for quarters after entry has occurred, postentry. Because the
sample smaller,( 800 observations), we do not include airport fixed effects. Thus,
there is some sacrifice of detail in the model, but the results are indicative of what
would likely be found in a much larger sample. Key results are reports briefly in
Table 5. Across all the three models we employed earlier to explain fare index,
the effect of entry is highly significant. Entry leads to a reduction in fare indexes,
effects that are especially large after controlling for spatial effects that link the local

airport with its alternative.

8. CONCLUSIONS

The concepts of mean and median fare differentials between pairs of alternative
airport hubs were introduced into our analysis for different purposes. First, they
provide a ready measure of the attractiveness of distant airports to travelers who
are willing and able to accept the time costs to receive lower fares. Likewise, these
fare differentials indicate opportunities for new entrants to enter profitably. Our
empirical analysis suggests that in medium-to-small airport hub markets there are
important competitive effects of alternative airports. The fact that consumers are
willing to drive some distance to purchase cheaper flight options causes linking of

airport markets in price competition. Operation decisions at each airport are not
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made in isolation of pricing decisions made at alternative airports. When fare dif-
ferentials are high, entry is more likely to occur in one form or another. Moreover
the cost performance in the focal market suffers in terms of the passenger volume
achieved and the load factors on flights emanating from the airport. Higher pro-
duction costs and consequently higher ticket prices lead to a siphoning of business
from the local airport toward the alternative larger airports. Airline carriers find
themselves in a bad equilibrium. These conditions probably retard the rate of com-
petitive entry, because of the additional risks of entry that may be perceived. If
the fare differential becomes sufficiently large, then entry is encouraged, suggesting
earnings are expected to be sufficient to offset the risk of low passenger volume.

Our results also shed light on why today we observe the opposite phenomenon,
drive very little to save a lot. Carriers have begun to enter and/or expand their
presence in secondary markets. For example, between 1996 and 2002, passengers
flying out of Manchester Airport nearly quadrupled from .5 million to 1.85 million,
while passengers flying out of Boston Logan Airport dropped 10 percent, down to 11
million. (Estabrook, 2003) Congestion and higher landing fees at large airports have
raised the full cost, ticket price plus driving costs, reducing the fare differential.
Increased passenger volume has raised load factors and lower production costs,
making these markets more attractive for carrier entry.

A final aspect of fare differentials worth considering is that they may be a symp-
tom of entry barriers that are not specified in the model. For example, Dresner
et al. (2001) find that carrier yields rise with airport congestion and allocation
of airport gates through exclusive use. Unfortunately, information on these entry
barriers is publicly available only for medium and large hub airports.

It would be useful to extend this analysis to the question of what determines the
entry and the equilibrium fare differentials in a cross section of markets similar to
those included in our sample. If it were possible to extend the panel to a longer time
frame, the effects of entry on these measures of fare differentials may be assessed

using spatial panel econometric methods. Our short panel would not suffice to test
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the hypothesis that entry erodes the differential, for it requires a richer sample of
entry events and enough periods before and after the entry event to estimate the
model. Nevertheless, consistent with competitive theory, we find, in a limited set
of observations on carrier airport entry, some evidence that entry is having the

pro-competitive effect of reducing fare indexes in periods following carrier entry.
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TABLE 1. Variable Definitions

FI-mean
Fl-median
FD-mean
FD-median
jet fuel

gas prices
load factor
market revenue
low cost

HHI

pop

income

Delta
American
Continental
America West
Northwest
Trans World
United

US Airways

Southwest

Lespeyre index of mean fares at the local airport

Lespeyre index of median fares at the local airport

difference between mean fare indexes at the local and alternative airport, previous quarter
difference between median fare indexes at the local and alternative airport, previous quarter
index of jet fuel prices

index of gasoline prices

weighted load factor for flights originating at airport

total revenue for flights originating at airport

binary for the presence of a low cost carrier at airport

Herfindahl index divided by 1000

SMSA population (in thousands) at the local airport

SMSA per capita personal income (in thousands) at the local airport

binary indicating Delta serves airport

binary indicating American serves airport

binary indicating Continental serves airport

binary indicating America West serves airport

binary indicating Northwest serves airport

binary indicating Trans World serves airport

binary indicating United serves airport

binary indicating US Airways serves airport

binary indicating Southwest serves airport
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TABLE 2. Summary Statistics

Variable
FI-mean
FI-median
FD-mean
jet fuel

gas prices
load factor
market revenue
low cost
HHI

pop

income
passengers
Delta
American
Continental
America West
Northwest
Trans World
United

US Airways

Southwest

Mean
324.175
266.255
122.952
57.088
100.850
0.632
4153177
0.390
3.201
2550.180
25.428
811.610
0.824
0.725
0.484
0.194
0.646
0.400
0.635
0.632
0.180

Standard Deviation
110.857
88.771
118.755
10.647
7.950
0.072
4626167
0.488
1.730
4888.418
4.624
1425.411
0.381
0.447
0.500
0.395
0.478
0.490
0.482
0.482
0.384

Minimum
41.509
39.810
-140.478
37.500
84.500
0.422
24221
0.000
1.130
113.823
11.190
10.313

o O o o o o o o o

Maximum
566.449
485.030
393.041
74.400
110.800
0.875
32600000
1.000
10.000
21200.000
42.376
9397.473
1

1
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TABLE 3. Estimates of Spatial Panel Models of the Fare Index

Ordinary Least Squares Spatial Autoregressive Spatial Error Correlation
Coefficient Estimate t-statistic p-value Estimate t-statistic p-value Estimate t-statistic p-value
jet fuel -2.094 -4.96 0.001 -0.620 -7.84 0.001 -0.858 -9.821 0.001
gas prices 1.680 4.280 0.001 0.537 5.661 0.001 0.692 6.546 0.001
load factor -49.828 -4.510 0.001 -71.938 -7.536 0.001 -88.443 -9.022 0.001
low cost -6.699 -3.410 0.001 -6.163 -3.180 0.001 -5.357 -2.869 0.004
pop -0.028 -3.780 0.001 -14.596 -2.007 0.045 -28.076 -3.788 0.001
income 3.137 2.870 0.004 3.533 9.098 0.001 4.761 11.440 0.001
HHI 5.428 6.220 0.001 5.050 5.939 0.001 5.951 6.689 0.001
Delta 7.006 2.690 0.007 8.796 3411 0.001 12.448 4.739 0.001
American 9.835 4.580 0.001 7.420 3.605 0.001 7.172 3.511 0.001
Continental -3.578 -1.560 0.119 -6.430 -2.829 0.005 -3.280 -1.490 0.136
America West 7.615 2.520 0.012 8.348 2.810 0.005 10.135 3.590 0.001
Northwest -1.393 -0.550 0.583 -6.621 -2.639 0.008 -5.278 -2.132 0.033
Trans World  -2.857 -0.690 0.490 -4.028 -0.981 0.327 -2.791 -0.729 0.466
United 3.936 1.420 0.156 3.365 1.227 0.220 2.914 1.083 0.279
US Airways -20.222 -6.720 0.001 -13.671 -4.548 0.001 -15.534  -5.295 0.001
Southwest 3.671 1.730 0.084 0.454 0.227 0.820 -2.134 -1.105 0.269
p 0 - - 0.571 20.146 0.001 0.538 24.535 0.001

Note: Dependent variable is FI-mean for all specifications. Estimates of
temporal and cross-sectional fixed effects have been suppressed.
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TABLE 4. Panel Regression Estimates of Performance Models

Logit of Load Factor Passengers Market Revenue
Coefficient Estimate t-statistic p-value Estimate t-statistic p-value Estimate t-statistic p-value
FD-mean -0.001 -2.690 0.007 -0.54 -9.660 0.000 -1.789 -6.130 0.000
jet fuel -0.011 -4.560 0.000 -0.20 -0.440 0.657 -2.380 -1.040 0.297
gas prices 0.015 3.890 0.000 0.34 0.460 0.643 9.782 2.610 0.009
low cost 0.032 0.960 0.339 11.44 1.860 0.063 48.407 1.520 0.129
pop 0.000 -0.350 0.728 0.05 1.690 0.091 -0.001 -6.930 0.000
income 0.000 1.180 0.239 -6.16 -1.800 0.072 0.150 8.470 0.000
HHI 0.000 0.820 0.412 -1.89 -0.800 0.426 0.004 0.300 0.762
Delta 0.013 0.360 0.719 6.56 1.000 0.318 -78.571 -2.310 0.021
American 0.096 3.080 0.002 2.93 0.510 0.607 11.363 0.380 0.701
Continental 0.034 0.910 0.364 21.67 3.120 0.002 44.363 1.230 0.218
America West -0.145 -2.430 0.015 -20.22 -1.840 0.066 34.841 0.610 0.540
Northwest 0.180 4.880 0.000 14.09 2.080 0.038 14.16 0.400 0.688
Trans World  -0.195 -2.670 0.008 -17.86 -1.340 0.182 322.570  4.660 0.000
United 0.050 1.270 0.204 16.36 2.270 0.023 0.870 0.020 0.981
US Airways 0.143 2.940 0.003 -13.91 -1.560 0.119 5.111 0.110 0.912
Southwest -0.098 -2.370 0.018 31.46 4.160 0.000 467.231  11.920 0.000

Note: Dependent variable of each model listed in header. Estimates of
temporal and cross-sectional fixed effects have been suppressed.
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TABLE 5. Spatial Panel Models of the Fare Index in Markets where

Entry Occurred

Post-entry period
Estimated effect  t-statistic p-value

Fare Index Models:

OLS panel with carrier fixed effects -4.075 -1.62 0.105
OLS panel with temporal and carrier fixed effects -5.045 -1.94 0.053
SAR with carrier fixed effects -8.245 -1.899 0.0575
SAR with temporal and carrier fixed effects -8.477 -2.329 0.02
SEM with only carrier fixed effects -18.671 -4.913 0
SEM with temporal and carrier fixed effects -18.21 -4.828 0

Note: Dependent variable is FI-mean for all specifications. Models are specified with
explanatory variables as reported in Table 3, except as noted for fixed effects. There are
25 entry events and 800 observations used.
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