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ABSTRACT
This thesis outlines research that develops a conceptual understanding of consumer
behaviour in a regional air-travel market in Australia. To assist this understanding, the
thesis also explores a range of issues relating to consumption decisions in markets that
have similar characteristics to the air-travel market.

The air-travel market is characterised by consumers making discrete choices for tickets
in various ticket classes that are capacity constrained.

These ticket classes are

artificially created by the supplier, the airline, to discriminate between various types of
consumers. The capacity constraint on the ticket class arises because of the limited
number of seats that can be allocated on any one flight.

Standard economic models of discrete choice by consumers sees them choosing an
alternative from a choice set that maximises their utility. The model that is proposed in
this thesis adds a further dimension – the consideration of availability. Availability is
included in the discrete choice by substituting utility with expected utility. The model
that is developed includes consumers’ expectations of capacity and demand. The model
also allows the consumer to manipulate availability by expending resources, much in
the way suggested in manipulable rationing schemes.

It is shown that the consumer’s optimal solution for the expenditure of resources
towards the manipulation of availability depends on the functional form of the
components of the expected utility function. A set of comparative statics are provided
to demonstrate the implications of a change in price, income, expected capacity and
expected demand on the likelihood that a consumer chooses a particular alternative.

Critically, the comparative statics suggest that an increase in the consumer’s expectation
of capacity for an alternative positively affects the likelihood that a consumer will
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choose that alternative. This particular comparative static result motivates the inclusion
a variable that captures expected capacity in the later empirical analysis.

The empirical analysis that is reported in this research is built around a highly
disaggregated dependent variable and a range of aggregated explanatory variables. A
range of various modelling approaches is summarised. These include the use of an
aggregated version of the multinomial logit model, a linear-logit specification and a
linear specification.

In examining capacity constraints, they not only have the potential to modify the
behaviour of the consumer, but they also limit the observation of the actual underlying
demand which biases estimates from standard econometric estimation methodologies.
Given this, the Tobit censored regression is presented and suggested as a means to
overcome the inconsistent estimates that would otherwise arise.

The thesis examines total sales and capacity constraint data for every ticket class on
every flight between an Australian state capital, Sydney, and a major regional centre,
Wagga Wagga, over the course of a financial year. This type of data also allowed the
use of a more advanced method to improve the efficiency of the estimates.

A

multivariate Tobit model is specified, which uses a quasi-maximum likelihood
technique to estimate a system of seven individual demand equations. The method that
is outlined deconstructs the seven-dimensional likelihood integral into a likelihood
function of many bivariate integrals. While this enables computation of the complex
multidimensional integral, this computation remained costly and time-consuming.

The results of the estimation revealed that expected capacity was a determinant of
demand. However, there was a range of specification issues that had to be confronted.
For instance, the presence of heteroskedasticity was an issue in nearly all of the models.
Conditional moment tests were used to verify the validity of the Tobit estimates. This
was a particular problem because heteroskedasticity results in inconsistent Tobit

x

estimates when those estimates are produced through the censored regression technique.
Tobit models were necessarily re-estimated to correct for this diagnostic concern.

While the empirical models suffered from some diagnostic problems, they did provide
an interesting insight into the behaviour of consumers in capacity-constrained markets.
Expected capacity elasticities of demand were predominantly positive.

Estimating

demand equations for individual classes also presented an interesting picture of the
preferences of consumers of different ticket classes. Given these supportive results, the
research was shown to have ultimately met its three core objectives, which were:

1. to model the discrete choice behaviour of consumers when constraints reduce
the likelihood of an option being available;

2. to review and to apply econometric methods that are applicable where data are
not disaggregated sufficiently to allow standard discrete choice econometric
methods; and

3. to provide estimates of a demand equation for a regional air route in New South
Wales, Australia that both validates the first two objectives and provides an
accessible empirically based resource for policy making.
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CHAPTER 1
INTRODUCTION
1.1 INTRODUCTION
This thesis sets out to develop the economic framework for, and to review the
corresponding econometric methods associated with, estimating and analysing
consumer demand for air-travel. In particular, this thesis synthesises a number of
economic and econometric theories which will adequately allow an accurate and precise
account to be taken of demand in markets that have similar characteristics to the airtravel market. Moreover, this thesis also provides a set of empirical results, based on
these economic model and econometric methods, which both further the general
understanding of air-travel demand and support the underlying model discussed in this
thesis.

The research contained in this thesis also seeks to fill the void that exists in the demand
estimation of air-travel in Australia. Studies that have been conducted have generally
used standard econometric methods and only noted differences that exist between the
air-travel market and other markets. The elements of the market for air-travel are such
that demand estimation using standard techniques tends to provide a misleading picture
of actual demand. As will be seen, the discrete nature of demand combined with the
capacity restrictions that affect the consumer’s expectation of availability, and distort
observation of latent demand, suggests that a discrete choice framework that uses an
expected utility base is more appropriate than the standard neoclassical demand
paradigm.

The Australian air-travel markets are of particular interest because of the changing
nature of those markets. The regional air-travel markets in Australia have especially
come under close scrutiny recently because of their deregulation and the perceived
increase in levels in competition that followed. The research that is carried out in this
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thesis into the underlying economic nature of air-travel markets will be utilised in
building demand functions for air-travel on one regional air-travel route in New South
Wales. While this will be primarily useful in verifying the validity of the econometric
and economic methods suggested, it will also serve the purpose of providing, for the
first time, accurate and reliable estimates of individual ticket-class demand for regional
air-travel in Australia.

1.2 THE MARKET FOR AIR-TRAVEL
The air-travel market is distinctly different from other markets for a number of reasons.
Airlines use a high degree of price discrimination in profit maximisation.

The

consequences of this price discrimination are that each flight contains a number of ticket
classes with characteristics that relate more to the restrictive components of the ticket
than the quality of the service. Further, the availability of a number of different ticket
types leads to the creation of a number of different markets catering to the differing
needs of the targeted customer.

The price discrimination that takes place as a part of the yield management techniques
of the airline could not occur if it were not for distinctive groups of consumers in the
air-travel market. Indeed, it is noted by Tretheway and Oum (1992) that there are two
distinct groups of air-travellers - leisure travellers and business travellers – each with a
distinct set of preferences that allow the airlines to discriminate against them. The
airlines use price discrimination techniques to maximise profit by separating price
inelastic business travellers from price elastic leisure travellers.

That is, business

travellers often demand travel with little notice and with few or no restrictions while
leisure travellers tend to demand travel in advance allowing the airlines to manipulate
the number of seats available to each group of passengers.

This type of discrimination may take place by restricting individual ticket classes by
requiring a stay at a destination over a Saturday night or a booking seven to 21 days in
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advance. The types and numbers of restrictions play an important role in the estimation
of demand for air-travel.

This is primarily because the restrictions are the key

characteristics of the different air-tickets available. Indeed, on regional air routes within
Australia, there is only one travel class – economy – with no difference in service
between the holders of full economy tickets and discount economy tickets. The only
identifiable differences come about through the restrictive elements attached to each
ticket.

Moreover, the large difference in prices between tickets (full economy airfares are quite
often priced at more than 150% of the discount airfares) seems to point to a significant
impact of restrictions on the quality of the ticket. Often, however, the consumer may
not be aware of the characteristics or restrictions of the ticket.

This partial non-

identification of the quality of the air-ticket has led to widespread misunderstanding
about ticket pricing.

It is also generally understood that one group of passengers, leisure travellers, tends to
be more responsive to the availability of a ticket in the market than to the actual quality
of the ticket. That is, some consumers may have an overarching preference for a low
priced ticket, which has limited availability. Business travellers, on the other hand, may
respond less to price and more to availability at short notice. Both the leisure traveller
and the business traveller may also respond to other elements, such as the time of the
flight.

The capacity constraints on the individual ticket classes will therefore add an additional
complexity to the demand analysis, as they define the availability of seats in ticket
classes. A further complication is that the capacity in each ticket class also acts as a
censor on the observed data. This also raises the need for an analysis of rationing
systems and disequilibrium econometric techniques, such as censored regression
models. In addition to this, it is likely that there will be a degree of correlation between
each of the ticket class demand equations on any one flight. Additional efficiency in the
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econometric results could therefore be gained by estimating a system of censored
regression models.

The number of complexities that are briefly outlined here will be further evaluated both
in the literature review in the next chapter and in the following chapters that explore
both discrete choice models with capacity constraints and econometric methods.

1.3 AIR TRAVEL MARKETS IN AUSTRALIA1
Given the centrality of the Australian air-travel market to this thesis, it is important to
examine briefly the recent history of both the domestic and regional airlines in
Australia.

Moreover, as the data for the empirical analysis relate to the 1996/97

financial year, this background provides an additional context for assessing those
outcomes and interpreting the implications for today’s regional air-travel market.

While there have been some quite significant changes in the Australian air-travel
markets in more recent times, its structure in 2005 remains very similar to what existed
in 1996/97. That is, there are still only two airlines operating on most domestic routes
in Australia and there are usually only two airlines operating on any one regional route
across the country.

1.3.1

The inter-state domestic market

The Australian air-travel market was, for some time, dominated by the two major
domestic airlines – Qantas and Ansett Australia. Prior to deregulation in the late 1980s
and early 1990s, the domestic market was limited to TAA (which became Australian
Airlines and later merged with Qantas, which was wholly government owned) and
Ansett Airways. While there was a more diverse range of intra-state airlines, often
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serving smaller regional centres, on a state-by-state basis competition was limited and
those regional airlines that did exist usually had some sort of alliance with a major
domestic carrier.

Prior to 1989, the Australian government operated a “Two Airline Policy” which
regulated the air travel market in Australia. During the operation of the Two Airline
Policy, competition was highly stifled and fares were comparatively higher. Novel
methods of avoiding the regulations were used including, for example, the routing of
flights from Melbourne to Sydney via Albury by East-West Airlines. Increasingly, the
operation of the regulatory system was seen as inappropriate in the increasingly
competitive national marketplace and, in 1989, deregulation of the Australian domestic
air-travel market took place.

This deregulation was expected to create an increase in competition and the entry of at
least one new airline.

Indeed, shortly after deregulation, Compass Airlines began

operations on trunk routes in Australia.

Compass introduced low fares that had

previously been unmatched by the two other major airlines. Nevertheless, both Ansett
and Qantas matched Compass’ fares, though they did so in a way that raised some
questions about predatory behaviour and collusion.

The collapse of Compass was the most notable outcome of this heightened competition.
The collapse, however, also raised questions about the market’s ability to handle more
than two airlines. A second airline, marketed as Compass II, started operating shortly
after the collapse of the original Compass, but failed in a much shorter time.
Mismanagement was also the key failure of Compass II, to the point that leading figures
in that airline were imprisoned.

These dual failures led to the public mistrust of potential entrants into the Australian
airline industry. This mistrust has been widely credited for the ongoing duopoly that
1

The background that is provided here is primarily built from discussion and common knowledge in the
industry. Some additional information was also sourced from the Bureau of Transport Economics (1986
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continued for some time. However, in 2000, two new airlines, Impulse and Virgin
Blue, entered the domestic market with significant capital backing. Impulse Airlines
had the support of a major financial group, AMP, and serviced Canberra, Sydney and
Melbourne. Virgin Blue, a part of the global Virgin franchise, also began operating,
initially on the Sydney to Brisbane route.

Impulse Airlines had been a regional and freight operator in New South Wales. Impulse
was operated as a “no-frills” airline utilising Boeing 717s along the east coast of
Australia. In May 2001, Impulse ceased operations and was incorporated into Qantas.

Virgin Blue was launched in August 2000, with a fleet of Boeing 737s, on the Sydney to
Brisbane route. The airline expanded rapidly and competed strongly with Qantas,
Ansett and Impulse. The takeover of Impulse by Qantas, followed by the controversial
collapse of Ansett Australia, saw Virgin become the second operator in a domestic
duopoly that continued from September 2001 to May 2004. Both Virgin and Impulse
targeted the discount fare market and offered deep discounts and innovative marketing
strategies to secure market share.

The collapse of Ansett Australia on 12 September 2001 was arguably the most
significant event in the domestic air travel market since deregulation in the late 1980s.
This event was preceded by the grounding of Ansett’s Boeing 767 fleet amid concerns
of corrosion and cracking in critical components of the airframe. Compounding the
financial and maintenance difficulties was a poorly managed integration with Air New
Zealand, the recent purchaser of Ansett. The disintegration of Ansett was compounded
by the terrorist events in New York on the previous day.

Since the events of 2001, which all combined to create a significant shock in the
domestic air-travel market in Australia, both Qantas and Virgin Blue have strengthened
their position. Virgin Blue was listed as a public company in 2004. In May 2004,
Qantas launched a second low-cost airline, Jetstar, to compete head to head with Virgin
and 1999).
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Blue. In 2004, Jetstar offered around 100 000 tickets for $29 each on a range of routes
along the east coast of Australia. This offer, which was matched by Virgin Blue,
stimulated significant short-term consumer demand.

1.3.2

The regional domestic market

Prior to the collapse of Ansett, the regional market for air-travel was more saturated
than it is today. A number of regional airlines existed throughout Australia and,
traditionally, those airlines had operated within one state and served one capital city. In
1999 and 2000, this standard began to change as airlines, such as Kendell, began service
on regional routes along the east coast of Australia as part of the wider Ansett network.
This occurred at the time that Impulse Airlines branched out from regional services into
domestic trunk route services. Prior to deregulation, another airline, East West Airlines,
had somewhat similar characteristics to Kendell in that it operated on regional routes,
which connected metropolitan centres via regional stopovers. However, East West was
eventually completely absorbed into the Ansett network.

In New South Wales, five regional airlines flew out of Sydney Kingsford Smith
International Airport prior to the collapse of Ansett. They were Kendell Airlines (which
was the largest), Eastern Airlines, Hazelton Airlines, Impulse Airlines, and Aeropelican.
Kendell Airlines and Hazelton became fully owned subsidiaries of Ansett Australia.
Eastern Airlines was, and continues to be, a fully owned subsidiary of Qantas and, as
mentioned earlier, Impulse airlines operated both regional routes within New South
Wales and interstate routes to Melbourne and Canberra from Sydney. Aeropelican was
a much smaller operator that flew a commuter route to Belmont out of Sydney and was
affiliated with Ansett Australia.

Kendell Airlines served the southwest of New South Wales (including Albury and
Wagga Wagga) as well as the North Coast of New South Wales (including Coffs
Harbour).

Kendell also served as an express operator in the Canberra to Sydney

corridor. The majority of Kendell’s truly regional operations took place in Victoria and
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South Australia while it also served secondary trunk routes to Tasmania and into
Queensland. Hazelton Airlines branded itself as the Country Airline of New South
Wales and, indeed, served a large number of small towns using similar fleet equipment
to Kendell Airlines. Hazelton also served Wagga Wagga and Albury as well as other
rural towns in New South Wales including Griffith, Narrandera, Orange, Bathurst and
Dubbo.

The nature of the relationship between Kendell Airlines and Hazelton Airlines was also
particularly notable.

Both airlines were members of the Ansett Global Rewards

frequent flyer partnership and both airlines were owned by Ansett Airlines.

Prior to the introduction of service by the Qantas subsidiary, Eastern Airlines, in 2000,
the only airlines that flew the Sydney to Wagga Wagga route (which is the focus of the
empirical study in Chapter 5), were Kendell Airlines and Hazelton Airlines. This was
the same on the other primary regional route between Sydney and Albury.

With the collapse of Ansett Airlines in 2001, both Kendell Airlines and Hazelton
Airlines also ceased to exist. For a while, this left the Qantas subsidiary, Eastern, with a
monopoly on all of the regional routes in New South Wales. However, a new regional
airline, Regional Express (Rex), was created on the remnants of Kendell Airlines and
Hazelton Airlines in August 2002. This airline currently connects 29 metropolitan and
regional centres across southeast Australia using a fleet of Saab 340s and Metro 23s.

In 2005, Qantas and Regional Express operate competitively on many routes throughout
New South Wales. Indeed, both of these airlines now serve the Sydney to Wagga
Wagga route, whereas Kendell Airlines was the dominant service provider in 1997 – the
year analysed in the empirical analysis in Chapter 5.

1.3.3

Summary
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It is clear that, during the life of this research, there has been much change in the
Australian domestic air-travel industry. Within this period, three domestic airlines have
begun operations while two domestic airlines have ended operations. Moreover, in the
regional air-travel market, two of the largest operators, Kendell and Hazelton, have
ended operations only to be merged as the new Regional Express after their collapse.
Today, most routes are still generally served under duopolistic conditions, albeit with an
evident competitive pressure from potential entrants.

1.4 THE OBJECTIVES AND STRUCTURE OF THIS THESIS
There is a clear dearth of readily available empirical analyses of the Australian regional
air-travel markets. Given this, a set of estimates of a demand equation, which are
provided in this research, would be a useful addition to the body of knowledge for
industry and public policymakers in this market. Furthermore, the empirical analysis of
air-travel demand in this research is at the individual ticket-class level – a level that is
unprecedented in analyses of Australian air-travel markets.

The research that underlies this thesis also develops a deeper understanding of the basic
consumer choice of air-travel tickets. Choice of ticket class is well suited to the discrete
choice methods that are popular in many similar types of markets (for instance, urban
travel, stadium seat choice, etc). Often, though, these analyses neglect the role that
capacity plays in the observation either of a choice or of total demand. In addition, it is
regularly assumed that the expectation of availability plays no role in the consumer’s
choice – consumers are assumed to choose an alternative from their choice set that
simply maximises their utility, regardless of the likelihood of an alternative being
available.

The proposition of this thesis is that consumers do consider the availability when
alternatives are constrained by capacity. If capacity constrains one alternative in a
choice set, the standard discrete choice model will potentially misrepresent the choice of
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the consumer. The model of consumer choice that is proposed in this thesis allows the
consumer to consider alternatives in the choice set based on the expected utility of those
choices. This has the potential to modify the expected behaviour of the consumer and
the population of consumers when capacity is an issue. The modification of the discrete
choice model and the implications for the comparative statics of the consumer choice
are outlined in Chapter 3.

Importantly, capacity is an issue in air-travel markets. Seats on individual flights and in
individual ticket classes are limited. If the proposition that availability affects consumer
choice is correct, then this should be observable in a model of demand for air-travel.

However, while the discrete choice model is particularly well suited to disaggregate
data, these data were not available for the empirical analysis that was undertaken as part
of this research. Instead, while data were available on the number of sales in each ticket
class for each flight on one route over an entire financial year, independent variable data
were only available in an aggregated form.

Given the aggregation of the independent variables, several econometric approaches
were reviewed and suggested for the empirical analysis. Again, capacity introduced an
additional complexity to the problem. Capacity restricts the observation of demand to
the capacity constraint. This suggested the use of censored regression methods. In
addition, if demand is estimated for each individual ticket class on each flight,
correlation in the error term of the individual class equations may be expected. This
suggested the use of a seemingly unrelated censored regression method.

These

methods are outlined in Chapter 4.

The additional areas of investigation, and the original motivation to develop a set of
estimates of demand for a regional air-travel route in Australia come together to form
the three core objectives of this research. These objectives are:
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1. to model the discrete choice behaviour of consumers when constraints reduces
the likelihood of an option being available;

2. to review and to apply econometric methods that are applicable where data are
not disaggregated sufficiently to allow standard discrete choice econometric
methods; and

3. to provide estimates of a demand equation for a regional air route in New South
Wales, Australia, that both validates the first two objectives and provides an
accessible resource for policy making.

What follows is a brief outline of the contribution that each of the next four chapters
makes to the thesis. Chapter 2, which provides a basic background on the economic
choice model and the implications of rationing, and Chapter 3, which extends the model
of discrete choice to include the consideration of availability, are understandably closely
linked. Chapter 4 reviews the econometric approaches that are available when the
independent data are aggregated and the dependent data are censored. Finally, Chapter
5 brings the theory of Chapter 3 together with the econometrics outlined in Chapter 4 to
estimate an empirical model of demand for the Sydney to Wagga Wagga air route that
accounts for consumer expectations on the availability of tickets in different ticket
classes. Chapter 6 concludes the thesis by summarising the findings and offering the
key policy and theoretical implications and future directions from this research.

1.4.1

Theoretical foundation

Chapter 2 provides the economic framework that grounds the methodology and theory
of Chapter 3. Four areas of economic theory are reviewed. They are the standard
neoclassical consumer theory, travel demand theory, discrete choice theory and the
theory underlying the behaviour of consumers in a rationed market.

1.4.2

Discrete choice and capacity constraints
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Chapter 3 develops on the key principles outlined in Chapter 2 to form a model of
discrete choice for consumers when there is an expectation of a capacity constraint.
This model will act as a basis for developing the empirical results in Chapter 5 and
offers a useful direction for further disaggregated data analysis. The model is firmly
grounded in the economic principles outlined in Chapter 2.

The primary objective of Chapter 3 is to provide a basis for understanding the discrete
choice consumption decision when the consumer considers capacity constraints. As
such, the chapter explores the role that expectations of availability play in a consumer’s
decision. In the presence of a capacity constraint on an alternative, it is suggested that
the consumer responds with a degree of anticipation on whether that alternative will be
available. Formally, this is identified as an expected probability of availability, and is
fundamentally similar to the probabilistic weightings introduced in expected utility
theory by von Neumann and Morgenstern (1944).

The expected probability of availability is considered to be dependent, for the consumer,
on three factors: the consumer’s expectation of capacity for the alternative; the
consumer’s expectation of demand for the alternative; and the resources the consumer
intends to spend on improving their opportunity to acquire the alternative. Using this
expected probability of availability, the probabilistic discrete choice model is modified
such that the consumer’s choice is based on the expected utilities for the alternative,
rather than simply utility.

The ability to spend resources adds a dimension of complexity to the discrete choice
model with expected utilities. The expenditure of resources reduces the utility of the
alternative because of the reduction in the money balance of the consumer.

This

motivates the investigation of the optimisation of the expected utility prior to the
decision making. In particular, Chapter 3 investigates varying mappings of the expected
probability of availability to this availability cost and the implications for the
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optimisation of the expected utility function. The choice is then shown to depend on an
assessment of the optimised expected utilities of each of the alternatives.

A comparative statics analysis of the changes in price, income, expected capacity and
expected demand is undertaken. It is noted that the comparative static outcomes vary
under different mappings of the expected probability of availability to the availability
cost. Nevertheless, given reasonable assumptions, an increase in the expected capacity
of an alternative is shown to have a positive impact on the likelihood that the consumer
chooses that alternative. A decrease in the expected demand is hypothesised to have a
similar effect. The effects of price and income have the standard result. However, their
interaction with the expected probability of availability through the optimisation of the
expected utility process modifies this slightly.

The outcomes in this chapter set the groundwork for establishing the existence of a link
between the demand for tickets and the availability of those tickets. Chapter 4 and the
subsequent chapters build upon this to establish an indication of this link using
aggregate consumer data.

While these latter chapters have a focus on aggregate

estimation, the outcomes detailed Chapter 3 also lay the groundwork for further
research on the econometric implication of using expected utility in a disaggregate
discrete choice analysis.

1.4.3

Demand estimation with aggregated explanatory variables and capacity
constraints

Chapter 4 serves as a bridge between the underlying consumer choice theory in Chapter
3 and the empirical econometric analysis in Chapter 5.

In Chapter 4, a range of

techniques is reviewed that are applicable to the type of dataset that is available for
analysis. Moreover, these techniques recognise some of complexities inherent in the
analysis of sales data with capacity constraints.
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The primary objective of Chapter 4 is to identify those techniques that are most useful
for estimating both equations of total demand and equations of demand for individual
alternatives using aggregate data. With this in mind, the chapter begins with a review
and outline of the simple aggregate logit model.

This model has its basis in the

disaggregate logit model that is widely applied on discrete choice problems.

The focus of the review then shifts to the significant issue of censoring in the dataset.
The existence of a capacity constraint suggests that, when demand equals capacity, the
latent demand is not observed. Instead, the observation is censored and this has a
number of implications for the estimates arrived at through standard methods. The
observation of demand is not only censored by the existence of a capacity constraint.
The non-negativity of the sales data also presents a second censoring point at zero. This
“two-tail” censoring presents a slightly more complex problem for estimation, which is
reviewed in this chapter using linear equations of demand.

It is also noted that the estimation of single equations of demand for each of the
alternatives may be improved through the estimation of these equations in a single
system. However, the censoring of the data presents a challenge in the estimation of
such a system. As such, a quasi-maximum likelihood technique is reviewed which
allows the estimation of a higher dimensional integral using bivariate integrals.

A number of diagnostic tests are also reviewed. These tests are intended to draw out
any potential problems with the models in Chapter 5. With the use of modified capacity
data on the right hand side of the demand equations, interest will be in potential
endogeneity of between this variable and the dependent sales variable. As such, the
Hausman test is reviewed along with other specification tests such as Ramsey’s (1969)
RESET and White’s test for heteroskedasticity. Conditional moment tests are also
reviewed for application on the Tobit models.

The review of a range of econometric approaches in this chapter lays the foundation for
a comparison of those approaches in Chapter 5. As a result, Chapter 5 serves the
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function of providing a comparison of these approaches alongside the function of
evaluating the importance of availability in the consumer’s decision.

1.4.4

Multi-class demand for air-travel between Wagga Wagga and Sydney

Chapter 5 brings together the hypothesised consumer behaviour of Chapter 3 and the
aggregate econometric methods of Chapter 4 in an empirical analysis of an air-travel
route in New South Wales, Australia. This chapter uses an empirical analysis to test the
hypothesis of consumer behaviour presented in Chapter 3, to validate the suggested
econometric methods of Chapter 4 and to provide a set of empirical estimates for the
use of policy makers on air-travel routes - particularly for policy makers involved in
regional air-travel routes in Australia.

The route that is analysed is the Sydney to Wagga Wagga route. Wagga Wagga is a city
in country New South Wales with a population of around 50 000. It is a one hour flight
from Sydney on a Saab 340 or Dash 8 Turboprop type aircraft. Wagga Wagga’s
economy is built on the agricultural sector, the defence forces and a large regional
university. As such, travellers on the Sydney to Wagga Wagga route are predominantly
business travellers visiting Sydney or leisure travellers travelling back to Wagga Wagga
from further afield.

Chapter 5 provides a background on other empirical analyses of air-travel demand that
have been undertaken around both within Australia and internationally. It is noted that
there is a general lack of empirical analyses in Australia, though some contributions,
such as Hartley and Trengove (1990), have advanced the understanding both of airtravel in Australia and the treatment of capacity constrained air-travel more generally.

Following this, the available data is examined in detail in Chapter 5. The core issue of a
lack of disaggregate explanatory variables is explored and aggregate explanatory
variables are identified. The lack of variability in either ticket class prices or prices
relative to other forms of transport is identified as an inhibitor to calculating price
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elasticities of demand. Nevertheless, the construction of a viable expected capacity
variable that has significant variability over the entire dataset does allow the potential to
investigate the key effect of interest in this thesis – the effect of availability on the
choice of a capacity constrained alternative.

The econometric approaches identified in Chapter 4 are sequentially applied to the data.
These methods include the aggregate logit model, the simple OLS linear regression, the
Tobit linear regression, and the multivariate system of Tobit regressions. Each of these
approaches has an identifiable set of advantages and disadvantages. These are outlined
towards the end of the chapter and provide some insight into the role that availability
may play in the demand for air-travel and capacity constraint products more generally.

Chapter 5 also details the results of a battery of diagnostic tests that is applied to the
models. These tests suggest that there may be some specification and heteroskedasticity
issues.

These are particularly problematic for the Tobit models, which present

inconsistent and inefficient estimates in the presence of heteroskedasticity.

The

presence of heteroskedasticity therefore required the use of corrective estimation
methodologies to provide consistent estimates.

While the diagnostic tests raise a number of concerns, the models are shown to be
generally supportive of the hypothesis of the consideration of availability presented in
Chapter 3. The econometric methods presented in Chapter 4 are also proven useful in
the analysis of the type of data that were available for analysis in this research. Finally,
the models provide an informative insight into the preferences of consumers on a typical
regional air route in Australia.

1.4.5

Conclusion

The final chapter of this thesis draws together the key findings of the research. Potential
policy implications suggested by the theory and empirical results are outlined. The
policy implications extend beyond air-travel markets to other capacity constrained
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discrete choice type markets. Possible future research directions are also identified. For
instance, future research might include the use of more disaggregated data in a
multinomial logit type model augmented by the expected utility function to provide
further validity to the theory presented in this thesis.

1.5 CONCLUSION
This chapter has provided some background on the type of work that was undertaken in
the research that underpins this thesis. The chapter has set out the objectives of this
thesis, which primarily focus on developing a conceptual and empirical understanding
of consumer behaviour in a regional air-travel market in Australia.

This introductory

chapter has also overviewed the key theoretical, methodological and analytical issues
addressed in the thesis and provided the broad structure and content for what follows.
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CHAPTER 2
THEORETICAL FOUNDATION
2.1 INTRODUCTION
One purpose of this thesis is to draw together the concepts from a number of areas of
consumer demand economics to provide a framework that is directly applicable to the
air-travel market and other markets like it.

In this chapter, four distinct areas of

research relating to consumer demand will be examined. First, the standard neoclassical
consumer demand model will be reviewed. Presenting this model provides a useful
backdrop for understanding the developments explored in the latter sections of this
chapter.

The second area of research reviewed in this chapter focuses on theoretical and applied
research on consumer behaviour in transportation markets. This section provides an
overview of the current state of understanding of consumer behaviour in various
transportation markets. A more focussed literature review of the air-travel market will
be presented later in the thesis.

The third section of this chapter explores more closely the nature of discrete choices in
markets and, specifically, the random utility model. The random utility model is a
useful conceptual tool for exploring the comparative statics of a change in the attributes
of a choice and the characteristics of a consumer. The random utility model also has a
convenient econometric counterpart, which, while not the focus of the estimation later
in this thesis, does serve as a useful platform for any future analyses of individual
capacity constrained choice.

The fourth section of this chapter examines the implications of rationing in consumer
behaviour and market outcomes. Rationing is a particular feature of the air-travel
market and arises through the capacity constraint on available seats. This section of the
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chapter will therefore serve as the basis for the examination of the capacity constrained
consumer decision that is examined in Chapter 5.

The fifth section concludes this chapter and summarises the key concepts that will be
taken into the development of the model in the next part of the thesis.

Finally, it should be pointed out that this chapter only seeks to review those areas of
research that are particularly pertinent to the analysis in Chapter 3. As Chapter 3
focuses on the development of a model of consumer behaviour where one or more
alternatives in a choice set are capacity constrained, the areas of analysis in this chapter
are necessarily focussed on the key underlying and applicable concepts relevant to this.

2.2

STANDARD CONSUMER DEMAND THEORY

Standard consumer demand theory is well represented in most microeconomic
textbooks, with the work of Varian (1992) providing one of many examples. This
section of the literature review provides a brief overview of the underlying concepts of
the standard theory of the consumer and draws heavily on Varian’s analysis.

Consumers’ behaviour is often usefully and conveniently summarised through a utility
function; that is, a conditional function such as u: X → R such that x f y if and only if
u(x) > u(y) where X is a non-negative orthant of Rk and x and y are bundles of goods in
the set X. This convenient method of representing preferences allows for a grounded
investigation of consumer behaviour.2

The basic hypothesis of the rational consumer is of one who will always choose a most
preferred bundle from the set of affordable alternatives.

In this basic problem of

2

See Varian (1992) for a comprehensive explanation of the symbology of “at least as good as” and its
applications in economic theory.
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preference maximisation, the set of affordable alternatives is the set of all bundles that
satisfy the consumer’s budget constraint.
B = { x in X : px ≤ m}

(2.1)

where B represents the set of affordable bundles, m is the fixed amount of money
available to the consumer (the budget constraint) and p = (p1, …, pj) is the vector of
prices for goods 1, …, j.

The problem of preference maximisation can then be written simply as:
max u ( x )
s.t. px ≤ m
x is in X

(2.2)

The consumer’s problem or preference maximisation can further be restated as:
v ( p, m ) = max u ( x )
s.t px = m

(2.3)

The function v ( p, m ) that provides the maximum utility at given prices and income is
known as the indirect utility function and the value of x that solves this problem is the
consumer’s demanded bundle. This value of x expresses how much of each good the
consumer desires at a particular given level of prices and income.

The function that relates p and m to the demanded bundles is commonly referred to as
the consumer demand function and is represented by x ( p, m ) . This is also known as
the Marshallian demand function. The function h ( p, u ) is the expenditure minimising
bundle necessary to achieve a utility level u at prices p. This particular function is
referred to both as the Hicksian demand function and the compensated demand function
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– the latter arising from the view that the demand function is being constructed by
varying prices and income so as to maintain a fixed level of utility to the consumer.

While the compensated demand function is not directly observable (because utility is
not directly observable) the derivation of the function can be easily calculated from the
derivation of the Marshallian demand function with respect to price and income. This
relationship is known as the Slutsky equation:
∂x j ( p, m)
∂pi

=

∂h j ( p, u ( p, m))
∂pi

−

∂x j ( p, m)
∂m

xi ( p, m)

(2.4)

The Slutsky equation breaks down the demand change induced by a price change ∆pi
into the two well known separate effects: the substitution and income effects.

It serves also to examine the concept of aggregation as it applies across consumers.

The aggregate demand function is defined by:
X ( p, mi ,..., mn ) = ∑ i =1 xi ( p, mi )
n

(2.5)

The aggregate demand for a good j is denoted by

X j ( p, m)

(2.6)

where m defines the vector of incomes (m1 ,..., mn ) . The aggregate demand function
inherits some of the properties of individual demand functions. For example, if the
individual demand functions are continuous, the aggregate demand function too will be
continuous.
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Continuity of the individual demand function is, though, not a necessary condition for
continuity of the aggregate function. Varian (1992) utilises an example of supposing
that most consumers desire to purchase only one washing machine. Hence the demand
function for an individual consumer would be represented in Figure 2.1:

Figure 2.1
Demand for a discrete commodity

Source: Varian (1992, p.152)

The price ri is known as the ith consumer’s reservation price. If tastes and incomes
differ across consumers, (which it is expected they do) several different reservation
prices will exist.

Consequently, the aggregate demand for Varian’s washing machines is given by
X(p) = the number of consumers whose reservation price is at least p. In the case that
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there are many consumers with dispersed tastes and incomes and consequently
dispersed reservation prices, the aggregate demand can be thought of as a continuous
function. If the price goes up by a small amount, a small number of consumers will
decide to stop buying the good. Varian (1992) refers to these consumers as “marginal
consumers” and notes that even though their demand changes discontinuously, the
aggregate demand will change only by a small amount.

While the aggregate marginal effects in a population of consumers might be identifiable
and broadly consistent with the consumer framework, the individual’s consumption
behaviour is markedly different. Both the substitution and income effects of the Slutsky
equation collapse to corner solutions. These disallow the comparative static analysis of
the individual consumer’s behaviour except through the identification of the reservation
price.

The types of markets under analysis in this thesis are those where consumers make
discrete choices. For instance, unless a consumer is acting as an agent, they will
normally only purchase one ticket for a flight between two cities. The combination of
the price of the ticket, the consumer’s income, and a range of other exogenous factors
will often determine which ticket they choose. However, the standard neoclassical
Slutsky equation would not be particularly informative in describing this decision.

It is this difference that motivates both the further analysis of discrete choice models in
this chapter and then the application of these models in Chapter 3 to describe consumer
behaviour in markets such as the air-travel market. Because the focus of this thesis is
on the consumption of air-travel, the next section explores how other transport
economics researchers have tackled the challenge of analysing travel demand. Rather
than evaluating the change in the amount of the commodity demanded by the consumer,
the analysis turns to an evaluation of the change in the utility that the consumer derives
from the alternatives with a change in price or income (or indeed any other hedonic
attribute). The following sections of this chapter explore models of consumer behaviour
that allow for an exploration of these types of interactions.
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2.3 TRAVEL DEMAND
While travel demand is a generally well-researched area, the majority of research has
tended to focus on urban travel – that is intracity automobile and transit travel.
McFadden (2000), Ben-Akiva and Atherton (1977), and Horowitz (1979) provide
examples of the focus on urban travel demand that has been present throughout the
development of travel demand theory. This preoccupation with urban travel demand
may be a result of the United States Federal Government supporting analyses in this
area in the 1950s, 60s and 70s. Indeed, the fundamentals of transport modelling were
developed in the United States in the 1950s in the Detroit and Chicago Transportation
Studies.

The techniques developed in these studies were then used in the United

Kingdom in the 1960s for the London conurbation and from there found their way into a
range of other analyses of transport systems and travel demand.

Fischer (2000) provides a useful overview of the developments in travel demand theory.
He identifies three broad classes of model that have characterised the development in
the field of travel demand.

They are the traditional four stage transport models

associated with large urban transport studies; the microeconomic approach of travel
choice behaviour that utilises the random utility theory; and the activity-oriented
approach which uses a holistic research approach and views travel behaviour as a daily
or multi-day pattern of behaviour.

The first approach, the traditional four-stage transport model, is built around a fourstage travel demand forecasting process. This process moves from examining trip
generation to trip distribution, modal split and finally route assignment by model.
Numerous models have been used to explain each of these components of the transport
model. For instance, a trip distribution model, which predicts the number of trips, was
usually described in a gravity model where traffic was a function of the distance
between two zones and the size of those two zones.
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The key criticism of this aggregated approach to examining travel demand is that it
ignores the behaviour of the individual travellers in the system and assigns functional
behaviour to the aggregate data that often has little connection with the underlying
consumer framework associated with the individual’s travel decisions. That is, there is
little connection between the types of equations used to describe the aggregate data and
the utility functions of the individual consumers of the transportation. While the gravity
model, for instance, tended to perform well in explaining some travel patterns, the lack
of an adequate connection with the economics of the consumer outlined in the previous
section drove the development of an alternative approach.

The alternative approach, which Fischer calls the microeconomic approach, was built on
the economic principles of the consumer and has its most notable foundation in the
work of Domencich and McFadden (1975). As the name suggests, the microeconomic
approach to traveller behaviour is a disaggregated approach, which usually uses data on
individuals or households. Perhaps the key difference with the earlier approach to
examining travel demand is that this approach takes individuals or households rather
than zones as the units of observation and analysis. The original need to establish a
behavioural approach to understanding travel demand was explored over 30 years ago
by Stopher and Lisco (1970) and Brand (1972). Indeed, the slogan of the Travel
Demand Forecasting project in 1972 (which saw the first uses of this approach) points
out: ‘Zones don’t travel; people travel!’ (McFadden 2000, p.1).

McFadden (2000) provides a first-hand account of the development of the
microeconomic framework.

He notes the growing discontent with the aggregate

approaches to modelling travel demand in the 1960s and 1970s and discusses how
consumer theory meshed with the probabilistic choice models of authors such as
Thurstone (1927) and Marschak (1960) which came to dominate the analysis of travel
demand. This probabilistic framework is also explored more closely in the next section
of this chapter.
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The third and more recent development in modelling traveller behaviour is known as the
‘activity’ approach. It considers the travel decisions of consumers as part of a wider
schedule of daily or life events. The development of the activity-based approach has
been reviewed by Axhausen and Gärling (1992), Kurani and Lee-Gosselin (1997) and
Fischer (2000).

Within the activity-based approach, the demand for travel is treated only as being
derived from the events that occur in an individual’s schedule. Useful overviews of the
application of the activity based approach can be found in Bhat and Koppelman (1999)
and Jones, Koppelman and Orfeuil (1993).

However, while this approach provides a

range of useful insights into the nature of the travel decision, there is not a widely
accepted comprehensive framework for its analytical use. Moreover, because of the
embedding of the travel demand in the daily activities of the individual, the complexity
in modelling the travel decision is understandably much greater than in the
microeconomic approach. Nevertheless, the use of the activity-based approach has
provided a useful source of information on the activities that surround and factors that
affect the travel decisions of consumers

Because of the behavioural components of the microeconomic approach and given its
tractability as a framework for exploring those behavioural components, it has been
chosen as the basis for the examination of the consumer decision in this thesis.
Moreover, application of this approach is appropriate given the data that are available
for analysis in this research. The following section more closely explores the nature of
the approach and, in particular, the approaches central feature – the random utility
model.

2.4 DISCRETE CHOICE
The setting for the consumer demand model used in this thesis establishes a case that is
discrete and not continuous. That is (as a simple example), a consumer chooses whether

26

or not a product will be purchased, not how much of a product will be purchased. As
was discussed earlier in this chapter, the discrete choice creates a number of issues for
standard consumer demand analysis and the paradigms (such as rationing) that are built
around standard models.

There are some arguments that suggest a continuous approach or a mixed approach still
has validity in the analysis of travel demand. Van Vuuren and Rietveld (2000) utilise a
mixed continuous and discrete choice model to estimate the demand for train travel.
They propose that the demand for kilometres travelled reflects a continuous component
while the demand for different ticket types reflects a discrete choice component. There
are some inherent problems with a continuous approach, not the least of which is the
changing value of the travel as the kilometres travelled increases.

While the implications of this and other research undoubtedly have much value in the
analysis of complete travel systems (such as a train or airline network), the empirical
and consequently theoretical emphasis of this thesis is on one particular route where the
distance flown is held constant. As such, it serves simply to note that it should not be an
unquestionable assumption that discrete choice models serve to solve all travel demand
problems.

2.4.1

Hedonic demand

Demand models based on discrete choice are generally based around the idea that a
product can be treated as a bundle of characteristics. That is, rather than defining utility
over a range of products, utility is defined over a limited set of hedonic characteristics.
The discrete choice model that is developed in the following chapter is based on a
consumer choosing between products not on the basis of the quantity that can be
acquired, but on the basis of the attributes of the alternatives. This section briefly
identifies the basis for using the characteristics of the products in a model of discrete
consumer demand.
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Though Griliches (1961) explored products as a bundle of characteristics in work on
hedonic price functions, it was Lancaster (1966; 1971) who is most often cited for his
work on viewing a product as a set of its characteristics. Lancaster (1991, p.13) pointed
out that “the good, per se, does not give utility to the consumer; it possesses
characteristics, and these characteristics give rise to utility.” Rosen (1974) then built on
this work and developed methods for the empirical application of these hedonic models.

Berry, Levinsohn and Pakes (1993) also further developed the hedonic price work of
Griliches (1961) and the focus on products as a bundle of characteristics introduced by
Lancaster (1971) in their work on automobile demand. Recently, many more models of
demand have explored the effect of the attributes of the products. Some examples
include Boyd and Mellman (1980) who used a theory of hedonic demand model to
estimate the effect of fuel economy standards on an automotive market.

Another

example is the work of Train (1998) who estimated recreation demand models based on
the principles of the hedonic demand model.

And, in the market of interest in this

thesis, Belobaba (1987, p.43) noted that the approach was applicable to transportation
and, in particular, air-travel:

“Consumers do not purchase a quantity of seat departures or
available-seat-miles as if they were a commodity. A trip taken by
air consists, at a minimum, of a departure time from a specified
origin and an arrival time at the desired destination. With respect
to individual choice, the attributes of a particular travel option are
what generate disutility.”

The analysis in this thesis focuses specifically on the hedonic characteristics of the
tickets in each of the ticket classes. In the next chapter, a model of consumer choice is
proposed that allows a range of quality attributes. Non-price attributes of particular
interest include the capacity of the alternatives and the costs associated with the
availability of an alternative.
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2.4.2

The choice framework

The discrete choice literature has introduced a range of methods for exploring discrete
choices across a range of characteristics. Standard microeconomic references (see, for
example, Varian, 1992) outline how a consumer, n, responds to the discrete good
situation in a traditional context. The utility gained by a consumer who purchases a
good that can only be purchased in discrete amounts would be U (1, m − p ) where m is
the money endowment and p is the price of the good. In the event that the consumer
decides not to purchase the good, the utility U (0, m) would be gained. The consumer
would hence have a reservation price whereby:
U (1, mn − rn ) = U (0, mn )

(2.7)

At this reservation price r, the consumer would switch their preference between the two
purchase options. If it is supposed that U (0, ⋅) = 0, then it can also be seen that the
reservation price is the utility of U (1, ⋅) .

This analysis is limiting, though, as it only caters for the case where the consumer is
faced with a binary decision: that is, to purchase a discrete good or not to purchase a
discrete good. What happens when a consumer is faced with a range of goods from
which to choose? In this case, maximising behaviour will see the outcome with the
highest utility being chosen.

Max U (d1n ,...d kn , mn )

d1 n ,...d kn

k

s.t. mn = mn − ∑ pi din
i

(2.8)

din = 0 or 1, ∀i

∑d

in

=1
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Here, the range of choices is given by d1,…dk. In this case, there will be k – 1 zero ds
indicating that all of the other choices have a lower utility than the chosen option. One
of these options will necessarily be the option not to purchase any of the alternatives.
But this is only really useful in a theoretical application. In other words, a partial
derivative or elasticity cannot be generated because of the corner solutions that exist
(for the one good case, this is demonstrated in Figure 2.1). While it is possible, using
this framework, to provide some partial derivatives with respect to utility (that is,
theoretically at least, a partial derivative of utility with respect to the attributes that
make up each of the alternatives could be constructed), these derivatives would be
difficult to derive from standard market information.

Taking a step back, then, it pays to explore the choice process a little more carefully.
Ben-Akiva and Lerman (1985, pp.31-32) suggest that a choice can be viewed as an
outcome of a sequential decision-making process that includes the following steps:

1. definition of the choice problem,
2. generation of alternatives,
3. evaluation of attributes of the alternatives,
4. choice,
5. implementation

They go on to suggest that a specific theory of choice is a collection of procedures that
defines the following elements:

1. decision maker,
2. alternatives,
3. attributes of alternatives,
4. decision rule

The decision maker, in this case, is the consumer of the products. The alternatives
represent a subset (known as the choice set) of a universal set of alternatives. This set
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includes the alternatives that are both feasible to the decision maker and known during
the decision process. The attributes of the alternatives are measured on a scale that can
be either ordinal or cardinal. The decision rule describes the internal mechanisms used
by the decision maker to process the information available and to arrive at their unique
choice.

The general approach to analysing this discrete choice is in the general framework of
probability models. That is, by looking at the choice probabilistically:

Prob (event j occurs) = Prob(Y = j ) = F [relevant effects: parameters]

(2.9)

Early work on the understanding of these probabilities in the choice framework
focussed on the ‘rationality’ of the consumer.

While the theory suggested that

consumers were perfectly informed on alternatives and perfectly discriminating between
alternatives, this condition would result in a ceteris paribus situation where the
consumer would consistently choose the same alternative given the same conditions
(that is, the choice probability would be one for one alternative and zero for all other
alternatives). However, this condition did not sit well with observation and empirical
evidence – consumers are often observed to make different choices in seemingly
unchanged circumstances. Consequently, a number of alternative probabilistic
approaches were put forward so that this “uncertainty and inconsistency” could be
incorporated into the theoretical framework.

It was suggested that the consumer instead faces a probability that one choice will be
made given the utilities of the alternatives. This idea had its most notable manifestation
in the random utility model first proposed by Thurstone (1945). In Thurstone’s original
model, the values attributed to each of the alternatives are random. The consumer
compared each of these values in making choices from the alternatives. In Thurstone’s
model, randomness in one consumer’s behaviour was considered a result of variation in
the mind of the individual under analysis – “utilities were assumed to vary from
moment to moment” (Edgell and Geisler 1980, p.266).

The assumptions of the
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neoclassical theory were maintained as the individual continued to behave rationally
according to the deterministic utility that applied at the given moment.

From an economic perspective, randomness in the consumer’s state of mind somewhat
undermines the theory of the rational consumer. Thurstone’s model was therefore
amended so that the randomness was derived from a deficiency of observation over a
socioeconomically homogenous population or subpopulation. That is, the observer of
consumer behaviour was assumed to have only limited knowledge of the influences on
the individual consumer’s choice.

Subsequently, the modeller’s knowledge of the

previously defined individual consumer utility function U was imperfect and contained
a random component.
In the random utility model (outlined in Ben-Akiva and Lerman, 1985 and Anderson et
al, 1992), the utility function U is broken down into two separate components, V and e.
V defines the known and deterministic part of the utility which is defined over a set of
observable characteristics of the homogenous population while e defines the difference
between U and V for the individual consumer such that the utility for a consumer for
any particular alternative i can be specified as:
U i = Vi + ei

(2.10)

This equation, however, remains deterministic and the modeller is still unable to
determine the individual consumer’s choice because e is unknown. Nevertheless, the
modeller can predict the consumer’s choice using a probability function (cf. McFadden
1981 and 1984, Ben-Akiva and Lerman 1985 or Anderson, de Palma and Thisse 1992).
As such, the valuation e can be represented by a random variable ε with a zero mean. U
~
can then be modelled on the random variable ε with U i representing the utility of i for
the individual for any particular alternative i:
U% i ≡ Vi + ε i

(2.11)
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where V is the observable utility of alternative i for the homogenous population and ε i
accounts for a range of uncertainties in the observation of the individual’s choice by the
analyst. On the issue of uncertainty, Manski (1977) in Ben-Akiva and Lerman (1985,
p.56) suggested that there are four types due to the lack of information available to the
modeller, which are listed below.
•

Unobserved Attributes – where the vector of attributes affecting the consumer’s
decision is incomplete.

•

Unobserved Tastes - where the variation of tastes across consumers is unknown
but variable.

•

Measurement Errors – where variables are not completely observable and
observation becomes an imperfect measure.

•

Instrumental variables (or proxy variables) – where there is an imperfect
relationship between the instruments and the attributes.

Each of these causes of randomness has its own implications for the disaggregate
model. Here, they serve to underpin the probability model with randomness from an
observational or analytical standpoint rather than at a consumer level, therefore
retaining the integrity of the rational consumer.

Accepting this randomness, the probability that a consumer chooses alternative i can
then be presented as:

(

)

P(i ) = Pr U% i ≥ U% j = Pr (Vi + ε i ≥ V j + ε j )

(2.12)

in a two goods case and:

(

) (

P(i ) = Pr U% i = max U% j = Pr Vi + ε i = max (V j + ε j )
j =1...k

j =1...k

)

(2.13)

in a multi-goods case.
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This also provides a convenient basis for empirical application. This is most widely
applied in the disaggregate multinomial logit model. Chapter 4 reviews an aggregate
version of that model and an application based on aggregate data is presented in
Chapter 5.

2.4.3

Luce’s axiom

There is a key restriction on the use of probability models of choice. This is based on
an axiom first put forward by Luce (1959). Luce published a treatment of choice
behaviour that postulated that the ratio of choice probabilities for i and j is the same for
every choice set C that includes i and j. Luce called this the Independence from
Irrelevant Alternatives or IIA assumption.
PC (i ) / PC ( j ) = P{i , j} (i ) / P{i , j} ( j )

(2.14)

The best exposition of the dilemma this assumption creates is the “blue bus/red bus
paradox” which is adapted from Debreu (1960). In this paradox, the traveller is faced
with reaching a destination either by personal car or by a blue bus. Both alternatives
have a probability of 0.5 of being chosen by the consumer. If an additional bus is added
to the choice set, identical to the other bus in every way except that is red, the choice set
will expand to include the additional bus.

Assuming that the individual pays no

attention to the colour of the buses so that the probability of choosing either bus is
identical, one’s intuition suggests that the respective choice probabilities will stay at 0.5
for the consumer to choose the car and 0.25 for the consumer to choose either bus.
However, Luce’s axiom implies that the probabilities of choosing the car, choosing the
blue bus, and choosing the red bus will all be 0.33.

This clearly counterintuitive result is a substantial limitation of the methodology.
However, this axiom has the advantage that it allows the association with each
alternative of a positive “strict utility” Ui such that:
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PC (i ) = U i / ∑ k∈C U k

(2.15)

And by taking the strict utility for alternative i to be a parametric exponential function
of its attributes xi, Ui = exp (xiβ), allowed for a useable model for individual choice
data.

2.5 RATIONING THEORY
In the next chapter, the discrete choice model presented in the previous section is used
as the basis of a model of discrete choice where capacity constraints reduce the
availability of some or all of the alternatives in the choice set. Consumers are modelled
not only to consider the utility of the various alternatives in the choice set, but also to
consider the availability of each of the alternatives in the choice set.

Indeed, a key feature of the air-travel market and the demand for air-travel is the
constraint imposed by capacity or number of seats. Each ticket class is constrained by
the number of tickets available in that class and each flight is constrained by the number
of seats available on the particular aircraft type.

In the past, it has been difficult to undertake a thorough analysis of the effects of
rationing on demand in markets characterised by discrete choice, primarily because of
the lack of rationing data. Chang (1995, p.70) states that, in regard to the potential to
incorporate capacity constraints in his study of air-travel demand:

“The data are aggregated to the level of the airline/route/fare on a
quarterly basis. Therefore I cannot identify which flights might be
subject to capacity constraints. Nor can I tell how uncertainty
about the number of passengers on a flight is resolved as the time
of departure approaches.”
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However, the data used in the empirical analysis in Chapter 5 includes information on
the capacity constraints for each ticket class on each flight. It is therefore important to
explore briefly some of the research that examines the nature of rationing and its effect
on the consumption decision. This serves as a basis for incorporating rationing into a
discrete model of consumer behaviour in the next chapter.

Jackson (1991) examines the relevance of rationing theory and highlights four specific
types of constraints.

They are time constraints, physical constraints, social and

institutional constraints and policy constraints. Of most importance in the analysis in
the following chapters of this thesis are physical constraints, such as the absolute limit
to the number of passengers on an aircraft. Generally, physical constraints arise from
decisions taken by suppliers (such as in housing decisions as examined in Deaton,
1981). Physical constraints are variable in the long run and consumption is usually
inflexible in the short run.

Tobin and Houthakker (1951) provide a comprehensive overview of rationing on
demand in their seminal work, The Effects of Rationing on Demand Elasticities. They
investigate the relationships and differences between demand under rationing and
demand under a free market. They show that the reduction in the ration of one product,
with prices and incomes remaining unchanged, will lead to an increase in the
consumption of a substitute and a decrease in the consumption of a complement.
Importantly, the significance of their work lies in their demonstration of the ability to
describe the ration change effects in terms of the conventional characteristics of free
market demand functions.

Tobin and Houthakker (1951) use imagined or virtual changes in price and income to be
representative of the free market equivalent of a change in the ration. By changing the
rationed good’s price or income in amounts reflecting the price and income derivatives
of the demand for the rationed good, a change in the free market demand can be
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achieved that reproduces the change under rationing. As Tobin and Houthakker (1951,
p.140) state:

“The imagined free market change in expenditure on other
commodities due to these changes in [the rationed good’s] price
and income is to be the same as the one caused by the change in
[the rationed good’s] ration.”

The concept of virtual prices can be traced to Rothbarth (1940) where the ration was
voluntarily chosen by consumers. Following the elaboration of this by Tobin and
Houthakker in 1951, Tobin (1952) surveyed the early work on rationing. Since then,
duality methods have been used significantly (as in Deaton, 1981 and Neary and
Roberts, 1980). Interestingly, the emphasis of most analyses of rationing has been on
the single good case. Jackson (1991, p.335) notes that:

“Constraints involving several goods are distinct from single-good
rations in that they permit a choice of rationed goods and thus
variations in the way that constraints can be satisfied. To deal with
these constraints, the duality approach to rationing has to be
generalized.”

Jackson goes on to show how rationing downgrades the role of prices in determining
consumption through the choice of virtual prices: as consumer demand becomes less
dominated by prices and income other external non-economic influences begins to play
a more dominant role.

Another useful overview of some of the developments in the area of rationing in micro
and macroeconomics is provided by Bénassy (1993). In this overview, two concepts are
outlined that are particularly applicable to the investigation and analysis in this thesis.
These concepts are those of manipulability and the spillover.
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Manipulability refers to the ability of an agent to affect the amount of output that can be
accessed in a rationed market.

Bénassy (1993, p.738) defines a nonmanipulable

rationing scheme as one where “…once rationed, an agent cannot increase his
transaction by increasing the size of his demand.”

This concept is drawn from the perception of quantity signals in the market and their
effect on demand. Rationed agents perceive a binding quantity constraint (in addition to
a price signal). This means that the amount demanded is the minimum of the quantity
signalled and the quantity demanded. The quantity signalled is a function of the actual
quantity supplied while quantity supplied is the minimum of the signalled quantity
demanded, and the quantity supplied.

There is a range of anecdotal examples of the manipulation of a rationing scheme. For
instance, Oczkowski (1990) and Bénassy (1993) both discuss manipulation of a queuing
scheme by expenditure of resources to arrive in the queue earlier. These manipulation
costs tend to limit overbidding demand behaviour associated with free cost manipulable
schemes. While nonmanipulability has been a standard assumption to simplify market
analysis where rationing exists, the model of capacity constrained discrete choice that is
presented in the next chapter includes a cost of this type.

In the air-travel market, and in many other similar markets, the existence of capacity
constraints also creates a range of spillover effects. Bénassy (1993, p739) provides a
succinct summary of spillover effects in the context of rationing schemes:

“We say indeed there is a spillover effect when an agent who is
constrained to exchange less than he wants in a market because of
rationing modifies his demands or supplies in other markets.”

Bénassy (1993) explores a spillover effect where disequilibrium in the labour market
results from a distortion in a product market. But while this spillover effect has clear
macroeconomic implications, which Bénassy discusses, the effect is much more direct
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in many capacity constrained markets. If there is a range of rationed close substitutes,
as occurs in the air-travel market and many other travel markets, a capacity constraint in
one market may directly increase the demand for a substitute as consumers spill over
into that alternative.

In air-travel markets, these spillover type effects are well researched and form a central
component of the yield management techniques employed by airlines as part of their
profit maximisation strategy. These are reviewed in detail in the early part of Chapter 5.

2.6 CONCLUSION
This chapter has provided a review of the key concepts that underpin the discussion in
the next chapter of the consumer choice in a capacity constrained market. The key
theoretical areas that have been reviewed included the standard neoclassical model of
the consumer, consumer demand in travel markets, developments in the analysis of the
discrete choice of the consumer, and problems related to the analysis of a market when a
product is rationed.

This broad theoretical background provides the methodological grounding for the
research that is presented in the following chapters. In what follows, extensions of these
core theories are suggested and discussed. Specifically, a model of discrete consumer
choice for the circumstance of constrained alternatives in the choice set will be
proposed with reference to both the core theories identified in this chapter and
extensions of these theories.
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CHAPTER 3
DISCRETE CHOICE AND CAPACITY CONSTRAINTS

3.1 INTRODUCTION
This chapter outlines how consumers make choices in those markets that have similar
features to the air-travel market. Immediately some characteristics become obvious.
They are that a consumer usually only wishes to purchase one ticket and not multiple
tickets (that is, their consumption decision is discrete and not continuous) and that the
consumer has a range of tickets from which to purchase that have constraints on their
capacity. Effectively, the consumer makes a discrete choice in the face of capacity
constraints on the options available.

Traditional utility theory, however, does not

differentiate between products based on that capacity constraint other than to suggest
some consumers perceive different utilities as a result of the capacity available.

What this chapter sets out to do is to provide a general model of consumer choice in a
discrete framework where the consumer’s decision reflects the expectations that they
hold on the capacity constraint. It is posited that consumers do respond to capacity
constraints outside their standard utility assessment and that this response can be easily
included in the economic model of choice for the consumer. Further, this chapter also
suggests that consumers are essentially able to manipulate, at a cost, their expected
availability of an alternative under some circumstances. Importantly, this chapter will
be set in a general sense. That is, the chapter will ground the theory with the intention
of wider applicability than just air-travel markets. Chapter 5 will employ this theory in
the air-travel market when it is used in the empirical analysis.

Importantly, the framework for considering the discrete choice of a consumer when
capacity constraints are present on the consumption possibilities forms a primary
component of the original contribution of this thesis.
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As a general outline for guidance through this chapter, the basic decision process of the
consumer that is proposed here is one where the consumer proceeds through the
following steps.

1.

The consumer is exogenously endowed with a certain level of information relating
the cost associated with securing availability to the probability of an alternative
being available.

2.

Based on the information that the consumer holds, the consumer plans on
spending a certain level of resources towards increasing the availability of the
alternatives. An increase in the consumer’s planned resource expenditure results
in an increase in their expected probability of availability.

3.

The consumer compares each of the alternatives in terms of utility and the
expected probability of availability and chooses the alternative which maximises
expected utility.

An elaboration and explication of these steps will be incorporated in the discussion that
follows. It will be seen that there are a number of complicating factors in each of these
steps. Importantly, the theory in this chapter is predominantly based on the expectations
of the consumer. That is, the consumer has a series of expectations about quality,
capacity and price that may or may not be the actual values of those attributes. The
level of information the consumer holds directly affects their expectations.

This chapter is comprised of a number of sections. Section 3.2 will examine the
inclusion of the capacity constraint in the utility framework and will outline the nature
of an availability cost that may give the consumer the ability to manipulate their
expected availability of a particular alternative. This section will also examine the case
where the choice, made by the consumer, fails. Section 3.3 will elaborate on some of
the comparative statics of interest in the analysis. Finally, Section 3.4 will summarise
the chapter and provide a lead-in to Chapter 4 where a series of econometric methods
will be outlined to estimate demand for the type of model under investigation.
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3.2 DEMAND AND CAPACITY CONSTRAINTS
The consumer’s response to capacity may be an integral component to predicting the
alternative they choose.

It is first useful, however, to describe what is meant by

capacity. Capacity refers to the actual number of discrete goods available in any
alternative of the choice set. For instance, in a store that sells washing machines, the
capacity would refer to the number of available washing machines of a particular type
stocked by the store. At a restaurant, the capacity would be the number of tables
available in that restaurant. Capacity also does not take into account the number of
consumers who are already consuming a particular good or service. For instance, in a
restaurant with 50 tables, 25 of which already had customers, the capacity would still be
50 tables.

When consumers are considering capacity, they are usually not privy to the actual
capacity. While actual capacity may be used as a proxy in empirical analysis, for
theoretical development it would be inappropriate. Returning to the restaurant example,
a consumer would rarely have full knowledge that there are precisely 50 tables in the
restaurant; however, the consumer will have an expected capacity for that restaurant.

What this section sets out to do is to investigate how a consumer responds to that
expected capacity level. This is achieved by looking at the consumer’s expectation of
availability for alternatives in their choice set.

3.2.1

Probability of availability

The consumer forms an expectation of the probability of availability of each of the
alternatives in their choice set, based on the capacity (and two other elements, the
expected demand and an availability cost, which will be developed later). Denoting π in
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as the expected probability of availability of alternative i for consumer n, the following
simple functional relationship can be presented:
π in = f (ζ in )

(3.1)

∂π in
>0
∂ζ in

(3.2)

ζ in is the expected capacity for alternative i for consumer n. Normally, it would be
expected that, as the expected capacity for a particular alternative increases, so too does
the expected probability of availability of that alternative. Another way of looking at
this would be to suggest that as the expected capacity of an alternative approaches ∞ ,
the expected probability of availability for that alternative would approach unity.

This also takes the example of the restaurant a step further. The consumer, by forming
an expectation of the capacity of the restaurant, is also able to form an expectation of
the probability of getting a table in that restaurant. This aside, neglecting the number of
other consumers already in that restaurant clearly has a detrimental implication for this
expected probability. Therefore, the inclusion of a second variable in the expected
probability function can account for this. In the following equation, qin is the expected
amount of capacity consumed by other consumers:
π in = f (ζ in , qin )

(3.3)

∂π in
<0
∂qin

(3.4)

Essentially, this is indicating that a consumer forms an expectation of the probability of
having their discrete demand fulfilled based on the expected available capacity in the
product that they are seeking to purchase and the level of demand they expect from the
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rest of the market. Again, this makes intuitive sense and while the theory remains based
on the expectations of the consumer, there is no requirement for complex interactions
with cost side functions. The introduction of the expected level of demand does,
however, raise some questions regarding competitive behaviour between consumers.3
These questions, however, are somewhat beyond the scope of this research which
primarily seeks to examine the effect of capacity in a discrete choice framework.

On its own, expected probability does not suggest any active involvement in the
decision process. To this point, the consumer only notes the expected probability but
still maximises their utility across the choices. By including the expected probability of
availability in the choice process a reflection of a deeper decision making process can
be created. Instead of simply maximising utility across a range of discrete goods, the
consumer will now maximise the product of the utility of a particular good and the
expected probability of having their demand for that good fulfilled or, more succinctly,
using the standard approach:

k

Max

d1 n ,...d kn

∑π
i

U (d1n ,...d kn , mn )

in

s.t. mn = mn − ∑ d in pi ,
i

π in = f (ζ in , qin ),

(3.5)

din = 0 or 1, ∀i,

∑d

in

=1

As can be seen here, the consumer’s choice is given by the outcome that maximises the
product of the expected probability of an alternative and the utility of that alternative.
This will be referred to as the expected utility of alternative i and derives from Von
Neumann and Morgenstern’s (1944) concept of expected utility.

3

A Nash equilibrium could be proposed to resolve this.
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The interaction with the expected probability of availability can also be demonstrated
using a simple specification of the random utility model:
P(i | Cn ) = Pr(π inU% in ≥ π jnU% jn )∀j ∈ Cn

(3.6)

where U% is defined in equation (2.11). This simple formulation allows the analyst to
observe an interaction between the capacity constraint and the probability of the
consumer choosing a particular alternative. It also has the potential to alter the outcome
of the modelled choice. Consider the situation when one option has a particularly high
utility compared with any other good. Under the standard utility maximising approach,
that good would be chosen regardless of the expected capacity or expected demand.
Should the expected capacity be quite low and the expected demand be quite high,
though, the expected probability of availability would be very low. Using the revised
approach given in the equations above, it becomes less likely that the option with the
highest utility is chosen by the consumer.

Returning to the example of the restaurant, it can clearly be seen how the utilities and
the expected probability of availability interact. If each of the alternative restaurants has
exactly the same utility but differing expected probabilities of availability, the consumer
will choose the restaurant with the highest probability of availability. This can be taken
one step further so that the elements of the expected probability of availability can also
be examined. In this case, if the utilities associated with each of the restaurants are
exactly the same and they each have the same expected capacity, then the decision will
be based on the expected demand for the restaurants. Alternatively, if they all have the
same expected demand rather than the same expected capacity, then the decision would
be based on the expected capacity.

Alternatively, consider the familiar red bus/blue bus case first used by Debreu (1960) to
demonstrate Luce’s axiom. While Luce’s axiom is certainly not undermined in any way
by the consideration of availability in this model, the introduction of a blue bus with the
same utility as the first red bus will, in this model, see an increased probability of
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choosing a bus service if the consumer has any expectation of capacity on the bus
service. That is, the consumer may be completely indifferent to bus colours, but the
introduction of a new bus service adds capacity, which increases the probability of
availability, which, in turn, increases the likelihood that the consumer will choose either
one of the buses. This reduces the probability of choosing to travel by car by the
complementary amount.

Finally, an extreme case might also help explain this further. Recently in Australia, a
new air carrier, Virgin Blue, offered a small number of very cheaply priced tickets ($1
or $5 tickets) between two major cities. Capacity was very limited with only around
1000 tickets available. Clearly, the low cost would make the utility very high for many
consumers (through the utility derived via higher money balances) – particularly the
leisure travellers who are traditionally price sensitive. But the expected probability of
acquiring one of those tickets would also be quite low. Consequently, consumers may
be observed to pursue a different ticket with a lower utility because they expect that the
high-utility ticket will be unavailable. Of course, the theory does not suggest that none
of these very cheap tickets would sell – indeed under the theory it could still be
expected that demand would be extremely high and would almost certainly exceed the
capacity. The theory does suggest, however, that the latent demand may be lower than
forecast using a traditional approach to choice that normally excludes availability
considerations.

Expected capacity and expected demand, then, can come together to create the expected
probability of availability constraint in the maximisation problem for a consumer.
While this section has introduced the concept of the expected probability of availability
and shown that it can interact with the utility function for a discrete choice alternative,
questions still remain. Is it possible for the consumer to manipulate their expected
probability of availability?

Is there any way that they can increase the expected

probability of fulfilling their demand without physically changing the expected capacity
or the expected demand? It is suggested that through the expenditure of resources that
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will be referred to as availability costs, such manipulations are possible. These costs are
reviewed in the next section.

3.2.2

The availability cost

One of the interesting outcomes of capacity constraints in a continuous model of
demand is a consumer’s ability to manipulate their rationed levels by sending higher
than desired demand signals to the market. Bénassy (1993) describes the ability of
consumers to manipulate a constrained market and the impact that this has on the
demand outcomes. While the model under analysis here has its basis in discrete choice
theory at the individual level, the same inherent interactions can still exist.

That is,

prior to deciding on an alternative, consumers can manipulate their own expectations of
the probability of receiving a particular alternative by planning the expenditure of
resources dedicated to availing themselves of the capacity. These resources will be
referred to as availability costs and can take a number of forms. The initial decision
process is a focussed component of that outlined in the introduction to this chapter. The
consumer undertakes the following steps in their decision process.

1. The consumer defines the anticipated direct utility from consuming the good,
expected capacity and the expected demand for each alternative.
2. Based on these expectations, the consumer plans an optimal availability cost for
each alternative.
3. An expected probability of availability is formed by the consumer for each
alternative based on the expected capacity, the expected demand, and the planned
availability cost.
4. The consumer compares the product of the expected probability of availability and
the anticipated direct utility from consuming the good (the expected utility) for each
alternative and chooses the alternative that provides the maximum expected utility.
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What this section sets out to show, then, is that an availability cost can, in effect,
increase the expected probability of availability for a particular alternative and that the
way in which this can occur depends on the type of availability cost.

The availability cost is similar to those strategies that are used to reduce uncertainty in
expected utility models. Pells (1987) reviewed the body of research that identified
strategies used by consumers to reduce the consequences of delays in their travel
decisions. He found that travellers scheduled in safety margins in their travel plans as a
means of reducing their uncertainty in the travel outcome. The availability cost captures
this response and others like it. The consumer may voluntarily factor in an expected
availability cost (for instance, a scheduled safety margin) or it may be imposed upon
them (for instance, a queue).

One example of an availability cost would be standing in a queue to wait for a particular
alternative. Here, a consumer spends a resource, time, and in doing so, is able to
manipulate the expected probability of availability of a particular alternative.

The

consumer’s expected probability is therefore also dependent upon the amount of
resources the consumer is willing to spend in maximising that probability.

The

expected probability equation can be rewritten with the new variable, τ in , representing
the availability cost for consumer n for alternative i:
π in = f (ζ in , qin ,τ in ) ∀i

(3.7)

∂π in
>0
∂τ in

(3.8)

In the case of a queue for an alternative, as the wait gets longer, the availability cost
must increase to maintain the same probability of availability for that alternative.
Planning to arrive in the queue early and stand in line for a period of time reflects the
endeavour of attempting to maximise the consumer’s expected probability of
availability through an availability cost.
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Some other types of availability costs are listed below.
•

Paying a surrogate to stand in the queue.

•

Booking and paying for an alternative well in advance of the use date. For
example, booking an airline ticket 21 days in advance would constitute an
availability cost where the cost would include the ability to use the money on
alternative investments in the meantime.

•

Purchasing the alternative second hand – for example, purchasing a stadium seat
or theatre ticket from a “scalper” would involve an availability cost. Here the
availability cost would be the price paid less the actual cost of the ticket less the
utility of flexibility gained by being able to purchase the ticket when desired.
Sometimes this will be less than or equal to zero (meaning that the consumer may
actually have gained utility from such a transaction) but, in the case where it
exceeds zero, the consumer has incurred an availability cost.

The effect of the availability cost is not limited to changing the expected probability of
availability for a particular alternative.

Any resource expenditure is normally

considered to have a negative impact on the utility of the good or service being
purchased and this is also the case with availability costs. That is, for any increase in
the availability cost, there will be a decrease in the utility of that particular alternative.
This can be specified by including it in the budget constraint component of the utility
function so that:
mn = mn − ∑ din pin − τ in

(3.9)

i

The entire choice problem can be redefined with the inclusion of the availability cost as
a second choice variable as follows:
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k

Max

d1 n ,...d kn
τ1 n ,...τ kn

∑π

U (d1n ,...d kn , mn )

in

i

s.t. mn = mn − ∑ d in pi − τ in
i

π in = f (ζ in , qin ,τ in )

(3.10)

din = 0 or 1, ∀i,

∑d

in

=1

Or, using the random utility approach in expanded form with xin and xjn representing
additional attributes of the alternative and characteristics of the consumer and of the
discrete good or service:
P (i | Cn ) = Pr π inU% ( xin , mn − pi − τ in , ε in ) = max π jnU% ( x jn , mn − p j − τ jn , ε jn )  ,
j =1...k



∀j ∈ Cn

(3.11)

The consumer will choose between the expected utility values for each of the
alternatives. This has consistency with the modification of behaviour noted in travel
behaviour research (see Bonsall 1997, 2001; Khattak, Koppelman and Schofer 1993).
Bonsall (2001) particularly notes that travellers might deliberately avoid modes, routes
or times which are known to be subject to disruption. In the case of equation (3.11), the
consumer may deliberately not choose the most attractive alternative on utility alone
because the probability of availability is quite low. Moreover, Bonsall (2001) suggests
that consumers might take sensible advance precautions to ensure that uncertainty is
minimised. This is also consistent with equation (3.11) - a consumer may spend (either
voluntarily or compulsorily) different types of resources to improve the probability that
an outcome will be available.

So far, this section has outlined how a consumer accounts for availability in the choice
between alternatives. However, it is not completely evident how the consumer plans or
knows the availability cost for each of the alternatives. The next section of this chapter
details the process that the consumer uses to define their expected availability cost.
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3.2.3

Planning the availability cost

The consumer forms an expectation of the availability cost and, using this, chooses the
option that maximises their expected utility in a modified framework. The way in
which the consumer plans their availability cost also needs to be explained. In this subsection, the availability cost is shown to be an optimal choice variable between the
expected probability of availability and the utility of the alternative.

3.2.3.1 The expected probability of availability when the availability cost is not
known

The case often exists where the consumer does not have full information on all of the
variables that might affect the availability cost for an alternative or alternatives in the
choice set.

In this case, the consumer will not know, for certain, that a planned

availability cost for an alternative will result in that alternative being available. There
will be risk in the choice or, in other words, the expected probability of availability for
that alternative will be less than one.

A consumer’s expected probability of availability for an alternative in their choice set
will, therefore, be changing in the availability cost for that alternative. The consumer
will “plan” availability cost expenditures for each alternative in the choice set and use
this planned availability cost in the direct utility function. The availability cost will
have a corresponding expected probability of availability (which will often be less than
one). This results in the consumer forming an expected utility for each alternative that
is a percentage of the direct utility depending on the risk the consumer foresees in
pursuing that alternative.

A simplified example might help to describe this case.

If a consumer has some

knowledge that a restaurant has limited capacity but high demand, then it is unlikely
that they will be able to get a table in that restaurant without a waiting time. At a
waiting time (availability cost) of zero minutes, the probability of availability for that
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restaurant for the consumer will be at or close to zero. However, as the consumer
counts on a greater and greater waiting time (ceteris paribus), the probability of
availability for that restaurant, in the mind of the consumer, will increase. This means
that the consumer’s expected probability of availability for the restaurant will map
positively to the availability cost for that restaurant.

As the level of information held by the consumer increases, the relationship between the
expected probability of availability and the availability cost tends towards a perfect
information outcome which is explored later in this section.

With poor levels of

information or little knowledge, the consumer might be considered to form a naïve
mapping of the relationship.

The first relationship, presented in Figure 3.1, is a simple linear response of the
expected probability of availability to the availability cost.

Figure 3.1
The expected probability of availability: Linear form

Expected Probability of
Availability

1

0
Availability Cost

Equation (3.12) presents the relationship with α , β and λ representing constant
parameters with αζ in − β qin being introduced in this equation as the intercept.

A

changing availability cost will have a marginal effect of λ on the expected probability
of availability between 0 and 1. Effectively, λ measures the responsiveness that the
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consumer expects from the expected probability of availability as a result of a change in
the availability cost for the alternative. Outside this range, it is constrained to either 0 or
1.
0

π in = αζ in − β qin + λτ in
1


if αζ in − β qin + λτ in ≤ 0
if 0 < αζ in − β qin + λτ in < 1

(3.12)

if αζ in − β qin + λτ in ≥ 1

This linear relationship suggests that the consumer expects that their probability of
availability will respond at the same rate for every additional unit of the availability cost
they use (at least until their expected probability of availability is equal to one). While
this might be representative of the way some consumers frame the problem, the two
relationships outlined next may be more characteristic of the process.

Figure 3.2
The expected probability of availability: Logarithmic form

Expected Probability of
Availability

1

0
Availability Cost

An alternative functional form of the expected probability of availability is presented in
Equation (3.13) and Figure 3.2. The relationship here is logarithmic – as the availability
cost increases, the expected probability of availability increases logarithmically. This is
because the consumer anticipates a reduction in the effectiveness of the availability cost
as the expected probability of availability increases. In other words, the consumer
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predicts diminishing returns to the probability of availability from increases in the
availability cost.
π in = αζ in − β qin + log ( λ −1τ in )

(3.13)

Again, in equation (3.13), λ reflects, to a certain extent, the responsiveness of the
probability of availability to the availability cost that the consumer predicts.

Figure 3.3 presents the final and, perhaps, most suitable form of the relationship
between the expected probability of availability and the availability cost.

This

functional form of the relationship is the most flexible of the three imperfect
information curves drawn in this section. The expected probability of availability now
responds in a way that suggests the consumer has some information on what availability
cost to expect for the alternative, but remains uncertain about the precision of this
relationship.

Figure 3.3
The expected probability of availability: Hyperbolic tan form

Expected Probability of
Availability

1

0
Availability Cost

There is a range of other functional specifications of the relationship between the
expected probability of availability and the availability cost. The forms discussed in
this section serve only to demonstrate that such a range exists. In fact, it is the range of
functional forms that might be considered to be one of the key strengths of the model
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presented in this chapter. The way the consumer considers the effect of the availability
cost on their expected probability of availability is dealt with in the optimisation that is
discussed in the following section.

3.2.3.2 The expected probability of availability when the availability cost is
known

Assuming that the availability cost is known implies that the consumer has complete
knowledge of every variable that might affect the availability cost. It also implies that
the consumer will know that their probability of availability will be either zero (when
the availability cost is not met) or one (when the availability cost is met).

In graphical form, the consumer’s expected probability of availability is binary around
the known availability cost. Figure 3.4 below demonstrates this.

Expected Probability of Availability

Figure 3.4
The expected probability of availability when the availability cost is known

1

0

τ^

Availability Cost

In the case presented in Figure 3.4, perfect knowledge of all of the variables that affect
the availability cost also means that there is absolutely no risk associated with the
choice of the alternative. The consumer knows that they will acquire that alternative if
they spend resources equivalent to a certain availability cost.

The relationship in

Figure 3.4 is summarised in Equation (3.14).
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1 if τ in ≥ τˆin
π in = 
0 if τ in ≤ τˆin

(3.14)

In equation (3.14), τˆin is the threshold availability cost for consumer n’s consideration
of alternative i.

Consumer n has full knowledge of all variables that affect the

availability cost and, as a consequence, knows precisely what availability cost is
required to acquire that alternative.

This perfect information relationship may be considered unrealistic for almost all
settings given the absolute perfection and range of information that is required. As
such, the previous section, which examines the case where the consumer is not perfectly
aware of the availability cost, probably presents a more realistic representation of this
component of the choice process.

3.2.3.3 An optimal availability cost for each alternative

Equation (3.9) indicates that the consumer experiences disutility from the expenditure of
resources on availability.

This suggests that the availability cost for which the

consumer has planned depends both on their willingness to spend resources (or the
responsiveness of their utility function to the availability cost) and their expectations on
the effect of the availability cost on the expected probability of availability (or the shape
of the curves outlined in the previous section).

The willingness to spend resources on securing availability is fundamentally the same as
the taste for certainty. Different types of consumers have different tastes for availability
or certainty in their decision and are, therefore, more or less willing to spend resources
to acquire that availability. Delvert and Petiot (1998) found that some urban travellers
would accept a decreased level of certainty rather than pay a toll. Bonsall (2001, p.552)
also points out that “it appears that some people will deliberately choose the option
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which offers the greatest potential gain, even though it brings the risk of a probable
loss”.

This has a parallel in the literature (see, for example, Kahneman and Tversky 1979,
1982) which examines the behaviour of decision makers when uncertainty is present.
The willingness to incur availability costs in this model can be compared, to some
extent, to how risk averse the consumer is.

The willingness to spend additional

resources on securing capacity depends principally on the effect of the availability cost
expenditure on the utility function of the alternative.

The planned availability cost will have an effect on both the utility and on the expected
probability of availability that enter the decision process for the consumer. An optimal
solution exists for the consumer based on equilibrium between the expected probability
of availability and the utility for an alternative. If the choice problem is expressed only
in terms of the availability cost, the problem becomes:
max π in (τ in ) × U in (τ in ), ∀i

(3.15)

The first order condition of this is:

π in (τ in ) ×

∂U in (τ in ) ∂π in (τ in )
+
× U in (τ in ) = 0
∂τ in
∂τ in

(3.16)

Stated more succinctly, the equilibrium expected availability cost will occur when:
∂π in
∂U in
∂τ in
∂τ
= − in
π in
U in

(3.17)
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Equation (3.17) suggests that the consumer will plan an availability cost that reflects an
optimisation of the functions of the expected probability of availability and the utility
they perceive for the alternative.

Using a linear utility function for money endowment, availability cost and price and the
specifications in equations (3.12) and (3.13), an optimal availability cost can be found
by setting the derivative of the expected utility with respect to the availability cost to
zero.

Equation (3.18) specifies the utility function where a, b, and c represent

parameters that are greater than zero and x is a constant representing the direct utility
from alternative i for consumer n.
U in = amn − bpi − cτ in + xin

(3.18)

π inU in = ( amn − bpi − cτ in + xin ) × (αζ in − β qin + λτ in )

(3.19)

∂π inU in
= amn λ − bpi λ − cαζ in + cβ qin + xin λ − 2cλτ in = 0
∂τ in

(3.20)

Restricting equation (3.20) to the case where the expected probability of availability is
between 0 and 1, equation (3.21) provides the condition for the optimal availability
cost, τ in* :

τ in* =

amλ − bpi λ − cαζ in + cβ qin + xin λ
2cλ

(3.21)
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τ in* is then included in equation (3.19) as the availability cost that is considered for that
alternative.4

As a further example, given the logarithmic form of the relationship between the
expected probability of availability and the availability cost presented in equation (3.18)
the consumer will consider alternative i at the maximum point of equation (3.22).

(

π inU in = ( amn − bpin − cτ in + xin ) αζ in − β qin + log ( λ −1τ in )

)

(3.22)

Using equation (3.21), the optimal availability cost is:

τ in* =

amn − bpin + xin
c ( β qin − αζ in − 1)

(3.23)

Substituting equation (3.21) or (3.23) into the relevant expected utility equation (3.19)
or (3.22), will produce the optimal expected utility for alternative i given the
relationship between the expected probability of availability and the availability cost.
This expected utility would then be compared with the expected utilities of the other
alternatives in the choice set. The alternative with the highest expected utility would be
chosen.

If the consumer has perfect information on the availability cost, as described in 3.2.3.1,
then the optimisation will revolve around the threshold availability cost, τˆin .

In the

consideration of their choice set, then, consumer n will include τˆin in the utility function
of alternative i.

4

The nonlinearity of the expected utility function adds complexity to this problem. The expected
probability of availability needs to be constrained subject to 0 ≤ π ≤ 1 . This implies a nonlinear
programming problem. The exploration in the text, here, however, is sufficient to characterise the process
that is assumed to be undertaken by the consumer.
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If the threshold availability cost is known for all of the alternatives, there is no risk
associated with the purchase of any of the alternatives and each alternative is simply
considered with the known availability cost. Equations (3.10) and (3.11) simply collapse
to their standard forms including the threshold availability cost τˆin , or (in the case of the
random utility model):
P (i | Cn ) = Pr π inU% ( xin , mn − pi − τˆin , ε in ) = max π jnU% ( x jn , mn − p j − τˆ jn , ε jn )  , ∀j ∈ Cn


j =1...k
(3.24)


%
%
= Pr U ( xin , mn − pi − τˆin , ε in ) = max U ( x jn , mn − p j − τˆ jn , ε jn ) , ∀j ∈ Cn
j =1...k



In a general example, consider the case where a consumer is perfectly aware of all
variables that might affect the waiting time (availability cost) for a restaurant table.
These variables probably include the capacity of the restaurant, the demand for the
restaurant, the time taken to eat at the restaurant and so on.5

If the consumer knows

that the waiting time is precisely three hours for a table, based on the complete
information set that they hold, then this waiting time of three hours will negatively enter
the direct utility function for that alternative. The probability of availability for that
alternative will be one.

The process outlined in this section is relatively straightforward. The consumer is
simply trying to assess the availability cost on which they should base their decision. If
the consumer has perfect information, then the process is simple: the actual availability
cost enters their direct utility function.

If the consumer does not have perfect

information, then, for each alternative, the consumer’s expected probability of
availability will respond to a change in the availability cost. In this case, the model here
implies that the consumer chooses a specific availability cost for the alternative.

The analysis is not restricted to the functional forms of the expected probability of
availability that are presented in this section. Indeed, other functional forms, such as a
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hyperbolic form, might better reflect the expected relationship of the availability cost
with the expected probability of availability. These functional forms will depend on the
information that the consumer holds and their consequent general expectations of the
relationship.

3.2.3.4 Acquiring information on the availability cost

While it is not directly considered in this model, consumers may undertake certain
actions to improve the information that they have available to them on the availability
costs. A changing knowledge of the availability cost will affect the way the expected
probability of availability maps to the availability cost.

As the level information

becomes perfect, the mapping resembles that previously illustrated in Figure 3.4.

A common method for acquiring further information on alternatives is through a search.
This has a parallel in the search for additional information to reduce uncertainty.
Increasing the level of information decreases the level of uncertainty about availability
and increases the level of certainty towards the actual availability cost. But increasing
the level of information also requires a search for further information and this, as
Bonsall (2001, p.553) points out, “might require an investment of time and, sometimes,
money.”

This search, however, is different to the search for new alternatives. Searches are not an
uncommon concept in general economic literature. Search models are used frequently
in labour markets (see, for example, Flinn and Heckman 1982; van den Berg and Ridder
1998) as well as with consumer level product choice data (as in Sorenson 2000). But
these search models tend to focus on optimising information on the set of alternatives or
on the attributes of those alternatives (for instance, price). The searches explored here,
however, are those used to provide the consumer with further information on the cost of
availability for the alternative.
5

Clearly, perfect information is highly unrealistic. The benefit of the analysis is in the understanding of
the questionable assumptions that underpin the simplicity of the resultant paradigm.
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A search could take a variety of forms. In the case of choosing a restaurant, a consumer
might simply call a restaurant to establish an expected waiting time for a table.6 The
consumer might also physically examine each of the restaurants to identify the
availability cost. Searching is unique because it is a resource expenditure that takes
place in the decision process itself. The process of searching and acquiring further
information on the relationship between the expected probability of availability and the
availability cost will alter the optimal availability cost. It is likely that the curve of this
relationship would become more like a sigmoid around the actual availability cost and
then, finally, binary around this point.7

3.2.3.5 The failed choice

A failed choice is a choice that is made but not fulfilled. The choice may fail for many
different and exogenous reasons, which are not addressed here except in passing. The
one case that is of interest is that where the choice fails because the availability cost that
the consumer plans is much less than that which actually applies. This only applies
where the consumer does not observe the actual availability cost when making their
choice. That is, if the availability cost is not known and the consumer forms an
expectation about that availability, then it is possible that this expectation will be
inaccurate.

The re-evaluation will also include the foregone resources on the previously tried
alternative and will allow the consumer to continue with their current choice should that
continue to have the highest expected utility.

6

The possibility of misinformation is not included here, but it is noted that it might be conceivable that a
consumer may be provided with misinformation on availability to enhance the probability that their
supply is met by demand.
7
It is also possible that, in searching for information on the availability cost, the consumer is provided
further information on the other attributes of the alternative. In this case, there will be a broader shift in
the utility function. For simplicity, this is only noted in passing.
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The choice can be considered to have failed if the consumer chooses an option which
has an availability cost in excess of what was expected. In the event that the choice
fails, the consumer modelled in this chapter is assumed to reassess their choice set.8

Equation (3.25) presents the random utility maximisation model when the consumer has
chosen a failed alternative, z:

π inU% ( xin , mn − pi − τ in − τ zn , ε in )

 , ∀j ∈ Cn , j ≠ z
P ( i | Cn ) = Pr 
π jnU% ( x jn , mn − p j − τ jn − τ zn , ε jn ) 
 = max
 j =1...k


(3.25)

The probabilities associated with each of the alternatives will adjust depending on the
tastes of the individual consumer. Because this essentially represents a fall in the
balances held by the consumer, the effect may be expected to be similar to that which
would occur if income fell. In other words, the income elasticity may give some
guidance as to which alternatives will be more preferred when the consumer fails in
their choice of an initial alternative.

Assuming that one of the choices in the choice set is the zero purchase option, the
consumer will necessarily choose from one of the remaining alternatives. Sethi and
Koppelman (2001, p.386) noted that travellers were more likely to forgo rail travel if a
currently chosen alternative became unavailable in an empirical multinomial logit
analysis of long-distance rail travel choices:

“The positive sign on these [no travel] variables implies a greater
increase in the probability of the Not Travel alternative (relative to
other alternatives) if the currently chosen alternative is unavailable.

8

The consumer might also be considered to re-evaluate their choice set constantly through time. As
information is exogenously made available to them, their expected probability of availability function will
change with respect to their expected availability cost and the choice probabilities will adjust accordingly.
This intertemporal dynamic, while potentially interesting, is not considered in detail here except in the
simple case where the consumer is assumed to have made a choice and discovered that the availability
cost was in excess of what they had expected.
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Further, the larger magnitude for the non-rail specific variable
suggests that automobile and air-travellers are more likely than rail
users to forgo travel if their current mode of travel is unavailable.”

Under the standard assumption that resource expenditure by the consumer is bound by
the budget constraint m , the following limiting constraint can be imposed on the utility
function:
U% in (⋅) → −∞
(3.26)

if

(m

n

)

− pi − ∑ z τ zn − τ in ≤ 0

In the event that this occurs, the probability of choosing any alternative that has a
positive price or positive availability cost will be zero. Normally, this would represent
all choices except the no-purchase choice and would lead to an exit from the market by
the consumer.

3.2.4

Observing demand when capacity is constrained

From an observational standpoint, the potential for the consumer to choose another
alternative presents an important implication. The observed demand for an alternative
may be lower than actual demand when one or more other alternatives are at capacity.
This is because those consumers who have a failed choice will spill over into the other
choices that remain in the choice set. If the no-purchase option is considered to be in
the choice set, then the spillovers can be considered to occur in a closed system. This
means that, while the total number of choices made by the sample will remain constant,
if one of the alternatives is at capacity, then at least one of the other alternatives will
have an observed demand greater than latent demand.

Furthermore, because a failed choice includes resource expenditure, the sensitivity of
the consumer to the associated costs of the other alternatives may be expected to
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increase.

This suggests a hypothesis that when the capacities of one or more

alternatives are met, consumers will be observed to choose less expensive or more
certain alternatives than they otherwise may have.

3.3 COMPARATIVE STATICS
The comparative statics of a number of the variables of interest in this research will be
explored in this section of the chapter. The comparative static analysis is undertaken
with respect to the expected utility of an alternative. The implications of a change in the
expected utility of an alternative are considered from the perspective of the random
utility framework. That is, the effect on the probability of an alternative being chosen
as a result of a change in the expected utility will also be addressed.

The comparative static analysis in this section will include an examination of:

•

own and cross price effects;

•

the income effect;

•

own and cross availability cost effects; and

•

own and cross expected capacity and expected demand effects.

Reference to the optimal availability cost equations and expected utility equations in
section 3.2.3.3 is useful throughout this section. In particular, the linear utility function
in equation (3.18), the linear expected probability of availability in equation (3.12) and
the associated optimal availability cost in equation (3.21) are used as the basis for a
demonstration of the comparative statics in this section9. Equation (3.27) presents the
relationship that identifies the comparative static outcome for an exogenous variable, z.

9

For simplicity, the linear probability of availability is only considered between the values of zero and
one. This removes the unnecessary complexity associated with a nonlinear programming solution.
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∂ (π inU in ) ∂π in
∂U in
=
× U in +
× π in
∂z
∂z
∂z

(3.27)

For the purposes of the current exercise, utility and the expected probability of
availability are assumed to be non-negative. This ensures that the comparative statics
outcome depends on the partial derivatives of the components of the expected utility
function with respect to the exogenous variable. All of the parameters in equations
(3.12) and (3.18) are also assumed to be greater than zero.

3.3.1

Price

Using equation (3.21), equation (3.28) demonstrates the effect of a price change on the
availability cost.
∂τ in
b
=−
∂pin
2c

(3.28)

This change in the availability cost necessarily flows into the utility function, as
equation (3.29) demonstrates.
∂U in
∂τ
b
 −b 
= −b − c in = −b − c   = − < 0
∂pin
∂pin
2
 2c 

(3.29)

Equation (3.29) indicates that, when a linear probability of availability and a linear
utility function are used, the magnitude of the effect of a price change on the utility of
an alternative depends solely on the parameter on price.

Equation (3.30) identifies the effect of a price change on the expected probability of
availability. The expected probability is only affected by a change in the availability
cost of the alternative.
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 ∂τ 
∂π in
λb
 b 
= λ  in  = λ  −  = −
<0
∂pin
2c
 2c 
 ∂pin 

(3.30)

In equation (3.30), the effect of a price increase depends on the parameters on the
availability cost in both the expected probability of availability and utility equation and
the parameter on price in the utility equation.

In both equation (3.29) and equation (3.30), the signs of the partial derivatives are
negative. With reference to equation (3.27) and recalling the assumption that both
utility and the expected probability of availability are non-negative, the comparative
static prediction for price is negative.
∂ (π inU in )
<0
∂pin

(3.31)

The expected utility and the probability of choosing the alternative are, therefore,
decreasing in price. This relationship is consistent with the standard effect of a price
change on a normal good.

Because the conventional analysis results in a corner solution in the discrete choice of
the consumer, Slutsky decomposition has no meaning. But the standard findings of a
negative relationship between price and quantity carry over to the random utility
maximisation model. In the random utility maximisation model, given the conditions of
the outcome presented in equation (3.31), as price increases for an alternative, the utility
of that alternative will fall with respect to the other alternatives and decrease the
probability that the consumer chooses that particular alternative.
∂Pn (i )
<0
∂pin

(3.32)
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Cross price elasticities tend to be more complicated. Logit estimation and Luce’s
(1959) axiom imposes uniform cross price elasticities (see Ben-Akvia and Lerman;
1985 and Maddala, 1983). This, however, is a constraint imposed by the estimation
method, not by the consumer. The cross-elasticity constraint of the logit estimation is
briefly examined in the next chapter. It is quite acceptable, in the abstract model
presented here, for a change in the price of an alternative to have varying effects across
the remaining alternatives in the choice set, so long as the probabilities for each of the
alternatives continue to sum to one. But, if the alternatives in the choice set are normal
goods, the cross price partial derivatives will all be non-negative (albeit at potentially
different magnitudes). The cross price partial derivative would, therefore, be:
∂Pn ( i )
>0
∂p jn

3.3.2

(3.33)

Income

The expected utilities of all of the alternatives will change with a change in income.
Again, using the linear equations, the following solutions apply to a change in income.
∂τ in a
=
∂m 2c

(3.34)

∂U in a
= >0
∂mn 2

(3.35)

∂π in λ a
=
>0
∂mn 2c

(3.36)

An increase in income will therefore increase the expected utility of alternative i.
Equation (3.37) provides the comparative statics solution for a change in income.
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∂ (π inU in )
>0
∂mn

(3.37)

In the random utility model, the income effect is a more elusive concept. This is
because an increase in income will have different effects across each of the alternatives.
Ben-Akiva and Lerman (1985, p.112) point out that:

“A more complicated case occurs when one of the attributes in the
model is an alternative-specific socioeconomic variable that enters
into more than one utility function. In this case the effect of an
incremental change in the socioeconomic variable will not only
shift one utility, it will shift all of the utilities in which that variable
appears.”

Equation (3.34) indicates that the expected utility for each of the alternatives is
increasing in the income of the consumer if the partial derivative of utility with respect
to income is greater than the partial derivative of utility with respect to the changed
availability cost.

Ben-Akiva and Lerman (1985, p.112) go on to suggest that “One must be extremely
careful when applying elasticity formulas to account fully for such complications.” The
simple example of the restaurant serves to highlight the problem quite well. If each of
the restaurants has different prices and qualities, then, under a certain income, the
consumer will form utility expectations about those restaurants resulting in choice
probabilities for each of those alternatives.

If, however, the consumer’s income

increases, each of the choice probabilities cannot increase. Rather, the consumer’s
probability of choice for each of the alternatives will change based on the consumer’s
tastes such that the total probability continues to equal one.

It could, however, be suggested that an increase in income has the secondary effect of
increasing the affordability of an option. That is, the income divided by the price of the
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alternative will change as income increases and that the percentage increase in
affordability may reflect itself predictably in the choice probabilities.

This would

manifest itself through an increase in the likelihood of choosing alternatives with higher
prices as incomes increase because the increase in perceived affordability will increase
at a higher rate. If the consumer’s income increases, then that makes the price divided
by the income lower for all of the alternatives and this change occurs at a higher rate for
those alternatives that are more highly priced.

For example, if the price of two restaurant meals, i and j were $20 and $80 respectively
and the consumer’s income increased from $100 to $200, the perceived change in
affordability would be higher for restaurant meal j than for restaurant meal i. While
meal i had already been perceived to be quite affordable, meal j was quite expensive and
close to the budget constraint. The change in the budget increased the affordability of
both of the meals but would have done so more noticeably for restaurant meal j. As a
consequence of this, all other things being held constant and ignoring the effect of
tastes, it should be expected that the probability of choosing restaurant meal j would
increase. Indeed, in the case of a rail-travel market, Sethi and Koppelman (2001) found
that, across rail sleeper cabins, automobiles, and air-travel, consumers with higher
incomes favoured the most expensive air-travel ticket most, followed by the sleeper
cabin and then the automobile. Hensher (1998) also found that an increase in one type
of income increased the probability of the consumer to choose to travel by luxury
private cabin on a 12 to 14 hour rail trip between Sydney and Brisbane. Each of these
results is representative of both the affordability effect and the preference effect
discussed above.

The income effect, then, can be considered to be generally predictable. An increase in
income will make more expensive alternatives increase in affordability relatively more
than less expensive alternatives. An income partial derivative for more expensive
alternatives, then, would be greater than zero while, for less expensive alternatives, it
would be less than zero. This is closely related to the concept of normal and inferior
goods (see, for example Varian, 1992). In the case of the discrete choice, a normal good
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would be one where an increase in income leads to an increase in the probability of the
consumer choosing that particular alternative. An inferior good would be one where an
increase in income leads to a decrease in the probability of the consumer choosing that
particular alternative. This must occur within the constraint that each of the choice
probabilities sums to one.

3.3.3

Expected capacity and expected demand

A change in the expected capacity or the expected demand for an alternative will affect
the expected probability of availability function directly and indirectly through a new
availability cost. Moreover, the utility for the alternative will change as the availability
cost adjusts to a new optimal.

Equations (3.38) through (3.40) specify the comparative statics of a change in the
expected capacity of an alternative.
∂τ in
α
=−
2λ
∂ζ in

(3.38)

∂U in cα
=
>0
∂ζ in 2λ

(3.39)

∂π in α
= >0
∂ζ in 2

(3.40)

Expected capacity has a positive impact on both the expected probability of availability
and the utility of an alternative. Equation (3.41) indicates that an increase in expected
capacity will increase the expected utility of the alternative. Equation (3.42) further
defines the effect that this will have on the probability of the consumer being observed
to choose this alternative in the random utility model.
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∂π inU in
>0
∂ζ in

(3.41)

∂Pn (i )
>0
∂ζ in

(3.42)

Equations (3.41) and (3.42) reflect the relationship between the expected utility (and
probability of choosing alternative i) and the expected capacity for that alternative. An
increase in expected capacity is suggested to have the effect of increasing the likelihood
that the consumer chooses that alternative. This is a central and important outcome of
the model presented in this chapter.

Equation (3.39) indicates that the sensitivity of the utility function for alternative i will
depend on the parameter on both the availability cost in the utility function and the
expected probability of availability function as well as the parameter on expected
capacity in the expected probability of availability function. If the parameter on the
availability cost in the expected probability function is relatively small, then the effect
of a capacity change on the utility function may be significant. Moreover, if the utility
function is particularly sensitive to the availability cost, the change in utility may also
be great. Perhaps the most interesting implication of this equation is that the utility
function is sensitive to the parameter on the expected capacity in the expected
probability function. If the expected probability of availability function is particularly
sensitive to expected capacity, then the change in the utility of that outcome (as a result
of redefined optimal availability cost) may also be significant.

Equation (3.40) indicates that the expected probability of availability function is only
responsive to the extent of the magnitude of the parameter on the expected capacity in
that function.

Of course, some of this responsiveness arrives through the availability

cost and, under a different functional form, this may be more explicit. Using the linear
equations, a large parameter on the expected capacity in the expected probability of
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availability equation will result in a high degree of sensitivity.

Furthermore, this

sensitivity will also appear in the utility function.

This last observation highlights the overall effect of an expected capacity change. If the
parameter is relatively large on the expected capacity in the function of the expected
probability of availability, both the utility and the expected probability of availability
will respond in a significant way. As a consequence of an increase in the expected
capacity, then, the expected utility for alternative i may increase dramatically.

Overall, this outcome suggests that if a consumer is made aware of extensive capacity
for an alternative, all other things held constant, the likelihood of them choosing that
alternative will increase. This change in the likelihood will depend on:

•

The extent to which the consumer values the availability cost (c);

•

the effect the consumer perceives the availability cost has on the probability of
availability ( λ ); and

•

the extent to which the consumer thinks their probability of acquiring the
alternative changes with a change in the capacity (α ).

Moreover, a change in the expected demand will also affect the likelihood that the
consumer will choose the particular alternative. Equations (3.44) and (3.45) indicate
that as the expectation of demand for alternative i increases, the likelihood of the
consumer choosing that alternative, all things held constant, decreases.

∂τ in β
=
∂qin 2λ

(3.43)

∂U in
cβ
=−
<0
∂qin
2λ

(3.44)

73

∂π in
β
=− <0
∂qin
2

(3.45)

As equations (3.44) and (3.45) are less than zero, any positive change in the expected
demand for an alternative will decrease the expected utility of that alternative. The
equations below formalise the comparative statics outcome for expected demand.
∂π inU in
<0
∂qin

(3.46)

∂Pn ( i )
<0
∂qin

(3.47)

An additional consideration is that both capacity and demand might be included in the
utility function for an alternative. That is, a change in capacity or demand might
suggest a change in the value of that alternative. For instance, entertainment venues
might be less desirable if audiences are expected to be small. Other quality attributes
might also indirectly lead to capacity or demand outcomes. A change in the leg-room
on an aircraft will affect utility, but the consumer may also take this as an indication of a
change in the capacity of the aircraft.

This distracts from the central mechanism of the

model presented in this chapter, but may require consideration in the proposition of the
coefficients on capacity or demand variables in an empirical analysis.

The cross capacity and cross demand partial derivatives, like the cross price and cross
availability cost derivatives, are constrained by a uniformity assumption. The relative
probabilities for each of the alternatives can either change in magnitudes or be bound by
Luce’s axiom. The general result of this is cross capacity and cross demand partial
derivatives as follows:
∂Pn ( i )
<0
∂ζ jn

(3.48)
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∂Pn ( i )
>0
∂q jn

(3.49)

There is, however, an additional, complicating problem associated with these cross
derivatives. If the demands or capacities sum to an unchanging amount, then a change
in capacity or demand in one alternative will be offset by an opposing change in one or
more other capacities or demands in the other alternatives. If the consumer is aware of
this, then this will also be factored into the decision process. This type of problem is
common, for instance, where the capacities in each ticket class on an aircraft sum to an
overall aircraft capacity or in a stadium where the number of seats is a constant but the
number of tickets of each type might vary.

In the event that this type of system occurs, the partial derivative effect of one change
will be reinforced by the secondary change. For instance, if capacity increased in one
ticket class, this would increase the probability of choosing a ticket in that class and
decrease the probability of choosing a ticket in an alternate ticket class. The fact that
the ticket class capacities are linked would further mean that the average capacity in
other classes had fallen and that, as a consequence, the initial alternative would become
even more attractive. The presence of this system and the awareness of the consumer of
this type of relationship, then, should result in a greater elasticity of expected capacity.
Expected demand would present a similar (though reversed) situation if the consumer
expected there to be a constant number of other consumers vying for the alternatives.

To summarise this sub-section, the following points are noted:

•

An increase (decrease) in expected capacity will increase (decrease) the
probability of the consumer choosing that alternative.

•

An increase (decrease) in expected demand will decrease (increase) the
probability of the consumer choosing that alternative.
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•

An increase (decrease) in a cross expected capacity will decrease (increase) the
probability of the consumer choosing the initial alternative.

•

An increase (decrease) in a cross expected demand will increase (decrease) the
probability of the consumer choosing the initial alternative.

•

If the capacities or demands are considered, by the consumer, to be linked by a
constant summation across the alternatives, then the cross derivatives will be
larger.

3.3.4

Summary note

Each of the comparative statics outcomes identified in this section has been examined
using the linear forms of the expected probability of availability and the utility
functions. This linearity allowed a particularly simple exposition of the comparative
statics outcomes. Modifying the functional forms and the parameters used in this
section will modify the magnitudes of the effect on each of the comparative statics
outcomes. It would, however, require a particularly unusual change in the form of
either equation for the signs of the comparative statics results to change.

3.4 KEY CONCLUSIONS
This chapter has used an expected utility framework in a random utility maximisation
model to provide an explanation of consumer behaviour when capacity constraints exist.
The decision process presented here suggests that consumers consider, to an extent, the
implications of capacity and demand for each alternative in their choice set prior to
choosing an alternative.

The appraisal of the expected utilities for each of the

alternatives occurs in a systematic way that flexibly allows the consumer to devote
resources to securing availability.

The decision process developed in this chapter can be summarised thus:
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1. Information allows the consumer to map their expected probability of availability to
an availability cost for each alternative and to define the expected utility and expected
capacity for the alternatives.
2. The consumer derives an optimal planned availability cost for each alternative which
occurs at the maximum point of the expected utility function with respect to the
availability cost.
3. The consumer compares the expected utility of each alternative and chooses the
alternative that provides the maximum expected utility. They are observed to do this
probabilistically.

At an aggregate level and from the perspective of a firm selling a constrained product, if
the decision process in this chapter is accepted, the latent demand for that product
would be lower than a standard model would predict.

If the product has close

substitutes which are not capacity constrained, the model suggests that their latent
demand will be higher than predicted. Because expected capacity and expected demand
form the basis of the decision process, the provision of information on either of these
variables may alter latent demand for the product.

If it is accepted that the consumer considers the expected capacity for each of the
alternatives, then this provides motivation for the inclusion of capacity type variables on
the right hand side of a regression analysis. Chapter 4 details estimation methods that
might be used when a consumer is aware of a capacity constraint and when this capacity
constraint impacts on the observations in the dataset. Accepting that the capacity
constraint is considered in the way that the model is presented in this chapter suggests
that some measure of capacity will have a positive effect on demand when all things are
held constant. Chapter 5 will test this proposition using the methods described in the
next chapter.
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CHAPTER 4
DEMAND ESTIMATION WITH CAPACITY CONSTRAINED
DISCRETE CHOICES AND AGGREGATED EXPLANATORY
VARIABLES
4.1 INTRODUCTION
The analysis of any market demand that is capacity constrained is complicated by the
way that constraint interacts with the observations on demand. In the discrete choice
case, this analysis is helped by the suggested paradigms in Chapter 3, but these
paradigms do not, in and of themselves, present an empirical methodology for
estimation. This chapter seeks to explore a number of methodologies for estimating
demand in the case where a choice is made from a choice set that contains capacityconstrained alternatives. Moreover, the framework that is developed in this chapter is
developed for the case where the data are not available on the individual consumers and
where the dependent variable is composed of total sales for each alternative.

The multinomial logit is regularly cited for its usefulness in estimating models of
demand in the discrete choice case. While the multinomial logit is most useful when it
is applied to disaggregate data, the next section (4.2) of this chapter will review the
multinomial logit approach when applied to aggregate data. This approach is intended
only to complement the linear demand equation approaches suggested in the following
sections of the chapter because the multinomial logit approach does not account for any
bias that might arise from the capacity constraint interacting with the dependent
variable. While the linear demand equation approaches contain their own particular
caveats, their simplicity in the application of the more complex estimation methods
associated with capacity constraints is recognised as their primary benefit.

The chapter will start by providing an overview of an aggregate multinomial logit
approach. This approach uses market shares for each of the alternatives and is broadly

78

based on the work of McFadden (1981). While this approach is the most consistent
with the underlying random utility maximisation hypothesis, the estimates do not
correct for the bias that the capacity constraints create on the observations of the
dependent variable and, because of an assumed homogeneity of the population, suffer
from the independence of irrelevant alternatives (IIA) property.

Section 4.3 reviews two standard linear models and some of the potential issues
associated with them.

The chapter will then move on to examine the standard

approaches that are available in estimating models of demand in the case where there is
a choice set with one or more alternatives constrained by capacity.

The Tobit

methodology will be examined in Section 0 as the prime methodology for dealing with
censored regressions. Both a pooled data approach and an individual alternative
approach will be evaluated as candidates for this Tobit application.

Complicating the individual alternative regression estimations is that each of the
alternative demands (the total number of consumers choosing an alternative) for the
alternatives will quite often be inherently linked through the error term to the aggregate
demands for the other alternatives in the choice set. For example, in the case of airtravel where there are several classes of travel, a significant likelihood of a correlation
would be expected between the errors in the demand equations for each of the classes.
The provision of an estimation methodology that accounts for correlated errors would
then prove useful in improving the efficiency of the model’s estimates, and one such
model is outlined in Section 4.4.3.

The data set that is used in the empirical analysis in the next chapter contains the
number of seats sold in each ticket class of each flight over a financial year. As well, a
capacity constraint for each of these observations is also calculated. However, the data
on the consumer base is generally poor. For instance, only aggregated income data is
available and there is no recorded heterogeneity across the consumer base. It is with
this in mind that the following set of econometric approaches is discussed.
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In summary, this chapter is in five sections.

Section 4.2 reviews the aggregate

multinomial logit model. Section 4.3 briefly reviews the linear and linear-logit models
that will for the basis of the Tobit censored regression methods outlined in Section 0.
Section 0 then proposes a number of different models for estimation including a system
of equations correlated through their error term. The quasi-maximum likelihood method
is reviewed as a basis for estimating this system of censored regressions with correlated
error terms.

Section 4.5 establishes the basis for calculating elasticities from the

estimates of these models and defines the diagnostic tests that are used to verify the
robustness of the models. The chapter concludes with section 4.6 which highlights the
use of each of the methods in Chapter 5.

4.2 THE AGGREGATE MULTINOMIAL LOGIT MODEL
Throughout this chapter, reference will be made to the consumer choice framework
introduced in Chapter 3. In that chapter, it was posited that the consumer makes a
choice from a choice set comprised of a number of alternatives. The paradigm allowed
for a consumer response to a capacity constraint on each of those alternatives. This
chapter surveys a number of methodologies for estimating models when the
observations on the consumer behaviour are also constrained by those capacity
constraints. Effectively, this chapter moves on from the understanding of consumer
behaviour to the observation of that behaviour and seeks to account for the modelling
anomalies associated with capacity constraints.

As was mentioned at the outset of this chapter, the models defined in this chapter are
selected for their ability to handle aggregate sales data where there is no individual
consumer characteristic data. This underlies the key set of problems that are faced
when examining the multinomial logit model. That is, the multinomial logit is best
applied when there is data on each individual consumer and the choices that they make.
The lack of this type of disaggregate data does not disallow the use of the multinomial
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logit but does impose a number of restrictions and alters the interpretation of the error
term in the random utility maximisation framework.

4.2.1

The disaggregate multinomial logit model

It is first useful to establish the standard multinomial logit model where there are many
consumers. The multinomial logit model is mostly attributable to McFadden (1974)
while Ben-Akiva and Lerman (1985) and Andersen, de Palma and Thisse (1992) are
useful guides to its use. The model is also summarised in most econometric texts (see
for example, Ramanathan 2002 and Greene 2003).

The disaggregate multinomial logit has been used extensively in many fields of
economics.

Domencich and McFadden (1975) Boyd and Mellman (1980), Berry,

Levinsohn and Pakes (1993), Proussaloglou and Koppelman (1995), Berry and Pakes
(2001), and Bajari and Benkard (2001) are just some of the many examples where the
disaggregate logit has been the basis for empirical and theoretical analysis.

The multinomial logit model is specified in equation (4.1) where Vin is the systematic
component of the utility of alternative i for consumer n where ε n* is Gumbel distributed
with parameters (0, µ ) :

Pn (i ) =

e µVin

∑ j =1 e
Jn

µV jn

(4.1)

As:
U in* = Vin* + ε in *

(4.2)

μ is a scale parameter that can be assumed to take the value 1 but reflects the underlying
assumption of homoscedastic disturbances.
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The dependent variable normally takes the discrete form:
1 if observation n chose alternative i
yin = 
0 otherwise

(4.3)

And the likelihood function for the multinomial logit is specified as:

N

L = ∏∏ Pn ( i )

yin

(4.4)

n =1 i∈Cn

In equation (4.4), N represents the size of the population of consumers and Cn is the
choice set available to consumer n.

If we use the specification of the systematic

component of utility used in Chapter 3, then the likelihood function can be expanded to
that in equation (4.5). In this function, β ′ is the vector of parameters and xin represents
the complete vector of attributes:


e β ′xin
L = ∏∏ 
β ′x
e jn
n =1 i∈Cn  ∑
 j∈Cn
N

4.2.2






yin

(4.5)

The aggregate multinomial logit model

The interest in this chapter is in the estimation of a model where the dependent variable
is the total number of consumers purchasing a particular alternative and where this is
measured over time.

Where the data does not facilitate individual consumer

observations, the implicit assumption is that each of the consumer shares the same
characteristics as all other consumers – or that the population of consumers is
homogenous.
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It is possible to view the total sales data for each of the alternatives as repeated
observations for one consumer if a representative consumer is used. Broadly, the
representative consumer approach creates a consumer that holds a utility function that
characterises the utility of the population of consumers that it represents. This enables
an examination of a representative consumer’s probability of choosing a particular
alternative. The data requirements here are also alleviated because the data can be
obtained from more general sources. Data on the characteristics of the population rather
than the specifics of each individual consumer can be used. Coldren et al (2003) used
this type of aggregate logit model to model aggregate itinerary shares for a United
States airline.

Where there is just one consumer (the representative consumer), the likelihood function
is specified as that in equation (4.6). This specification is based on that offered by BenAkiva and Lerman (1985, p.120).
L = ∏ S (i )

dit

(4.6)

i∈Cn

In equation (4.6), S (i ) is the market share for alternative i and dit is the number of times
that the representative consumer is observed to choose that alternative at time t (or, in
other words, the total sales for that alternative). Using the logit specification, equation
(4.6) can be expanded to that in equation (4.7):


eVit
L = ∏
V
e jt
i∈Cn  ∑
 j∈Cn






dit

(4.7)

Where, β ′ representing a vector of parameters and x j representing a set of variables
specific to alternative j in the indirect utility function:
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V jt = β ′x jt , ∀j ∈ Cn

(4.8)

The log of the likelihood in equation (4.7) then becomes:


β ′x 
log L = ∑ dit  β ′xit − ln ∑ e jt 
i∈Cn
j∈Cn



(4.9)

The likelihood and log-likelihood functions in equations (4.7) and (4.9) are the
foundations of the estimation of the aggregate multinomial logit. The following subsections review some of the issues and caveats that are associated with the use of the
aggregate multinomial logit while the following section of this chapter reviews an
alternative approach (Berkson’s method) that is conducive to estimation where the
capacity constraints are binding on the observations.

4.2.3

Independence of irrelevant alternatives

The independence of irrelevant alternatives assumption was discussed briefly in the
comparative statics section of the previous chapter. Ben-Akiva and Lerman (1985,
p.108) provide a clear definition of the independence from irrelevant alternatives
property:

“…the IIA property holds that for a specific individual the ratio of
the choice probabilities of any two alternatives is entirely
unaffected by the systematic utilities of any other alternatives.”

The property critically depends on the assumption that the disturbances are independent
and identically distributed.

Where the alternatives might have similar unobserved

characteristics, the independence of irrelevant alternatives will undermine the validity of
the logit results. If a representative consumer is being used as the basis for examining
the population of decisions in a logit framework, then the independence of irrelevant
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alternatives property applies to the market share data that is used. This is particularly
restrictive and further clarifies the difficulties associated with using highly aggregated
consumer data.

A disaggregate logit, based on a heterogenous population making decisions bounded by
the independence of irrelevant alternatives property, would allow the market shares of
each of the alternatives to vary. The aggregate logit specified here assumes just one
consumer with unchanging (representative) characteristics makes a decision
representing the population’s choice. As a consequence, that representative consumer is
bound by the independence of irrelevant alternatives and the relative market shares of
the alternatives must remain unchanged with respect to a change in a particular
alternative or introduction of a new alternative. As section 4.2.4 elaborates, this means
that the cross elasticities estimated for the population are also necessarily uniform.

4.2.4

Elasticities of the logit

The logit method proposed is, effectively, an application of the disaggregate logit to a
representative consumer who is observed to be making repeated choices.

The direct

elasticity of the logit is presented in Ben-Akiva and Lerman (1985, p.111) and
replicated here:

ExPi (i ) =

∂ ln P(i )
∂ ln xi

(4.10)

The cross-elasticity of the probability of alternative i is also straightforward:

ExPj (i ) =

∂ ln P(i )
∂ ln x j

(4.11)

These are calculated at the average of the time-series data.
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As a consequence of the independence of irrelevant alternatives property, the cross
elasticities are constrained. As Ben-Akiva and Lerman (1985, p.111) succinctly state:

“The cross elasticities of all alternatives with respect to a change in
an attribute affecting only the utility of alternative j are equal for
all alternatives i ≠ j ”

This effectively constrains the probabilities to sum to one, but this may be unrealistic in
the case where the alternatives are similar. This caveat is particularly important when
applied to the type of analysis that is undertaken in Chapter 5.

4.2.5

Conclusions from the aggregate logit

The aggregate logit is clearly just a simple extension of the disaggregate logit. That is,
by assuming that a representative consumer for the population makes repeated choices,
the methods of the disaggregate logit can be applied. This, however, restricts the
interpretation of the underlying model. All consumers are required to belong to the
same homogenous group and have the same characteristics.

While the approach carries with it these concerns, it should be remembered that the
nature of the data presents the constraint on the consistency with the underlying random
utility maximisation model presented in Chapter 3. As will be seen in the following
linear regression models, these concerns are not limited to the application of the
disaggregate logit presented in this sub-section.

4.3 ALTERNATIVE SPECIFICATIONS OF A LINEAR MODEL
The following analysis digresses from the multinomial logit that was previously
presented. Two alternatives are presented in this section. The first is the linear-logit
model, which is somewhat consistent with the underlying discrete choice theory. The
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second is the standard linear model. While there is a range of other approaches that
could also be used (for example, the translog approach, cf. Greene (2003)), the
simplicity of these approaches is useful either as a comparison to the aggregate logit or
in the capacity constrained Tobit analysis that follows. Moreover, the fundamental
intention of the models is to elicit any potential response of the dependent variable from
changes in the expected capacity.

As suggested, there is a further restriction in the data in this work that requires the
introduction of an alternative treatment. The upper constraint imposed by the capacity
of the alternative may result in inconsistent estimates using standard approaches. Upper
censoring of the data used in the empirical analysis is likely to exist when a capacity
constraint is present. Moreover, a lower non-negative constraint is also observed in the
data. In this section, then, the Tobit method for estimating demand in the presence of
upper and lower censoring is explored.

It should also be noted that many demand models feature seemingly unrelated
regression equations (SURE). While these are not discussed in this section, the SURE
system is examined in section 4.4.3 where the correlations in a system of Tobit
equations are accounted for using a multivariate modelling approach.

4.3.1

A linear-logit demand model

An alternative to modelling the aggregate logit is to use a multinomial extension of the
linear-logit model initially proposed by Berkson (1944 and 1953) and Theil (1969). The
advantage of this model is that least squares can be applied to estimate the parameters of
the model.

The linear-logit presented in this sub-section is applicable to the representative
consumer case. This significantly reduces the data burden discussed in Theil (1969)
because there is only one consumer. But this also implies a very restrictive assumption
of homogeneity in characteristics of the consumers across the population. Again, it
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needs to be reiterated that aggregate methods inevitably involve this type of assumption.
Ben-Akiva and Lerman (1985) note, however, that the (bivariate) linear-logit is
generally most useful under the conditions where the available sample is very large and
the data are only available in aggregated form.

Equation (4.12) specifies the linear-logit model:

A
V
dit
ln
= ∑ j ∑ β k ( xiat − x jat ) + ∑ γ v ( xvt ) + uit
a =1
v =1
∑ d jt

(4.12)

d j ∈Ct

In equation (4.12), a is the column of the matrix of explanatory variables for which
differences will be taken, A is the total number of columns of that matrix, ( xia − x ja )
symbolises the differences between the attributes of each of the classes (with k
representing the total number of differentiating attributes) while xv corresponds to those
variables that are common to all modes (for example, aggregate socioeconomic
variables) and V represents the total number of columns in the remaining matrix of
explanatory variables for which differences are not taken. γ signifies the parameters on
the variables common to each of the attributes. An alternative form would see a ratio of
the differentiating attributes but, as Oum (1989) has shown, the form specified in (4.14)
is preferable to the alternative “ratio” form.

If u is assumed to be normally distributed, the following likelihood function is
maximised to provide estimates of β:


A
V


dit
− ∑ j ∑ β a ( xiat − x jat ) − ∑ γ v ( xvt )  
  ln
a =1
v =1
  ∑ d jt

1   d jt ∈Ct

L= ∏ φ


σ
σ
i∈Cn
t =1...T









(4.13)
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In equation (4.13), φ ( ∙ ) denotes the density function of the standard normal and σ
represents the standard error. Equation (4.13) could simply be estimated using ordinary
least squares, however, because of the introduction of the Tobit model in the next
section, the maximum likelihood form is presented.

If C is taken to be comprised of every alternative in the dataset, then this essentially
means that the logit is a straightforward conversion of the linear demand model
presented in the following section. But this is quite unrealistic. For instance, in the airtravel market with a dataset of all of the sales in each class over an entire year, this type
of choice set would be unrepresentative of the underlying consumer base. Instead, it is
possible to reduce the size of the choice set and amend the market shares accordingly.
For the air-travel market, this might mean a choice set that includes all of the classes in
each of the flights on a given day or given week or even given month. Clearly, there are
varying and valid arguments for the determination of the size of the choice set. But this
determination needs to be made prior to estimation.

If the choice set is broken down into numerous choice sets, then the likelihood function
for the complete dataset becomes:


A
V


d it
− ∑ jt ∑ β a ( xiat − x jat ) − ∑ γ v ( xvt )  
  ln
a =1
v =1
  ∑ d jt

ξ =Ξ
1   d jt ∈Ct

L=∏ ∏
φ


σ
ξ =1 i∈Cξ σ


t =1...T







(4.14)

In equation (4.14), ξ represents the index of the choice set with Ξ being the total number
of choice sets being evaluated. It is possible that each choice set could be a different
size or even be comprised of different choices. The central observation here, though, is
that β does not vary over the different choice sets. It would be possible to alleviate this
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problem by using a different parameter vector for each ξ. This would be exactly the
same as estimating likelihood functions for each Cξ and might be considered if the
parameter vector was expected to vary over the choice sets.

The linear-logit model therefore has a dependent variable distinct from that used in the
linear demand model described in the next section. The reason for using this dependent
variable is that it is conceptually more aligned with the underlying random utility
maximisation theory presented in Chapter 3.

4.3.2

Elasticities of the linear-logit

The linear-logit own and cross elasticity calculation requires a two stage process that
begins with the computation of mode split elasticities. Oum (1989) summarises the
calculation of the own mode-split elasticity:


di
Exd1ii = β1 x1i 1 −
∑ dj

 d j ∈Ct

4.3.3







(4.15)

A linear demand model

The linear demand model introduced in this section carries with it the numerous caveats
associated with using an aggregate statistical approach (see Stoker 1993 and Berry
Levinsohn and Pakes 1993). Such an approach provides, as Stoker (1993 p.1829) points
out:

“…only statistical descriptions of aggregate data patterns, albeit
descriptions that are straightjacketed by the capricious enforcement
of restrictions of optimising behaviour by a single individual.”
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Like the aggregate multinomial logit model, the linear demand model ignores the
heterogeneity of the consumer base but does provide a statistical analysis that accounts
for the effect of a binding capacity constraint on the data.

Linear demand models are certainly not unprecedented (see, for example in the airtravel demand research, Straszheim 1978, Hartley and Trengove 1990 and Battersby
and Oczkowski 2001).

A linear demand model allows simplicity in computation but

carries with it the caution of Stoker (1993). And, as Oum (1989, p.165) points out, the
linear function is used extensively “because it is simple to estimate and the empirical
results are easily interpreted”. Of the models that are presented in this chapter, the
linear demand model is the most inconsistent with the underlying random utility
maximisation. The linear regression does, however, present significant simplicity in its
approximation of the estimation of behaviour that exists in the market.

The model for estimation would be that presented in equation (4.16) with dit
representing the quantity of alternative i sold in the market at time t, β representing the
vector of parameters and xi representing the attributes of alternative i.
dit = β ′xit + uit

(4.16)

Assuming normality in the error term u, the likelihood function estimating the vector of
parameters β, for this simple linear demand model would be:

L=

1  ( d it − β ′xit ) 

σ



∏ σ φ

i∈C
t =1...T

(4.17)

In equation (4.17),φ represents the normal probability density function. Alternatively,
ordinary least squares could be just as easily used to estimate β.
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The simplicity of this multiple regression model and its comparability with the
multitude of other simple demand regressions is its primary advantage. Only serving as
an approximation for an assumed homogenous population of consumers is the key
drawback from its use. This drawback forms the central caveat that must be applied in
assessing and drawing conclusions from the results of this model.

4.3.4

Elasticities of the linear model

The elasticities of the linear model are quite straightforward. The elasticity of demand,
di, with respect to an explanatory variable, xi, is the simple Marshallian point elasticity.
Each of these elasticities is evaluated at the means of the time series data:

Exdii =

∂d i xi
⋅
∂xi di

(4.18)

Equation (4.18) can simply be calculated at the mean values of the variables, such that
the elasticity is calculated as:

Exdii =

βi xi
di

(4.19)

4.4 THE TOBIT CENSORED REGRESSION
4.4.1

The Tobit approach with upper and lower censoring

Because the capacity constraint creates an upper binding limit and the non-negativity of
the number of sales creates a lower binding limit to some of the observations and
because this is exogenously determined, ordinary least squares estimation procedures
are inappropriate for demand estimation.

Instead, the Tobit maximum likelihood

estimator can be used to overcome the inconsistent parameter estimates that would be
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derived through ordinary least squares. Censoring of dependent variables is a wellstudied area and is often presented alongside other similar problems such as the
truncation of the dependent variable.

The application of Tobit models is most widespread in models where zero expenditures
are regularly recorded. Wales and Woodland (1983), Deaton and Irish (1984), Keen
(1986), Jarque (1987), Alessie, Gradus and Melenberg (1990), and Garcia and Labeaga
(1996) exemplify the studies that have endeavoured to allow for a positive probability
of observing zero expenditures on certain goods in household budgets using Tobit
methods. Tobit models with right censoring have also been applied in market analyses
where there are quantity restrictions. In a similar empirical problem to that examined in
Chapter 5 of this thesis, Hartley and Trengove (1990) used a Tobit-type regression to
estimate capacity constrained air-travel demand on a route in Australia. Welki and
Zlatoper (1994) and Price and Sen (2003) have also used right censored Tobit models
with upper capacity constraints to estimate stadium attendance at football matches.

There are a number of useful references for problems where Tobit type regression
equations are appropriate. Tobin (1958) was the first to discuss the problem of censored
dependent variables in a modelling context.

Maddala (1983) provides a useful

description of the method and Amemiya (1984) offers a helpful survey. While Tobin’s
work focussed on a zero constraint on the observations, conversion to a two-limit model
with an upper constraint as well is straightforward and can be specified for the linear
demand model as:
d it = 0 if d it* ≤ 0
dit = dit* = β ′xit + u if 0 < dit* < ζ it

(4.20)

dit = ζ it if d ≥ ζ it
*
it

Where ζ it is the capacity constraint on alternative i at time t, and d it* represents the
latent demand on alternative i at time t. It is clear that an error term from the complete
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sample would have a non-zero mean and that the use of ordinary least squares would, as
a consequence, produce inconsistent estimates. While there have been a number of
alternative estimators developed to counter the censoring problem (see Maddala 1983
and Amemiya 1984), maximisation of Tobin’s (1958) likelihood function is the most
common approach used.
The likelihood function for the estimation of the parameters β and standard error σ is
specified, then, as:
 ( − β ′xit ) 
 (ζ it − β ′xit ) 
1  ( dit − β ′xit ) 
L = ∏ Φ
φ
× ∏
 × ∏ 1− Φ 

σ
σ
dit = 0
 σ
 0< dit <ζ it σ 
 dit =ζ it



(4.21)

Where Φ( ∙ ) represents the distribution function of the standard normal.

The log of this likelihood is expressed as:
2
( dit − β ′xit )  + 1 − Φ  ζ it − β ′xit 
1

2
+
−
π
+
σ
+
ln(2
)
ln

 ∑
∑



σ2
σ
 0< dit <ζ it 2 


 dit =ζ it

log L =

 − β ′xit
Φ
∑
 σ
dit = 0

4.4.2

Censored linear demand model

(4.22)

This section seeks to review some elementary approaches to the estimation of demand
models where capacity is constrained. The Tobit censored regression approach is the
basis of the approaches used for estimating the models throughout this section. In the
models presented in the following sections, the linear form is used. The first model that
is presented in Section 4.4.2.1 is a pooled data model where all of the data are grouped
and examined. This resembles more standard approaches to estimating constrained
demand.

In Section 4.4.2.2, the modelling approach that is examined uses a series of individual
Tobit equations for each of the alternatives in the choice set. Within each of those
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alternatives, variability in price may be quite constrained. For instance, changes in
ticket prices are not common over the period of a year. This means that there is little
meaning in coefficients on those variables, or, indeed, no meaning if they are simply
constant. The advantage of estimating individual equations for each of the alternatives
is that estimates for coefficients on individual cross-capacity variables can be derived.

4.4.2.1 Pooled Censored Linear Demands

The pooled data approach allows for an analysis across the choice set. The demand to
be modelled is for a generic alternative. Here the demands for each of the alternatives
are considered as one total market demand. For example, estimating demand with a
dependent variable of sales and a series of independent variables including the
characteristics of each of the choice sets allows for a market-wide analysis.

In this case, demand can be specified as a function of the characteristics of the consumer
and the attributes of the alternatives. The pooled data approach closely resembles the
approach to estimating a standard demand equation in that it includes price and income.
In line with the discrete choice model of consumer behaviour, the attributes of the
alternatives and the characteristics of the consumers can also be included.

A useful example of this is in the air-travel market. In this market, there are many
tickets with many different restrictions and prices (attributes).

The population of

consumers has an income level and a range of preferences (characteristics). The pooled
data approach identifies the effect of these attributes and characteristics on the demand
for air-travel in the market. By treating sales in each ticket class on each flight as an
individual observation with its own characteristics and attributes, the model retains an
underlying consistency with the discrete choice theory and allows an examination of the
interaction of capacity with the aggregate demand.

An important restriction here is that the pooled data approach assumes that the same
coefficients apply to all of the different ticket classes and, as a result, one coefficient for

95

each of the explanatory variables is derived. It is, of course, questionable as to whether
it is appropriate for a constant coefficient to be applied across different alternatives.

As mentioned, the primary advantage of using this approach is that price and actual own
and cross capacity can be assessed as determinants of demand. The other, perhaps less
important, feature is that this approach is comparatively computationally simple.
Computational cost does become a factor later when the quasi-maximum likelihood
approach is adopted for three or more classes.

Equation (4.23) presents the Tobit specification with two-limit censoring for the model
which includes the expected capacity constraints.
dit = 0 if 0 ≤ dit*

∑ ζ%

jt

j i
dit = dit* = β1′xit + β 2ζ%it + β 3 ∀ ≠
+ uit if 0 < d it* < ζ it
K −1
*
dit = ζ it if dit ≥ ζ it

(4.23)

In this specification, xit represents a vector of the attributes of the alternative and the
characteristics of the consumer for observation i at time t. ζ%it is the expected capacity
for alternative i at time t, and, as discussed in Chapter 3, does not necessarily
correspond with the actual capacity. Indeed, under different informational endowments,
the expected capacity can be quite different from the actual capacity. But the important
implication in equation (4.23) is that some type of indicator of the capacity is used as a
regressor while the actual capacity is used as a basis of the truncation.

An average cross capacity constraint is used to incorporate the effect of changes in
capacity in the other classes.

β3 effectively captures the changes in the expected

probability of availability for an average “other” class. The use of individual classes in
this function is not feasible or meaningful because the coefficients that are developed
apply to all of the classes.
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The pooled data approach, then, has the advantage of exposing the effect of otherwise
invariant determinants of demand and is a comparatively simple approach to examining
overall demand. The inclusion of the capacity constraint in the specification has been
theoretically derived in Chapter 3 to pick up the effect of the expected probability of
availability for each class. The estimated effects of the own and cross capacities can be
used as indicators of the representative consumer’s expectations on availability.

With all of the approaches, it will not usually be possible to include the availability cost,
τ in , for each of the alternatives.

The availability cost that the consumer anticipates will

change when other variables in the utility or expected probability of availability
function change if their expected probability of availability is changing in the
availability cost, as noted in Section 3.4 in Chapter 3. That is, as the consumer’s
expectations of capacity, demand, price or other variables change, so too will the
expected availability cost. Without reliable data on the availability costs of each of the
alternatives it is not possible to extract the precise availability cost effect. Therefore, the
availability cost does not appear in the econometric equations in this chapter.

Nevertheless, bearing in mind the effect of a change in one variable on the availability
cost, it is possible to explore other effects, such as capacity and price effects. These
variables will have an effect on both the expected probability of availability and the
utility of the alternative, such that the expected utility, and hence probability the
consumer chooses the alternative changes (see Sections 3.4.1 and 3.4.3). In addition, as
per Luce’s Axiom, the probabilities of the other alternatives in the choice sets being
selected will also change, justifying the inclusion of the cross-capacity variables in this
section.

Through simple aggregation, the choice probabilities sum to the total number of
consumers that choose that alternative. This implies that, as a result of a change in one
variable, the change in di will represent the aggregate population change (see Section
3.4). Both the expected capacity and cross-capacity are included to capture the increase
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in cost associated with a decrease in capacity. If expected capacity increases in class i,
then this effectively translates as a decrease in the availability cost for class i. As a
consequence, a positive sign on β2 in (4.20) should be anticipated in the results. In a
similar way, the coefficient for β3 in (4.20) is expected have a negative sign as an
increase in capacity available elsewhere represents an increase in the relative price of
alternative i. The log-likelihood function is presented in equation (4.24) and is based on
Tobin’s (1958) likelihood function converted for two-limit censoring.

Maximisation of this log-likelihood would allow the creation of consistent estimators
for the parameters in the model. Indeed, the greater the level of censoring, the greater is
the gain in the consistency of the estimators from an ordinary least squares base.

ζ% jt 
∑


∀j ≠ i
%
 − β1′xit − β 2ζ it − β 3 K − 1 
log L = ∑ Φ 

σ
dit = 0








ζ% jt
∑


∀j ≠ i
%

 d it − β1′xit − β 2ζ it − β 3 K − 1


1
+ ∑ −  ln(2π ) + ln σ 2 + 
2
σ2
0< dit <ζ it





∑j ≠i ζ% jt 

∀
%
 ζ it − β1′xit − β 2ζ it − β 3 K − 1 
+ ∑ 1− Φ 

σ
dit =ζ it













2












(4.24)

While this model may provide a useful overview of the demand for air-travel on a
particular air route, the nature of the class demands is not uncovered here.

It is

necessary to estimate individual demand equations for each alternative if a more

98

detailed analysis is required. As will be seen in Chapter 5, while the panel model allows
the development of a price elasticity based on the differences in prices between classes
and over time, the individual demand equations depend solely on price changes over
time. If these are not available, then an elasticity of price cannot be calculated. This
added data requirement gives the panel data approach its primary advantage.

4.4.2.2 Censored individual linear demands

As has been mentioned, an alternative approach to examining the demand for a choice
set is to estimate individually equations for each alternative in the choice set, that is,
estimate demand for each i ∈ Ck . Again, specifying own capacity as a determinant of
demand along with other variables associated with the alternative and population of
consumers allows a determination of the extent to which an expectation of availability
affects the demand for a particular alternative. As Chapter 3 shows, an increase in the
expected capacity of an alternative should increase the demand for that particular
alternative. Moreover, an increase in the capacity for any of the other alternatives
(holding the own capacity constant) should result in a decrease in demand for the
unchanging alternative.

In this case, if the modeller holds information (including

capacity information) on all of the alternatives, a system of independent demands can be
developed and assessed.

Further, because information is held across all alternatives, each alternative’s capacity
constraint can be entered as an individual cross-capacity effect in the demand
specification. This means that the effect of changes in the capacity constraint in one
alternative can be assessed in all other alternatives. Demand for alternative i can then
be specified in the Tobit form such that:
d it = 0 if d it* ≤ 0
dit = dit* = β1′xit + β 2ζ%it + β 3′ζ% jt + uit ∀j ≠ i if 0 < dit* < ζ it

(4.25)

dit = ζ it if dit* ≥ ζ it
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In this case, t is used to notate the time of the observation. β 3 is a column vector
conformable to the ζ% j vector of (K-1) other classes. It will be likely that the matrix x
will contain fewer columns than in the pooled data analysis because of the
unavailability of variable data at the individual alternative level. The likelihood for the
demand for class i can be specified in a similar way to equation (4.21) such that:
 −β x − β 2ζ%it − β3′ζ% jt
Li = ∏ Φ  1 it

σi
dit = 0



1  dit − β1 xit − β 2ζ%it − β3′ζ% jt
φ
 × ∏

σi
 0< dit <ζ it σ i 


 ζ it − β1 xit − β 2ζ%it − β3′ζ% jt
 × ∏ 1 − Φ 
σi
 dit =ζ it


 (4.26)



The key difference in this specification of the likelihood is that the function is for only
one alternative in the choice set and that the likelihood is maximised across the product
of each of the observations. The log-likelihood for equation (4.26) is effectively the
same as the earlier log-likelihood specified in equation (4.24) with the exception, as in
this equation, that the log-likelihood is for only one alternative.

If information is held by the modeller on each of the alternatives in the choice set, a
complete set of likelihoods can be estimated which captures the demand for each of the
alternatives in the choice set. A simple system of independent demands can be used to
specify the complete system:
 − β x − β 2ζ%1t − β3′ζ% jt
L1 = ∏ Φ  1 1t

σ1
d1t =0



1  d1t − β1 x1t − β 2ζ%1t − β3′ζ% jt
φ
 × ∏

σ
σ1
 0< d1t <ζ1t i 

M
Lk =

 − β1 xKt − β 2ζ%Kt − β3′ζ% jt 
1  d Kt − γ 1 xKt − γ 2ζ%Kt − γ 3′ζ% jt
φ
 ∏

σK
σK

0< d Kt <ζ Kt σ i 

∏ Φ 

d Kt =0


 ζ 1t − β1 x1t − β 2ζ%1t − β3′ζ% jt
 × ∏ 1 − Φ 
σ1
 d1t =ζ1t



 ∀j ≠ 1


M

 ζ Kt − γ 1 xKt − γ 2ζ%Kt − γ 3′ζ% jt
 × ∏ 1 − Φ 
σK
 dkt =ζ kt


(4.27)

 ∀j ≠ K


The outcome of this is that K individual and independent models of demand for each of
the alternatives in the choice set are presented. If, for instance, the analysis were on airtravel, individual demand models for each of the classes on each of the flights may be
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presented. Alternatively, if the interest were in restaurants, the likelihoods would be
based on observations for each of the restaurants on each of the nights. Extensions of
this example are straightforward and widespread.

Usefully, more than just presenting each model of demand at once, the presentation also
includes the cross-capacity coefficients for each of the alternatives. As Chapter 3
suggests, cross-capacity coefficients should be anticipated to be negative and owncapacity coefficients should be anticipated to be positive. However, complementarity in
the alternatives may result in cross-capacity coefficients that are positive.

With knowledge of these own-capacity and cross-capacity coefficients and with the
knowledge that those estimates have been estimated appropriately using the Tobit
censored dependent variable approach, both firms and policy-makers would be able to
make more appropriate and effective decisions. In the case of the airline industry, a
firm that controls each of the alternatives (for instance an airline controlling each of the
classes on a monopoly route) would also be able to ascertain optimal capacity levels for
each of the alternatives.

As in the pooled Tobit approach, one of the advantages of estimating this system is its
computational ease. While the pooled Tobit is generally simpler (one equation to be
maximised) against the multiple univariate Tobit approach (many equations to be
maximised), the independent nature of the univariate Tobit models means that
computation is uncomplicated. This approach, then, may be deemed more useful than
the more computationally expensive approaches examined in the next section of this
chapter.

The ability to account for correlations in the error terms of each of the

equations as explored in the next section, however, may allow efficiency gains that
justify the additional computational expense.
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4.4.3

Correlated equations and conclusions from the univariate approaches

The individual regression equations essentially allow the coefficients from the panel
analysis to vary over each of the alternatives, but do not assume any connection
between each of the alternatives. The approach that is examined in this section allows
for a connection between each of the regressions by considering correlation between the
error terms of each of the equations to exist. Allowing this correlation to be considered
in the estimation should, if correlation actually exists, provide more efficient estimates.

A correlation might arise because the unexplained components of each of the aggregate
demand functions change in similar ways. For instance, uncaptured information on
aggregate changes in the tastes of consumers or changes in the competing modes of
transport will be realised in the error term of the aggregate demand equation of each of
the classes of air-travel. The effect on the error terms of each of the aggregate demand
functions may be similar and the consequent correlation may present an opportunity to
acquire an additional level of efficiency in the estimates.

In the case under analysis in this thesis, it would be expected that there would be
significant correlation across each of the demands and that there would therefore be an
efficiency gain to be found through the estimation of a system rather than the estimation
of individual equations; but it is not an uncomplicated process to model demands that
are correlated through the error term – particularly if there are quite numerous related
demands.

The problem becomes one of maximising multiple integrals which is

complex in and of itself.

Zellner (1962) provided the seminal work on establishing that a set of equations that has
contemporaneous cross-equation correlations can be estimated together in what is now
known as the seemingly unrelated regression system. Zellner used generalised least
squares on a whole system of equations and showed that there were demonstrable
efficiency gains from using this approach over using ordinary least squares on
individual equations in the system. Zellner found that a gain in efficiency occurs when
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the system of equations is estimated as a single equation because zero restrictions on
coefficients occurring in what would otherwise be independent equations are accounted
for.

However, the efficiency gains cited by Zellner were dependent on variation in the
regressors across the equations. In the analysis that follows, regressors are identical
across equations and would therefore offer no efficiency gain in a standard seemingly
unrelated regression. More recent research by Bhattacharya (2004) points out that joint
maximum likelihood estimation of a limited dependent variable equation with identical
regressors does lead to efficiency gains for the parameters. Bhattacharya also offers an
illustrative empirical example which highlights the efficiency gain that arises in a
limited dependent variable multivariate regression. If correlations between the error
terms of the single class Tobit regressions with identical regressors exist in the analysis
in the next chapter, a multivariate estimation procedure will improve the efficiency of
the estimates.

In the case of the models specified in this chapter, the presence of upper and lower
censoring is considered. In this case, joint distribution methods are necessary. The
estimation methods that have been used are also quite wide ranging. Hajivassiliou,
McFadden and Ruud (1996) summarise 13 different techniques that simplify the
estimation by simulating the probability distribution in a Monte-Carlo fashion. The
technique that is outlined in this section, however, is not a simulator. Rather, a quasilikelihood function, used by Harris and Shonkwiler (1997) and Yen and Lin (2002), is
outlined which is specified as a product of a sequence of bivariate likelihoods.

McGill (1995), Arias and Cox (1998), Kao, Lee and Pitt (2001), Hasan, Mittelhammer
and Wahl (2001), and Yen and Lin (2002) have all used various simulated maximum
likelihood approaches or bivariate distribution based models to estimate different
systems of consumer demand equations. The existence of correlation across each of the
individual class equations is not unlike the correlation that might exist in other panellike structures where data are grouped and the modelling concepts are the same.

For

103

instance, Goett, Hudson and Train (2000) and Moeltner and Layton (2002) also use the
same methods when analysing individual choices with taste differences.

4.4.4

Specification of the multivariate regression model

The problem of estimating a system of censored demand equations when the errors in
the demand equations are correlated will be reviewed in this sub-section. Let the
demands be defined as an K-dimensional vector, dt, of random variables consisting of
d1t,…,dKt and let the capacity constraints also be defined as a K-dimensional vector
ζ t consisting of ζ 1t ,..., ζ Kt

d t = 0 if d*t £ 0
d t = d*t = (d1t , d 2t ,..., d Kt )= B ¢x t + μ t if 0 < d*t < ζ t

(4.28)

d t = ζ t if d ³ ζ t
*
t

Here, xt is the complete vector of explanatory variables (which includes the expected
capacity constraints for each of the K classes); B is a matrix of unknown parameters
( β ); and μ t is a K-dimensional error vector with the distribution N (0, Σ) .

The

requirement, then, is to estimate B and Σ as efficiently as possible. Amemiya’s (1974)
assumptions relating to the nature of the parameter space, the properties of the vector of
explanatory variables and the positive definite character of x t x't are retained to obtain
the asymptotic properties of the estimators.

By allowing S1 to represent the set of t where the capacity constraint is met and, S2 to
represent the set of t where the dependent variable is censored at zero, and S3 to be the
complement of S1 and S2 over the set {1,2,…,T}, the likelihood function for estimating
β and Σ is:
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∏

(4.29)

)

indicates that the product is over the range j ∈ S j , j = 1 ,2,3, f ( ⋅) is the density of

j

N (0, Σ) , and β i′ is the ith row of Β .

This system is computationally difficult, particularly for large systems where there are
many censored dependent variables. The approach that is examined in the next subsection and applied in the next chapter is a quasi-maximum likelihood approach that
calculates a K-dimensional integral by individually assessing bivariate integrals.

4.4.4.1 Quasi-maximum likelihood estimation

One of the key problems in estimating this demand system is the complexity associated
with the maximisation of the resultant multiple probability integrals. These numerical
difficulties may be overcome through the application of the quasi-maximum likelihood
technique used in the multivariate probit literature.

Quasi-maximum likelihood attempts to come as close as possible to full information
maximum likelihood while minimising the computational burden. The quasi-maximum
likelihood method has been used in studies, such as those of Avery et al (1983), Avery
and Holtz (1985) and Kimhi (1994), for the estimation of multivariate probit equations.
Kimhi (1999) also explores the efficiency of various quasi-maximum likelihood
estimators for the multivariate probit model.

105

The similarity of the probit method with the Tobit method suggested that it was well
placed for multivariate censored demand problems. Yen and Lin (2002) used quasimaximum likelihood to estimate a system of censored demand equations, offering this
method as an alternative to the two-step technique of Heien and Wessells (1990).
Harris and Shonwiler (1997) also used the method on a set of censored equations to
examine the relationship between retail businesses. However, other than these few
limited cases, the quasi-maximum likelihood technique has not been widely employed.
As Yen and Lin (2002, p.91) point out, “it is surprising that the quasi-likelihood
approach has not been fully exploited in the censored system literature”. This may be
because the computational cost has traditionally been prohibitive.

The application of the quasi-likelihood to the problem of the multivariate capacity
constrained demand problem is a straightforward development from the multivariate
probit literature. Yen and Lin (2002) demonstrate this with demand censored by a nonnegativity constraint. The multivariate Tobit problem demonstrated here is one with
both a lower and an upper capacity constraint.

The quasi-likelihood function is

specified as the product of a series of bivariate Tobit likelihoods, Lij for all i > j:

n

i −1

i=2

j =1

L = ∏∏ Lij

(4.30)

Noting the Tobit equations specified in equation (4.28), and expanding the complete
vector of explanatory variables xt to include the expected capacity for each of the
alternatives the bivariate Tobit likelihood, Lij would be as appears in equation (4.31)
(with ψ representing the bivariate standard normal cumulative distribution function and
Ψ representing the bivariate standard normal probability density function). Effectively,
this method “constructs” the likelihood function by estimating pair-wise bivariate
distributions. Each of these bivariate distributions allows for the correlation between
each equation ( ρij ). In equation (4.32), h indicates that the expected capacity is for all
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classes except class i. In the same equation, l indicates that the expected capacity is for
all classes except class j.

Yen and Lin (2002), in their application of the quasi-likelihood function with a system
of three equations, find significant correlation coefficients between some of the
equations in their set.

They note that significance of the correlation coefficient

identifies the appropriateness of the multivariate approach. Perhaps more importantly,
Yen and Lin also find that the full information maximum likelihood estimates (using a
trivariate function) are very close to those of the quasi-likelihood estimates (up to three
decimal places).

They note that “similarity of the two sets of estimates provides

empirical evidence that, for the current application, the QML estimator is a good
alternative to the [full information maximum likelihood] estimator” Yen and Lin (2002,
p.95).

The QML estimator is also computationally preferred in the Yen and Lin (2002)
analysis. At higher dimensions, as in the empirical analysis in the next chapter of this
thesis, full information maximum likelihood is not feasible.

However, the

computational cost of QML will increase as the number of bivariate probabilities
increases. This means that, at least with the computing power of today, it is unlikely
that very high dimension problems could be estimated effectively.
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Equation (4.31)
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4.4.5

Elasticities of the Tobit model

The calculation of the elasticity of the Tobit models can be found in Greene (2003) and
Maddala (1983), among others. The elasticity is calculated using the marginal effect on
the expected value of the observed dependent variable from a change in an independent
variable. This is presented in equation (4.33).
β i (1 − Pr ( 0 ≤ di ≤ ζ i ) ) x

Exd1ii =

E [ di | xi ]

where
 x′β 
E [ d i | xi ] = Φ  i  ( xi′β + σ ( λiL + λiU ) )
 σ 
where
λiL =

(4.33)

φ ( xi′β / σ )
−φ ( xi′β / σ )
and λiU =
Φ ( xi′β / σ )
1 − Φ ( xi′β / σ )

These marginal effects can also be applied to the quasi-maximum likelihood estimates
and to the heteroskedastic consistent estimates outlined in the next section.

4.5 DIAGNOSTIC TESTS
4.5.1

Introduction

This section outlines a number of diagnostic tests that are useful for comparing the
regression models based on the specifications outlined in the earlier sections of this
chapter. The first test that is presented, the Likelihood Ratio (LR) test, is applicable to
all of the models presented in this chapter. Following the LR test, a set of ordinary least
squares specification tests are presented. These tests will be applied to the linear-logit
model, the pooled linear model, and the single class linear models. Conditional moment
tests that are specific to the Tobit models are then outlined. Finally, a method for
estimating Tobit models where heteroskedasticity is suspected is presented.
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4.5.2

The likelihood ratio test

The likelihood ratio allows for the testing of whether any particular model is
significantly better than a more restricted form. Its application is similar to the F Test
(Kmenta, 1971) for least squares models.

The likelihood ratio test essentially allows

the testing of restrictions on the parameters being estimated in the model.

If the

restriction is valid, then there should be little difference between the log-likelihood
function of the restricted model and the log-likelihood function of the unrestricted
model. If βˆu represents the vector of parameters that is estimated in an unrestricted
model and βˆr represents the vector of parameters that is estimated in a model with
restrictions imposed upon it, then the likelihood ratio can be specified as:

λ=

( )
L ( βˆ )
L βˆr

(4.34)

u

The ratio in equation (4.34) has the property that it must fall between 0 and 1. In the
event that λ is quite small, then it is possible that the unrestricted model is quite similar
to the restricted model. Greene (2003) points out that under the condition of regularity,
the large sample distribution of −2 ln λ is χ 2 with degrees of freedom equal to the
number of restrictions imposed on the model. The null hypothesis that the restricted
model is the same as the unrestricted model can be rejected if the value of −2 ln λ is less
than some critical value of the χ 2 distribution.

4.5.3

OLS: The regression specification error test

Identifying which model is preferred can be assisted through the use of a specification
test. The most straightforward method for testing for misspecification of the regression
equation is the Ramsey (1969) regressions specification error test (RESET). While the
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RESET test does not give any indication as to the nature of the specification error,
applied across the series of models suggested here may give an indication as to which
model is specified most correctly.

The empirical analysis in this thesis uses the

RESET(4) test by adding three sets of predictions to the regression;

predictions

squared, cubed, and to a factor of four. The test employs the F ( 3, T − k − 4 )
distribution, where T is the number of observations and k the number of regressors.

4.5.4

OLS: Auto-correlation

While auto-correlation will not lead to inconsistent or biased estimates, the efficiency of
those estimates may be compromised. It is therefore useful to be aware of any serial
correlation that might exist in the estimates. Wooldridge (2003) presents a simple
heteroskedastic robust test for serial correlation. Regressing the estimated residual from
the model against the lagged residuals using White’s heteroskedastic consistent
covariance matrix allows the t-statistics on the lagged residuals to be used as an AR(1)
test.

4.5.5

OLS: Hausman test for endogeneity

The presence of endogeneity in a model will lead to biased and inconsistent estimates.
To test for the presence of endogeneity, the Hausman (1978) test can be used. The
Hausman test identifies the presence of endogeneity through the direct comparison of
coefficient values from alternative estimators.

The test is undertaken firstly by

regressing the variable for which endogeneity is expected on all of the variables in the
model and on a number of additional instrumental variables. In the empirical analysis
contained in this thesis, the suspected variable is the expected capacity variable, ζ%i .
This variable is suspected because supply side responses to demand may be captured in
the expected capacity variable. As such, the following regression is carried out using
OLS, where zi′ is the vector of variables that excludes the expected capacity variable
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and vi′ are instrumental variables that may simply be lags of ζ%i .

β and α are

parameters to be estimated.
ζ%it = β zit′ + α vit′ + ε it

(4.35)

In the second regression, the demand function is estimated including the residuals from
the regression in equation (4.35):
dit = β xit′ + κεˆit + uit

(4.36)

If the OLS estimates are consistent, then the parameter κ should not be significantly
different from zero. If the parameter is significantly different from zero, this may
indicate the presence of endogeneity with the variable ζ%i .

4.5.6

Tobit: Conditional moment tests

Pagan and Vella (1989) provide a set of conditional moment tests for the Tobit model.10
These tests directly check whether the moment restrictions assumed by the specified
model are valid.

Tests are provided for specification error, auto-correlation,

heteroskedasticity and normality in the Tobit model. To perform the tests one regresses
the sample conditional moment against a unit vector and the scores of the loglikelihood.

A significant coefficient for the unit vector indicates that the sample

moment differs from its expected population equivalent and hence the underlying
assumption is invalid. The specific tests differ in terms of the sample conditional
moment for the dependent variable.

10

These tests are also examined and summarised in, among others, Greene (2002), Skeels and Vella
(1997), and Skeels and Vella (1999).
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Pagan and Vella (1989) establish two RESET type tests of general specification. The
sample conditional moment dependent variable, y, in these cases is simply the predicted
values squared or cubed multiplied by the generalised residuals, η̂ , of the Tobit:

(

)

(

)

2

yi = βˆ ′xi ηˆi

(4.37)

3

yi = βˆ ′xi ηˆi

(4.38)

The sample conditional moment dependent variable used to test for auto-correlation is
ηˆtηˆt −l (where l is the number of lagged periods that is suspected of auto-correlation).
The presence of auto-correlation is indicated by a significant t-ratio on the coefficient of
the unit vector.

More complicated, however, are the tests for heteroskedasticity and normality. Pagan
and Vella (1989) outline these tests where lower censoring is present.

For

heteroskedasticity, the dependent variable that is used in the regression against the unit
vector and the scores, where both lower and upper censoring exists, is presented in
equation (4.39), where I is an indicator function identifying whether the observation i is
upper censored, U, lower censored, L, or not censored y.

{

}

{

}

yi = I L σ 2 1 + λL (α iL ) α iL  + I y {εˆi2 } + IU σ 2 1 + λU (α iU ) α iU 

(4.39)

Where:
Li − xi′βˆ
U − x′βˆ
, α iU = i i
σ
σ
−φ (α iL )
φ (α iU )
λL (α iL ) =
, λU (α iU ) =
Φ (α iL )
1 − Φ (α iU )

α iL =

(4.40)
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Finally, the dependent variables that are used in the same type of regression for tests of
normality are presented in equations (4.41) and (4.42) . Skewness is tested using the
third conditional moment (equation (4.41)) and kurtosis is tested using the fourth
conditional moment (equation (4.42)) (Wells, 2003).

{
y = I {σ

}

{

}

yi = I L σ 3 λL (α iL ) ( 2 + α iL2 )  + I y {εˆi3 } + IU σ 3 λU (α iU ) ( 2 + α iU2 ) 
i

L

4

}

{

(4.41)

}

3 + λL (α iL ) ( 3α iL + α iL3 )  + I y {εˆi4 } + IU σ 4 3 + λU (α iU ) ( 3α iL + α iU3 ) 





(4.42)

One issue with these conditional moment tests arises when either heteroskedasticity or
normality exists. Skeels and Vella (1997) found that these conditional moment tests are
not especially robust to other misspecifications and that the presence of one type of
misspecification may lead to these tests reporting alternative types of misspecification.
Given this concern, caution should be exercised in the interpretation of these conditional
moment test results, particularly if misspecification is reported more than once.

4.5.7

Heteroskedasticity consistent Tobit estimates

In the event that heteroskedasticity is revealed in the Tobit regressions by the second
conditional moment tests of Pagan and Vella (1989), the estimates will be inconsistent.
To overcome this, it is necessary to respecify the variance in the log-likelihood function.
In this research, when heteroskedasticity is suspected, the variance is specified as:
σ i2 = σ 2 eα ′wi

(4.43)

Where w is a subset of x that is considered to exhibit heteroskedastic coefficients and
α ′ are additional parameters to be estimated in the log-likelihood function (Greene

2003).
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Estimation with this type of variance adds one or more additional variables to the
likelihood procedure.

In the case of the quasi-maximum likelihood system of

regressions, this would increase the computation time markedly.

4.6 CONCLUSION
This chapter has provided an overview of a range of econometric models that may be
appropriate in estimating the types of demand discussed in Chapter 3 where data are
limited. The central features of these demand models are that:

•

they are underpinned by individual discrete choices;

•

the discrete choices are made on the basis of expected utility, which
features both an expected probability of availability and a utility function;
and

•

the observations on the choices are censored by a capacity constraint,
resulting in a misreported latent demand.

The models that were discussed in this chapter each endeavoured to address one or
more of these issues. The aggregate multinomial logit model is based generally on the
standard discrete choice modelling literature, though uses market shares rather than
individual choices. The linear-logit and linear models are standard regression types for
the estimation of demand relationships. Applying Tobit methods to the linear models
seeks to overcome the inherent bias that results from the censoring of the dependent
variable. Further estimation of the Tobit equations for each of the alternatives in a
system may also enhance the efficiency of the estimates as the correlations between the
error terms of each of the equations is considered.

The next chapter will use each of these models to estimate demand on a regional airline
route in Australia. This chapter will review the results from each of the models and the
results from the application of diagnostic tests outlined above. Estimates of elasticities
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will also be provided in the next chapter as a basis for policy discussion in the
conclusion to this thesis.
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CHAPTER 5
MULTI-CLASS DEMAND ESTIMATION FOR AIR-TRAVEL
BETWEEN WAGGA WAGGA AND SYDNEY
5.1 INTRODUCTION
In this chapter, the theory and methodologies outlined in the previous two chapters are
used to develop models of demand for air-travel on an Australian regional air route:
Sydney to Wagga Wagga. For the 1996/97 financial year, data were available on the
number of sales in each ticket class on every Kendell Airlines flight on this route.
These data are used as the dependent variable, or as the basis of the dependent variable,
in the models presented in this chapter.
The empirical focus in this chapter is on the variables of expected capacity and on the
differences between the various specifications of the demand equations. A variable of
expected capacity is constructed using ‘settings’ data for individual classes.

The

censored regressions, which are outlined in Chapter 4, also use a form of this data as an
upper limit on the dependent variable.
A range of additional determinants is also included in these regressions. However, no
data were available on the individual consumers of the tickets. Prices for each of the
ticket classes were also invariant over the year. This meant that, for models of demand
for individual ticket classes, price could not be included as an explanatory variable.
Consequently, aggregate consumer data, ticket attribute data, and time/day-of-week data
were the only options for inclusion as explanatory variables in most of the regressions.
The diagnostic testing of models reveals a number of concerns with the regressions,
which, in turn, either place caveats on the interpretation of the results or call for
corrective measures.

In particular, heteroskedasticity is found to be present and

consequently heteroskedastic Tobit models estimated.
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Given the data limitations and other diagnostic concerns, the results that are presented
in this chapter serve primarily as a basis for further research on the role of expected
availability in determining choice and demand.

Nevertheless, the results that are

obtained do suggest that expected capacity is often a significant determinant of both
aggregate sales and sales in individual ticket classes. Censoring of the dependent
variable is also handled successfully through the employment of the Tobit likelihood.
Correlations between the error terms of the individual class equations are discovered to
be important and efficiency gains are produced through the successful application of the
quasi-maximum likelihood system of individual class regressions.
This chapter is in four sections. The following section briefly reviews other air-travel
demand analyses as well as the background of this study. The data and sources that are
used in the regressions later in the chapter are reviewed in Section 5.3. Section 5.4
presents and reviews the estimates from logit models, linear ordinary least squares and
Tobit models, and a correlated system of individual linear class models. Section 5.5
summarises and concludes the chapter.

5.2 A REVIEW OF AIR-TRAVEL DEMAND ANALYSIS
Estimating air-travel demand has a number of interesting complexities that can create
difficulties in estimation and analysis.

Nevertheless, there has been a number of

empirical analyses of air-travel demand, which have quantified the effects of various
variables on demand. There is also a solid body of work explaining the concepts of airtravel demand and the air-travel market. This section provides a brief, general overview
of both of these sources of literature.
5.2.1

Market segmentation, price discrimination and yield management

One of the more interesting aspects of the air-travel market is the variety of tickets
available to consumers. In this particular study, there are seven ticket classes yet only
one service level on the actual flight. The point of these differing ticket classes for the
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airline is to segment the market through price discrimination. This price discrimination
primarily seeks to separate consumers by their value of time. As Stavins (2000, p.200)
points out, airlines “price discriminate among their customers by attaching certain ticket
restrictions to cheaper tickets, thus making them unattractive to consumers with higher
valuations of time and convenience.”
As highlighted by Tretheway and Oum (1992), there are at least two broad sub-markets
in the air-travel market. They are the business sub-market and the leisure sub-market.
The business traveller usually travels on a ticket that has been paid for by the employer
and is concerned with maximising productivity. The leisure traveller, on the other hand,
is not as concerned about the productivity of their time. Rather, the leisure traveller
would be expected to hold a utility function that is dominated by the price of the ticket.
This induces leisure travellers to book their ticket days or even weeks before the flight.
Gale and Holmes (1993) examine the nature of price discrimination in the airline market
with a particular focus on the advance purchase discount regularly utilised by the
airlines. They suggest that airlines take advantage of uncertainty at the individual
consumer level and the existence of capacity constraints to divert demand to less
attractive flights. Dana (1998) also uses a simplistic consumer demand model in an
elaboration on the role of advance purchase discounts in the segmentation of a market.
Kraft, Oum and Tretheway (1986) provide a useful background to the reasons for, and
the nature of, airline seat management. While the supply side factors are not a core
issue of this empirical study, background on the nature of yield management in the
airline industry is clearly useful.

Kraft Oum and Tretheway (1986) note that the

concept of airline seat management rests on four characteristics of airline markets,
which are the perishability of the product, the ability to price discriminate, joint
production of seats in various fare classes and the predictability of demand. They note,
too, that for a yield management model to work in an air-travel market, it is necessary
for the airline to segregate between “high air-fare” and “low air-fare” passengers.
Oum, Gillen and Noble (1986) further suggest that each of the two market segments
react to two very different functions. They hypothesise that the leisure traveller reacts
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using a standard utility function while the business traveller reacts with a cost function,
which is more representative of the employer’s decision in their travel.
The most common way for an airline to segment the market is to create a number of
restrictions on different tickets that appeal in different ways to consumers. Restrictions
including advance purchase, non-refundablility, and stay-over requirements all work to
help the airline identify different types of consumers.
Doganis (1985) also offers an insight into distinguishing between market segments. He
notes that business travellers typically seek high seat availability, a high frequency of
service, an ability to change or cancel a reservation and a quick check-in. In contrast,
leisure travellers tend to demand only a low fare without a high requirement for seat
availability or high frequency of service.
While the precise yield management or perishable-asset revenue management (PARM)
techniques vary between airlines, a general understanding of their use and nature can be
found in Kraft, Oum and Tretheway (1986) and Tretheway and Oum (1992).
Weatherford and Bodily (1992) provide a comprehensive overview of PARM as well as
constructing a relevant taxonomy. Belobaba (1989) and Belobaba and Weatherford
(1996) focus their attention on the revenue maximisation methodology. Belobaba and
Weatherford (1996, p.344) observe that it:
“…is important to realise that airlines have invested a lot of money
chasing revenue improvements of far less that 1%.

When we

recognise that each of the four largest U.S. major airlines have
annual revenues exceeding $10 billion, we begin to see that even
improvements of 0.1% can be worth a substantial amount of
money.”
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5.2.2

Types of models used to estimate demand for air-travel

Clearly, it is in an airline’s best interest to pursue a profit maximisation strategy and the
literature suggests that the most effective way of doing this is through the segmentation
of the market. Central to these methods, though, is an understanding of the demand for
air-travel. While the majority of research on demand in the airline industry emanates
from the United States, its usefulness is not restricted to just the United States domestic
market.
Tretheway and Oum (1992) offer a broad overview of air-travel markets generally.
They discuss consumer demand in airline markets and identify 13 determinants of the
demand for air-travel. They are price, income, price and convenience of other modes of
transport, frequency of service, timing of service, day of the week, season of the year,
safety and company goodwill, demographics, distance, in-flight amenities, customer
loyalty and travel time.

These authors suggest that the most significant of these

determinants of demand are price and income.
While early direct demand models tended to be inaccurate due to their aggregate nature,
Mize (1968) was able to develop an econometric analysis of the demand for airline
transportation of United States domestic routes. His research focused on price and
income elasticities as well as the substitute effect of bus transportation and automobiles.
From his results, Mize was able to derive short-term forecasts and relatively stable
coefficients of price and income.
There have also been various analyses of international air-travel demand, which are also
a useful source of estimates, though the inherent complex regulatory environment that
exists and the paucity of available data create a number of problems for modellers. For
instance, Strazheim (1978) has estimated airline demand functions on the North Atlantic
while Mutti and Murai (1977) and Jorge-Calederon (1997) have also provided empirical
models of international air travel. Melville (1998) used a quality adjusted demand
function for air-travel as a way of incorporating service quality considerations in
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analysing demand in the air-travel market between Caribbean countries and Miami,
New York and London.
The Australian Bureau of Transport Economics has also provided a number of useful
summaries of the factors that determine the demand for regional air-travel in Australia.
The Bureau of Transport Economics (1999, p.43) identify four key factors, which are:
•

air fares, relative to the price of other competing goods and services;

•

prices and availability of alternative modes of transport;

•

the quality of service; and

•

the socio-demographic characteristics of the travellers and the level of economic
activity in the route catchment area.

Hartley and Trengove (1990) undertook an analysis of air-travel demand that was
applied to a set of regional air routes in Australia. Their data were provided by the now
defunct East-West Airlines and were of a particularly disaggregated nature. The data
consisted of departure times, the numbers of passengers carried on all flights on the
routes, the type of aircraft flown and the aircraft capacity. This provided an opportunity
to use censored regression techniques (as is used in this research).
Hartley and Trengove (1990) applied a Tobit-type maximum likelihood method that
allowed them to gather estimates for the route and compared these with ordinary least
squares estimates.

Interestingly, the application of the censored model saw the

estimated parameters change in a direction consistent with the theoretical expectations
of the effect on the censoring of the ordinary least squares estimates. They noted that
the large number of observations also made it possible to create estimates of the timeof-day and day-of-week effects, which would not otherwise be possible. However, they
noted that while there appears to be significant degrees of freedom, “the number of
degrees of freedom is illusory when the data do not cover a period long enough to
incorporate significant relative price movement.” (Hartley and Trengove 1990, p.216)
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Battersby (2000) also compared a truncated model with an ordinary least squares model,
but in this case, the data were much more highly aggregated monthly and quarterly data.
Demand data were based on revenue passenger kilometres for the major routes in
Australia while the capacity data were based on available passenger kilometres. No
notable differences between the ordinary least squares and truncated estimates were
found which suggested at the aggregate level, where load factors were ordinarily around
65 per cent, truncated methods were not of importance.
5.2.3

Empirical studies

Price and income are regularly cited as the two key determinants of air-travel demand
(see, for instance, Tretheway and Oum, 1992) and the elasticities associated with these
two determinants are regularly reported. This sub-section will outline some of the more
recent findings with a particular focus on these elasticities. While the empirical model
used in this chapter applies an expected capacity variable as a central determinant of
demand, none of the models discovered in this review provides a similar analysis to that
employed in this thesis. Consequently, no results on capacity or the consumer reaction
to capacity are available for comparison.

Nonetheless, some studies examine the

differences in elasticity between different classes or consumer types (Battersby and
Oczkowski 2001; Oum, Gillen and Noble 1986).
Gillen, Morrison and Stewart (2002) provide a survey of air-travel demand elasticities
that is particularly useful as an overview of the empirical outcomes obtained in analyses
of air-travel markets. They collated 254 own price estimates from 21 studies and found
a median own-price elasticity across all estimates of –1.122. This collation of estimates
also allowed an examination of the differences between business and leisure travellers.
The estimates showed that there was clear segmentation between business and leisure
travellers with business travellers holding a far less elastic demand than leisure
travellers over short haul and international routes. Figure 5.1 highlights the breakdown
of the estimates into a number of categories of interest.
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Figure 5.1
Elasticities of Different Types of Air Travel

Source: Gillen, Morrison and Stewart (2002), Air Travel Demand Elasticities: Concepts, Issues and
Measurement.

The Australia Bureau of Transport and Regional Economics (2001) as part of their
Transport Elasticities Database provides another comprehensive list of elasticities for
air-travel demand. The research cited in the Transport Elasticities Database is similar
to that used by Gillen, Morrison and Stewart (2002) and, consequently, contains similar
results.
There is also a number of studies which explicitly examine domestic demand and, more
particularly, regional demand in Australia. The Bureau of Transport Economics (1986)
calculated elasticities of demand for regional air services in New South Wales and other
states of Australia. These elasticities are summarised in Table 5.1.
Notably, these results are from 1986 and their usefulness today is probably questionable
because of the development of the industry and the changes in the regulatory
framework. Nevertheless, they do give a general indication of the nature of the demand
on regional routes within New South Wales.
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Table 5.1
Elasticities of Demand for Regional Air Services in New South Wales
Elasticity Type

Elasticity

Real Air Fare

-1.14

Real Income

1.21

Regional Population

0.01

Real price of alternative transport mode

0.23

Source: Bureau of Transport Economics (1986, p.25).

Other recent Australian studies include Battersby and Oczkowski (2001) and Hartley
and Trengove (1990).

Battersby and Oczkowski (2001) estimated linear demand

equations for the four busiest domestic routes in Australia. Estimates were provided for
business class, full-fare economy class and discount economy class tickets. These
results suggested that Australian air routes were relatively inelastic, possibly reflecting
the non-competitive nature of the domestic air-travel market.
Hartley and Trengove’s (1990) study used a Tobit censored regression to estimate
demand on the Sydney – Albury – Melbourne route and, like many other similar
studies, identified income and price as significant determinants of demand. They found
that for a Sydney – Albury – Melbourne flight there was an income elasticity of 3.96.
This elasticity was especially high because the route was characterised by a significant
number of leisure travellers.

Hartley and Trengrove (1990) also derived a price

elasticity of approximately –1.22 for the same route. While this is more elastic than the
Battersby and Oczkowski (2001) elasticities, it is still at the lower end of the range
presented in Figure 5.1.
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5.3 BACKGROUND OF THIS STUDY
The purposes of this empirical study are both to develop a model of demand for the
Sydney to Wagga Wagga route and to test the theoretical concepts outlined in the thesis.
This section, then, serves to outline the route under analysis and the data that will be
used in the demand models estimated in this chapter. As the dependent variable data
relate to the year 1996/1997, the background information contained below will be
broadly based on that year.
Wagga Wagga is a regional centre located in New South Wales, Australia. It is located
on the Sturt Highway, which connects Sydney and Adelaide, and on the Murrumbidgee
River. The train line that connects Sydney and Melbourne runs through the city.
Wagga Wagga is regarded as the gateway to the Riverina, one of the richest agricultural
areas in New South Wales. In 1996, 15 per cent of the city’s workforce was employed
in the retail sector, 11 per cent in government administration and defence, 10% in
education and 10 per cent in health and community services.

Wagga Wagga’s

population was 55 519 and the median household weekly earnings were between $500
and $700 per week. The median age was 29 years (Australian Bureau of Statistics,
1997).
Wagga Wagga is approximately 480 kilometres from Sydney, 460 kilometres from
Melbourne and 320 kilometres from Canberra. Wagga Wagga is served by regular train
and bus services connecting it with other local centres and metropolitan centres. It has
one airport, which is also a Royal Australian Air Force Base. The airport is capable of
handling regular passenger transport (RPT) aircraft generally no larger than a British
Aerospace 146 or Canadair CRJ. Normally, however, the largest RPT aircraft to fly
into Wagga Wagga are of a Saab 340 or Dash 8 type. In the 1996/1997 financial year,
there were 8 029 RPT flights services into and out of Wagga Wagga carrying 132 597
passengers (Bureau of Transport and Regional Economics, 2005).

These services

predominantly connected Wagga Wagga with Sydney and Melbourne.

It is also
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noteworthy that Kendell Airlines, which was the largest regional airline in Australia,
had its business base and part of its maintenance base located in Wagga Wagga.
Sydney, the other city in the pair under examination in this study, is the largest city in
Australia and is the capital of New South Wales. Sydney is internationally known as
one of the key cities in Australia and is recognised as the international gateway to
Australia. In 1996, thirteen percent of the workforce was employed in the retail sector,
14 per cent in the property and business services sector, 12 per cent in the
manufacturing sector, and 9 per cent in the health and community services sector. In
1996, Sydney had a population of 3 997 321. The median weekly household income
was in the $800 - $999 per week range (Australian Bureau of Statistics, 1997).
While Sydney has a number of airports, Sydney Kingsford Smith International Airport
is the only one that offers services by the primary airlines. As the gateway to Australia,
Sydney offers international services from a wide range of airlines. In the 1996/1997
financial year, there were 6 697 161 international passengers travelling through Sydney
airport. For the same period, there were 12 373 548 domestic passengers and 1 566 775
regional passengers (Bureau of Transport and Regional Economics, 2005).
In 1996 and 1997, there were two airlines servicing the Sydney to Wagga Wagga route.
They were Kendell Airlines and Hazelton Airlines. Kendell Airlines was the largest
regional airline in Australia prior to its failure as part of the Ansett collapse in 2001. In
1996/97, Kendell carried 903 733 passengers while Hazelton carried 397 829
passengers. For the same period, 108 877 passengers flew on either of the two sectors
between Wagga Wagga and Sydney. In the dataset that is used, 32 180 of the sales on
the Sydney to Wagga Wagga route are included. This is approximately 60 per cent of
all of the ticket sales on the unidirectional route in that financial year (Bureau of
Transport and Regional Economics, 2005).
Between Sydney and Wagga Wagga, both train and bus services operate regularly.
Data were not available on the sales or capacities on these alternative transport services
through the financial year.

Prices on the substitute transportation methods were

checked using the local newspaper, but they were static through the year.
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A national, mostly four-lane, highway exists between Sydney and Wagga Wagga.
Travel time in 1996-97 was around six hours by car and no significant causes for
variation in this could be found (eg, road works). Oil prices are used as a proxy for
petrol prices in the data discussed in the next section.
In 1997, the Sydney to Wagga Wagga route was regulated by the Air Transport
Council. This body also regulated the number of operators to be licensed on specific
routes. As the Bureau of Transport Economics (1999) points out, New South Wales
was the last remaining jurisdiction with significant regulation in place. The policy
framework was loosely known as ‘managed competition’ and had, as its goals,
increased consumer benefits such as lower fares, more frequent flights and more
appropriate aircraft.

5.4 THE DATA AND THE MODELS
Two of the key objectives of this study were to provide a demand analysis of the
Sydney to Wagga Wagga air route and to explore the economic theory and econometric
models specified in earlier chapters. Providing a number of varying models achieves
both of these aims.

There is a number of different model types presented in the following section of this
chapter. The models presented include:
-

Aggregate logit model - This model is based on the multinomial logit
discrete choice model specification and is outlined in Section 4.2.

-

Linear-logit model – This model uses volume shares as a dependent
variable and differences between own class and other class attributes as
regressors. This specification is outlined in Section 4.3.2 and is estimated
using OLS.
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-

Pooled data linear model – This model regresses sales by class in one
regression on a range of attribute and other exogenous variables.

The

specification for this model is outlined in Section 4.3.1 and is estimated
using OLS.
-

Pooled data Tobit model – This model overcomes the issue of lower and
upper censoring on the dependent variable in the previous model. The Tobit
maximum likelihood estimator is used and is outlined in Section 4.4.2.1.

-

Single class linear model – The pooled data models are constrained
because coefficients are held constant across classes. The single class linear
model lifts this constraint and provides coefficients for individual classes.
The number of variables is reduced because the variation that was present
across classes is no longer available. These models are estimated by OLS
and are based on the specification in Section 4.3.1.

-

Single class Tobit model – Censoring is present in all of the single class
linear models. As such, a Tobit maximum likelihood estimator is used to
provide unbiased estimates for the individual class equations. These results
are based on the specification outlined in Section 4.4.2.2.

-

Multivariate Tobit model – Limited dependent variable models with
identical regressors may benefit from estimation as a system of equations if
the error terms of the regressions are correlated. This final model estimates
the seven single class Tobit models as a system of regressions that uses the
correlation in the error term across classes to improve the efficiency of the
estimates. This model is based on the specification presented in Section
4.4.3.1 and the quasi-maximum likelihood function presented in Section
4.4.3.2.

Data availability, however, limits the extent of the modelling and it is therefore
important to examine the nature of the data that is available for. At the outset of this
study, Kendell Airlines provided a significant amount of sales data for evaluation. The
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data that were provided by Kendell specified the total number of sales for all of the
ticket classes on each flight for the 1996/1997 financial year. For this study, only seven
of 11 ticket classes are analysed. This is because the remaining four ticket classes were
rarely used as they represented travellers such as airline staff and frequent flyer
awardees.
One shortcoming of this analysis is the availability of data for only one airline. Around
34 per cent of the total passengers on the Sydney to Wagga Wagga route are
unaccounted for in the Kendell dataset and are presumed to have travelled on Hazelton.
While there were no ticket price changes for Hazelton airlines through the year, there
undoubtedly would have been capacity changes and shifts in the expected capacity for
the various types of tickets that Hazelton sold.
However, the assumption can be made that the Hazelton ticketing regime mirrored that
of Kendell. Both Hazelton and Kendell airlines were ticketed through the same Ansett
Airlines reservation system and, in fact, were part of the same airline alliance. Given
that it is likely that the sales and yield management techniques of Kendell were
mirrored on the route and that the route was generally non-competitive, much of the
distortion is likely minimised.
The data set for this study included 32 180 sales. These are recorded in 10 196
observations on individual ticket class sales. While this is a comprehensive amount of
data, the availability of independent variables to match this dependent variable data is
very limited.

The airline was unable to provide any additional consumer data

corresponding to the ticket sales. However, the airline did provide the attributes of each
of the ticket classes. A general indication of the restrictiveness of each of these classes
is given in Figure 5.2. Class 1 is the least restrictive class and the restrictions increase
through to the most restrictive class, Class 6. Class 7 is a separate class for senior
citizens.11

11

Travellers must be older than 65 to purchase a ticket in this class.
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Figure 5.2
Summary of the Ticketing Regime
Class 1
Class 2
Class 3
Class 4
Class 5
Class 6

Fully flexible airfare. Highest priced.

↨
Restrictive Airfare. Lowest priced. 21
day advance requirement. Not refundable.

Class 7

Senior Citizens Only ticket

Importantly, it is clear that the ticket classes target three specific types of traveller.
Class 1 is clearly aimed at the business traveller who requires much flexibility in their
ticket and is generally price insensitive. Class 1 also tends to have the highest level of
capacity available on each of the flights (as outlined in the next section). Class 2 and
Class 3 are much the same as Class 1 in that they are flexible and more highly priced.
Classes 4, 5 and 6 are targeted at the leisure traveller in varying degrees differentiated
by the advance purchase restriction. Class 7 is aimed at the last traveller type, the
senior citizen. A breakdown of the ticket sales into full economy and discount tickets
(including Class 7) is presented in Figure 5.3. Summary sales data for each of the
classes are presented later in Table 5.5.
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Figure 5.3
Kendell Discount and Full Economy Weekly Ticket breakdown, 1996/97
Number of tickets
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5.4.1

Capacity, yield management and spillovers

In Chapters 3 and 4, it was proposed that capacity plays a role in the consumer decision
for an alternative by modifying the availability of that alternative. All other things held
constant, an increase in capacity for one alternative is theorised to have a positive
impact on the aggregate demand for that alternative. This section of the chapter reviews
the data that are available for the analysis of capacity constrained ticket classes and
outlines the calculations that were necessary to make the data adequately useable in the
modelling exercises of latter sections of this chapter.
As well as supplying the sales data for each particular ticket class on each flight for the
1996/1997 financial year, the airline also supplied its standard setting data for
1996/1997. Setting data are not quite capacity data but do indicate the upper capacity
that the airline is willing to accept for a particular class. In the development of the
results of this thesis, the setting data were converted to individual class capacities. The
setting itself, imposes a type of capacity constraint on each of the different ticket classes
in each of the flights:
ζ i = f ( Si )

(5.1)

Where ζ i represents the capacity constraint on the class of ticket i and Si represents the
seats allocated (the setting) to that class by the airline. The reason for the functional
dependence is that the capacity constraint on one ticket class is dependent on the
number seats sold in other ticket classes. That is, the airline sets the number of seats
available in ticket class i on a flight and, as a seat is sold in ticket class i , the number
of seats in all other ticket classes falls by one.

A very simple linear equation can demonstrate this capacity estimation where q j
represents the sales of tickets in another class, j, and k is the total number of classes:
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j =k

ζ i = Si − ∑ q j

(5.2)

j ≠i

The unfortunate aspect of this approach is that it assumes that all tickets are sold
simultaneously. This maximizes computational ease but the validity of ζ i becomes
questionable. This is because the reduction in ζ i normally occurs over time as tickets
are sold in various ticket classes.

The most appropriate way to calculate a useful capacity constraint would be to order the
sales. However, in this analysis, the data only provides the setting on each class (and no
order of sales). The logical alternative is to order the sales by the advance purchase
restriction, that is, if r is the advance purchase requirement of the ticket in days, then
tickets for class i would be sold first if:
ri ≥ rj , j = 1,...k , j ≠ i

(5.3)

In the case where only part of the choice set has an advance purchase requirement, those
without the advance purchase requirement would be considered to sell simultaneously
after the sales of the advance purchase tickets. For example, in the case of the empirical
data used in this study, there are three tickets out of seven with advance purchase. The
following system of capacity constraints for seven tickets could simplistically allocate
capacity levels where ζ i is the estimate of the capacity constraint and i = 1, 2, and 3
defines the order of ticket sales. This system also accounts for any sales that surpass the
setting because of overbooking, accidental or otherwise.
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ζ 1 = max[ S1 , q1 ]
ζ 2 = max[ S 2 − q1 , q2 ]
(5.4)
ζ 3 = max[ S3 − (q1 + q2 ), q3 ]
j =7

ζ i = max[ Si − ∑ q j , qi ] ij==4,...7
1,...7
j ≠i

k

An interesting characteristic of this system is that

∑ζ

i

is often greater than the overall

i

capacity of the aircraft. This is because the settings for the classes that have advanced
purchasing requirements are usually significantly more than the sales in those classes.
As the setting expires at a certain point prior to the flight, the setting often goes unfilled.
One of the problems inherent in this system is that the derived capacity constraint
assumes that consumers do not purchase less restrictive tickets when the advanced
purchase tickets are still on sale. Given the lack of order-of-sales data, however, a
suitably effective alternative is not readily apparent.
This calculation is done for each flight in the dataset. The calculated capacity constraint
is used as the upper limit in the Tobit analyses in this chapter. The data for this capacity
constraint along with the average sales data are summarised later in Table 5.5.
There is also a need to develop an explanatory variable for use as an indicator of the
probability of availability. Chapter 3 noted that the expected probability of availability
is a partial function of the expected capacity. As such, the capacity data produced
through the method above serves as a useful starting point. Several methods were
trialed and manipulated to develop an indicator of expected capacity, including the use
of actual capacity, averages of the capacity of the ticket class over a number of flights,
and the weighted version of those averages.
The method that presented the simplest and most effective outcome was to average the
capacity constraint for a ticket class on the same flight for the preceding four weeks.
This indicator of expected capacity is also more conceptually accurate as it allows an
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interaction of the observations on previous flights to interact with the expectations of
the consumer for the current flight’s capacity. The use of the average capacity constraint
reduces the size of the dataset by five weeks to 47 weeks and has a negligible effect on
the degrees of freedom in the analysis.
The rationale for the inclusion of capacity as an explanatory variable is one of the core
concepts outlined throughout this thesis.

Chapter 3 identified the role that the

expectation of capacity plays in the decision process of the consumer and noted that an
increase in the expected availability for a particular alternative will positively affect the
decision to purchase that alternative. This theory of the availability and its impact on
the decision process carries over to this chapter where it is formally tested. Broadly,
positive coefficients are expected on own-capacity variables and negative coefficients
are expected on cross-capacity variables.
The significance of these variables will provide insight into the statistical importance of
the relationship between expected capacity and sales and shed some light on the
behaviour of consumers where capacity constraints are present.
The expected capacity data are summarised in Table 5.5.
5.4.2

Spillover effect

Chapter 3 noted that when an alternative had capacity met by demand, the remaining
consumers necessarily spilt over into another alternative. This would either be the nopurchase alternative or one of the other alternatives in the choice set.

While the

empirical analysis in this section does not use data that captures the no-purchase
alternative or purchases outside the immediate choice set, some spillover effects may
still be present between the classes when one or more class is full.

This spillover effect is distinct from the expected availability effect outlined in Chapter
3.

Indeed, while airlines maximize their profit by shifting customers into more

profitable classes through the alteration of the capacities in the ticket classes, shifting
customers is only possible when the capacity is reached in a ticket class. At first glance,
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this might be considered a moot point – the airlines are able to regulate the capacities in
the ticket classes. However, this is observable in the data and, consequently, able to be
captured in the estimation. This allows the estimation to control for any consumer
spillovers that may or may not be a result of airline intervention.

A variable to capture the spillover effect, if it is present, was constructed that identified
the number of other classes that were full on any particular flight. If other classes are
full, it would be expected that the spillover would lead to an increase in demand in the
own class. As such, it is expected that the parameter on this variable will be positive.
The spillover data series that will be used in the panel analyses is presented in Table 5.2.
Table 5.2
Counts of the number of observations with spillover effects recorded
Number of full ticket classes

Number of times recorded

Percentage of all ticket sales

0

1594

17.05%

1

1715

18.34%

2

2331

24.93%

3

3168

33.88%

4

355

3.80%

5

142

1.52%

6

46

0.49%

5.4.3

Price

Price plays a central role in any type of model of consumer demand. However, price is
stationary for each of the alternatives over the dataset that is being used in this chapter.
The direct consequence of this is that, in all but one of the models that are estimated in
this chapter, the inclusion of price would only serve to act as a constant. Moreover,
prices for substitutes are also relatively stationary over the period. Bus and train fares
are unchanging as too are the prices for tickets on Hazelton Airlines. The only varying
relative price is petrol, for which the price of oil proxies over the period under analysis.
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Whether price varies or not may be regarded as insignificant if capacity is being
examined. This is because capacity has been shown to be a secondary market signal of
cost. The greater the expected capacity for a particular alternative, the lower is the
relative cost of that alternative to the other alternatives.
Table 5.3 outlines the prices of each of the ticket classes in the dataset. The ticket
prices are in 1997 Australian dollars.

Table 5.3
Ticket prices for each class, 1997 $AUD.

5.4.4

Ticket Class

Ticket Price

Class 1

$186

Class 2

$167

Class 3

$153

Class 4

$141

Class 5

$115

Class 6

$93

Class 7

$122

Income

While incomes are typically identified as a key variable in demand analyses, the lack of
disaggregate data in this analysis limited its investigation as a determinant of air-travel
demand. Moreover, given that the dataset is only available over one year, the effect of a
change in real aggregate income is also difficult to identify. Nevertheless, a basic
income variable is provided for inclusion in the regressions.

This variable is the

average weekly earnings in New South Wales in the 1996/1997 financial year in current
dollars and is sourced from the Australian Bureau of Statistics’ Average Weekly
Earnings database (Australian Bureau of Statistics catalogue 6302.0). These data are
summarised in Table 5.5.
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5.4.5

Other explanatory variables

A number of other explanatory variables is also included in the models. Some of these
relate directly to the attributes of the ticket and are therefore only appropriate in the
pooled data model. Others relate to where the flight takes place in time. For instance,
the time of the day, the day of the week, or the coincidence with a particular holiday or
event are also captured as additional explanatory variables. All of these additional
explanatory variables are dummy variables and are briefly outlined below.
The attributes of the tickets were briefly reviewed at the start of this section as part of a
discussion of the differences that exist between each of the alternatives. The data
captures the existence of the following ticketing restrictions (or lack thereof).
•

Completely flexible and refundable ticket.

•

Seasonal flexibility (can be transferred to another flight during the current
season).

•

7-day advance purchase requirement.

•

14-day advance purchase requirement.

•

21-day advance purchase requirement.

•

Non-refundable.

These ticket attributes are similar to those outlined in the Bureau of Transport
Economics Working Paper 41 (1999). There, the Bureau of Transport Economics notes
that discounts were available on 77 percent of all regional routes for the 1996/1997
financial year.
Dummy variables for the existence of each of these restrictions on a particular
observation are used and are summarised at the end of this section in Table 5.5. Like
price, these data are stationary within ticket classes and, as a consequence, are unable to
be included in the estimation of the later models of this chapter. The pooled data
approach, however, is used to reveal any significant relationships between these
restrictions and wider market demand.
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The restrictions are expected to have a negative impact on the demand for travel in the
wider market analysis. In some ways, the restrictions resemble the availability costs
discussed in Chapter 3 of this thesis. That is, they impose requirements (or additional
costs) on the consumer for a particular alternative. A good example of this is the
requirement to book a certain number of days in advance of the flight.
A dummy variable is also used that captures whether a special event was taking place in
Wagga Wagga on the day of the flight. These events were chosen and catalogued from
the Daily Advertiser, the local newspaper in Wagga Wagga. Dates such as those where
major race meetings, carnivals, conferences and cultural events were taking place are
identified in this vector. It is expected that these days (with events in Wagga Wagga)
coincide with periods of heightened demand as travellers visit Wagga Wagga to
participate in them.12
The Bureau of Transport Economics (1999, p.50) pointed out that air travel exhibits
both time of day and day of week patterns of demand. They note that:
“People, particularly those travelling for business, tend to want to
fly early in the morning and/or in the evening, in order to gain a
full day in their location” and “Leisure travellers often leave Friday
evening after work to make the most of their time off.”
As a result, in this study, dummy variables are used to represent whether the flight is on
a Monday or Friday or is on a weekend. For classes that are expected to appeal to
business travellers (such as Class 1 and Class 2), it is expected that demand will be
heightened midweek. For other classes (such as Classes 4, 5 and 7) demand is expected
to be higher on weekends because of the leisure period this captures. Demand for these
more restrictive classes is also anticipated to be higher on Fridays and Mondays as
people extend their weekends.

12

A number of these events are well recognised on the event calendar for New South Wales – a good
case being the Wagga Gold Cup which is a recognized racing event in New South Wales.
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Along the same lines as the day of the week variable, a time of day variable is also used.
This captures whether the flight is a morning or evening flight or whether the flight is
during working hours. It was anticipated that this would capture any differences that
exist between the preferences of the travellers for each of the different ticket classes.
Generally, it was expected that the early morning and evening flights would be more
highly sought by business travellers who meet during the day.
Two more date related dummy variables are also used. They are a public holiday
dummy and a school holiday dummy.

Again, these are included to capture the

preference for travel by certain categories of traveller at these times. It would be
expected that the discounted ticket classes will have heightened demand during these
times while the flexible business ticket classes will have reduced demand.
A marketing variable was also included. This variable, called OWNADS, counted the
number of advertisements for travel on Kendell Airlines that appeared in the local
newspaper, The Daily Advertiser, in the previous week. If this variable were to have
any empirically identifiable effect on the data, it would be expected to be positive.
Oil prices are also included as a proxy for petrol prices. As airfares are observed to be
constant over the course of this dataset, changes in petrol prices reflect a shift in the
relative airfare against road travel. The daily West Texas Intermediate spot price,
converted to Australian dollars at the foreign exchange rate is used. If an effect is
empirically identifiable, it would be expected to be positive (that is, an increase in petrol
prices reduces the relative price of air-travel and makes it more likely that consumers
will choose air-travel over road travel).
Table 5.4 provides a summary of the explanations (including expected coefficient signs)
and sources of the data that are used in the regressions. Table 5.5 then summarises the
data that is used in the pooled and single class regressions.
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5.4.6

Correlation between the variables and multicollinearity

Given the method of construction of the expected capacity variables, a degree of
collinearity may be expected between the expected capacity variable of the own class
and the expected capacity variable of the cross classes (or average of the cross classes in
the pooled data analysis). Table 5.6 presents the correlation matrix of the variables used
in the linear pooled data models.

Table 5.7 presents the correlation matrix of the single class equation data. Notably,
there is a high degree of correlation between some of the expected capacity variables.
For instance, the correlation between the expected capacity of Class 5 and Class 3 is
0.74 and between the expected capacity of Class 5 and Class 4 is 0.85. In general
however, the pair-wise correlations do not indicate any significant multicollinearity
concerns. The presence of correlation across the independent variables will not cause
any bias in the estimates, but it may increase the reported standard errors.
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Table 5.4
Variable descriptions and sources
VARIABLE
NAME
SALESk
CAPk
EXCAPk

LOGIT-EXCAPk

OTHEREXCAP

PRICE

EARNINGS

SPILLS

DAYSn

FLEX

SEASFLEX

SCHHOL

PUBHOL

MONFRI and
WEEKEND

WORKHRS

MORNING and
EVENING

OWNADS

PETROL

WGAEVENT

INFORMATION
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Total sales in class k
The total number of tickets available in class k.
Calculated as per Section 1.1.1.
The expected capacity of class k.
Average of the capacity constraint for the ticket class on that particular flight for the last 4 weeks.
Data provided by Kendell Airlines.
Expected sign of coefficient: + for own class, - for other class.
The difference between the expected capacity of the class being observed and class k.
Data provided by Kendell Airlines
Expected sign of coefficient: +
The average expected capacities for the other 6 ticket classes on the observed class’ flight.
Data provided by Kendell Airlines.
Expected sign of coefficient: The price of the ticket in Australian dollars.
Data provided by Kendell Airlines.
Expected sign of coefficient: State average weekly earnings for New South Wales.
Source: ABS Catalogue 6302.0
Expected sign of coefficient: +
A count of the number of other classes at capacity on the flight of the observation.
Based on the constructed capacity series outlined in Section 1.1.1
Base data provided by Kendell Airlines.
Expected sign of coefficient: +
Dummy variable = 1 when the observation ticket has an n day advance purchase requirement.
Data provided by Kendell Airlines.
Expected sign of coefficient: Dummy variable = 1 when the observation ticket is fully flexible and fully refundable.
Data provided by Kendell Airlines.
Expected sign of coefficient: +
Dummy variable = 1 when the observation ticket is refundable and can be transferred to another flight
within the season.
Data provided by Kendell Airlines.
Expected sign of coefficient: +
Dummy variable = 1 when the observation flight is during a school holiday.
Source: School calendar data.
Expected sign of coefficient: + for leisure classes, - for business classes.
Dummy variable = 1 when the observed flight is on a public holiday.
Source: Wikipedia.org
Expected sign of coefficient: + for leisure classes, - for business classes
Dummy variable MONFRI = 1 when the observed flight is on a Monday or Friday, WEEKEND = 1
when the observed flight is on a Saturday or Sunday
Flight timetable data provided by Kendell Airlines.
Expected sign of coefficient: + for leisure travellers, - for business travellers
Dummy variable = 1 when the observed flight is between 9:00 and 17:00 local time.
Flight timetable data provided by Kendell Airlines.
Expected sign of coefficient: + for leisure travellers, - for business travellers.
Dummy variable MORNING = 1 when the observed flight is before 6:00, EVENING = 1 when the
observed flight is after 17:00.
Flight timetable data provided by Kendell Airlines.
Expected sign of coefficient: + for business classes, - for leisure classes
Number of ads for Kendell Airlines flights published in the Daily Advertiser in the previous week.
Data gathered from The Daily Advertiser archives.
Expected sign of coefficient: +
Daily West Texas Intermediate spot price converted to Australian dollars
Source: Freelunch.com and Oanda.com.
Expected sign of coefficient: +
Dummy variable = 1 if the observed flight took place on the day of a major event in Wagga Wagga.
Data gathered from The Daily Advertiser archives and using the flight timetable data provided by
Kendell Airlines.
Expected sign of coefficient: +
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Table 5.5
Summary of the data
MEAN

MAX

MIN

STD.DEV

SALES1
SALES2
SALES3
SALES4
SALES5
SALES6
SALES7
SALES (pooled data)
CAP1
CAP2
CAP3
CAP4
CAP5
CAP6

9.87
1.42
1.01
0.93
1.40
4.47
4.98
3.44
19.79
4.25
3.43
13.13
13.60
16.61

34.00
22.00
21.00
16.00
20.00
21.00
26.00
34.00
34.00
24.00
23.00
25.00
25.00
24.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
5.00

17.49
12.31
11.84
8.98
11.16
11.06
13.80
4.68
17.08
12.81
12.41
12.51
12.52
9.58

CAP7
CAP (pooled data)
EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
EXCAP (pooled data)
OTHEREXCAP
LOGIT-EXCAP1
LOGIT-EXCAP2
LOGIT-EXCAP3
LOGIT-EXCAP4
LOGIT-EXCAP5
LOGIT-EXCAP6
LOGIT-EXCAP7
PRICE
EARNINGS
SPILLS
DAYS21
DAYS14
DAYS7
FLEX
SEASFLEX
SCHHOL
PUBHOL
MONFRI
WEEKEND
WORKHRS
MORNING
EVENING
OWNADS
PETROL
WGAEVENT

5.72
10.93
17.77
5.58
4.64
13.81
12.86
14.10
7.83
10.94
10.94
0.06
0.03
-0.03
0.02
0.05
0.02
-0.04
139.57
573.53
2.21

26.00
34.00
30.40
19.60
20.20
24.20
24.00
23.40
17.40
30.40
22.80
-27.80
-27.40
-23.60
-27.40
-28.60
-27.60
-28.80
186.00
580.00
6.00

0.00
0.00
8.40
0.00
0.20
1.80
2.40
4.00
0.80
0.00
2.63
27.60
25.40
28.60
25.00
25.20
25.40
27.00
93.00
568.50
0.00

13.66
7.89
11.04
10.10
10.50
11.21
10.80
9.70
8.33
5.91
2.97
7.56
7.65
7.51
7.52
7.56
7.66
7.81
29.69
4.05
3.03

0.14
0.14
0.14
0.14
0.14
0.20
0.03
0.29
0.29
0.50

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.35
0.35
0.35
0.35
0.35
0.53
0.57
0.51
0.51
0.50

0.25
0.25
0.24
28.87
0.04

1.00
1.00
1.00
33.03
1.00

0.00
0.00
0.00
25.25
0.00

0.43
0.43
0.43
2.45
0.57
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Table 5.6
Correlation matrix for pooled data models
DAY14

DAY21

DAY7

EARNINGS

EVENING

EXCAP

FLEX

MORNING

MONFRI

NOREFUND

OTHEREXCAP

OWNADS

PETROL

PRICE

PUBHOL

SCHHOL

SEASFLX

SPILLS

WEEKEND

DAY14
DAY21

-0.17

DAY7

-0.17

-0.17

EARNINGS

0.00

0.00

0.00

EVEING

0.00

0.00

0.00

0.00

EXCAP

0.20

0.13

-0.44

-0.01

FLEX

-0.17

-0.17

-0.17

0.00

-0.26
0.00

0.47

MORNING

0.00

0.00

0.00

0.00

-0.33

0.11

MONFRI

0.00

0.00

0.00

0.00

0.00

-0.04

0.00

0.00

NOREFUND

0.26

0.26

0.26

0.00

0.00

-0.08

-0.65

0.00

OTHEREXCAP

-0.04

-0.07

-0.07

-0.01

-0.55

0.20

-0.16

0.21

-0.08

0.03

OWNADS

0.00

0.00

0.00

-0.03

0.00

-0.03

0.00

0.00

-0.03

0.00

-0.06

PETROL

0.00

0.00

0.00

-0.59

0.00

0.03

0.00

0.00

0.00

0.00

0.06

PRICE

-0.34

-0.64

0.02

0.00

0.00

-0.04

0.64

0.00

0.00

-0.79

0.01

0.00

0.00

PUBHOL

0.00

0.00

0.00

0.03

0.00

-0.01

0.00

-0.01

-0.01

0.00

-0.03

-0.04

0.01

0.00

SCHHOL

0.00

0.00

0.00

-0.17

0.00

0.02

0.00

0.00

0.01

0.00

0.04

0.03

0.52

0.00

0.29

SEASFLX

-0.17

-0.17

-0.17

0.00

0.00

-0.37

-0.17

0.00

0.00

-0.65

0.12

0.00

0.00

0.38

0.00

0.00

SPILLS

0.10

0.10

0.10

0.06

0.33

-0.03

0.08

-0.05

0.11

0.01

-0.47

-0.02

-0.03

-0.05

0.06

0.06

-0.10

WEEKEND

0.00

0.00

0.00

0.01

0.00

0.01

0.00

0.00

-0.40

0.00

0.03

0.10

0.01

0.00

0.06

0.05

0.00

-0.13

WGAEVENT

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

-0.02

0.00

0.00

-0.01

0.01

0.00

0.13

0.05

0.00

0.00

0.00

0.00

-0.02

0.08
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Table 5.7
Correlation matrix for single class linear models
EXCAP1 EXCAP2 EXCAP3 EXCAP4 EXCAP5 EXCAP6 EXCAP7 WGAEVENT MONFRI WEEKEND PUBHOL SCHHOL SPILLS
EXCAP1
EXCAP2

0.50

EXCAP3

0.34

0.72

EXCAP4

0.31

0.66

0.61

EXCAP5

0.10

0.51

0.74

EXCAP6

-0.09

0.49

0.63

0.81

0.90

EXCAP7

0.00

0.46

0.47

0.55

0.53

0.46

WGAEVENT

-0.01

0.00

0.01

0.00

0.01

0.02

-0.04

MONFRI

0.01

-0.06

-0.04

-0.09

-0.09

-0.08

-0.08

WEEKEND

-0.19

-0.02

0.01

0.07

0.10

0.16

-0.03

0.08

-0.40

PUBHOL

-0.07

-0.03

-0.06

0.00

-0.02

0.2

0.01

0.13

-0.01

0.06

SCHHOL

-0.09

0.03

0.03

0.01

0.06

0.03

0.22

0.05

0.01

0.05

0.29

SPILLS

-0.16

-0.33

-0.38

-0.44

-0.45

-0.41

-0.21

0.00

0.12

-0.13

0.06

0.06

WORKHRS

-0.22

0.05

0.18

0.39

0.45

0.53

0.06

0.00

0.00

0.00

0.01

0.00

0.85

-0.02

-0.26
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5.5 RESULTS
This section presents the regression results based on the model specifications presented
in Chapter 4 and using the data presented in the preceding sections of this chapter. The
first set of results uses the aggregate multinomial logit and linear-logit specifications
presented in Chapter 4. Following these results, the pooled ordinary least squares and
Tobit models are presented. The next sub-section then provides single class ordinary
least squares and Tobit results and concludes with the quasi-maximum likelihood
estimation of the system of equations.

As a general overview, the own expected capacity variable in each of the models is
positive and usually significant. Moreover, the coefficient(s) on the expected capacity
for other classes in the set is usually negative and significant. As has been discussed,
there is a number of issues with the price vector in the dataset. However, where price is
included in a regression, it is signed as expected. In the models where it was possible to
include variables to capture different restrictions on the tickets, the coefficients on these
variables were as expected.

5.5.1

Aggregate multinomial logit results

Section 4.2 of Chapter 4 presented a specification of an aggregate multinomial logit
model, which was broadly based on the prototypical econometric discrete choice model.
The section here presents the results and commentary on the application of the
aggregate multinomial logit model to the air-travel dataset described in the earlier
sections of this chapter.

Table 5.8 presents the results from the estimation of the aggregate multinomial logit
model.

Included in the model are the price of the ticket, the expected capacity

(EXCAP) for the ticket class, the average expected capacity of the other ticket classes
(OTHEREXCAP), and the number of other classes that are at capacity (SPILLS). The
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income variable described earlier in the chapter was also included (EARNINGS).
Finally, a range of ticket attribute dummies is included.

This estimation provides initial evidence that expected capacity, and consequently
availability, has a positive effect on the likelihood that a consumer will choose a
particular class. Indeed, the coefficient on the expected capacity variable, EXCAP,
implies an aggregate elasticity of the probability of choosing an alternative of around
0.52.

Table 5.9 presents the individual class elasticities based on the aggregate multinomial
logit results. These indicate that the discount ticket classes, Classes 4, 5 and 6, tend to
have higher expected capacity elasticities than the business tickets.

Class 1, the

unrestricted ticket class, has a relatively high elasticity, though this may be a result of
the inability to account completely for the yield management interference in this setting.
Nevertheless, it is clear from the initial results that the expected capacity variable is
providing the result that was hypothesised in Chapter 3.

The average other capacity variable, OTHEREXCAP, also performs as expected. An
aggregate elasticity of -0.39 is implied by the coefficient. This suggests that as the
expected capacity increases in other classes, consumers may have a lower probability of
being observed to choose the class under inspection.

This is consistent with the

hypothesis presented in Chapter 3, which suggested that consumers would respond to
shifts in expected availability in alternatives in the choice set.

The individual class elasticities suggest that, except for consumers of Class 1,
consumers respond in generally the same way to changes in the expected capacity of
other classes. Consumers of Class 1 appear to be less responsive to changes in the
average capacity of the other classes. This, too, is consistent with the expectations
expressed in Chapter 3. Consumers who are generally price inelastic may also not be
expected to consider changes in the relative availability of other ticket classes.
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Table 5.813
Multinomial logit results
Variable
PRICE
EXCAP
OTHEREXCAP
SPILLS
MORNING
EVENING
DAY21
DAY14
DAY7
FLEX
SEASFLEX
SNRCIT
SCHHOLS
PUBHOLS
EARNINGS
LR –GOF

χ 2 (15)

Estimates
-0.046
(-48.473)***

0.055
(35.024)***

-0.049
(-19.010)***

0.187
(37.845)***

-0.096
(-6.750)***

-0.073
(-4.219)***

-0.991
(-55.381)***

-2.042
(-72.652)***

-1.343
(-34.389)***

2.800
(43.560)***

0.910
(22.111)***

-0.992
(-55.401)***

0.019
(0.640)

-0.004
(-0.209)

0.007
(0.635)
24930***

LR-GOF is the likelihood ratio goodness of fit specified in
Section 4.5.2.1. Numbers in brackets are t-statistics. ***
indicates significance at the 1 % level, ** indicates significance
at the 5 % level, and * indicates significance at the 10 % level.

13

In these results, the constant is class specific and captured in the dummy variable identifying the
particular characteristic of each ticket class.
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While price is only variable across the ticket classes, some limited information may be
contained in the interpretation of the coefficient. The aggregate price elasticity of the
probability of observing an alternative being chosen is -3.7. The elasticity is negative,
which is expected, and is of a reasonable magnitude.

However, it would be

inappropriate to over-interpret this coefficient given the underlying invariability of the
price variable. The income variable was found to be insignificant as a determinant of
the choice. Caution should be exercised with this finding because the income variable
is poorly specified.
Table 5.9
Aggregate multinomial logit class elasticities

Class 1
Class 2
Class 3
Class 4
Class 5
Class 6
Class 7

PRICE
-3.12
-6.80
-6.44
-5.97
-4.71
-2.85
-3.41

EXCAP
0.59
0.29
0.24
0.73
0.67
0.63
0.34

OTHEREXCAP
-0.29
-0.55
-0.56
-0.49
-0.49
-0.42
-0.44

The coefficient on the variable that identifies the number of other classes at capacity,
SPILLS, is positive and significant. This indicates that as other classes reach capacity,
consumers spill into the classes that have remaining capacity. The significance of the
coefficient also signals that demand may be heavily correlated across classes.

Finally, the remaining dummy variables all capture a range of ticket class attributes.
These dummy variables highlight the preference for flexible airfares, other things held
constant, over the advance purchase or age requirements. They also suggest that the
presence of a holiday on the day of the flight has a negligible effect.

In all, the aggregate logit model appears to present the type of results that were
predicted by the model of consumer choice presented in Chapter 3. Coefficients are
signed as expected and the magnitudes of the elasticities on the expected capacity
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variables appear to be reasonable. These results suggest that consumers may respond to
an expectation of availability when purchasing air-tickets on this route.

5.5.2

Linear logit panel regressions

Section 4.3.3 of Chapter 4 outlines the specification of a simple linear-logit model of
demand. This model is similar in character to the aggregate multinomial logit model
presented in the previous section. The dependent variable is a volume share variable –
it represents the proportion of demand for a ticket class on a particular flight.

One key difference is in the specification of some of the explanatory variables in this
model.

In particular, the expected capacity variables are presented as difference

variables. That is, they represent the difference between the expected capacity of the
class of the dependent variable and the expected capacity of the class of the independent
variable.

Table 5.10 presents the results of the ordinary least squares estimation of the linear-logit
model, which was outlined in Chapter 4. The R-squared value for the linear-logit model
is relatively good and suggests an underlying goodness of fit of this specification.
However, RESET specification tests and White’s test for heteroskedasticity suggested
that there may be a misspecification in the regression and that heteroskedasticity may be
present.

The AR(1) test is significant, suggesting that auto-correlation exists in the estimation.
To overcome both the heteroskedasticity and auto-correlation concerns, the OLS
estimates are presented with t-ratios based on the Newey-West HAC covariance matrix.
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Table 5.10
OLS pooled data linear-logit estimates
Variable

Estimates

CONSTANT

2.714
(17.301)***

PRICE

-0.032
(-28.452)***

LOGIT-EXCAP1

0.028
(9.554)***

LOGIT-EXCAP2

0.013
(3.870)***

LOGIT-EXCAP3

0.025
(6.994)***

LOGIT-EXCAP4

-0.001
(-0.221)

LOGIT-EXCAP5

0.002
(0.730)

LOGIT-EXCAP6

0.011
(2.556)**

LOGIT-EXCAP7

0.008
(3.436)***

DAYS21

-1.334
(-21.151)***

DAYS14

-1.343
(-29.862)***

DAYS7

-0.733
(-16.992)***

SEASFLEX

0.546
(13.580)***

FLEX

1.609
(16.493)***

MORNING

0.024
(1.319)

EVENING

0.002

R2

(0.115)
0.495

LR –GOF

χ 2 (15)

RESET F(3,6589)
White Hetero χ

2

(22)

4514***
8.906***
11.227***

AR(1) T-stat
12.691***
LR-GOF is the likelihood ratio goodness of fit specified in
Section 4.5.2.1. Numbers in brackets are t-statistics and are
based on the Newey-West HAC Covariance matrix. ***
indicates significance at the 1 % level, ** indicates significance
at the 5 % level, and * indicates significance at the 10 % level.
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Table 5.11 presents the implied elasticities of the key variables and an aggregate
elasticity for the expected capacity variables. These elasticities can be interpreted as the
proportional effect on a class of an increase in its expected capacity with respect to the
class of the elasticity. For instance, an increase in the difference between the expected
capacity of any class (a ‘generic’ class) and Class 2 by one per cent will result in a 0.07
per cent increase in the volume share of the generic class.

Table 5.1114
Elasticities of the linear-logit specification
Variable

Elasticity

PRICE

-3.85***

EXCAP1

-0.17***

EXCAP2

0.07***

EXCAP3

0.15***

EXCAP4

0.00

EXCAP5

-0.01

EXCAP6

-0.04**

EXCAP7

0.03***

*** indicates parameter was significant at
the 1 % level, ** indicates significance at
the 5 % level.

Of the capacity variables, only classes four and five have insignificant coefficients. The
elasticities for the expected capacities are, however, very small with varying signs.
Class 1 has a negative elasticity, which suggests that when the generic class has an
increase in capacity relative to class one, its demand will fall. These elasticities suggest
that demand falls when the expected capacity increases in those classes – perhaps as
consumers either shift off the flight to an alternative flight or form of transport, or
choose not to travel at all. Conversely, the demand for the generic class increases when
expected capacity rises relative to Classes 2, 3 and 7.

14

The calculation of the elasticity for the linear-logit model is specified in equation 4.31.
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Dummies were also included for the restrictions and flexibilities on each of the tickets.
As with the earlier models, the signs for the coefficients on these dummies were as
expected and significant. Additionally, the coefficients on dummies for morning and
evening flights were also significant. The coefficient on the price variable was negative
and significant, as expected. While the invariable nature of the price data warns against
the over-interpretation of this coefficient, the elasticity suggests that a one per cent
increase in the price of a ticket class results in a 3.8 per cent reduction in the proportion
of seats sold in that ticket class.

In summary, the linear-logit model results suggest that, as expected, there is generally
only a very small effect on demand from an increase in the expected capacity of a ticket
class. The use of difference variables also makes it difficult to interpret adequately the
consumer behaviour completely. Moreover, there are some diagnostic concerns with
the specification that may throw some doubt on the overall quality of these results.
Finally, the effect of the capacity constraint is not taken into account in the linear-logit
specification, suggesting a censoring bias may be present. The pooled and single class
models in the next section may therefore indicate whether the initial results suggested
by this model are indicative of an actual effect in the data.

5.5.3

Linear pooled regressions

This sub-section presents results based on pooled data for both the ordinary least
squares (OLS) specifications presented in Section 4.3.1 and Section 4.3.2 and the Tobit
specifications presented in Section 4.4. Table 5.13 presents the pooled data model
estimates using both the standard and Tobit methodologies.

Model selection

A diagnostic investigation of the ordinary least squares estimates indicates a significant
heteroskedasticity problem. As a consequence, the Newey-West HAC covariance
matrix is used to calculate t-ratios.
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RESET and AR tests are reported in table 5.14 for the OLS estimated model. The
RESET test values for the OLS estimated model point to significant specification errors.
The pooled data model assumes constant coefficients for each of the classes estimated.
This may be the cause of the high RESET values. Indeed, the single class equations that
are presented later in this chapter perform markedly better on this test, thus the
assumption of constant coefficients may be inadequate.

Endogeneity between the expected capacity variable and the dependent variable may
also be a factor in the misspecification. A Hausman test was conducted on the OLS
model to investigate the endogeneity of the expected capacity variable.

Expected

capacity was lagged by one flight, two flights and three flights to generate a set of
instruments for the Hausman tests. In the OLS model, the coefficient on the residual of
the expected capacity regression in the original regression was significantly different to
zero.

The Pagan and Vella tests in Table 5.13 indicate that heteroskedasticity, non-normality,
specification error and auto-correlation are problems for the pooled Tobit model.
Again, these results could indicate the fundamental problem of assuming constant
coefficients for the various ticket classes. In particular, the heteroskedasticity appears to
be related to the majority of independent variables – most significantly SPILLS and the
advance purchase requirement dummy variables. With regard to normality, excessive
kurtosis exists, though excessive skewness does not. The RESET specification error
tests also point to significant problems for the specification. AR(1) appears to be a
significant problem for the Tobit model, reinforcing the likelihood of underlying autocorrelation.

The existence of simultaneous diagnostic problems raises questions about the validity of
these independent conditional moment tests. As Section 4.5.2.4 notes, there is some
reason to suspect that the tests for normality may be adversely affected by the presence
of misspecification and heteroskedasticity in the model. In any event, given these test
results, some care should be taken in the interpretation of the results. In particular, non-
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normality and heteroskedasticity produces inconsistent Tobit estimates. However, Tobit
estimates remain consistent in the presence of auto-correlation.

To overcome the heteroskedasticity problem, a heteroskedastic Tobit model is also
estimated using the specification in Section 4.5.2.6. These results overcome the issue of
heteroskedasticity and account for the censoring of the dependent variable. There
remains a concern on the consistency of the coefficients because of potential nonnormality in the error term.

Future research may be able to overcome this by

embedding the regression in an alternative error distribution specification.
Table 5.12
Second conditional moment tests for heteroskedasticity
Heteroskedasticity
t-stat
EXCAP
11.190
OTHERCAP
10.731
SPILLS
15.073
DAY21
13.705
DAY14
12.456
DAY7
18.675
SEASFLEX
0.553
FLEX
5.513
PRICE
7.948
PETROL
2.297
PUBHOL
3.303
SCHHOL
4.112
MORNING
2.644
EVENING
14.199
MONFRI
5.327
OWNADS
2.485
WGAEVENT
1.168
EARNINGS
4.562

p-value
0.000
0.000
0.000
0.000
0.000
0.000
0.580
0.000
0.000
0.022
0.001
0.000
0.008
0.000
0.000
0.013
0.243
0.000

‘t-stat’ is the t-statistic on the constant term in a
regression of the dependent variable in equation 4.38
on a constant and the scores of the likelihood
function.
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Table 5.13 Pooled data estimates
Variable
CONST
EXCAP
OTHERCAP
SPILLS
DAY21
DAY14
DAY7
SEASFLEX
FLEX
PRICE
PETROL
PUBHOL
SCHHOL
MORNING
EVENING
MONFRI
OWNADS
WGAEVENT
EARNINGS
R2
LR –GOF

χ 2 (19)

112.586
(12.755)***
0.331
(18.371)***
-0.423
(-16.335)***
0.808
(19.793)***
-24.646
(-18.969)***
-19.144
(-22.929)***
-9.383
(-26.508)***
5.996
(14.369)***
15.270
(17.853)***
-0.398
(-18.015)***
-0.062
(-2.536)**
-0.663
(-2.157)**
-0.522
(-3.505)***
-0.508
(-4.898)***
0.693
(4.962)***
-0.198
(-2.025)**
0.229
(2.503)**
-0.011
(-0.047)
-0.082
(-6.349)***

0.000
(0.666)
0.027
(7.367)***
-0.017
(-3.262)***
0.175
(18.382)***
-2.317
(-18.309)***
-1.954
(-24.428)***
-1.479
(-23.268)***
0.160
(1.644)*
0.252
(1.712)*
-0.024
(-9.205)***
-0.017
(-3.360)***
-0.014
(-0.210)
0.220
(6.766)***
0.102
(4.043)***
0.249
(8.143)***
0.089
(3.832)***
-0.039
(-1.704)*
0.097
(1.830)*
0.007
(11.273)***

4880.46***

4880.46***

6451.88***

White Hetero χ 2 (23)

1398.672***

AR(1) T-Stat
RESET βˆ ′x 2 T-stat

20.07***

Skewness T-stat
Kurtosis T-stat

47.092
(4.142)***
0.415
(20.750)***
-0.508
(-16.387)***
1.369
(24.018)***
-16.353
(-36.666)***
-15.190
(-47.618)***
-10.329
(-35.740)***
3.835
(12.252)***
9.718
(16.872)***
-0.235
(-29.375)***
-0.031
(-0.886)
-0.444
(-1.258)
-0.569
(-2.995)***
-0.321
(-2.309)**
0.109
(0.637)
-0.207
(-1.556)
0.172
(1.229)
0.003
(0.010)
-0.012
(-0.667)
0.659

7.494
(1.704)*
0.322
(17.999)***
-0.326
(-15.619)***
0.705
(27.749)***
-6.187
(-20.765)***
-6.719
(-35.144)***
-5.097
(-28.806)***
1.345
(12.713)***
6.601
(17.012)***
-0.093
(-18.844)***
-0.017
(-1.247)
-0.013
(-0.087)
0.001
(0.015)
-0.177
(-3.082)***
0.055
(0.722)
0.008
(0.151)
0.078
(1.521)
0.007
(0.059)
0.016
(2.349)**
0.498

14.099***
163.586***

3

Hetero Alpha
Values

Tobit

Hausman T-Stat
RESET F(3,9333)

( )
RESET βˆ ′x T-stat
( )

Hetero Consistent
Tobit

OLS

9.84***
3.786***
2.622***
0.821
14.464***

Notes: Dependent variable is the number of sales. Numbers in brackets are t-stats and, for the OLS estimates, are based on the Newey-West HAC
covariance matrix. LR-GOF is the likelihood ratio goodness of fit specified in equation 4.33. RESET F-statistics are calculated on the
heteroskedasticity corrected estimates. *** represents significance at the 1% level. ** represents significance at the 5% level. * represents
significance at the 10% level. Hausman test is a test for endogeneity with the expected capacity (EXCAP) variable of the own class using 1 flight, 2
flight and 3 flight lagged instruments. The White tests are displayed as observations multiplied by R-squared. AR(1) for the OLS estimates is the t-stat
on the heteroskedastic consistent coefficient of a one period lag in a regression of the residual on a constant and the lagged residual. AR(1) for the
Tobit is specified in Section 4.5.2.5.

157

Table 5.14
Implied elasticities of the heteroskedastic consistent Tobit pooled model
Variable
EXCAP
OTHEREXCAP
PRICE
SPILLS
EARNINGS

Elasticity
0.57
-0.73
-8.73
0.25
-7.39

Commentary on the coefficients

The results that are the focus of this commentary are presented in Table 5.13. The Tobit
model appears to outperform the ordinary least squares model. There is also a notable
change on the values of the coefficients in the models. In particular, the coefficients on
the advance purchase requirements change such that the length of the advance purchase
requirement orders the values of the coefficients. For these pooled models, at least,
these results suggest that the Tobit estimates are to be preferred over the OLS estimates.
Given the presence of heteroskedasticity, heteroskedastic Tobit estimates are produced
and are the basis of the discussion below. The Tobit elasticities, using the marginal
effect on the observed dependent variable, are presented in Table 5.14.

It is immediately obvious that the particular variables of interest in this work, the
expected capacity and spillover variables, are significant and have signs as expected.
Indeed, the coefficients on expected capacity and spillovers are particularly significant,
suggesting that they play a role in the determination of demand for the ticket class. The
elasticity for expected capacity is 0.57, which suggests that an increase in the expected
capacity for a ticket class of 1 per cent raises the sales in that ticket class by 0.57 per
cent. The elasticity on the average capacity of the other ticket classes is -0.73. This
suggests that consumers are less likely to buy a ticket in one ticket class if the capacity
in another ticket class increases. Again, this is consistent with the ideas developed in
Chapter 3.
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Price is particularly significant, despite the problems with the vector of prices.
Recalling that there are only seven ticket prices and that these are unchanging over the
year, this finding on pricing is surprising. The elasticity on price of -8.73, however,
reveals the underlying problem with the variable. This elasticity suggests that a 1 per
cent increase in the price of a ticket will lead to an 8.73 per cent reduction of a ticket –
stronger than any elasticity in other analyses of air-travel demand. It is likely that this
reflects the step-like nature of the price variable and the inability to capture a continuous
shift in demand into and out of air-travel and between the ticket classes.

Income, which has even less variability over the series of the data, has an unexpected
negative sign. This may, however, be reflecting a general time trend in the data.
Indeed, the elasticity on the income variable EARNINGS, is very unlikely to be
meaningful.

The indicators of flexibility and advance purchase requirement behave as expected and
are significant. Notably, the 14-day advance purchase and 21-day advance purchase
requirements have a very significant negative impact on the dependent variable. The 7day advance purchase has a lower coefficient but is still significant. Conveniently, the
magnitudes of the advance purchase requirements are ordered by their restrictiveness.
Ticket flexibility has a positive impact on the number of tickets sold in the ticket class.
SEASFLEX and FLEX both have positive and significant coefficients.

Date and time effects, such as whether the flight was during a morning, during the
week, or on a weekend also provide an interesting insight into the pattern of demand.
The coefficient on the dummy variable for morning flights suggests that demand is
weaker in the morning, while the coefficient on the EVENING variable suggests that
demand is stronger after five o’clock in the evening.

Monday and Friday flights

(MONFRI) are suggested to have lower demand, perhaps reflecting a prevalence of
business travellers on this route. Both school holidays and public holidays have a
negative effect on air-travel demand on the route. However, an important contribution
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of the following single class models is the indication that these effects differ across
classes.

The variable, OWNADS, captures the advertisement intensity in the local Wagga
Wagga newspaper, the Daily Advertiser. As expected, this creates a small positive
effect on the ticket sales for a representative ticket class.

Finally, PETROL (which is based on the daily oil price) has a negative sign, but is
slightly significant. This variable is used as a weak proxy of a substitute transport mode
on the Wagga Wagga to Sydney route.

Its unexpected negative sign and low

significance suggests that this proxy may be too weak or inappropriate.

Summary

The pooled Tobit model provides a useful general overview of the pattern of demand for
air-travel on the Sydney to Wagga Wagga route. While the specification of these
models is not completely consistent with the discrete choice model, the models do offer
a specification that is feasible considering the data constraints.

The models suggest that expected capacity may be a useful determinant of demand, but
there is a range of diagnostic concerns with the regressions. These concerns were
somewhat alleviated through Tobit estimation and through the application of a
heteroskedastic consistent maximum likelihood estimator. As has been noted from the
outset of this empirical analysis, these results should not be used as absolute evidence of
an expected capacity effect, but as a motivator for further analysis with more
disaggregated data. The use of disaggregated data will allow the application of a model
specification more conducive to the underlying consumer behaviour outlined in
Chapter 3.

Nevertheless, these pooled results remain a source of useful and informative data on the
general nature of air-travel demand on this regional Australian route. The next sub-
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section takes the pooled data modelling to a more disaggregated level by analysing
ticket-class demand functions.

This allows the extrication of information on the

behaviour of consumers in different ticket classes, such as the role that expected
capacity plays in business ticket classes and leisure ticket classes. Other information,
such as the role of day and time on the different ticket types is also examined.

5.5.4

Individual class regressions

Chapter 4 noted that additional information might be found in the estimation of
individual regressions for each of the classes of ticket available on the flights. This
section reviews the estimates from the OLS and Tobit estimations of the linear data
models for each of the individual classes. Results are also presented from the quasimaximum likelihood estimation of the system of Tobit regressions where additional
efficiency is gained by accounting for the correlation in the error terms of each of the
individual class regressions.15

One of the reasons for potential misspecifications in the pooled models was the imposed
restriction of constant coefficients across classes. Estimation by individual class should
(and does) overcome some of these concerns. Moreover, individual class demand
estimation allows an investigation of the differences between the classes in terms of the
expected capacity variable and other variables of interest.

Price, however, is not

included in these models, as it remains constant within the class over the period of
observation for each individual class.

15

While the quasi-maximum likelihood estimations produced additional efficiency through the capture of
the correlation of the error terms, computation was costly. Estimation of the likelihood function
invariably took longer than 72 hours, while the debugging and re-estimation processes required many
estimations.
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The results generally suggest that expected capacity is a significant determinant of
individual class demands and that cross-expected capacities usually either have a may
negative sign or are insignificant. Other variables also present interesting class specific
information. However, the diagnostic testing of the results indicates that the estimates
are inconsistent without correction. Heteroskedastic consistent estimators are therefore
also provided, though there remains a set of caveats on those estimates as well.16

This section presents the commentary and results from a range of different single class
regressions. Table 5.15 presents the ordinary least squares estimates of the single class
linear specifications. Table 5.16 then presents the respective Tobit estimates. Where
there is comparability in the diagnostic tests (for instance, Ramsey RESET and Tobit
conditional moment RESET), the results of those tests are provided in Table 5.16.
Other conditional moment tests are provided in the text of the analysis. As
heteroskedasticity is revealed as a consistent problem in the results, Table 5.17 presents
a set of heteroskedastic consistent linear estimates. Finally, Table 5.18 and Table 5.19
present the quasi-maximum likelihood estimates for a system of linear equations.

16

Quasi-maximum likelihood heteroskedastic consistent estimation was initially attempted, though initial
estimation was predicted to take in excess of three weeks. This dramatic increase in the length of time
was because of both the increased number of coefficients and the increased complexity of the likelihood
function.
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Table 5.15
Single class ordinary least squares equation estimates
Variable
ONE
EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
SCHHOLS
WGAEVENT
PUBHOLS
WEEKEND
MONFRI
WORKHRS
R2

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

1.220

3.524

1.611

1.747

1.103

2.688

1.979

(0.667)

(5.429)***

(3.296)***

(4.099)***

(1.653)*

(2.533)**

(1.675)

0.494

-0.087

-0.031

-0.048

-0.053

-0.086

-0.181

(6.005)***

(-3.855)***

(-1.582)

(-2.792)***

(-2.145)**

(-2.135)**

(-3.698)***

-0.213

0.220

0.002

0.014

0.023

0.084

0.022

(-2.298)**

(5.630)***

(0.082)

(0.675)

(0.752)

(1.584)

(0.344)

0.023

-0.109

0.026

-0.003

0.032

0.070

-0.119

(0.227)

(-3.726)***

(0.959)

(-0.160)

(0.889)

(1.037)

(-1.709)*

0.038

-0.080

0.030

0.016

-0.111

-0.192

0.339

(0.438)

(-2.698)***

(1.189)

(0.752)

(-2.562)**

(-3.091)***

(4.774)***

-0.513

0.134

0.029

0.080

0.185

-0.063

-0.021

(-4.104)***

(3.896)***

(0.981)

(3.067)***

(3.685)***

(-0.804)

(-0.245)

0.314

-0.084

-0.064

-0.091

-0.045

0.187

-0.148

(2.538)**

(-2.002)**

(-2.040)**

(-3.326)***

(-1.097)

(2.672)***

(-1.951)*

-0.051

-0.054

-0.056

-0.034

-0.127

-0.102

0.311

(-0.574)

(-2.423)**

(-2.509)**

(-1.781)**

(-4.071)***

(-2.116)**

(4.528)***

2.495

0.334

0.203

0.207

0.534

1.232

0.305

(17.56)***

(5.483)***

(5.238)***

(6.139)***

(6.222)***

(10.842)***

(2.445)**

-1.452

-0.745

-0.363

-0.363

1.308

-1.255

2.424

(-2.585)***

(-5.865)***

(-3.360)***

(-3.850)***

(4.829)***

(-4.019)***

(4.185)***

0.886

0.740

-0.190

0.106

-0.457

0.177

-1.415

(0.598)

(1.594)

(-0.921)

(0.588)

(-1.559)

(0.425)

(-1.790)*

-3.557

-0.764

-0.220

-0.255

0.733

-0.058

3.961

(-3.122)***

(-3.795)***

(-0.959)

(-1.272)

(1.313)

(-0.091)

(3.273)***

-2.430

-0.995

0.209

0.108

0.744

2.916

0.559

(-5.808)***

(-8.585)***

(2.055)**

(1.216)

(3.720)***

(10.268)***

(1.611)

-0.405

-0.475

-0.037

-0.006

0.072

0.552

0.626

(-1.137)

(-4.139)***

(-0.389)

(-0.076)

(0.628)

(2.702)***

(2.533)**

-1.416

-0.718

0.035

-0.142

0.438

1.971

0.745

(-3.624)***

(-5.776)***

(0.343)

(-1.570)

(2.821)***

(8.438)***

(2.967)***

0.454

0.236

0.047

0.064

0.253

0.346

0.286

64.52***

89.43***

LR –GOF

χ 2 (15)

809.61*** 360.00***

390.63*** 567.75*** 451.93***

AR(1)

5.435***

2.790***

-0.757

1.294

8.894***

3.058***

8.213***

Hausman T-Stat

1.413

0.406

1.297

3.960***

1.480

2.001**

9.050***

24.50

27.85

3.996***

2.781**

White

χ (22) 200.09*** 117.70***
2

RESET F(3,1321)

13.031*** 14.865***

192.37*** 199.15*** 147.92***
27.941***

3.911***

1.180

Notes: Dependent variable is the number of sales for the class. Each model has 1336 observations. Numbers in brackets are t-stats and are based on the Newey-West HAC
Covariance matrix where the White test reveals likely heteroskedasticity and AR(1) indicate likely auto-correlation. LR-GOF is the likelihood ratio goodness of fit specified in
equation 4.33. RESET F-statistics are calculated on the heteroskedasticity corrected estimates. *** represents significance at the 1% level. ** represents significance at the 5%
level. * represents significance at the 10% level. Hausman test is a test for endogeneity with the expected capacity (EXCAP) variable of the own class using 1 flight, 2 flight
and 3 flight lagged instruments. The White tests are displayed as observations multiplied by R-squared.
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Table 5.16
Single class two-limit Tobit equation estimates
Variable

Class 1

ONE

-0.454

5.811

2.619

1.135

1.162

2.569

8.771

(0.255)

(2.217)**

(1.008)

(1.320)

(1.054)

(1.961)**

(1.706)

0.506

-0.126

-0.128

-0.080

-0.132

-0.113

-1.023

(7.027)***

(-1.273)

(-1.243)

(-2.290)**

(-2.933)***

(-2.173)**

(-4.693)***

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
SCHHOLS
WGAEVENT
PUBHOLS
WEEKEND
MONFRI
WORKHRS

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

-0.210

0.583

0.116

0.074

0.054

0.133

-0.111

(-2.308)**

(4.793)***

(0.921)

(1.721)*

(0.947)

(2.046)**

(-0.388)

0.061

-0.313

0.029

-0.023

0.106

0.088

-0.692

(0.610)

(-2.353)**

(0.201)

(-0.479)

(1.683)*

(1.333)

(-2.239)**

0.053

-0.362

-0.002

-0.035

-0.154

-0.241

1.402

(0.576)

(-3.042)***

(-0.015)

(-0.814)

(-2.852)***

(-4.017)***

(5.043)***

-0.561

0.270

0.151

0.203

0.281

-0.045

0.806

(-5.147)***

(1.849)*

(0.950)

(3.980)***

(4.532)***

(-0.634)

(2.669)***

0.360

-0.185

-0.242

-0.173

-0.125

0.185

-0.950

(3.158)***

(-1.164)

(1.480)

(-3.264)***

(-1.812)*

(2.313)**

(-2.905)***

-0.054

-0.056

-0.240

-0.059

-0.236

-0.116

0.439

(-0.667)

(-0.538)

(-2.124)**

(-1.513)

(-4.627)***

(-2.110)**

(1.682)*

3.106

2.380

2.007

0.544

0.918

1.441

3.268

(21.274)***

(13.005)***

(9.936)***

(8.242)***

(12.079)***

(16.563)***

(6.471)***

-1.417

-2.736

-3.351

-0.873

1.812

-1.610

3.356

(-3.597)***

(-5.472)***

(-5.670)***

(-4.547)***

(8.468)***

(-6.389)***

(2.957)***

1.051

2.085

-1.427

0.289

-0.879

0.149

-1.012

(1.390)

(2.058)**

(-1.376)

(0.892)

(-2.039)**

(0.347)

(-0.457)

-3.438

-5.109

0.773

-0.768

0.933

0.002

8.733

(-4.007)***

(-5.140)***

(0.690)

(-2.151)**

(0.409)**

(0.004)

(3.220)***

-2.349

-3.685

0.228

0.251

1.190

3.172

-1.689

(-6.349)***

(-6.875)***

(0.435)

(1.521)

(5.385)***

(13.000)***

(-1.584)

-0.485

-2.460

-1.008

0.004

0.030

0.588

1.252

(-1.394)

(-4.960)***

(-2.036)**

(0.024)

(0.136)

(2.297)

(1.116)

-1.205

-1.923

-0.079

-0.116

0.821

2.317

1.832

(-3.196)***

(-3.877)***

(-0.145)

(-0.656)

(3.749)***

(9.194)***

(1.567)

LR –GOF

862.78*** 500.13*** 194.83*** 130.83*** 364.13*** 560.80*** 277.91***

χ 2 (15)
R2

0.562

0.678

0.385

0.081

0.313

0.370

0.832

Left Censored

21

531

619

648

587

171

170

Right Censored

90

580

524

32

29

27

986

AR(1) T-stat

5.094***

1.895*

-0.689

1.295

4.485***

2.969***

-0.180

RESET βˆ ′x T-

5.726***

1.438

2.483**

2.297**

4.336***

1.469

2.778***

RESET βˆ ′x 3 T-

4.781***

0.623

3.334***

1.207

2.972***

1.312

2.612***

( )
( )

2

Notes: Dependent variable is the number of sales for the class. Each model has 1336 observations. Numbers in brackets are the
estimates divided by the standard errors. *** represents significance at the 1% level. ** represents significance at the 5% level. *
represents significance at the 10% level. LR-GOF is the likelihood ratio goodness of fit specified in equation 4.33.
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Table 5.17
Single class two-limit Tobit heteroskedasticity consistent estimates
Variable
ONE
EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
SCHHOLS
WGAEVENT
PUBHOLS
WEEKEND
MONFRI
WORKHRS

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

0.843

8.628

4.436

1.414

3.107

3.066

6.143

(0.629)

(5.436)***

(2.333)**

(1.798)*

(3.427)***

(3.319)***

(1.910)**

0.362

-0.208

-0.228

-0.072

-0.153

-0.107

-0.007

(5.802)***

(-2.826)***

(-3.069)***

(-2.302)**

(-4.142)***

(-2.771)***

(-0.048)

-0.028

0.422

0.164

0.159

0.001

0.136

-0.274

(-0.427)

(4.776)***

(2.397)**

(4.223)***

(0.013)

(2.722)***

(-1.851)*

-0.124

-0.052

0.009

-0.049

0.148

0.094

0.299

(-1.913)*

(-0.618)

(0.088)

(-1.145)

(3.309)***

(1.776)*

(2.483)**

0.014

-0.288

0.169

-0.132

-0.024

-0.251

0.113

(0.219)

(-3.366)***

(2.338)**

(-3.345)***

(-0.510)

(-4.955)***

(0.771)

-0.155

0.071

-0.003

0.286

0.148

-0.066

-0.293

(-2.074)**

(0.774)

(-0.041)

(6.363)***

(2.916)***

(-1.084)

(-1.727)*

0.078

-0.141

-0.189

-0.205

-0.152

0.195

-0.241

(0.949)

(-1.512)

(-1.568)

(-4.009)***

(-2.577)***

(3.080)***

(-1.426)

-0.035

-0.005

-0.090

-0.055

-0.202

-0.107

0.248

(-0.610)

(-0.063)

(-1.198)

(-1.649)*

(-5.107)***

(-2.494)**

(2.102)**

3.179

1.976

0.695

0.404

0.467

1.196

23.416

(29.492)***

(10.269)***

(2.018)**

(6.265)***

(6.034)***

(14.492)***

(7.998)***

-0.242

-0.028

-1.022

0.289

-0.306

0.061

0.246

(-0.699)

(-0.050)

(-1.190)

(0.855)

(-0.851)

(0.116)

(0.290)

-1.043

-1.731

-0.519

0.295

-0.139

0.559

0.375

(-3.681)***

(-4.624)***

(-1.577)

(2.140)**

(-0.831)

(2.890)***

(0.662)

-1.906

-3.219

-0.323

0.219

0.786

2.859

2.783

(-7.340)***

(-8.566)***

(-1.155)

(1.284)

(4.456)***

(12.155)***

(3.288)***

-2.679

-7.082

0.412

-1.964

0.325

-0.280

0.019

(-2.925)***

(-1.588)

(0.192)

(-2.132)**

(0.504)

(-0.441)

(0.020)

-0.911

-1.803

-1.554

-1.029

1.085

-1.319

1.040

(-3.071)***

(-3.999)***

(-2.979)***

(-5.188)***

(4.575)***

(-5.461)***

(2.025)**

-1.108

-1.563

-0.586

0.179

0.667

2.485

1.930

(-3.558)***
(-4.268)***
(-1.754)*
(1.064)
(3.685)***
(11.431)***
(2.262)**
Notes: Dependent variable is the number of sales in each class. Numbers in brackets are t-statistics. *** indicates significance at the
1 per cent level, ** indicates significance at the 5 per cent level, and * indicates significance at the 1 per cent level. The alpha
values for each of these estimates are contained in Table 5.18.
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Table 5.18
Single class heteroskedastic Tobit variance coefficients
Variable

σ

αEXCAP1
αEXCAP2
αEXCAP3
αEXCAP4
αEXCAP5
αEXCAP6
αEXCAP7
αSPILLS
αSCHHOLS
αWGAEVENT
αPUBHOLS
αWEEKEND
αMONFRI
αWORKHRS

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

1.345

0.118

0.101

5.591

0.302

1.971

43.411

(1.941)*

(0.838)

(0.466)

(1.234)

(1.401)

(1.718)*

(0.870)

0.024

0.048

0.116

-0.019

0.028

-0.003

0.037

(2.392)**

(1.856)*

(2.681)***

(-1.164)

(1.876)*

(-0.229)

(1.579)

-0.027

-0.027

0.012

-0.059

0.010

-0.018

0.002

(-2.292)**

(-1.015)

(0.286)

(-3.226)***

(0.538)

(-1.286)

(0.082)

-0.002

0.011

0.004

0.037

-0.029

-0.002

0.028

(-0.182)

(0.343)

(0.074)

(1.691)*

(-1.507)

(-0.110)

(1.163)

0.015

0.029

-0.137

0.088

-0.060

0.030

-0.057

(1.232)

(0.947)

(-3.361)***

(4.710)***

(-3.221)***

(2.283)**

(-2.244)**

-0.040

-0.058

-0.022

-0.072

0.020

-0.053

-0.078

(-2.923)***

(-1.854)*

(-0.530)

(-3.331)***

(0.951)

(-3.511)***

(-2.939)***

0.057

0.064

0.112

0.010

0.062

0.046

0.055

(3.490)***

(1.838)*

(1.783)*

(0.411)

(2.443)**

(2.474)**

(1.631)

0.007

0.009

0.026

-0.012

0.028

-0.001

-0.060

(0.583)

(0.366)

(0.607)

(-0.647)

(1.643)*

(-0.042)

(-2.572)***

0.317

0.638

1.203

0.073

0.191

0.165

1.038

(17.032)***

(12.149)***

(11.844)***

(2.310)**

(7.236)***

(7.601)***

(20.192)***

0.324

-0.150

0.037

0.065

-0.073

0.176

-0.071

(2.483)**

(-0.631)

(0.085)

(0.450)

(-0.470)

(1.655)*

(-0.357)

0.179

0.356

-0.169

-0.228

0.091

0.258

0.085

(3.611)***

(2.936)***

(-0.981)

(-3.312)***

(1.297)

(5.041)***

(0.901)

-0.043

0.260

-0.341

0.019

0.190

0.421

0.458

(-0.887)

(2.219)**

(-2.033)**

(0.252)

(2.653)***

(8.102)***

(4.950)***

0.101

0.905

0.703

0.455

0.182

-0.013

-0.702

(0.704)

(2.110)**

(1.331)

(2.000)**

(1.177)

(-0.099)

(-1.973)**

0.164

0.270

0.122

0.128

0.357

0.186

-0.207

(3.082)***

(2.100)**

(0.579)

(1.417)

(4.889)***

(3.147)***

(-2.106)**

-0.319

-0.005

-0.327

-0.236

0.008

0.049

-0.070

(-6.177)***
(-0.051)
(-1.822)*
(-3.054)***
(0.097)
(0.913)
(-0.692)
Notes: Numbers in brackets are t-statistics. *** indicates significance at the 1 per cent level, ** indicates significance at the 5 per
cent level, and * indicates significance at the 1 per cent level. The reference for the interpretation of the Alphas is the exponential
term in equation 4.42.
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Table 5.19
Quasi-maximum likelihood multivariate Tobit estimates
Variable
ONE
EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
SCHHOLS
WGAEVENT
PUBHOLS
WEEKEND
MONFRI
WORKHRS
Standard Error

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

1.068

3.317

1.411

1.175

1.054

2.176

2.434

(2.858)***

(17.922)***

(9.143)***

(8.753)***

(6.242)***

(9.043)***

(8.373)***

0.508

-0.107

-0.060

-0.068

-0.112

-0.090

-0.245

(37.022)***

(-13.96)***

(-9.584)***

(-12.303)***

(-15.917)***

(-9.652)***

(-21.342)***

-0.231

0.277

0.017

0.048

0.039

0.128

0.089

(-12.441)***

(29.467)***

(2.292)**

(7.171)***

(4.388)***

(10.743)***

(6.175)***

0.009

-0.137

0.043

-0.015

0.090

0.061

-0.180

(-0.437)

(-12.841)***

(5.435)***

(-2.081)**

(9.471)***

(4.666)***

(-11.455)***

0.035

-0.120

0.039

-0.012

-0.135

-0.250

0.370

(1.858)*

(-12.8)***

(4.718)***

(-1.802)*

(-15.749)***

(-21.701)***

(25.621)***

-0.525

0.146

0.045

0.167

0.260

-0.033

0.078

(-22.23)***

(12.888)***

(4.656)***

(20.816)***

(26.875)***

(-2.261)**

(4.537)***

0.328

-0.080

-0.100

-0.147

-0.108

0.204

-0.220

(13.875)***

(-6.869)***

(-10.092)***

(-17.806)***

(-10.272)***

(13.312)***

(-11.934)***

-0.026

-0.056

-0.097

-0.060

-0.214

-0.123

0.297

(-1.608)

(-6.624)***

(-14.021)***

(-10.131)***

(-27.613)***

(-11.986)***

(22.967)***

2.172

0.552

0.368

0.376

0.717

1.258

0.281

(73.813)***

(40.254)***

(29.331)***

(36.74)***

(60.199)***

(72.31)***

(13.428)***

-1.536

-1.280

-0.931

-0.811

1.690

-1.611

2.516

(-20.302)***

(-31.679)***

(-25.886)***

(-27.454)***

(51.697)***

(-33.994)***

(47.902)***

1.401

0.968

-0.330

0.222

-0.759

0.292

-1.301

(10.29)***

(15.574)***

(-5.356)***

(4.145)***

(-11.275)***

(3.586)***

(-10.004)***

-3.741

-1.839

-0.146

-0.634

0.922

-0.038

4.341

(-21.046)***

(-19.548)***

(-1.565)

(-10.607)***

(14.526)***

(-0.43)

(46.467)***

-2.520

-1.648

0.278

0.198

1.053

3.146

0.406

(-30.258)***

(-42.088)***

(8.816)***

(7.812)***

(30.571)***

(65.541)***

(7.134)***

-0.401

-0.830

-0.207

0.043

0.045

0.584

0.406

(-5.526)***

(-23.902)***

(-6.83)***

(1.654)*

(-1.358)

(12.434)***

(7.07)***

-1.380

-0.951

0.055

-0.165

0.762

2.349

0.818

(-17.798)***

(-24.532)***

(-1.634)

(-6.113)***

(22.694)***

(47.446)***

(13.06)***

5.131

2.511

3.120

2.675

3.462

4.736

5.500

Notes: Dependent variable is the number of sales in the class. Each model has 1336 observations. Numbers in brackets are the
estimates divided by the standard error. *** represents significance at the 1% level. ** represents significance at the 5% level. *
represents significance at the 1% level.
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Table 5.20
Quasi maximum likelihood correlation coefficients
Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 1
Class 2
Class 3
Class 4

0.196
(2.340)**

0.084

-0.125

(-0.436)

(-0.314)

0.145

-0.135

-0.170

(-0.250)

(0.252)

(-3.441)***

Class 5

-0.226

0.137

0.148

0.105

(0.434)

(0.896)

(2.828)***

(0.777)

Class 6

-0.288

0.062

0.034

0.016

-0.041

(0.565)

(2.080)**

(-0.074)

(-0.761)

(1.615)

Class 7

-0.498

0.016

0.061

0.044

-0.075

-0.152

(-0.314)

(0.642)

(1.779)*

(2.381)**

(-0.729)

(-7.876)***

Numbers in brackets are the estimates divided by the standard error. *** represents significance at the 1% level. ** represents
significance at the 5% level. * represents significance at the 1% level. Coefficients have been converted to correlation coefficients
from their inverse tan constrained values, hence the occasional mismatch between the sign of the coefficient and the sign of the zstatistic.

5.5.4.1 Class 1 – Fully flexible and refundable ticket

Class 1 represents the most expensive ticket on the Sydney to Wagga Wagga route.
Like all other classes, price was invariant over the financial year, at $186 one way. The
ticket was fully flexible and transferable, meaning that the ticket could be used on any
other flight that year and could be used by an alternative passenger.

The estimates for the demand equations for Class 1 are presented in the first columns of
the tables at the start of this section. In the Class 1 regressions, Tobit estimation does
not have a significant impact on the estimates of the coefficients. This is primarily
because of the small number of censored observations (only around 8 per cent of
observations are censored).
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Both the ordinary least squares and Tobit estimates of the linear model present
diagnostic tests that reveal possible misspecification of the model. The RESET tests in
the OLS model and the Pagan and Vella RESET tests in the Tobit model both suggest
misspecification in the model – even following the correction of the errors for
heteroskedasticity and auto-correlation. The Hausman test suggests that the residual of
the instrumented equation is not significantly different to zero, though this is marginal.
Auto-correlation is also not rejected in either the OLS or Tobit model.

A check of the other conditional moment tests also indicates two additional
specification problems in the Class 1 model (Table 5.22). Heteroskedasticity is not
rejected for all but one of the variables in the model. Normality is also indicated as a
problem in the Tobit model. Given the concerns that are raised in Skeels and Vella
(1997) over the potential for misdiagnosing one type of misspecification when another
type is present using the conditional moment tests, heteroskedasticity is targeted as the
likely source of this misspecification, though the consistency issues associated with
non-normality of the error term should be borne in mind when interpreting the
coefficients.
Table 5.20 suggests that the error term for the Class 1 equation is positively correlated
with the error term of the Class 2 equation.
identified with the Class 7 equation.

Moreover, a negative correlation is

Given these diagnostic test results and the

correlations between the error term of this Class 1 Tobit and other classes, results from
the quasi-maximum likelihood linear Tobit model and heteroskedastic consistent
estimation were selected on the basis that heteroskedasticity is suspected and that there
is an additional efficiency gained through the correlation of the error term with the other
regressions. The coefficients in the model provide some additional useful information.
However, these results carry with them the concerns relating to the diagnostic and
goodness of fit results.

The estimates presented suggest that Class 1 is sensitive to changes in the expected
capacity of that class. The elasticities of demand for the expected capacities of the
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classes (presented in Table 5.22) suggest that Class 1 is particularly sensitive to changes
in own expected capacity. This is inconsistent with one of the original hypotheses
established in Chapter 3 that consumers of this type of alternative would be less
sensitive to increases in availability.
Table 5.21
Conditional Moment Tests –Class 1
Heteroskedasticity
EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality
Skewness
Kurtosis

t-stat

p-value

1.321
4.443
6.273
6.169
7.437
6.221
2.216
14.923
2.952
6.251
2.329
1.369
3.150
8.197
t-stat

0.187
0.000
0.000
0.000
0.000
0.000
0.027
0.000
0.003
0.000
0.020
0.171
0.002
0.000
p-value

10.131
8.162

0.000
0.000

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

Table 5.22
Class 1 Tobit Elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

0.88
-0.12
0.03
0.07
-0.71
0.50
-0.04

0.62
-0.02
-0.06
0.02
-0.19
0.11
-0.03

0.92
-0.14
0.00
0.05
-0.75
0.51
-0.02
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The other expected capacity coefficients also raise a number of concerns.

The

coefficients on the expected capacity of Class 3 and Class 4 are both positive, which is
inconsistent with the hypothesis established in Chapter 3. These coefficients suggest
that an increase in the expected capacity of one of those classes will have a positive
effect on the sales in Class 1. This may be the case if the classes are complementary
(for instance, a traveller in Class 3 decides to bring a traveller who consequently travels
in Class 1), though this is unlikely as there is no reverse complementarity (EXCAP1 is
negative in all of the Class 3 and Class 4 regressions). It is probably more likely that,
for Class 1 at least, this is a statistical aberration due to the necessary aggregation of the
data, supply effects that cannot be accounted for, and the flexibility of the class itself
(the data is collected according to when the flight is chosen to be taken rather than when
the flight was originally booked to be taken).

Reassuringly, though, some of the other coefficients are consistent with the original
hypotheses. The SPILLS coefficient, which captures the extent to which capacity is met
in the other classes, is positive and significant. This reinforces the spillover effect from
the airline’s yield management process, as passengers are unable to book in classes at
capacity and instead choose Class 1. Moreover, the results suggest that Class 1 has the
most significant spillover coefficient.

The coefficient on the dummy variable in both of the sets of estimates identifying
school holidays is also consistent with the original hypothesis. The significant negative
coefficient suggests that demand for tickets in Class 1 falls during periods of school
holidays, perhaps as business travellers are travelling less or are travelling in lower
ticket classes more readily identifiable as leisure classes. The coefficients on the public
holiday dummy variable and on the weekend dummy variable are also negative. It is
likely that the same effect is being observed here – business travellers travel less in
off-work periods.

The results also indicate that passengers in Class 1 are less likely to travel on a Monday
or Friday. The coefficient on the dummy representing whether the flight was undertaken
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during work hours was significant. This was expected as business travellers often travel
before and after working hours to make meetings during working hours.

These

coefficients all taken together may be reflecting the flexibility of the ticket. Travellers
in Class 1 are less likely to travel on a weekend or at the start or end of the week, but
when they do travel, they tend to prefer travel outside business hours to ensure that the
business day is not interrupted.

Finally, the coefficient on whether the flight coincided with an event in Wagga Wagga
was particularly difficult to interpret.

While it was significant in both the quasi-

maximum likelihood estimates and the heteroskedastic consistent estimates, the sign
reversed between each method.

In summary, the diagnostic tests presented a number of concerns for the Class 1
regressions. The coefficient on own expected capacity had a positive sign but its
importance is questionable in light of the diagnostic tests. This was also the case for the
other expected capacity variables in the Class 1 regressions.

Nevertheless, the

remaining coefficients presented some useful information on the characteristics and
behaviour of travellers in this ticket class and suggested that the characteristics of
consumers of this ticket class are somewhat similar to what would be expected on a
more expensive and more flexible business ticket class.

5.5.4.2 Class 2 – Seasonally flexible and refundable

Tickets in Class 2 were the second most expensive tickets available ($167 one way) on
the flights from Sydney to Wagga Wagga. These tickets were flexible within the season
of the travel, meaning they could be transferred to any other flight during that season (or
shoulder season). Moreover, as with the tickets in Class 1, these tickets were fully
refundable had the consumer chosen not to travel.

Estimates for the Class 2 regressions are presented in the second columns of the
individual class tables presented at the start of this section. Notably, there was a
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significant number of censored observations. Around 83 per cent of the dependent
variable observations for the Class 2 regressions were censored. Consequently, there is
a clear difference between the coefficients produced through the ordinary least squares
regressions and the coefficients produced from the Tobit regressions. It is likely that the
high degree of censoring of the dependent variable is responsible for bias and reported
misspecification in the diagnostic tests of the OLS regressions.

The RESET test on the OLS estimates of the model in Class 2 is indicative of the
problem attached to the censoring of the dependent variable. The RESET value is
particularly high and suggests misspecification in the OLS regression.

However,

estimating the model using the Tobit censored regression presents a particularly good fit
with an R-squared value of 0.678. Furthermore, the set of Pagan and Vella RESET tests
suggest the acceptance of the Tobit regression as the preferred model. And while the
presence of auto-correlation is not rejected in the OLS model, its presence is only
marginal in the Tobit model. Finally, it is also notable that the Hausman test suggests
that endogeneity is unlikely in the expected capacity variable for Class 2.

The additional conditional moment tests for the model (Table 5.24) indicate that
heteroskedasticity may be present for many of the variables. As with the Class 1
regressions, non-normality in the distribution of the error term is also suggested. Given
the specification diagnostics in the uncensored models, though, heteroskedasticity is
expected to be the prime cause of the misspecification in these Tobit models.
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Table 5.23
Conditional Moment Tests – Class 2
Heteroskedasticity

t-stat

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

0.768
0.614
2.279
3.251
4.299
2.843
0.956
12.410
0.317
3.049
0.216
2.360
2.560
3.820
t-stat

Skewness
Kurtosis

10.109
3.432

p-value

0.443
0.539
0.023
0.001
0.000
0.005
0.339
0.000
0.751
0.002
0.829
0.018
0.011
0.000
p-value

0.000
0.001

‘t-stat’ is the t-statistic on the constant term in a regression of
the dependent variable in equation 4.38 for heteroskedasticity,
equation 4.40 for skewness, and equation 4.41 for kurtosis, on a
constant and the scores of the likelihood function.

The heteroskedasticity consistent estimates are preferred in conjunction with the
multivariate Tobit estimates because of the presence of heteroskedasticity. Class 2
heteroskedastic consistent estimates are provided in Table 5.17 while Table 5.19
presents the quasi-maximum system of regressions that accounts for correlations in the
error term of this regression with the other single class regressions.

The estimates for Class 2 generally stand up to the expectations of the original
hypotheses established in Chapter 3. The coefficient on the own expected capacity
variable, EXCAP2, is positively signed and significant, supporting the hypothesis that
an increase in expected capacity also increases expected availability and increases the
likelihood of a consumer choosing that ticket class. Moreover, with the exception of the
coefficient on the expected capacity for Class 5, the coefficients on the expected
capacity of all of the other classes have negative signs and are significant. Table 5.24
presents the implied elasticities for each of the Tobit model estimates.
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Table 5.24
Class 2 Tobit Elasticities
Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-0.48
0.70
-0.31
-1.07
0.75
-0.56
-0.09

-0.97
0.62
-0.06
-1.04
0.24
-0.52
-0.01

-0.26
0.21
-0.09
-0.23
0.26
-0.16
-0.06

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

The negative sign of the coefficients of the expected capacities for the other classes is
supportive of the theory that availability increases the probability of a consumer
choosing an alternative. However, as noted, the coefficient on the expected capacity of
Class 5 is positive. Moreover, the coefficient on the expected capacity of Class 5 is
positive for a number of other classes suggesting either a complementarity between the
classes (unlike Class 1, the coefficient on the expected capacity of Class 2 in the Class 5
regression is positive) or a statistical aberration.

Generally, the results from the Class 2 regression are stronger than those from the Class
1 regression. Nevertheless, the inability to interpret adequately the coefficient on the
expected capacity of Class 5, probably serves as a general warning for over-interpreting
these coefficients. Caution should also be used in the interpretation of the expected
capacity coefficients because the data are highly aggregated and ignore the
heterogeneity of consumers.

The additional coefficients in the regression do present a number of useful and
potentially informative findings. As with Class 1, the coefficient on spillovers has a
positive sign and is significant. This indicates that, as other classes reach capacity, sales
may spill over into Class 2. Further, as with Class 1, the coefficients on the school
holidays, public holidays and weekend variables have negative signs, suggesting that
this class is demanded less during these times. Travellers also appear to be less likely to
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travel on a Monday or Friday and to travel outside work hours. This is also consistent
with the hypothesis that this class primarily attracts business travellers.

An interpretation of the coefficient on the WGAEVENT variable is difficult. The
coefficient in the quasi-maximum likelihood estimation has a positive sign while the
coefficient in the heteroskedastic consistent estimates is negative.

Taking all of the coefficients into consideration, the results tend to suggest that
consumers of tickets in Class 2 are more likely to travel midweek during periods that do
not coincide with school or public holidays. Further, some travellers in Class 2 may be
travelling in a less preferred class due to a capacity restriction in one of the alternative
classes.

However, while the coefficients on the expected capacity variables are

generally supportive of the hypothesis that expected availability may be a consideration
for some passengers, the varying signs of the coefficients and the remaining
specification concerns mitigate against their unconditional acceptance.

5.5.4.3 Class 3 – No advance purchase requirement, not refundable, not flexible

Class 3 is a somewhat unusual class. The ticket has none of the flexibility of Class 1
and Class 2 that might appeal to business travellers.

However, the ticket is also

relatively expensive at $155 one way between Sydney and Wagga Wagga. There are,
though, no purchase requirements on the ticket. That is, there is no requirement to buy
the ticket a certain number of days before the flight or to be a senior citizen. As such, it
is likely this ticket appeals to last minute leisure travellers who are less sensitive to
price.

The estimates for the Class 3 regressions are presented in the third column of the
individual class regression tables. Both sets of OLS estimates are poor fits of the data,
suggesting that there may be one or more omitted variables in the regression. The
RESET test suggests that this specification should be rejected. The Hausman test for
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endogeneity suggests endogeneity with the expected capacity variable is not causing the
misspecification.

Over 85 per cent of the observations are censored either at zero or at the capacity for the
class on the given flight. This indicates that the estimates in the OLS model may be
significantly biased.

Indeed, the estimates from the Tobit models are noticeably

different from the original OLS estimates. Pagan and Vella RESET tests suggest that
the model may be misspecified. Auto-correlation does not appear to be the cause of this
misspecification.

The additional conditional moment tests presented in Table 5.25 indicate that
heteroskedasticity is likely in this specification.

Tests for non-normality in the

distribution of the error term show that excessive skewness may be a problem, though
this finding may be distorted because of the misspecification diagnosed in the second
conditional moment.

Quasi-maximum likelihood Tobit linear estimates are proposed as the preferred set of
estimates alongside the heteroskedastic consistent Tobit estimates presented in Table
5.17 for the Class 3 demand equation. Table 5.26 also presents the implied elasticities
from each of the Tobit estimation methods.

As mentioned, the coefficient on the expected capacity variable is only very slightly
positive, suggesting that expected capacity has a negligible effect on the sales of tickets
in Class 3. The coefficients on the expected capacities of Class 2, Class 4 and Class 5
are also positive, though only very slightly so. As with the other classes, this could
reflect the indifference of consumers of this ticket type to the availability of tickets in
other ticket classes, or could be reflecting the underlying concern with the aggregated
nature of the data.

Interestingly, though, the most significant and strongest expected capacity coefficients
in the Class 3 regression are on classes 6 and 7. This may be consistent with the
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behaviour of older and wealthier travellers who may be drawn to the cheaper ticket
classes if they expect tickets to be available, though will travel in Class 3 if they are not.
In particular, the expected capacity for Class 7 has the most significant coefficient of
any of the expected capacity variables in the Class 3 regression.

Table 5.25
Conditional Moment Tests – Class 3
Heteroskedasticity

t-stat

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

0.723
3.811
5.250
5.195
7.243
6.959
1.316
16.094
1.150
2.612
1.750
1.752
3.432
4.823

Skewness
Kurtosis

p-value

t-stat

0.470
0.000
0.000
0.000
0.000
0.000
0.189
0.000
0.250
0.009
0.080
0.080
0.001
0.000
p-value

7.234
1.214

0.000
0.225

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

Table 5.26
Class 3 Tobit Elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-0.62
0.18
0.04
-0.01
0.53
-0.94
-0.52

-1.10
0.25
0.01
0.63
-0.01
-0.72
-0.19

-0.35
0.03
0.07
0.18
0.19
-0.46
-0.25
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Class 3 has one of the smallest coefficients on the spillover variable of any of the
classes, though it is still positive and significant. From this, it could be concluded that,
if other classes are at capacity, there will only be a small positive effect on the sales for
Class 3 as passengers spill over into this class. The size of this coefficient also indicates
that passengers are less likely to spill into this class than they are most other classes.
This may be because of the unusual characteristics of the class – it may be the least
appealing to both leisure and business travellers because of its price and lack of
flexibility.

The remaining coefficients may give some further insight into the type of consumer
who purchases tickets in this ticket class. There is a significant negative coefficient on
the school holidays dummy variable, perhaps again consistent with the suggestion that
wealthier and older passengers use this class to travel on short notice and do not use this
ticket class during school holiday periods. Incidentally, the coefficient on the school
holidays dummy variable is very significant and positive for the senior citizen Class 7.
The coefficient on the dummy variable identifying an important event in Wagga Wagga
is negative, suggesting the types of travellers who would normally choose this ticket
class do not travel while events are on in Wagga Wagga, or that they choose an
alternative class.

The coefficient on the dummy variable identifying whether the flight is on a weekend
has a positive sign and is significant. This presents further evidence that this ticket class
appeals to a type of leisure traveller. Comparing this coefficient with the weekend
dummy coefficients for other classes also suggests that the weekend effect is relatively
weak and is similar to the senior citizen Class 7 and to Class 4, which is a 7-day
advance purchase ticket class. The coefficient on the work hours dummy variable is
insignificant in the quasi-maximum likelihood set of estimates, though is significant and
negative in the heteroskedastic consistent estimates. Taken in conjunction with the
negative coefficient on the Monday/Friday dummy variable, these results show a
probable mix of leisure travellers and some business travellers seeking travel at short
notice.
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While these coefficients provide some insight into the type of consumer who chooses
tickets in Class 3, the diagnostic concerns and problems of data aggregation should be
considered. In particular, it remains difficult to identify conclusively a clear expected
probability of availability effect in results of this type. Nevertheless, the Tobit estimates
for Class 3 do provide a relatively good fit of the data and the coefficients tend to
identify certain characteristics of the consumers that choose this ticket class.

5.5.4.4 Class 4 – Seven day advance purchase requirement, not refundable, not
flexible

Tickets in Class 4 are characterised by a lower price than the preceding three classes
and a requirement to purchase the ticket at least seven days before the flight. The
tickets are also inflexible and non-refundable.

These characteristics are normally

attributed to ticket classes that attract leisure travellers and, as such, it is expected that
the results of the Class 4 regressions will depict this.

The ordinary least squares estimates were a particularly poor fit. The RESET test also
indicated specification problems. Endogeneity may have been an issue in the model – it
was possible to reject the null hypothesis that the coefficient on the residual of the
instrumented equation was equal to zero in the Class 4 regression.

There was significant lower-censoring on the dependent variable for this class. Upper
censoring at the capacity constraint was less of an issue. In all, just over 50 per cent of
the dependent variable observations were censored. Like the other classes investigated
in this section, this indicates that there may be significant biases in the coefficients and
that the regression might benefit from Tobit estimation. However, Tobit estimation did
not dramatically improve the goodness of fit results. The Tobit R-squared value was
only around 0.08. Pagan and Vella RESET statistics provide mixed results and autocorrelation was not identified as a problem. The very poor fit of the models shows that
too much may be being asked of these specification tests.
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The additional conditional moment tests are presented in Table 5.27. These diagnostic
tests suggest that heteroskedasticity is likely in the regression. These tests also indicate,
as with the other classes, that non-normality may also be a problem. Again, however,
one type of misspecification can potentially cause a misdiagnosis of other types of
misspecification when these conditional moment tests are used.

As heteroskedasticity is present and the error term of the Tobit regression for Class 4 is
likely correlated with the error terms of the other single class models, results from the
heteroskedastic consistent estimation (Table 5.17) and the quasi-maximum likelihood
Tobit regression (Table 5.19) are the focus of the following discussion. Table 5.28
presents the implied elasticities for the expected capacity variables in the Class 4
equation.

The coefficient on the own expected capacity variable for Class 4 is relatively
insignificant and is negative in the quasi-maximum likelihood regression.

The

heteroskedastic consistent estimates show that this coefficient is more significant,
though remains negative. If the regression results were a better fit, this could be taken
as an indication that the probability of availability is unimportant (or indeed, negatively
related to demand) in this particular ticket class. However, as the goodness of fit is very
poor, it is likely that the coefficient might be particularly biased by a range of other
factors not captured in the regression.
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Table 5.27
Conditional Moment Tests – Class 4
Heteroskedasticity

t-stat

p-value

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

1.131
1.814
2.387
0.690
1.366
0.440
0.005
2.744
0.684
3.793
1.179
1.632
1.110
1.323
t-stat

Skewness
Kurtosis

2.805
3.140

0.258
0.070
0.017
0.491
0.172
0.660
0.996
0.006
0.494
0.000
0.239
0.103
0.267
0.186
p-value

0.005
0.002

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

Table 5.28
Class 4 Tobit Elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-1.14
0.33
-0.09
-0.39
2.10
-1.96
-0.37

-1.02
0.71
-0.18
-1.45
2.93
-2.30
-0.34

-0.96
0.21
-0.06
-0.13
1.71
-1.65
-0.37

As with some of the other classes that have been examined in this section, the
coefficient on the expected capacity of Class 5 is positive and significant. As has been
mentioned, this is problematic as it was hypothesised that an increase in the expected
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capacity of Class 5 would lead to an increase in the likelihood that consumers would
choose that class and, consequently, not choose the other classes in the choice set.

The coefficient on the expected capacity of Class 2 is also positive and significant,
though is also very close to zero. This may imply a negligible impact of expected
capacity on the sales of Class 4. The remaining expected capacity coefficients were all
negative, in line with the expectations of the hypothesis. However, the coefficient on
the expected capacity of Class 6 is the only expected capacity coefficient in the Class 4
regression that is significantly different from zero.

The coefficient on the spillover variable is positive and significant, as it is in all of the
other classes. Given Class 4’s position as a less restrictive discount ticket, it is likely
that there are some spillovers from the more restrictive ticket classes as they meet
capacity. As has been mentioned, though, a schedule of sales was not available and, as
a consequence, it was not possible to establish whether sales were made in Class 4 past
the advance purchase requirement on the alternative tickets. Spillovers are therefore
only recorded if other classes meet the actual capacity calculated in the data process
outlined earlier in this chapter.

The coefficients on the school holidays and public holidays dummy variables in the
quasi-maximum likelihood set of estimates were both negative and significant for the
Class 4 regression. The heteroskedastic consistent Tobit estimates instead suggest that
these coefficients are insignificant. This sign reversal between the quasi-maximum
likelihood and heteroskedastic consistent estimates is not limited to the holiday
variables. It also occurs on the weekend, Monday and Friday, and work hours variables.
Clearly, this uncertainty, alongside the poor goodness of fit of the Class 4 regression,
does not allow detailed or certain conclusions to be made on the behaviour of
consumers of tickets in this class.
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5.5.4.5 Class 5 – Fourteen day advance purchase requirement, not refundable,
not flexible

Like the tickets in Class 4, tickets in Class 5 were also targeted at the leisure traveller.
Indeed, the increased advance purchase restriction of 14 days makes it unlikely that a
business traveller would purchase this type of ticket. The inflexibility of the ticket and
its non-refundable restriction make it further less likely that a business traveller would
choose this type of ticket. However, the affordability of the ticket, at $115 one way,
makes this ticket particularly attractive for leisure travellers.

Column five of the tables at the start of this section present the estimates for the Class 5
regressions. Considering the ordinary least squares estimates, it is clear that the RESET
F-statistic for the model is the highest of the seven classes and strongly rejects the
hypothesis of a correctly specified model. The Hausman test for endogeneity in the
expected capacity variable in the model suggests that endogeneity is not causing this
misspecification. Instead, auto-correlation, which is not rejected in either the OLS
model or Tobit model, may be the source of this misspecification. The presence of
auto-correlation will reduce the efficiency of the Tobit estimates.

As with the other classes, the dependent variable for Class 5 is clearly censored.
Censoring is prominent at zero for Class 5, with only a small proportion of the
observations being upper censored at the capacity constraint. Around 46 per cent of all
of the observations are either lower or upper censored. As such, it was expected that the
coefficients presented in the OLS estimates would be particularly biased. Estimation of
the specifications using the Tobit estimation revealed notable changes in many of the
coefficients.

Tobit estimation suggests a generally acceptable goodness of fit of the estimation with
an R-squared value of around 0.31. However, Pagan and Vella RESET tests suggested
specification error problems. The additional conditional moment tests of the Tobit
regressions for Class 5 are presented in Table 5.29.

These suggest that
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heteroskedasticity is less of a problem for this regression than many of the other classes.
Non-normality may also be a problem in this class, though only marginally.
Table 5.29
Conditional Moment Tests – Class 5
Heteroskedasticity

t-stat

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

3.788
2.093
1.990
1.748
0.443
1.187
0.278
5.659
0.588
1.339
1.792
1.800
6.227
1.443
t-stat

Skewness
Kurtosis

2.692
3.351

p-value

0.000
0.037
0.047
0.081
0.658
0.236
0.781
0.000
0.556
0.181
0.073
0.072
0.000
0.149
p-value

0.007
0.001

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

Preferred estimates are derived from the quasi-maximum likelihood estimated Tobit
model with reference to the heteroskedastic consistent estimates in Table 5.17. Table
5.30 presents the elasticities as calculated for each of the Tobit estimations.

The coefficient on the expected capacity variable for Class 5 is positive and significant,
reinforcing the hypothesis developed in Chapter 3.

In fact, the expected capacity

coefficient is one of the most significant coefficients of any of the individual class
models. The expected capacity elasticity of demand is also particularly significant and
shows that a one per cent increase in expected capacity leads to between a one and two
per cent increase in demand for this class. Using the concepts developed in Chapter 3,
the coefficient suggests that, as capacity becomes available, consumers have a higher
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expected probability of availability for this particular ticket class and are, consequently,
more likely to choose it, ceteris paribus.
Table 5.30
Class 5 Tobit elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-1.22
0.16
0.26
-1.10
1.88
-0.92
-0.96

-1.48
0.00
0.37
-0.18
1.04
-1.17
-0.86

-1.16
0.13
0.24
-1.08
1.94
-0.88
-0.97

Again, the coefficients on the expected capacities of the other classes on the flights
present a mixed result. The coefficients for the expected capacities of Class 2 and Class
3 are very slightly positive and significant. The positive sign of these coefficients is not
in line with the expectations of the underlying theory. However, these coefficients are
very close to zero, indicating that the expected capacities in these classes have a
negligible effect on the sales of tickets in Class 5. Perhaps more reassuring are the
coefficients on the expected capacities of Class 4 and Class 6. These coefficients are
both negative and are both on ticket classes that appeal similarly to leisure travellers. It
is possible that these coefficients are demonstrating the preference for availability
proposed in Chapter 3.

The coefficient on the expected capacity variable for Class 7 is also negative and
significant.

This may indicate that some older travellers are lured to the class

established for them from Class 6 if capacity becomes available in that class. The
coefficient on the expected capacity variable for Class 1 is also negative and significant.
This may be picking up a probability of availability effect for the more expensive and
more flexible ticket. The coefficient on spillovers shows that sales in this ticket class
are positively affected by capacity being met in other ticket classes.
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As with the other classes under analysis, the remaining variables present some useful
information on the types of consumers who choose this particular ticket class. School
holidays appear to affect positively the demand for tickets in this particular ticket class.
Given that leisure travellers are considered the primary consumers of this ticket class,
this is perhaps not surprising. Moreover, the coefficient on the public holiday dummy
variable is also positive and significant. Class 7, the senior citizen class, is the only
other class to have a positive coefficient for this dummy variable.

Sales in Class 5 are also positively affected if the flight is on a weekend or during work
hours. Again, neither of these results is particularly surprising. Leisure travellers will
often travel on weekends and, when travelling during the week, are less affected by
work constraints. Moreover, for this particular type of ticket, the quasi-maximum
likelihood estimates suggest that sales are not particularly affected if the flight is on a
Monday or a Friday. However, the heteroskedastic consistent Tobit estimates indicate
that there may be a positive Monday/Friday effect.

In summary, Class 5 seems to attract sales from consumers who prefer to travel during
holiday periods and who are not concerned about when the travel occurs. The expected
capacity effect is as predicted, as are most of the cross-expected capacity effects.
However, diagnostic tests of the preferred regressions reveal possible misspecification,
which casts doubt on the validity of the results. Moreover, the goodness of fit is
generally poor.

Consequently, as with the other ticket classes in these individual

analyses, caution should be taken when inferring effects from the regression results.

5.5.4.6 Class 6 – Twenty one day advance purchase requirement, not refundable,
not flexible

Tickets in Class 6 are both the most restrictive and the most affordable of the set of
tickets available on the airline for flights between Sydney and Wagga Wagga. The
advance purchase restriction requires the consumer to purchase the ticket a minimum of
21 days prior to the flight. This requirement makes it unlikely that a business traveller
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would purchase the ticket, as it is generally anecdotally accepted that business travellers
identify a need to travel within 21 days of the travel date. As this ticket is also nonrefundable and not transferable, it is also unlikely that it would appeal to leisure
travellers without the particularly low one-way price of $96.

The results of the regressions for Class 6 are presented in the sixth column of the tables
at the start of this section. Ordinary least squares estimates of the regressions are a
comparatively fair fit when compared with the other individual classes under analysis.
The RESET F-test is significant on the OLS regression, indicating that misspecification
may again be a present. Moreover, the Hausman test of the regression shows probable
endogeneity with the own expected capacity variable.

As with all of the individual class models, censoring is observed on the dependent
variable, though this is to a lesser extent than most of the other classes. Only around 15
per cent of the observations are either lower or upper censored. As has been mentioned,
the inability to identify when tickets are sold may distort the capacity constraint
information for the ticket classes where an advance purchase requirement exists. The
implication of this is that the capacity constraint may be only one indication that
observed demand is not equal to latent demand. As such, there may be some residual
bias in the coefficients.

Auto-correlation also appears to be a concern in the models of demand for this class.
Both the Tobit and OLS models exhibit auto-correlation. A loss in efficiency of the
estimates is therefore expected because of this auto-correlation.

Nevertheless, the

estimates will remain consistent.

The Tobit estimation did suggest an acceptable goodness of fit for the model. Pagan
and Vella RESET tests also suggested that the specification of the linear model was
appropriate. The additional conditional moment tests for the Class 6 Tobit regressions
are presented in Table 5.31. These results show that heteroskedasticity is present in the
model. As with all of the earlier classes, the spillover variable appears to be responsible
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for a large amount of the heteroskedasticity. Non-normality is suggested to be an issue
for the model, though given the potential for misdiagnosis when heteroskedasticity is
present, it is unlikely to be the primary concern. Indeed, the test for skewness suggests
that the hypothesis of non-normality can be rejected at the 1 per cent level.

Considering the correlation between the error term of the Class 6 regression and the
other class regressions (in particular, Class 1 and Class 7), estimates from the quasimaximum likelihood linear Tobit regression are considered with reference to the
heteroskedastic consistent Tobit estimates in the following commentary. Table 5.32
presents the elasticities calculated for each of the Tobit approaches.

The coefficient on the Class 6 expected capacity variable is positive and significant.
This supports the original hypothesis that expected capacity leads to an increase in the
expected probability of availability, and consequently increases the likelihood that a
consumer will choose this ticket class. The elasticity for the own expected capacity in
Class 6 is around 0.55 and is generally stable across the different estimation
methodologies.

The coefficients on the expected capacity of Class 2 and Class 3 are both positive and
slightly significant. As has been suggested with earlier classes, this may be due to a
complementarity between the ticket classes or, perhaps more likely, some underlying
bias because of the inability to capture adequately the expected capacity for the ticket.
Notably, though, while the elasticities on the Class 2 and Class 3 expected capacities are
positive, they are also quite low. Coefficients on the remaining ticket classes are all
negatively signed and significant, in line with the hypothesis established earlier.
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Table 5.31
Conditional Moment Tests – Class 6
Heteroskedasticity

t-stat

p-value

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

4.634
3.017
4.399
1.188
2.797
0.094
1.843
6.338
1.676
1.521
5.310
1.598
3.217
0.479
t-stat

Skewness
Kurtosis

1.980
4.197

0.000
0.003
0.000
0.235
0.005
0.925
0.066
0.000
0.094
0.129
0.000
0.110
0.001
0.632
p-value

0.048
0.000

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

Table 5.32
Class 6 Tobit elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-0.42
0.16
0.09
-0.70
-0.12
0.55
-0.19

-0.40
0.16
0.09
-0.73
-0.18
0.58
-0.18

-0.33
0.15
0.06
-0.71
-0.09
0.59
-0.20
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The coefficient on spillovers is comparatively large and significant. This is probably
the clearest indication of the problem associated with an inability to capture the
schedule of sales. While demand may have been higher as other classes met capacity, it
is likely that consumers were unable to spill into this class as the advance purchase
requirement had passed. For this class in particular, then, this variable is most likely
capturing an underlying demand for travel in any class on the particular flight.

It was also unexpected that the coefficients on the school holidays variable and the
public holidays variable would be negative. Indeed, reference to the heteroskedastic
consistent estimates indicates that this may not be the case at all. These corrected
estimates show that the coefficient on the school holidays dummy variable is
insignificant, while the coefficient on the public holidays variable is positive and greater
than other PUBHOL coefficients.

The coefficient on the WORKHRS variable indicates that consumers of this ticket type
prefer to travel during the day. This is consistent with the behaviour of leisure travellers
– they tend to be less sensitive to business hours work requirements. Inconsistencies
between the heteroskedastic consistent estimates and the quasi-maximum likelihood
estimates for the MONFRI and WEEKEND variable urge caution in their interpretation.

These Class 6 estimates do provide some support for the hypotheses on the expected
probability of availability, taking into account the earlier caveats relating to the
specification of the regressions. It is unlikely that these regressions can be used as
irrefutable evidence of an expected probability of availability effect, but they do
establish a basis for further empirical exploration.

Moreover, the regressions also

highlight some of the characteristics of the passengers who travel in this ticket class.

5.5.4.7 Class 7 – Senior Citizen

The final ticket class to be assessed, Class 7, is restricted to senior citizens with an age
of 65 years or greater. The ticket is not flexible, nor is it refundable. There are no
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advance purchase restrictions on the ticket. The ticket is comparatively inexpensive at
$122 one way between Sydney and Wagga Wagga. Clearly, this ticket is aimed at one
particular segment of the travel market.

The regression results should provide an

indication of the preferences of this group of travellers and the possible effect that the
expected probability of availability might have on those travellers.

The estimates for the Class 7 regressions are presented in the last column of the tables at
the start of this section. Ordinary least squares estimation of the regressions presents
generally a ‘middle of the range’ goodness of fit in the set of models under analysis.
However, the model has a particularly low RESET F-statistic, suggesting it is generally
well specified. The Hausman test for endogeneity with the own expected capacity
variable shows that endogeneity may be present in the model.

These contrasting

diagnostic tests suggest that if the model is misspecified, it is likely a result of
endogeneity in the expected capacity of Class 7.

The Class 7 dependent variable is particularly sensitive to censoring. Over 86 per cent
of the dependent variable is censored and much of this is upper censoring at the capacity
constraint. This is due to the few number of seats that are made available in this ticket
class. The censoring on the dependent variable suggests that the OLS estimates are
biased. Again, Tobit estimation was undertaken to overcome this bias.

The two-limit Tobit estimates produced a very good goodness of fit for the model - the
model’s R-squared value was over 0.83. These strong goodness of fit results were
coupled with marginal Pagan and Vella RESET statistics, which undermined the
positive outcome from the Tobit estimation. Nevertheless, given the censoring of the
dependent variable, the improvement in the goodness of fit and a notable change in
some of the coefficients, Tobit estimation was deemed successful. Tobit estimation also
suggested that auto-correlation, which was a concern with the OLS model, was no
longer a cause of misspecification.
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Tests for heteroskedasticity and normality in the Class 7 Tobit regression were
undertaken using the Pagan and Vella (1989) conditional moments. These are presented
in Table 5.33 and suggest that heteroskedasticity is likely to be a problem in the model.
Again, spillovers are the significant cause of heteroskedasticity in both of the models.
Non-normality may also be a concern, though, again, this is less easy to deduce given
the presence of heteroskedasticity.

Given these diagnostic test results and the correlation of the error term of the Class 7
Tobit regression with the error terms of the regressions of the other classes, the quasimaximum likelihood Tobit regression was selected as the preferred model for the
discussion of estimates. Again, the heteroskedastic consistent Tobit estimates in Table
5.17 are also used as a corrective reference. As with all of the other individual class
regressions, there is an important caveat in place on these estimates because of the
diagnostic concerns and because of the construction of the data. Nevertheless, as with
the other classes, some useful information can be extracted from the estimates presented
here. Table 5.34 also presents the expected class elasticities of demand for each of the
ticket class expected capacities.
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Table 5.33
Conditional Moment Tests – Class 7
Heteroskedasticity

t-stat

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7
SPILLS
WGAEVENT
MONFRI
WEEKEND
PUBHOLS
SCHHOLS
WORKHRS
Normality

6.722
8.419
10.343
6.859
8.283
5.705
7.461
16.128
0.211
0.889
2.896
1.273
1.542
1.827

Skewness
Kurtosis

t-stat

8.480
8.883

p-value

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.833
0.374
0.004
0.203
0.123
0.068
p-value

0.000
0.000

‘t-stat’ is the t-statistic on the constant term in a regression
of the dependent variable in equation 4.38 for
heteroskedasticity, equation 4.40 for skewness, and
equation 4.41 for kurtosis, on a constant and the scores of
the likelihood function.

The coefficient on the expected capacity variable for Class 7 is significant and positive
in the quasi-maximum likelihood estimates. This differs from the OLS and Tobit
estimates where this coefficient is insignificant.

Correction for heteroskedasticity

suggests that the coefficient may be less significant than thought, though still positive.
The elasticity ranged between 0.07 and 0.32 – a generally low elasticity when compared
with some of the other classes. The positive coefficient on the expected capacity
variable can be taken, to some extent, as further support for the hypothesis that
consumers consider the availability of alternatives when making a choice from a
capacity constrained choice set.
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Table 5.34
Class 7 Tobit elasticities

EXCAP1
EXCAP2
EXCAP3
EXCAP4
EXCAP5
EXCAP6
EXCAP7

Standard Tobit
estimates

Heteroskedastic
Consistent estimates

QML
estimates

-0.93
-0.03
-0.17
1.00
0.53
-0.69
0.16

-0.01
-0.09
0.08
0.09
-0.22
-0.20
0.32

-0.13
0.01
-0.02
0.15
0.03
-0.09
0.07

Coefficients on the other expected capacity variables are mixed, though each of the
elasticities is generally quite low. The other positively signed cross-expected capacity
coefficient for Class 4 may be an indication of some complementarity between the
classes. In particular, an increase in the expected capacity for the Class 4 seven day
advance purchase ticket may stimulate demand in that class for ‘visiting friends and
relatives’ travellers which, in turn, stimulates additional sales in Class 7.

The

coefficients on the expected capacities of Class 2 and Class 5 are also positive and,
while they are very close to zero, there may be a case for complementarity here as well.

The coefficient on spills is only produced to avoid an overly complex Gauss
programming problem. It is unlikely that consumers will spill into this class because of
capacity constraints in other classes.

Consequently, this coefficient probably only

demonstrates the effect of an increase in the latent demand for travel between Sydney
and Wagga Wagga.

The remaining variables are consistent with leisure travellers who are visiting friends
and relatives. There are large positive coefficients on the school holidays dummy
variable and public holidays dummy variable. Positive significant coefficients on the
Monday/Friday dummy variable and the work hours variable also indicate that
consumers of this type of ticket class are leisure travellers. Finally, the coefficient on
the Wagga Wagga event dummy variable is negative in the quasi-maximum likelihood
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estimates. This indicates that consumers of this ticket class prefer not to travel when
there are significant events taking place in Wagga Wagga. Heteroskedastic correction
suggests that this coefficient is insignificant.

In summary, the coefficients that are observed in the quasi-maximum likelihood Tobit
regression of the Class 7 variables are generally consistent with expectations based on
older traveller behaviour. As with all of the other regressions in this section, though,
these estimates should be viewed with caution and only serve to establish the basis for
further investigation of an expected probability of availability effect. While data at the
individual consumer level would be ideal in identifying these effects more clearly, the
aggregate data regressions here have provided some information on the characteristics
of the consumers choosing these tickets and on the possible expected probability of
availability effect discussed in Chapter 3.

5.5.5

Outcomes from econometric methodologies

In the previous section (section 5.5.4) on single class equations of demand, a range of
different econometric methods was used and tested. It was clear for these estimations
that ordinary least squares were usually inappropriate. This was because of the degree
of censoring on the dependent variable. In some cases, the dependent variable was
censored more than 80 per cent of the time. This led to the application of Tobit style
maximum likelihood estimates with upper censoring at the capacity constraint of the
ticket class and lower censoring at zero.

Tobit methods were useful in improving the coefficients – R-squared values were
increased across the all of the classes, particularly those with extensive censoring.
However, diagnostic testing using the conditional moment tests presented in Pagan and
Vella (1989) suggested that there may be at least one type of specification concern.
Compounding the difficulty in interpreting the conditional moment tests were the
findings of Skeels and Vella (1997), which show that when one type of misspecification
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exists, conditional moment tests for alternatives forms of misspecification may present a
misdiagnosis.

Heteroskedasticity was considered the likely cause of the diagnostic results produced
from the conditional moment tests because of its prevalence in the other results
presented in this chapter.

Consequently, the maximum likelihood estimator was

adjusted to allow the variance to vary with the observation and x vector. Alpha values
presented in Table 5.18 indicate that heteroskedasticity was a concern, particularly for
the spillovers variable. The alpha value (αSPILLS) particular to the spillovers variable
was significant for all of the single class equations.

This outcome justified the

expectation that heteroskedasticity was a concern in the models. However, other forms
of misspecification may continue to be present. Future research may be directed at
addressing some of these additional concerns – for example, embedding the likelihood
function in alternative error specifications may reveal whether non-normality was
indeed a concern with the estimates. Alternative estimators could also be used. For
instance, Powell’s (1984) censored least absolute deviation estimator, which avoids
making restrictions on the error term, could be applied.

It was also expected that efficiency in the estimates would be gained by accounting for
correlation in the error terms of the single class equations.

A quasi-maximum

likelihood system of equations was proposed and outlined in Chapter 4. Estimation of
this system was particularly time consuming – over 72 hours was required on a
Pentium IV processor to provide estimates from these likelihood functions. Moreover,
this process was undertaken many times both for debugging and to try alternative
specifications. Nevertheless, final estimates were produced and were presented in Table
5.19. Table 5.20 presented the correlation coefficients for each of the pairs in the
system of equations. These coefficients indicate that some correlation was indeed
present across the seven single class equations and that there was a likely efficiency
gain from its inclusion in the estimation procedure.
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Unfortunately, however, it was not possible to provide a heteroskedastic consistent
quasi-maximum likelihood set of estimates. The inclusion of additional variables in a
different area of the likelihood function increased the iteration time dramatically. The
time to complete one initial set of estimates was predicted to be around three weeks on a
Pentium IV.

5.6 CONCLUSION
This chapter had several of objectives. First, the chapter sought to develop initial
evidence of the availability effects that were discussed in Chapter 3 in an air-travel
market using the methods discussed in Chapter 4. Second, the chapter intended to
implement and provide an empirical overview of the econometric methods and tests that
were reviewed and suggested for application on aggregate data in Chapter 4. Third, and
finally, the chapter also set out to provide some empirical evidence of behaviour on a
regional route in New South Wales, Australia.

The data that were available for analysis in this chapter were limited. While the sales
data obtained were highly disaggregated and had extensive coverage, explanatory data
were not available at the same level. This necessitated the use of aggregate econometric
methods to estimate the demand equations in this chapter.

The models that were presented in this chapter suggest that there may indeed be an
expected capacity effect on the demand for air-travel. The coefficient on expected
capacity was positive and significant in nearly all of the models that were estimated.
Moreover, the anticipated negative expected capacity cross-effects were also present.
Both of these results were consistent with the hypothesis established in the comparative
statics of Chapter 3.

The full set of econometric methods identified in Chapter 4 was applied and the
methods were generally useful.

In particular, Tobit estimation and single class
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estimation provided an improvement in the model specifications. Heteroskedasticity
was accounted for through the estimation of heteroskedastic consistent Tobit models.
Correlation in the error terms of the single class equations was observable and was
successfully accounted for using a quasi-maximum likelihood multivariate estimation.

The models also presented a useful overview of the consumer types that travel on the
Sydney to Wagga Wagga air route and the various consumer types that travel in the
different ticket classes. For instance, expected capacity was observed to have different
elasticities in different ticket classes, possibly explained by the different availability
preferences of consumers of those ticket classes.

Moreover, the time and day

preferences of consumers of the different types of ticket classes was observable.

There remains a number of issues with the data and results that are presented here,
which may warrant investigation in further research. While several of the diagnostic
concerns were overcome through alternative estimation methods, some remain. In
particular, non-normality may be an issue in the Tobit specifications and, further, quasimaximum likelihood estimation would benefit from a heteroskedastic consistent
estimator.

The construction of the capacity and expected capacity data also places a strong caveat
on the interpretation of these results.

Several assumptions were required in the

construction of these data. A disaggregated set of data that included direct information
on the consumers’ process of purchasing, including their expectations on capacity and
demand, and their willingness to use resources to secure availability would be
particularly useful for any future research on the issues presented in this thesis.

Nonetheless, the results presented here do serve a useful purpose as a first step in
exploring the role of capacity constraints on the consumption decision. While caveats
apply to the results, the findings do lend empirical support to the claim of an expected
utility comparison of alternatives rather than a simple utility comparison. Moreover, the
results also provide the first set of single class estimates on any route in Australia and
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are the first to model explicitly the potential role of availability in the demand equation.
As such, they provide a useful reference and framework from which future
investigations of capacity constrained markets of this type might be investigated.
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CHAPTER 6
CONCLUSION
6.1 INTRODUCTION
Over the course of the last three chapters, a model of consumer choice has been
introduced, methods for estimating demand given aggregate data reviewed, and an
empirical analysis undertaken to provide a basis for understanding consumers of
capacity constrained air-travel tickets. This final chapter draws together the insights
offered in each of these chapters, and the thesis as a whole, to provide the key
conclusions from this research. In particular, the role of the probability of availability in
the consumer choice is highlighted and the implications that this has for models of
consumer demand in markets such as air-travel are reviewed.

This chapter comprises three main sections. The following section revisits the key
outcomes from the research. The model of consumer choice is reviewed in light of the
empirical outcomes presented in Chapter 5. The efficacy of the econometric methods
that were used is also considered. Section 6.3 presents a number of key policy and
theoretical implications proposed by the findings in this thesis. Central among these is
the implication of the expected probability of availability to marketing and demand
expectations. Finally, the concluding sections of this thesis identify a number of areas
for further research.

6.2 KEY FINDINGS
The key findings of this thesis focus on the three core objectives of the research as
outlined in the introductory chapter. First, the thesis has presented a model of discrete
consumer choice that included the consideration of availability. Second, the thesis has
presented and applied a range of econometric methods appropriate to establishing the
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validity of this model where the explanatory data were particularly aggregated. And
third, the application of these empirical methods and the use of the underlying model of
consumer choice allowed an estimation of a unique demand equation on a regional route
in Australia.

The model of consumer demand that was developed in Chapter 3 provides the key
theoretical contribution of this research. Consumers were modelled to consider not only
the utility of alternatives when they are making a discrete choice, but also the
availability of those alternatives.

This model of consumer choice extends the classic discrete choice model by allowing
uncertainty to exist in the availability of alternatives while also allowing the alternatives
to remain in the choice set. Consumers form an expectation of availability based on
their expectations of capacity and demand, and their willingness to spend resources to
improve availability.

This last component of the expected availability function, the availability cost, was also
shown to interact with the utility component of the expected utility function. In so
doing, the consumer could be modelled to set optimally an availability cost for each of
the alternatives. This availability cost could then be included in the expected utility
function for each of the alternatives in the choice set.

From this choice set, the

consumer would be expected to make the choice that maximised their expected utility.

A range of econometric approaches was outlined in Chapter 4 and applied in Chapter 5.
The econometric approaches that were outlined were chosen because they were useful
where the dependent variable was censored and where explanatory data were limited.
Dependent variable data used in this research were particularly disaggregated which
allowed both the analysis of individual ticket classes and the broader analysis of the
total market.
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The econometric approaches that were used included the aggregate logit, the linearlogit, pooled and single class ordinary least squares models, pooled and single class two
limit Tobit models, and a multivariate single class Tobit model. Each of these models
had its own advantages and disadvantages and each of them presented their own
challenges in estimation and testing.

The aggregate logit model was the most closely related model to the specification of the
multinomial logit model that is used frequently in discrete choice model estimation.
The model was generally simple to estimate and provided a range of insights into
consumer choice of ticket class. The aggregate logit model also included an indicator of
availability, which was significant. However, the censoring of the dependent variable
between the values was not accounted for using this method.

The linear-logit model was developed using generally the same rationale as for the
aggregate logit model. The dependent variable was converted to a volume share for a
particular flight.

This was then regressed on a range of difference variables and

standard dummy variables. Again, expected capacity was included as a regressor,
though in this case it was transformed to be the difference between the expected
capacities of two classes. This approach also did not account for the two limit censoring
of the dependent variable. There was also a range of diagnostic concerns with the
specification of the model.

Auto-regression and heteroskedasticity were overcome

using the Newey-West HAC.

Two types of linear models were also developed. These were a pooled data model,
which included all of the observations in the dataset, and single class models, which
included only observations on a particular ticket class of the choice set. The first
estimation methodology that was used was a simple ordinary least squares regression.
These regressions neglected the censoring of the dependent variable and exhibited a
range of diagnostic concerns. Auto-regression and heteroskedasticity were overcome
through the application of the Newey-West HAC. Remaining diagnostic concerns were
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attributed to the failure to account for the censoring of the data and the assumption of
constant coefficients across classes in the pooled data regression.

To account for the non-negativity and upper constraints on the dependent variable, the
Tobit censored regression was successfully employed. Additional conditional moment
tests indicated that some diagnostic concerns remained, which were attributed to
heteroskedasticity. A multivariate quasi-maximum likelihood Tobit was also estimated,
which facilitated increased efficiency in the estimates by accounting for the correlation
across the demand equations for each of the classes.

6.3 THEORETICAL AND POLICY IMPLICATIONS
The research that is presented in this thesis has a number of theoretical and policy
implications, particularly for sellers of capacity constrained goods and services (such as
airlines). The empirical results presented here are the first publicly available multi-class
demand estimates for a regional air route in Australia and therefore provide an insight
into consumer behaviour on an intra-state route such as the one that was investigated.
The model of consumer choice, with the probability of availability, provides insights
into the dynamics of forecasting or anticipating demand in capacity constrained
alternatives. The econometric methods that are used to estimate demand in this thesis
also offer guidance for the practice of demand management.

Of these implications, though, the most important is that which arises from the expected
utility model of consumer choice for capacity-constrained alternatives. The model,
which is presented in Chapter 3, is framed as a discrete choice model, where a consumer
is suggested to form an expectation on the availability of each alternative at the same
time as considering the utility of those alternatives. The formation of an expectation of
availability considers the expected capacity for the alternative, the expected demand for
the alternative, and resource expenditure to increase the likelihood that the alternative
will be available.
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While a part of this model (the relevant expected capacity component of expected
availability) is used in the construction of an empirical analysis of air-travel, the model
of consumer choice may have much wider application. In fact, in any service or product
market where a discrete choice is made with the presence of capacity constraints on the
choice-set, the model presented in Chapter 3 offers an option for understanding
consumer behaviour.

For instance, ticket sales in different stadium sections and

restaurant bookings are both cases where capacity constraints may alter the behaviour of
consumers. Moreover, markets for the retail of heavily demanded products, such as
new-to-market technologies, may also be well served by a choice model that uses this
expected utility framework.

Later in this chapter, it is noted that the embedding of the expected utility function in a
disaggregate choice model is a logical next step for empirical analysis. With available
data and an appropriate functional form in the exponent term of the multinomial logit,
suppliers of capacity constrained goods and services may be able to forecast better the
expected demand for their product. Even without disaggregate data, as this research has
shown, the consideration of the components of availability in an aggregate framework
can also offer significant insight into consumer behaviour.

The implication of not considering availability is also considered in Chapter 3.
Consider a very attractive, but capacity-constrained, alternative in a choice set. In a
standard choice framework, only the attractiveness of the alternative would be
considered – latent demand would be considered to depend only on the utility of the
alternative. In the model proposed in this thesis, latent demand will also depend on the
consideration of the availability of the alternative and the comparison of availability
across alternatives. Depending on the functional form of the expected utility equation,
this will likely result in an altered expected demand.

Further, if availability is a

consideration of the consumer, the goodness of fit of the estimates of demand will also
be better, resulting in estimates and forecasts that are more efficient.
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The aggregate modelling approach that was pursued in this thesis suggests a further
implication for the development of demand models where capacity constraints are
present. The Tobit method for estimating demand clearly overcomes a misspecification
that is attributable to the censoring of the data at zero and at the capacity constraint.
Further, the use of multivariate methods, at least with up to seven alternatives, adds an
additional efficiency gain when each alternative is estimated individually.

Where

capacity constraints are present and are censoring the data, the evidence produced in this
research further supports the use of censored regression techniques and adds a new
stream of support for multivariate seemingly unrelated regressions where alternatives
are correlated through their error terms.

The empirical results, themselves, hold some interesting outcomes that have some
implications for regional air-travel in New South Wales, Australia. Generally, the
results suggested that an increase in perceived availability of tickets on the regional
route would have a positive impact on demand – though, as the theory in Chapter 3
highlights, this is not necessarily a linear relationship and may have a decreasing return.

Unfortunately, there are no elasticities of availability that the results in this thesis can be
compared with. But the results contained here are generally as expected and do provide
some insight into the behaviour of different types of consumer. Elasticities are usually
quite small, as would be expected by a consideration that may be only secondary to
price and income. Moreover the elasticities vary across traveller type.

The empirical models of individual ticket classes highlighted the variation that exists in
the preferences of consumers of those different ticket classes. The airline’s attempt to
differentiate between different types of consumers is quite clear and successful.
Consumers of the more expensive ticket classes are sensitive to availability in their own
ticket class, but generally not in other ticket classes. This likely reflects the typical
business traveller’s preference for a flexible, but more expensive, ticket class with little
regard for the other ticket types that are available.
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Consumers of the less expensive ticket class are generally more sensitive to availability
in other ticket classes. These differences between the more expensive ticket classes and
less expensive ticket classes are maintained across many of the other variables.

For the air-travel industry, the theory and results contained in this thesis encourage the
revelation of significant availability when it exists.17 This is because it would increase
the expected availability for the alternative, reduce the planned availability cost and
increase the likelihood that the consumer would choose that alternative. Immediately
prior to the submission of this thesis, this strategy was evident in the Australian airtravel industry.

Jetstar, the new low-cost subsidiary of Qantas, announced the

availability of 300 000 tickets and made this the focus of one of their marketing
campaigns (Jetstar 2005). This is in contrast to campaigns in the past, where price has
often been the focus and consumers have been left to interpret (usually from past
experience) the likely availability.

The theory and results contained in this thesis

suggest that Jetstar’s approach would result in a higher demand, other things held
constant.

The theory and results presented here also encourage the public release of information
on availability in other types of markets. There is no reason why the same framework
for capacity constrained discrete choice cannot be applied in other sectors. For instance,
analysis the sales of stadium seats or theatre tickets might also benefit from this
analysis.

It would be important in these markets, where quality might also be perceived from
expected demand, that appropriate action is taken in the analysis to recognise such a
dual effect from a component of the expected availability function.

17

Alternatively, it also encourages the manipulation of the consumer’s expectation of availability. While
this may be considered a more pejorative application, it is unlikely to be the long-run profit maximising
option given the consumer’s ability to learn from previous experiences with the firm’s provision of
information.
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6.4 DIRECTIONS FOR FURTHER RESEARCH
The findings contained in this thesis provide an interpretation of consumer behaviour in
capacity constrained discrete choice markets, which has not been proposed before. This
was tested with econometric techniques appropriate to the data that were available. The
results of the empirical analyses suggested that the model of consumer choice with
availability considerations was an appropriate model. However, much could be done to
extend the model and to provide a comprehensive validation.

Further, the

understanding of regional air-travel demand in Australia could be advanced by a range
of other types of analysis. This section reviews possible extensions to the consumer
model, additional approaches to enhance the comprehensive validation of the model,
and supplementary types of regional air-travel analysis that could be undertaken in
Australia.

Perhaps the most useful direction for further research is in the disaggregate modelling of
the consumer choice. The models that are presented in this thesis necessarily utilise
aggregate data because of the unavailability of consumer level data. However, given
information on individual consumers, the data that is used in this analysis would be
even more useful. For instance, a better identification of the different consumer types
who purchase different ticket classes could be undertaken and the interaction of these
individual consumers with capacity and demand would be clearer. Ideal data would be
taken at the point of sale, where actual availability may also be observed.

With disaggregate data of this nature, the choice process could be empirically explored
in an appropriate multinomial logit model. This, however, opens an additional avenue
for further research. Current multinomial logit econometric methods do not cater for the
consumer’s expectations of availability. Using the expected utility framework that is
outlined in Chapter 3, a multinomial logit with an appropriately specified systematic
utility component may reveal further information on the consumer’s expectations of
availability and be useful as a verification tool for the findings contained in this thesis.
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The direct handling of the expected utility function by the multinomial logit may also
enable the further exploration of the functional form of the expected availability and
utility functions. As indicated in Chapter 3, there may be a range of functional forms
that could describe the maximisation behaviour of consumers given capacity
constraints. Application and testing of various forms may reveal the appropriate form.

In the absence of disaggregate data, however, further empirical work could also be
undertaken at an aggregate level. Diagnostic testing in this thesis revealed a range of
potential problems that were either countered through alternative estimation methods or
highlighted as caveats on the results of the model.

The correlation coefficients in the multivariate modelling of the single class equations
suggested that the multivariate technique was appropriate. On the other hand, earlier
diagnostic testing of the individual Tobit equations indicated the likely presence of
heteroskedasticity. Given this, a quasi-maximum likelihood heteroskedastic consistent
Tobit estimator was suggested as being an appropriate final estimator. However,
coefficients using such a technique could not be developed because of the
computationally intensive nature of the estimation. Improvements in computational
power or programming efficiency may be useful in providing such a set of estimates.
Alternatively, simulation methods could be investigated for the evaluation of the high
dimensional integral at the centre of the multivariate analysis.

Readily accessible models of air-travel demand in Australia remain rare. While this
research has shed some light on the Sydney to Wagga Wagga route in New South
Wales, the focus has been on a particular element of the consumer behaviour – the
response of the consumer to availability. The research in this study was also restricted
because of the invariant nature of many of the aggregate explanatory variables over the
course of the dataset. As such, while a range of effects could be and were captured in
this analysis, there continues to be a dearth of studies of air-travel markets in Australia.
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The Australian aviation industry and related policymaking organisations would benefit
from additional, detailed studies of the routes being flown by the key airlines in
Australia. Over the last five years, there has been a range of changes to the air-travel
industry in Australia. In that time, the market has seen the establishment of Virgin Blue
and Impulse Airlines, the demise of Ansett Australia, the incorporation of Impulse into
Qantas and the establishment of Regional Express in the place of Kendell and Hazelton
Airlines. Today, there are again three, trunk-route domestic airlines and two substantial
regional airlines which operate, and with the initiation of the Qantas subsidiary, Jetstar,
the Australia air-travel market demonstrates its ongoing dynamism.

All of these

changes inevitably have welfare implications for consumers and for the Australian
society more broadly.

Understanding those implications through the creation and

estimation of better domestic models of demand would therefore be a particularly useful
project.

It is not just the domestic trunk routes in Australia that are under-investigated. Prior to
this research, there had been only two significant studies of regional air-travel in
Australia. The latest of these was an analysis of regional aviation competitiveness and
was published by the Australian Bureau of Transport Economics in 1999 – also prior to
the collapse of Ansett Airlines and its regional subsidiaries. The earlier study was
carried out in 1986 and was a specific assessment of the demand for intrastate air-travel.
The findings from that study have become outdated.

Finally, perhaps the least studied passenger air-travel market in Australia is the
international air-travel market. Data on these routes is particularly difficult to acquire,
not the least because of the complicated regulatory environment in which these
operations are undertaken. However, if consumer welfare is of concern, it is likely
these routes offer the greatest gains. This is because the regulated nature of the routes
provides monopoly rents to many airlines on a number of routes into and out of
Australia.
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Through all of these various passenger air-travel market types, it would be possible to
use models of demand that control for consumers’ behavioural response to availability.
And the inclusion of availability as an explanatory variable in many type of demand
functions is conceivable and not particularly difficult. Whether it be a disaggregate
multinomial logit analysis of individual consumers, a Tobit pooled data model that
includes indicators of capacity and controls for spillovers, or individual models of
demand that include these variables and are tied together through a multivariate
modelling approach, the research in this thesis has suggested that capacity can be
appropriately incorporated into the demand estimation.

6.5 CONCLUDING NOTE
This thesis reports on the findings of research into the behaviour of consumers for
regional air-travel in Australia. At the outset, three key objectives were set for this
thesis. They were:

1. to model the discrete choice behaviour of consumers when constraints reduces
the likelihood of an option being available;
2. to review and to apply econometric methods that are applicable where data are
not disaggregated sufficiently to allow standard discrete choice econometric
methods; and
3. to provide estimates of a demand equation for a regional air route in New South
Wales, Australia, that both validates the first two objectives and provides an
accessible, empirically based resource for policy making.

Each of these objectives has been met and reported on in this thesis. A unique model of
consumer behaviour was presented in Chapter 3 that allowed for the consideration of
availability in the discrete choice of the consumer. A range of econometric methods
that were appropriate for the estimation of a model and that identified this behaviour,
given the constraints of the data, were subsequently presented. Included in this was the
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specification of a seven dimensional multivariate Tobit model that allowed increased
efficiency in the estimates when correlations existed across the error terms of multiple
equations. Finally, an original set of empirical estimates was provided that, for the first
time, included an indicator of availability as a determinant of demand for air-travel.
These estimates provided validation both for the underlying economic theory of
consumer behaviour and for the suggested econometric methods. Moreover, these
estimates are a useful addendum to the pursuit of an understanding of consumer
behaviour on regional airline routes in Australia.

In all, the findings reported in this thesis provide a new way of conceptualising the
discrete consumer choice when capacity constraints exist – not only for the regional
Sydney to Wagga Wagga air-travel market under examination, but potentially for any
market where consumers make discrete choices that are constrained by capacity. The
airline industry and firms in other similar markets would be well-served to understand
the potential power of information on availability to shift demand.

Moreover,

policymakers should not be surprised by the publicity given to this type of information
and should ensure its validity given the implications it may have for consumers’
motivation and behaviour.
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