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Abstract

Recently, considerable attention has been focused on the performance of various airlines and air carriers in terms of
efficiency. Although it is obvious that air carriers use airports, few studies have focused on airport operational efficiency.
This empirical study evaluates the operational efficiencies of 44 major U.S. airports using data envelopment analysis and
some of its recent developments. Various airport characteristics are evaluated to determine their relationship to an airport’s
efficiency. Efficiency measures are based on four resource input measures including airport operational costs, number of
airport employees, gates and runways, and five output measures including operational revenue, passenger flow, commercial
and general aviation movement, and total cargo transportation. The results of this study have operational as well as public
policy implications. q 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

The operational performance of various air carri-
ers is the subject of numerous studies. Yet, airports,
major service providers to air carriers, have not been
evaluated from the perspective of their management
or operational efficiency. Instead, as noted by Wiley
Ž . Ž .1986 and Inamete 1993 , much of the literature on
airports focuses on technical subjects, such as plan-
ning, design, construction, and legal and environ-
mental issues.

The analysis and evaluation of airport operational
efficiency have implications for a number of airport
customers. Air carriers want to schedule and locate

) Tel.: q1-508-793-7659; fax: q1-508-793-8822.
Ž .E-mail address: jsarkis@clarku.edu J. Sarkis .

at airports that are more efficient. Municipalities
want airports to be as efficient, and, thus, as compet-
itive as possible to attract business and passengers,
and to show local governments that they provide
good service. The federal government, in funding
airport improvement projects, could use airport effi-
ciency evaluation to help determine the effectiveness
of these programs and whether various airport im-
provement projects that focus on reengineering or
capital improvements impact relative airport effi-
ciency. Benchmarking their own airports against
comparable airports is one way for airport operations
managers to ensure competitiveness. Factors beyond
operations decisions that may impact airport opera-
tional efficiency are investigated here.

These, and other important managerial and opera-
tions issues focusing on the productivity and effi-
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ciency measurement of U.S. airports, set the stage
for this study. The primary objective of this paper is
to determine those characteristics that impact the
operations of major U.S. airports and to obtain re-
sults that will aid operations managers and communi-
ties in improving their airports by benchmarking
their airports against similar airports. Data are gath-
ered directly from the airports and also from the

Ž .Airports Council International ACI and are input to
a series of models that evaluate the relative effi-
ciency of sets of airports. The modeling techniques,
which are based on a set of mathematical program-
ming formulations defined as data envelopment anal-

Ž .ysis DEA , are briefly described in Section 3, with
additional detail presented in Appendix A.

As well as showing the applicability of the vari-
ous DEA models, results are investigated to deter-
mine characteristics that may impact airport opera-

Žtional efficiency e.g., whether an airport is a hub to
wa major air carrier, is in a snowbelt regions with

xmore than 10 in. of snow per year , and part of a
w x.multiple airport system MAS . This paper incorpo-

rates many versions of DEA for efficiency analysis;
a brief comparison and analysis of these techniques
and their results are also included, followed by a
summary and discussion of the results and future
research potential.

2. Background

Airports are critical, dominant forces in a commu-
Žnity’s economic development e.g., Dallas–Fort

. Ž .Worth and Atlanta . Inamete 1993 states that since
1970, airports have redrawn the economic map of the
U.S. Locating airports in communities to further
their economic development has been exacerbated by
the deregulation of the airline industry, which has
allowed airlines to expand services and pressured
airports to provide additional services to the airlines’
customers.

Ž .Inamete 1993 states that airport operational effi-
ciencies may be improved through internal and ex-
ternal measures. Government policies are strong ex-
ternal measures, while communication and close
management of operational, technical, and manage-
rial functions are clear internal measures. The rela-
tionship between the key elements of airport man-

agement and policy milieu also impacts airport oper-
ations.

Improvements and evaluations of airport opera-
tional efficiencies have not been well researched by
the literature, perhaps due to the relatively recent
introduction of operational improvement paradigms
such as total quality management and business pro-
cess reengineering. External forces for operational
improvement include efforts by regulatory organiza-
tions such as the Federal Aviation Administration
Ž .FAA , which itself has experienced government
reengineering.

We review literature focusing on related effi-
ciency studies, as well as issues and external charac-
teristics that may impact airport operational effi-
ciency. Airport operations managers may benchmark
their airports’ performances against those of compa-
rable airports on input and output measures used in
these studies and consider these factors to interpret
their findings more accurately.

2.1. Analysis of airport operations

Few studies have focused on the productivity and
efficiency of major U.S. airports. Productivity can be

Ž .defined as a general measure of a ratio of output s
Ž .to input s . The focus on productivity measurement

in this industry typically has been on organizations
that use the services of airports and on general

Žtransportation infrastructure e.g., Schefczyk, 1993;
.Truitt and Haynes, 1994; Windle and Dresner, 1995 .

Efficiency, which is defined in more detail in the
discussion on DEA models in Appendix A, considers

Žthe relative productivity of a set of units in this case,
.airports . An efficient unit is said to lie on the

efficient frontier of a set of units.
The deregulation of the airline industry has put

pressure on airports to be more competitive and
productive because airlines choose airports that are

Ž .more cost effective. Ashford 1994, p. 59 makes a
cogent argument for the improved management of
airports in a deregulated airline environment: ‘‘Facil-
ities which are efficient, inexpensive, cost effective
and offering a high level of service to airlines and
passengers can expect higher passenger flows and
consequently increased revenues and increased prof-
itability. In a deregulated climate, such a facility
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could expect to attract air carrier operation in an
environment where the airline is free to move its
base of operations.’’ Simply put, an air carrier’s
willingness to remain at an airport may be deter-

mined by that airport’s efficiency. Airport opera-
tions, and the role of airport operations managers,
have critical strategic implications for an airport’s
long run viability.

Table 1
Listing of airports and characteristic categorizations

Ž .Airport Location Airport name Major carrier Airport system Snowbelt )10 in.
abbreviation hub category snow annually

ATL Atlanta, GA Hartsfield Intl. Yes SAS No
BUF Buffalo, NY Greater Buffalo Intl. No SAS Yes
BWI Maryland BaltimorerWashington Intl. Yes MAS Yes
CLE Cleveland, OH Cleveland–Hopkins Intl. Yes MAS Yes
CLT North Carolina CharlotterDouglas Intl. Yes SAS No
DAL Dallas, TX Love Field Yes MAS No

aDAY Dayton, OH Dayton Intl. Yes SAS Yes
DEN Denver, CO Denver Intl. Yes SAS Yes
DFW Irving, TX Dallas–Fort Worth Intl. Yes MAS No
FLL Florida Fort Lauderdale Exec. No MAS No
GEG Spokane, WA Spokane No SAS Yes
GRR Grand Rapids, MI Kent County Intl. No SAS Yes
HNL Hawaii Honolulu No SAS No
HOU Houston, TX Houston Intercontinental Yes MAS No
IAD Maryland Dulles Intl. Yes MAS Yes
IAH Houston, TX William P. Hobby Yes MAS No
IND Indiana Indianapolis Intl. No SAS Yes
JAX Florida Jacksonville Intl. No SAS No
JFK New York, NY John F. Kennedy Yes MAS Yes
LAS Las Vegas, NV McCarran Intl. Yes SAS No
LAX Los Angeles, CA Los Angeles Intl. Yes MAS No
LGA New York, NY La Guardia No MAS Yes
MCI Kansas City, MO Kansas City No SAS Yes
MCO Orlando, FL Orlando Intl. Yes SAS No
MEM Memphis, TN Memphis Shelby County Yes SAS No
MIA Miami, FL Miami Intl. Yes MAS No
MKE Milwaukee, WI General Mitchell No SAS Yes
MSP Minnesota Minneapolis–St. Paul Yes SAS Yes
MSY Louisiana New Orleans Intl. No SAS No
OAK California Oakland Intl. Yes MAS No
ONT Los Angeles, CA Ontario Intl. Yes MAS No
PDX Portland, OR Portland Intl. No SAS No
PHX Phoenix, AZ Sky Harbor Intl. Yes SAS No
PIT Pittsburgh, PA Pittsburgh Intl. Yes SAS Yes
RNO Reno, NV RenorTahoe Intl. No SAS Yes
SDF Louisville, KY Louisville Intl. Yes SAS Yes
SEA Seattle, WA Seattle–Tacoma Intl. Yes SAS No
SFO California San Francisco Intl. No MAS No

bSJC California San Jose Municipal Yes MAS No
SLC Utah Salt Lake City Intl. Yes SAS Yes
SMF California Sacramento Metro No SAS No
SNA Los Angeles, CA John Wayne No MAS No
STL St. Louis, MO Lambert Yes SAS Yes
TPA Tampa, FL Tampa Intl. No SAS No

a Before 1992.
b Before 1993.
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Airports seek funding from the FAA’s airport
Ž .improvement program AIP , a program critical for

airport operations because its spending represents a
Ž .substantial portion 20–25% of the national airport

Ž .system’s capital costs see DeLuca et al., 1995 .
Similar to most other governmental programs, it is
undergoing evaluation and reengineering. The areas
of change of the FAA airports reengineering project
include national planning, master agreement devel-
opment, resource reallocation, performance measure-
ments, information technology development, and
outreach programs. Three of these areas focus on the
performance measures of airports related to any AIP
funding and operations. The first, national planning,
includes the development and publication of a report
that measures actual and temporal improvements in
airport system performance. In the second, the real-
location of FAA resources will depend heavily on
performance measures after AIP completion at an
airport and on airport resource utilization. The third
major area of change, performance measures, ad-
dresses an important need for the national planning

Ž .process because 1 it is the basis for determining
Ž .national airport system performance, and 2 it guides

the creation of a prioritized inventory of airport
improvement projects. Six performance measurement
areas have been defined for airport development
systems: infrastructure, environment, accessibility,

Ž .capacity, and investment FAA, 1997, p. 26 . The
FAA adds that the priority system will be adjusted
depending on the measurement of system perfor-
mance as determined by performance measures
Ž .FAA, 1996, 1997 such as efficiency evaluations.

In addition to the consideration of airport effi-
ciency, the results of this study are used to evaluate
some characteristics of airports and their relation-
ships to the efficiency measures, which will help the
FAA and communities to compare airports. It will
also show airport management that certain external
characteristics may result in varying performances
and that to benchmark their performances meaning-
fully, they need to consider these characteristics.

2.2. Airline hub location and relation to airport
operational efficiency

ŽMost of the major air carriers except Southwest
.Airlines have a transportation system based on the

hub and spoke network model. The location of a hub
at an airport greatly increases many airport output
measures, including revenue and passenger flow.
Thus, we expect that the operational efficiency of
hub airports will be greater because either they are
major air carrier hubs or air carriers chose these
airports as hubs because they are more efficient. This
study will not discern the causation, but will focus
on the relationship between operational efficiency
and whether an airport has an air carrier hub. The
limited empirical and theoretical research on hub
airport characteristics has focused on ‘‘fortress hub’’
and hub duopoloyrmonopoly relationships with air-

Žport fare prices see Borenstein, 1989; Windle and
.Dresner, 1993 . The effects on airport operations of

whether an airport is a hub have not been considered
by any research.

A hub airport is defined as one that is officially a
Žhub for a major airline or carriers in the U.S. except

.Southwest Airlines . The major private airlines and
carriers include: Alaska Airlines, American Airlines,
America West, Continental Airlines, Delta Airlines,
Federal Express, Northwest Airlines, Southwest Air-
lines, Trans World Airlines, United Parcel Services,
United Airlines, and US Airways. For Southwest
Airlines, airports where over 25% of passenger traf-
fic is from the Southwest are considered hubs. The

Žair carriers themselves American Airlines, United
.Parcel Services, Federal Express and Air Transport

World, a major trade journal, provide data sources.
The categorization of airports as hubrnonhub is
shown in Table 1. Only those airports that responded
to this study are included in Table 1. We thus have
our first proposition.

Proposition 1. Airports that are hubs for major air
carriers are more efficient than those that are not
hubs.

2.3. Multiple airport systems

Ž .Hansen and Weidner 1995 have studied the
characteristics of a variety of MAS and the potential
and need for additional MAS. The relative efficiency
scores from the DEA execution in our data also may
be used to evaluate the differences between MAS

Ž .airports and those of single airport systems SAS .
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Ž .According to Hansen and Weidner p. 9 , an MAS is
two or more airports with scheduled passenger en-
planements, and which satisfy both of the following
criteria.

Ø Each airport is included in the same community
Ž .by the FAA or within 50 km 30 miles of the

primary airport of an FAA designated ‘large hub’
community, or each airport is in the same Metropoli-
tan Statistical Area or Consolidated MSA.

1 Ž .Ø The Herfindahl concentration index HCI for
the airports is less than 0.95.

MAS airports, typically, have more passenger en-
planements due to their locations in densely popu-
lated areas, which may increase their efficiency
scores. In addition, airports within MAS compete
with each other, further emphasizing the need for
efficiency. Hansen and Weidner imply that competi-
tion in MAS provides a foundation for privatization
of airports. SAS airports also may be efficient be-
cause they represent the major passenger enplane-
ment traffic in a geographical region and have rela-
tively higher outputs, which the DEA models utilize.
Categorization of MASrSAS airports is identified in
Table 1. MAS airports are identified according to

Ž .Hansen and Weidner 1995 .

Proposition 2. Airports in Multiple Airport Systems
are more efficient than those in Single Airport Sys-
tems.

2.4. Geographical considerations and relationship to
airport operational efficiency

While providing the data, some respondents ex-
pressed concern about the fact that geographic loca-
tion, especially snowbelt vs. nonsnowbelt, may
strongly influence relative airport productivity and
efficiency. A brief analysis of these categories is
presented. Airport categorizations of snowbelt or
nonsnowbelt locations are shown in Table 1. We
now state our third proposition.

1 The HCI is a measure of the degree to which passenger
activity is concentrated at a single airport within the region. It is
calculated as the sum of the squared traffic shares of each airport
in an MAS. For an SAS the HCI is equal to 1.

Proposition 3. Airports that are not in snowbelts
are more efficient than those in snowbelts.

3. Methodology

Airport operational efficiency is calculated using
various DEA models, which are detailed in Ap-
pendix A. The following models and their efficiency
scores are calculated for each airport in this study.

Ž w xØ Simple Efficiency Charnes et al., 1978 CCR ;
w x.Banker et al., 1984 BCC refers to efficiency scores

Ž .technical and scale efficiencies calculated by the
basic CCR and BCC models for each airport.

Ž . ŽØ Simple Cross-Efficiency SXEF Doyle and
.Green, 1994 is the efficiency score calculated for an

airport s by multiplying the optimal weights of an
airport k from the CCR model by the original ratio
of inputs and outputs of the airport s. The cross-ef-
ficiency scores are then averaged for each airport to
get a mean SXEF.

Ž . ŽØ Aggressive Cross-Efficiency AXEF Doyle
.and Green, 1994 is the efficiency score calculated

for an airport s by multiplying the optimal weights
of an airport k from Doyle and Green’s scaled
aggressive formulation by the original ratio of inputs
and outputs of the airport s. The cross-efficiency
scores are then averaged for each airport to get a
mean AXEF value.

Ž . ŽØ Ranked Efficiency RCCR Andersen and Pe-
.tersen, 1993 is the efficiency score calculated by the

reduced CCR model for each airport.
Ž . ŽØ Radii of Classification Rankings GTR Rous-

.seau and Semple, 1995 is the efficiency score calcu-
lated by the Rousseau and Semple generalized
Tchebycheff radius of classification formulation.

Over the past two decades, DEA has become a
popular methodology for evaluating the relative effi-
ciencies of decision-making units within a relatively

Žhomogenous set see Emrouznejad and Thanassoulis,
1996a,b,1997; Seiford, 1996 for comprehensive bib-

.liographies . This study represents, to date, one of
the more comprehensive applications of the DEA
methodology and its variants. Using a variety of
DEA-based models allows for additional insights and
determines the consistency of the results. Appendix
A describes the major limitations of the models and
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how the results of these models supplement one
another.

4. Data and data acquisition

The Data for DEA models include both input and
output factors from which relative technical, scale,

Žand cross-efficiency measures are determined each
.of these types of efficiencies is defined below . Input

data, composed of resources that are common to all
Žairports, include financial costs measured in operat-

. Žing costs , labor measured in the number of full-time
equivalent employees directly employed by the air-

.port , and the number of gates and runways. These
are standard resources that are available to all air-
ports and airport operations managers to help gener-
ate the necessary outputs. Output data are comprised
of operating revenue generated, number of aircraft
movements, general aviation movements, passenger
movements, and amount of cargo shipped. General
aviation includes all aircraft not flown by scheduled
airlines or the military. Movements for aircraft and
general aviation represent a landing and take-off of
an airplane or helicopter at an airport. A passenger

Ž .movement can be either: a passengers arriving or
departing via commercial airplane or helicopter; or
Ž .b passengers stopping temporarily at a designated
airport and departing on an aircraft with the same
flight number and counted only once. General avia-
tion refers to private consumer aircraft that use the
airport. All data are self-reported by the airports.

The data set is acquired from two major sources,
Ž .the ACI ACI, 1995 and two mail surveys sent to

selected airports. Only the top 80 U.S. airports based
on the FAA’s 1993 passenger revenue enplanement
number found in Table 4.11 of the FAA Statistical

Ž .Handbook of AÕiation FAA, 1994 are included,
although they are not necessarily the largest in cargo
movements. Output data are taken from the ACI
annual database of airport activities, which ACI
gathers from self-reported data from member air-
ports. The surveys are used to acquire information on

Ž .the major inputs and operating revenue . There are
43 usable responses for 1990, and 44 for the years
1991 through 1994, constituting a 55% response rate.

Table 1 lists airports that responded to this sur-
vey, as well as three characteristics used to deter-

mine if statistically different efficiency scores occur
within these classifications. The characteristics in-
clude whether an airport is a hub for a major airline,
is part of an MAS, and is in a snowbelt location.
Table 2 is composed of descriptive statistics that

Ž .include means and standard deviations SD for each
of the input and output factors in each of the 5 years
in our study. There are no statistically significant
differences between early and late respondents, which

Žimplies that nonresponse bias may be negligible this
procedure is suggested by Armstrong and Overton,

.1977 to help evaluate nonresponse bias . Closer eval-
Žuation of the mean statistics see Table 3; 1990 is not

included due to the lack of a complete data set for
.that year from the ACI database of those airports

that did not respond reveals some bias in our data
set. In terms of aircraft movements, total passengers,
and cargo moved, the nonresponding airports are
smaller, while the general aviation numbers are com-
parable.

The discussion of assumptions and definitions
concerning airport operating cost and revenue data is
warranted. Airport cost data specifically focus on
operating costs, not other expenses such as deprecia-
tion. Operating revenues are derived from a number
of sources including concessions, parking fees, land-
ing fees, user charges, and commercial development
revenue. While one airport reports that due to non-
profit and federal regulations, it has equal revenues
and costs, the vast majority of revenues and costs are
not equal.

A good rule-of-thumb in applying DEA is to
include a minimum set of data points in the evalua-

Žtion set i.e., the number of inputs multiplied by the
.number of outputs, Boussofiane et al., 1991 to

discriminate better between efficient and inefficient
units. In our example with a total of four input and
five output factors, a good minimum set is 20 data
points; we have 44 data points. Even if the problem
of too few data points were encountered, the ranking
and cross-efficiency models, as described in Ap-
pendix A, could be used as good discriminators.

Before the data are executed to determine their
efficiency scores, the original absolute values are
mean normalized by dividing each value of a respec-
tive airport for a given factor by the mean value of
all the airports for that respective input or output
factor. Mean normalization lessens the impact of
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Table 2
Descriptive statistics for 44 airport samples

aYear 1990 1991 1992 1993 1994

Mean SD Mean SD Mean SD Mean SD Mean SD

Inputs
Operating cost 50.523 60.811 55.113 63.750 59.176 65.497 65.018 75.867 67.216 72.170
Žmillions

.of dollars
Employees 399.872 357.472 411.243 370.191 425.568 389.261 426.657 379.436 441.302 394.737
Gates 65.256 67.972 57.886 38.306 58.022 38.323 58.682 38.403 59.341 40.219
Runways 3.023 1.123 2.977 1.089 2.977 1.089 2.977 1.089 3.023 1.045

Outputs
Operating revenues 72.680 78.190 78.906 82.845 85.870 89.822 90.766 92.030 93.288 89.581
Žmillions

.of dollars
Aircraft 245,402.6 166,641.6 238,460.8 150,627 246,667.9 159,533.5 251,169.8 162,053.7 264,496.7 166,138.7
movements
General 75,689.5 74,132.6 73,597.55 78,232.78 74,340.48 75,989.19 75,270.73 69,647.47 75,093.41 74,413.42
aviation
Total 14,343,567 12,367,961 13,889,568 11,551,961 14,695,819 12,332,889 15,146,487 12,563,788 16,622,186 13,429,564
passengers
Total freight 249,253.4 311,970.5 272,401.5 329,390.1 304,262.5 371,260.5 335,452.8 402,849.9 37,1321 447,925.2

a1990 has only 43 airports in sample.
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Table 3
Averages for 36 nonresponding airports

aYear 1991 1992 1993 1994

Aircraft movements 159,913 167,364 168,827 175,636
General aviation 75,676 74,772 73,131 72,249
Total passengers 8,375,119 8,953,951 8,951,126 9,575,120
Total freight 127,148 143,594 149,277 172,738

a1990 data were incomplete and not included.

Žlarge differences in data magnitudes scaling difficul-
.ties that may not be adequately handled by many

commercial software linear programming packages.
This ratio scale adjustment does not influence the
final DEA efficiency score and is empirically tested
on this and other data sets.

5. Study results

In this section, we conduct an overall airport
industry data evaluation that includes average techni-
cal and scale efficiency analysis, as well as a brief
evaluation of the airport rankings. In addition, we
consider the impact on efficiency of airport charac-

Žterizations i.e., whether an airport is a hub, in an
.MAS region, or in a snowbelt .

5.1. OÕerall airport analysis

The results of the CCR and BCC efficiency scores
are shown in Table 4. At least 22 different airports
are considered to be technically- or scale-efficient in
at least 1 of the 5 years under consideration; 14

Ž .airports are efficient for all 5 years. Sengupta 1995
states that industrial competitiveness or efficiency
can be evaluated through analysis of average effi-
ciencies. The average efficiencies from the CCR
model show an upward trend from 1990 to 1992,
then a drop, then another increase during 1993 and
1994. The average efficiency scores from the BCC
model showed a continuous increase over each year,
except for the drop in 1993 and rebound in 1994.
The differences in average CCR and BCC efficiency
scores point to some varying returns to scale in the
data set. That is, relationships among the input and
output values depend on the magnitude of the data
set.

Even though there was a slight drop in average
airport efficiencies during 1993, airports seemed to
rebound in their technical and scale efficiencies dur-
ing 1994. While 1993 may have been a poor per-
forming year in terms of average efficiencies for all
airports, it was also the year in which the largest
percentage of respondents performed most efficiently
Ž .34% for CCR and 48% for BCC . This result may
also imply that certain airports were targeted for less
air carrier business during a period of airline down-

Žsizing that occurred during the recessionary for the
.air carriers years of 1993 and 1994. One such

example is San Jose Municipal Airport, which in
1993 was no longer a hub for any of the major air
carriers due to airport gate and landing charges,
according to a deputy director of aviation finance
and administration. Difficult economic and financial
pressures on air carriers made these charges pro-
hibitive and thus, air carriers decided to close hub
operations at San Jose.

The slight upward trends in both percentage of
efficient airports and average efficiency scores mean
that airport operations are becoming more competi-
tive. Yet, with less than half of the airports in this
sample still not obtaining an efficiency score equal
to 1, there is ample room to increase efficiency
compared to that of other airports. On the other

Žhand, an average technical efficiency of over 0.50 a
.range of 0.74–0.78 , may mean that most airport

organizational resources and capacities are well uti-
lized or are reaching their limitations. It is difficult to
interpret overall airport industry efficiency by com-
parison with other industries because it is not clear
which industries are comparable. For example, in a
study of the 100 largest U.S. banks, Thompson et al.
Ž .1991 found 88% to 97% mean technical efficiency
scores, which may mean that airports are less com-

Ž .petitive or less efficient or both than the U.S.
banking industry. As more data become available
and more industries are evaluated using DEA, com-
parative analyses across industries may provide in-
sights into competitiveness and overall efficiency.

Using the SXEF, AXEF, GTR, and RCCR rank-
ing models, it seems that the most consistently effi-
cient airports are Fort Lauderdale Executive and

ŽOakland International appearing in the top ten rank-
ings in each year and among various ranking mod-

.els , while the least efficient airports include Jack-
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Table 4
DEA model results of BCC and CCR models for major U.S. airports
See Table 1 for explanation of abbreviations.
CCR xx is the Charnes, Cooper and Rhodes DEA model efficiency score for year 19 xx. BCC xx is the Banker, Charnes and Cooper model
efficiency score for year 19 xx.

Airport CCR90 CCR91 CCR92 CCR93 CCR94 BCC90 BCC91 BCC92 BCC93 BCC94

ATL 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
BUF 0.602 0.464 0.553 0.438 0.564 0.766 0.764 0.752 0.759 0.809
BWI 0.514 0.490 0.518 0.432 0.529 0.569 0.531 0.522 0.438 0.552
CLE 0.474 0.401 0.432 0.386 0.426 0.506 0.440 0.460 0.433 0.505
CLT 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
DAL 0.478 0.506 0.543 0.553 0.554 0.574 0.609 0.608 0.612 0.641
DAY 0.864 0.704 0.621 0.686 0.731 0.957 0.716 0.648 0.687 0.735
DEN 0.743 0.855 0.880 0.794 0.718 0.751 0.997 1.000 1.000 0.876
DFW 0.908 1.000 1.000 0.951 0.938 1.000 1.000 1.000 1.000 1.000
FLL 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
GEG 0.521 0.524 0.546 0.610 0.696 0.790 0.826 0.771 0.776 0.846
GRR 0.693 0.791 0.813 0.729 0.675 1.000 1.000 1.000 1.000 0.864
HNL 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
HOU 0.460 0.720 0.604 0.725 0.719 0.490 0.724 0.620 0.762 0.789
IAD 0.469 0.519 0.533 0.495 0.584 0.486 0.519 0.539 0.496 0.598
IAH 0.898 0.613 0.994 0.546 0.575 1.000 0.616 1.000 0.557 0.577
IND 0.611 0.632 0.632 0.582 0.676 0.626 0.722 0.711 0.639 0.691
JAX 0.339 0.335 0.380 0.304 0.441 0.559 0.551 0.531 0.518 0.630
JFK 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
LAS 0.916 0.887 0.915 0.856 0.945 0.926 0.997 0.943 1.000 1.000
LAX 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
LGA 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
MCI 0.452 0.483 0.493 0.486 0.384 0.549 0.529 0.528 0.527 0.392
MCO 0.719 0.836 0.899 0.844 0.941 0.763 0.843 0.906 0.845 0.951
MEM 0.612 1.000 1.000 1.000 1.000 0.616 1.000 1.000 1.000 1.000
MIA 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
MKE 0.360 0.544 0.546 0.494 0.511 0.388 0.614 0.619 0.606 0.638
MSP 0.778 0.924 0.972 0.934 0.913 0.790 0.939 0.989 1.000 1.000
MSY 0.447 0.470 0.473 0.438 0.489 0.636 0.536 0.549 0.516 0.528
OAK 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ONT 0.597 0.584 0.528 0.487 0.558 0.701 0.665 0.608 0.579 0.609
PDX 0.615 0.593 0.591 0.598 0.731 0.615 0.604 0.599 0.628 0.771
PHX 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
PIT 0.576 0.847 0.981 1.000 0.734 0.579 1.000 1.000 1.000 1.000
RNO 0.478 0.547 0.585 0.559 0.617 0.668 0.725 0.717 0.718 0.733
SDF 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SEA 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SFO 0.942 0.988 0.996 0.971 1.000 0.998 1.000 1.000 1.000 1.000
SJC 0.515 0.539 0.511 0.472 0.604 0.520 0.554 0.533 0.534 0.612
SLC 0.753 0.749 0.796 0.860 0.877 0.754 0.755 0.800 0.885 0.925
SMF 0.692 0.708 0.686 0.636 0.758 0.814 0.909 0.843 0.840 0.886
SNA 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
STL 0.632 0.630 0.647 0.572 0.610 0.772 0.734 0.706 0.795 0.857
TPA 0.605 0.632 0.638 0.753 0.620 0.641 0.644 0.786
Average efficiency 0.736 0.761 0.780 0.752 0.778 0.794 0.819 0.821 0.813 0.836
Percent efficient 30% 34% 34% 34% 34% 37% 41% 45% 48% 43%
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sonville International, Kansas City, Milwaukee’s
General Mitchell, and New Orleans International
Žappearing in the bottom ten rankings in each year

.and among the various ranking techniques . Because
Ž .the efficiencies or inefficiencies and rankings may

be due to circumstances beyond the control of airport
operations management, we evaluate three possible

Ž .underlying characteristics circumstances that may
cause variation in the results.

5.2. Characteristics affecting airport operational ef-
ficiency

To determine whether differences exist in various
Žairport characteristics i.e., hub or nonhub, MAS or

.SAS, snowbelt or nonsnowbelt for each type of
Žefficiency score measurement i.e., CCR, BCC,

.SXEF, AXEF, RCCR, GTR , a nonparametric analy-
Ž .sis Mann–Whitney U-test is used. These tests are

executed on a PC version of SPSS. The Mann–Whit-
ney test is recommended for nonparametric analysis

Ž .of DEA results by Brockett and Golany 1996 and
Ž .Grosskopf and Valdmanis 1987 ; it is used here

because the efficiency score results do not fit within
a standard normal distribution. The final results for
each DEA method and year are shown in Tables
5–7.

Table 5 presents the results for the statistical
differences on efficiency scores between hub and
nonhub airports. For the most part, Proposition 1 is
supported. Significant differences exist using AXEF,
CCR, and SXEF efficiency scores, especially be-
tween the years 1991 and 1994; differences become
more significant for later dates in our study. The hub
airports are more efficient for each year that there is
a significant difference, implying that major carriers
may be locating at more efficient hubs or starting to
consolidate operations at their major hubs in more
recent years. Two airports, Dayton International and

Ž .San Jose Municipal see Table 1 , lost their major air
carrier hub status during this period, while their
rankings and efficiency evaluations are consistently
in the bottom half of the results. This observation
may support the contention that deregulation has
allowed air carriers to seek out efficient airports.
These changes in hub sets also support the stronger
differentiation in efficiencies between hub and non-
hub airports in more recent years. Although the GTR

Table 5
Nonparametric statistical analysis of hub and nonhub airports
AXEFxx is the Aggressive Cross-Efficiency DEA model effi-
ciency score for year 19 xx. BCC xx is the Banker, Charnes and
Cooper DEA model efficiency score for year 19 xx. CCR xx is the
Charnes, Cooper and Rhodes DEA model efficiency score for year
19 xx. GTR xx is the Rousseau and Semple Radii of Classification
model efficiency score for year 19 xx. RCCR xx is the Andersen
and Petersen Reduced CCR DEA model efficiency score for year
19 xx. SXEFxx is the Simple Cross-Efficiency DEA model effi-
ciency score for year 19 xx.

Model Mann– Z Asymptotic
Whitney U significance

Ž .two-tailed

AXEF90 156.000 y1.508 0.132
UUAXEF91 145.000 y2.037 0.042
UUAXEF92 142.000 y2.196 0.028
UUAXEF93 146.000 y2.168 0.030
UUAXEF94 159.000 y1.860 0.030

BCC90 202.500 y0.348 0.728
BCC91 200.000 y0.737 0.461
BCC92 187.000 y1.179 0.239
BCC93 173.000 y1.619 0.106
BCC94 167.000 y1.742 0.106
CCR90 162.500 y1.363 0.173

UCCR91 159.000 y1.734 0.083
CCR92 167.000 y1.632 0.103

UCCR93 159.000 y1.898 0.058
UCCR94 179.000 y1.414 0.058

GTR90 199.000 y0.427 0.669
GTR91 199.000 y0.735 0.462
GTR92 192.000 y1.003 0.316
GTR93 169.000 y1.623 0.105
GTR94 153.000 y2.002 0.105
RCCR90 175.500 y1.018 0.309
RCCR91 174.000 y1.338 0.181
RCCR92 181.000 y1.265 0.206
RCCR93 173.000 y1.528 0.126
RCCR94 184.000 y1.268 0.126
SXEF90 159.500 y1.420 0.156

UUSXEF91 147.000 y1.989 0.047
UUSXEF92 139.000 y2.268 0.023
UUSXEF93 150.000 y2.073 0.038
UUSXEF94 159.000 y1.860 0.038

UU Indicates significance at 10% level.
U Indicates significance at 5% level.

results are on the verge of showing a statistically
significant difference, no such differences exist in
hubrnonhub efficiencies for each of the DEA effi-
ciency metrics. However, there are strong overall
indications that hub airports are more efficient, which
somewhat support Proposition 1.
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Table 6
Nonparametric statistical analysis of multiple airport and single
airport systems
q: AXEFxx is the Aggressive Cross-Efficiency DEA model
efficiency score for year 19 xx. BCC xx is the Banker, Charnes
and Cooper DEA model efficiency score for year 19 xx. CCR xx
is the Charnes, Cooper and Rhodes DEA model efficiency score
for year 19 xx. GTR xx is the Rousseau and Semple Radii of
Classification model efficiency score for year 19 xx. RCCR xx is
the Andersen and Petersen Reduced CCR DEA model efficiency
score for year 19 xx. SXEFxx is the Simple Cross-Efficiency
DEA model efficiency score for year 19 xx.

Mann– Z Asymptotic
Whitney U significance

Ž .two-tailed

AXEF90 188.000 y0.820 0.412
AXEF91 202.000 y0.663 0.507
AXEF92 202.000 y0.663 0.507
AXEF93 203.000 y0.639 0.523
AXEF94 187.000 y1.024 0.306
BCC90 201.500 y0.497 0.619
BCC91 229.500 0.000 1.000
BCC92 222.000 y0.190 0.849
BCC93 212.000 y0.447 0.655
BCC94 222.000 y0.189 0.850
CCR90 189.500 y0.793 0.428
CCR91 204.000 y0.627 0.531
CCR92 207.000 y0.553 0.580
CCR93 223.000 y0.160 0.873
CCR94 214.000 y0.381 0.703
GTR90 195.000 y0.646 0.518
GTR91 221.000 y0.205 0.838
GTR92 211.000 y0.446 0.656
GTR93 223.000 y0.157 0.876
GTR94 203.000 y0.639 0.523
RCCR90 183.500 y0.932 0.352
RCCR91 200.000 y0.711 0.477
RCCR92 203.000 y0.639 0.523
RCCR93 211.000 y0.446 0.656
RCCR94 208.000 y0.518 0.604
SXEF90 181.000 y0.994 0.320
SXEF91 205.000 y0.591 0.555
SXEF92 206.000 y0.556 0.571
SXEF93 206.000 y0.566 0.571
SXEF94 187.000 y1.024 0.306

UU
Indicates significance at 10% level.

U
Indicates significance at 5% level.

Because no statistically significant differences ex-
ist between MAS and SAS airports, Proposition 2 is

Ž .not supported by our study see Table 6 . Although
MAS puts pressures on airports to be more efficient
because consumers and carriers have more airport
service choices in a relatively close geographical

region, SAS may be more efficient because all con-
sumers and carriers choose a single airport in a
geographical area. Thus, MASrSAS characteristics
may not strongly affect airport operational effi-
ciency.

Table 7
Nonparametric statistical analysis of snowbelt and nonsnowbelt
airports
H: AXEFxx is the Aggressive Cross-Efficiency DEA model
efficiency score for year 19 xx. BCC xx is the Banker, Charnes
and Cooper DEA model efficiency score for year 19 xx. CCR xx
is the Charnes, Cooper and Rhodes DEA model efficiency score
for year 19 xx. GTR xx is the Rousseau and Semple Radii of
Classification model efficiency score for year 19 xx. RCCR xx is
the Andersen and Petersen Reduced CCR DEA model efficiency
score for year 19 xx. SXEFxx is the Simple Cross-Efficiency
DEA model efficiency score for year 19 xx.

Mann– Z Asymptotic
Whitney U significance

Ž .two-tailed
UUAXEF90 129.000 y2.421 0.015
UUAXEF91 136.000 y2.405 0.016
UUAXEF92 133.000 y2.476 0.013
UUAXEF93 133.000 y2.476 0.013
UUAXEF94 136.000 y2.405 0.016
UBCC90 158.00 y1.758 0.078

BCC91 181.500 y1.375 0.169
BCC92 183.000 y1.356 0.175
BCC93 193.000 y1.117 0.264

UBCC94 171.000 y1.643 I0.100
UCCR90 152.500 y1.872 0.061
UUCCR91 155.000 y1.995 0.046
UCCR92 159.000 y1.898 0.058

CCR93 171.000 y1.608 0.108
UUCCR94 141.000 y2.333 0.20

GTR90 174.000 y1.321 0.187
GTR91 182.000 y1.315 0.189
GTR92 182.000 y1.315 0.189
GTR93 192.000 y1.078 0.281

UGTR94 165.000 y1.718 0.086
URCCR90 155.500 y1.773 0.076
URCCR91 157.000 y1.907 0.056
URCCR92 164.000 y1.742 0.081

RCCR93 171.000 y1.576 0.115
UURCCR94 147.000 y2.144 0.032
UUSXEF90 124.500 y2.531 0.011
UUSXEF91 135.000 y2.429 0.015
UUSXEF92 135.000 y2.429 0.015
UUSXEF93 141.000 y2.286 0.022
UUSXEF94 135.000 y2.429 0.015

UU Indicates significance at 10% level.
U Indicates significance at 5% level.
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Of the three characteristics that may affect airport
operational efficiency, the one that seems to be the
best discriminator is the natural environment, which
strongly supports Proposition 3. Whether an airport
is located in a snowbelt seems to have the strongest
influence on its operational efficiency. Table 7 shows
that for almost every efficiency measure there is at
least 1 year that has a statistically significant differ-

Ž .ence at the 0.05 and 0.10 levels of significance in
efficiency scores. Thus, for most airport operations
managers, poor weather conditions may lead to less
airport operational efficiency.

One of the advantages of studying the impact of
airport characteristics on operational efficiency is the
ability to regroup DEA evaluation sets. In future

Žstudies, it may be more prudent to evaluate or
.control for relative airport efficiency within sets and

groupings based on weather conditions and whether
airports serve as hubs for major air carriers. These
initial results present some circumstances beyond the
control of most airport operations managers that

Žaccount for differences in airport efficiency i.e,
airports that are in snowbelts or do not contain major

.air carrier hubs are more likely to be inefficient .

6. Discussion of models and study limitations

As we have mentioned, one of the limitations of
DEA is its sensitivity to data and parameter selec-

Žtion. If we had selected other parameters inputs and
.outputs or fewer parameters for evaluation, we may

have obtained different outcomes. Even though this
study provides a random sample of the full popula-
tion, some extensions to overall industry competi-
tiveness and efficiency may need to be evaluated
further, especially because there is a bias toward
larger airports in our data set. The three character-
istics and their impacts on efficiency scores may in
turn be influenced by differing sample sizes, but not
to the extent of their impacts on overall average
efficiency scores. Issues related to the influence of
sample sizes on results need to be studied by DEA
theorists and researchers.

One assumption made for the data set may cause
an outlier to occur, which is evident in the RCCR
and GTR results. We assume that the Fort Laud-

Ž .erdale Executive Airport FLL , which does not have

traditional terminals and gates, has only six gates
Žthe same as the number of fixed-based operations

.located at the airport , a significantly smaller number
of gates than the average of approximately 60 gates.
The GTR analysis shows that FLL would need to

Žhave a reduced improvement smaller value for out-
.puts, larger value for inputs of at least 789% in all

Žits factors in 1994 a larger percentage in other
.years for it to become inefficient. The actual num-

ber of gates at FLL needs to increase to at least 46
before it can possibly become inefficient. In actual-

Ž .ity, this value if it is the only factor that is varied
may have to be much larger because it is assumed
that all factors need to increase or decrease in value
by this amount for a change in classification. Thus,
we can say with some certainty that FLL, based on
its large classification score, is a robust efficient
solution for all years. The cross-efficiency scores,
which tend to force nonzero weightings across input
and output factors, also support the robustness of
FLL’s efficiency. Because the assumption of only six
gates at FLL may also affect the efficiency of units
that it dominated, FLL is removed from the data set
and the CCR efficiency scores are determined again.
The revised results do not make any inefficient units
efficient, even though some inefficient units do in-
crease slightly in efficiency, which is to be expected.

Six DEA-based models were used to evaluate
airport operational efficiency. By using CCR and
BCC in tandem, we can tell if varying returns to

Žscale occur within the data set some differences
.exist in average efficiency scores . Because both

techniques truncate the efficiency score at 1, and
they may not serve as good discriminators for airport
ranking. Another disadvantage is that extreme
weighting of the factors occurs, which may cause
unrealistic efficiency evaluations. SXEF and AXEF
cross-efficiency approaches are included to address
this issue. However, SXEF and AXEF average out
the weightings of the models, which may not be the
true measure of importance levels associated with
each of the factors. The RCCR and GTR techniques
are better overall discriminators because they do not
truncate the efficient scores. The results provide

Žmore continuous rather than truncated at 1 or 0
.values airport efficiency scores, as well as evaluat-

ing robustness. However, RCCR and GTR also allow
extreme weighting to occur.
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As we have stated, the efficiency models pre-
sented in this paper allow for complete flexibility of
weights on the inputs and outputs. That is, there are
no restrictions on the values of the coefficient weights
Ž .u and Õ in the DEA formulations. Information that
prioritizes the data inputs and outputs, which may be
elicited from airport operations managers, may lead
to more realistic evaluations of airport efficiency. In
the conclusion, we define research issues not covered
in this study for evaluating airport operations effi-
ciency.

7. Summary and conclusion

Evaluating airport operational efficiency is impor-
tant for a number of reasons: communities rely on
airports for economic well-being, deregulation al-
lows air carriers to choose among competing air-
ports, and federal funding for airport improvements
is based on performance measures. Data are acquired
from the airports and the ACI database. Various
DEA models provide diverse and complementary
insights into evaluating overall efficiencies and fac-
tors that may influence airport efficiency. Results,
which are based on external empirical data and an
empirical evaluation of airport characteristics, show
that overall mean efficiencies of major U.S. airports

Ž .have been increasing with a slight drop in 1993
over the last few years. This tends to confirm the
notion of increasing competitiveness and improving
resource utilization by airports. Some external fac-
tors and characteristics may influence an airport
manager’s control over operations. Whether an air-
port is a hub for a major air carrier and whether it is
located in a snowbelt seem to relate strongly to an
airport’s efficiency. Whether an airport is a part of
an MAS or an SAS does not have a significant
relationship with its efficiency.

The tools and data used in this study have a
number of limitations, one of which is the bias
toward larger airports. Although this bias is not
necessarily bad from a DEA perspective, which seeks
to consider airports with more homogeneous charac-
teristics, our generalization of results to smaller air-

Ž .ports from among the largest 80 must be evaluated.
In addition, data variations in input and output pa-
rameters and the size of the data sample may provide

varying results. The data variables selected are not
exhaustive. For example, additional data detailing
costs and where these costs are budgeted could be
used. Evaluation of airport efficiencies using other,
additional modeling assumptions might provide fur-
ther insights into this area.

This paper makes a number of major contribu-
tions. It provides some initial analysis on airport
service operations, an area where there has been
limited research, and identifies characteristics that
may explain differences in airport operational effi-
ciency. Results indicate that operations managers
should evaluate and benchmark their performances
with airports having similar characteristics. Federal
agencies may find this study useful in determining
how well their funding aids airports in maintaining

Žand improving their operational efficiencies e.g.,
.through the AIP . This paper also contributes

methodologically in its comprehensive use of various
DEA techniques that provide complementary infor-
mation for industry analysis.

There are several areas worthy of future consider-
ation. International surveys can be used to determine

Žhow various categories of ownership private, cen-
.tralized government, decentralized government and

national economic, social, and political character-
istics may impact airport operational efficiency. Even
though almost all airports in the U.S. are publicly
owned and operated, a significant portion of their
operations are run by private commercial organiza-
tions. Airport operations privatization and its effect
on airport efficiency is a potentially interesting area
of research that would require a determination of
total expenditures and revenues of airport operations

Žby private and public sources ratios of public to
private employees may also be used as proxy mea-

.sures . It would be difficult to determine the roles
and significance of airlines, concessionaires, and
other management groups in airport operations. Be-
cause debt financing is expected to be of increasing
importance in airport management, using debt fi-
nancing in productivity models may enhance future
analysis.

Ž .Inamete 1993 lists a number of factors that can
affect performance including: changes in public
ownership structure through privatization; contract-
ing out various functions of airports to private orga-
nizations; combining government and private airport
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ownership; increasing autonomy for government-
owned airport organizations; creating government
holding corporations; commercializing the activities
of airport organizations; and creating competitive
dynamics by having two or more public airport
organizations. Many of these policy initiatives, which
will have profound implications for operations man-
agers, have not yet been introduced but may be
implemented in the near future. A longitudinal study
extending the results presented here could provide
insights into whether these initiatives actually pro-
vide more efficiency in airport operations and how
operations managers might react to them. Another
extension of this work would be field and case
studies of airports that provide internal operational
reasons for the differences in airport operational
efficiency.

Overall, there seems to be ample opportunity to
examine a number of dimensions of airport opera-
tions using a variety of research tools.
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Appendix A. Data envelopment analysis models

Here, we provide a review of basic DEA and
some cross-efficiency and ranking extensions to the
DEA models that are used to evaluate the airport
data.

A.1. Basic DEA models

Productivity models have traditionally been used
to measure the efficiency of systems. Typically,
DEA productivity models for a given decision-mak-
ing unit use ratios based on the amount of outputs
per given set of inputs; here a decision-making unit
is an airport. DEA allows for the simultaneous analy-
sis of multiple inputs to multiple outputs, a multi-fac-
tor productivity approach. Using the notation of

Ž .Doyle and Green 1994 , the general efficiency mea-
Ž .sure used by DEA is best summarized by Eq. A1 .

O ÕÝ s y k y
y

E s A1Ž .k s I uÝ s x k x
x

where E is the efficiency or productivity measurek s

of airport s, using the weights of test airport k; Os y

is the value of output y for airport s; I is the values x

for input x of airport s; Õ is the weight assigned tok y

airport k for output y; and u is the weight as-k x

signed to airport k for input x.
In the basic DEA ratio model developed by

Ž . Ž .Charnes et al. 1978 CCR , the objective is to
maximize the efficiency value of a test airport k
from among a reference set of airports s, by select-
ing the optimal weights associated with the input and
output measures. The maximum efficiencies are con-
strained to 1. The formulation is represented in

Ž .expression A2 .

O ÕÝ k y k y
y

maximize E sk k I uÝ k x k x
x

subject to: E F1 ; Airports s A2Ž .k s

u ,n G0k s k y

Ž .This nonlinear programming formulation A2 is
Ž . Žequivalent to formulation A3 see Charnes et al.,

.1978 for a complete transformation explanation :

maximize E s O ÕÝk k k y k y
y

subject to: E F1 ; Airports sk s

I u s1 A3Ž .Ý k x k x
x

u ,n G0k x k y

The transformation is completed by constraining the
Ž .efficiency ratio denominator from A2 to a value of

1, represented by the constraint Ý I u s1.x k x k x
Ž .The result of formulation A3 is an optimal

Ž U .simple or technical efficiency value E that is atk k

most equal to 1. If E U s1, then no other airport isk k

more efficient than airport k for its selected weights.
That is, E U s1 has airport k on the optimal frontierk k

and is not dominated by any other airport. If E U -1,k k
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then airport k does not lie on the optimal frontier
and there is at least one other airport that is more
efficient for the optimal set of weights determined by
Ž . Ž .A3 . Formulation A3 is executed s times, once for
each airport. The first method in the analysis uses the
CCR model to calculate the simple efficiency.

ŽThe dual of the CCR formulation also defined as
. Ž .the envelopment side is represented by model A4 :

minimize u ,

subject to:

l I yu I F0 ; Inputs IÝ s s x s x
s

l O yO G0 ; Outputs O A4Ž .Ý s s y k y
s

l G0 ; Airports ss

The CCR model has an assumption of constant
returns to scale for the inputs and outputs. To take
into consideration variable returns to scale, a model

Ž . Ž .introduced by Banker et al. 1984 BCC is utilized.
The BCC model aids in determining the scale effi-

Žciency of a set of units which is a technically
.efficient unit for the variable returns to scale model .

This new model has an additional convexity con-
straint defined by limiting the summation of the

Ž .multiplier weights l equal to 1, or:

l s1 A5Ž .Ý s
s

The use of the CCR and BCC models together helps
determine the overall technical and scale efficiencies
of the airport respondents and whether the data
exhibits varying returns to scale.

A.2. Cross-efficiency and ranking models

One of the difficulties with simple efficiency
scores is a resulting set of false positives. A false
positive airport score weighs heavily on a single
input or output, thus making that airport more effi-

Žcient than any other airport Sexton et al., 1986
.define these units as mavericks . A procedure for

discriminating between true efficient airports and
false positive airports is to analyze the cross-ef-

Ž .ficiencies. Sexton et al. 1986 introduced the con-
cept of cross-efficiencies and the cross-efficiency

Ž .matrix CEM . The CEM provides information on

the efficiency of a specific airport with the optimal
weighting schemes determined for other airports.
The table in this section summarizes a generalized
CEM. The k th row and the sth column represent the
efficiency measure of airport s by the optimal

Ž .weights for airport k E . Each of the columns ofk s

the CEM is then averaged to get a mean cross-ef-
Žficiency measure defined as the SXEF measure

when the optimal weights used for the CEM are
. Ž .from the basic CCR model for each airport e . As

false positive airport score may be associated with an
efficient airport that has a relatively small cross-ef-
ficiency value or a value that is less than that of an
initially inefficient airport.

A pitfall in determining a cross-efficiency score is
that the weights, derived from the CCR model, used

Žto calculate the optimal simple efficiencies and
.eventually used in cross-efficiency measures may

not be unique. To overcome this difficulty, a formu-
Ž . Ž .lation A6 developed by Doyle and Green 1994 ,

one that will help generate a less ambiguous set of
optimal weights, may be used for cross-efficiency
calculation and development of a CEM.

minimize n O ,Ý Ýk y s yž /
y ssk

subject to: u I s1,Ý Ýk x s xž /
x ssk

O Õ yE U I u s0 A6Ž .Ý Ýk y k y k k k x k x
y x

E F1 ; Airports s/kk s

u ,n G0k x k y

The Doyle and Green formulation as presented in
Ž .A6 has a primary goal of obtaining a maximum

Ž .simple efficiency score for airport k the test unit
and a secondary goal of determining a set of weights
that minimize the other airports’ aggregate output, as
defined by the objective function. The test unit k is
defined as an average unit whose efficiency is mini-
mized. This model has been defined as an aggressive

Ž .formulation AXEF . To make the Doyle and Green
formulation benevolent, where the secondary goal is
to maximize the other airport’s aggregate output,
requires changing the ‘‘minimum’’ to ‘‘maximum’’

Ž . Ž .in A6 . The data required in A6 includes the
Ž U .optimal efficiency scores E from the CCR model,k k

as shown by the second constraint set. This proce-
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dure for cross-efficiency calculation requires a two-
phased approach to determine the optimal weights.

A simple alteration to the Doyle and Green for-
Ž .mulation A6 provides for more accurate results

when executed using commercial linear program-
ming software. The variation takes an average unit

Ž .expressed in the objective function of A6 and
scales it by dividing the value by the ny1 units that
form the average units, where n is the total number
of airports in the model. This scaling allows for a

Ž U U .similar scale of optimal weights Õ and u as the
basic CCR model. We find in initial tests of formula-

Ž .tion A6 that as the set of units under evaluation
gets larger, the optimal weights get smaller to offset
the average unit size. As the optimal weights become
smaller, truncation and roundoff errors tend to occur
with the commercial LP solution package. The scal-
ing of the optimal weights does not impact the
efficiency score of the units under consideration. The
new objective function we introduce for formulation
Ž .A6 is:

n OÝk y s y
s/kminimize A7Ž .Ý

ny1y

where n is the total number of airports.
The mean cross-efficiency scores calculated using

this formulation can be used to rank the airport
alternatives. The false positives or mavericks are
defined through a maverick index score, which may

Ž .be calculated with expression A8 .

E U
k k

MI s A8Ž .k ek

where MI is the maverick index score for test unitk

k, EU is the optimal value from the CCR formula-k k

tion for test unit k, and e is the cross-efficiencyk
Ž .score either SXEF or AXEF for test unit k. We call

test unit k a false positive if it is initially technically
efficient using the CCR formulation, and its maver-
ick index score is greater than a sum of the mean of

Žthe maverick indices and a factor which will be
some fraction of the standard deviation of the sam-

. Ž .ple . This result is represented by expression A9 .

MI )MIqrs A9Ž .k g E

where MI is the test unit k which is initiallyk g E
mŽ .technically efficient, MIs Ý MI rm and is thejs1 j

Žmean of the maverick indices over the full set of
.airports m , ss the standard deviation of the full set

Žof airports, and rsa false positivity factor in this
.study, we arbitrarily set rs1 .

Another DEA-ranking approach is a variation of
the CCR model proposed by Andersen and Petersen
Ž .1993 . In their model, they simply eliminate the test
unit from the constraint set. The new formulation is

Ž .represented by A10 .

maximize E s O ÕÝk k k y k y
y

subject to: E F1 ; Airports s/kk s

I u s1 A10Ž .Ý k x k x
x

u , Õ G0k x k y

Ž .Expression A10 , which we call the reduced CCR
Ž .RCCR formulation, allows for technically efficient
scores to be greater than 1. This result allows for a
more discriminating set of scores for technically
efficient units and thus can be used for ranking
purposes.

Another DEA-based model that can help rank
Ž .individual units including efficient units is one

Ž .proposed by Rousseau and Semple 1995 , which
focuses on preservation of a unit’s classification
Že.g., changes required to input and output values to
maintain a unit’s classification as efficient or ineffi-

.cient . This approach is based on determining a
unit’s sensitivity to changes in the data values. The
formulation used here to evaluate the data set is the
generalized Tchebycheff radius of classification

Ž . Ž .preservation GTR model A11 .

minimize aqyay

subject to:

l I yaqI qayI y I F0 ; Inputs IÝ s k k k x k x k x
ssk

l O qaqOÝ s s y k y
ssk

yayO yO G0 ; Outputs Ok y k y

l s1 A11Ž .Ý s
ssk

l ,aq,ayG0s

where aq is the distance of an efficient unit from
the Pareto frontier and ay is the distance of an
inefficient unit from the Pareto frontier.
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Unlike the other DEA models discussed above,
the optimal value for this formulation can be either

Ž . Ž .negative inefficient unit or positive efficient unit .
The magnitude of the objective value is also signifi-
cant because it defines the robustness of the unit’s
score. Magnitudes of objective values can serve as
good measures to discriminate among units with
similar classifications, and thus to rank the various
units either efficient or inefficient. Whereas the
RCCR model is based on the CCR formulation, the
GTR model is underpinned by the BCC formulation.
We may also use the results of the GTR formulation
to evaluate the sensitivity of the data used in this
study.
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