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ABSTRACT 

Over the last decade, airline markets around the world have been reshaped dramatically 

by the rapidly growing low-cost carriers and new forms of distribution channel. 

Significant reduction in searching cost brought by the web-based distribution has made 

fare product comparison and purchasing an easier task. As a result, traditional demand 

models based on independent (fare class) demand assumption has been violated. A 

better understanding of passenger choice behaviour is now needed since the 

development of new generation revenue management (RM) system requires inputs of 

demand based on dependent fare classes. 

Early studies on dependent demand mainly focused on the buy-up and buy-down 

behaviour for single- leg flights. With the introduction of discrete choice modelling, 

more recent studies are beginning to incorporate competitions between flights and 

carriers into the model. In a discrete choice model, a customer is assumed to weigh up 

service levels of a fare product against its price. The fare option with the highest 

satisfaction is the one being chosen. As all the components taken into consideration by a 

traveller may not be readily at hand for the analyst, the satisfaction or utility of a fare 

product is measured by way of a systematic component – the observed utility – and a 

random component – the unobserved utility. As such, the choice decision is modelled 

up to a probability. Discrete choice models are theoretically sound for fare product 

demand forecasting, as they directly work on the decision making process o f air 

travellers. 

Currently, the most widely applied discrete choice model in revenue management is the 

multinomial logit model (MNL), within which the unobserved utility of each alternative 

is independently and identically distributed (IID). Such a structure leads to the 

independence from irrelevant alternatives or IIA property. That is, the ratio of 

probabilities for two alternatives is independent from the existence of any other 
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alternative in the choice set. However, the biggest limitation of IIA is the resulting 

proportional substitution pattern, which suggests that an improvement in the attributes 

of one alternative reduces the probabilities for all other alternatives by the same 

percentage. This highly restricted structure is unlikely to hold in the context of real 

airline markets. This is because the behaviour of compensatory travellers is likely to 

vary among the population, and to capture these variations advanced DCMs should be 

applied. 

In addition to preference heterogeneity, the decision making process of air travellers are 

also varying. For example, in RM literature the new priceable/yieldable segmentation 

was derived on the behavioural difference between the price-oriented (priceable) 

travellers and the service-oriented (yieldable) travellers. The former would persistently 

choose the available fare product with the lowest price, while the latter is only interested 

in a single type of fare product. Although none of the two types of traveller strictly 

follows the utility maximisation behaviour, they have not been differentiated from the 

compensatory travellers during choice model estimation. 

In order to address the above issues, a new stated choice design method was proposed. 

The use of stated preference (SP) data over the revealed preference (RP) data is because 

repeated choices from individual travellers that are necessary to identify the decision 

rule heterogeneity are relatively easy to be obtained under the SP environment. To 

generate the stated choice experiments, availability design methods were used. Different 

from traditional labelled experimental designs with fixed choice set composition, 

availability designs vary the alternatives in a choice set through a ‘master design’, under 

which the presence and absence of each alternative can be controlled systematically. 

Such a practice mimics fare product stock-outs caused by the capacity limitation of 

aircrafts and RM controls utilised by the airlines, but more importantly, it allows the 

natural correlations between price and service levels to be maintained – a condition 
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seldom can be met under fixed-composition design due to attribute trade-offs required 

by the efficient design criteria.  

In this thesis, the proposed design has been tested under both simulated and empirical 

environments. The simulation studies demonstrate the benefit of using availability 

designs in identifying preference heterogeneity and decision rule heterogeneity in a 

population. The empirical results show that both preference heterogeneity and decision 

rule heterogeneity are likely to exist in the real airline market, and they can affect the 

result of fare class demand in a dramatic way.  

The thesis provides a proof-of-concept of using RP-SP calibrated choice models for fare 

product demand forecasting, and proves the importance of air travel choice studies in 

the development of the new generation choice-based RM system. 
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Chapter 1 Introduction 
 

Since market deregulation started in 1978, revenue management (RM) has played a key 

role in airline planning and operation processes. However, due to the wide application 

of the internet and increased market penetration of low cost carriers, historical methods 

of revenue management (RM) are slowly eroding, indicating a requirement for changes 

to the underlying science in the current system (Boyd & Kallesen 2004). More recently, 

researchers have started to investigate the integration of discrete choice models (DCMs) 

and passenger- level data into current RM systems (RMSs). Such methods are 

commonly called choice-based RM. Compared to the traditional methods, the new 

techniques are more theoretically sound in explaining the demand dependence 

commonly seen between fare products. The application of real-time online sales data 

which consists of detailed snapshots of the availability of products on the market and 

information on the fare products that are browsed or booked by passengers enables 

airlines to replace the probability and time-series demand models in traditional RMSs 

with models grounded in discrete choice theory (Garrow, 2010, p. 3). 

However, because of the distinct perspectives, research priorities, and publication 

outlets, there has been only limited collaboration between discrete choice modellers and 

RM scholars (Garrow, 2010, p. 4). To bridge the gap, this thesis brings together the 

theories of revenue management and discrete choice modelling, and on this basis 

proposes a method for the integrations of the two. 

The remainder of this chapter is as follows. The next section introduces the 

development of RM in the context of the airline market, emphasising the impact of the 

independent demand assumption. Section 1.2 discusses the advantages of the newly 

developed choice-based RM system and its limitation in application. Section 1.3 
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discusses issues regarding the choice model estimation, leading to the proposal of the 

research questions in section 1.4. Section 1.5 summarises the contribution of the thesis.  

The chapter closes with an introduction of the thesis structure. 

 

1.1 The Development of Forecasting Techniques in 
Airline Revenue Management 

Airline revenue management (RM) aims to maximise the overall revenue of a single 

flight or a flight network through the practice of differential pricing and seat allocation. 

Differential pricing decides the fare products to be offered on each flight; seat allocation 

balances the load factor and passenger revenue by controlling the booking limits of 

discount fare products. Suppose a potential customer (arrival) nominates a price for 

travelling on a particular fare class, the basic revenue management decision is whether 

to accept or reject this request (McGill & Van Ryzin 1999). Whilst this form of real 

time trading is possible it is rather impractical for airlines with a large volume of 

requests each second. Airline RM systems pre-calculate the number of fare offerings 

(differential price setting) and the number of seats available within each fare class 

(booking limits). In a sense, a revenue management system decides how many requests 

to accept for a lower fare before closing it. The aim is to have sufficient capacity 

remaining to meet demand for higher fares. The decision hinges on whether the 

expected revenue generated by arrivals willing to purchase higher priced tickets will be 

greater than had the airline left the lower fare class open (a revenue maximising 

decision criterion). The performance of the revenue management system relies heavily 

on the accuracy of its forecasts.  
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1.1.1 Traditional RM Controls and the Independent Demand 
Assumption 

In the early regulated markets, airlines provided uniform fare products under a mileage-

based calculation (Belobaba 2009). At that time, almost all quantitative research on 

revenue management (RM) focused on overbooking (McGill & van Ryzin 1999). As the 

name suggests, overbooking refers to the practice of deliberately selling tickets beyond 

maximum capacity on a flight based on the predictions of cancellations, no-shows, and 

passengers accepting stand-by tickets.  

In 1972, discount fares were introduced to airline markets alongside standard fares in 

order to fill otherwise empty seats (Belobaba 1998; McGill & van Ryzin 1999). To 

prevent diversions of full- fare travellers, booking of a discount fare had to satisfy a 

series of rigorous restrictions, such as advance booking requirements and Sunday 

minimum stay. The idea was to provide sufficiently differentiated products for the 

customer base to be segmented into classes that would each only buy one type of ticket. 

When demand is perfectly segmented, seat allocation can ignore the possibility that a 

customer may take a cheaper ticket, as the availability of lower-priced fare products 

does not affect the demand for the higher-priced fare classes. In RM, such an 

assumption is known as the independent demand assumption (IDA).  

Based on IDA, Littlewood (1972) proposed a strategy to sell the seats on a flight with 

only two fare classes. The full- fare class is designed to attract late booking business 

travellers, while the discount fare class is used to stimulate the demand of price-

sensitive non-business travellers. Due to the enforced advance booking restrictions, 

demand for the discount fare arrives earlier than the full- fare demand. The number of 

seats to reserve for higher fares, 𝑙1, depends on a forecast of the number of high yielding 

arrivals. The decision criterion is to maximise revenue collected for the flight and this is 

achieved, in part, by ensuring the expected revenue for the reserved seats exceeds the 
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revenue for these seats if they were released to lower yielding arrivals. The optimal 

number of seats is determined at the margin such that the expected revenue for reserving 

one more seat for a high yielding arrival is no more than the fare to be collected by 

selling that seat to the lower yielding arrival 

𝑙1
∗ = 𝑚𝑎𝑥{𝑙: 𝑝2 ≤ 𝑝1𝑃𝑟𝑜𝑏(𝐷1 ≥ 𝑙)}.                                                                            (1.1)  

𝑙1
∗ is the optimal protection level for the full fare class. It takes the maximum value of 𝑙, 

which is the number of seats remaining unsold on the flight. Above this threshold, the 

revenue from accepting a request for discount fares will be higher than the expected 

gain from reserving it for a later full- fare request. 𝐷1 is the demand for the full fare with 

price 𝑝1, and 𝑝2  is the price for the discount fares.  

Assuming a continuous distribution 𝐹1(𝑥) for 𝐷1, the condition for Equation 1.1 is met 

when the condition inside the curly bracket holds at equality, such that 

𝑝2 = 𝑝1𝑃𝑟𝑜𝑏(𝐷1 ≥ 𝑙1
∗) 

𝑝2 = 𝑝1[1 − 𝐹(𝑙1
∗)] 

𝑙1
∗ = 𝐹1

−1 (1 −
𝑝2

𝑝1
).                                                                                                        (1.2) 

Let the capacity of the flight be C, the booking limit or the maximum number of seats 

that can be booked by the low yielding arrivals can be calculated as 

𝑏2
∗ = 𝑚𝑖𝑛{(𝐶 − 𝑙1

∗)+ ,𝐷2}                                                                                              (1.3)  

(𝐶 − 𝑙1
∗)+, which is the optimal number of seats exceeding the protection level for the 

full fare that the airline is willing to sell to the non-business travellers, cannot take a 

negative value. The specification of this Equation simply states that the airline can 

accept requests on the basis of first come, first serve until the threshold value (𝐶 − 𝑙1
∗)+ 

is reached or the stage ends (e.g. all the high yielding arrivals are served), whichever 

comes first. 
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Belobaba (1987) extend Littlewood’s seat allocation method to  multi- fare-class cases 

based on the expected marginal seat revenue (EMSR) – the expected revenue of an 

additional seat on a flight, calculated on the basis of ticket price and the forecast 

demand. In an early version of this method, the EMSR-a, the protection level for a 

group of high yielding fare classes was derived by adding up protection levels for pairs 

of fare classes through the application of Littlewood’s model. A modified version, the 

EMSR-b, proposed in 1992, determines the protection level for higher fare classes on 

the aggregate demand and an artificial price level weighted by the fare class demand. As 

the EMSR heuristics are particularly easy to implement, they were widely applied in 

airline RMS during the late 1980s and the 1990s (Talluri & van Ryzin 2005; Carrier 

2008). Other leg-based optimisation methods1, including McGill (1989), Curry (1990), 

Wollmer (1992), Brumelle & McGill (1993), all boiled down to a similar logic for 

accepting or declining a request.  

The aforementioned optimization methods are derived on an assumption of strictly low-

to-high revenue order with the requests for one fare class arriving at each period of time. 

The optimal allocation strategy for each fare class is static throughout the optimisation 

process due to the imposed IDA. As long as IDA holds, relaxation of the customer 

arrival assumption will not affect the fundamental theory of seat capacity control, as 

random arrival only breaks the one-to-one correspondence between periods and fare 

classes. The revenue optimisation is calculated on the basis of each arrival rather than a 

time period. The choice of dynamic against static models really is just a choice of which 

set of approximations is more acceptable and what data are available in a given 

application (Talluri & van Ryzin 2005). 

                                                 
1 In contrast to the network based optimisation that maximises the overall revenue of the entire network, 
leg-based method optimises the revenue for a single flight leg.  
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Although the independent demand assumption has many appealing properties, it is 

unlikely that this assumption is reflected in any actual market. In the early part of the 

21st century the competitive landscape in the global airline market changed dramatically 

due to the emergence of low-cost carriers and on- line distribution channels (Belobaba 

2009). With the introduction of ‘no-frills’ services, low-cost carriers passed on savings 

from lower overheads to their customers. They have also simplified their pricing 

strategies, abandoning the rigorous fare restrictions imposed by the legacy airlines. As a 

result, the differentiation between fare classes has been reduced greatly. Business 

travellers who used to purchase higher-priced fare products in order to guarantee a 

higher level of flexibility were now eligible for fare products with similar conditions at 

a much lower price. This is known as buy-down behaviour.  

Moreover, web-based distribution reduced searching costs for available travel options 

causing demand diversion both within and between airlines. This also amplified the 

impact of the low-cost competition. In order to prevent market penetration, legacy 

airlines matched their pricing strategies to the low cost carriers, resulting in the failure 

of the independent demand assumption.  

1.1.2 Spiral-Down Effects and Dependent Demand 
Although customer demand in the real airline market was evolving, legacy airlines 

continued to apply RM controls based on the false assumption of independent demand, 

the consequence of which was not uncovered until the early 2000s.  

Coining the terms yieldable demand and priceable demand, Boyd & Kallesen (2004) 

used a two-fare-class example to illustrate the ‘spiral-down’ effect. A yieldable demand 

model is one where customers who are willing to pay for high-priced flexible products 

will choose these products even when the restricted fares are available. A priceable 

demand model will have a segment of customers willing to pay for flexible fares, but 

only if they are unable to bid for the lower-priced restricted fares. Traditional RM 
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controls based on the IDA is only efficient when the yieldable demand is the true model. 

When customers are ‘priceable’, utilising RM controls under the IDA will over-estimate 

the demand for low-priced fares causing fewer seats to be protected for high-revenue 

customers and the release of more low-priced fares. Consequently, even more customers 

choose the newly released low-priced fares. If this cycle continues, eventually none of 

the seats will be saved for the high-revenue customers. This is known as the “spiral-

down” effect shown in RM (Figure 1.1).  

Cooper, Homem-de-Mello & Kleywegt (2006) further investigated the above results 

using simulation data, and concluded that sub-optimal controls are generated due to the 

application of the incorrect demand assumption. The problem becomes worse if 

parameters in the demand model are estimated solely on the basis of observed bookings.  

 
Figure 1.1 the Spiral-Down Effect (Lua 2006) 

To solve the spiral-down effect, dependency between the fare class demands needs to be 

considered in the RM controls. Early studies on dependent demand mainly focused on 

the buy-up and buy-down behaviour for single-leg flights; the cause of such behaviour 

was generally explained as the existence of the priceable travellers in the markets (e.g. 

Brumelle et al. 1990; Bodily & Weatherford 1995; Belobaba & Weatherford 1996; 

Hopperstad 2004). For example, in a popular approach, the Fare Ratio Sellup Model 

(FRAT5), the buy-up rate from the lowest fare class to a sequence of high yielding fares 

is calculated as an exponential function of ticket price subject to the behavioural 

Less protection of 
higher fare classes 

More seats available for 
lower fare classes Less restrictive fare structure 

Lower forecast of 
higher fare classes 

Original high fare 
demand diverted to lower 

fares 

Fewer bookings registered 
in higher fare classes 
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assumption that travellers are price-oriented and they would choose the lowest available 

fare whenever it is possible.  

Although the ad-hoc demand estimators are easy to use and simple to calibrate, the 

accuracy of the prediction declines with the increase in flight frequencies, as no across-

flight recapture rates and competitor effects are considered. A more theoretically sound 

approach is to use discrete choice models, which directly work on the fare product 

choice behaviour of prospective airline customers. 

In a discrete choice model, a customer is assumed to weigh up service levels – such as 

time of the day, safety reputation and the flexibility of the ticket – and assess these 

offerings against the price. All available fare classes as well as the option to not- fly 

form the customer’s choice set. The basic tenet of micro-economic choice is that the 

revealed choice (the ticket booked) is the option from which the customer derives 

highest satisfaction subject to constraints. That is the customer’s choice aligns with their 

preference order or utility.  

However, all the components taken into consideration by the decision maker may not be 

readily at hand for the analyst (Manski 1977), in which case the customer’s utility is 

measured by way of a systematic component – the observed utility – and a random 

component – the unobserved utility. As such the customer’s choice may be modelled up 

only to a probability (McFadden 1974). 

The first choice-based demand estimator for single- leg RM controls was proposed by 

Talluri & van Ryzin (2004), who assumed the timeframe before a flight departure can 

be segmented into T time periods. At each time t, the number of customer arrivals is 

modelled as a Poisson random variable, and the set of fare classes available to the 

arrivals is denoted as 𝑆𝑡, which represents the fare classes that have not been closed at 

time t. Each arriving customer makes a choice of a preferred ticket based on its price 
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and conditions. However, the choice is only known to a probability – by the revenue 

manager, such that: 

0 ≤ Prob𝑖(S𝑡) ≥≤ 1, 𝑗∀𝑆𝑡                                                                                            (1.4)  

Where Prob𝑖(S𝑡) is the probability fare class j is chosen.  

Let the index 0 denote a no-choice option representing all the other choice options 

available to an arrived customer (e.g. no-fly and fare products from competing airlines). 

The choice probabilities given choice set 𝑆𝑡 satisfy 

∑ 𝑃𝑖(𝑆𝑡)𝑖∈𝑆𝑡
+𝑃0(𝑆𝑡) = 1.                                                                                            (1.5) 

𝑃𝑖(𝑆𝑡) may be modelled under the assumption of random utility maximisation (RUM) 

as a function of price and flight conditions. As the choice-based estimator is consistent 

with consumer behaviour theory, it is more flexible and potentially more accurate in 

demand forecasting than ad-hoc methods assuming simple decision rules as is done in 

FRAT5 (Weatherford & Ratliff 2010). 

 

1.2 Choice-Based RM and Discrete Choice Modelling 
Revenue optimizations derived with choice-based demand estimators are known as 

choice-based RM. Typically, a choice-based RM model has three components – a value 

function estimating the expected revenue to be gained at the current time period and the 

subsequent periods (also known as periods-to-go), a set of seat control strategies 

deciding fare classes to be offered at the moment, and the fare class demand obtained 

from the choice-based estimator using historical bookings and previous seat capacity 

control information. The optimal control strategy for the current time period should be 

the choice set maximizing the expected revenue function given the predicted fare class 

demand.  
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Under the traditional probability and time-series models based on the IDA, demand for 

each fare class is treated as an exogenous variable unaffected by the changing capacity 

controls. Ad-hoc demand methods modelled the dependency between fare classes as 

additional variables with pre-specified ratios. Although theoretically sound, such a 

method is not easy to implement as the switching rates are not directly observable to the 

analyst. On the other hand, the choice-based estimator directly models the decision 

making process of air travellers. It is able to update the dependency of fare class 

demand based on information about available fare classes. As the seat control policies 

vary in each time period, the demand estimation is also evolving. If real-time online 

data such as snapshots on the availability of products in a market are available to the 

airlines, a choice-based RM system has the potential to provide dynamic RM controls 

optimized for each customer arrival (Figure 1.2). 

 
Figure 1.2 A Comparison of the Traditional RMS and Choice -Based RMS 

The seminal work in the field of choice-based RM was published in 2004 by Talluri and 

van Ryzin (Newman, Ferguson & Garrow 2012). A multinomial logit (MNL) model 

was integrated with a dynamic program (DP) for (flight) leg-based revenue 

maximisation (see Appendix A1.1 for a brief introduction to the choice-based 

optimisation process). The MNL model is based on independently and identically 
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distributed (IID) error terms, which leads to independence from irrelevant alternatives 

(IIA), in which the substitution between alternatives does not depend on the availability 

of other alternatives in the choice set. However, this is not consistent with observed 

behaviour (Louviere et al., 2000, p. 138). 

In the context of the airline market, there are various reasons why the use of simple 

MNL model is less effective. For example, some air travel choice studies (e.g. Coldren 

& Koppelman, 2005 a, b) indicates that there tends to be correlations in the unobserved 

utilities between alternatives sharing the same carrier, itinerary or fare classes. Secondly, 

travellers are heterogeneous in their preferences for price, service levels and time of the 

day to travel, and such heterogeneity tends to vary within the population (Hess and 

Polak, 2005 a, b). The standard MNL model is based on preference homogeneity. 

Finally, travellers are likely to use multiple decision rules (e.g. Boyd & Kallesen, 2004). 

MNL models like all choice based models based on random utility maximisation 

assume a single, compensatory, decision rule.  

In the context of the airline market, there are various reasons why cannot hold. First, 

fare product choices of air travellers are likely to be due to applications of multiple 

decision rules, which conflicts with the homogenous behaviour assumption imposed by 

the MNL-based demand estimator. Also, a review of air travel choice studies shows that 

travellers’ preference for price, service levels and time of the day to travel tend to vary 

within the population. Such variation can be captured more effectively by advanced 

discrete choice models. For accurate demand forecasting, the structure of the demand 

estimator needs to be re-specified. 

1.3 Estimating DCMs Using Revealed and Stated 
Preference Data 

There are two types of data, namely revealed preference (RP) data and stated preference 

(SP) data that can be used to estimate the choice-based demand estimator. The former 
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consists of actual choice data made by decision makers under real market situations. If 

any correlations of attributes exist in the real market, they will enter the estimation 

process as well. Despite this constraint, properly sampled RP data are able to replicate 

the real market shares. Therefore, they are generally believed to be more suitable for 

short-term forecasting with small departures from current market situations (Louviere, 

Hensher & Swait 2000, p. 228-230).  

On the other hand, SP data are collected through surveys with a set of pre-designed 

hypothetical choice questions.  SP data collected through SP surveys present 

respondents with questions representing hypothetical markets. Each question is a choice 

set with descriptions of alternatives for each respondent to choose from. The attributes 

and attribute levels of each alternative are carefully designed through a controlled 

process, called an “experiment” (for detailed discussion of experimental designs, please 

refer to Chapter 3). Through the experimental design, analysts are able to manipulate 

the alternatives in order to gain rich information on attribute trade-offs made by 

decision makers. When socio-demographic data are collected during the survey, 

analysts are able to capture heterogeneous preferences across social groups. As SP data 

are effective in revealing preference-driven behaviour, they are more suitable for 

behavioural analysis or long-term demand forecasting, especially for the opening of new 

markets or the current market with the presence of new products or services. that cannot 

be observed in an existing market – for example, the structural shifts in a market due to 

the introduction of a new product. As a consequence, SP-derived models may be more 

appropriate to predict structural changes that occur over longer time periods, although 

experience suggests that they also perform well in short-term prediction if calibrated to 

initial conditions (Louviere, Hensher & Swait, 2000, P. 230). 
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In addition to choice data, socio-demographic information can be collected to capture 

heterogeneous preferences across social groups. This type of data is available under 

both RP and SP setting. 

1.3.1 Historical Bookings and the Incomplete Data Problem 
In RM studies, RP data are widely applied, as real bookings made by past travellers are 

largely available in airline databases (Carrier 2008). However, the booking data of 

airlines has the historical problem of incompleteness, since they are restricted by 

capacity constraints – the booking requests for a given fare class would be turned away 

when its capacity restriction is reached and such data are unobservable to the analysts; 

also, readily available airline data do not include booking and RM information of the 

competing airlines. It is not possible to distinguish between periods in which there was 

no arrivals or with arrivals who purchased a competitor’s ticket (Talluri & van Ryzin 

2005, p. 479). As arrival rate is also an unknown parameter in the choice-based demand 

estimator, parameters in the choice model cannot be analysed independently from the 

arrival rate under the maximum log-likelihood estimator (see Figure 1.3).  

 

To solve the problem, Talluri & van Ryzin (2004) applied the expectation maximisation 

(EM) method for joint estimation of choice parameters and customer arrival rate. The 

EM algorithm iterates between finding an expected log- likelihood function given a 

distribution for the missing data and maximising that function, a process considered to 
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be efficient but notoriously slow (Newman et al. 2014). This approach was later 

improved by Newman et al. (2014), utilising the advantage of the IIA property – when 

IIA holds, consistent parameter estimates can be obtained for a subset of alternatives. 

The choice probability of an alternative conditional on the subset provided by the host 

airline can be estimated first. Given these parameter estimates, the alternative specific 

constant for the ‘no choice’ option and the arrival rate can be estimated sequentially. In 

the improved method, the observed utility of the ‘no choice’ option was allowed to 

depart from zero, as Ferguson, Garrow & Newman (2012) in a simple simulation study 

proved that setting the ‘no choice’ utility to zero can lead to biased parameter estimates 

and inaccurate forecasts. The improved method eliminates the need for iteration, 

causing significant reduction in the computing time. Currently, this method is limited to 

the estimation of generalised extreme value (GEV) models (see Newman, Ferguson & 

Garrow (2012), and Newman, Ferguson & Garrow (2013)). An introduction of the EM 

method is presented in Appendix A1.2. 

An alternative way to solve the incomplete data problem is to use data provided by 

third-party organisations, such as the global distribution systems (GDSs). As such a data 

source generally contains information on more than one airline it can give the analyst a 

better idea of the competitive environment in the market. So far, the application of third 

party data in choice-based RM is limited, probably due to the unsuitability of the data 

source. One example is given by Vulcano, van Ryzin & Chaar (2010) who did not 

incorporate the third-party data into the choice model since the alternatives given by the 

provider were ‘incomplete and dirty’.  

Garrow (2010) in her book “Discrete Choice Modelling and Airline Demand 

Forecasting” mentioned that online shopping data, such as snapshots of available fare 

products and ticket information that are browsed by passengers, would be more useful 

for the development of choice-based RM system, as these data can be effectively 
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utilised by discrete choice models. In fact, such data has been applied by Bodea, 

Ferguson & Garrow (2009) as a ‘proof-of-concept’ in a choice-based revenue study for 

a major US hotel chain. With online distribution booming in the airline market, the use 

of real-time product availability information in choice-based systems is likely to happen 

in a not very distant future. 

1.3.2 Limitations of Fixed-Composition SP Designs 
Stated Preference (SP) surveys present a set of alternatives to each respondent. In this 

case the analyst is aware of the alternatives not chosen and data incompleteness is less 

of a problem. It is common for the experimental design to present a fixed composition 

of alternatives with attributes and/or attribute levels varying across choice scenarios (or 

tasks).It is common for the experimental design to present a fixed number of 

alternatives with varying attribute levels across choice scenarios (or tasks).  A 

respondent Respondents will complete multiple tasks and their set of choices will reveal 

information about their trade-offs between attributes. SP data have been seldom applied 

in RM studies due to their hypothetical nature (Carrier 2008), but in other areas of 

research SP investigations into consumer choice have proven to be highly valid 

(Louviere & Lancsar 2009). 

Whilst presenting a fixed-choice-set-composition (or fixed-composition) design to 

respondents is appropriate for goods without stock-out problem, for perishable goods, 

like air fares, availability is an important characteristic of the choice that cannot be 

ignored. Failure to factor in availability leads to a lower forecasting performance and 

potential revenue loss to the firm (Newman et al. 2014). Airline tickets like other 

perishable goods have no usefulness beyond a point in time. Revenue management 

carefully controls the availability of lower and higher priced fare product to maximise 

the revenue potential for the limited seat capacity. Applying stated preference designs  
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with fixed choice set composition to the fare class choice does not seem appropriate as 

they do not incorporate availability into the study of booking decisions.  

In order to detect the trade-off between attributes, stated preference designs will include 

scenarios that would not be observed in the market. For example the cheaper of the two 

tickets will also be the most restrictive in terms of changing flight times. To identify a 

part worth or willingness to pay for less fare restrictions, a SP instrument may include 

the cheaper of two tickets with fewer restrictions. Whilst this method may help tease out 

willingness to pay it has the potential to bias any forecast of demand. 

Another problem that a stated choice  SP data set may suffer is the sampling bias. Since 

SP studies often serve a goal of identifying relationships between alternative attributes,  

sampling is generally not a concern for the analysts. When such non-random samples 

are used for demand prediction, dubious market shares or market demand estimates will 

be generated (Hensher, Rose & Greene 2005a).  

Due to the perishable character of fare products and the role airline RM decisions play 

in choosing the level of high fare class protection, SP instruments with a fixed number 

of alternatives do not mimic the real market to a sufficient degree. Consequently, typical 

stated preference data have had limited application to the study of RM.  

1.3.3 Identifying Multiple Decision Rules 
As discussed in Section 1.1, the spiral down effect in the RM optimisation process is 

believed to be due to the existence of multiple decision rules – when the low yielding 

fare product is closed by the system, a priceable traveller would buy-up to the next 

cheapest fare but a yieldable traveller would give up travel. In discrete choice modelling, 

the former behaviour can be effectively reproduced under the lexicographic decision 

rule, while the latter behaviour resembles a simple decision heuristic known as non-

trading. As neither of the paradigms is utility maximising, choice shares predicted by 



17 

random utility models are biased. A literature review on studies of multiple decision 

rules in Chapter 2 shows that the fitness of a choice model will be improved 

significantly if the correct information processing strategies are identified in the sample.   

In discrete choice studies, RP surveys are seldom applied to identify multiple decision 

rules. This is likely to be due to the following reasons: although RP panel data can be 

obtained from individual respondents, the number of choice scenarios per respondent is 

generally low; more importantly, RP panels are normally collected over a considerable 

period of time, so that the context of the study may vary across choice scenarios (Hess, 

Rose & Polak 2010). These reasons are especially true in airline markets, as passengers’ 

ticket choices are often related to factors like travel purpose that may differ from trip to 

trip. Ignoring this fact may lead to biased estimation results.  

In comparison, SP panels are much easier to obtain, as multiple choice scenarios in an 

experiment can be directly assigned to each sampled respondent. Also, because different 

observations are collected from each respondent within the same survey, the context 

variation is generally minimal. However, as mentioned in the previous section, SP 

surveys are generally based on fixed-size choice sets  fixed choice set composition with 

all possible alternatives presented in each choice set. Such a design strategy is not 

suitable for air fare choice studies as the behaviour of yieldable and priceable travellers 

are only differentiable when the low yielding fares are closed. Therefore, to better 

understand the decision process of air travellers, a stated choice design method that 

considers the pricing and seat allocation strategies of airlines needs to be developed.  

1.4 Objectives of the Research 
The previous discussion on demand forecasting techniques indicates a need for airlines 

to achieve a better understanding of a need of airlines for a better understanding of 

consumers’ air fare choice behaviour, as it is closely related to the development of the 

new generation choice-based RM system. Although most RM scholars and practitioners 
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have now realised that the spiral-down effect causing the revenue loss is due to the 

dependency between the fare-class demands, reasons causing such dependency as well 

as the methods to estimate it have not been well studied so far.   

For the above reason, this thesis will investigate the decision making process of air 

travellers, aiming to provide more accurate forecasting results on the fare-class demands. 

SP survey data was chosen over the readily available RP data because the identification 

of multiple decision rules requires several observations from each individual decision 

maker. To reflect the pricing and RM control strategies applied by airlines, an efficient 

availability design was proposed. Compared to the traditional fixed-size designs widely 

applied fixed composition designs, the alternatives in the proposed design are more 

realistic, as they are able to maintain the correlations between price and service levels, 

and meanwhile mimic the unavailability of fare classes due to seat capacity controls. In 

the simulation and empirical studies, labelled experiments are applied, as the result of 

the choice model is used to forecast market shares of the available fare product 

alternatives.  

 

1.5 Contributions of the Thesis 
In this thesis the proposed availability design method was tested in both simulated and 

empirical environments. In each simulation, choice models are estimated based on 

synthetic data derived from two availability designs and one fixed-compositionsize 

design. The varying size of choice sets composition variations in the availability designs 

allows the IIA test to be conducted, based on which more accurate fare product choice 

models can be constructed. The estimated models are then used to predict market shares 

and recapture rates with the exclusion of one of the low-priced fares. A comparison of 

the forecasting results suggests that availability designs are able to detect multiple 

decision rules in the sample.  
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Using the proposed design method, an empirical study is conducted. The varying sizes 

of choice set compositions allow the non-trading behaviour of yieldable travellers to be 

identified. Using the socioeconomic and trip-related information, the reason causing 

such non-random-utility-maximising (non-RUM) decision rules can be analysed. As in 

the simulation study, IIA tests are conducted. Its results are used as guidelines for the 

construction of advanced discrete choice models. As far as is known, this is the first 

empirical study successfully conducted with an application of efficient availability 

designs. 

The results of the simulation and empirical studies are revealing. They allow airlines to 

better understand, from a new perspective, the spiral-down effect which causes the 

failure of traditional RM. Such a finding is a ‘proof-of-concept’ of the potential of SP 

method applied in future choice-based RM.  

The specific contributions are 

1) Extended the Lazari & Anderson (1994) orthogonal design for availability 

models to a combined availability and attribute design giving efficient selection 

of attribute levels in a SP experiment (Section 3.5.3). The performance of the 

model is compared to Rose, Louviere & Bliemer (2013) efficient availability 

and efficient attribute level design using synthetic data (Chapter 4). 

2) Demonstrated that a partial-mother- logit model may be used to identify 

correlations between unobserved utilities as a precursor to setting up a panel 

data error component choice model (Section 4.3.3) 

3) Tested choice model performance for switching behaviour in an airline ticket 

choice setting. Tested buy-up, recapture and diversion under different modelling 

assumptions about random utility in consumer choice (Chapter 4). Compared to 

random parameter logit (RPL) and error component models (ECMs), MNL is 
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shown to perform poorly if consumers display preference heterogeneity based 

on price (Section 4.3.2) or and flexible substitution patterns (Section 4.3.34.4.1). 

4) Demonstrated the superiority of an availability model over a fixed- 

compositionsize design in detecting specific non-compensatory behaviour rules. 

The availability design is used to distinguish between priceable and yieldable 

airline customers in a synthetic data setting (Section 4.3.44.4.2) and in an 

empirical setting (Section 5.55.4). 

5) Used a stated choice inquiry into airline ticket choices on short haul routes in 

South East China, based on an orthogonal availability (master) design and an 

efficient attribute (sub) design, to identify: i) different market structures (flexible 

substitution patterns) for business and leisure travellers, ii) price heterogeneity in 

each market and the dependence of preferences on lateness of booking and 

personal income, iii) non-compensatory decision rules used by respondents 

(Chapter 5). 

6) Demonstrated that a logistic regression based on demographic profiles, travel 

frequency and pre-booking behaviour can be used to estimate whether a 

respondent is likely to use a non-compensatory decision rule. Travellers on 

business are more likely to be captured by flexible ticket prices if they travel 

often, book early, belong to a loyalty program and have a higher than average 

income (Section 5.5.25.5.1). Leisure travellers are likely to be drawn to low 

price, inflexible tickets if they book late, do not belong to a loyalty program, 

have a lower than average income and travel infrequently. 

7) Using the results from the logistic regression, latent variable choice models are 

derived and estimated. The results show significant improvement over ignoring 

the possibility of non-compensatory decision behaviour (Section 5.5). These 
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results show that multiple decision rules can be predicted using the limited data 

in an airline’s database (Section 5.5.3). 
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1.6 The Structure of the Thesis 
The structure of the thesis is organised as follows: 

Chapter 1 introduces the demand forecasting techniques in revenue management 

highlighting the limitations of the latest development of choice-based RM, based on 

which the objective of the thesis is proposed.  

Chapter 2 investigates the fare product choice behaviour of air travellers emphasising 

the difference between preference heterogeneity and multiple decision rules. Since the 

identification of multiple decision rules requires several choice observations from each 

decision maker, the use of SP panels is suggested.  

To collect SP data, stated choiceSP surveys need to be generated using experimental 

designs. Therefore, Chapter 3 begins with a discussion of state-of-the-art design 

methods and their limitations in the estimation of fare product choice behaviour. In a 

hybrid market where multiple decision rules are applied, fixed-size composition designs 

become less efficient as the behaviour of priceable and yieldable customers are 

confounded in the choice sets where all fare product alternatives are presented. For this 

reason, availability designs with varying choice set compositions are introduced.  

Although availability designs are effective in revealing different decision rules applied 

by air travellers, the effectiveness of the designs in terms of uncovering preference 

heterogeneity of utility-maximising air travellers are unknown. Therefore, Chapter 4 

examines the efficiency of the proposed design in four two simulation studies. The first 

simulation considers homogenously behaved air travellers with unobserved preferences 

independent and identically distributed over the population. The second and third 

simulation studies consider random taste variations in price, flexibility of fare class and 

time of the day to travel among the population, as these effects have been proved to 

exist in the real airline market by many air transportation modellers. The last second 

simulation study incorporates both preference heterogeneity and decision rule 
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heterogeneity in the market. The switching rates predicted under the simulated SP data 

suggest that an availability design is effective incapable of capturing both the decision 

rule heterogeneity, and the preference heterogeneity and correlations in the unobserved 

utility between alternatives. 

The proposed availability design was used to generate the SP survey for an empirical 

study conducted at Shanghai Hongqiao Airport, China in March 2012. The results of the 

study are discussed in Chapter 5. The incorporation of decision rule heterogeneity 

significantly improves the model fitgoodness-of- fit of the choice model. For illustrative 

purposes, the fare product demand is predicted using parameter estimates obtained from 

the SP choice models. The prediction results suggest that when behavioural 

heterogeneity is considered in a choice model the switching rates will be significantly 

different from those obtained by simple MNL models. 

The theoretical and empirical findings of the research are concluded in Chapter 6, 

stressing their impacts on choice-based revenue optimisation – through the 

identification of the multiple decision rules applied by decision makers, the switching 

rates predicted by the choice model can be adjusted. In such a way, revenue loss caused 

by early or delayed closure of a class can be effectively reduced. For future research, a 

conceptual framework for a time-dependent RP-SP choice model is introduced. 

Theoretically, it allows more complicated choice behaviour such as variations subject to 

arrival time or inconsistent decision rules within individuals. It has the potential to 

further improve demand forecasting accuracy.  
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Chapter 2 Theory and Literature Review 
 

The first chapter reviewed the development of airline revenue management theory, with 

emphasis on the reasons causing the failure of the independent demand assumption 

(IDA). Illustrated by Boyd & Kallesen (2004), violation of the IDA is due to the fare 

product choice behaviour of priceable customers – different from the yieldable 

customers who are interested in a single fare class, a priceable customer would book 

tickets from different fare classes under different choice scenarios. When their existence 

is undetected, applying the IDA will lead to sub-optional solutions during revenue 

optimisation.  

The early studies on demand dependency did not differentiate the behaviour of the 

priceable and yieldable customers, but rather assumed that a proportion of customers are 

willing to upgrade to a higher fare (e.g. the FRAT5 curve in Section 1.1.2). Since these 

models considered only the buy-up behaviour, the prediction accuracy would lessen as 

the number of flights involved in the study increases. This thesis makes use of a choice-

based demand estimator, which incorporates cross-flight recapture by including a 

number of departure times in the choice set. A stated preference  SP survey has been 

applied in this thesis allowing the observation of switching between airlines as well as 

no-flight responses. An issue with revealed preference  RP data is that no observation is 

recorded if an arrival chooses a competitor’s fare or not travel. The incomplete data 

problem has been looked at by Talluri & van Ryzin (2004), Newman, Ferguson & 

Garrow (2012), Newman, Ferguson & Garrow (2013) and Newman et al. (2014) who 

derived methods for joint estimation of the choice model and the arrival rate using 

airline booking data (see Section 1.3.1).  

A further issue with choice based demand is that the behavioural assumption of the 

discrete choice model is random utility maximisation in which decisions are made by 
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partial trade-offs between attribute qualities. However, the priceable and yieldable 

demands concerning RM scholars are generated by non-random-utility-maximising 

(non-RUM) decision rules. An availability design is needed to distinguish between 

priceable, yieldable and RUM decision makers. 

A further issue with choice-based demand is that the behavioural assumption of the 

discrete choice model is random utility maximisation (RUM) in which decisions are 

made by partial trade-offs between attribute qualities. However, the priceable and 

yieldable demands concerning RM scholars are generated by non-random-utility-

maximising (non-RUM) decision rules. Without varying choice set compositions it is 

not possible to detect and differentiate the respondents who use priceable or yieldable 

decision rules, since both rules explain the selection of non-flexible fares. For this 

reason, an availability design with varying choice set compositions is needed to 

distinguish between priceable, yieldable and RUM decision makers. 

Moreover, the MNL does not account for taste variations, correlations between 

unobserved utilities or heteroskedasticity in the error terms. There is sufficient 

behavioural evidence that each of these assumptions are unlikely to hold in the real 

airline the simple MNL model applied in choice-based RM studies often ignores taste 

variations of customers in a population. Empirical studies on air travel choice suggest 

that taste variations have long existed in the real airline market (e.g. Proussaloglou & 

Koppelman 1995; Pels, Nijkamp & Rietveld 2003; Alder, Falzarano & Spitz 2005; Hess 

& Polak 2005a,b , 2006 a,b; Warburg, Bhat & Adler 2006; Garrow, Jones & Parker 

2007; Hess, Adler & Polak 2007; Pels, Njegovan & Behrens 2009; Ishii, Jun & van 

Dender 2009). Unless such heterogeneity can be addressed in the model, substitution 

patterns are biased due to correlations of the unobserved effects.  

This chapter begins with a review of airline pricing strategies, and their relations to 

yieldable and priceable demands. Section 2.2 discusses the findings and limitations of 
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current choice-based RM studies, based on which the behaviour of yieldable and 

priceable customers are defined in Section 2.3 under the theory of discrete choice 

modelling. Section 2.2 discusses how to define the behaviour of yieldable and priceable 

customers under the theory of discrete choice modelling. As different decision rules are 

applied, section 2.3 discusses how to estimate RUM and Non-RUM behaviour using 

stated choice experimental designs. Section 2.4 As different decision rules are applied, 

section 2.4 discusses how to estimate RUM and Non-RUM behaviour using stated 

choice experimental designs. Section 2.5 focuses on demand estimation under discrete 

choice models. Section 2.5 concludes the chapter. 

 

2.1 Airline Pricing Strategies and Their Relations to 
Priceable and Yieldable Demands 

There was a time, under heavily regulated conditions, when airlines provided single fare 

products using a mileage-based calculation. However, in 1978 a deregulation of airline 

pricing, applied in the United States and in many countries throughout the world, broke 

the link between distance and price (Belobaba 2009). To fill the otherwise empty seats 

airlines offered discounted fares alongside the existing standard fares. The differentiated 

fares were aimed at time-sensitive business travellers and price-sensitive leisure 

travellers. On the one hand, the price advantage of discount fares stimulated the demand 

of the leisure travellers. On the other hand, restrictive booking conditions of these 

tickets did not meet the inflexible schedules of the business travellers. This pricing 

scheme based on customers’ purpose of travel is known as the differential pricing 

strategy.  

Airline differential pricing is an application of product differentiation and price 

discrimination. Product differentiation is when different prices are charged for different 

quality of service, which normally involves different cost of production (Botimer & 
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Belobaba 1999). Price discrimination refers to the practice of charging different prices 

for the same or at least very similar fare products solely based on customer’s total 

willingness-to-pay (WTP) or consumer surplus (Tirole 1988).  

In revenue management, product differentiation and price discrimination are inseparable 

due to the way that a fare product is defined: when seat capacity on a flight (in different 

cabins) is considered as a single product, ticket prices can be charged as if they are 

based on customer’s total WTP for a particular version of what in essence is one 

product; however, when all ticket conditions (e.g. food and beverage) and booking 

restrictions (e.g. advance booking requirement and cancellation) are treated as attributes, 

seat capacity on a flight can be considered as differentiated fare products; alternatively, 

seat capacity on different cabins can be treated as distinct fare products, but within a  

cabin the product is undifferentiated allowing price discrimination to be applied 

(Holloway 2008, p. 135-138). 

No matter which definition is adopted, differential pricing will result in a fare product 

structure that is hierarchical on ticket price and service levels. At the high end of the 

pricing scheme, full- fare products with greater service and amenities are provided to 

attract price- inelastic business travellers; at the low end, discount fares with increasingly 

rigorous restrictions are offered to stimulate the demand of price-sensitive leisure 

travellers. In practice, some of the most frequently applied fare restrictions include 

advance purchase requirements, one-way versus round-trip purchase requirements, 

minimum stays, and fare penalties for cancellation and change (Wensveen & Alexander 

2007, p. 301). Table 2.1 is an example of a fare product structure based on differential 

pricing. 
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Table 2.1 Traditional Fare Structure with Restrictions (Belobaba 2009)  

Fare Code Price  Advance 
Purchase 

Saturday Night 
Stay Change fee Non-

Refundable 
Y $800 None None None None 
B $400 7 days Yes Yes None 
M $300 14 days Yes Yes Yes 
Q $200 21 days Yes Yes Yes 

When all the fare restrictions in the above table are effective, an arriving customer will 

only satisfy the requirements of a single fare class. As a result, the aggregate demand 

for different fare classes will be independent from each other. Customers under such 

market conditions are known as yieldable customers. Boyd & Kallesen (2004) discussed 

the behaviour of yieldable customers in a restrictive two-fare-class example. A more 

general definition is given by Reyes (2006) saying that a yieldable or product-oriented 

customer is specifically interested in a particular product and only that product. In a 

market consisting of yieldable customers, no demand diversions can be detected. 

Traditional RM methods based on the IDA will produce optimal solutions during 

revenue maximisation. 

In the past, the cost of distribution was ranked as the third largest operational cost to 

airlines following labour and fuel (International Air Transportation Association (IATA) 

2003). Nearly half of the cost consisted of commission fees paid to the travel agents; the 

other half was made up of ticketing, computer reservation service (CRS) fees, and credit 

card fees (Alamdari 2002). Pioneered by low cost carriers, website direct sales 

successfully broke airlines’ dependency on travel agents, resulting in significant savings 

on the operation costs. According to the White Paper of Amadeus IT Group, by 2007 

airline commissions had been eliminated in the US market and in several parts of the 

European market. 

The growing online sales also stimulated the development of another distribution 

channel, the online travel agent (OTA). Like the traditional intermediary channels, most 

of the OTAs, such as Expedia, Travelocity, Orbitz and Priceline, provide services such 
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as searching and comparing available fares, but these functions are done by customers 

through search engines on the websites rather than by the agents themselves. Such 

practices have significantly improved the price transparency in the airline markets.  

According to the latest passenger self-service survey conducted by SITA2, which is an 

aviation technology company at Geneva, the number of air travellers worldwide who 

booked their travel online (either directly or via online travel agents) increased from 57% 

reported in 2011 to 74% in 2012; the popularity of smart phones in recent years is 

believed to have amplified the trend, and in the near future it is very likely to become 

the next dominant sales channel. the number of air travellers worldwide who booked 

their travel online (either directly or via online travel agents) increased from 57% 

reported in 2011 to 74% in 2012. With the smart phones becoming increasingly popular 

there is possibility that in the near future these may overtake online bookings as the 

dominant sales channel. 

Besides the technology development, management innovation also contributes to the 

deterioration of airlines’ traditional pricing structure. Targeting price-sensitive 

customers, low-cost carriers applied a series of cost leadership strategies, such as fleet 

commonality3, limited on-board services, point-to-point travel and simple fare structures, 

to reduce overheads and pass on savings to their customers (Shaw 2007, p. 92-100). As 

a result, the average ticket price was lowered; the differentiations between fare classes 

were reduced as well.  

Table 2.2 presents an example of simplified fare structure in the book, “The Global 

Airline Industry”, written by Belobaba (2009)The examples given by Belobaba (2009) 

in Table 2 ignores airline brand because airline RM controls tend to use their own 

historical data for demand forecasting. In such a situation, brand is not an issue. Also, 
                                                 
2  SITA is a multinational information technology company specialising in provid ing IT and 
telecommunication services to the air transport industry. Website:www.sita.aero  
3 Fleet commonality policy refers to the unity of the type of aircrafts in a fleet. 
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for single- leg flight revenue optimisation, competition between flights is often ignored. 

These traditions have been maintained in choice-based RM studies. As shown in the 

table, Tthe removal of the ‘Saturday Night Minimum Stay’ makes the fare products less 

differentiated. As a result, diverting to a lower fare class becomes relatively easier for 

customers. Under the simplified fare structure, an individual will be identified as an 

‘ideal’ priceable customer if “he or she ignores the characteristics of available fare 

products and is simply interested in purchasing airfare at the lowest price, regardless of 

the WTP” (Reyes 2006, p. 39). The priceable customer defined by Boyd & Kallesen 

(2004) is a special case of the generalised definition above. 

Table 2.2 An Example of Simplified Fare Structure (Belobaba 2009)  

Fare Code Price  Advance 
Purchase 

Saturday Night 
Stay Change Fare Non-

Refundable 
Y $490 None None None None 
B $325 7 days None Yes None 
M $250 14 days None Yes Yes 
Q $175 21 days None Yes Yes 

Another type of behaviour that could lead to demand diversions is the utility 

maximising behaviour exhibited by a compensatory customer. Typically, under the 

utility maximising paradigm, a decision maker’s satisfaction from a particular 

alternative is estimated by a linear- in-utility function. The disadvantage of one 

characteristic of an alternative can be compensated by the advantages of other attributes; 

the chosen alternative is the one with the highest overall utility. When the level of an 

attribute changes, the utility of the corresponding alternative varies. The choice decision 

may switch to other available alternatives within the choice set. Aggregating the 

individual- level choices can reveal the switching rates between alternatives.  

In conclusion, the yieldable and priceable extremes represent the best and worst case 

scenarios due to the use of airline pricing – the former is a consequence of successful 

application of differential pricing, and the latter occurs when fare restrictions fail to 

differentiate fare products causing bookings of airfares solely based on ticket price. In 
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reality, demand is more likely to lie “somewhere between the two extremes, and may 

vary by market, distribution environment and a host of other factors” (Boyd & Kallesen 

2004). In order to provide accurate demand forecasting results, the choice-based 

demand estimator needs to consider such behaviour accordingly. 

 

2.2 The Application of Discrete Choice Modelling in 
Revenue Management  

As shown in Chapter 1, each choice-based RM model has to address two major 

questions. The first is how to model and estimate fare product choice decision of a 

customer at a particular moment of time; the second is how to incorporate the fare 

produce choice model into RM system so that the seat capacity controls can be made 

subject to customers’ fare product choice behaviour. So far, majority of the choice-

based RM studies emphasis on the latter issue. 

Talluri and van Ryzin (2001, 2004) and Talluri et al. (2005) originally developed a 

choice-based dynamic programming (DP) method (leg optimisation) maximising 

revenue under a MNL model setting. Later, this method was extended for general 

choice model settings. 

Gallego et al. (2009) were the first to develop the choice-based EMSR (expected 

marginal seat revenue) method which provides efficient and nearly optimal static 

heuristics for RM optimisation. This method also applied a MNL model. 

Gallego et al. (2004) proposed the first choice-based deterministic linear programming 

(CDLP) model for network revenue management, in which again MNL models were in 

use. Later, Liu and van Ryzin (2008) improved their method by defining the notion of 

“efficiency” under the network settings. They also proposed a practical decomposition 
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heuristic for converting the static CDLP solution into a dynamic control policy. In this 

research, demand was also represented by a MNL model. Bront et al. (2009) further 

extended their work to incorporate customer preference heterogeneity. A latent class 

model was proposed to estimate the demand with the class membership model being a 

function of consideration sets. Unfortunately, the concept of the consideration set was 

borrowed directly from discrete choice modelling with no discussion in the paper on the 

process for the generation of such sets.  

Another theoretical model allowing the violation of IIA is a generalised choice model 

called the general attraction model (GAM) proposed by Gallego et al. (2011), in which 

the independent demand model (IDM) and the MNL model are two special cases.  

Other theoretical studies on network optimisation with the application of discrete choice 

models includes (but is not limited to) Zhang and Adelman (2009), Rusmevichientong 

et al. (2010), Kunnumkal and Topaloglu (2011), and Meissner and Strauss (2012). 

To conclude, although increasingly more attention has been paid to the choice-based 

RM approach in recent years, limitations still largely exist in these researches. Firstly, 

airline RM controls tend to use their own historical data for demand forecasting. This is 

likely to cause problems for choice model estimation, as information on the unchosen 

alternative is unavailable. Also, for single- leg flight revenue optimisation, competitions 

between carriers and flights are often ignored (See Section 2.1). Such a tradition has 

been maintained in most of the choice-based RM studies. In the real airline market 

where competitions exist, a single- leg fare product choice model may not be able to 

provide any useful information, as all the choices made to parallel flights and competing 

airlines will go to the ‘no-choice’ alternative. Such an issue will be discussed in Chapter 

3 in detail.  
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In addition, in many choice-based RM studies, MNL models are generally used for 

demand estimations despite the fact that no theoretical or practical evidence suggests 

that the optimisation results using such a model type is superior to those applying other 

advanced DCMs. Rather its wide applications is due to the simplified model structure. 

In fact, as it is about to shown later in this chapter and Chapter 4, a simple MNL model 

is insufficient in capturing preference heterogeneity, complicated substitution patterns 

or multiple decision rules existing in a population. 

Moreover, to date most choice-based RM studies are conducted on theoretical levels 

with simulated data. There is little or no discussion of the process of data collection and 

choice model estimation. Being the only exception published so far, Vulcano et al. 

(2010) have demonstrate the way of incorporating third-party data into a choice-based 

revenue management system for major US airlines. However, the choice model applied 

in their study is not in standard format, which, to some extent, limited the performance 

of revenue optimisation. Chapter 4 and 5 demonstrate the process of generating 

attributes and alternatives in an experiment designed exclusively for choice-based 

revenue optimisation. Also in this study, third-part RP data has been applied. Such a 

data set also suffered from the missing information problem related to the acquisition of 

the availability information for non-chosen alternatives (detailed discussion on this 

issue can be found in Section 1.3.1). It placed serious obstacles to the choice model 

estimation. In comparison, the use of SP data can effectively avoid the missing 

information problem. However, there are great concerns on this type of data in the RM 

field due to its hypothetical nature. In Chapter 3 and 4, it will be shown that through 

carefully designed experiment, SP data have the potential to provide accurate 

forecasting results, and more importantly, they are essential in the identification of 

yieldable and priceable demand,  
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2.2 2.3 Defining Priceable and Yieldable Travellers 
using the Theory of Discrete Choice Modelling  

Random utility models assume that individuals make marginal trade-offs between 

attributes – exhibiting a compensatory decision rule. The value of travel time saving is 

the marginal rate of substitution between saving on travel time and forgone income. In 

this section two types of non-compensatory decision rule are discussed. A yieldable 

customer selects the same alternative across choice sets. In the broader choice 

modelling literature this behaviour is known as non-trading. A priceable customer 

chooses the cheapest flight alternative, regardless of conditions. The priceable decision 

rule is an example of lexicographic choice in which the decision maker attends to only 

one attribute. In a complete lexicographic model of behaviour, individuals give priority 

to a single attribute and only when alternatives are considered to be equally good on that 

attribute will a second attribute be evaluated (Hess, Rose & Polak 2010). 

Airlines in competitive markets tend to match pricing strategies resulting in identical or 

very similar fare products. Also, airlines that schedule multiple flights per day maintain 

similar fare prices on parallel flights. In this setting priceable customers – displaying a 

lexicographic ordering on price – may have a number of ‘cheapest fares’ to select from, 

in which case a sub-decision rule is to be used. The sub-decision rule may also be 

lexicographic in which the consumer rates the remaining alternatives on the second 

attribute and the process may continue to a third attribute, etc. (Drakopoulos 1994). 

However, a number of other decision rules – including random utility maximisation – 

may be used to rank the remaining alternatives. Whilst some individuals may truly use a 

lexicographic ordering, Scott (2003) and Hess, Rose & Hensher (2008) note in a stated 

choice SP setting some respondents display complete lexicographic ordering due to an 

artefact of the SC experiment itself or as a simplifying heuristic to deal with task 

complexity.  
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Non-trading and Lexicographic ordering are just two of many mechanisms that an 

individual may use to make a choice. Other decision rules and heuristics exist in a range 

of psychology literature and recently have been employed in econometric choice 

modelling (Collins 2012). Table 2.3 below summarises some representative works on 

the non-RUM decision rules, heuristics, and attribute/information process strategies. 

Similar reviews can be found in Collins (2012), Leong & Hensher (2012) and Rose, 

Hess & Collins (2013). 

Table 2.3 below presents the non-RUM decision rules, heuristics, and 

attribute/information process strategies reviewed by Collins (2012), Leong & Hensher 

(2012) and Rose, Hess & Collins (2013). 
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Table 2.3 Non-RUM Decision Rule, Heuristics and Attribute/Information Processing strategies 

Decision Rules/ Heuristics  Definition Examples of Application 

Non-Trading Constant choice of the same 
(usually labelled) alternative 

Hess, Rose & Polak (2010); Rose, 
Hess & Collins (2013) 

Lexicographic Ordering 
Persistent choice of the alternative 
that performs best on a particular 
attribute 

Tversky (1969); Saelensminde 
(2001); Scott (2003); Rosenberger 
et al. (2003); Blume, Brandenburger 
& Dekel (2006); Hess, Rose & 
Polak (2010); Rose, Hess & Collins 
(2013) 

Elimination by Aspect 
(EBA) 

Sequentially eliminate alternatives 
based on specific attribute level 
until only one alternative remains  

Tversky (1972); Williams and 
Ortuzar (1982); Young (1984); 
Gilbride & Allenby (2006);  Batley 
& Daly (2006); Hess, Stathopoulos 
& Daly (2012) 

Attribute Non-Attendance 
(ANA) 

Respondents make their choices 
based on only a subset of the 
attributes that describes the 
alternative at hand 

Hess & Rose (2007); Scarpa et al 
(2009); Hensher (2010); Hensher & 
Greene (2010); A lemu et al. (2011); 
Cameron & DeShazo (2011) 

Majority of Confirming 
Dimensions 

Choice of the alternative with the 
greatest number of superior 
attributes 

Russo & Dosher (1983); Hensher 
& Collins (2011) 

Satisficing 
Choice is made when utility 
exceeds an aspiration level rather 
than being maximised 

Simon (1956); Williams and 
Ortuzar (1982) 

Regret Minimisation Choice is driven by avoiding 
negative emotions 

Chorus, Arentze & Timmermans 
(2008); Chorus (2012) 

Referencing and Prospect 
Theory 

Choice alternatives are evaluated 
in terms of gains and losses 
relative to some reference point 

Kahneman & Tversky (1979); Hess, 
Rose & Hensher (2008);  Van  de 
Kaa (2010 a,b); Li & Hensher 
(2011) 

Aggregating common-
metric attributes 

Partitioning of attributes with the 
same unit is either retained or the 
attributes are aggregated 

Layton & Hensher (2010); Hensher 
& Greene (2010); Hensher (2010) 

Thresholds on Attribute 
levels 

Choice alternatives are penalised if 
a threshold attribute level is 
exceeded 

Swait (2001, 2009);  Gilbride and 
Allenby (2004, 2006); Cantillo and 
Ortuzar (2005); Cantillo, Heydecker 
& Ortuzar (2006) 

 

2.3 2.4 Capturing RUM and Non-RUM Behaviour 
Using Discrete Choice Models 

Beside non-trading and lexicography, the RUM decision rule is also considered in this 

thesis. Under the standard random utility theory, preferences are assumed to be stable 

and invariant over choice tasks and are fully known to the respondent; the utility 

function, therefore, is specified under the assumption that the respondent is cognitively 

indefatigable, and will examine all alternatives and attributes across all choice scenarios 

in the same fully compensatory manner (Leong & Hensher 2012).  
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The incorporation of compensatory decision making is due to the abundant literature on 

air travel choice, which shows that air passengers tend to trade-off available travel 

options while planning their trip (e.g. Proussaloglou & Koppelman 1995; Pels, Nijkamp 

& Rietveld 2003; Adler, Falzarano & Spitz 2005; Hess & Polak 2006 a,b; Pels, 

Njegovan & Behrens 2009; and Ishii, Jun & van Dender 2009). For convenience, 

travellers using the RUM decision rule will be called compensatory travellers in this 

thesis.  

Discrete choice models estimate choice probabilities consistent with random utility 

maximisation. For each individual, n, the probability of choosing alternative i, 𝑃𝑖𝑛, is 

bounded by zero and one. An improvement in any attribute on one alternative increases 

the probability of it being chosen. As the choice probabilities of all alternatives in a 

choice set sum to one, the increasing choice probability of one alternative necessarily 

decreases the chances of other alternatives being chosen. 

Choice-based RM studies have been largely based on the assumption of preference 

homogeneity and choice parameters are estimated by the MNL model (e.g. Talluri & 

van Ryzin 2001, 2004, 2005; Gallego et al. 2004; Liu & van Ryzin 2008; Zhang & 

Adelman 2009; Vulcano, van Ryzin & Chaar 2010; Rusmevichientong, Shen & Shmoys 

2010; Kunnumkal & Topaloglu 2011; Meissner & Strauss 2012). In a MNL model, the 

vector of unobserved utilities ε follows independently and identically distributed (IID) 

Gumble distribution, which leads to a closed form expression of the choice probability: 

Pin =
𝑒𝑥𝑝(𝑉𝑖𝑛 )

∑ exp(𝑉𝑗𝑛 )
J
j=1

 , ∀𝑗 ≠ 𝑖                                                                                           (2.1) 

A key characteristic of the MNL model is the independence from irrelevant alternatives 

or IIA property, which suggests that the ratio of the probabilities for two alternatives is 

independent from the existence of any other alternative in the choice set. Where Vin is 
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the systematic utility of alternative i for person n and Pin is the choice probability as 

defined earlier, IIA can be specified as follows: 

𝑃𝑎

𝑃𝑏
=

𝑒𝑥𝑝(𝑉𝑎 ) ∑ 𝑒𝑥𝑝(𝑉𝑗 )𝑗⁄

𝑒𝑥𝑝(𝑉𝑏) ∑ 𝑒𝑥𝑝(𝑉𝑗 )𝑗⁄
=

𝑒𝑥𝑝(𝑉𝑎 )

𝑒𝑥𝑝(𝑉𝑏)
= 𝑒𝑥𝑝(𝑉𝑎 −𝑉𝑏)                                                        (2.2) 

An outcome of IIA is that an improvement in the attributes of one alternative reduces 

the probabilities for all other alternatives by the same percentage. The cross elasticity of 

alternative j with respect to attribute of alternative i faced by person n, 𝑥𝑖𝑛, is: 

𝐸𝑗𝑥𝑖𝑛 =
𝜕𝑃𝑗𝑛

𝜕𝑥𝑖𝑛
∙
𝑥𝑖𝑛

𝑃𝑗𝑛
= −𝛽𝑥𝑥𝑖𝑛𝑃𝑖𝑛,                                                                                    (2.3) 

where 𝛽𝑥 is the coefficient for attribute x. This highly restricted structure is unlikely to 

hold in the context of airline markets. Firstly, a number of choice alternatives may be 

closer substitutes due to shared components in the unobserved utilities – flexible 

substitution. Secondly, the choice parameters 𝛽𝑥 may vary of over the population – 

preference heterogeneity – and thirdly, some individuals may display non-

compensatory decision rules – multiple decision rules. 

Generalised extreme value (GEV) models relax the IIA property by incorporating 

correlations in the unobserved utilities (errors) (McFadden 1981). The most widely used 

GEV is the nested logit which partitions the alternatives into nests (Williams, 1988; 

Daly and Zachary 1978).The use of generalised extreme value (GEV) models is able to 

partition travel options with similar features into subsets, called nests; alternatives 

within the same nest are seen as closer substitutes than alternatives across different nests. 

GEV models are widely used in air travel choice studies, as travel options are intuitively 

separable by destination (e.g. Furuichi & Koppelman 1994), access mode (e.g. Hess & 

Polak 2006 a, b), and carrier (e.g. Pels, Nijkamp & Rietveld 2000, 2001; Hess & Polak 

2006 a, b; Hess, Ryley & Adler 2013; Drabas & Wu 2013), and flight and/or fare class 
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(e.g. Coldren & Koppelman 2005 a,b). The structure of the most widely applied the 

GEV model, the Nested Logit (NL) model, is presented in Appendix A2.1. 

A latent class model (LCM) also can be used to estimate correlations between 

alternatives. A latent class model (LCM) can be used to capture differences in 

preference classes. Typically, a LCM consists of a class membership model and the 

class-specific choice model. Compared to the traditional exogenous segmentation, the 

latent class provides greater flexibility in segmenting demand without dividing 

travellers into fixed sub-segments. Such a model has been successfully applied in the 

fare product choice study by Carrier (2008) and the carrier choice study by Wen & Lai 

(2010). Appendix A2.2 presents a latent class model proposed by Swait (1994) and a 

conceptual framework of the logit-kernel model proposed by Walker (2001). 

A review of air travel choice studies shows that trip purpose (e.g. Pels, Nijkamp & 

Rietveld 2003; Adler, Falzarano & Spitz 2005; Hess & Polak 2006 a,b; Garrow, Jones 

& Parker 2007; Hess, Adler & Polak 2007; Pels, Njegovan & Behrens 2009; and Ishii, 

Jun & van Dender 2009), social demographics (e.g. Lijesen 2006; Hess & Polak 2005 

a,b, 2006 a,b; Warburg, Bhat & Adler 2006; Garrow, Jones & Parker 2007), trip-related 

information (e.g. Proussaloglou & Koppelman 1995) and past travel experience (Hess & 

Polak 2005 a,b) can all be treated as being responsible for the formation of 

heterogeneous preferences.  

2.3.12.4.1 Modelling Flexible Substitution Patterns and 
Preference Heterogeneity Using Mixed Logit Models 

In order to obtain more flexible substitution patterns, a mixed logit (ML) model can be 

applied. By definition, a ML model is any model which choice probability can be 

specified in the following form (Train 2009): 

𝑃𝑖𝑛 = ∫𝐿 𝑖𝑛(𝛽)𝑓(𝛽)𝑑𝛽,                                                                                                (2.4) 

where 𝐿 𝑖𝑛(𝛽) is the MNL probability evaluated at parameter 𝛽, 
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𝐿 𝑖𝑛(𝛽) =
𝑒𝑥𝑝(𝑉𝑖𝑛 (𝛽))

∑ 𝑒𝑥𝑝(𝑉𝑗𝑛 (𝛽))
𝐽
𝑗=1

,                                                                                              (2.5) 

and 𝑓(𝛽) is the density function which could take various forms; 𝑉𝑖𝑛(𝛽) is the observed 

portion of the utility dependent on 𝛽.  

In a ML model, both the parameters in the observed utility and the error terms in the 

unobserved utility can be treated as random variables. ML models with the former 

structure are also known as random parameter logit (RPL) model, while the latter is 

known as error component model (ECM). McFadden & Train (2000) show that a ML 

model with appropriate choice variables and mixing distribution can approximate any 

RUM-consistent discrete choice models to any degree of accuracy. Another advantage 

of the ML model is its ability to capture the within- individual taste variations over 

repeated choices. This is extremely useful when state-dependent behaviour, such as 

lagged response and anticipatory behaviour, are of interest (Train 2009).  

Random Parameter Logit and Modelling Preference heterogeneity 

The models estimating individual taste heterogeneity is called a random coefficient 

model with the following utility specification: 

𝑈𝑖𝑛 = 𝛽𝑛𝑋𝑖𝑛 + 휀𝑖𝑛,                                                                                                        (2.6)  

where 𝛽𝑛  is a vector of coefficients of 𝑋𝑖𝑛  which varies over individuals in the 

population with a certain distribution 𝑓(𝛽); 휀𝑖𝑛  is the error terms with IID Gumbel 

distribution. Such a model structure reduces the potential bias of estimating average 

attribute trade-offs provided by models like MNL, and allows the analyst to obtain 

additional information on the degree of variations existing over the population. 

In air travel choice studies, coefficients for cost and time are often estimated as random 

parameters (e.g. Hess and Polak 2005 a,b; Adler, Falzarano & Spitz 2005; Lijesen 2006; 

Warburg, Bhat & Adler 2006; Hess 2007; and Ishii, Jun & van Dender 2009). 
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Theoretically, due to the prior sign assumption, bounded distributions should be applied 

to price-related coefficients (Train 2009). In practice, when bounded distributions, 

especially the lognormal distribution, are used, slow convergence can sometimes occur 

(e.g. Train 2009; Hess & Polak 2005 a,b; Adler, Falzarano & Spitz 2005). Therefore, 

the normal distribution is frequently used as a substitute. As indicated by Hess & Polak 

(2005a) and Adler, Falzarano & Spitz (2005), if no counter- intuitively signed 

coefficients are observed, the normal distribution can be used safely. It generally leads 

to acceptable performance in recovering the true means and standard deviations of the 

coefficients. Theoretically, due to the prior sign assumption, bounded distributions 

should be applied to price-related coefficients (Train 2009). In practice, however, 

normal distribution is often use when problems are experienced in the estimation of 

bounded distributions like lognormal distribution (e.g. Hess & Polak 2005 a,b; Adler, 

Falzarano & Spitz 2005). Although normally distributed price coefficient is still able to 

capture the random taste variations over decision makers, it produces obstacles for the 

estimation of marginal WTP, as there will always be a proportion of wrongly signed 

coefficient causing the mean of the marginal WTP unable to be defined. 

Specifying flexible substitution patterns using an error component model 

To estimate the correlations of unobserved factors, an error component model can be 

used, 

𝑈𝑛𝑗 = 𝛼𝑋𝑖𝑛 + 𝜇𝑛𝑍𝑖𝑛 + 휀𝑖𝑛,                                                                                           (2.6)  

𝑈𝑖𝑛 = 𝛽𝑛𝑋𝑖𝑛 + 𝜇𝑛𝑍𝑖𝑛 + 휀𝑖𝑛,                                                                                          (2.7)  

where 𝑋𝑖𝑛 are observed variables; 𝛼 is a vector of fixed coefficients; 𝜇𝑛 is a vector of 

random terms with zero mean. The error components in 𝑍𝑖𝑛, along with error term 휀𝑖𝑛 

(IID Gumbel), define the unobserved portion of the utility (Train 2009). It is possible to 

estimate different error component structures for different segments, such as business 



42 

class or non-business class. Hence, Z is subscripted by n. Along with error term 휀𝑖𝑛 (IID 

Gumbel), it defines the unobserved portion of the utility (Train 2009). As such a model 

structure is analogous to the nested logit model (Train 2009), it is applied in this thesis 

for the estimation of close substitution caused by similar level of flexibility and/or time 

of the day to travel. As shown in Chapter 4 and Chapter 5, the time of the day to travel 

and the sensitivity to fare restrictions are captured by independently and normally 

distributed error terms, each of which represents a  group of fare products on the same 

flight or in the same fare class. 

2.3.22.4.2 Capturing Decision Rule Heterogeneity Using Stated 
Choice Models 

Although behavioural differences between yieldable and priceable customers have been 

recognised by RM scholars, such heterogeneity has not so far been incorporated in the 

choice-based demand estimator (e.g. Talluri & van Ryzin 2004, 2005; Vulcano, van 

Ryzin & Chaar 2010). However, the results of simulation and empirical studies 

conducted by Hess, Rose & Polak (2010) and Rose, Hess & Collins (2013) suggest that 

non-trading and lexicographic behaviour have the potential to impact upon the outputs 

of discrete choice models; therefore, great care should be taken when such respondents 

are present in a sampled population.  

Variability in decision making process may be inferred from choice observations of 

decision makers and can be embedded into the utility function of latent class and 

probabilistic decision process models (e.g. Hensher & Collins 2011; Hensher & Greene 

2010; Hess, Stathopoulos & Daly 2012; Scarpa et al. 2009) or hierarchical Bayes 

models (e.g. Gilride & Allenby 2004, 2006; Cantillo & Ortuzar 2005; Swait 2009). 

Hess, Rose & Polak (2010) and Rose, Hess & Collins (2013) discussed the impact of 

non-compensatory behaviour on the estimation of RUM models and indicate ways to 

identify and analyse data with multiple decision rules. In this thesis the possibility of 
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non-trading and lexicographic decision rules along with compensatory choice is 

considered.  

In a study of the preferences of individuals for out of hours care conducted by Scott 

(2003), an unlabelled experimental design was administered to respondents. The 

scenarios described out of hours care in terms of the location of the consultation, time 

between initial contact and consultation, the doctor that was consulted and whether the 

doctor seemed to listen. The attributes and levels were organised into scenarios using a 

fractional factorial design. For each attribute incorporated in the design, a ‘best’ level 

was identified. If a respondent persistently chose the alternative with the ‘best’ level 

throughout the experiment, he or she will be identified to have a dominant preference, a 

special case of a lexicographic ordering. A discrete choice model estimated with all the 

available data were compared with two other models – one excluding the respondents 

with dominant preference and the other treating the lexicographic behaviour as an 

additional variable. A logistic regression model was used to explore task and 

behavioural related factors causing such behaviour. This approach is adopted in this 

thesis for the estimation of non-trading and lexicographic behaviour. 

Studies of decision rule heterogeneity primarily deal with SP stated choice data. This is 

partly because the existence of non-RUM information processing strategies (IPS) can 

sometimes be task related. For example, inconsistent choice behaviour due to fatigue or 

learning will not occur until a few choice tasks have been done. More importantly, 

different decision rules can lead to the same choice. When a single observation is 

obtained from each decision maker, it is impossible to decide which decision rule that 

the respondent truly applied. Stated choice data provides a convenient mechanism to 

capture multiple choice observations for the one respondent. For example, when 

fatigued, decision makers may switch from a more complicated rational choice 

behaviour (e.g. utility maximisation) to simple decision heuristics like non-trading or 
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lexicographic ordering at the end of a SP survey. This type of behaviour, also known as 

inconsistent behaviour (Rose, Hess & Collins, 2013), cannot be uncovered unless 

multiple choice sets are assigned to each decision maker. More importantly, different 

decision rules can lead to the same choice. When a single observation is obtained from 

each decision maker, it is impossible to decide which decision rule that the respondent 

truly applied. Stated choice data provides a convenient mechanism to capture multiple 

choice observations for the one respondent. 

 

2.42.5 Choice-Based Demand Forecasting with Stated 
Preference Data 

Although both RP and SP data can be used for choice model estimation, the latter is 

seldom applied for short-term demand forecasting. This is because SP studies serve the 

goal of identifying relationships between attributes of alternatives. In such a case, issues 

regarding demand forecasting are often of less concern to the analyst. However, as 

explained in the previous section, SP data is necessary for hybrid demand forecasting, 

because the identification of multiple decision rules requires repeated choices from each 

decision maker.  

To predict fare class demand, the sampling strategy needs to be decided by the analysts. 

Model calibration needs to be considered, since SP data collected under hypothetical 

choice scenarios are unable to replicate the true market shares. Another decision that 

needs to be made is the selection of forecasting technique. Failing to address these 

issues will likely to lead to inaccurate demand forecasting results. 

Both RP and SP data have been widely used in travel choice studies to produce 

empirical models for demand prediction, elasticity estimation and obtaining values of 

travel attributes, but the latter are frequently criticised for their hypothetical nature. 

Choices made by individuals in SP settings are believed to suffer from hypothetical bias 
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(Fifer et al., 2014). Cherchi and Ortuzar (2011) explain a number of best practice 

methods to forecast with joint RP and SP model. However, the use of SP data, in many 

research contexts, is a necessity rather than an option. For example, in this thesis SP 

data is essential for hybrid demand forecasting, because the identification of multiple 

decision rules requires repeated choices from each decision maker. To deal with such 

situations, over the past decades, a number of innovations and methods have been made 

to improve the external validity of SP experiment outcomes. 

For example, Collins, Rose & Hess (2010) improved the choice environment of a SP 

experiment by introducing search-based SP survey method which allows respondents to 

screen out choice options they are not considered. Such a process closely mimics the air 

fare booking through online travel agents. 

Also, supplementary questions are suggested to add to the SP survey for the purpose of 

better understanding respondents’ true decision making process. Swait (2001) and 

Cantillo & Ortuzar (2005) collected prior information on attribute level thresholds. 

Hensher, Rose & Greene (2005b) and Rose, Hensher & Greene (2005) incorporated 

questions regarding attributes that were ignored or not considered by respondents during 

the survey. Very recently, new supplementary questions, such as certainty scales, which 

is a 1-10 point scale ranking the degree of certainty that a respondent would actually 

purchase or choose a SP alternative in similar conditions in real markets (e.g. Berk, 

Rose & Hensher 2013; Rose, Berk & Hensher 2015), are introduced. It is believed that 

choices that have higher certainty scales are more likely to approximate the real market 

behaviours. 

Another widely applied method to address the hypothetical bias is the calibration of SP 

and RP data. It was shown to be effective for both choice model estimation and demand 

prediction (e.g. Morikawa & Shiroishi 1991; Swait & Louviere 1993; Yáñez et al. 2011; 
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Cherchi & Ortuzar 2011). For this reason, it is adopted in this thesis to reduce the 

hypothetical bias.  

2.4.1 Data Collection  

As introduced in Chapter 1, SP data are obtained for the purpose of revealing attribute 

trade-offs made by sampled decision makers. In most air travel choice studies, data are 

collected using non-random sampling strategies, such as airport interviews. These data 

sets are often biased, as they incorporate only the behaviour of travellers who have 

successfully booked tickets. Those who have cancelled their trips or booked tickets for 

other travellers cannot be interviewed. If non-random samples are used for prediction, 

unreliable market shares will be estimated (Hensher, Rose & Greene 2005, p. 185). 

Although the sampling problem has been ignored by most of the SP studies, there are 

still a few attempts to address the problem. Proussaloglou & Koppelman (1995, 1999) 

obtained random samples through mail-out and telephone surveys from two origin-

destination (OD) city pairs in the domestic airline market of America. Drabas & Wu 

(2013) in a recent study on carrier choice adopted stratified samples through an online 

survey managed by a professional market research agency with the geographic 

distributions of Australian population used as strata. These two sampling strategies, to 

some extent, compensate for the drawbacks of non-random sampling conducted at 

airports.  

2.4.25.1 Calibration of the RP and SP models 
When SP data are applied for choice model estimation, the results cannot be direct ly 

used for demand prediction, since some of the hypothetical choice scenarios in a 

designed experiment do not reflect the true market situation. In such a case, the true 

market shares cannot be reproduced by the model estimates. 
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The most straightforward solution to this problem is to calibrate the alternative specific 

constants of the SP choice model according to the true market shares (see Chapter 4), 

but this strategy has limited use in practice, since the true shares are seldom available to 

the analysts. An alternative method is to calibrate the SP model with parameters 

obtained from a RP data set. This is because when properly sampled, RP models are 

able to reproduce the true market shares4. 

SP modelling framework is able to provide choice shares and disaggregate estimates of 

direct and cross attribute elasticities. To ensure that these outputs are behaviourally 

meaningful in real market, it is necessary to calibrate the estimated models by 

reweighting the alternative-specific-constants (ASCs) by the market shares of the 

population (Rose & Hensher 2014). Failure to do so may result questionable estimation 

results. This is because in a SP experiment, the attributes and attribute levels of each 

alternative differ from choice set to choice set and hence are not likely to be the same as 

the real alternatives operating within real market settings in which constant attribute 

levels are observed; as a result, the ASCs of a SP model reflect the choice shares across 

all the choice sets within the data set rather than the market shares observed in real 

markets (Hensher, Rose & Greene 2005a). 

To solve the problem, the most straightforward solution is to calibrate the alternative 

specific constants of the SP model according to the true market shares (see Chapter 4), 

but this strategy has limited use in practice, since the true shares are seldom available to 

the analysts. An alternative method is to calibrate the SP model with parameters 

                                                 
4  Ben-Akiva and Lerman (1985) showed that for MNL models with a full set of alternative specific 
constants, the observed aggregate market shares would be exact ly equal to the pred icted market shares. In 
other choice models, this property holds approximately (Hensher et al., 2005). 
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obtained from a RP data set. This is because when properly sampled, RP data will 

translate to accurate initial market share forecasts5.  

Although RP models are able to replicate the world as it is, they are often less efficient 

in terms of uncovering the underlying attribute and alternative trade-offs by decision 

makers. Correlations between alternative attributes and invariability of the real market 

environment are the cause of the deficiency. SP models, on the other hand, are more 

useful in revealing trade-off decisions as in a SP experiment more than one choice set 

can be presented to each respondent. Calibration of the RP and SP models in association, 

theoretically, could compensate for the drawbacks of the two data sources. 

Although RP models are able to predict the true market shares, they are often less 

efficient when the forecasts are based on changes beyond the initial market conditions 

observed (Hensher, Rose & Greene 2005a, P.420). The lack of variability in the 

attribute levels experienced in the market means that estimation of robust parameters is 

difficult. This is compounded by some attributes being highly collinear across all 

alternatives, such as travel time and travel cost. SP data, on the other hand, provide 

more abundant information on attribute trade-offs as in a SP experiment attributes and 

attribute levels tend to vary from choice set to choice set, and more than one choice set 

can be presented to each respondent. Calibration of the RP and SP models in association, 

theoretically, could compensate for the drawbacks of the two data sources. 

Currently, there are two ways for RP and SP models to be combined. The first paradigm 

considers the RP model as the standard of comparison; the SP model is used to improve 

the undesirable properties of the RP setting. For this reason, it is also known by another 

name as data enrichment, the key assumption of which is that the parameters for the 

common attributes in the two models are identical (e.g. Morikawa 1989; Ben-Akiva & 

                                                 
5 McFadden (1976) showed that for MNL models with a fu ll set of alternative specific constants, the 
observed aggregated market shares would be exactly equal to the predicted market  shares. In other choice 
models, this property holds approximately (Hensher et al., 2005). 
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Morikawa 1990; Ben-Akiva, Morikawa & Shiroishi 1991). To test whether such an 

assumption holds, Swait & Louviere (1993) proposed a three-step method: 

1. Estimate RP and SP (MNL) models using corresponding data sets, 

obtaining separate parameter estimates and log- likelihood statistics for each 

model. 

2. Estimate the joint (MNL) model from pooled data using one of the methods 

listed in Appendix A2.31. The joint estimation obtains not only parameter 

estimates and log- likelihood statistics, but also a relative scale between the 

two models due to the existence of one or more of the following differences: 

(a) parameter differences due to task effects; (b) differences in various 

measures of reported or stated behaviour; (c) difference in RP and SP 

parameters (Swait, Louviere & Williams 1994).  

3. Calculate the chi-squared statistic for the hypothesis that the common 

parameters in the two models are identical as follow: 

−2[(𝐿𝑜𝑔𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑𝑅𝑃 −𝐿𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑𝑆𝑃) − 𝐿𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑𝑗𝑜𝑖𝑛𝑡 ] 

with the degrees of freedom equal to the number of common parameters 

minus one.  

If the hypothesis cannot be rejected, aggregate market shares can be predicted using 

parameter estimates obtained from the joint estimation. If the hypothesis is rejected and 

the rejection is caused by only a few ‘suspect’ parameters, calibration of the models still 

can be conducted with the problematic parameters treated as source-specific. Such a 

practice is known as partial data enrichment, in contrast to the full data enrichment in 

which parameter estimates in both of the models are identical.  

The second type of calibration method is proposed by Swait, Louviere & Williams 

(1994), in which the parameter estimates of a SP model are directly applied to the RP 
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model setting; the scale difference between the two models is captured by attributes in 

the RP design matrix. In such a case, the true market shares under the current market 

condition is still able to be reproduced by the alternative specific constants in the RP 

model; at the same time, the attribute trade-offs made by decision makers are predicted 

by the SP coefficients. As the joint estimation and the RP model are estimated under the 

same set of choice observations, the likelihood statistics of the two models are directly 

comparable when the same alternatives are assumed for the RP and SP model settings. 

Details of the estimation process with this method are presented in Appendix A2.42.2. 

Although joint estimation of RP and SP data sets was originally conducted with MNL 

model specification, this idea was later extended to advanced models. For example, 

Hensher, Louviere & Swait (1999) estimate a heteroscedastic logit model under a 

pooled RP-SP data set. Yáñez et al. (2011) discussed estimation and forecasting issues 

of joint SP-RP models considering the inter-alternative error structure. Four situations 

with joint estimations of RP-NL (equal scale factors) and SP-MNL, RP-NL (different 

scale factors) and SP-MNL, RP-MNL and SP-NL (equal scale factors), and RP-NL and 

SP-NL (different scale factors) models were discussed in their study. Bhat & Castelar 

(2002) proposed a ‘state dependent’ model with joint estimation of RP and SP data. 

Cherchi & Ortuzar (2011) focused on joint estimation of ML models using pooled data 

sets. The log- likelihood function was rescaled based on the data enrichment paradigm. 

A detailed discussion on the calibration of RP and SP data under the ML model setting 

is presented in Appendix A2.53. 

Problems with model calibration do not appear in the estimation process, but rather in 

result interpretation and demand prediction (Cherchi & Ortuzar, 2011). When a full data 

enrichment method is in use, demand forecasting with a mixed RP-SP model does not 

create additional problem as parameters are constrained to be the same in the RP and SP 

environments. However, problems arise when partial data enrichment is applied, 



51 

because only the RP environment is considered for prediction, despite the fact that both 

data sets are used for model estimation. When different parameter estimates are 

obtained for each data set, analysts need to decide which sets of parameters can be 

applied for demand prediction.  

According to Morikawa, Ben-Akiva & Yamada (1991) only the RP parameters should 

be considered, since the concern of the prediction is the actual behaviour and not 

experimental response. If some hypothetical services are included in the predicted  

choice scenario, the corresponding SP parameter estimates can be added to the utility 

function.  

Hensher, Rose & Greene (2005) provide suggestions on parameter selection for two 

situations when full data enrichment is rejected. (a) When the signs of RP parameters 

are incorrect, the corresponding SP parameters can be used. (b) When the signs of RP 

and SP parameters are significant and correct and the value of the RP parameter is 

smaller, a sensitivity test should be conducted on a holdout sample or the RP data. If a 

particular parameter is not significant, the SP estimate is likely to provide a more 

reliable result, as SP designs are almost always better conditioned than RP design 

matrices.  

Bhat & Sardesai (2006) and Brownstone, Bunch & Train (2000) suggest the use of SP 

parameter when it is believed that the true phenomenon underlying both data sets is the 

same and the problem of differentiation resides only in the data collection. 

Cherchi & Ortuzar (2006, 2011) discussed one of the key issues on utilising SP-specific 

parameters in demand forecasting. When a partial data enrichment method is used, the 

microeconomic conditions on the marginal utilities (MU) of the estimated models are 

different in the two data sets. This problem is particularly evident when the utility 

function departs from the simple “linear in attributes” with fixed parameter specification. 
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Under the SP model, the microeconomic conditions not only vary among individuals 

but also across choice scenarios. Therefore, to allow the use of SP-specific parameters, 

the MU for the SP model must be satisfied for all individuals and for any changes in the 

attribute levels implied in each designed scenario.  

Although the specification of the prediction model is mainly dependent on the analyst’s 

judgement, experience and expertise, the above advice on model consistency should aid 

the decision on the structure of the model for prediction. 

2.4.12.5.2 Data Collection  
As introduced in Chapter 1, SP data are obtained for the purpose of revealing attribute 

trade-offs made by sampled decision makers. In most air travel choice studies, data are 

collected using non-random sampling strategies, such as airport interviews. These data 

sets are often biased, as they incorporate only the behaviour of travellers who have 

successfully booked tickets. Those who have cancelled their trips or booked tickets for 

other travellers cannot be interviewed. If non-random samples are used for prediction, 

unreliable market shares will be estimated (Hensher, Rose & Greene 2005, p. 185). 

Although the sampling problem has been ignored by most of the SP studies, there are 

still a few attempts to address the problem. Proussaloglou & Koppelman (1995, 1999) 

obtained random samples through mail-out and telephone surveys from two origin-

destination (OD) city pairs in the domestic airline market of America. Drabas & Wu 

(2013) in a recent study on carrier choice adopted stratified samples through an online 

survey managed by a professional market research agency with the geographic 

distributions of Australian population used as strata. These two sampling strategies, to 

some extent, compensate for the drawbacks of non-random sampling conducted at 

airports.  



53 

2.4.32.5.3 Choice-Based Demand Forecasting 
Theoretically, when the population and the number of decision makers are defined, the 

aggregate choice of an alternative is the sum of the choice probabilities for that 

alternative across all the decision makers. Mathematically, this can be represented by 

the following equation. 

𝑁𝑇(𝑖) = ∑ 𝑃(𝑖|𝑋𝑛)
𝑁𝑇
𝑛=1                                                                                                   (2.7)  

in which T is the population defined by the study; 𝑁𝑇 is the number of decision makers 

in the population; 𝑋𝑛 represents all the attributes affecting the choices made by each 

decision maker, with the values in 𝑋𝑛 known to the analyst. Regardless of the utility 

specification in the choice model, the probability of an individual n in T choosing 

alternative i can be written as 𝑃(𝑖|𝑋𝑛). The expected share of the population choosing i 

can be expressed as  

𝑊(𝑖) =
1

𝑁𝑇
∑ 𝑃(𝑖|𝑋𝑛)
𝑁𝑇
𝑛=1 .                                                                                             (2.8)  

If the attributes 𝑋𝑛  in the population T is continuous with density function 𝑓(𝑋) , 

Equation 2.8 should be expressed as 

𝑊(𝑖) = ∫ 𝑃(𝑖|𝑋)𝑓(𝑋)𝑑𝑋
𝑋

.                                                                                          (2.9)  

Although the above estimates are consistent and unbiased, in practice the true size of the 

population, the number of decision makers and the distribution of the attributes are 

never known to the analysts. Even if they were, for a population of any reasonable size, 

estimation of the above equations would be computationally infeasible. Instead, 

techniques based on simplified assumptions of choice models and/or populations are 

applied for the purpose of reducing the complexity of the aggregation process. Below 

are five methods that are most widely used in aggregate forecasting with discrete choice 
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models. Detailed discussion of these techniques also can be found in Ben-Akiva & 

Lerman (1985) and Hensher, Rose & Greene (2005). 

The average individual is by far the simplest approach in aggregate forecasting. It 

requires the estimation of average values 𝑋 of attributes 𝑋 through the population. The 

average individual represents the characteristics of the entire population and is used to 

approximate 𝑊(𝑖) as 𝑃(𝑖|𝑋). Due to the non- linearity of discrete choice models and the 

loss of information during averaging, this approach tends to produce substantial 

predictive errors (Ben-Akiva & Lerman 1985, p. 136-137; Hensher, Rose & Greene 

2005, p. 440). An improvement of this method is to classify the population into nearly 

homogenous subgroups using socio-economic variables. Then, the average individual 

technique can be applied to each subgroup separately. To achieve homogeneity, the sub-

populations need to be defined so as to be small. This is not an easy task, since the data 

requirements and computational difficulties will increase as the number of subgroups 

increases.  

Another method for aggregate forecasting is by statistical differentials, in which the 

expected values of aggregate shares are approximated using moments of the joint 

distribution of attributes 𝑋 . Theoretically, as the number of higher-order moments 

increases, the accuracy of the approximation improves. In practice, however, the central 

moments of the joint distribution are extremely difficult to predict beyond the second 

order. In fact, according to Ben-Akiva & Lerman (1985) the second-order Taylor’s 

series in their examples is already fairly difficult to estimate. 

The fourth aggregation procedure is called explicit integration. The idea of this method 

is to solve the integral in Equation 2.9 under certain combinations of 𝑓(𝑋) and 𝑃(𝑖|𝑋). 

Rather than directly working on the choice model as it is, a relatively easier approach is 

to incorporate the difference between the attributes 𝑋𝑛 faced by each individual and the 
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population mean 𝑋  as a source of random error into the utility function. For each 

alternative i, the error is a vector of deviations.  

휀̃𝑖𝑛 = 𝑋𝑖𝑛 − 𝑋𝑖                                                                                                             (2.10) 

Under this approach, decision makers in the population are assumed to have the same 

choice set 𝐶 . Otherwise, the population needs to be further divided with separate 

aggregate prediction applied to each subpopulation. In a linear-in-parameter utility 

function, the random error 휀̃𝑖𝑛 can be specified as follow 

𝑈𝑖𝑛 = �̅�𝑖 + 휀𝑖𝑛
∗ = 𝛽′𝑋𝑖+ (𝛽′휀̃𝑖𝑛 + 휀𝑖𝑛),                                                                      (2.11)  

where 휀𝑖𝑛∗ = 𝛽′휀̃𝑖𝑛 + 휀𝑖𝑛. 

The probability of any randomly drawn decision maker in the population choosing 

alternative i is  

𝑊(𝑖) = 𝑃𝑟(�̅�𝑖 + 휀𝑖𝑛
∗ ≥ �̅�𝑗 + 휀𝑗𝑛

∗ , ∀𝑗 ∈ 𝐶)                                                                    (2.12)  

which can be estimated using the joint distribution of {휀𝑖𝑛∗ , ⋯ , 휀𝐽𝑛
∗ }. However, so far 

there are only two combinations of the distribution of 휀𝑖𝑛 and 휀̃𝑖𝑛 that are suitable for 

the estimation of 휀𝑗𝑛∗ , namely the probit and normal distribution, and the logit and 

normal distribution, and such a method cannot be used when parameters 𝛽  are also 

random. 

The last method considered in this chapter for aggregate forecasting is sample 

enumeration. It utilises a random sample from the population to predict the choice 

behaviour of the entire population. The predicted share of the sampled individuals 

choosing an alternative i is used as the estimate for 𝑊(𝑖). 

�̂�(𝑖) =
1

𝑁𝑠
∑ 𝑃(𝑖|𝑋𝑛)
𝑁𝑠
𝑛=1                                                                                              (2.13) 
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Sample enumeration also can be used when a stratified sample is taken from the 

population. In this case, the choice share predicted by each subclass of the sample has to 

be adjusted to a weight estimating the proportion of the individuals in this subclass 

within the entire population. 

�̂�(𝑖) = ∑ (
𝑁𝑔

𝑁𝑇
)𝐺

𝑔=1
1

𝑁𝑠𝑔
∑ 𝑃(𝑖|𝑋𝑛)
𝑁𝑠𝑔
𝑛=1

                                                                          (2.14)  

where 𝑁𝑇 are the number of decision makers in the population; 𝑁𝑔 are the number of 

decision makers in a subclass g within the population; 𝑁𝑠𝑔 is the number of decision 

makers for subclass g in the sample 𝑠. Such a structure makes the aggregate forecasting 

for different socioeconomic groups easy to perform. Sample enumeration is also 

suitable to forecast a policy change effect that varies across individuals. In such a case, 

the only things that need to be changed are the values of the appropriate independent 

variables for each affected individuals in the sample. The estimator �̂�(𝑖)  obtained 

under the sample enumeration method is consistent as long as the parameter estimates in 

the model are consistent, but when the choice probabilities or the sample are small, the 

variance of the estimator is likely to be large.  

As the above methods differ in computational costs, accuracy, data requirements and 

simplicity of implementation, none of them clearly dominates the o thers, but in practice 

classification and sample enumeration are the most widely applied (Ben-Akiva & 

Lerman, 1985, p. 152). In this thesis, the sample enumeration method is adopted due to 

its simplicity in programming on computers.  

The discrete choice models introduced in Section 2.4 are developed for the estimation of 

individual choice probabilities. However, revenue management models are more often 

derived on aggregate forecasting of the fare class demand. For discrete choice models, 

the use of naïve aggregation by averaging the attribute levels over the population will 

lead to biased result. This is because for non-linear choice models, the probabilities 



57 

estimated on the average of the explanatory variables will not coincide with the correct 

values derived on aggregate probabilities for a group of individuals (Ortuzar and 

Willumsen, 2011).  

Theoretically, when the number of decision makers in a population is defined, the 

market share for an alternative can be calculated as the expected value of the choice 

probability for that alternative across all the decision makers. Unfortunately, this 

method would require an impossibly large data set. When a representative sample can 

be obtained, the sample enumeration method can be used instead. A presentative 

sample can be gained by random sampling from the population. The predicted share of 

the sampled individuals choosing an alternative i is used as the estimate for 𝑊(𝑖). 

�̂�(𝑖) =
1

𝑁
∑ 𝑃(𝑖|𝑋𝑛)
𝑁
𝑛=1                                                                                                 (2.8)  

in which 𝑁  represents the sample size rather than the size of the population. The 

estimator �̂�(𝑖) obtained under the sample enumeration method is consistent as long as 

the parameter estimates in the model are consistent – it has been shown by Ben-Akiva 

& Lerman (1985) that the variance of the sample enumeration forecast will vary 

inversely with the sample size N. That is when the choice probabilities or the sample are 

small the variance of the estimator is likely to be large.  

Another practical method is known as the classification approach, which approximate 

the true market shares by a finite number of relatively homogeneous classes (G).  

�̂�(𝑖) = ∑ 𝑃(𝑖|𝑋𝑔)𝑁𝑔 𝑁𝑃⁄𝐺
𝑔=1                                                                                        (2.9) 

in which 𝑋𝑔 is the mean of the attribute set vector for subclass g,𝑁𝑔 is the number of 

decision makers in the subclass g, 𝑁𝑃  is the number of decision makers in the 

population. The accuracy of the method depends on the number of classes g, and their 

selection criteria (e.g. when G=1, it reduces to naïve aggregation).  
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In this thesis, the sample enumeration method is adopted. As shown by Ortuzar and 

Willumsen (2011), when properly sampled, such a method can provide accurate short-

term predictions on market shares with relatively lower data requirement.  
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2.52.6 Conclusion 
As discussed in this chapter, a fully effective differential pricing strategy can lead to 

independent estimation of the fare class demands, but the increasingly intensified low-

cost competition has forced the legacy airlines to move to a more simplified fare 

structure to match the pricing strategies of their opponents. Choice-based RM became 

popular owing to airlines’ increasing need for the estimation of dependent demand.  

Among all DCMs, the MNL model has dominated choice-based RM analysis. Although 

it is analytically convenient, such a model structure is too s imple to reflect the 

complicated fare product choice behaviour in airline markets. Behavioural heterogeneity 

has been largely explained as taste variation, but according to the latest research 

findings in behavioural science, it is more likely to be caused by the heterogeneous 

information processing strategies used by decision making customers.  

In the RM area, Boyd & Kallesen (2004) provided a theory to explain the demand 

dependency existing between fare classes. A segmentation method based on behavioural 

heterogeneity was proposed. Although theoretically sound, their approach was derived 

for the simplest choice situation with only two fare classes, which greatly limited the 

practical value of the research findings.  

This thesis extends the definition of priceable and yieldable customers to multi- fare-

product situations with consideration of airline competition. As the three types of 

customer, priceable, yieldable and compensatory, can only be differentiated in a panel 

data setting, stated choice experimentation SP experiment is applied. Also, since 

differentiation between priceable and yieldable customers requires unavailability of 

non-flexible fares, choice set composition of the design needs to be varied to guarantee 

the low-priced non-flexible fares are excluded in some choice sets. In the next chapter, 

state-of-the-art experimental design methods will be discussed in terms of their 

effectiveness in uncovering decision rule heterogeneity.  
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Chapter 3 Stated Choice Experimental 
Design for Fare Product 
Choice Modelling 

 

Although previous revenue management studies have uncovered the behavioural 

difference between the priceable and yieldable customers, they were not adequately 

differentiated in the choice models applied for revenue optimisation. However, discrete 

choice studies on decision rule heterogeneity have shown that identification of different 

decision rules improves the fitness of a choice model significantly (e.g. Swait 2001; 

Cantillo & Ortuzar 2005; Swait 2009; Hensher & Greene 2010; Hess, Stathopoulos & 

Daly 2012). Failure to incorporate the non-standard choice behaviour, such as non-

trading and lexicographic behaviour, is likely to lead to biased parameter estimates 

(Hess, Rose & Polak 2010; Rose, Hess & Collins 2013). 

To capture decision rule heterogeneity in a population, panel data need to be obtained 

from each sampled decision maker. This is partly because somemany non-RUM 

decision rules are task-related and cannot be revealed by completing only a few tasks. 

More importantlyAlso, the application of different decision rules can lead to identical 

choice observations in some situations. Only when multiple choice tasks are conducted 

can they be effectively differentiated. 

So far, state-of-the-art experimental designs are largely based on choice sets with fixed 

size. (e.g. Rose & Hensher, 2006; Rose et al., 2013) are largely based on choice sets 

with fixed composition. That is, the same alternatives appear each choice set with only 

attributes and/or attribute levels varying throughout the experiment. Such a design 

strategy is effective in choice studies where alternatives are storable; as long as the 

storage of the products is managed properly the impact of stock-out is minimal. 

However, for perishable goods like air fares, the capacity is limited by the size of 
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aircraft and the effective availability of the service is restricted by the scheduled time of 

departure. Under these conditions, stock-out has a significant impact on air travellers’ 

fare product choice, making revenue management a necessity for airlines. Also, airline 

pricing strategies tend to segment the seats of the economy cabin into different price 

levels. The low-price fare classes are often bundled with restrictive booking and service 

conditions. Among them, advance booking requirements that control the availability of 

low-priced fares play a key role in balancing the bookings between fare classes. Under 

such a fare product structure, yiedable and priceable travellers are unable to be 

differentiated unless all the low-priced fare products are closed. To incorporate  capture 

travellers’ choice behaviour caused by the pricing and RM controls of airlines in the a 

SP design, availability of fare classes needs to vary across choice sets.  

In this chapter, the development of experimental design in discrete choice modelling is 

introduced, with an emphasis on efficient designs. Section 3.1 begins with a generalised 

introduction of stated choice design addressing issues on alternatives and attribute 

identification. Sections 3.2 and 3.3 review orthogonal and efficient designs, which are 

widely applied in stated choiceSP studies. As the two design methods normally generate 

with choice sets having a fixed number of alternatives with a fixed composition of 

alternatives (see the detailed review of stated choice designs by Rose & Bliemer (2009)), 

they can be less effective useful when the purpose of a design is to identify multiple 

decision rules in a population. in air fare choice studies where consumers exhibit more 

than one decision strategy. Thus, the non-trading behaviour of yieldable travellers 

cannot be effectively differentiated from the lexicographic behaviour of priceable 

travellers. This is because the behaviour difference might not be properly revealed given 

the choice set composition incorporated in the design. For example, the yieldable and 

priceable behaviour would be confounded when non-flexible fares with the lowest price 
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are presented in all the choice sets. The limitations of fixed-sizecomposition designs in 

air fare choice study are discussed in Section 3.4. 

In Section 3.5 two versions of availability SPstated choice design are detailed. The first 

version utilises only orthogonal arrays to control the presence/absence of alternatives 

(master design) as well as attribute levels of the alternatives (sub-design). The 

composition of the choice sets in the two designs varies. The first version utilises a 

weighted fisher information matrix to simultaneously control the presence/absence of 

alternatives (master design) as well as attribute levels of the alternatives (sub-design). 

The other is an efficient design based on a partial mother-logit model structure. An 

efficient design is one that minimizes the expected elements in the variance-covariance 

matrix of parameter estimates in a model. The latter design method was used for the 

empirical component of this thesis in January 2012 in readiness for the survey in March 

2012. It represents a mixture of the orthogonal plan (Lazari & Anderson 1994) and a 

fully integrated efficient availability design proposed by Rose, Louviere & Bliemer 

(2013). The latter method is able to generate designs that are efficient for both the 

master and the sub-design components. Detailed discussion of the method is presented 

at the end of this chapter.  

Efficient availability designs offer an improvement to the earlier orthogonal main 

effects master and sub designs; they are much smaller in size and more likely to reveal 

cross-fare-class substitution as fewer fare products are presented in each scenario. The 

efficiency of the designs as well as their capacity to correctly model up-selling, 

recapture and spill is examined in Chapter 4 using a synthetic population and choice 

simulations. The way in which this review chapter prepares for the simulations in 

Chapter 4 is given in section 3.5. 
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3.1 Principles of SP Experimental Design  
The first step in generating a SP stated choice design is to identify the set of alternatives 

to be considered in the study. Such information can be obtained from literature reviews 

or ad-hoc research, such as focus groups or interviews (Carlsson & Martinsson 2003). If 

the objective of study is to obtain elasticities or to forecast market shares, labelled 

alternatives should be used. In a labelled experiment, the names of alternatives convey 

actual meanings to a respondent. Therefore, it is possible to adapt different attributes or 

attribute levels to different alternatives. In contrast, if alternatives are unlabelled in an 

experiment, the names of alternatives indicate nothing but the order of their appearance. 

In that case, generic attributes have to be applied to each alternative. The only way to 

differentiate between unlabelled alternatives is by the differences in their attribute leve ls. 

However, the boundary between labelled and unlabelled alternatives is not clear-cut. A 

labelled alternative can be transformed into an unlabelled alternative when the labelling 

or name is considered as an attribute. The transformation can also be the o ther way 

round. For example, while generating an availability design, one can list all possible 

attribute level combinations of each alternative and use an unlabelled experimental 

design to assign these profiles back to the design matrix. As each profile corresponds to 

only one brand or alternative label, the design matrix can be re-arranged into a labelled 

design in which the alternative with a profile allocated to a choice set is ‘presented’ in 

that choice set and otherwise, it is ‘absent’ in that choice set. However, extra constraints 

might be needed under this design scheme to prevent two profiles of one alternative 

entering the same choice set. 

When defining the set of alternatives, analysts also need to consider whether to include 

a no-choice or status quo option. If not, decision makers are forced to choose from 

limited alternatives available in the design. Such decisions might be different fro m the 

choice observations in the real market. Although unconditional choices can be gained 
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by incorporating the no-choice or status quo option, little information can be captured 

when this alternative is selected. 

When defining the set of alternatives, analysts also need to consider whether to include 

a no-choice or status quo option, an option often labelled as ‘your current alternative’. If 

not, decision makers are forced to choose from limited alternatives available in the 

design. Such decisions might be different from the choice observations in the real 

market. Although unconditional choices can be gained by incorporating the no-choice or 

status quo option, little information can be captured when this alternative is selected. To 

address possible issues related to the use of status quo alternatives, Rose & Hess (2009) 

introduced duel responses to SP experiments, in which respondents are first asked to 

select amongst all alternatives, including the status quo, from a choice set, and they will 

be asked to select again from the choice set excluding the status quo if they choose that 

alternative in the first instance. In such a manner, information on the preferences of non-

status quo alternatives can be obtained. 

After the set of alternatives are identified, attributes of alternatives can be refined based 

on two considerations, the range of attribute values and the number of attribute levels 

(Rose & Bliemer 2009). Theoretically, a wide range is preferable to a narrow range, but 

the defined range has to be realistic to avoid dominance caused by improperly defined 

alternatives (Rose & Bliemer 2009). For a quantitative attribute, when the lower bound 

and the upper bound of the defined range are treated as attribute levels, a linear effect 

can be estimated; for the estimation of non-linear effects, more attribute levels have to 

be identified. As the levels of qualitative attributes are defined in categories rather than 

degrees, dummy codes or effect codes should be used to avoid linear relationships 

between the levels. they should be coded using methods like dummy codes, effect codes 

or orthogonal codes to avoid linear relationships between the levels. In fact, Louviere, 

Hensher & Swait (2000) suggested the use of orthogonal codes because other non-
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orthogonal coding is likely to introduce correlations between attribute levels into the 

choice model.  

Given the above considerations, a design matrix can be generated using one of the 

methods introduced in the following section. The number of choice sets in the design 

can be based on the simple rule that the total number of independent choice probabilities 

should be equal to or greater than the number of parameters to be estimated. 

 

3.2 Orthogonal Designs in SP Studies 
When experimental design was firstly introduced into discrete choice modelling, design 

principles, such as orthogonality, were directly borrowed from general linear models 

due to their appealing statistical properties. For linear models, orthogonality is crucial as 

it ensures independence between attributes, in which case, the impact of each attribute 

on the dependent variable can be estimated separately. Also, in ordinary- least-squares 

(OLS) analysis, the variance-covariance (VC) matrix of parameter estimates is 

proportional to the information matrix 𝑋′𝑋. When the attributes in the design matrix X 

are orthogonal, the elements in the VC matrix are minimised.  

Experimental design theory originated in fields other than discrete choice modelling. 

Much of the work on this topic at that time was concentrated on use of analysis of 

variance (ANOVA) and the estimation of linear regression models (Peirce, 1876). As a 

result, design principles, such as orthogonality, were derived for the purpose of 

improving the efficiency around linear type of models. Statistical efficiency in 

experimental design relates to an increased precision of the parameter estimates for a 

fixed sample size, and therefore, depends on the variance, and to a lesser effect, the 

covariance, to be obtained from an experiment (Rose & Bliemer, 2010). When 

orthogonality is imposed, the attribute vectors in a design matrix are independent from 

each other. In this case, the impact of each attribute on the dependent variable in a linear 
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regression model can be estimated separately. More importantly, orthogonality is 

believed to minimize the variances of the parameter estimates taken from the variance-

covariance (VC) matrix of the model. The VC matrix for a linear regression model can 

be specified as follow: 

Ω𝑉𝐶 = 𝜎2(𝑋′𝑋)−1                                                                                                        (3.1) 

where Ω denotes the variance-covariance of the parameter estimates and 𝜎2 is the model 

variance.  

in which 𝜎2 is the model variance acting as a scaling factors, and X is the matrix of 

attribute level combinations in the design. Given a certain model variance 𝜎2 , the 

elements of the above VC matrix are minimized when the X matrix is orthogonal. 

Theoretically, when orthogonality is enforced in a stated choice design, the impact of 

each attribute upon observed choices can be decided independently. As orthogonal 

designs are generated under the zero prior assumption, are actually efficient (local 

optimal) designs for the MNL model. Compared to other design methods, such as 

efficient designs, an orthogonal design is relatively easy to specify, as it does not 

require any assumption on the priors of parameters or the model structure. For these 

reasons, it used to be considered a good design for stated choice studies.  

The most straightforward orthogonal design is the full factorial design that contains all 

the possible attribute level combinations. Such a design is orthogonal not only in terms 

of the main effects of attributes, but also of all the interaction terms. However, the size 

of a full factorial design expands rapidly as the number of attributes and attribute levels 

increases. For this reason, fractional factorial designs that have fewer runs are more 

widely applied in practice. 

To generate an orthogonal fractional factorial design, one can use either the 

simultaneous method or the sequential method. Designs generated simultaneously for 
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all alternatives will be orthogonal both within and across alternatives, but the size of the 

designs can be very large. Alternatively, an orthogonal main effects plan for attribute 

level combinations of the first alternative over the design can be generated first; it will 

be used as a ‘seed’ to construct profiles of the remaining alternatives. For example, in 

foldover designs the profile of the second alternative is the exact foldover of the first 

alternative generated using an orthogonal design. Although designs generated by the 

sequential method are normally smaller in size, the orthogonality of attributes is only 

maintained within each alternative but not across alternatives. 

However, orthogonality of attributes in a design matrix is purely a statistical property. It 

suggests nothing about the correlations between attributes in the minds of respondents. 

Also, during data collection, non-designed attributes such as socio-demographic 

variables will be incorporated into the data set, resulting in violation of orthogonality 

between columns of attributes. Blocking of choice sets and missing data also will lead 

to the loss of orthogonality in the final data set. Last but not the least, orthogonal arrays 

often contain choice sets that are behaviourally implausible (e.g. the null set and the 

choice set with only one alternative). In most cases, these choice sets have to be 

excluded from the survey. The elimination of choice sets from the original design 

matrix will affect the correlation structure of the attributes. the elimination of choice 

sets from the original design matrix will affect the correlation structure of the attributes. 

This means to maintain the orthogonality, one has to accept all choice sets in a design 

matrix even if some of them are behaviourally implausible (e.g. the null set and the 

choice set with only one alternative). Given the above issues, questions on the 

appropriateness of applying orthogonal designs in SP studies are raised. Such methods 

were later replaced by efficient designs, which, in many circumstances, have been 

shown to outperform the orthogonal designs. 
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3.3 Efficient Designs for MNL Models 
McFadden (1974) initially derived the asymptotic variance-covariance (AVC) matrix 

for MNL models with generic parameters. As shown in Equation 3.2 below, each 

element in the matrix depends not only on the attributes of alternatives but also on the 

true values of parameters.  

Ω = (𝑋′𝑃𝑋)−1 = [∑ ∑ 𝑋𝑗𝑛
′ 𝑃𝑗𝑛𝑋𝑗𝑛

𝐽𝑛
𝑗=1

𝑁
𝑛=1 ]

−1
                                                                 (3.2)  

where 𝑃∗∗ is an M×M diagonal matrix with choice probabilities 𝑃𝑗𝑛 on the trace, and X is 

an M×K matrix with rows 

𝑋𝑗𝑛 = 𝑥𝑗𝑛 −∑ 𝑥𝑖𝑛𝑃𝑖𝑛
𝐽𝑛
𝑖=1                                                                                                 (3.3)  

in which N is the number of choice sets respondents, 𝐽𝑛is the number of alternatives in a 

choice set and 𝑀 = ∑ 𝐽𝑛
𝑁
𝑛=1  is the total number of alternatives in the experiment.  

Give prior knowledge of the parameters, the best design theoretically should be the one 

minimising the ‘size’ of the elements of the AVC matrix. Designs based on such a prior 

expectation are known as D-efficient designs. When zero priors are assumed for 

parameters in a model, the optimisation criterion which is the determinant of the AVC 

matrix is known as Dz − error; when non-zero priors are assumed, the criterion is 

called Dp-error. 

Dz − error = (det(Ω0))
1 𝐾⁄                                                                                          (3.4)  

Dp − error = (det(Ω𝑝))
1 K⁄

.                                                                                       (3.5) 

in which det(Ω∗) represents the determinant of the AVC matrix Ω; 𝐾  refers to the 

number of parameters in the MNL model. 

Carlsson & Martinsson (2003) pioneered in developing the AVC matrix for MNL 

models with alternative specific parameters. However, the elements in the AVC matrix 



69 

were incorrectly identified because of a misspecification of the log- likelihood function. 

This mistake was later corrected by Bliemer & Rose (2005).  

A different approach was taken by Street and Burgess in a series of studies on efficient 

designs (Street, Bunch & Moore 2001; Burgess & Street 2003; Street, Burgess & 

Louviere 2005) A different approach was proposed by Bunch, Louviere & Anderson 

(1996) and later expanded by Street and Burgess in a series of studies on design 

efficiency (Street, Bunch & Moore 2001; Burgess & Street 2003; Street, Burgess & 

Louviere 2005), in which an unlabelled sequential method was adopted to generate 

designs that maximise attribute level differences in each choice set. The basic idea was 

to construct profiles of the first alternative in each choice set with an orthogonal main 

effect plan (OMEP), and then sequentially generate profiles for the rest of the 

alternatives based on some systematic changes in levels derived from the first 

alternative (Street, Burgess & Louviere 2005). Such a design method is useful in 

locating optimal or nearly optimal designs for simple choice problems.  Under very 

restrict assumptions, such a method is capable to locate optimal or nearly optimal 

designs for simple choice problems, in which case the optimal D-error can be calculated 

and used as a benchmark to evaluate how optimal other designs are. As it works directly 

on the attribute level differences between alternatives, designs generated this way 

normally have minimum overlap in terms of attribute levels. Examples of Street and 

Burgess designs can be found in Appendix A3.1. 

Kanninen (2002) and ,Kanninen et al. (2005) proposed another design approach, known 

as the ‘choice-percentage’ optimal design, for an MNL model with generic parameters. 

It included a continuous variable to be a ‘manipulator’ for efficiency. Designs generated 

in such a way will only be optimised at some fixed choice probability splits. As the 

priors in the designs require gradual updating, ‘choice-percentage’ optimal design is 

largely limited to computer aided surveys (Rose & Bliemer 2004). Also, since the levels 
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of the continuous manipulator variable heavily rely on the prior assumptions, even a 

small misspecification of the priors can lead to a significant loss of efficiency.  An 

example of the ‘choice-percentage’ optimal design is presented in Appendix A3.2. 

Sandor & Wedel (2001) initially adopted a Bayesian approach to construct designs for 

MNL models. A prior distribution was assumed for a parameter in the model to reflect 

subjective beliefs about the probabilities of particular parameter values occurring. The 

design was optimised under DB − error, which is the expectation of the Dp − error 

over the prior distribution: 

DB − error = ∫ (𝑑𝑒𝑡𝛺𝑝)
1 𝐾⁄

𝑔(𝛽|𝜃)𝑑𝛽
𝛽

.                                                                    (3.6) 

in which 𝜃  are parameters defining the distribution of parameter 𝛽 , 𝑔(𝛽|𝜃) . This 

criterion is necessarily approximate, as it is based on an asymptotic approximation to 

the posterior distribution (Sandor & Wedel 2001). The expected information can be 

calculated by taking R draws from the estimated distribution and computing:  

D�̂� − error = ∑ (𝑑𝑒𝑡𝛺𝑟)
1 𝐾⁄ 𝑅⁄𝑅

𝑟=1                                                                               (3.7) 

in which 𝛽𝑟  is a draw from the estimated distribution �̂�(𝛽) . In this way, the prior 

uncertainty is translated into a spread of the design points.  

Bliemer, Rose & Hess (2008) further examined the Bayesian efficient design proposed 

by Sandor & Wedel (2001). The performances of three different simulation methods, 

namely Pseudo Monte Carlo, quasi random Monte Carlo (Halton, Sobol and Modified 

Latin Hypercube Sampling) and Polynomial cubature (Gauss-Hermite approach), were 

compared. The last method was found to outperform all the other methods, despite the 

fact that this result conflicts with the evidence provided by Bhat (2001), that Halton 

draws were better than the Gauss-Hermite approximations. Halton draws were found to 

be less accurate than all the other methods examined in the paper. However, as the 

authors indicated, Gaussian draws are a function of the number of integrals to be solved. 
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When facing multidimensional problems, the number of draws for Gaussian quadrature 

will become intractable, as it increases exponentially to the number of integrals. For this 

reason, Bhat (2001) recommend the use of Halton draws since they are not a function of 

the integrals involved. 

Kessels, Goos & Vandebroek (2006) compared the predicted performance of Bayes ian 

designs generated using the G-error, which, by definition, minimises the maximum 

predicted variance over the design matrix, and the V-error, which minimises the average 

prediction variance over the design matrix, to the designs optimised under the 

aforementioned D-error and the A-error, which minimise the sum or average of the 

asymptotic variances of the parameter estimates. The simulation results suggested that 

G-error and V-error perform better in choice studies for predictive purposes. The Monte 

Carlo modified Fedorov algorithm (MCMF) employed in the research is 

computationally intensive making the application of the criteria difficult. For this reason, 

Kessels et al. (2009) replaced the MCMF algorithm by an alternating sample algorithm 

making the construction of the G- and V-efficient designs practical. 

Although Bayesian designs are much more efficient than many other design techniques, 

they are not necessarily globally optimal as the search algorithms tend to improve the 

design efficiency of a fractional design rather than the full factorial set (Ferrini & 

Scarpa 2007).  

So far, only designs for MNL models have been reviewed. A number of researchers 

have also examined efficient designs for other model types. For example, Bliemer, Rose 

& Hensher (2009) compared designs optimised for NL models to those generated for 

MNL models; Sandor & Wedel (2002) and Yu, Goos & Vandebroek (2009) examined 

design strategies for cross-sectional ML models; Bliemer & Rose (2010) and Yu, Goos 

& Vandebroek (2011) derived design criteria for panel ML models. The results of these 

studies suggest that a design optimised for the MNL model typically performs well 
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when analysed using a NL model or panel ML model, but does not perform well when 

analysed using a cross-sectional ML model (Rose & Bliemer, 2009). Different from the 

orthogonal design introduced in the previous section, D-efficient designs are derived 

exclusively for discrete choice analysis. Such a method has also been used to generate 

designs for the simulation and empirical study in this thesis. 

 

3.4 The Limitations of Fixed-Composition Design in 
Fare Class Choice Study 

The design methods discussed so far are derived on the basis of fixed-size choice sets. 

The design methods discussed so far are derived on the basis of fixed choice set 

composition. That is the alternatives in each choice set of a design are fixed, but the 

attributes and attribute levels of each alternative are varying throughout the design. This 

type of design is considered to be effective in terms of capturing attribute trade-offs by 

decision makers; it is also useful in revealing decision rule heterogeneity in some choice 

conditions (see Section 2.4.2). However, when fixed- compositionsize designs are used 

to estimate fare product choice in a hybrid airline market, they become less efficient 

useful since the non-standard behaviour of the priceable and yieldable travellers are no 

longer differentiated.  

As mentioned in the beginning of the chapter, price and service levels of fare product 

alternatives in the real airline markets are correlated due to the application of 

differential pricing. Such correlations should be incorporated in the design matrix for 

realistic consideration, as impractical choice sets may bias the parameter estimates in 

the choice model and lead to inaccurate forecast of fare class demand. as impractical 

choice sets may cause decision makers making choices different from those made in 

real life situations, resulting hypothetical bias in the SP models. Consequently, less 

accurate parameter estimates will be obtained, leading to incorrect forecast of fare class 
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demand. However, the presence of all fare classes tends to result in persistent choice of 

low-priced fares by both the yieldable and priceable travellers. This is because the two 

types of behaviour are only differentiable when the low-priced fares are closed (see the 

definition of yieldable and priceable travellers in Section 2.2). Identifying the 

behavioural difference between the two types of travellers is crucial for revenue 

optimisation because fare class demand dependence is caused by the choice behaviour 

of priceable travellers, but not the behaviour of yieldable travellers. 

In practice, choices between fare classes are largely triggered by capacity controls. Such 

a practice should be considered in SP stated choice designs for an effective 

identification of the priceable and yieldable travellers. Also, as panel data can be 

obtained easily in a SP experiment, the behaviour of priceable and compensatory 

travellers are differentiable based on repeated choice observations.  

As early as the 1980s, experimental designs with choice set compositionsize variations 

were applied in SP studies (e.g. Louviere & Woodworth 1983). Such experiments were 

designed to reflect the impact of product stock-outs, closures or service interruptions on 

the process of decision-making (Louviere, Hensher & Swait 2000). Although such a 

design scheme had nearly disappeared by the early 2000s, its advantages again attracted 

the attention of some scholars recently. In the next section, the early applications and 

the latest development of this type of design are reviewed, highlighting its usefulness in 

discrete choice modelling concerning the impact of decision rule heterogeneity. 

 

3.5 Availability Designs: the Early Applications and 
the Latest Findings 

There are various ways to vary the composition of choice sets in a SP experimentcontrol 

the available alternatives in each choice set in a stated choice experiment. For example, 

one can use all possible combinations of a finite set of alternatives (e.g. Batsell & 
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Lodish 1980; Batsell & Polking 1985), or all possible pairs, triples or quadruples of 

these alternatives. However, as the number of alternatives increases, choice sets based 

on simple permutations of alternatives can lead to extremely large designs. To reduce 

the size of the design, availability designs was were proposed. 

3.5.1 Availability Designs with the Application of Orthogonal 
Arrays 

In the work of Louviere & Woodworth (1983), an orthogonal main effect plan from a 2𝐽  

factorial was used to control the availability (or composition) of alternatives in each 

choice set. Orthogonal arrays guarantee independent and balanced appearance of each 

alternative, and the size of the arrays expands less dramatically than designs based on 

pairwise comparisons as the number of alternatives increases. Due to this advantage, it 

used to be widely applied in discrete choice studies where choice set composition 

variations were needed (e.g. Timmermans & Borgers 1991; Anderson and Wiley 1992).  

An alternative method for orthogonal design is the balanced incomplete block design 

(BIBD). As with orthogonal designs, a BIBD is also able to provide balanced 

appearance of alternatives. More importantly, it also guarantees that each paired 

combination of alternatives appears an equal number of times over the design. A BIBD 

is restricted by a vector of parameters (𝐽, 𝑆, 𝑟𝑜, 𝐽𝑠 , 𝑐ℎ), in which 𝐽 represents the total 

number of alternatives considered by the study, 𝑆 is the number of choice sets or blocks, 

𝑟 o is the number of times that each alternative appears in the experiment, 𝐽𝑠  is the 

number of alternatives incorporated in each choice set or block, and 𝑐ℎ is the number 

of times each pair of alternatives appears together over the design. For example, the 

BIBD with parameters (16,20, 5, 4,1)  shown in Table 3.1 represents 16 labelled 

alternatives to be assigned to 20 choice sets. Each alternative appears exactly five times 

over the design, and each pair of alternatives occurs exactly once (e.g. alternative 1 

pairs only once with alternative 2). Due to these parameter constraints, BIBDs can be 
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used to vary the availability of alternatives in each choice set of the design (choice set 

composition), at the same time maintaining a fixed choice set size. However, as only a 

limited combination of parameter constraints can lead to a known BIBD, not all SP 

experiment can apply such a method (Rose, Louviere & Bliemer 2013). 

Table  3.1 An Example of the Balanced Incomplete Block Design (BIBD: 𝟏𝟔,𝟐𝟎,𝟓, 𝟒,𝟏) 

 Alternatives 
Choice Set 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 P P P P A A A A A A A A A A A A 
2 A A A A P P P P A A A A A A A A 
3 A A A A A A A A P P P P A A A A 
4 A A A A A A A A A A A A P P P P 
5 P A A A P A A A P A A A P A A A 
6 A P A A A P A A A P A A A P A A 
7 A A P A A A P A A A P A A A P A 
8 A A A P A A A P A A A P A A A P 
9 P A A A A P A A A A P A A A A P 

10 A P A A P A A A A A A P A A P A 
11 A A P A A A A P P A A A A P A A 
12 A A A P A A P A A P A A P A A A 
13 P A A A A A A P A P A A A A P A 
14 A A A P P A A A A A P A A P A A 
15 A P A A A A P A P A A A A A A P 
16 A A P A A P A A A A A P P A A A 
17 P A A A A A P A A A A P A P A A 
18 A A P A P A A A A P A A A A A P 
19 A A A P A P A A P A A A A A P A 
20 A P A A A A A P A A P A P A A A 

                     P=presence        A=Absence 

Once the availability of alternatives is controlled in the experiment, one can assume 

fixed attribute levels for each alternative and analyse a choice model with only ‘brand 

effects’ (e.g. Anderson & Wiley 1992). Alternatively, sub-designs can be generated to 

allocate levels of attributes to each available alternative in the ‘master design’.  

Louviere, Hensher & Swait (2000, p. 128-131) proposed two ways of sub-design 

generation. The first approach is to construct a set of attribute profiles and randomly 

assign them to each ‘present’ alternative in the ‘master design’ without replacement; a 

second method is to apply another orthogonal array to all the attrib utes of available 

alternatives in a choice set. Table 3.2 is a design generated based on the latter approach 

(Louviere, Hensher & Swait 2000, p. 130). The master design is an orthogonal array 

with two alternatives present in each choice set (011,101,110). A second orthogonal 

array with 8 sets of attribute level combinations for the two available alternatives is 

assigned to the master design. 
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Table  3.2 Attribute Availability Nesting Based on Fractional Designs  
(Louviere, Hensher & Swait 2000, p. 130) 

Set no.                A                   B                    C 
Condition 1 (011): based on the smallest fraction of the 26 
1                         A                  000                  000 
2                         A                  001                  011 
3                         A                  010                  111 
4                         A                  011                  100 
5                         A                  100                  101 
6                         A                  101                  110 
7                         A                  110                  010 
8                         A                  111                  001 
Condition 2 (101): based on the smallest fraction of the 26 
9                      000                   A                    000 
10                    001                   A                    011 
11                    010                   A                    111 
12                    011                   A                    100 
13                    100                   A                    101 
14                    101                   A                    110 
15                    110                   A                    010 
16                    111                   A                    001 
Condition 3 (110): based on the smallest fraction of the 26 
17                    000                  000                    A 
18                    001                  011                    A 
19                    010                  111                    A 
20                    011                  100                    A 
21                    100                  101                    A 
22                    101                  110                    A 
23                    110                  010                    A 
24                    111                  001                    A 

A=absence 
A different approach was taken by Lazari & Anderson (1994), who proposed a 

simultaneous availability design method nesting varying attribute levels under the 

‘present’ condition of a set of single-attribute alternatives. The absence of an alternative 

is treated as an extra attribute level. The design is an orthogonal fraction of a (𝐿 + 1)𝐽  

factorial with L representing the number of attribute levels (Table 3.3). 

Table 3.3 Availability Design with Attribute Cross Effects  
(Lazari & Anderson 1994) 

18 Choice Sets for S ix or Less Alternatives with A Two-Level Attribute 
1   2   3   4   5   6 
0   0   0   0   0   0 
1   1   2   1   1   1 
2   2   1   2   2   2 
0   2   1   0   1   1 
1   0   0   1   2   2 
2   1   2   2   0   0 
0   1   1   1   2   0 
1   2   0   2   0   1 
2   0   2   0   1   2 
0   0   2   2   2   1 
1   1   1   0   0   2 
2   2   0   1   1   0 
0   2   2   1   0   2 
1   0   1   2   1   0 
2   1   0   0   2   1 
0   1   0   2   1   2 
1   2   2   0   2   0 
2   0   1   1   0   1 
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Compared to the work of Louviere, Hensher & Swait (2000), designs produced by such 

a method are relatively smaller in size. However, the number of times that an alternative 

is present in the experiment is double the number of its absences. When such a design is 

applied for fare product choice analysis, insufficient cross-fare-class substitutions may 

occur. The choice behaviours of the three types of customers may not be effectively 

identified.  

3.5.2 Efficient Master and Sub Designs Based on Weighted 
Fisher Information Matrix 

Rose, Louviere & Bliemer (2013) proposed an innovative efficient criterion for the 

generation of availability designs. Compared to the traditional method emphasizing 

orthogonality, the efficient criterion significantly reduced the size of the design, 

allowing the availability methods to be applied to more complicated choice situations. 

In their study, a two-step method was proposed. The first step involves designing a 

‘master design’ to control the availability of each alternative in a choice set. The 

following methods were suggested by the authors for the generat ion of the ‘master 

design’:  

(1) Balanced Incomplete Block Designs (BIBDs),  

(2) orthogonal fractional factorial designs, and  

(3) efficient designs.  

With the master design set up, a sub-design can then be obtained by manipulating the 

attribute levels of each alternative in the design matrix to achieve a minimised D-error 

which is estimated on the basis of a weighted Fisher information matrix.  

For most of the DCMs (e.g. MNL, NL and cross sectional ML), the calculation of the 

Fisher information matrix includes a summation over the alternatives in each choice set. 

Inclusion of more alternatives in the design theoretically will increase the number of 
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elements in the information matrix, leading to a reduction of the average value in the 

AVC matrix (Rose, Louviere & Bliemer 2013). Without a penalty on the number of 

alternatives presented in each choice set, the best designs under the D-error criterion 

will always be ones with all the alternatives present in each choice set (Rose, Louviere 

& Bliemer 2013).  

However, in practice, high design efficiency does not necessarily lead to high response 

efficiency. Psychological factors like fatigue or learning might affect the ‘best’ number 

of alternatives presented in each choice set. For example, as fatigue builds up, in order 

to obtain reliable estimation, one might want to reduce the number of alternatives in the 

later choice sets.  

Similarly, a good design from the RM perspective is the one that is able to reveal the 

behavioural difference between a priceable and a yie ldable customer. As discussed in 

Chapter 2, yieldable customers give the best response an airline can have to the 

application of the differential pricing strategy. As yieldable customers are perfectly 

segmented, the closure of a lower fare class will cause the low-fare customers to drop 

out rather than switch to another available fare. This behaviour differentiates them from 

the priceable customers who prefer discount fares but will ‘buy-up’ to a higher fare 

class when all the low fares are gone. The presence of the low-fare customers represents 

the worst case scenario an airline can get from the application of differential pricing, 

since all the fare rules are ignored and the choice decisions are made solely based on 

price. Unless, the two types of customers can be effectively identified, the spiral-down 

effect may occur due to the application of inappropriate allocation strategies. 

The weighted Fisher Information Matrix (FIM) is derived from a concept that there 

exists an optimal combination of choice sets with the presence of different alternatives 

different sizes which is controlled by a weight 𝐽𝑠𝜏
𝑠
. 
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𝛺𝑁
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𝑗=1

𝑆
𝑠=1

𝑁
𝑛=1 ]

−1

                                                                     (3.8) 

The weight 𝐽𝑠𝜏
𝑠
 is the number of alternatives in a choice set s under the power of 

parameter 𝜏 𝑠. When 𝜏 𝑠 = 0, the optimal choice set size is the set with the presence of 

all alternatives. As the value of 𝜏 𝑠 increases, fewer alternatives will be included in a 

choice set. For example, to mimic the fatigue effect, analysts may want to start with a 

lower value for 𝜏 𝑠 in the first few choice sets and progressively increase the values in 

the later choice tasks.  

The weighted D-error can be estimated as in the fixed- compositionsize efficient design 

by the following equation. 

D − error = 𝑑𝑒𝑡(𝛺𝑁
∗ )1 𝐾⁄ .                                                                                            (3.9) 

Although theoretically sound, the true weight 𝐽𝑠𝜏
𝑠
 is hard to obtain in practice. Rose, 

Louviere & Bliemer (2013) applied 𝜏 𝑠 = 0.5𝛼𝑠 = 0.5 for all the choice sets in a 

simulation study, resulting in approximately half of the alternatives available in each 

choice set. This weight will be applied to the simulation studies in the fo llowing chapter.  

One of the biggest advantages of the above method is that the size of choice sets can be 

easily controlled by analysts through the manipulation of the weight factor assigned to 

each choice set. This is extremely useful in choice studies considering factors like 

fatigue or learning that require gradual increase or decrease of the number of 

alternatives in a sequence of choice sets. In comparison, analysts tend to have less 

control of the size of choice sets when orthogonal arrays are applied, but it will not 

cause too much trouble to this thesis, since the differentiation of yieldable and priceable 

travellers relies heavily on choice set composition variations rather than the choice set 

size changes.  
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3.5.3 Orthogonal Master and Efficient Sub Design in a Partial 
Mother-Logit Model 

In this thesis, the research on efficient availability designs was conducted 12 months 

before hearing of the work of Rose, Louviere & Bliemer (2013). As a result, a different 

approach was taken. Firstly, to allocate the ‘available’ alternatives to each choice set, a 

‘master design’ of a 2𝐽  orthogonal fractional factorial is generated. Although other 

methods, such as BIBD and efficient design can possibly be used, orthogonal arrays 

have the advantage that they are readily available at various sizes in a wide range of 

literature. 

After the main structure of the design matrix is settled, the sub-design containing 

attribute levels of each available alternative can be optimised under an efficient design 

criterion. To generate an efficient design, one needs to make a prior assumption of the 

structure of the model to be estimated. The conventional approach, as introduced in the 

previous section, is to assume a MNL model. However, the MNL model cannot 

incorporate either preference heterogeneity or heterogeneity caused by the existence of 

multiple decision rules; according to its AVC matrix, the design with the highest 

efficiency would be the one with all the alternatives presented in each choice set as it 

contains the maximum amount of information.  

One possible solution is to derive efficient criteria based on more flexible model 

structures that allow the estimation of decision rule heterogeneity. In this thesis, the 

mother logit model proposed by McFadden et al. (1977) was applied. The mother logit 

or universal logit model is a generalised logit model with utility specification depending 

not only on an alternative’s own-effects but also on the cross effects occurring due to 

the presence of other alternatives in the same choice sets. Such a structure frees the 

mother logit model from the restrictive IIA property (Train 1986, p. 21-24). Also, as the 

cross-alternative effects are generally not constrained, the mother logit model is not 
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consistent with utility maximisation (Carson et al. 1994). However, it has a greater 

chance of capturing the heterogeneity caused by the use of multiple decision rules. 

Applications of the mother logit model can be found in early marketing studies, such as 

Batsell & Polking (1985), Timmermans & Borgers (1991), Lazari & Anderson (1994), 

and Kuhfeld (2005).  

Lazari & Anderson (1994) applied a single-attribute model with cross-effects 

decomposed into two parts – the cross-availability effects and the cross-attribute effects.  

𝑉𝑖|𝑠 = 𝛼𝑖 + 𝛽1𝑖𝑋𝐿𝑖 + 𝛽2𝑖𝑋𝑄𝑖 + ⋯+∑ [(𝛾1𝑖𝑗𝑋𝐿𝑗 + 𝛾2𝑖𝑗𝑋𝑄𝑗 +⋯ )+ 𝛿𝑖𝑗𝑍𝑗]𝑗≠𝑖         (3.10) 

𝛼𝑖  is the alternative specific constant (ASC); the single attribute of alternative i is 

represented in polynomial degrees with 𝑋𝐿 𝑖 as the linear effect, 𝑋𝑄𝑖  as the quadratic 

and so on; the cross-effects of alternative 𝑗 are decomposed into the non- linear attribute 

effects estimated by the  parameters, and availability effects estimated by the  

parameters.  

Kuhfeld (2005) extended the single attribute model to multiple-attribute situations  

𝑉𝑖|𝑠 = 𝛼𝑖 + ∑ 𝛽𝑖𝑘𝑋𝑖𝑘𝑠𝑘 +∑ 𝑍𝑗𝑠(𝛿𝑖𝑗 + ∑ (𝑔𝑖𝑗𝑙 × 𝑋𝑗𝑙𝑠)𝑙 )𝑗≠𝑖                                           (3.11)  

in which 𝑋𝑖𝑘𝑠 denotes the kth attribute of alternative i in choice set s, and 𝑋𝑗𝑙𝑠 is the lth 

attribute of alternative j in choice set, s.  

With the above utility specification, choice probabilities can be expressed in a logit 

form  

𝑃𝑖|𝑠 =
𝑒𝑥𝑝(𝑉𝑖|𝑠 )

∑ 𝑒𝑥𝑝(𝑉𝑗|𝑠)𝑗∈𝑠
.                                                                                                      (3.12) 

For simplicity, a partial mother-logit model with only the availability cross-effects is 

used to generate designs in this thesis. The availability of an alternative is represented as 

a two-level attribute with -1 representing the absence of an alternative and 1 its presence.  
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𝑉𝑖|𝑠 = 𝛼𝑖 + 𝛽× 𝑃𝑟𝑖𝑐𝑒𝑖 + ∑ 𝛽𝑗 × 𝑍𝑗𝑖≠𝑗                                                                        (3.13)  

Due to its logit- like structure, the AVC matrix of the above model is calculated in a 

similar way to the MNL models (see Section 3.3). the log- likelihood function can be 

derived in the same way as the MNL model and the AVC matrix is calculated as the 

second derivative of the log- likelihood function. The D-error criterion specified in 

Equation 3.4 is used for design optimisation, assuming zero priors for all the parameters 

in the model. 

The advantage of using a mother-logit-based availability design is that the IIA property 

of the MNL model can be tested. According to McFadden et al. (1977), when IIA holds, 

the null hypothesis that all the cross-effects in a mother logit model are zero cannot be 

rejected. A second test of the likelihood-ratio can be conducted to see if the 

incorporation of the cross-effects improves the fitness of the model. The result of the 

IIA test can be used as a guideline for the construction of the final model.  

𝜒2 = 2(LLofmotherlogit − LLofMNL)                                                                 (3.14)  

In contrast to the efficient availability design proposed by Rose, Louviere & Bliemer 

(2013), no weight parameter is required by the partial mother- logit method. As the 

design is derived on the basis of a flexible model structure, theoretically it is able to 

capture various types of heterogeneity in a sampled population. 
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3.6 Conclusion 
This chapter begins with a detailed review of the state of the art experimental design 

methods, particularly efficient designs with fixed choice set compositionsize. Such 

designs are very effective in revealing attribute trade-offs by decision makers, as the 

design matrix is optimised under the minimised AVC matrix of an assumed discrete 

choice model. However, this type of design tends to become less useful when the goal 

of the study is to estimate choice shares in a market where multiple decision rules are 

applied.  

In RM studies, the behaviour of priceable and yieldable customers are undifferentiated 

when the full set of alternatives are provided. To uncover the behavioural heterogeneity 

of the two types of customers, choice set compositionsize needs to be varied, allowing 

the cross-fare-class substitution to be observed.  

Although availability designs with choice set compositionsize variations have long 

existed in SP studies, these early methods tended to over-complicate the problem. 

Eventually, only a few of them have been successfully applied in practice. Recently, 

Rose, Louviere & Bliemer (2013) proposed an efficient criterion for SP availability 

designs with varying choice set compositions. As their work was later, a different 

efficient design method was developed in this thesis. As efficient availability design is a 

relatively new topic, no successful simulation or empirical studies were previously 

available. In the next chapter, the efficiency of the two availability design methods will 

be tested in controlled conditions. The criteria used to decide the efficiency are the 

accuracy of parameter estimates in the choice models and the accuracy of the predicted 

switching rates. 
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Chapter 4 Simulation Study 
 

As discussed in the previous chapter, stated choiceSP designs are largely based on 

efficient criteria with fixed-size choice sets fixed choice set composition. Such a design 

strategy has proved to be effective in revealing attribute trade-offs made by 

compensatory decision makers, but it tends to be less effective useful when the purpose 

of the study is to identify multiple decision rules existing in a population. Typically, in 

the airline market the behaviour of priceable and yieldable customers is undifferentiated 

when the full set of alternatives are provided, as both types of customers would choose 

the cheapest available fares. To overcome this deficiency, designs with varying size of 

choice set choice set composition should be applied.  

In this chapter, two types of availability designs, namely the efficient mas ter and sub 

design (Rose et al., 2013), and the orthogonal master and efficient sub design, are 

examined. The former method varies the compositions of choice set under a weighted 

Fisher information matrix, while the latter method allocates the available alternatives 

according to an orthogonal master plan. The efficiency accuracy of the two designs is 

examined from two aspects – capability of recovering the true model structure and 

parameters (estimation accuracy), and the ability to forecast the switching rates 

following the closure of cheaper fare products (forecast accuracy).  

Simulated choice data are obtained from a synthetic population, within which the utility 

specification and the true model structure are known to the analyst. Specifically, the 

simulations are designed to test: 

 The relation between the partial mother-logit model and the mixed logit (ML) 

model in uncovering preference heterogeneity of air travellers with respect to 

varying price sensitivity, time of day to travel and flexibility of fare class; 
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 The capacity of availability designs to capture decision rule heterogeneity in a 

market comprising yieldable (choose a particular class, if closed don’t fly) and 

priceable (choose the cheapest, if closed choose the next cheapest) as well as 

compensatory (those who will trade between the attributes of fare classes) 

customers. 

Before the discussion of model estimation and demand prediction, the settings of the 

simulation studies and the designs of experiments are presented first. In Section 4.1, the 

context of the simulation studies is introduced, followed by the generation of 

availability designs in Section 4.2. In Section 4.3, for each designed experiment, 

synthetic data are obtained for the estimation of the choice models. The efficiency 

accuracy of the estimation results is assessed on the accuracy of the parameter estimates 

and the predicted switching rates are examined in Section 4.4. The chapter is concluded 

in Section 4.45.  

 

4.1 Simulations of Passenger Choice Behaviour to 
Assess Airline Market Availability Designs  

As discussed in Chapter 3, the use of efficient availability designs theoretically allows 

analysts to identify the distinct behaviour of the priceable, yieldable and compensatory 

customers. However, whether such a design strategy could produce robust prediction 

results is unknown. For this reason, the prediction efficiency of the proposed design will 

be tested under various market conditions, within which the behaviour of customers will 

be controlled systematically by the analyst. 

In Simulation 1, mixed logit (ML) models are used to mimic the cross- individual 

heterogeneity existing in a population and correlations between fare product alternatives, 

since, as discussed in Section 2.3, these two types of behaviour are widely considered to 

have significant impacts on air travellers’ decisions. Within each model, travellers’ taste 
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variations on price are imitated with a log-normally distributed parameter, while a 

nested error structure captures travellers’ preference heterogeneity on time of day to 

travel as well as flexibility with respect to fare class. When two fare products share the 

same departure time or level of flexibility, more substitution will be observed betwee n 

the two alternatives.  

The first simulation study only focus on the choice behaviour of compensatory decision 

makers. Simulation 2 discusses fare product choice in a hybrid market where there is a 

mix of yieldable, priceable and compensatory travellers. Such a setting is more realistic 

than the hybrid market proposed by Boyd & Kallesen (2004) in which only the 

behaviour of priceable and yieldable customers is considered.  

Also tested in the simulation studies is the structure of the fare product alternatives. As 

shown in Table 4.1, each alternative contains only a single attribute, price. Other 

information, such as time of the day to travel and fare class restrictions, has been loaded 

in the alternative specific constants (ASCs). The reason that price is the only attribute in 

the utility function is that to be of use to revenue management (RM), outcomes need to 

be forecast at a fine level of gradation. Often choice models are specified as being brand 

products, such as “Carrier A”, with many attributes. The products specified in this thesis 

– which is correct for RM – is carrier by fare class by time of departure. If departure 

time and fare classes were treated as attributes rather than labels, the forecast would be 

at the level of market shares for each carrier. This would not be a workable solution for 

revenue management.  

At the moment, most of the fare product choice models derived in the RM context 

consider only fare product alternatives on a single (leg) flight, ignoring possible 

competition from parallel flights and/or competing airlines in the same market. The 

alternative structure introduced in this simulation study is able to mimic the competitive 
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environment in the airline market, as parallel flights with multiple fare classes are 

incorporated.  

As shown in Table 4.1, fare products on each flight can be segmented into three fare 

classes, which are identifiable by the level of price and flexibility. The price range of 

each fare class is non-overlapping and is related to a specific level of flexibility (See 

Table 4.1). For simplicity, competition between airlines is not incorporated in the two 

simulation studies, but it is considered in the empirical study in Chapter 5. 

Table 4.1 Flight Departures, Fare Classes and Price Ranges  

 Fare Class 
Full Flex (FF) Semi-Flex (SF) Non-Flex (NF) 

Departures Morning (M) $800 to $900 $600 to $700 $400 to $500 
Night (N) $800 to $900 $600 to $700 $400 to $500 

The same pricing scheme is used to generate designs, with departure time and flexibility 

treated as alternative labels; price is the only attribute varying within the design. The 

maximum number of alternatives in the universal set is equal to the number of daily 

departures multiplied by the number of fare products on each flight. Such a fare product 

structure allows the estimation of not only the within-flight recaptures (e.g. buy-up and 

buy-down) but also substitutions between flights (e.g. cross-flight recaptures and 

diversion). The above market setting leads to the choice models and synthetic 

populations in the following sub-sections. 

4.1.1 Simulation 1: Mixed Logit Models Considering Preference 
Heterogeneity on Price, Flexibility and Time of Day to 
Travel 

As discussed in Section 2.3, travellers’ sensitivity to cost in the real airline markets 

often varies within the population. Such variation is addressed in simulation 1 using a 

randomly distributed price coefficient. With other conditions hold constant, increasing 

the price of an alternative will always reduce the satisfaction of that alternative; 

therefore, a bounded distribution is used to represent the negative impact of price on the 

choice probability of an alternative. 
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Correlations between alternatives caused by travellers’ taste variations on time of day 

and/or flexibility of fare classes are also examined in this simulation study. Table 4.2 

presents the error structures to be included in the ML models. In the first model, only 

correlations caused by time of day to travel are considered. As there are two parallel 

flights, fare products can be categorised into two nests labelled as morning and night, 

the preference for which is represented by dummy variables in the utility function. 

Similarly, the second model considers flexibility of fare classes. The last ML model 

captures preference heterogeneity on both time of the day and flexibility.  

Table 4.2 the Error Structure in the ML Models  

Error 
Structure 

Number of Error Terms/ 
Nests 

Assumed 
Distribution Description 

1 2 𝑁(0,1) Time of the Day Preference 
2 3 𝑁(0,1) Flexibility of Fare Class 
3 5 𝑁(0,1) Both Time and Flexibility 

Based on the above description, the utility function of the ML model is specified as 

follow, 

𝑈𝑖 = 𝛼𝑖 − 𝛽× 𝑃𝑟𝑖𝑐𝑒𝑖 + 𝜇𝑍𝑖 + 휀𝑖                                                                                (4.1) 

in which 𝛼𝑖 is the alternative specific constant of fare product i; 𝛽 is the log-normally 

distributed random price coefficient; 𝝁  is a vector of standard normally distributed 

random effects capturing preference heterogeneity on time of the day and fare class 

flexibility over the population, 𝝁 = (𝜇𝑚𝑜𝑟𝑛𝑖𝑛𝑔 , 𝜇𝑛𝑖𝑔ℎ𝑡 , 𝜇𝐹𝐹 , 𝜇𝑆𝐹 , 𝜇𝑁𝐹)
𝑻; 𝑍𝑖 is a vector of 

dummy variable allocating the standard normally distributed error terms to each fare 

product alternatives, and 휀𝒊 ∼ 𝐺𝑢𝑚𝑏𝑒𝑙(0,1). 

Given the above model specification, each design is also tested against parameter 

variations. In Simulation 1, two sets of parameters are applied to the model:  

𝑆𝑒𝑡𝐴 = [
𝛼𝑖 = 1.00

β~LN(−7.0188,0.4723)
],      𝑆𝑒𝑡𝐵 = [

𝛼𝑖 = 3.00
β~LN(−5.9207,0.4724)

] 
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This is a necessary step. As the utility function of the fare product choice model in this 

thesis contains only a single attribute, price, ASCs plays a significant role in capturing 

preference information that is not included in the price coefficient and error structures. 

For example, by assigning high values to the flexible fare products, individuals in the 

population will have a relatively higher preference for these fare products in average. 

This is different from the individual taste variation captured by the error components. 

For convenience, in the simulation studies, the ASCs in each model have been assigned 

an equal value, but as two sets of ASCs are applied in this simulation study, the impact 

of the standard deviation of IID EV1 error on the efficiency of the design can be tested. 

By assigning higher or lower values to the parameters in the observed utility, it will 

reduce or increase the impact of the unobserved utility, including the IID EV1 error 

terms, on the choice decision process. 

To avoid dominance in either observed utility (where the choice will be deterministic) 

or unobserved utility (where purely random choice will be observed), the assumed 

parameter values are tested under large data sets (64000 choice observations) before 

being used for simulations. The random draws taken for the price coefficient and error 

terms are obtained using the risk analysis add-in for Microsoft Excel, @ Risk. 

4.1.2 Simulation 2: Hybrid Airline Market with Decision Rule 
Heterogeneity 

In Simulation 1, the travellers’ fare product choice process is assumed to follow random 

utility maximisation (RUM) with linear additive utility. However, the behaviour of the 

yieldable and priceable customers violates the conditions of such a decision mak ing 

process. According to Boyd & Kallesen (2004), the yieldable customers in a single-

flight airline market are those who always choose a single fare class; when that fare is 

gone, the customers will give up travel. The priceable customers always choose the 

lowest available fare but when the lowest fare is gone they will ‘buy-up’ to a higher fare 
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class. The two types of customers represent the best and the worst case scenarios for the 

airline applying differential pricing (Section 2.1). In discrete choice modelling, the 

behaviour of the yieldable and priceable customers can be mimicked with non-trading 

and lexicographic decision rules.  

As discussed in earlier chapters, populations with strictly non-trading or lexicographic 

behaviours are rare in the airline markets. More RM scholars are now focusing on the 

hybrid market with a combination of different types of travellers. Coincidently, in the 

area of discrete choice modelling decision rule heterogeneity is also beginning to be 

noticed by discrete choice modellers (e.g. Hess, Rose & Polak 2010; Rose, Hess & 

Collins 2013; Hess et al. 2013). In the last simulation study, the effectiveness of 

availability designs in capturing multiple decision rules is tested.  

As more than one flight is considered during the simulation, the behaviours of the 

yieldable and priceable customers are defined differently from the concept given by 

Boyd & Kallesen (2004). In this chapter and the following one, a decision maker will be 

identified as a yieldable customer if he or she (a) a lways chooses fare products from a 

specific fare class; (b) when that fare class becomes unavailable, he or she will give up 

travel rather than switching to another available fare class; (c) when more than two fare 

products are available in the same fare class, a different decision rule (e.g. utility 

maximising) may apply to the subset of alternatives in that fare class. For illustrative 

convenience, all the yieldable customers in the simulation studies are assumed to use 

only the non-flexible fares. In the empirical study in Chapter 5, different types of 

yieldable customers are identified. 

A priceable customer, on the other hand, always chooses fare products with the lowest 

price but when that fare product is gone, he or she will upgrade to another available fare 

product with the second lowest price; when multiple fare products are offered at the 

same price, a different decision rule (e.g. utility maximising) may apply to the subset of 
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alternatives at the same price. The behaviour of the two types of custome rs is 

summarised in Table 4.3 below. The decision heuristics are used for illustrative 

convenience only. More complicated decision rules can be applied when necessary. 

Table 4.3 Decision Heuristics Applied by the Yieldable and Priceable Customers  

Type of Customer Decision Rules 

Yieldable  

Non-Utility-Maximising Heuristics: 
 Always choose the cheapest non-flex fare class; 
 When the cheapest non-flex fares are gone, do not travel; 
 When the choice options are at the same price, the one on the morning flight is 

preferred.  

Priceable 

Non-Utility-Maximising Heuristics: 
 Always choose the cheapest available fare; 
 When the cheapest fare is gone, upgrade to the next available cheapest fare; 
 When the choice options are at the same price, the one on the morning flight is 

preferred. 

The second simulation study is conducted in a hybrid market with a mix of the priceable, 

yieldable and compensatory customers. Whereas the ML models applied in Simulation 

1 are used to generate choice decisions made by compensatory decision makers, the 

behaviour of priceable and yieldable travellers in Simulation 2 follows the non-utility-

maximising heuristics presented in Table 4.3. To test the effectiveness of the designs in 

revealing the decision rule heterogeneity that has been specified in a population, 

customer mixes listed in Table 4.4 are applied.  

Table 4.4 the Customer Mix in Simulation 2  

Simulation 
Types of Customers 

Compensatory Priceable  Yieldable  

Scenario 1 2/3 1/6 1/6 
Scenario 2 1/3 1/3 1/3 

 

4.2 Generating Stated Choice Experimental Designs  
Under the above market settings, stated choice experiments are generated using design 

methods introduced in Chapter 3. The first method applied is the efficient master and 

sub design derived by Rose, Louviere & Bliemer (2013). The second method is the 

orthogonal master and efficient sub design derived from a partial mother- logit model. 

The last method is the full factorial design incorporating every possible combination of 

attribute levels given the full set of alternatives in Table 4.1. Because the number of 
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parameters to be estimated is small – alternative specific constants and the coefficient 

on price – there is no need to find a fractional design. In applications with a larger 

number of attributes, fractional designs are often derived based on orthogonal design or 

efficient design principles. The full factorial design used in the simulation studies is 

presented in Table A3.1, Appendix A3.1. 

As discussed in Chapter 2, the choice model in this thesis is derived for a choice-based 

RM system, in which demand forecasting is conducted at fare-class level. That is each 

alternative has to be designed in a way that allows not only the estimation of 

substitutions between carriers (diversion), but more importantly substitutions between 

fare classes on the same flights (buy-up and buy-down) and substitutions between the 

flights of the same carrier (recapture). To meet these requirements, the labels of the 

alternatives in the experiments are designed to include information on departure time 

and the level of flexibility for a given fare class. A single attribute, price, has been 

assigned to each alternative, with attribute levels equal to the minimum and maximum 

price that can be charged to a fare class.  

Table 4.5 the Labels and Attribute Levels of Alternatives  

Labelling Full Flex Semi Flex Non-Flex 
Morning MFF ∈ {900,800} MSF ∈ {700,600} MNF ∈ {500,400} 

Night NFF ∈ {900,800} NSF ∈ {700,600} NNF ∈ {500,400} 

 

4.2.1 Generating Efficient Master and Sub Designs based on the 
Weighted Efficiency Criterion 

To apply the weighted efficient criterion proposed by Rose, Louviere & Bliemer (2013), 

the structure of the choice model needs to be decided first. For convenience, the simple 

MNL model is applied with the prior of the price coefficient set to be zero.  

The next step is to decide the value of 𝜏 𝑠 to be used for the estimation of the weights in 

the Fisher information matrix. The weight is defined as the number of alternatives in a 

choice set under the power of parameter 𝜏 𝑠, 𝜏 𝑠 ∈ [0,1]  (see Equation 3.8). As 𝜏 𝑠 
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increases, fewer alternatives will be included in a choice set. Rose, Louviere & Bliemer 

(2013) applied an average value of 0.5 for 𝜏 𝑠, which leads to approximately half of the 

alternatives being available in each choice set. The same value is applied in this chapter 

for the generation of efficient availability designs. 

As the absence of alternatives can be considered an additional attribute level, the final 

design is a fraction of the 36 full factorial. Using the full factorial design as a ‘pool’, a 

defined number of choice sets can be randomly taken until the minimised weighted D-

error is reached.  

Using the above method, an efficient availability design with 64 choice scenarios is 

generated. The master and sub-design are displayed in Tables 4.6 and 4.7. Correlations 

between the availability of alternatives are reported at the foot of the table. The choice 

of the 64-scenario design is only for comparison convenience, as the fixed-composition 

design used in the simulation study is a full factorial design with 64 choice scenarios 

(see Section 4.2.3). In practice, to allow the test of IIA to be conducted under a partial-

mother- logit model, the minimum number of choice scenarios (S) in an availability 

design should satisfy the condition 𝐾𝑖 ≥ 𝜔 ∙ 𝑆, in which 𝐾𝑖 is the number of parameters 

to be estimated for alternative i (including cross-effects), 𝜔 is the proportion of choice 

sets with the presence of alternative i. 

4.2.2 Generating Orthogonal Master and Efficient Sub Designs 
under the Mother-Logit-Based Efficient Criterion 

According to the orthogonal master and efficient sub design method, a master design 

controlling the availability of alternatives is chosen from a 26 full factorial. Attribute 

levels are allocated to each available alternative with the D − error of the design matrix 

calculated based on the partial mother- logit model specified below. Again, for 

simplicity the price coefficient 𝛽 and the availability effects 𝛿∗ are assumed to be zero. 

The sub-design with the lowest D − error is the efficient design to be applied in the 
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simulation studies. In practice, the efficiency of the two availability designs can be 

further improved by using the Bayesian design approach and assuming a bounded 

distribution for the prior parameter of price. Detailed discussion on Bayesian efficient 

design can be found in Section 3.3. 

𝑉𝑖|𝑠 = 𝛼𝑖 + 𝛽× 𝑃𝑟𝑖𝑐𝑒𝑖 + ∑ 𝛿𝑖𝑗𝑃𝐴𝑖𝑗𝑗≠𝑖                                                                         (4.2) 

where 𝑃𝐴∗ is a dummy variable equal to one when an alternative is present in a given 

choice set s, and minus one when it is absent. The ‘present’ alternative in the subscript 

of an availability effect indicates the chosen alternative, and the ‘absent’ alternative 

refers to an alternative that is available in choice set s but is not chosen by the decision 

maker. 

The master and sub designs used in the simulation study are also presented in Tables 4.6 

and 4.7. Correlations between the availability of alternatives are also reported at the foot 

of the table. Due to the use of an orthogonal array, attribute levels of each alternative are 

balanced over the design. Although level balance is important for linear designs, it is 

not essential when generating efficient designs for stated choice studies. As shown in 

Table 4.6, the occurrences of alternatives in the design matrix in column A are not 

balanced. Whether the orthogonality and level balance in an availability design would 

affect the model estimation and accuracy of demand prediction will be examined in a 

later section. 

One common problem of applying orthogonal arrays in availability designs is that the 

size of the choice set will vary dramatically over the design. Specifically, in some 

choice sets no alternative or only one alternative will be observed. Such a choice task 

will provide minimal information during the model estimation. The use of an efficient 

master design can effectively reduce such a problem. For example, by setting 𝜏 𝑠 = 0.5 

while generating an efficient master and sub design, the size of each choice set will be 
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equal to roughly half of the universal set. Using a balanced incomplete blocked design 

(BIBD) as master designs also can regulate the size of choice sets, since the number of 

alternatives available in a choice set is fixed. In such a case, a null set or a set with a 

single alternative can be avoided. However, BIBDs are less available than orthogonal 

arrays. Such a drawback limits its application in practice.  

As the orthogonal master and efficient sub design was developed prior to hearing about 

work of Rose, Louviere & Bliemer (2013), a different solution is provided. For each 

design, a fixed alternative, the no travel option, is introduced. Such a procedure, to some 

extent, reduces the single-alternative problem. Also, for designs of a certain size, 

orthogonal arrays without the null set exist. Choosing such a design matrix can avoid 

the null-set problem. 
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Table 4.6 Master Presence -Absence Designs (64 Scenarios) and correlations between alternatives  

Column A: Efficient Master and Sub Design (alternatives J=1-3) Column B: Orthogonal Master and Efficient Sub 
Design ((alternatives J=1-6) 

scenarios MorFF MorSF NFF NSF MorNF NNF MorFF MorSF NFF NSF MorNF NNF 
1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 

0 
0 
0 
1 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
0 
0 
0 
0 
1 
1 
0 
1 
0 
0 
1 
1 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
1 
0 
0 
1 
1 
0 
1 
0 

0 
1 
1 
0 
0 
0 
1 
0 
1 
1 
0 
0 
0 
1 
1 
1 
0 
0 
0 
0 
0 
0 
0 
1 
1 
0 
0 
0 
0 
0 
1 
1 
0 
1 
0 
1 
1 
1 
1 
0 
0 
0 
0 
0 
0 
0 
1 
1 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
0 
0 
1 
0 
1 
1 

0 
1 
0 
0 
0 
1 
1 
0 
1 
0 
0 
1 
1 
0 
0 
0 
1 
0 
0 
1 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
1 
0 
0 
1 
0 
0 
0 
1 
0 
1 
1 
0 
0 
1 
0 
1 
0 
0 
1 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 
0 
0 
0 

1 
0 
1 
1 
0 
1 
0 
0 
0 
0 
1 
0 
0 
0 
1 
0 
0 
0 
0 
1 
0 
1 
1 
0 
0 
0 
1 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
0 
1 
0 
1 
0 
1 
1 
1 
1 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
0 
1 
0 
0 
0 
1 
1 
0 

0 
0 
1 
0 
0 
0 
0 
1 
0 
0 
0 
1 
0 
0 
0 
1 
0 
1 
0 
0 
1 
0 
1 
0 
0 
0 
0 
0 
1 
0 
1 
0 
0 
1 
1 
0 
0 
1 
0 
1 
1 
0 
1 
0 
0 
1 
0 
0 
1 
0 
0 
1 
1 
1 
0 
0 
0 
0 
1 
1 
0 
1 
0 
0 

1 
0 
0 
0 
1 
1 
1 
0 
0 
1 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
1 
0 
0 
1 
0 
1 
0 
0 
0 
0 
0 
0 
0 
0 
1 
0 
0 
0 
0 
0 
1 
1 
0 
1 
1 
0 
0 
0 
0 
1 
1 
1 
1 
0 
1 
0 
0 
0 
0 
0 
1 
0 
0 
1 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

1 
0 
0 
0 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
1 
0 
1 
1 
0 
1 
1 
1 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 
0 
1 
0 
0 

1 
1 
0 
0 
0 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
1 
0 
1 
0 
0 
1 
1 
1 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 
0 
1 
0 

1 
1 
1 
0 
0 
0 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 
0 
1 

1 
0 
1 
1 
0 
0 
0 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
1 
0 
1 
0 
0 
1 
1 
1 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 
0 

1 
1 
0 
1 
1 
0 
0 
0 
1 
0 
0 
1 
0 
0 
0 
0 
1 
1 
1 
0 
1 
0 
1 
0 
0 
0 
1 
1 
1 
1 
0 
1 
0 
0 
1 
0 
0 
1 
1 
1 
0 
1 
1 
0 
1 
1 
1 
1 
0 
0 
0 
1 
0 
1 
0 
1 
1 
1 
0 
0 
0 
0 
1 
0 

Correlations MorFF MorSF NFF NSF MorNF NNF MorFF MorSF NFF NSF MorNF NNF 
MorFF 1 -0.02 0.04 -0.29 -0.20 -0.19 1 0 0 0 0 0 
MorSF -0.02 1 -0.23 -0.05 -0.29 -0.14 0 1 0 0 0 0 
NFF 0.04 -0.23 1 -0.25 -0.16 -0.08 0 0 1 0 0 0 
NSF -0.29 -0.05 -0.25 1 -0.18 -0.09 0 0 0 1 0 0 

MorNF -0.20 -0.29 -0.16 -0.18 1 -0.20 0 0 0 0 1 0 
NNF -0.19 -0.14 -0.08 -0.09 -0.20 1 0 0 0 0 0 1 

Appearance 11 14 13 13 12 13 16 16 16 16 16 16 
Note: FF=Fully Flexible (with high fare), SF=Semi-Flexible (with intermediate fare), NF=Non-Flexible (with low fare) 
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Table 4.7 Sub Design Showing Fares (64 scenarios) 

Column A: Weighted FIM Design (J=1-3) Column B: Mother-Logit Design (J=0-6) 
scenarios MorFF MorSF NFF NSF MorNF NNF MorFF MorSF NFF NSF MorNF NNF 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 

0 
0 
0 

800 
800 

0 
0 
0 

800 
800 
900 
800 

0 
800 

0 
0 
0 
0 

800 
900 

0 
900 

0 
0 

900 
900 

0 
800 

0 
900 

0 
900 
800 
900 

0 
0 
0 
0 

800 
0 
0 
0 
0 
0 
0 
0 
0 

900 
900 

0 
800 
900 
800 
800 

0 
0 

900 
0 
0 

900 
900 

0 
900 

0 

0 
600 
600 

0 
0 
0 

700 
0 

600 
700 

0 
0 
0 

700 
600 
700 

0 
0 
0 
0 
0 
0 
0 

600 
700 

0 
0 
0 
0 
0 

700 
700 

0 
600 

0 
700 
700 
600 
700 

0 
0 
0 
0 
0 
0 
0 

700 
600 

0 
700 

0 
0 
0 
0 

600 
600 
600 

0 
0 
0 

600 
0 

600 
600 

0 
900 

0 
0 
0 

900 
900 

0 
900 

0 
0 

800 
800 

0 
0 
0 

900 
0 
0 

800 
800 

0 
0 
0 
0 

900 
900 
800 

0 
800 

0 
800 
900 

0 
0 

800 
0 
0 
0 

800 
0 

800 
900 

0 
0 

800 
0 

900 
0 
0 

900 
0 
0 
0 
0 
0 
0 

900 
800 
900 
800 

0 
0 
0 

600 
0 

700 
700 

0 
600 

0 
0 
0 
0 

700 
0 
0 
0 

700 
0 
0 
0 
0 

700 
0 

600 
600 

0 
0 
0 

700 
0 
0 
0 
0 
0 
0 
0 
0 
0 

700 
0 

700 
0 

600 
0 

700 
700 
600 
600 
600 

0 
0 

600 
0 
0 
0 
0 

700 
700 

0 
600 

0 
0 
0 

700 
700 

0 

0 
0 

500 
0 
0 
0 
0 

500 
0 
0 
0 

500 
0 
0 
0 

500 
0 

400 
0 
0 

500 
0 

500 
0 
0 
0 
0 
0 

400 
0 

400 
0 
0 

400 
500 

0 
0 

400 
0 

400 
500 

0 
400 

0 
0 

500 
0 
0 

400 
0 
0 

400 
500 
500 

0 
0 
0 
0 

500 
400 

0 
400 

0 
0 

500 
0 
0 
0 

400 
400 
400 

0 
0 

400 
0 
0 

400 
0 

500 
0 

400 
500 
500 

0 
500 

0 
0 

400 
0 

400 
0 
0 
0 
0 
0 
0 
0 
0 

400 
0 
0 
0 
0 
0 

500 
500 

0 
400 
400 

0 
0 
0 
0 

400 
400 
500 
500 

0 
400 

0 
0 
0 
0 
0 

500 
0 
0 

500 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

900 
900 
900 
900 
900 
900 
800 
900 
900 
900 
800 
800 
800 
800 
900 
900 
900 
800 
800 
800 
800 
900 
900 
800 
900 
800 
800 
800 
800 
800 
800 
900 

600 
0 
0 
0 

700 
0 
0 

600 
0 
0 
0 
0 

700 
600 
700 

0 
700 

0 
600 

0 
0 
0 

700 
600 
700 
700 

0 
600 
700 

0 
600 
600 

0 
600 
600 
600 

0 
600 
700 

0 
700 
600 
700 
700 

0 
0 
0 

600 
0 

600 
0 

700 
700 
600 

0 
0 
0 
0 

700 
0 
0 

700 
0 
0 

900 
800 

0 
0 
0 

800 
0 
0 

800 
0 
0 
0 
0 

900 
900 
900 

0 
900 

0 
800 

0 
0 
0 

900 
800 
900 
800 

0 
800 
900 

0 
800 

0 
0 

800 
800 
800 

0 
800 
900 

0 
900 
800 
800 
900 

0 
0 
0 

800 
0 

900 
0 

900 
900 
800 

0 
0 
0 
0 

900 
0 
0 

900 
0 

600 
600 
600 

0 
0 
0 

600 
0 
0 

700 
0 
0 
0 
0 

600 
700 
700 

0 
700 

0 
600 

0 
0 
0 

700 
600 
700 
700 

0 
700 
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0 
0 
0 
0 
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600 
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0 
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0 
0 
0 

700 
0 
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0 
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0 
0 
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0 
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0 
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0 
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0 
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0 
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0 
0 
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0 
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0 
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500 
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0 
0 
0 

500 
0 
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0 
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0 
0 
0 
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0 
0 
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0 
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0 
0 
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0 
0 
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0 
0 
0 
0 
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0 
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0 
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0 
0 
0 
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0 
500 

0 
0 
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0 
0 
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0 
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0 
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0 
0 
0 

500 
0 

400 
0 
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500 
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0 
0 
0 
0 

400 
0 

Weighted D-error=0.1673 D-error=0.1506 
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4.3 Generating Synthetic Samples for Demand 
Simulation 

In real life, it is impractical to ask a respondent to fill out all 64 choice scenarios in a 

design. A common solution to this problem is to block the design into subsets. In 

Simulation 1, purely random blocking is used. As shown in Table 4.6, two different 

blocking methods have been applied allowing a test of blocking effect on each design. 

In the second simulation study, each design is still blocked into 8 or 2 subsets. That is 8 

and 32 choice sets per individual, respectively. However, to allow the ident ification of 

the yieldable and priceable travellers, each block in the design should contain at least 

one choice set composition without the presence of the NF fares. The implementation of 

such a method is straightforward. First, a choice set excluding the NF fares should be 

randomly draw from a smaller pool and then the remaining choice sets can be randomly 

assigned to each block in the same way as in Simulation 1.  

As sampling strategies are not the focus of the chapter, it is assumed that unbiased 

samples can be taken from each synthetic population. The choice decisions are 

generated under the models specified in Section 4.1. The random draws taken for the 

price coefficient and error terms are obtained using the risk analysis add- in for 

Microsoft Excel, @ Risk.  

@risk is able to generate random numbers using Monte Carlo methods for a defined 

distribution. When random draws are taken from the distribution and input into the 

choice model, it mimics the random sampling used in practice. In simulation 1, each 

data set contains 200 and 600 replications of a design, resulting in 12,800 or 38,400 

choice observations, which exceed the 10,000 threshold suggested by Williams and 

Ortuzar (1982). In Simulation 2, each customer mix contains 600 replications of a 

design. That is 38,400 choice observations in total. Even with only 200 replications of 

the designs, this results in 12,800 choice observations which are sufficient to provide 
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accurate estimation for the assumed models. The number of choice observations 

generated under each design in Simulation 1 and 2 are reported in Table 4.8.  

Table 4.8 Replications of Design and the Number of Choice Set per Individual (Simulation 1)  

 Replication of the Design 
Choice Set per 

Individual 200 600 

8 
1600 individuals/ 

12800 choice observations 
4800 individuals/ 

38400 choice observations 

32 400 individuals 
12800 choice observation 

1200 individuals/ 
38400 choice observations 

As customers’ switching behaviour is one of the major interests in revenue management, 

the performance of the designs in the simulation studies is assessed on the basis of the 

accuracy with which the estimating model recovers the pre-set price parameters 

(estimation accuracy) and switching rates (prediction accuracy).  

As discussed in Section 2.5, the result of a SP choice model cannot be directly used for 

demand prediction, as its alternative specific constants (ASCs) do not reflect the true 

market shares. In the simulation studies, it is convenient to assume that the true market 

shares under the full set of alternatives are known to the analyst. The ASCs of each 

estimated model can then be adjusted to the same set of shares, making the switching 

rates obtained from different models directly comparable. The full set of fare 

alternatives available in the ‘true’ market are summarised in Table 4.9 below. In real life, 

the true shares are often unknown to the analysts; the SP parameters are generally 

calibrated to RP models, which are believed to be able to reproduce the true shares. 

Detailed discussion on RP-SP model calibration can be found in Chapter 2. 

Table 4.9 Price of Fare Products Available  in the Hypothetical Market  

Full set Full Flex Semi-Flex Non-Flex 
Morning $900 $700 $500 

Night $800 $600 $400 

To calculate the switching rates, a method proposed by Anderson (1998) is used. Firstly, 

the choice probability 𝑃𝑖𝑛 of each alternative is calculated. Then, the choice probability 

𝑃𝑗𝑛_𝑖 is estimated under the reduced choice set with the exclusion of alternative i. The 
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switching rate is the ratio of the difference between 𝑃𝑗𝑛_𝑖  and 𝑃𝑗𝑛  and the choice 

probability of alternative i in the original choice set. 

𝛼𝑖𝑗 =
𝑃𝑗𝑛_𝑖−𝑃𝑗𝑛

𝑃𝑖𝑛
                                                                                                             (4.3) 

4.4 Model Estimation and Fare Product Demand 
Prediction 

4.4.1 Simulation 1: Mixed Logit Model Considering Preference 
Heterogeneity on Price, Flexibility and Time of Day to 
Travel 

In simulation 1, data sets are generated based on the mixed logit model in Section 4.1.1. 

The log-normally distributed price coefficient imitates the preference heterogeneity in a 

population. The three types of error structure mimic travellers’ taste variations on time 

of day (the preference of a traveller for a morning (M) or a night (N) departure), 

flexibility (the preference of a traveller for a non-flex (NF), semi-flex (SF) and full- flex 

(FF) fare classes), and a combination of the preference heterogeneity on time of day 

and flexibility of fare classes. In the last case, the nests are no longer non-overlapping. 

Parameters in the three types of models are summarised in Table 4.10 below. 

Table 4.10 Parameters in the Mixed Logit Models 
Parameter Set A  

Alternative Specific Constants 
𝛼𝑀𝐹𝐹 = 1.00 𝛼𝑀𝑆𝐹 = 1.00 𝛼𝑀𝑁𝐹 = 1.00 
𝛼𝑁𝐹𝐹 = 1.00 𝛼𝑁𝑆𝐹 = 1.00 𝛼𝑁𝑁𝐹 = 1.00 

Random Parameter (Price) 
𝛽~ − LN(−7.0188,0.4723) 

Error Components  
Time of Day Preference: 𝑒𝑚𝑜𝑟𝑛 , 𝑒𝑛𝑖𝑔ℎ𝑡~𝑁(0,1) 

Fare Class Preference: 𝑒𝑁𝐹 , 𝑒𝑆𝐹 , 𝑒𝐹𝐹~𝑁(0,1) 
Time of Day and Fare Class Preference: 𝑒𝑚𝑜𝑟𝑛 , 𝑒𝑛𝑖𝑔ℎ𝑡 , 𝑒𝑁𝐹 , 𝑒𝑆𝐹 ,𝑒𝐹𝐹~𝑁(0,1) 

Parameter Set B  
Alternative Specific Constants 

𝛼𝑀𝐹𝐹 = 3.00 𝛼𝑀𝑆𝐹 = 3.00 𝛼𝑀𝑁𝐹 = 3.00 
𝛼𝑁𝐹𝐹 = 3.00 𝛼𝑁𝑆𝐹 = 3.00 𝛼𝑁𝑁𝐹 = 3.00 

Random Parameter (Price) 
𝛽~LN(−5.9207,0.4724) 

Error Components  
𝑒𝑚𝑜𝑟𝑛 , 𝑒𝑛𝑖𝑔ℎ𝑡~𝑁(0,1) for ‘Time of Day Preference’ Model 
𝑒𝑁𝐹 , 𝑒𝑆𝐹 , 𝑒𝐹𝐹~𝑁(0,1) for ‘Fare Class Preference’ Model 

𝑒𝑚𝑜𝑟𝑛 , 𝑒𝑛𝑖𝑔ℎ𝑡 , 𝑒𝑁𝐹 ,𝑒𝑆𝐹 , 𝑒𝐹𝐹~𝑁(0,1) for ‘Time of Day and Fare Class Preference’ Model 
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Preliminary Estimation  

With the choice set composition varying in an availability design, the presence and 

absence of each alternative change over choice sets. Such information can be used for 

the mother- logit-based IIA test proposed by McFadden, Tye & Train (1977) – when IIA 

holds, the null hypothesis that all cross-effects are zero cannot be rejected; a second test 

of log-likelihood ratio is used to see if the incorporation of cross-effects in a MNL 

model improves the model fitness. Batsell and Polking (1985), Raghovarao and Wiley 

(1986), Anderson and Wiley (1992) and Lazari and Anderson (1994) also looked at 

mother- logit- like models, and discovered that the cross-effects in the model are able to 

capture substitution patterns between alternatives.  

As the proposed design is derived on the partial mother- logit model in Equation 4.2, the 

IIA test is conducted prior to the final estimation in the hope of capturing the random 

taste variations in the population. For comparison purpose, the partial mother-logit 

model is also estimated with data obtained from the efficient master and sub design, 

since the choice set compositions in this design are also varied. Under the full factorial 

design, the mother- logit-based IIA test cannot be performed, as the presence of 

alternatives is fixed throughout the experiment.  

Before the IIA test can be conducted under the ML models, the validity of the two 

availability designs are examined under a simple MNL model to rule out any estimation 

error that is likely to be introduced by the non-orthogonality or the size of the design. 

As the true model is known to follow the IIA rule, any violation will be caused by the 

design itself rather than the model. The test result presented in Table A3.2, Appendix 3 

shows that even if the design is non-orthogonal (as in the efficient master and sub 

design in Simulation 1) it will not affect the model estimation process. 

Table 4.11 presents the IIA test result for a ‘time of day preference’ model, in which 

travellers’ preferences for the morning and night flights are independent normally 
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distributed. Similar to the NL model, such an error structure can also lead to closer 

substitution between fare products departing at the same time. This substitution pattern 

has been successfully captured by the cross-effect matrix in the partial mother-logit 

model – as shown in the table, all the negatively significant cross-effects are between 

fare products on the same flight (highlighted in grey), and positively significant cross-

effects between alternatives on different flights. The cross-effects highlighted in red are 

those significant at 5% and 1% level. 
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Table 4.11 the IIA Test for the ‘Time of Day Preference’ Model  

64-Scenario Efficient Master and Sub Design 64-Scenario Orthogonal Master and Efficient Sub Design 
 Coefficient T-Test  Coefficient T-Test 

MFF 0.97*** 7.44 MFF 0.92*** 8.68 
MSF 0.94*** 9.54 MSF 0.96*** 11.58 
MNF 0.95*** 16.29 MNF 0.95*** 16.29 
NFF 1.00*** 7.80 NFF 0.93*** 8.80 
NSF 1.01*** 9.35 NSF 0.94*** 11.45 
NNF 0.94*** 11.94 NNF 0.94*** 15.97 
Price -0.001*** -6.86 Price -0.001*** -7.51 
𝜒2(30) 1353.26 (43.7) 𝜒2(30) 1587.42 (43.7) 
Cross-
Effects With the Presence of Cross-

Effects With the Presence of 

Choice of MFF MSF MNF NFF NSF NNF Choice of MFF MSF MNF NFF NSF NNF 
MFF -- -0.01 -0.07*** 0.06*** 0.01 0.05** MFF -- -0.01 0.06*** 0.01 -0.07*** 0.05** 
MSF -0.04** -- -0.06*** 0.03 0.03 0.04* MSF -0.04** -- 0.03 0.03 -0.06*** 0.04* 
MNF -0.03 -0.03* -- 0.03* 0.05** 0.04* MNF -0.03 -0.03* -- 0.05** -- 0.04* 
NFF 0.02 0.04* 0.06*** -- -0.05** -0.06*** NFF 0.02 0.04* -- -- 0.06*** -0.06*** 
NSF 0.01 0.05*** 0.03 -0.01 -- -0.06*** NSF 0.01 0.05*** -0.01  -- -0.06*** 
NNF 0.02 0.07*** 0.05*** -0.04* -0.05** -- NNF 0.02 0.07*** -0.04* -0.04** 0.05*** -- 

Note:***, **, * significant at 1%, 5% and 10% level. 

True model setting: ML with 𝛼𝑖 = 1.00 and 𝛽~ − 𝐿𝑁(−7.0188 ,0.4723) 
Design: 600 replication; 8 choice sets per individual. 
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Similarly, when the true model is the ‘fare class preference’ model, both availability 

designs are able to recover the within fare class substitution – negatively significant 

cross-effects are detected between fare products within the same fare class (highlighted 

in grey), and positively significant cross-effects are observed between alternatives in 

different fare classes (see Table 4.12). 

When the true models are the ‘time of the day and fare class pre ference’ model, 

travellers’ tastes on both fare classes and time of day to travel are randomly distributed 

over the population. As shown in Table 4.13, the number of negatively significant 

cross-effects drops dramatically. This is because none of the alternatives in the model 

can be classified into exactly the same ‘nest’ as in the other two ML models with non-

overlapping ‘nests’. As a result, dissimilarities between alternatives cancel out some of 

the substitution effects caused by a single common nest. In addition, as the alternatives 

with no common ‘nests’ are more dissimilar from each other, the cross-effects between 

these alternatives are all positively significant (see the circled effects in Table 4.13). 

The results of the IIA test show that the cross-effect matrix in a partial mother-logit 

model is able to capture travellers’ perceptions of similarity and dissimilarity of 

alternatives; such a finding is useful in discrete choice modelling, as a preliminary 

estimation of the partial mother- logit model can be used as a guideline for the 

construction of error component models. 
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Table 4.12 the IIA Test for the ‘Fare Class Preference’ Model  

64-Scenario Efficient Master and Sub Design 64-Scenario Orthogonal Master and Efficient Sub Design 
 Coefficient T-Test  Coefficient T-Test 

MFF 0.91*** 7.07 MFF 0.95*** 8.95 
NFF 0.94*** 7.35 NFF 0.93*** 8.82 
MSF 0.96*** 9.77 MSF 0.95*** 11.52 
NSF 0.96*** 8.96 NSF 0.92*** 11.31 
MNF 0.96*** 12.19 MNF 0.95*** 16.23 
NNF 0.89*** 11.64 NNF 0.93*** 15.86 
Price -0.001*** -5.70 Price -0.001*** -6.96 
𝜒2(30)  𝜒2(30)  
Cross-
Effects With the Presence of Cross-

Effects With the Presence of 

Choice of MFF NFF MSF NSF MNF NNF Choice of MFF MSF NFF NSF MNF NNF 
MFF -- -0.06** 0.05* 0.04 0.05* 0.04 MFF -- -0.07*** 0.05** 0.04* 0.05*** 0.04* 
NFF -0.05** -- 0.05* 0.05* 0.02 0.03 NFF -0.03 -- 0.03* 0.05** 0.03* 0.05** 
MSF 0.05* 0.04 -- -0.06** 0.08** 0.07*** MSF 0.02 0.01 -- -0.05*** 0.03 0.05** 
NSF 0.03 0.02 -0.03 -- 0.08** 0.04 NSF 0.01 0.01 -0.06*** -- 0.04* 0.04** 
MNF 0.03 0.04* 0.06* 0.05* -- -0.05* MNF 0.01 0.03* 0.03* 0.04* -- -0.06*** 
NNF 0.01 0.02 0.06** -0.0001 -0.06** -- NNF 0.02 0.02 0.04** 0.05*** -0.04** -- 

Note:***, **, * significant at 1%, 5% and 10% level. 

True model setting: ML with 𝛼𝑖 = 1.00 and 𝛽~ − 𝐿𝑁(−7.0188 ,0.4723) 
Design: 600 replication; 8 choice sets per individual. 
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Table 4.13 the IIA Test for the ‘Time of the Day and Fare Class Preference’ Model  

64-Scenario Efficient Master and Sub Design 64-Scenario Orthogonal Master and Efficient Sub Design 
 Coefficient T-Test MFF Coefficient T-Test 

MFF 1.02*** 7.84 MSF 0.88*** 8.30 
MSF 1.00*** 10.11 NFF 0.87*** 10.56 
NFF 0.95*** 7.45 NSF 0.89*** 8.41 
NSF 1.01*** 9.35 MNF 0.87*** 10.59 
MNF 0.93*** 11.76 NNF 0.88*** 15.05 
NNF 0.99*** 12.93 Price 0.87*** 14.68 
Price -0.001*** -6.24  -0.001*** 8.30 
𝜒2(30) 1370.5 (43.7) 𝜒2(30) 1351.84 (43.7) 
Cross-
Effects With the Presence of Cross-

Effects With the Presence of 

Choice of MFF MSF NFF NSF MNF NNF Choice of MFF MSF NFF NSF MNF NNF 
MFF -- -0.02 0.0002 0.11*** -0.03 0.08*** MFF -- 0.01 -0.01 0.05** 0.001 0.09*** 
MSF -0.003 -- 0.06** 0.02 0.01 0.08*** MSF 0.02 -- 0.07*** -0.04** -0.001 0.07*** 
NFF -0.02 0.05* -- -0.01 0.05* -0.04 NFF -0.005 0.04* -- -0.01 0.08*** 0.002 
NSF 0.09*** -0.01 -0.001 -- 0.06** 0.02 NSF 0.06*** 0.01 0.02 -- 0.07*** 0.06 
MNF 0.000 -0.007 0.06** 0.06** -- 0.01 MNF 0.001 -0.02 0.07*** 0.05** -- -0.004 
NNF 0.04* 0.08*** 0.03 0.04 0. 02 -- NNF 0.06*** 0.07*** 0.02 0.01 -0.002 -- 

Note:***, **, * significant at 1%, 5% and 10% level. 

The cross effects in the red circle are significant at 1% level and are between alternatives sharing no common nests.  
True model setting: ML with 𝛼𝑖 = 1.00 and 𝛽~ − 𝐿𝑁(−7.0188 ,0.4723) 
Design: 600 replication; 8 choice sets per individual. 
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The estimation results of the partial-mother- logit model for all the data sets are 

summarised in Table 4.14. As shown in the table, the number of significant cross-

effects increases as the replications of design growths, since more information can be 

obtained from one data set. However, such improvement is diminishing as the sample 

size becomes extremely large (Figure 1). Blocking of a design slightly affects the 

significance of cross effects when lower replications are used. As the design replication 

increases, such impact seems to decrease gradually. Compared to the orthogonal master 

and efficient sub design, slightly fewer significant cross effects are observed under the 

efficient master and sub design. This is not a surprising result since the average choice 

set size in the latter design is lower, and less information can be obtained from each 

choice set.  

Table 4.14 Counts of Significant Cross-effect in the Mother-Logit-Based IIA Test 

Choice Sets per 
Individual 

Design 
Replication 

Efficient Master and Sub Design Orthogonal Master and Efficient 
Sub Design 

No. of Significant Cross-Effect*  No. of Significant Cross-Effect*  
‘Time of the Day Preference’ Model (Parameter Set A) 

8 
200 2 6 
600 18 20 

32 
200 8 3 
600 20 20 

‘Time of the Day Preference’ Model (Parameter Set B) 

8 200 2 8 
600 12 17 

32 200 4 6 
600 13 17 

‘Fare Class Preference’ Model under (Parameter Set A) 

8 200 1 8 
600 17 21 

32 200 2 4 
600 12 19 

‘Fare Class Preference’ Model (Parameter Set B) 

8 
200 5 8 
600 11 13 

32 
200 6 9 
600 11 13 

‘Time of the Day and Fare Class Preference’ Model (Parameter Set A) 

8 200 7 9 
600 12 13 

32 200 5 10 
600 10 12 

‘Time of the Day and Fare Class Preference’ Model (Parameter Set B) 

8 200 6 8 
600 9 12 

32 200 5 12 
600 10 12 

* The number includes cross-effect significant at 1%, 5% and 10% level. 
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Figure 4.1 Design Replications and Cross-Effect Counts 

 

Model Estimation 

Based on the pattern of the significant cross-effects in the partial-mother-logit model, 

ML models with random price coefficient and nested error structures are constructed. 

The error components in each model are summarised in Table 4.15 below.  

Table 4.15 the Error Structure in the ML Models  

Models Alternative Morning 
(M) 

Night 
(N) 

Non-Flex 
(NF) 

Semi-Flex 
(SF) 

Full-Flex 
(FF) 

Time of the 
Day 

Preference 

MFF *     
MSF *     
NFF  *    
NSF  *    
MNF *     
NNF  *    

Fare Class 
Preference 

MFF     * 
MSF    *  
NFF     * 
NSF    *  
MNF   *   
NNF   *   

Time of the 
Day and Fare 

Class 
Preference 

MFF *    * 
MSF *   *  
NFF  *   * 
NSF  *  *  
MNF *  *   
NNF  * *   

As no specific information has been obtained on the random price parameter in the 

preliminary estimation, it is estimated on two different distribution assumptions – the 

normal distribution, which is the most widely applied distribution in discrete choice 

studies, and the log-normal distribution, which is used by the true model setting. The 

final estimation is conducted for each data set derived on the model structure and 

sample size specified in Sections 4.1 and 4.3. Table 4.16 presents the number of 
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parameters significant in the t-test against the true value. Also presented in the table is 

the level of significance. Parameters significant at different levels are separated by ‘/’.  

In comparison, the results generated under the orthogonal master and efficient sub 

design and the fixed-composition design are more robust – the parameter estimates are 

largely consistent with the true model setting with only a few mildly significant 

parameters observed under the “time of day and fare class preference’ model. The 

results for the efficient master and sub design are less accurate. As shown in the table, 

several parameters are observed to be highly significant under different model structures.  

This is probably due to the fact that fewer alternatives are generated in each choice set 

with the use of weighted factor 0.5. As a result, less information can be obtained for the 

estimation of choice model.  

Table 4.16 Counts of Significant Parameters i n the Model Estimation  

Choice Sets 
per 

Individual 

Design 
Replication 

Efficient Master and 
Sub Design 

Orthogonal Master 
and Efficient Sub 

Design 

Fixed-Composition 
Design 

No. of Significant 
Parameter  

No. of Significant 
Parameter  

No. of Significant 
Parameter 

  𝛽~𝑁(𝜇,𝜎) 𝛽~𝐿𝑁(𝜇,𝜎) 𝛽~𝑁(𝜇,𝜎) 𝛽~𝐿𝑁(𝜇,𝜎) 𝛽~𝑁(𝜇,𝜎) 𝛽~𝐿𝑁(𝜇,𝜎) 
‘Time of the Day Preference’ Model (Parameter Set A) 

8 
200 1* 0 0 0 0 0 
600 0 0 0 0 0 0 

32 
200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

‘Time of the Day Preference’ Model (Parameter Set B) 

8 200 0 2*/1*** 0 0 0 0 
600 0 0 0 0 0 0 

32 200 2*** 2*** 0 0 0 0 
600 0 0 0 0 0 0 

‘Fare Class Preference’ Model under(Parameter Set A)  

8 200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

32 200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

‘Fare Class Preference’ Model (Parameter Set B) 

8 
200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

32 
200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

‘Time of the Day and Fare Class Preference’ Model (Parameter Set A) 

8 200 0 0 0 1* 0 1* 
600 0 0 0 0 0 0 

32 200 0 0 0 0 0 0 
600 0 0 0 0 0 0 

‘Time of the Day and Fare Class Preference’ Model (Parameter Set B) 

8 200 0 1** 0 1* 0 1* 
600 0 0 0 0 0 0 

32 200 1*** 2**/1* 0 0 0 0 
600 0 0 0 0 0 0 

*  Parameter significant at 10% level;** Parameter significant at 5% level;*** Parameter significant at 1% level. 
/ indicates there are parameters significant at different levels 
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Tables 4.17 (a) and (b) presents detailed estimation results based on data obtained under 

200 replications of the 8-block designs (8 choice sets per individual), and they will be 

used for fare product demand forecasting later in this section and the section following.  

In this thesis, the goodness-of-fit of a model is measured by ρ02 with the equal share 

model being the base model. As discussed earlier in this chapter, due to the structure of 

the fare product choice model, large information has been loaded in the ASCs. With 

price being the only attribute in the observed utility, it can, sometimes, be hard to show 

the improvement of fit of such a model against the ASC-model. On the other hand, 

when more attributes are loaded in the observed utility, the information contains in the 

ASCs will become considerably lower. In this case, one should always use the ASC-

model as the base model.  

Although the maximum log- likelihood of the estimated models varies dramatically from 

design to design, this is, in fact, due to the variations of choice set composition. As the 

log- likelihood function the availability of an alternative in a choice set changes, the 

value of this estimator  

As shown in Tables 4.17 (a) and (b), the same level of fitness has been achieved by the 

models obtained under all three designs, and each of the models is able to reveal 

travellers’ choice behaviour effectively. The assumption of normally distrib uted price 

coefficient in the population does not seem to have significant impact on the model 

estimation, but as it is not a bounded distribution, the price coefficients for some 

individuals may have incorrect signs, causing problems in the estimation of marginal 

WTP (see Section 2.3.1). To address this problem, Sillano and Ortuzar (2005) suggested 

that the proportion and significance of incorrect-signed price coefficients should be 

checked when normal distribution is in use. In the models specified in Table 4.17 (a), no 

false positive price coefficients are detected.  
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In comparison, the estimation results based on the orthogonal master and efficient sub 

designs are slightly more accurate – besides a few mildly significant parameter 

estimates in the ‘Time of the Day and Fare Class Preference’ Model, all the other 

parameters in the models are consistent with the true model setting.  

Table 4.17(a) Model Estimation based on the Assumption of Normally Distributed Price Coefficient  

 Efficient Master and 
Sub Design 

Orthogonal Master and 
Efficient Sub Design 

Fixed-Composition Full 
Factorial Design 

 Coefficient T-Test Coefficient T-Test Coefficient T-Test 
‘Time of Day Preference’ Model 

MFF 3.11 0.50 3.25 1.25 3.05 0.84 
MSF 3.06 0.34 3.13 0.82 3.07 0.47 
NFF 3.07 0.32 3.19 0.93 3.06 0.40 
NSF 3.10 0.58 3.16 1.07 3.08 0.53 
MNF 3.05 0.40 3.11 0.96 3.01 0.09 
NNF 3.07 0.59 3.11 0.94 3.04 0.36 

Price (mean) -0.003 0.42 -0.003 0.70 -0.003 0.45 
Price (Std. Dev.) 0.0015 0.14 0.0014 -0.93 0.0015 0.27 
𝑒𝑚𝑜𝑟𝑛 (Std. Dev.) 0.96 -0.78 1.04 0.68 0.97 -0.53 
𝑒𝑛𝑖𝑔ℎ𝑡

 (Std. Dev.) 1.00 0.04 1.03 0.52 0.95 -0.86 
Observations 12800 12800 12800 

LL -13248.61 -14788.34 -22341.62 
𝜌0
2 0.14 0.13 0.10 

‘Fare Class Preference’ Model 
MFF 3.31 1.36 3.20 0.95 3.11 0.55 
MSF 3.24 1.37 3.16 1.00 3.08 0.50 
NFF 3.34 1.48 3.23 1.15 3.11 0.55 
NSF 3.25 1.39 3.18 1.12 3.11 0.68 
MNF 3.21 1.64 3.10 0.89 3.11 0.92 
NNF 3.19 1.42 3.12 1.07 3.12 1.00 

Price (mean) -0.003 0.78 -0.003 0.54 -0.003 0.57 
Price (Std. Dev.) 0.0017* 2.72 0.0016 1.15 0.0017 0.26 
𝑒𝐹𝐹 (Std. Dev.) 0.80*** -2.50 0.91 -1.29 1.01 0.16 
𝑒𝑆𝐹 (Std. Dev.) 1.09* 1.67 1.07 1.33 1.05 0.94 
𝑒𝑁𝐹

 (Std. Dev.) 0.97 -0.63 1.02 0.33 0.98 -0.44 
Observations 12800 12800 12800 

LL -13230.65 -14831.10 -22307.29 
𝜌0
2 0.14 0.13 0.10 

‘Time of Day and Fare Class Preference’ Model 
MFF 3.07 0.29 3.07 0.30 3.25 1.12 
MSF 3.10 0.51 3.06 0.35 3.13 0.76 
NFF 3.09 0.35 3.00 0.01 3.21 0.94 
NSF 3.10 0.50 3.05 0.25 3.16 0.91 
MNF 3.06 0.44 3.01 0.05 3.15 1.14 
NNF 3.06 0.43 3.02 0.15 3.15 1.14 

Price (mean) -0.003 0.46 -0.003 0.04 -0.003 0.88 
Price (Std. Dev.) 0.0014 -0.85 0.0016 0.61 0.0018* 2.50 
𝑒𝐹𝐹 (Std. Dev.) 0.99 -0.14 1.01 0.17 0.99 -0.14 
𝑒𝑆𝐹 (Std. Dev.) 0.98 -0.34 1.06 1.14 0.98 -0.40 
𝑒𝑁𝐹 (Std. Dev.) 0.91 -1.63 1.01 0.10 0.97 -0.64 
𝑒𝑚𝑜𝑟𝑛 (Std. Dev.) 1.00 0.001 1.10* 1.69 1.00 0.03 
𝑒𝑛𝑖𝑔ℎ𝑡

 (Std. Dev.) 0.98 -0.36 1.03 0.50 1.00 -0.03 
Observations 12800 12800 12800 

LL -13132.26 -14468.81 -21496.13 
𝜌0
2 0.20 0.20 0.l4 

Note:***, **, * significant at 1%, 5% and 10% level. 
True model setting: ML with 𝛼𝑖 =3.00 and 𝛽~LN(−5.9207,0.4724); Design: 200 replications; 8 choice sets per individual. 
 
 

Table 4.17(b) Model Estimation based on the Assumption of Log -Normally Distributed Price Coefficient 
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 Efficient Master and 
Sub Design 

Orthogonal Master and 
Efficient Sub Design 

Fixed-Composition 
Full Factorial Design 

 Coefficient T-Test Coefficient T-Test Coefficient T-Test 
‘Time of Day Preference’ Model 

MFF 3.03 0.13 3.17 0.85 3.12 0.65 
MSF 2.99 -0.06 3.07 0.45 3.11 0.74 
NFF 2.99 -0.05 3.12 0.59 3.12 0.65 
NSF 3.03 0.18 3.10 0.65 3.12 0.80 
MNF 3.00 0.01 3.07 0.61 3.05 0.45 
NNF 3.02 0.16 3.07 0.61 3.07 0.63 

Price (mean) -5.89532 0.27 -5.87199 0.58 -5.85045 0.90 
Price (Std. Dev.) 0.46860 -0.10 0.44267 -0.88 0.44367 -0.90 
𝑒𝑚𝑜𝑟𝑛  (Std. Dev.) 0.92 -1.56 1.00 -0.02 0.96 -0.69 
𝑒𝑛𝑖𝑔ℎ𝑡

 (Std. Dev.) 0.98 -0.41 1.01 0.21 0.94 -1.00 
Observations 12800 12800 12800 

LL -13236.43 -14770.61 -22334.93 
𝜌0
2 0.14 0.14 0.10 

‘Fare Class Preference’ Model 
MFF 3.24 1.02 3.12 0.56 3.01 0.05 
MSF 3.18 1.00 3.10 0.60 3.00 0.01 
NFF 3.27 1.17 3.15 0.76 3.01 0.05 
NSF 3.19 1.06 3.11 0.71 3.03 0.19 
MNF 3.15 1.18 3.05 0.31 3.03 0.25 
NNF 3.13 0.98 3.07 0.59 3.03 0.27 

Price (mean) -5.83683 0.90 -5.86920 0.60 -5.86386 0.70 
Price (Std. Dev.) 0.45421 -0.52 0.44545 -0.80 0.43376 -1.21 
𝑒𝐹𝐹  (Std. Dev.) 0.90 -1.64 0.97 -0.50 1.08 1.33 
𝑒𝑆𝐹  (Std. Dev.) 1.07 1.32 1.05 0.80 1.04 0.80 
𝑒𝑁𝐹

 (Std. Dev.) 0.95 -1.22 1.00 0.03 0.98 -0.50 
Observations 12800 12800 12800 

LL -13223.83 -14822.17 -22298.71 
𝜌0
2 0.14 0.13 0.10 

‘Time of Day and Fare Class Preference’ Model 
MFF 3.01 0.04 2.99 -0.05 3.18 0.81 
MSF 3.05 0.26 3.00 0.06 3.07 0.40 
NFF 3.03 0.10 2.93 -0.32 3.13 0.59 
NSF 3.05 0.24 2.98 -0.12 3.10 0.57 
MNF 3.02 0.14 2.96 -0.32 3.09 0.69 
NNF 3.02 0.12 2.98 -0.23 3.09 0.69 

Price (mean) -5.86311 0.56 -5.92933 0.08 -5.83597 0.99 
Price (Std. Dev.) 0.42178 -1.32 0.46562 -0.17 0.47519 0.87 
𝑒𝐹𝐹  (Std. Dev.) 1.02 0.27 1.04 0.06 1.07 1.10 
𝑒𝑆𝐹  (Std. Dev.) 0.97 -0.52 1.06 1.05 0.98 -0.40 
𝑒𝑁𝐹  (Std. Dev.) 0.89** -2.07 0.99 -0.41 0.96 -0.80 
𝑒𝑚𝑜𝑟𝑛  (Std. Dev.) 0.99 -0.18 1.08 1.45 0.97 -0.43 
𝑒𝑛𝑖𝑔ℎ𝑡

 (Std. Dev.) 0.97 -0.55 1.01 0.14 1.01 0.17 
Observations 12800 12800 12800 

LL -13127.22 -14459.02 -21491.50 
𝜌0
2 0.20 0.20 0.14 

Note:***, **, * significant at 1%, 5% and 10% level. 
True model setting: ML with 𝛼𝑖 = 3.00 and 𝛽~LN(−5.9207 ,0.4724) 
Design: 200 replication; 8 choice sets per individual. 
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Model Calibration 

Since ML models do not have a closed format, the market shares over the population 

can only be approximated using Equation 4.4 and 4.5 with choices of decision makers 

obtained from an unbiased sample. Under the true models, 2000 random draws are 

taken independently from the corresponding distribution, which is used to calculate the 

true market shares. Then, these shares will be used to calibrate the SP MLs in order to 

obtain alternative specific constants adjusted to the market condition. The model after 

calibration can be used for demand forecasting. As the models from different designs 

have been calibrated to the same market condition, their prediction results are directly 

comparable.  

𝑃�̌� =
1

𝑁
∑ 𝐿 𝑖𝑛(𝛽

𝑛)𝑁
𝑛=1                                                                                                       (4.4) 

where N represents the number of decision makers in the sample;  

𝐿 𝑖𝑛(𝛽
𝑛) = ∏ [

𝑒𝑥𝑝(𝑉𝑖𝑛𝑠 (𝛽
𝑛))

∑ 𝑒𝑥𝑝(𝑉𝑗𝑛𝑠 (𝛽
𝑛))𝐽𝑠

𝑗=1

]𝑆
𝑠=1 .                                                                             (4.5)  

Demand Forecasting 

Figures 4.2, 4.3 and 4.4 present the switching rate predicted under the ‘time of day and 

fare class preference’ model subject to the closure of the lower-priced NF and SF fares. 

The four types of switching behaviour involved in these figures are listed in Table 4.18 

below.  

Table 4.18 Switching Behaviours Considered in the Simulation Studies  

Fare Product Switching  Abbreviation Description 

NNF->MNF Recap. (SC) Recaptured by a fare product on the same fare 
class  

NNF->NSF, NNF->NFF Buy-Up Recaptured by a fare product on the same flight 
but at a higher fare class  

NNF->MSF, NNF->MFF Recap. (CF) Recaptured by a fare product at a different flight 
time and at different fare class  

NNF->NT Diversion Recaptured by the ‘not travel’ option 

The prediction results based on simple MNL models are also considered, since such a 

model structure is still widely applied in choice-based RM. However, the deficiency of 
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using MNL model for panel data estimation has long been recognised in choice 

modelling context. Such a model structure assumes that all responses from an individual 

are independent, which is obviously not the case. Ortuzar and Willumsen (2011) 

suggested the use of a simple ML model with error components correlating the choices 

from the same respondent. Such a method will be used for model comparison in the 

empirical study in Chapter 5.  

In Figure 4.2, 4.3 and 4.4, the points on each line represent proportions of the rejected 

demand for the closed fare(s) being captured by the remaining choice options. The 

flatness of a line indicates the similarity of the predicted demand based on different 

designs. The position of a line indicates the proportion of demand switched from the 

closed fares. For example, the red line in Figure 4.2 represents the buy-up rates to NSF 

(night semi-flexible) and NFF (night fully flexible) fares subject to the closure of the 

NNF (night non-flexible) fare, which as shown in Table 4.7, has the lowest price. The 

first four points on this line is nearly horizontal indicating that roughly the same 

prediction accuracy is achieved by the ML models estimated under the three designs.  

However, when the simple MNL is used for prediction, biased results are obtained, as 

such a model structure is unable to capture preference heterogeneity in the population 

and complicated substitution patterns. As shown in Figure 4.2, the MNL model tends to 

over-predict the buy-up rates, while under-predicting the number of travellers switching 

to the same fare class. If such a result is used for revenue optimisation, it will cause 

early closure of the low fare products and the loss of price-sensitive low-fare customers. 

As shown in Figure 4.3 and 4.4, when more fare products are closed, robust prediction 

results continue to be observed from correctly specified ML models. However, when 

the MNL model is used, the switching rates are again seriously biased from the true 

values.  
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The result of simulation 1 suggests that availability designs are as effective as fixed-

composition designs in terms of capturing preference heterogeneity in a population. 

More importantly, as the choice set composition in an availability design varies, it 

allows the estimation of mother- logit- like model, the results of which are able to 

provide useful information on the construction of error component models. Also, when 

proper calibration methods can be applied, choice models based on availability designs 

have the potential to provide forecasting results that are as accurate as the fixed-

composition designs. However, if taste variations in a population exist but they fail to 

be captured by the choice models, seriously biased parameter estimates and forecasting 

results are likely to be obtained despite the types of design used for data collection. 

When such a result is used for revenue optimisation, the spiral-down effect is still likely 

to occur. 

 
Figure 4.2 Switching Rates subject to the Closure of the NNF (Night Non -Flex) Fare  
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Figure 4.3 Switching Rates subject to the Closure of All the NF (Non -Flex) Fares  

 
Figure 4.4 Switching Rates subject to the Closure of the NF (Non -Flex) and SF (Semi-Flex) Fares 

 

4.4.2 Simulation 2: Hybrid Airline Market with Decision Rule 
Heterogeneity: Yieldable, Priceable and Compensatory 
Customers 

The second simulation study considers hybrid airline markets with a combination of 

yieldable, priceable and compensatory travellers (see Table 4.4). The first two 

categories represents the best and worst case scenarios due to the application of airline 

pricing, while the behaviour of compensatory travellers is more generalised than the two 

extremes.  

As shown in Chapter 1 and Chapter 2, the optimal control strategy in an airline RMS 

depends on the behaviour of air travellers in the target airline market. The presence of 
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yieldable travellers indicates the validity of an independent demand assumption, under 

which traditional RM controls can be used to optimise revenue on single- leg flights. 

However, the presence of priceable and compensatory travellers causes demands for 

different fare products to be correlated; such dependency needs to be addressed under 

choice-based RM models to avoid the spiral-down effect during revenue optimisation. 

For this reason, one of the major tasks for stated choice designs is to uncover the 

underlying decision rules applied in a population and provide corresponding choice 

models to mimic the decision making process of each type of travellers.  

In Table 4.4, two sets of market mix are tested in this simulation study, generating 

unbiased samples of 600 hypothetical customers. Although the choice behaviour of the 

compensatory travellers may take various forms, for convenience the ‘Time of Day and 

Fare Class Preference’ model used for demand forecasting are used again; the behaviour 

of the yieldable and priceable travellers follows the simple decision heuristics 

introduced in Section 4.1.2.  

Identifying Decision Rule Heterogeneity in a Population 

According to the decision heuristics described in Section 4.1.4, a yieldable traveller and 

a priceable traveller are only differentiable when the lower-priced fare products become 

unavailable. Such a choice condition can be found in both availability designs (Table 

4.19). Although it is not discussed in this thesis, availability designs also allow the 

detection of consideration set variations and other types of non-RUM behaviour, such as 

EBA. As attribute levels of each alternative in an availability design are varied over 

choice sets as well, such a design is also able to capture trade-off decisions made by 

compensatory travellers. 

Table 4.19 Choice Set Counts in the 64-Scenario Designs 

Choice Set Counts 64-Scenario Efficient 
Master and Sub Design 

64-Scenario Orthogonal 
Master and Efficient Sub 

Design 

64-Scenario Full 
Factorial Design 

{FF, NF} 22 16 0 
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{FF} 3 4 0 

In comparison, fixed-composition designs are efficient in capturing trade-off behaviour 

but it may not be able to differentiate multiple decision rules applied by a population. 

Table 4.20 presents a block of 8 choice sets in the 64-scenario orthogonal master and 

efficient sub design completed by a priceable, a yieldable and a non-business 

compensatory traveller, respectively.  

In the choice sets where the NF fares are still available, both the priceable and the 

yieldable traveller persistently choose the fare product with the lowest price. This is not 

the case for the compensatory traveller, as the choice decision is made by trading-off 

attribute information of all the available alternatives. 

When the NF fares becomes unavailable (choices sets No.4, No.5 and No.8), the 

yieldable traveller is observed to switch to the no-choice option, while the priceable 

traveller continues to choose the cheapest fare product from the still-open fare classes. 

Under the RUM decision rule, the chosen alternative is not always the cheapest fare, 

since factors other than ticket price are also considered by the compensatory decision 

maker. 
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Table 4.20 Choice O bservations in an Availability Design  

Priceable Yieldable Compensatory 

Mother Logit design 
Set Alt Price Choice ID Alt Price Choice ID Alt Price Choice 
1 MSF 600 0 1 MSF 600 0 1 MSF 600 1 
1 NFF 900 0 1 NFF 900 0 1 NFF 900 0 
1 NSF 600 0 1 NSF 600 0 1 NSF 600 0 
1 MNF 400 1 1 MNF 400 1 1 MNF 400 0 
1 NNF 500 0 1 NNF 500 0 1 NNF 500 0 
1 NT 0 0 1 NT 0 0 1 NT 0 0 
2 NFF 800 0 2 NFF 800 0 2 NFF 800 0 
2 NSF 600 0 2 NSF 600 0 2 NSF 600 0 
2 NNF 500 1 2 NNF 500 1 2 NNF 500 1 
2 NT 0 0 2 NT 0 0 2 NT 0 0 
3 NSF 600 0 3 NSF 600 0 3 NSF 600 1 
3 MNF 500 1 3 MNF 500 1 3 MNF 500 0 
3 NT 0 0 3 NT 0 0 3 NT 0 0 
4 NFF 800 1 4 NFF 800 0 4 NFF 800 0 
4 NT 0 0 4 NT 0 1 4 NT 0 1 
5 NSF 600 1 5 NSF 600 0 5 NSF 600 1 
5 NT 0 0 5 NT 0 1 5 NT 0 0 
6 MSF 600 0 6 MSF 600 0 6 MSF 600 0 
6 MNF 500 1 6 MNF 500 1 6 MNF 500 1 
6 NT 0 0 6 NT 0 0 6 NT 0 0 
7 NFF 800 0 7 NFF 800 0 7 NFF 800 0 
7 NNF 500 1 7 NNF 500 1 7 NNF 500 1 
7 NT 0 0 7 NT 0 0 7 NT 0 0 
8 NSF 700 1 8 NSF 700 0 8 NSF 700 0 
8 NT 0 0 8 NT 0 1 8 NT 0 1 

‘NT’ refers to the choice option, ‘Not Travel’ or ‘Diversion’ in revenue management terms. 

When the fixed-composition design is applied, the behaviour of the compensatory 

traveller can still be distinguished from the Non-RUM behaviour. However, the choice 

decisions made by the priceable and yieldable travellers are undifferentiated. As shown 

in Table 4.21, both the priceable and the yieldable travellers persistently choose the 

cheapest NF fare throughout the experiment.  
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Table 4.21 Choice O bservations in a Fixed-Composition Design 

Priceable Yieldable Compensatory 

Mother Logit design 
Set Alt Price Choice ID Alt Price Choice ID Alt Price Choice 
1 MFF 900 0 1 MFF 900 0 1 MFF 900 0 
1 MSF 600 0 1 MSF 600 0 1 MSF 600 0 
1 NFF 800 0 1 NFF 800 0 1 NFF 800 0 
1 NSF 700 0 1 NSF 700 0 1 NSF 700 0 
1 MNF 500 0 1 MNF 500 0 1 MNF 500 0 
1 NNF 400 1 1 NNF 400 1 1 NNF 400 1 
1 NC 0 0 1 NC 0 0 1 NC 0 0 
2 MFF 900 0 2 MFF 900 0 2 MFF 900 0 
2 MSF 600 0 2 MSF 600 0 2 MSF 600 0 
2 NFF 800 0 2 NFF 800 0 2 NFF 800 0 
2 NSF 700 0 2 NSF 700 0 2 NSF 700 0 
2 MNF 500 1 2 MNF 500 1 2 MNF 500 0 
2 NNF 500 0 2 NNF 500 0 2 NNF 500 1 
2 NC 0 0 2 NC 0 0 2 NC 0 0 
3 MFF 900 0 3 MFF 900 0 3 MFF 900 0 
3 MSF 600 0 3 MSF 600 0 3 MSF 600 0 
3 NFF 800 0 3 NFF 800 0 3 NFF 800 0 
3 NSF 700 0 3 NSF 700 0 3 NSF 700 0 
3 MNF 400 1 3 MNF 400 1 3 MNF 400 0 
3 NNF 400 0 3 NNF 400 0 3 NNF 400 1 
3 NC 0 0 3 NC 0 0 3 NC 0 0 
4 MFF 900 0 4 MFF 900 0 4 MFF 900 0 
4 MSF 600 0 4 MSF 600 0 4 MSF 600 0 
4 NFF 800 0 4 NFF 800 0 4 NFF 800 0 
4 NSF 800 0 4 NSF 800 0 4 NSF 800 0 
4 MNF 500 1 4 MNF 500 1 4 MNF 500 1 
4 NNF 500 0 4 NNF 500 0 4 NNF 500 0 
4 NC 0 0 4 NC 0 0 4 NC 0 0 
5 MFF 900 0 5 MFF 900 0 5 MFF 900 0 
5 MSF 600 0 5 MSF 600 0 5 MSF 600 0 
5 NFF 800 0 5 NFF 800 0 5 NFF 800 0 
5 NSF 800 0 5 NSF 800 0 5 NSF 800 0 
5 MNF 400 1 5 MNF 400 1 5 MNF 400 1 
5 NNF 400 0 5 NNF 400 0 5 NNF 400 0 
5 NC 0 0 5 NC 0 0 5 NC 0 0 
6 MFF 900 0 6 MFF 900 0 6 MFF 900 0 
6 MSF 600 0 6 MSF 600 0 6 MSF 600 0 
6 NFF 800 0 6 NFF 800 0 6 NFF 800 0 
6 NSF 800 0 6 NSF 800 0 6 NSF 800 0 
6 MNF 400 1 6 MNF 400 1 6 MNF 400 0 
6 NNF 500 0 6 NNF 500 0 6 NNF 500 1 
6 NC 0 0 6 NC 0 0 6 NC 0 0 
7 MFF 900 0 7 MFF 900 0 7 MFF 900 0 
7 MSF 600 0 7 MSF 600 0 7 MSF 600 0 
7 NFF 700 0 7 NFF 700 0 7 NFF 700 0 
7 NSF 700 0 7 NSF 700 0 7 NSF 700 0 
7 MNF 500 0 7 MNF 500 0 7 MNF 500 0 
7 NNF 400 1 7 NNF 400 1 7 NNF 400 0 
7 NC 0 0 7 NC 0 0 7 NC 0 1 
8 MFF 900 0 8 MFF 900 0 8 MFF 900 0 
8 MSF 600 0 8 MSF 600 0 8 MSF 600 0 
8 NFF 700 0 8 NFF 700 0 8 NFF 700 0 
8 NSF 700 0 8 NSF 700 0 8 NSF 700 0 
8 MNF 500 1 8 MNF 500 1 8 MNF 500 0 
8 NNF 500 0 8 NNF 500 0 8 NNF 500 1 
8 NC 0 0 8 NC 0 0 8 NC 0 0 

NC=No Choice 
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Besides direct choice observations, the existence of multiple decision rules also can be 

detected under the partial-mother- logit model. Table 4.22 summarised the estimation 

results based on the first customer mix (200 compensatory, 200 yieldable and 200 

priceable travellers). Recall the IIA tests in the previous simulation studies where a 

single RUM rule is applied. The trade-off behaviour between pairs of alternatives forced 

the sign of the significant cross-effects to be diagonally symmetrical in the cross-effects 

matrix. However, when multiple decision rules exist in a population, such a property 

may not hold.  

As shown in Table 4.22, the negatively significant cross-effect of the MNF (morning 

non-flexible) fare on the choice of the NNF (night non-flexible) fare suggests close 

substitutions between the two alternatives, but the cross-effect the other way round 

indicates just the opposite (see the circled values in red). Such asymmetry in the cross-

effects matrix is related to the substitution patterns generated under the non-RUM 

decision rules. For a yieldable traveller, as specified here, only the NF fare matters to 

his booking decision; no substitution could ever happen between alternatives beyond the 

NF fare class. For a priceable customer, a high-priced fare product is always 

exchangeable to the available lower-priced fares, but not the other way round, despite 

the attribute level variations in the design matrix. 
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Table 4.22 the Estimation Results of the Partial -Mother-Logit Model  

64-Scenario Efficient Master and Sub Design 64-Scenario Orthogonal Master and Efficient Sub Design 
 Coefficient T-Test  Coefficient T-Test 

MFF 2.92*** 16.55 MFF 6.06*** 44.01 
MSF 3.08*** 23.60 MSF 5.17*** 48.69 
NFF 3.17*** 18.34 NFF 5.96*** 44.09 
NSF 2.97*** 20.47 NSF 5.09*** 47.91 
MNF 5.36*** 47.43 MNF 6.19*** 76.39 
NNF 4.17*** 38.99 NNF 6.02*** 74.39 
Price -0.004*** -22.21 Price -0.007*** -45.95 
𝜒2(30) 1954.8 (43.7) 𝜒2(30) 1694.6 (43.7) 
Cross-
Effects With the Presence of Cross-

Effects With the Presence of 

Choice of MFF MSF NFF NSF MNF NNF Choice of MFF MSF NFF NSF MNF NNF 
MFF -- -0.44*** -0.01 -0.42*** 0.32*** 0.43*** MFF -- -0.31*** -0.02 -0.33*** -0.28*** 0.58*** 
MSF -0.01 -- -0.07** -0.13*** 0.10* 0.28*** MSF 0.02 -- -0.12*** -0.12*** 0.17*** 0.13*** 
NFF -0.11*** -0.34*** -- -0.30*** 0.59*** 0.46*** NFF 0.01 -0.31*** -- -0.21*** 0.29*** 0.42*** 
NSF -0.08** -0.42*** -0.02 -- 0.33*** 0.18*** NSF -0.04 -0.25*** -0.07** -- 0.29*** 0.25*** 
MNF 0.20*** 0.09** 0.28*** 0.27*** -- 0.46*** MNF -0.05** 0.03 -0.22*** -0.07*** -- 0.12*** 
NNF -0.16*** -0.03 -0.14*** -0.21*** -0.28*** -- NNF 0.26*** -0.26*** 0.15*** -0.04 -0.16*** -- 

Note:***, **, * significant at 1%, 5% and 10% level. 

The red circles highlight the asymmetry of the cross -effects in the cross-effects matrix due to the existence of non-RUM decision rules. 
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Model Estimation  

It is assumed that the existence of non-trading, lexicography and RUM decision rule is 

known to the analyst. Exogenous segmentation can be conducted on the sampled 

population to allow effective estimation of all three types of behaviour. Based on the 

choice observations of the sampled respondents, all three types of behaviour can be 

successfully identified under the availability designs. For each segment, separate 

estimation can be conducted with the correct decision rule applied. Within the yieldable 

and priceable segments, no taste variation exists between individuals; the aggregate 

demand is a multiplication of choice decisions made by individual decision makers and 

the number of respondents in the segment.  

Fixed-Composition Design 

However, under the fixed-composition design, all the alternatives available in the 

market are presented in each choice set. The behaviour of the priceable and yieldable 

travellers cannot be differentiated, as the choice behaviour subject to the closure of 

lower-priced fares is unable to be revealed. To solve this problem, three types of 

assumptions are made on the decision rules applied by the proportion of 

undifferentiated travellers: 

a) all the undifferentiated travellers are yieldable travellers,  

b) all the undifferentiated travellers are priceable travellers, and 

c) all the undifferentiated travellers are RUM decision makers and can be estimated 

together with the true compensatory travellers. 

As both of the non-trading (yieldable) and lexicographic (priceable) decision rule are 

deterministic, the choice observations for the undifferentiated travellers under the 

assumption (a) and (b) are generated separately from choice observations obtained from 

the utility maximising compensatory travellers. Under assumption (c), however, the 
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pooled data set can be estimated under a single RUM model. In this simulation study, 

the pooled data set for the fixed-composition design has been estimated under the MNL 

model. This is because other types of choice model do not perform well with this data 

set. 

Predicting the Switching Rates 

With the estimated models calibrated to the true market shares, the switching rates for 

each alternative under the hybrid market setting can be predicted. Figures 4.4-4.5 

present the switching rates generated under the two sets of customer mix (customer mix 

1: 200 compensatory, 200 yieldable, and 200 priceable travellers; customer mix 2: 400 

compensatory, 400 yieldable, and 400 priceable travellers). As shown in Figure 4.5, 

with the NNF (night non-flex) fare excluded from the choice set, both the priceable and 

yieldable travellers switch to the next available non-flexible fare. Such a trend can be 

correctly captured by the choice models estimated with exogenous segmentation. 

However, the models ignoring the existence of multiple decision rules exaggerate the 

substitutions between fare classes. As a result, the switching demand recaptured by the 

fare product in the same fare class is under-estimated. Interestingly, changing the 

proportion of non-RUM travellers seems to only affect the choice share of the cheapest 

NNF fare. With it excluded from the choice sets, identical switching rates are observed 

under the two sets of customer mix. This is probably due to the fact that no information 

on trade-offs between higher priced fares can be obtained under the fixed-composition 

design. 
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Figure 4.5 (a) Predicted Switching Rates with the Closure of NNF Fare (Customer Mix 1)  

 

 
Figure 4.5 (b) Predicted Switching Rates with the Closure of NNF Fare (Customer Mix 2)  

When both NF (non-flex) fares become unavailable, the switching rates predicted under 

the fixed-composition design are significantly biased from the true values. When the 

non-trading behaviour is assumed for both the yieldable and priceable travellers, 

diversions to the no-choice option are over-estimated. When lexicographic behaviour is 

assumed, the number of traveller buying-up to the next lowest fare, the NSF (night 

semi-flex) fare, is over-estimated. As the proportion of compensatory travellers in the 

population increases, the impact of decision rule mis-specification is reduced, but 

compared to the two extreme behaviour assumptions, the compensatory models (Fixed 

RUM) still generate less biased results in this choice situation.  
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4.6 (a) Predicted Switching Rates with the Closure of All the NF Fares (Customer Mix 1) 

 

 
4.6 (b) Predicted Switching Rates with the Closure of All the NF Fares (Customer Mix 2)  

The result of the second simulation study indicates that in a hybrid airline market with a 

combination of priceable, yieldable and compensatory travellers, choice models 

estimated under availability designs (second and third points in the figures) tend to 

provide more accurate prediction results, since the decision rule heterogeneity in the 

population can be more effectively identified under such a design scheme. When fixed-

composition design is used, the behaviour of priceable and yieldable travellers is 

confounded, causing biased parameter estimates and demand prediction. In such a 

situation, the assumption of extreme behaviour should be avoided, and the choice data is 

better estimated by RUM models assuming a homogeneous decision rule. However, this 

TRUE
E/E Design,
Segmented

O/E Design,
Segmented

Fixed Design
(Ntrad)

Fixed Design
(Lexico)

Fixed Design
(RUM)

Night 49.63% 49.59% 49.55% 8.95% 90.28% 50.29%

Morning 6.73% 6.68% 6.57% 6.57% 6.57% 38.48%

Diversion 43.64% 43.72% 43.88% 84.48% 3.15% 11.24%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

100.00%

Customer Mix 1 
Night Morning Diversion

TRUE
E/E Design,
Segmented

O/E Design,
Segmented

Fixed Design
(Ntrad)

Fixed Design
(Lexico)

Fixed Design
(RUM)

Night 49.04% 48.96% 48.85% 22.95% 75.09% 50.29%

Morning 17.26% 17.14% 16.84% 16.85% 16.85% 38.48%

Diversion 33.70% 33.91% 34.31% 60.20% 8.07% 11.24%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

Customer Mix 2 
Night Morning Diversion



127 

simulation study is conducted under a single traveller mix; the conclusion of the study 

may be varied when a different traveller mix is applied.  
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4.5 Conclusion 
 

As shown in the two simulation studies, availability designs are effective in revealing 

both preference heterogeneity and multiple decision rules in a population, but the results 

based on the fixed-composition full factorial design are less effective.  

As the choice set composition varies in availability designs, the IIA test based on partial 

mother- logit models (McFadden, Tye & Train 1977) can be conducted prior to model 

estimation. As shown in Simulation 1 and 2, there are some new findings on the mother-

logit-based IIA test. (a) The cross-effect matrix in a mother- logit model is capable of 

capture substitution patterns in error component models (simulation 1). As random 

utility models capture travellers’ trade-off behaviour, the substitutions between 

alternatives are distributed in a symmetrical pattern in the cross-effect matrix of a 

mother logit model. (b) It is capable to capture the use of non-RUM decision rules 

(simulation 2). When multiple decision rules exist, the significant cross-effects in the 

matrix are not symmetrical, as decision rules like lexicography or non-trading are not 

built for trade-offs. For this reason, the mother-logit-based test can be conducted prior 

to the final estimation to see if there are multiple decision rule applied by the 

respondents and if not, the cross-effect matrix can provide a better guide for the 

construction of error terms in a ML model.  

In comparison, data set obtained from a fixed-composition design cannot be used for the 

IIA test, and to obtain such a data set, one has to assume a prior model specification. As 

reviewed in Section 3.3, most of the widely applied SP designs are generated on MNL 

model setting. According to the work of Bliemer & Rose (2010), Yu, Goos & 

Vandebroek (2011) and Rose & Bliemer (2009), designs generated based on MNL 

models tend to provide biased estimation results when the true model is not an MNL. 
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Despite the above findings, the simulation studies have limitations. First, since no 

demographic information has been considered, choice decisions of air travellers are 

analysed solely on the basis of attributes of fare product alternatives. However, as 

shown in many air transportation studies, social demographics and trip-related 

information significantly affect air passengers’ travel choices. Also, the fare product 

choice models discussed in the simulation studies are static; for convenience, they have 

only been calibrated to the initial time period where all the fare product alternatives are 

available. In a real airline market, however, air travellers’ fare product choices are time 

dependent. Such dependency may be related to air travellers’ arrival pattern and 

information processing strategies. Ignoring such an impact may also lead to biased 

demand prediction results.  

The above issues have been addressed by a stated choice survey conducted at Shanghai 

Hongqiao Airport, China in March to April 2012. The stated choice experiment in the 

survey questionnaire was derived under a 64-scenario full information design. The next 

chapter provides an empirical study developed based on the survey data.  
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Chapter 5 Empirical Inquiry into the Short-
Haul Airline Market in South 
East China 

 

In the previous chapter, the robustness of the efficient availability designs was tested 

through four simulation studies. Compared to the fixed- compositionsize design, 

availability designs were shown to be more efficient in capturing preference 

heterogeneity and decision rule heterogeneity in a population.  

This chapter presents the results of an empirical study using a full information design. It 

has made up for the limitations in the simulation studies by showing that (a) 

demographic information is not only related to the formation of preference 

heterogeneity but also to the identification of decision rule heterogeneity; (b) travellers’ 

fare product choice behaviour is time-dependent in the real airline market; such 

dependency tends to vary according to trip purposes and decision rules applied by air 

travellers. However, as the experimental design and data collection were conducted 

prior to the development of the weighted FIM method, a comparison of availability 

designs under real market conditions could not be conducted.  

The remainder of the chapter is structured as follows. Section 5.1 presents background 

information on the target market in which the empirical study was conducted. Based on 

this information, a stated choiceSP experiment has been conducted. Section 5.2 briefly 

reviews the questionnaire applied in the survey, followed by a discussion of the 

descriptive statistics of the data set. Section 5.3 reports the results of the preliminary 

estimation based on MNL simple ML models and the IIA test. These findings then serve 

as guidelines for the construction of advanced discrete choice models (DCMs) in 

Section 5.4. Section 5.5 addresses the decision rule heterogeneity using logistic 
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regression models. Section 5.6 presents the demand forecasting result based on the 

empirical models. The chapter is concluded in Section 5.7. 

 

5.1 The Market Setting and Experimental Design 
5.1.1 The Short-Haul Market in South East China 
Three major carriers, Air China, China Southern and China Eastern, have dominant 

power on most of the air routes in Southern China. According to the Civil Aviation 

Administration of China (CAAC 2013), those three airlines accounted for 77.2% of the 

air transportation turnover in 2013. However, in the past a few years privately-owned 

low cost airlines have entered the short-haul market and offered heavily discounted 

tickets (e.g. the ‘￥99 tickets’ offered by Spring Airlines). Affordability is leading to a 

steady increase in the market shares of privately-owned airlines in the last four years 

(Figure 5.1). Based on these figures, air carriers in the SP survey are divided into two 

categories, namely major carriers and low cost carriers. 

 
Figure 5.1 Airline Market Shares in China 2010-2013 
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5.1.2 An Experimental Design for Passenger Fare Choice in the 
Short-Haul Market of South East China 

In order to obtain reliable SP data, the choice experiment in the empirical study was 

designed on the basis of realistic considerations. According to a survey conducted by 

the Safety and Technology Centre in CAAC in 2008, the top factors affecting air ticket 

choices of Chinese domestic passengers are safety, flight schedule, price and brand of 

carrier. These factors were considered as the main attributes defining each alternative in 

our design. As safety is often related to the brand image of a carrie r, it was treated as a 

part of the brand effect.  

Due to the interest in the short-haul domestic airline market, no connecting flights were 

considered in the design. Although adding connecting itineraries would make the study 

more realistic, this limitation has little impact on short-haul markets because travel time 

on the connecting flights is very unattractive compared to non-stop flights (Carrier 

2008).  

To decide the alternatives and attribute levels, air fares and seat availabilities of the non-

stop flights in several short-haul markets were monitored through airlines’ websites for 

four consecutive four weeks during February 2012. The origin of the chosen flights was 

Shanghai where the survey was to be conducted, and the flight time was limited to no 

more than two hours in order to minimise the impact of other factors that were not 

incorporated into the design.  

Over the observation period, it was noted that the major carriers have more flights 

departing during working hours (9:00AM-5:00PM) than the low cost carriers. The 

monitoring of airline websites also revealed that the price range of the major carriers 

was much wider than the low cost carriers, but the lower bound of the latter was often 

much lower than the former. In addition, fare products with more than 20% discount 

normally became unavailable after two weeks before the departure date.  
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The experimental design was developed, for one carrier of each type, taking account of 

the results from monitoring the websites. The major carrier offered four programs, each 

of which contained three types of fare product. In comparison, the low cost carrier 

offered only two programs under a uniform fare structure.  

The experiment included four fare products, each of which was assigned different levels 

of price and flexibility (see Table 5.1). The ticket prices were non-overlapping – more 

flexible fares were always higher priced than non-flexible offerings – reflecting airlines’ 

pricing schemes. In this scheme, the low cost carrier only offered a non-flexible fare. 

However, the ticket price was set to be slightly lower than the corresponding non-

flexible fares offered by the major carrier in order to highlight its price advantage.  

Table 5.1 Fare rules and Price of the Booking classes  

Fare Products Fare Rules and Price Range 

Non-flexible Economy (Low cost) 
No change can be made. No refund will be provided when 
cancellation occurs.  
Price level: ￥300, ￥350 

Non-flexible Economy (Major) 
No change can be made. No refund will be provided when 
cancellation occurs.  
Price levels: ￥350, ￥400 

Semi-flexib le Economy (Major) 
Change will generate a fee equal to 30% of the ticket price. 
Cancellation will generate a fee equal to 50% of the ticket price. 
Price levels: ￥450, ￥500 

Full-flexib le Economy (Major) 
No charge will be made when change occurs. Cancellation will 
generate a fee equal to 5% of the ticket price. 
Price levels: ￥550, ￥600 

Choose not to travel Reference Alternative 

Since no flight is scheduled for departure after 12:00 midnight and before 7:00am in the 

domestic airline market in China, no early morning or late night flights were considered 

in this study. The remaining time of the day has been divided into four blocks – 

morning (7:00-10:59am), midday (11:00am-2:59pm), afternoon (3:00-6:59pm) and 

evening (7:00-11:59pm) – each of which was represented by a time point within the 

range (see Table 5.2).  
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The above schedule plan and pricing scheme produced 14 alternatives, which are listed 

in Table 5.2 below. Together with a not-travel option, they can generate more than 4.78 

(314) million (314) fare product combinations including the potential optimal control 

sets produced by seat allocation algorithms. Although some of these combinations may 

be ‘inefficient’ in the context of revenue optimisation (Talluri & van Ryzin 2004), they 

are still useful in terms of understanding passenger fare product choice behaviour. For 

this reason, they were kept for the demand side analysis.  

Table 5.2 Alternatives and Abbreviations  

Carrier Fare Product 8:00am 
Morning 

12:00pm 
Midday 

4:00pm 
Afternoon 

8:00pm 
Night 

Low Cost Single class LCMorn -- -- LCNight 

Major 
Non-Flex NFMorn NFMD NFAft NFNight 
Semi-Flex SFMorn SFMD SFAft SFNight 
Full-Flex FFMorn FFMD FFAft FFNight 

Using the proposed design method, a 64-scenario orthogonal master plan was chosen 

from the 214 factorial cases generated by the presence and absence of alternatives in 

each choice set. The master design matrix is presented in Table A5.1A4.1 -- Appendix 

A4.1. The sub-design – See Table A5.2A4.2 – was optimised under Equation 3.11, in 

which 14 alternative specific constants, and one price coefficient,  were included. and 

182 availability effects were included. As there are 14 alternatives, each of which 

contains 13 cross-alternative availability effects. Therefore, there are 14*13, which is 

182, availability effects in total. 

Since, at the time of the study, this was the first availability design for air ticket choices 

known, zero priors were assumed for all the parameters, and the design was optimised 

under the D-error criterion derived by Rose & Bliemer (2005) due to the alternative 

specific parameters in the model. After a 24-hour optimisation run using a genetic 

algorithm (Olaru, Smith & Wang 2011) a 64-scenario design with a Dz-error=2.21887 

was chosen to incorporate into the questionnaire. The sub design is presented in 
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Appendix Table A4.2. The choice scenarios were randomised and blocked into 8 

subsets for each questionnaire. 

As the final design contains a total of 64 choice scenarios (including the null set), which 

are difficult to be completed by a single respondent in a short period of time, the design 

matrix was blocked into 8 subsets. For linear models, when an orthogonal design is used, 

blocking is often conducted by introducing another orthogonal column. As the newly 

assigned column is independent from the remaining design matrix, its attribute levels 

can be used to segment the design without affecting the parameter estimates of the 

model. However, such a method has several limitations when it is applied to designs 

under discrete choice modelling. First, most of the efficient designs are not orthogonal. 

Imposing an orthogonal column to such a design matrix may not be possible. Second, as 

discussed in Section 3.2, even if an orthogonal design is used, the orthogonality is hard 

to be maintained during data collection – if only a few of the decision makers complete 

blocks of the design, the pooled data set used at the time of estimation will not be 

orthogonal. Moreover, for every orthogonal design, there are only a finite number of 

orthogonal columns that the analyst may choose from. To apply an ideal blocking 

variable, sometimes one has to use a larger design, which may contradict the original 

purpose of blocking. An alternative to the above method is random blocking. As  

indicated by Hensher et al (2005), whilst this strategy may result in a confoundment 

between the choice sets given to decision makers and the parameter estimates, this 

approach may be the only strategy available while more complex designs are in use. 

For the above reasons, random blocking was applied to the design in the empirical study. 

Before each set of design was printed out, the choice sets in it were randomized using 

the randomizing algorithm in Excel. Then, they were blocked into 8 segments and 

assigned to each questionnaire. A serial number was used to track design matrix the 

block of choice sets belongs to.  
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5.2 Questionnaire Design and Data Collection 
The questionnaire used in the survey was in paper and pen format requiring 5-10 

minutes to finish. The first part of the questionnaire collected a variety of information 

on each traveller’s air travel during the past 12 months and their most recent domestic 

air trip; their participation in frequent flyer programs; their ratings for the importance of 

inflight quality indicators; and their socio-demographic and socio-economic 

characteristics. The attributes and levels are summarised in Table 5.3 below.  

Table 5.3 Q uestionnaire Design  

Information Levels 
Trip-Related 
Travel frequency (within 12 months) 1-3, 4-6, 7-9, 10-15, above 15 
Trip purpose Business, Leisure, VFR, other 
Booking time before travel On the day, within one week, within two weeks, 

more than two weeks 
Frequent traveller programme China Southern, China Eastern, Air China, Other, 

None 
If YES, the type of membership: 
Gold, Silver, regular 

Rating for the importance Brand, Schedule, Discount, Cabin Service 
General Information 
Gender Male, Female 
Age 16, 16-21, 22-34, 35-44, 45-54, 55-64, above 64 
Income (CNY) Below 2000, 2001-5000, 5001-8000, 8001-10000 

The second part of the questionnaire contained choice scenarios from the availability 

design explained in the previous section. Respondents were asked to assume that they 

were back to the time when they were planning their latest trip. The available travel 

options were the ones listed in each scenario that differed from each other in their 

designed attributes and attribute levels. The major carrier in each choice situation can be 

considered as one of the three major airlines in China and the low cost carrier as a 

newly emerged budget airline such as Spring Airlines. Figure 5.2 gives an example of 

the choice scenario. A sample questionnaire (in Chinese) is presented in Appendix 

A5.2A4.2.  
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Figure 5.2 A Scenario in the Stated Choice Experimental Design  

With questionnaires (in Chinese), using scenarios such as the one in Figure 5.2, a choice 

survey was administered to travellers on business and non-business trips over the period 

15th March to 5th April 2012 in Shanghai, China. During the survey, a total of 485 

questionnaires were collected. The bulk of the collection, 305, were obtained in the 

departure lounge at Shanghai Hongqiao Airport, which is the main domestic airport 

serving Shanghai. The rest were completed by travellers who booked tickets at a local 

travel agent. Table 5.4 gives a summary of the descriptive statistics of the sample.  

Table 5.4 Descriptive Statistics of the Sampled Respondents  

Information Levels 
Trip-Related 
Travel frequency (within 12 months) 1-3 (58%), 4-9 (31%), 10 or more (10%) 
Trip purpose Business (33%), Non-Business (67%) 
Booking time before departure Within one week (49%), Greater than one week (51%) 
Frequent traveller programme None (60%), Regular (23%), Premium (17%) 

Most important factor in choice Brand (11%), Schedule (40%), Discount (46%), Cabin 
Service (4%) 

General Information 
Gender Male (49%), Female (51%) 
Age 16-21 (7%), 22-54 (79%), 55-64 (11%), Other (3%) 

Income (CNY) Low to Medium to Low Income (55%), Higher Income 
(45%) 

As shown in Table 5.4, most of the respondents had travelled by air less than four times 

within the previous 12 months; in terms of the latest trip, two thirds of them had 

travelled for non-business reasons, and half of them booked the ticket at least one week 

in advance. The frequent flyer programs were not highly valued by the sampled 
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respondents with only 40% of them holding a membership and less than 20% being 

premium members. In terms of the attribute ranking, the most important attribute 

affecting the respondents’ ticket choice was discount, followed by schedule time. 

Carrier brand and cabin service were considered to be much less important. Among the 

sample, male and female travellers were distributed evenly, most of them were aged 22 

to 54, and there were slightly fewer from higher income groups with monthly income 

above ￥5000 than from the lower income groups. With the socio-demographics and 

trip-related variables collected, respondents are cross-tabulated into 16 profiles. As 

shown in Table 5.5 below, more than 80% of the business travellers booked their tickets 

within one week before the flight departure; in comparison only 57% of the non-

business travellers exhibit such behaviour. 

Table 5.5 Customer Profiles and Corresponding Shares in the Sample  

Customer Profile Share in the Sample 
No. Income Pre-Booking FFPa Frequency Business Non-Business 
1 <=￥5000 >=a week No <=3 times 1.90% 11.62% 
2 <=￥5000 >=a week No >3 times 0.00% 0.31% 
3 <=￥5000 >=a week Yes <=3 times 0.63% 1.22% 
4 <=￥5000 >=a week Yes >3 times 0.63% 2.14% 
5 <=￥5000 < a week No <=3 times 5.06% 20.49% 
6 <=￥5000 < a week No >3 times 7.59% 4.28% 
7 <=￥5000 < a week Yes <=3 times 2.53% 5.20% 
8 <=￥5000 < a week Yes >3 times 10.76% 6.42% 
9 >￥5000 >=a week No <=3 times 4.43% 18.96% 
10 >￥5000 >=a week No >3 times 0.63% 4.89% 
11 >￥5000 >=a week Yes <=3 times 0.63% 1.53% 
12 >￥5000 >=a week Yes >3 times 4.43% 2.45% 
13 >￥5000 < a week No <=3 times 5.70% 12.23% 
14 >￥5000 < a week No >3 times 12.03% 1.83% 
15 >￥5000 < a week Yes <=3 times 6.96% 2.45% 
16 >￥5000 < a week Yes >3 times 36.08% 3.98% 

Total Number of Respondents: 158 327 
a  FFP: Frequent Flyer Program 

To test the robustness of the design, the counts of alternative appearance in the final 

data sets were calculated. As shown in Table 5.6, after the elimination of missing data, 

each alternative appeared evenly in the totals, with a difference between the highest 

count and the lowest count less than 2% of the average (the highest and lowest counts 
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are highlighted in grey in Table 5.6). Due to the effectiveness of the choice set 

randomisation, the balance was even maintained after the market segmentation.  

Table 5.6 Count Summary of Alternative Appearance in the Final Data Sets  

 Business Non-Business Total 
LCMorn 634 1291 1925 
LCNight 631 1296 1927 
NFMorn 652 1283 1935 
NFMD 649 1280 1929 
NFAft 617 1328 1945 

NFNight 634 1291 1925 
SFMorn 638 1287 1925 
SFMD 619 1310 1929 
SFAft 641 1280 1921 

SFNight 650 1269 1919 
FFMorn 625 1290 1915 
FFMD 615 1296 1911 
FFAft 640 1281 1921 

FFNight 661 1264 1925 
Average 636 1289 1925 

 

5.3 Preliminary Estimation based on the MNL models 
and the Mother-Logit-based IIA Test  

5.3.1 Estimation of the MNL Simple ML Model 
As choice-based revenue management (RM) often applies MNL models under the 

simplified assumption of homogeneously behaved customers, a basic MNL model with 

generic price coefficient was estimated and used as the base model in this study.  

As discussed in Chapter 4, when panel data are applied, the estimation of MNL model 

should be avoided, because such a model assumes that all responses from each 

individual are independent. To address the panel effect, a simple ML model is estimated. 

The error components in the model allow the observations from each individual to be 

correlated. Also explained in Chapter 4, the decision to include price as the only 

attribute comes down to the needs of airlines and in particular revenue management 

optimisation. Forecasting of customers’ choices needs to be made at the level of 

itinerary and fare-class rather than the alternatives being Airline A or Airline B with 
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attributes such as time of departure, ticket conditions and levels of service, as this is not 

a workable solution for revenue management. 

The estimation results are summarised in Table 5.7. The same as the simulation studies 

in the previous chapter, The 𝜌02 reported in Table 5.7the table utilises the equal share 

model as its base because the choice model estimates are primarily driven by the 

availability of the alternatives; attributes other than price are in effect loaded into the 

alternative specific constants (ASCs). During model estimation, the not-travel 

alternative was used as the base. 

Table 5.7 Estimation Results for ML model without segmentation  
Basic ML Model 

Parameters Estimates T-values 
LCMorn  4.38*** 11.43 
LCNight  3.79*** 9.64 
NFMorn  5.03*** 11.84 
NFMD  6.25*** 15.27 
NFAft  5.56*** 13.30 

NFNight  3.91*** 8.70 
SFMorn  5.10*** 9.22 
SFMD  6.29*** 11.85 
SFAft  6.11*** 11.63 

SFNight  4.85*** 9.79 
FFMorn  4.62*** 6.03 
FFMD  6.09*** 8.65 
FFAft  7.05*** 10.70 

FFNight  6.50*** 10.25 
Price -0.015*** -14.12 

Std. Devs. of Random Effects 
LCMorn  2.75*** 14.01 
LCNight  1.54*** 6.99 
NFMorn  1.85*** 10.18 
NFMD  1.95*** 14.22 
NFAft  1.96*** 12.98 

NFNight  1.31*** 6.85 
SFMorn  1.78*** 7.98 
SFMD  2.32*** 12.94 
SFAft  1.47*** 6.10 

SFNight  0.63* 1.92 
FFMorn  3.90*** 9.04 
FFMD  3.22*** 9.95 
FFAft  1.93*** 7.73 

FFNight  0.24 0.64 
Observations 3734 

LL -5646.64 
𝝆𝟎
𝟐 0.44 

AIC 11351.3 
Note: ***, **, * significant at 1%, 5%, 10% level. 

Table 5.7 Estimation Results for MNL model without segmentation  

Basic MNL Model 
Parameters Estimates T-values 

LCMorn 3.99*** 15.18 
LCNight 2.93*** 11.05 
NFMorn 3.89*** 12.85 
NFMD 4.73*** 15.82 
NFAft 4.44*** 14.73 
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NFNight 2.88*** 9.25 
SFMorn 3.87*** 10.07 
SFMD 5.04*** 13.31 
SFAft 4.39*** 11.53 

SFNight 2.84*** 6.97 
FFMorn 4.83*** 10.46 
FFMD 5.60*** 12.24 
FFAft 5.35*** 11.64 

FFNight 3.90*** 8.17 
Price -0.010*** -13.15 

Observations 3734 
LL -6875.1381 

𝑹𝟐 (𝑳𝑳𝟎 ) 0.32 
AIC 13780.28 

Note: ***, **, * significant at 1%, 5%, 10% level. 

Segmentation by trip purpose has long been applied in air travel choice studies to 

capture the heterogeneous preference of travellers with distinct trip purposes (Belobaba 

et al., 2009:62). Typically, people travelling for business reasons are believed to have 

less flexibility and control over their trips, as their activities after arrival are often tied to 

a restricted schedule, which, on many occasions, cannot be planned a long time in 

advance. In comparison, leisure travellers are more flexible in travel time, but they are 

normally paying for their own trip, which makes them much more sensitive to the ticket 

price than many business travellers (Botimer 1993). To test the difference in preference 

structures based on the purpose of travel, separate MNL models have been estimated for 

the business and non-business segments. 

As shown in Table 5.8, the business travellers are lessnot sensitive to ticket price, but an 

opposite result is obtained from the model estimated for the non-business segment. 

Compared to the pooled data ML model, estimating separate models gives a statistically 

significant improvement in the model fit. The likelihood ratio test statistic is 

601.44~χ(29)d.f.
2 , with a 95% critical value of 42.56, suggesting that the behaviour of 

the business and non-business travellers are significantly different from each other and 

should be estimated separately. Furthermore, a mixed logit with systematic taste 

variation in the parameter for price and specific random effects for each class was run. 

The maximum likelihood was 5410 leading to test statistic of 128~χ(14)d.f.2 . 
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337.2~χ(15)d.f.
2 , with a 95% critical value of 25.0. The remainder of the study 

investigates ticket choice behaviour separately for the business and non-business 

segments. 

Table 5.8 The MNL model with Exogenous Segmentation based on Trip Purposes  

MNL ML Model with Exogenous Segmentation 
 Business Non-Business 

Parameters Estimates T-values Estimates T-Values 
LCMorn -1.05 -1.30 7.21*** 14.94 
LCNight -1.25 -1.59 5.62*** 11.52 
NFMorn 0.10 0.13 7.56*** 14.42 
NFMD 0.11 0.14 8.51*** 16.39 
NFAft -1.20 -1.31 8.36*** 15.85 

NFNight -0.95 -1.15 6.29*** 11.29 
SFMorn 0.64 0.68 8.28*** 12.43 
SFMD 1.74* 1.88 8.59*** 12.15 
SFAft 1.46 1.57 8.97*** 13.66 

SFNight -0.94 -0.92 7.31*** 9.96 
FFMorn -0.17 -0.15 5.32*** 2.92 
FFMD 1.52 1.36 9.95*** 11.79 
FFAft 1.84* 1.66 9.73*** 11.17 

FFNight 0.51 0.46 9.38*** 11.12 
Price -0.003 -1.48 -0.022*** -15.81 

Std. Devs. Of Random Effects 
LCMorn 2.64*** 4.36 2.78*** 11.54 
LCNight 1.60*** 2.80 2.06*** 9.08 
NFMorn 2.70*** 8.99 1.31*** 7.06 
NFMD 4.68*** 9.82 1.59*** 10.13 
NFAft 5.08*** 8.22 1.71*** 9.82 

NFNight 2.73*** 6.51 1.22*** 4.99 
SFMorn 1.82*** 6.77 0.26 0.56 
SFMD 2.75*** 8.23 2.91*** 9.40 
SFAft 1.51*** 4.16 1.08*** 4.82 

SFNight 1.23*** 3.39 1.14*** 3.55 
FFMorn 2.81*** 7.23 5.37*** 3.57 
FFMD 2.28** 8.75 2.51*** 7.55 
FFAft 1.47*** 6.37 1.93*** 5.50 

FFNight 0.01 0.05 0.64 1.29 
Observations 1227 2507 

LL -1730.96 -3614.96 
𝝆𝟎
𝟐 0.48 0.47 

AIC 3519.9 8470.91 
Note: ***, **, * significant at 1%, 5%, 10% level. 

 

5.3.2 Estimation of the Availability Models 
As in the simulation studies of Chapter 4, the mother-logit-based IIA test is performed 

for the purpose of identifying whether a more complex model is required. When IIA 

holds, the LL ratio test between the standard logit model and the partial mother-logit 

model cannot be rejected, and the cross-effects in the availability model will be 
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insignificant. If IIA is found not to hold, the LL ratio test will be rejected and the 

elements in the cross-effects matrix will be significant.  

There are potentially 182 cross-effects to be tested in a complete availability model. The 

estimation complexity is reduced by estimating a number of availability models 

incorporating a subset of the possible cross-effects each time. Three ‘partial’ availability 

models are estimated, each containing only one category of the following cross-effects. 

Together, these models cover all the possible 2-way availability cross-effects. 

a) the cross alternative availability effects between fare products on the same 

flights;  

b) the cross alternative availability effects between the same fare classes on parallel 

flights; and 

c) the cross alternative availability effects between different fare classes on parallel 

flights. 

Only the cross-effects significant at least at the 10% level are kept for estimation of the 

availability choice model. The results for the business segment are shown in Table 5.9, 

and the results for the non-business segment are given in Table 5.10. In each case, the 

availability coefficients maintained in the full availability specificat ion are given in the 

14 by 14 matrix at the bottom of the tables – blank cells indicate ‘not significant at the 

10% level’. 
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Table 5.9 The IIA test for Customers in the Business Segment  
 Coefficient T-Test 

LCMorn 0.06 0.12 
LCNight -1.10** -1.99 
NFMorn 1.20** 2.27 
NFMD 1.90*** 3.64 
NFAft 1.62*** 3.05 

NFNight 0.27 0.51 
SFMorn 0.87 1.31 
SFMD 1.84*** 2.81 
SFAft 1.21* 1.83 

SFNight -0.62 -0.87 
FFMorn 1.14 1.43 
FFMD 1.98** 2.51 
FFAft 1.74** 2.21 

FFNight 0.14 0.17 
Price -0.002 -1.52 

Observations 1227 𝝌𝟐(𝟑𝟐) 139.11 (46.19) 
LL -2247.8789 AIC 4589.75 

Cross-Effects With the Presence of 
Choice of LCMorn LCNight NFMorn NFMD NFAft NFNight SFMorn SFMD SFAft SFNight FFMorn FFMD FFAft FFNight 
LCMorn --             0.42** 
LCNight  --     -0.73**        
NFMorn   --  0.23** -0.32*** -0.21* 0.20*     0.20*  
NFMD   0.22** --          0.26*** 
NFAft    -0.24** --     0.34***   0.31***  

NFNight      --         
SFMorn   -0.32** 0.25* 0.27**  --    -0.42***   0.31** 
SFMD   0.23** -0.51***    --    -0.21**   
SFAft     -0.44***    --      

SFNight      -0.51*    --     
FFMorn     0.28**      --    
FFMD            --   
FFAft   0.25**         -0.31*** --  

FFNight           -0.47**   -- 
In all tables: LC represents the low cost carrier; NF represents the non-flexible fare class;  
                    SF is the semi-flexible fare class; FF is the fully-flexible fare class;  
                    MD represents the midday flights; and Aft represents the afternoon flights. 
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Table 5.10 The IIA test for Customers in the Non -Business Segment 
 Coefficient T-Test 

LCMorn 5.97*** 17.15 
LCNight 4.80*** 13.87 
NFMorn 5.66*** 14.16 
NFMD 6.60*** 16.69 
NFAft 6.33*** 15.83 

NFNight 4.51*** 10.81 
SFMorn 5.53*** 10.61 
SFMD 7.22*** 14.38 
SFAft 6.41*** 12.61 

SFNight 5.05*** 9.41 
FFMorn 7.05*** 11.35 
FFMD 7.81*** 12.84 
FFAft 7.43*** 11.96 

FFNight 6.00*** 8.83 
Price -0.016*** -2.57 

Observations 2507 𝝌𝟐(𝟑𝟐) 154.53 (47.40) 
LL -4143.19 AIC 8382.38 

Cross-Effects With the Presence of 
Choice of LCMorn LCNight NFMorn NFMD NFAft NFNight SFMorn SFMD SFAft SFNight FFMorn FFMD FFAft FFNight 
LCMorn --         -0.16**     
LCNight -0.22** --             
NFMorn -0.34***  --  -0.17**          
NFMD    --           
NFAft     --   0.15**       

NFNight    -0.33**  -- 0.29**        
SFMorn     0.46*** 0.35** --        
SFMD 0.22**       --       
SFAft 0.27**    -0.26**   -0.30*** --      

SFNight          --     
FFMorn 0.32*  0.32* 0.35**       --    
FFMD 0.33**        -0.28**   --   
FFAft            -0.58*** --  

FFNight     0.80**         -- 
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Business travel availability model 

Compared to the MNL model with exogenous segmentation, the incorporation of the 

availability cross-effects increases the model fitness – the likelihood ratio statistic 

139.1~χ(32)d.f.
2  with a 95% critical value of 46.2, and several cross effects in the cross-

effect matrix are highly significant.  

Recalling the discussion of the cross-effects in the simulation studies of Chapter 4, a 

negatively significant cross-effect suggests close substitution between alternatives, 

while a positively significant cross-effect indicates dissimilarity between alternatives. 

For the business segment, 12 negative and 13 positive cross-effects are found to be 

significant at the 10% level. The negatively significant cross-effects are between 

alternatives on either the non-working hour flights or the working hour flights. Within 

each time slot, the substitutions occur between alternatives within the same fare class or 

between two very close fare classes (e.g. NF and SF, or SF and FF). The positively 

significant cross-effects are just the opposite – the alternatives are either from different 

time slots or between very distinct fare classes, and sometimes even both. Such a 

pattern, summarised in Table 5.11, suggests that while estimating the fare product 

choice of business travellers, the alternatives in the model should be nested according to 

the peak/off-peak time flights in addition to the flexibility of fare classes.  
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Table 5.11 Significant Cross-Effects in the Availability Model for the Business Segment  

Negatively significant Cross-Effects 
Choice of in the presence of Coefficient T-value 

Non-working hours 
LCNight SFMorn -0.73** -2.23 
NFMorn NFNight -0.32*** -2.71 
NFMorn SFMorn -0.21* -1.78 
SFMorn NFMorn -0.32** -2.28 
SFMorn FFMorn -0.42*** -4.66 
SFNight NFNight -0.51* -1.81 
FFNight FFMorn -0.47** -2.15 

Working hours 
NFAft NFMD -0.24** -2.26 
SFMD NFMD -0.51*** -4.66 
SFMD FFMD -0.21** -1.99 
SFAft NFAft -0.44*** -3.20 
FFAft FFMD -0.31*** -2.63 

Positively significant Cross-Effects 
LCMorn FFNight 0.42** 2.24 
NFMorn NFAft 0.23** 1.97 
NFMorn SFMD 0.20* 1.68 
NFMorn FFAft 0.20* 1.70 
NFMD NFMorn 0.22** 2.38 
NFMD FFNight 0.26*** 2.79 
NFAft SFNight 0.34*** 3.18 
NFAft FFAft 0.31*** 2.92 

SFMorn NFMD 0.25* 1.79 
SFMorn NFAft 0.27** 1.99 
SFMorn FFNight 0.31** 2.23 
FFMorn NFAft 0.28** 1.99 
FFAft NFMorn 0.25** 2.15 

Note: ***, **, * significant at 1%, 5%, 10% level. 

 

Non-Business travel availability model 

For the non-business segment, the incorporation of the availability cross-effects also 

increases the model fitness. The likelihood ratio statistic 154.53~χ(33)d.f.2  with a 95% 

critical value of 47.40. Several availability cross-effects are observed to be highly 

significant. These effects are summarised in Table 5.12 below. In contrast to business 

travellers, time of day to travel is of less concern to non-business travellers who prefer 

the NF fares. For those who choose the higher-priced fare classes, the alternatives on the 

peak time flights are substitutable. The positively significant cross-effects are largely 

opposite to the substitution pattern. As shown in Table 5.12, most of the positive cross-

effects are from different fare classes; fare products from the morning and night flights 

are also less substitutable. Therefore, when choice models are generated for the non-
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business travellers, alternatives should be partitioned into nests according to the fare 

class labels as well as the departure time of the flights. 

Table 5.12 Significant Cross-Effects in the Availability Model for the Non -Business Segment 

Negatively significant Cross-Effects 
Choice of in the presence of Coefficient T-value 

within the NF fare class  
LCNight LCMorn -0.22** -2.35 
NFNight NFMD -0.33** -2.26 
NFMorn LCMorn -0.34*** -3.69 
NFMorn NFAft -0.17** -2.03 

Within the more flexible fare classes 
SFAft SFMD -0.30*** -2.58 
FFMD SFAft -0.28** -2.13 
FFAft FFMD -0.58*** -3.41 

Others 
LCMorn SFNight -0.16** -2.57 
SFAft NFAft -0.26** -2.15 

positively significant Cross-Effects 
NFAft SFMD 0.15*** 2.11 

NFNight SFMorn 0.29** 2.14 
SFMorn NFAft 0.46*** 2.60 
SFMorn NFNight 0.35** 2.00 
SFMD LCMorn 0.22** 2.51 
SFAft LCMorn 0.27** 2.34 

FFMorn LCMorn 0.32* 1.80 
FFMorn NFMorn 0.32* 1.85 
FFMorn NFMD 0.35** 1.98 
FFMD LCMorn 0.33** 2.49 

FFNight NFAft 0.80** 2.43 
Note: ***, **, * significant at 1%, 5%, 10% level. 

Based on the preliminary estimation, error structures can be introduced into the fare 

product choice models. The estimation results of these models are presented in Section 

5.4 below.  

 

5.4 Estimating the Fare Product Choice Behaviour of 
Air Travellers using Mixed Logit Models 

In the preliminary estimation, the exogenous segmentation by trip purpose effectively 

revealed the heterogeneous behaviour between the time-sensitive business travellers and 

price-sensitive non-business travellers. This is consistent with the findings in many air 

travel choice studies (e.g. Proussaloglou & Koppelman (1995), Pels, Nijkamp & 



149 

Rietveld (2003), Alder, Falzarano & Spitz (2005), Hess & Polak (2006 a,b), Hess, Adler 

& Polak (2007), Pels, Njegovan & Behrens (2009), and Ishii, Jun & van Dender (2009)).  

Besides the trip purpose, the heterogeneous behaviour of the air travellers also can be 

affected by socio-demographics and other trip-related characteristics. For example, Hess 

& Polak (2005 a,b, 2006 a,b), and Warburg, Bhat & Adler (2006) have shown that 

income tends to have a significant impact on travellers’ sensitivity to air fares. Also, as 

discussed in the earlier chapters, the application of differential pricing strategies has 

encouraged the price-sensitive customers to book in advance. Therefore, in this study 

income and pre-booking behaviour of the respondents are treated as indicator variables 

explaining the heterogeneity around the mean of a normally distributed random price 

effect. The income variable is equal to one when a respondent belongs to the low to 

medium income groups with monthly salary less than ￥5000. The pre-booking variable 

is equal to one if the fare product is booked within one week of the flight departure.  

Proussaloglou & Koppelman (1995) in a carrier choice study showed that travellers’ 

evaluation of air fares tends to be affected by their previous experience, information 

about, and biases towards the carriers that offered these fares. Therefore, a separate 

price attribute is assigned to the alternatives labelled as ‘low-cost’.  

5.4.1 Developing the Error Structure in the Mixed Logit Model 
for Business Travellers 

In the IIA test, business travellers tend to exhibit strong time of day preference, and they 

are more likely to buy across fare classes. Such a behaviour pattern can be presented by 

the following error structure in Table 5.13.  
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Table 5.13 the Error Structure in the ML Models (Business)  

Alternative off-peak low-flex  
(OPLF) 

peak low-flex  
(PLF) 

off-peak flex  
(OPF) 

peak flex  
(PF) 

LCMorn *    
LCNight *    
NFMorn *    
NFMD  *   
NFAft  *   

NFNight *    
SFMorn *  *  
SFMD  *  * 
SFAft  *  * 

SFNight   *  
FFMorn   *  
FFMD    * 
FFAft    * 

FFNight   *  

As shown in Table 5.13, the fare products alternatives are classified into four nests. The 

first nest labelled as ‘off-peak low-flex’, consists of non-flexible fares on the 8:00am 

morning or the 8:00pm evening flight, but due to the strong substitution between the 

non-flexible fares and the semi-flexible morning fare, the latter is also incorporated into 

this nest. The nest labelled as ‘peak low-flex’ includes non-flexible and semi-flexible 

fare products on the midday and afternoon flights. The other two nests with the label 

‘flex’ consist of fare products in the semi-flexible and the full-flexible fares.  

The above model specifications yield the estimation results in Table 5.14 below. The 

above model specifications yield the estimation results in Table 5.14 below. The sign of 

all the posterior parameter estimates were negative (that is 0% having the wrong sign). 

This result is presented in Figure A4.1, Appendix A4.3. For the business segment, the 

carrier brand does not generate significant impact on customers’ sensitivity to price. The 

highly significant price coefficient suggests that business travellers are not entirely price 

inelastic as many traditional RM models assumed. According to an air travel study 

conducted by Mason (2000), a great proportion of business travellers (40% in UK) are, 

in fact, frequently travelled on low-cost carrier. The choice of the cheaper low-cost fares, 

to some extent, indicate that business travellers are not likely to be insensitive to price. 

Therefore, a single price coefficient is applied in the utility function for all fare product 

alternatives. Passengers travelling on business are less sensitive to price. For the 
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business segment, the carrier brand does not generate significant impact on customers’ 

sensitivity to price. Therefore, a single price coefficient is applied in the utility function 

for all fare product alternatives. The negatively significant Income effect suggests that 

business travellers with lower income are more sensitive to the ticket price. The 

positively significant Pre-Booking effect indicates that business travellers who booked 

their tickets within one week before departure are less sensitive to the ticket price.  

Table 5.14 Parameter Estimates in the Mixed Logit Model (Business Segment)  

The Mixed Logit Model  
Business 

 Estimates T-values 
Fixed Parameters 

LCMorn -0.94 -1.09 
LCNight -1.91** -2.15 
NFMorn 0.57 0.62 
NFMD 3.28*** 4.32 
NFAft 2.83*** 3.63 

NFNight -0.59 -0.65 
SFMorn -1.60 -1.33 
SFMD 3.12*** 3.16 
SFAft 2.42** 2.50 

SFNight -1.14 -1.07 
FFMorn 1.03 0.84 
FFMD 3.15*** 2.92 
FFAft 2.71** 2.47 

FFNight -0.31 -0.25 
Random Parameter 

Price -0.006*** -3.08 
Heterogeneity in Mean 

Pre-Booking 0.003*** 2.96 
Income -0.002** -1.96 

Std. Devs. of Random Parameter 
Price 0.003*** 3.50 

Std. Devs. of Random Effects 
Off-Peak Non-Flex 3.73*** 6.50 

Peak Non-Flex 3.03*** 8.44 
Off-Peak Flex 3.58*** 6.50 

Peak Flex 2.95*** 8.72 
Observations 1227 

LL -1611.7823 
𝝆𝟎
𝟐𝑹𝟐  (𝑳𝑳𝟎 ) 0.52 

AIC 3207.5646 
Note: ***, **, * significant at 1%, 5%, 10% level.  
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5.4.2 Developing the Error Structure in the Mixed Logit Model 
for Non-Business Travellers 

For the non-business segment, alternatives are classified according to the fare 

restrictions of each fare class (non-flexible, semi-flexible and full- flexibility) and the 

departure time of flights (morning, day time, evening). As in the IIA test, substitutions 

are observed between the midday and afternoon flights; these are combined into one 

nest, labelled as ‘day time’ flights. Such a structure leads to a total of six nests shown in 

Table 5.15 below. 

Table 5.15 the Error Structure in the ML Models (Non -Business) 

Alternative Non-Flexible 
(NF)  

Semi-Flexible  
(SF) 

Full-Flexible 
(FF)  

Morning  
(M) 

Day Time  
(D) 

Evening  
(E) 

LCMorn *   *   
LCNight *     * 
NFMorn *   *   
NFMD *    *  
NFAft *    *  

NFNight *     * 
SFMorn  *  *   
SFMD  *   *  
SFAft  *   *  

SFNight  *    * 
FFMorn   * *   
FFMD   *  *  
FFAft   *  *  

FFNight   *   * 

For the non-business model, the sign of all the posterior parameter estimates were 

negative (that is 0% having the wrong sign).  This result is presented in Figure A4.2, 

Appendix A4.3. As shown in Table 5.16, significantly different price coefficients are 

obtained for the fare products of the low cost carrier and the major carrier. Within the 

sampled individuals, those who chose fare products from the low cost carrier are more 

sensitive to the ticket price than those who purchased from the major carrier. Taste 

variations are observed between travellers from the lower income group and those with 

higher income, the latter being less sensitive to the price of the low-cost fare products. 

In terms of the Pre-Booking behaviour, the non-business travellers who booked their 

tickets within one week of departure are more price elastic to the low-cost fare products.  



153 

The incorporation of travellers’ information significantly improved the fitness of the 

choice models. For both the business and non-business segments, sufficient taste 

variations exist to cause significant parameter estimates of the error components. 

Although other ECM structures have been tested, they are less fit. the statistics of 

overall model fit (e.g. ρ02 and AIC) are much lower than the ECMs generated according 

to the availability models.  

Table 5.16 Parameter Estimates in the Mixed Logit Model (Non -Business Segment) 

The Mixed Logit Model 
Non-Business 

 Estimates T-values 
Fixed Parameters 

LCMorn 15.87*** 15.30 
LCNight 13.59*** 13.49 
NFMorn 9.15*** 15.29 
NFMD 11.21*** 18.19 
NFAft 10.79*** 17.02 

NFNight 7.63*** 11.42 
SFMorn 7.98*** 10.52 
SFMD 10.58*** 14.03 
SFAft 9.74*** 13.06 

SFNight 6.53*** 7.49 
FFMorn 7.77*** 7.90 
FFMD 10.14*** 10.42 
FFAft 9.75*** 9.82 

FFNight 6.80*** 6.17 
Price Coefficients 

Price (LC) -0.045*** -14.46 
Price (Major) -0.020*** -12.60 

Heterogeneity in Mean Price (Major) 
Pre-Booking 0.002 1.63 

Income -0.007*** -7.06 
Std. Devs. of Price (Major) 
NsPrice (Major) 0.007*** 13.00 

Std. Devs. of Random Effects 
Non-Flex 3.43*** 13.99 
Semi-Flex 1.55*** 6.25 
Full-Flex 2.11*** 7.28 
Morning 2.56*** 12.75 
Day Time 1.63*** 8.69 
Evening 2.11*** 8.69 

Observations 2507 
LL -2867.0282 

𝝆𝟎
𝟐𝑹𝟐 (𝑳𝑳𝟎 ) 0.58 

AIC 5712.0564 
Note: ***, **, * significant at 1%, 5%, 10% level.  
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5.5 Identifying Non-RUM Decision Rules   
As shown in the last simulation study of Chapter 4, the use of RUM models can be less 

effective when multiple decision rules exist in a population. This is because the 

homogenous utility maximising rule tends to exaggerate the switching behaviour 

between fare classes. When the existence of non-RUM decision rules is known for 

certain, the use of an availability design can effectively identify the decision rule 

heterogeneity based on choice observations on decision makers.  

In the real airline markets, however, the existence of non-RUM decision rules is not 

known for certain, since it is generally impractical to present all possible fare product 

combinations to each individual traveller. The use of design fractions tends to  

overestimate the number of decision makers with non-RUM behaviour. For this reason, 

attribute ranking data collected in the first part of the questionnaire are also applied to 

help in identifying the non-RUM decision rules.  

As multiple fare products are involved in this experiment, two types of yieldable 

traveller are identified: 

 those who (a) persistently choose from the available non-flexible fare 

products, (b) decide not to travel when the non-flexible fare products are gone, 

and (c) state ‘discount’ to be the most important feature affecting their ticket 

choice; and 

 those who (a) persistently choose from the available semi- or full- flexible fare 

products, (b) decide not to travel when these fare products are gone, and (c) 

do not state ‘discount’ to be the most important feature affecting their ticket 

choice. 

In the following discussion, the former type of yieldable traveller will be called 

yieldable travellers with non-trading behaviour for the non-flexible fares; such 
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behaviour is denoted as 𝑌𝐷𝑁𝐹  during estimation (see Equation 5.1). Based on this 

definition, 2% of the business travellers and 47% of the non-business travellers have 

been identified to exhibit such yieldable behaviour.  

The other type of yieldable traveller will be called yieldable travellers with non-trading 

behaviour for flexible fares; such behaviour is denoted as 𝑌𝐷𝐹 during estimation (see 

Equation 5.1). Based on this definition, 30% of the business travellers and 10% of the 

non-business travellers are identified to have this type of yieldable behaviour. The 

following discussion is in terms of non-trading behaviour which is observed in both 

types of yieldable travellers. Unfortunately, since only two choice scenarios in the 

experimental design exclude all the NF fares, and each respondent was only presented 

with a fraction of the choice scenarios, priceable travellers cannot be identified in this 

study.  

As the existence of non-RUM decision rules is not known for certain, the behaviour of 

yieldable travellers will not be estimated under separate models, but rather as an 

indicator variable entering the observed utility of a RUM model. In such a case, when a 

traveller exhibits the yieldable behaviour, a positive or negative term will be added to 

the constant utility. In the business segment, only the non-trading behaviour for flexible 

fares is considered, as not enough information was obtained to allow the estimation of 

the non-trading for non-flexible fares. 

For the business segment,  

𝑈𝐿𝐶𝑀𝑜𝑟𝑛 = 𝛼𝐿𝐶𝑀𝑜𝑟𝑛 +𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹+ 𝑒𝑂𝑃𝐿𝐹 + 휀𝐿𝐶𝑀𝑜𝑟𝑛  

                                                                                                                                     (5.1a) 
𝑈𝐿𝐶𝑁𝑖𝑔ℎ𝑡 = 𝛼𝐿𝐶𝑁𝑖𝑔ℎ𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐿𝐹 + 휀𝐿𝐶𝑁𝑖𝑔ℎ𝑡  

                                                                                                                                     (5.1b) 
𝑈𝑁𝐹𝑀𝑜𝑟𝑛 = 𝛼𝑁𝐹𝑀𝑜𝑟𝑛 + 𝛽× 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐿𝐹 + 휀𝑁𝐹𝑀𝑜𝑟𝑛   

                                                                                                                                     (5.1c) 
𝑈𝑁𝐹𝑀𝐷 = 𝛼𝑁𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹 + 𝑒𝑃𝐿𝐹 + 휀𝑁𝐹𝑀𝐷  
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                                                                                                                                     (5.1d) 
𝑈𝑁𝐹𝐴𝑓𝑡 = 𝛼𝑁𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹 + 𝑒𝑃𝐿𝐹 + 휀𝑁𝐹𝐴𝑓𝑡  

                                                                                                                                     (5.1e) 
𝑈𝑁𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝑁𝐹𝑁𝑖𝑔ℎ𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹 × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐿𝐹 + 휀𝑁𝐹𝑁𝑖𝑔ℎ𝑡   

                                                                                                                                      (5.1f) 
𝑈𝑆𝐹𝑀𝑜𝑟𝑛  = 𝛼𝑆𝐹𝑀𝑜𝑟𝑛 + 𝛽× 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹

′ × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝑁𝐹 + 𝑒𝑂𝑃𝐹 + 휀𝑆𝐹𝑀𝑜𝑟𝑛   

                                                                                                                                     (5.1g) 
𝑈𝑆𝐹𝑀𝐷 = 𝛼𝑆𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹

′ × 𝑌𝐷𝐹 + 𝑒𝑃𝐿𝐹 + 𝑒𝑃𝐹 + 휀𝑆𝐹𝑀𝐷  

                                                                                                                                     (5.1h) 
𝑈𝑆𝐹𝐴𝑓𝑡 = 𝛼𝑆𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹

′ × 𝑌𝐷𝐹 + 𝑒𝑃𝐿𝐹 + 𝑒𝑃𝐹 + 휀𝑆𝐹𝐴𝑓𝑡   

                                                                                                                                      (5.1i) 

𝑈𝑆𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝑆𝐹𝑁𝑖𝑔ℎ𝑡 +𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐹 + 휀𝑆𝐹𝑁𝑖𝑔ℎ𝑡   

                                                                                                                                      (5.1j) 

𝑈𝐹𝐹𝑀𝑜𝑟𝑛 = 𝛼𝐹𝐹𝑀𝑜𝑟𝑛 + 𝛽× 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐹 + 휀𝐹𝐹𝑀𝑜𝑟𝑛   

                                                                                                                                     (5.1k) 

𝑈𝐹𝐹𝑀𝐷 = 𝛼𝐹𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝑃𝐹  + 휀𝐹𝐹𝑀𝐷   

                                                                                                                                      (5.1l) 
𝑈𝐹𝐹𝐴𝑓𝑡 = 𝛼𝐹𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹

′ × 𝑌𝐷𝐹 + 𝑒𝑃𝐹  + 휀𝐹𝐹𝐴𝑓𝑡   

                                                                                                                                    (5.1m) 
𝑈𝐹𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝐹𝐹𝑁𝑖𝑔ℎ𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝐹

′ × 𝑌𝐷𝐹 + 𝑒𝑂𝑃𝐹 + 휀𝐹𝐹𝑁𝑖𝑔ℎ𝑡   

                                                                                                                                     (5.1n) 
𝑈𝑁𝑇 =+휀𝑁𝑇   

                                                                                                                                     (5.1o) 

The utility function for non-business travellers considers the behaviour of both 𝑌𝐷𝑁𝐹 

and 𝑌𝐷𝐹 travellers. As the former type of traveller is only interested in the NF fares 

while the latter prefers only the flexible fares, the signs of the corresponding parameters 

for the two indicator variables are opposite. 

𝑈𝐿𝐶𝑀𝑜𝑟𝑛 = 𝛼𝐿𝐶𝑀𝑜𝑟𝑛+𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹× 𝑌𝐷𝐹+𝑒𝑁𝐹 + 𝑒𝑀 + 휀𝐿𝐶𝑀𝑜𝑟𝑛  

                                                                                                                                     (5.1a) 
𝑈𝐿𝐶𝑁𝑖𝑔ℎ𝑡 = 𝛼𝐿𝐶𝑁𝑖𝑔ℎ𝑡+𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹 ×𝑌𝐷𝐹+ 𝑒𝑁𝐹 + 𝑒𝑁 + 휀𝐿𝐶𝑁𝑖𝑔ℎ𝑡 

                                                                                                                                     (5.1b) 
𝑈𝑁𝐹𝑀𝑜𝑟𝑛 = 𝛼𝑁𝐹𝑀𝑜𝑟𝑛+𝛽 ×𝑃𝑟𝑖𝑐𝑒 + 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹× 𝑌𝐷𝐹+ 𝑒𝑁𝐹 + 𝑒𝑀 + 휀𝑁𝐹𝑀𝑜𝑟𝑛 

                                                                                                                                     (5.1c) 
𝑈𝑁𝐹𝑀𝐷 = 𝛼𝑁𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹× 𝑌𝐷𝐹+𝑒𝑁𝐹 + 𝑒𝐷 + 휀𝑁𝐹𝑀𝐷  
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                                                                                                                                     (5.1d) 
𝑈𝑁𝐹𝐴𝑓𝑡 = 𝛼𝑁𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹× 𝑌𝐷𝐹+𝑒𝑁𝐹 + 𝑒𝐷 + 휀𝑁𝐹𝐴𝑓𝑡 

                                                                                                                                     (5.1e) 
𝑈𝑁𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝑁𝐹𝑁𝑖𝑔ℎ𝑡+𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹× 𝑌𝐷𝑁𝐹+𝛾𝐹× 𝑌𝐷𝐹+ 𝑒𝑁𝐹 + 𝑒𝑁 + 휀𝑁𝐹𝑁𝑖𝑔ℎ𝑡 

                                                                                                                                      (5.1f) 
𝑈𝑆𝐹𝑀𝑜𝑟𝑛 = 𝛼𝑆𝐹𝑀𝑜𝑟𝑛+ 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹

′ × 𝑌𝐷𝑁𝐹+ 𝛾𝐹
′ ×𝑌𝐷𝐹 + 𝑒𝑆𝐹+𝑒𝑀 + 휀𝑆𝐹𝑀𝑜𝑟𝑛 

                                                                                                                                     (5.1g) 
𝑈𝑆𝐹𝑀𝐷 = 𝛼𝑆𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹

′ ×𝑌𝐷𝑁𝐹+ 𝛾𝐹
′ ×𝑌𝐷𝐹 + 𝑒𝑆𝐹 + 𝑒𝐷 + 휀𝑆𝐹𝑀𝐷 

                                                                                                                                     (5.1h) 
𝑈𝑆𝐹𝐴𝑓𝑡 = 𝛼𝑆𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹

′ ×𝑌𝐷𝑁𝐹 +𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝑆𝐹 + 𝑒𝐷 + 휀𝑆𝐹𝐴𝑓𝑡 

                                                                                                                                      (5.1i) 
𝑈𝑆𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝑆𝐹𝑁𝑖𝑔ℎ𝑡+𝛽 ×𝑃𝑟𝑖𝑐𝑒 + 𝛾𝑁𝐹

′ × 𝑌𝐷𝑁𝐹+𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝑆𝐹 + 𝑒𝑁 + 휀𝑆𝐹𝑁𝑖𝑔ℎ𝑡  

                                                                                                                                      (5.1j) 
𝑈𝐹𝐹𝑀𝑜𝑟𝑛 = 𝛼𝐹𝐹𝑀𝑜𝑟𝑛+𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹

′ × 𝑌𝐷𝑁𝐹+𝛾𝐹
′ ×𝑌𝐷𝐹 + 𝑒𝐹𝐹+ 𝑒𝑀 + 휀𝐹𝐹𝑀𝑜𝑟𝑛 

                                                                                                                                     (5.1k) 
𝑈𝐹𝐹𝑀𝐷 = 𝛼𝐹𝐹𝑀𝐷 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒+ 𝛾𝑁𝐹

′ ×𝑌𝐷𝑁𝐹 +𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝐹𝐹 + 𝑒𝐷 + 휀𝐹𝐹𝑀𝐷 

                                                                                                                                      (5.1l) 
𝑈𝐹𝐹𝐴𝑓𝑡 = 𝛼𝐹𝐹𝐴𝑓𝑡 + 𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝑁𝐹

′ × 𝑌𝐷𝑁𝐹+𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝐹𝐹 + 𝑒𝐷 + 휀𝐹𝐹𝐴𝑓𝑡 

                                                                                                                                    (5.1m) 
𝑈𝐹𝐹𝑁𝑖𝑔ℎ𝑡 = 𝛼𝐹𝐹𝑁𝑖𝑔ℎ𝑡+𝛽 × 𝑃𝑟𝑖𝑐𝑒 + 𝛾𝑁𝐹

′ ×𝑌𝐷𝑁𝐹 +𝛾𝐹
′ × 𝑌𝐷𝐹 + 𝑒𝐹𝐹 + 𝑒𝑁 + 휀𝐹𝐹𝑁𝑖𝑔ℎ𝑡 

                                                                                                                                     (5.1n) 

𝑈𝑁𝑇 =+휀𝑁𝑇  

                                                                                                                                     (5.1o) 

Table 5.17 presents the estimation results of the ML models based on the above utility 

specification. As in the previous model, the no-choice option is the base alternative with 

observed utility equal to zero. 

For both of the segments, taste variations lead to significant estimates of the random 

price coefficients. The means of the price coefficients are also significant with correct 

signs. As in the previous section, the number of false positive individual price 

coefficients is checked first with results presented in in Appendix A4.3. As shown in 

these tables, none of the price coefficients are above zero. For the business segment, the 

significant and positive Pre-Booking parameter suggests that individuals who booked 
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their tickets within one week before departure were less sensitive to ticket price. The 

negative Income parameter in the non-business model indicates that lower- income 

individuals tend to be more price-sensitive. Such a result is consistent with the previous 

findings in the mixed logit models. 

However, repeated choices are not always obtainable for analysts. Even if they are 

obtainable, it is seldom practical to present all possible choice combinations to a single 

respondent. For most of the time, the identification of choice behaviour relies heavily on 

the readily available data in an airline’s revenue management system (RMS).  

Table 5.17 Parameter Estimates in the Mixed Logit Models Considering Non -Trading Behaviour 
Mixed Logit Models Considering Non-Trading Behaviour 

Business Non-Business 
 Estimates T-values  Estimates T-values 

Fixed Parameters Fixed Parameters 
LCMorn -0.29 -0.41 LCMorn 13.07*** 12.17 
LCNight -1.30* -1.77 LCNight 10.90*** 10.37 
NFMorn 1.21 1.53 NFMorn 7.23*** 12.11 
NFMD 3.10*** 4.23 NFMD 9.13*** 15.23 
NFAft 2.57*** 3.44 NFAft 8.71*** 14.12 

NFNight 0.17 0.21 NFNight 5.69*** 8.12 
SFMorn -2.36** -2.16 SFMorn 7.38*** 10.00 
SFMD 1.67* 1.81 SFMD 10.01*** 14.06 
SFAft 0.96 1.05 SFAft 9.20*** 13.05 

SFNight -2.43** -2.45 SFNight 5.83*** 6.29 
FFMorn -0.30 -0.25 FFMorn 7.55*** 8.32 
FFMD 1.94* 1.90 FFMD 9.78*** 10.35 
FFAft 1.53 1.49 FFAft 9.36*** 9.77 

FFNight -1.59 -1.34 FFNight 6.54*** 6.15 
   Price (Low Cost) -0.041*** -13.08 

Impact of Decision Rule Heterogeneity Impact of Decision Rule Heterogeneity 
YD𝐹 on NF Fares -5.99*** -5.71 𝑌𝐷𝑁𝐹 on NF Fares 3.19*** 8.73 
𝑌𝐷𝐹 on SF/FF Fares 2.76*** 4.12 𝑌𝐷𝑁𝐹 on SF/FF Fares -3.14*** -6.01 

   YD𝐹 on NF Fares -3.07*** -2.51 
   𝑌𝐷𝐹 on SF/FF Fares 5.62*** 6.60 

Random Price Coefficient Random Price Coefficient 
Price  -0.005** -2.35 Price (Major) -0.021*** -13.87 

Heterogeneity in Mean Heterogeneity in Mean 
Booking Late 0.002* 1.80 Booking Late 0.001 0.61 
Low Income -0.002 -1.49 Low Income -0.004*** -4.53 

Standard Deviation Standard Deviation 
Price 0.002*** 2.87 Price 0.001*** 12.71 

Latent random effects Latent random effects 
Off-Peak Non-Flex 3.33*** 6.91 Non-Flex 1.92*** 9.06 

Peak Non-Flex 3.10*** 7.82 Semi-Flex 0.93*** 2.70 
Off-Peak Flex 3.24*** 6.50 Full-Flex 2.35*** 5.84 

Peak Flex 1.86*** 6.78 Morning 2.47*** 12.47 
   Day Time 1.37*** 5.69 
   Evening 2.11*** 9.07 

Observations 1227 Observations 2507 
LL -1573.0838 LL -2790.7422 

𝝆𝟎
𝟐𝑹𝟐(𝑳𝑳𝟎) 0.53 𝝆𝟎

𝟐𝑹𝟐(𝑳𝑳𝟎) 0.59 
AIC 3194.20 AIC 5639.50 

Note: ***, **, * significant at 1%, 5%, 10% level.  
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5.5.1 Logistic Regression to Identify the Yieldable Travellers: 
Business Segment 

With passenger information collected during the survey, logistic regression models have 

been developed to predict the likelihood of non-trading behaviour. The dependent 

variable in the regression model utilises the dummy variable for non-trading behaviour 

in the previous ML model, and the independent variables, booking time, loyalty 

membership, travel frequency and income, are as previously defined. Such a model 

structure is inspired by the after-hours caring study conducted by Scott (2003) who 

utilised a logistic regression model to examine factors influencing decision makers’ 

dominant attribute behaviour.  

As shown in Table 5.18, business travellers with the non-trading behaviour for flexible 

fares are more likely to be high- income frequent travellersfrequently-travelled early 

bookers. This is probably because frequent travellers tendsuch travellers tends to have 

their travel schedule planned ahead; even if changes occur, they can cancel or 

reschedule a trip easily due to the privilege of the flexible fares. Based on the result of 

the logistic regression, the likelihood of each traveller having the yieldable behaviour is 

calculated and the successful rates are reported in Table 5.18, in which the percentage of 

correct prediction is based on the 0.5 threshold. The predicted value is one when the 

probability exceeds 0.5, and zero otherwise. According to the result,  the regression 

model is more useful in identifying travellers who do not exhibit the yieldable 

behaviour.  

 
Table 5.18 Identifying Business -O riented Flex Yieldable Customers Using Available  Traveller Information  

Non-Trading Behaviour in the Business Segment 
Variables Coefficients T-values 95%  CI 
Constant -2.59*** -7.14 -- 

Late Booker (<one week) -1.10*** -3.55 (-1.70, -0.49) 
Loyalty Membership Holder 0.83*** 1.83 (0.34, 1.32) 

High Travel Frequency (> 3 times/year) 2.21*** 9.53 (1.75, 2.66) 
Higher Income (>5000 Yuan) 1.04*** 3.80 (0.50, 1.58) 

Number of Observations 634 
Model Chi-Square  -289.2734 
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Pseudo 𝑹𝟐 0.24 
Per cent 1s predicted correctly 48% 
Per cent 0s predicted correctly 80% 

Note: ***, **, * significant at 1%, 5%, 10% level.  

Table 5.18 Identifying Business-O riented Flex Yieldable Customers Using Available  Traveller Information   

Non-Trading Behaviour in the Business Segment 
Variables Coefficients T-values 95%  CI 
Constant -2.82*** -3.53 -- 

Late Booker (<one week) -0.82 -1.37 (-2.02, 0.36) 
Loyalty Membership Holder 0.84* 1.83 (-0.06, 1.75) 

High Travel Frequency (> 3 times/year) 1.71*** 2.84 (0.52, 2.89) 
Higher Income (>5000 Yuan) 0.89*** 1.75 (-0.10, 1.89) 

Number of Observations 158 
Log-likelihood  -83.57 

Pseudo 𝑹𝟐 0.13 
Per cent 1s predicted correctly 40% 
Per cent 0s predicted correctly 75% 

Note: ***, **, * significant at 1%, 5%, 10% level.  

With the above regression model, the probability of each respondent having non-trading 

behaviour is analysed. These values are input into the ML model to replace the dummy 

variable for the non-trading behaviour. As shown in Table 5.19 below, the parameter 

estimates for the probability-based non-trading variable are still significant and with 

correct signs. The fitness of the new model is no better than the previous model utilising 

the dummy variable (Table 5.17), but it is significantly better than the ML models with 

no consideration of non-trading behaviour (Table 5.14). The results indicate that such 

regressions could be used by airlines with limited data to identify non-trading behaviour.  
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Table 5.19 Mixed Logit Models Considering the Non -Trading Behaviour (Logistic Regression) 

Mixed Logit Models Considering the Non-Trading 
Behaviour (Logistic Regression) 

Variables Parameters T-values 
LCMorn -0.38 -0.46 
LCNight -1.33 -1.57 
NFMorn 1.15 1.29 
NFMD 3.67*** 4.79 
NFAft 3.15*** 4.02 

NFNight 0.12 0.13 
SFMorn -2.98** -2.38 
SFMD 1.86* 1.78 
SFAft 1.14 1.11 

SFNight -2.56** -2.14 
FFMorn -0.46 -0.35 
FFMD 2.03 1.81 
FFAft 1.61 1.41 

FFNight -1.74 -1.30 
Impact of Decision Rule Heterogeneity 

ASCs of NF 
Fares×Yieldable (Flex) -3.11*** -2.65 

ASCs of SF and FF 
Fares×Yieldable (Flex) 2.83* 1.79 

Random Price Coefficient 
Price -0.005** -2.17 

Heterogeneity in Mean 
Booking Late 0.003* 1.67 
Low Income -0.002 -1.57 

Standard Deviation 
NsPrice 0.003*** 4.02 

Latent random effects 
Off-Peak Non-Flex 3.80*** 7.41 

Peak Non-Flex 3.07*** 8.51 
Off-Peak Flex 3.96*** 6.31 

Peak Flex 2.83*** 9.44 
Observations 1227 

LL -1645.6266 
𝑹𝟐 (𝑳𝑳𝟎 ) 0.50 

AIC 3339.30 
Note: ***, **, * significant at 1%, 5%, 10% level.  

 

5.5.2 Logistic Regression to Identify the Yieldable Travellers: 
Non-Business Segment 

For the non-business segment, two logistic regression models are specified. The first 

model in Table 5.205.19 below estimates the likelihood of a non-business traveller 

having non-trading behaviour for flexible fares. As shown in the table, such a traveller 

is more likely to be high- income frequently-travelled late bookers. Such travellers tend 

to be more interested in flexible fare products, probably because they do not like to plan 

their trip early. In comparison, the behaviour of the non-business travellers shown in 
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Table 5.215.20 is just the opposite. Attracted by discount fares, these travellers have to 

book early to secure a seat. As they do not travel frequently, they are less likely to join 

the loyalty program of an airline.  

, while the model presented in Table 5.21 analyses the probability of a non-business 

traveller showing non-trading behaviour for non-flexible fares. 

Table 5.20 Identifying Non-Business-O riented Flex Yieldable Customers Using Available  Traveller Information  

Non-Business-Oriented Flex Yieldable Customer 
Variables Coefficients T-values 95%  CI 
Constant -3.55*** -18.05 -- 

Late Booker (<one week) 0.97*** 4.75 (0.57, 1.37) 
Loyalty Membership Holder -0.05 -0.20 (-0.53, 0.43) 

High Travel Frequency (> 3 times/year) 1.04*** 3.72 (0.49, 1.60) 
High Income (>5000 Yuan) 1.65*** 7.79 (1.23, 2.06) 
Number of Observations 1291 

Model Chi-Square  -352.6205 
Pseudo 𝑹𝟐 0.15 

Note: ***, **, * significant at 1%, 5%, 10% level.  

Table 5.205.19 Identifying Non-Business-Oriented Flex Yieldable Customers Using Available  Traveller Information  

Non-Business-Oriented Flex Yieldable Customer 
Variables Coefficients T-values 95%  CI 
Constant -3.17*** -7.16 -- 

Late Booker (<one week) 0.98*** 3.47 (0.43, 1.53) 
Loyalty Membership Holder 0.54* 1.70 (-0.08, 1.15) 

High Travel Frequency (> 3 times/year) 1.11*** 3.45 (0.48, 1.73) 
High Income (>5000 Yuan) 1.60*** 5.49 (1.03, 2.17) 
Number of Observations 327 

Log-likelihood  -186.30 
Pseudo 𝑹𝟐 0.18 

Per cent 1s predicted correctly 59% 
Per cent 0s predicted correctly 63% 

Note: ***, **, * significant at 1%, 5%, 10% level.  

 

Table 5.21 Identifying Non-Business-Oriented Non-Flex Yieldable Customers Using Available  Traveller Information  

Non-Business-Oriented Non-Flex Yieldable Customers 
Variables Coefficients T-values 95%  CI 
Constant -3.84*** -11.62 -- 

Early Booker (>=one week) 0.97*** 6.81 (0.69, 1.25) 
No Loyalty Membership 0.92*** 5.54 (0.59, 1.25) 

Low Travel Frequency (<= 3 times/year) 1.25*** 4.29 (0.68, 1.82) 
Low Income (<=5000 Yuan) 1.68*** 11.36 (1.38, 1.97) 

Number of Observations 1291 
Model Chi-Square  -728.2822 

Pseudo 𝑹𝟐 0.18 
Note: ***, **, * significant at 1%, 5%, 10% level.  
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Table 5.215.20 Identifying Non-Business-Oriented Non-Flex Yieldable Customers Using Available  Traveller Information  

Non-Business-Oriented Non-Flex Yieldable Customers 
Variables Coefficients T-values 95%  CI 
Constant -3.72*** -9.07 -- 

Early Booker (>=one week) 1.10*** 2.68 (0.29, 1.90) 
No Loyalty Membership -0.24 -0.51 (-1.18, 0.69) 

Low Travel Frequency (<= 3 times/year) 1.14*** 2.29 (0.24, 2.03) 
Low Income (<=5000 Yuan) 1.45*** 3.47 (0.63, 2.27) 

Number of Observations 327 
Model Chi-Square  -86.69 

Pseudo 𝑹𝟐 0.15 
Per cent 1s predicted correctly 19% 
Per cent 0s predicted correctly 92% 

Note: ***, **, * significant at 1%, 5%, 10% level.  

With the above regression model, the probability of each respondent having non-trading 

behaviour is analysed. These values are input into the ML model to replace the dummy 

variable for the non-trading behaviour. As shown in Table 5.19 below, the parameter 

estimates for the probability-based non-trading variable are still significant and with 

correct signs. The fitness of the new model is no better than the previous model utilising 

the dummy variable (Table 5.17), but it is significantly better than the ML models with 

no consideration of non-trading behaviour (Table 5.14). The results indicate that such 

regressions could be used by airlines with limited data to identify non-trading behaviour.  

  



164 

Table 5.19 Mixed Logit Models Considering the Non -Trading Behaviour (Logistic Regression) 

Mixed Logit Models Considering the Non-Trading 
Behaviour (Logistic Regression) 

Variables Parameters T-values 
LCMorn -0.38 -0.46 
LCNight -1.33 -1.57 
NFMorn 1.15 1.29 
NFMD 3.67*** 4.79 
NFAft 3.15*** 4.02 

NFNight 0.12 0.13 
SFMorn -2.98** -2.38 
SFMD 1.86* 1.78 
SFAft 1.14 1.11 

SFNight -2.56** -2.14 
FFMorn -0.46 -0.35 
FFMD 2.03 1.81 
FFAft 1.61 1.41 

FFNight -1.74 -1.30 
Impact of Decision Rule Heterogeneity 

ASCs of NF 
Fares×Yieldable (Flex) -3.11*** -2.65 

ASCs of SF and FF 
Fares×Yieldable (Flex) 2.83* 1.79 

Random Price Coefficient 
Price -0.005** -2.17 

Heterogeneity in Mean 
Booking Late 0.003* 1.67 
Low Income -0.002 -1.57 

Standard Deviation 
NsPrice 0.003*** 4.02 

Latent random effects 
Off-Peak Non-Flex 3.80*** 7.41 

Peak Non-Flex 3.07*** 8.51 
Off-Peak Flex 3.96*** 6.31 

Peak Flex 2.83*** 9.44 
Observations 1227 

LL -1645.6266 
𝑹𝟐 (𝑳𝑳𝟎 ) 0.50 

AIC 3339.30 
Note: ***, **, * significant at 1%, 5%, 10% level.  

The result of the above logistic regression models has practical value for fare product 

demand forecasting. The choice model introduced in Section 5.4.2 can only be 

estimated with panel data, but such a data set is hard to be obtained by airlines in real-

time manner. With the logistic regression model analysed in advance, the dummy 

variable indicating the existence of yieldable behaviour can be replaced by the 

probabilities predicted under the regression models. In such a case, RP models can be 

analysed instead, as socio-demographics are available in airlines database. However, as 

it is impossible for the analyst to observe all the factors causing the non-RUM 
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behaviour, the same level of accuracy may not be able to achieve when the RP latent 

class model is used. 

 

5.6 Demand Forecasting based on the Empirical 
Findings 

For illustrative purpose, the SP models analysed in Section 5.4 are applied for demand 

prediction. Since RP information is unavailable, the discussion of the results mainly 

focuses on the behavioural differences between models rather than a comparison of 

prediction accuracy.   

Table 5.245.21 lists the full set of fare product alternatives to be used during prediction. 

As shown in the table, the fare product alternatives with lower flexibility are cheaper 

than the fare products with higher flexibility; also, the fare products on a peak time 

flight are more expensive than fare products on an off-peak flight. To emphasise the 

price advantage of the low-cost carrier, the non-flexible fare class on the night flight has 

the lowest price among the 14 fare product alternatives.  

Table 5.245.21 Attributes of the Fare Product Alternatives for Demand Prediction  

 Departure Time 

Carrier Fare Class 8:00am 
Morning 

12:00pm 
Midday 

4:00pm 
Afternoon 

8:00pm 
Night 

Low Cost Single class 350 -- -- 300 

Major 
Non-Flex 350 400 400 350 
Semi-Flex 450 500 500 450 
Full-Flex 550 600 600 550 

For illustrative convenienceAs the ML model with non-trading behaviour does not 

perform well in the non-business segment, only the demand of business travellers is 

discussed in this section. In the survey, a total of 158 business travellers were sampled. 

They are cross-tabulated, in Table 5.5, into 16 profiles according to the social-

demographics and trip-related information.  

The models used for demand prediction are listed in Table 5.8 (MNL with exogenous 

segmentation), 5.14 (ML with preference heterogeneity on price), and 5.19 (ML 
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considering non-trading behaviour). As many alternatives are incorporated in each 

model, they are classified into four groups shown in Table 5.26. 

The models used for demand prediction are listed in 5.14 (ML with preference 

heterogeneity on price), and 5.17 (ML considering non-trading behaviour). Similar to 

the simulation studies in Chapter 4, the results obtained from the simple MNL model 

are also incorporated in the prediction, as it is currently still the most widely applied 

choice model in choice-based RM. As many alternatives are incorporated in each model, 

they are classified into four groups shown in Table 5.22. 

Table 5.255.22 Labels and Alternatives 

Subsets Alternatives Abbreviation 
Low Cost LCMorn, LCNight LC 

Major NF NFMorn, NFMD, NFAft, 
NFNight NF 

Major SF SFMorn, SFMD, SFAft, 
SFNight SF 

Major FF FFMorn, FFMD, FFAft, 
FFNight FF 

Not-Travel Not-Travel Option NT 

For demand prediction, the sample enumeration method is applied. It averages the 

choice probabilities of each respondent over the sample. As random effects are involved 

in the ML models, the choice probability for each individual is averaged over 50 draws 

from the estimated distributions, which leads to 7900 draws for each random effect in 

total.  

The choice shares under the full set of alternatives are presented in Figure 5.3 below, 

with the label ‘ML’ represents the mixed logit model considering only preference 

heterogeneity, and the label ‘ML (Ntrade)’ represents the mixed logit model 

incorporating both preference heterogeneity and decision rule heterogeneity. 
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Figure 5.3 Fare Product Business Demand with the presence of the Full Set of Alternatives  

Since the price coefficient is insignificant in the MNL model, the fare product choice in 

that case is mainly based on the label of each alternative (e.g. the types of carrier or the 

departure time of the flight). With only the alternative specific constants for the peak-

time NF and FF fares being highly significant, the MNL model predicts higher shares 

for NF and FF fares on the major carrier.  

The incorporation of the random effects in the ML models leads to distinctive choice 

behaviour over the sample. In both ML models, a higher share is observed for the low-

cost and not-travel alternatives. This is probably due to the substitution pattern imposed 

by the low-flex nest in the model, and/or the marginally significant price coefficient. 

Also suggested by the two models is a much higher share for the SF fares, as in the ML 

models SF fares are substitutes for both the NF and FF fares. Because the second ML 

model also considers the non-trading behaviour for flexible fares, the choice share for 

the FF fares is significantly larger than the ML model considering a single decision rule.  

LC NF SF FF NT

MNL 4.04% 37.66% 23.27% 32.06% 2.96%

ML 4.52% 33.77% 32.37% 22.44% 6.90%

ML(Ntrade) 6.35% 28.44% 30.84% 27.71% 6.66%
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Figure 5.4 Choice probabilities and Switching Rates of a Business Traveller by Subset after Excluding the NF Fares  

As shown in Figure 5.4, when the NF fares are excluded from the choice set, the MNL 

model predicts that most of the rejected demand will be recaptured by the FF fares. 

However, a much lower recapture rate for this fare class is generated under the ML 

models. Under both ML models, the majority of the rejected demand is projected to 

switch to the SF fares. Again, due to the consideration of non-trading behaviour, a 

slightly higher recapture rate is observed from the ML labelled as ‘Ntrade’. Such a 

result is consistent with the choice shares presented in the previous figure.  

When both the NF and SF fares are closed (see Figure 5.5), the prediction results are 

consistent with the previous figure, with the major distinction between the MNL and 

ML models being the choice shares for the FF fares.   

LC SF FF NT

MNL Share 6.48% 37.33% 51.43% 4.75%

ML Share 10.26% 49.17% 27.67% 12.91%

ML(NTrade) Share 12.38% 43.69% 32.90% 11.02%

MNL switching 6.48% 37.33% 51.43% 4.75%

ML switching 17.00% 49.75% 15.49% 17.80%

ML(NTrade) switching 21.20% 45.18% 18.25% 15.33%
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Figure 5.5 Choice probabilities and Switching Rates of a Business Traveller by Subset after Excluding NF and SF Fares  

The choice shares under the full set of alternatives are presented in Figure 5.3 below, 

with the label ‘ML’ represents the mixed logit model considering only preference 

heterogeneity, and the label ‘ML (Ntrade)’ represents the mixed logit model 

incorporating both preference heterogeneity and decision rule heterogeneity.  

 
Figure 5.3 Fare Product Demand with the presence of the Full Set of Alternative  
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MNL Share 10.35% 82.07% 7.58%

ML Share 19.04% 60.74% 20.22%

ML(NTrade) Share 19.28% 62.81% 17.91%

MNL switching 10.35% 82.07% 7.58%

ML switching 21.95% 57.91% 20.14%

ML(NTrade) switching 21.81% 59.21% 18.98%
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Since the price coefficient is insignificant in the MNL model, the fare product choice is 

mainly based on the label of each alternative (e.g. the types of carrier or the departure 

time of the flight). With only the alternative specific constants for the peak-time NF and 

FF fares being highly significant, the MNL model predicts the higher shares for NF and 

FF fares from the major carrier.  

The incorporation of the random effects in the ML models leads to distinctive choice 

behaviour over the sample. In both ML models, the choice shares to the low cost and 

no-travel options are much higher than the ratios predicted under the MNL model. This 

is likely to due to the incorporation of the random term ‘low-flex’ and the marginally 

significant price coefficient. Also suggested by the two models is a slightly lower share 

for the NF fares. However, with the consideration of the non-trading behaviour for 

flexible fares, the second ML model predicts relatively more balanced shares between 

the SF and FF fares than the other two models.  

When the NF fares are excluded from the choice set (See Figure 5.4), the MNL model 

predict that most of the rejected demand will be recapture by the FF fares. However, 

both of the ML models indicate that most of the travellers will switch to the semi-

flexible fares, followed by the FF fares. Again, the incorporation of the yieldable 

behaviour leads to more balanced switching rates to both of the flexible fare classes.  

When both the NF and SF fares are closed (see Figure 5.5), the prediction results are 

largely consistent with the previous figures, with the major distinction between the 

MNL and ML models being the choice shares for the FF fares.   
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Figure 5.4 Choice probabilities and Switching Rates under the Subset Excluding the NF Fares  

 
Figure 5.5 Choice probabilities and Switching Rates of a Business Traveller under a Subset of Alternatives  

Demand forecasting result is one of the most important inputs in airline revenue 

management system. It decides the expected revenue for each available fare product in a 

particular time period. Generally, when the expected gain to sale a seat to a future high 

fare demand exceed the current low fare sale, the low fare seats will be encouraged to 

closed early in order to trigger the high fare demand. However, when the demand 

prediction is biased, the expected revenue cannot be approximated with accuracy. In 

LC SF FF NC

MNL Share 6.48% 37.33% 51.43% 4.75%

ML Share 10.26% 49.17% 27.67% 12.91%

ML(YD) Share 12.84% 38.50% 36.30% 12.36%

MNL switching 6.48% 37.33% 51.43% 4.75%

ML switching 17.00% 49.75% 15.49% 17.80%

ML(YD) switching 21.51% 41.41% 20.61% 16.47%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

MNL Share ML Share ML(YD) Share

MNL switching ML switching ML(YD) switching

LC FF NC

MNL Share 10.35% 82.07% 7.58%

ML Share 19.04% 60.74% 20.22%

ML(YD) Share 17.73% 63.70% 18.57%

MNL switching 10.35% 82.07% 7.58%

ML switching 21.95% 57.91% 20.14%

ML(YD) switching 21.05% 58.64% 20.30%

0.00%
10.00%
20.00%
30.00%
40.00%
50.00%
60.00%
70.00%
80.00%
90.00%

0.00%
10.00%
20.00%
30.00%
40.00%
50.00%
60.00%
70.00%
80.00%
90.00%

MNL Share ML Share ML(YD) Share

MNL switching ML switching ML(YD) switching



172 

such a case, sub-optimal seat allocation strategies will be generated causing either 

revenue dilution or spoilage.  

For example, in the empirical study, if the ML model with the consideration of the non-

trading behaviour reflects the true market situation, the use of the MNL model is likely 

to over-protect the highest fares (FF fares) and lead to an early closure of the non-

flexible and semi-flexible fares due to the extremely high switching rate to the FF fares 

predicted by the model. However, the results of the ML models suggest that the 

unavailability of non-flexible fares and semi-flexible fares, in fact, encourages majority 

of the rejected travellers buying-up to the semi-flexible fares or diverting. The use of the 

MNL model, in such a case, will cause revenue loss from spoilage as a result of closing 

the low fares too soon. On the other hand, when the MNL model is the true model 

setting, the use of the ML models will cause revenue dilution due to the under-

protection of the full- flexible fares. 

The above discussion shows the importance of accurate demand forecasting in revenue 

optimisation. To better estimate the fare class demand, a thorough understanding of air 

travellers’ fare product choice behaviour is a must. 
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5.7 Conclusion 
The analytical results in this chapter, based on stated choiceSP survey, show that 

decision rule heterogeneity is likely to exist among travellers in the real airline market. 

The incorporation of demographic and traveller information is not only effective in 

explaining travellers’ preference heterogeneity, but also useful in identifying the 

decision rule heterogeneity existing in a population.  

The estimation results show that the availability design is robust for the estimation o f 

various types of choice model. The presence and absence of alternatives in the design 

matrix allow the detection of correlations between alternatives. They are very useful in 

the construction of error component models.  

Also revealed in this study is that the fare product choice behaviour of air travellers is 

time-dependent. As shown in the estimation results, the booking time affects not only 

the preference heterogeneity of air travellers, but also the application of different 

decision rules.  

The empirical study also has some limitations. As mentioned in Section 5.5, the use of 

orthogonal master design leaded to only a few choice sets excluding all the NF fares. As 

a result, the priceable travellers failed to be identified since no enough choice data was 

obtained based on these choice sets. Such a problem may be resolved while using BIBD 

or efficient master designs or even generating the master design exactly like the nested 

seat allocation strategy suggests. A detailed discussion on this topic can be found in 

Section 6.4.4.  

Due to the limitations of the survey data, choice-based demand prediction cannot be 

effectively conducted. However, even if RP data were available in the survey, the model 

calibration might still be a problem when travellers’ fare product choice behaviour is 

time-dependent. This is because the condition of an airline market (e.g. availability of 
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fare products) is varying all the time; customers’ choice behaviour is likely to relate to 

the choice set on offer when they arrive. To address the time-dependent behaviour, 

Train (2009) proposed a mixed logit model with each person’s tastes serially correlated 

to the choice situations varying over time. Such a method can be applied to capture the 

time-dependent booking behaviour of air travellers. To estimate such a model, RP and 

SP data should be collected over different time periods (T). The RP and SP models 

estimated under separate data sets can then be calibrated and used to forecast the 

switching rates. Compared to choice models with coefficients constant over time, the 

time-dependent model tends to place greater burdens on simulation, as it requires T 

times as many draws as the former. when the SP data are collected over different time 

periods, the data sets might need to be calibrated to a set of RP models due to the  

change of market conditions caused by revenue management (RM) controls. The time-

dependent RP-SP model calibration will be addressed in the section on future research 

in the last chapter.  
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Chapter 6 Research Findings, Limitations 
and the Future Direction  

The preceding chapters discussed the application of efficient availability designs in the 

estimation of demand for air fare products. As choice set composition varies within an 

availability design, the impact of airlines’ capacity limitation and seat allocation 

strategies on travellers’ decision-making can be mimicked effectively. As shown in the 

thesis, in both the simulated and practical environments, the proposed design method 

was able to capture not only preference heterogeneity but also decision rule 

heterogeneity among the sampled population.  

This chapter concludes the thesis by summarising the analytical and empirical finings 

and their relevance to the development of choice-based RMS. Section 6.1 will briefly 

review the development of the choice-based RM method, highlighting the issues within 

current studies. This leads to a discussion of the analytical and empirical findings in the 

simulation studies (Section 6.2), and their implications for revenue management 

(Section 6.3). The limitations of the thesis and the directions for future research will 

also be addressed in this chapter with a focus on the time-dependent SP-RP models 

(Section 6.4). The thesis will be closed in Section 6.5 with general conclusions. 

 

6.1 The Development of Choice-Based RM Studies 
The choice-based RM method was initially developed to solve the spiral down effect 

during revenue optimisation. It is believed that the spiral down effect occurs due to the 

application of incorrect behavioural assumption, under which fare product demand is 

predicted in a biased way.  

As shown in Chapter 1, most of the early RM strategies were derived on the assumption 

of independent fare product demand. That is the demand of air travellers for one fare 
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product is independent from the demand for others. This highly restrictive assumption 

can be seen as consistent with perfect market segmentation, a goal that airlines have 

been trying to achieve using differential pricing strategies for decades.  

Before the rise of low-cost carriers and the development of online booking, traditional 

RM systems seemed to perform rather well in practice, despite the use of the restrictive 

demand assumption. However, since the early 21st century, airline markets began to 

change dramatically due to the successful application of price-based RM strategies by 

the low-cost carriers and the introduction of online booking systems. Fewer fare 

restrictions and lower searching cost have made the comparison of fare products easier 

for air travellers. As a result, the independent demand assumption no longer holds, 

because travellers can now easily switch to other travel options when their favourite 

ones are gone.  

As indicated by many RM scholars, such as Boyd & Kallesen (2004) and Cooper, 

Homem-de-Mello & Kleywegt (2006), when travellers are able to choose between 

available travel options in a market, the aggregate demand for different fare products 

will no longer be independent; such dependency needs to be addressed in the RM 

system since it will affect the value of the expected revenue.  

In the most extreme case where the differential pricing strategy is a complete failure, 

travellers will ignore the fare restrictions and choose fare products solely based on the 

ticket price. These travellers are known as priceable travellers in RM, while those in a 

perfectly segmented market are called yieldable travellers. Many choice-based RM 

studies are based exclusively on a joint estimation of these two types of travellers.  

So far, the most widely applied discrete choice model in RM studies is the multinomial 

logit (MNL) model, which was derived on the utility maximisation rulea compensatory 

decision rule known as utility maximisation, under which decision makers are assumed 
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to trade-off attribute information about alternatives with a quantified measurement 

called utility. However, the behaviour of yieldable travellers and priceable travellers 

does not follow the utility maximisation rule; applying RUM models in such a situation 

is likely to produce biased fare product demand, especially when ‘stock-out’ happens 

due to airline seat capacity controls.   

Also, many air travel choice studies have revealed that there tends to be correlations in 

the unobserved utilities between alternatives sharing the same carrier, itinerary or fare 

classes. Also, travellers are heterogeneous in their preferences for price, service levels 

and time of the day to travel, and such heterogeneity tends to vary within the population. 

air travellers’ tastes on ticket price and time to travel tend to vary over individuals; more 

importantly, travellers are often observed to substitute travel options sharing the same 

airports, carriers and/or fare classes. Such behaviour is difficult to capture under the 

MNL model, since the IID error terms do not allow any correlations between 

alternatives. Ignoring preference heterogeneity in a population and correlations between 

unobserved utilities between alternatives is also likely to cause biased demand 

prediction.  

Although abundant evidence in the literature suggests that travellers’ preference 

heterogeneity and complicated substitution patterns can be effectively captured under 

advanced model structures, only a few stated choiceSP studies have addressed the 

impact of decision rule heterogeneity on the estimation of RUM models. The issue has 

been ignored by many choice-based RM studies, despite the fact that the behaviour 

difference between priceable and yieldable travellers has been well recognised in the 

field. 

 

6.2 The Analytical and Empirical Findings 
In the next two sub-sections, seven specific contributions are identified. 
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6.2.1 Contributions of the Simulation Studies 
To fill the gap, stated choiceSP experiments were conducted in this thesis under both 

simulated and empirical conditions. The use of stated preference (SP) data rather than 

revealed preference (RP) data is because repeated choices from individual travellers that 

are necessary to identify the existence of multiple decision rules are relatively easy to 

obtain in the SP environment.  

1) The Lazari & Anderson (1994) orthogonal design for availability models has been 

extended to a combined availability and attribute level design to give efficient 

selection of attribute levels in a SP experiment (Section 3.5.3). 

To generate the stated choiceSP experiments, availability design methods were used. In 

contrast to traditional labelled experimental designs with the presence of all 

alternativesfixed size choice sets, availability designs vary alternatives in a choice set 

the size of choice set through a ‘master design’, under which the presence and absence 

of each alternative can be controlled systematically. Such a practice mimics fare product 

stock-outs caused by the capacity limitations of aircraft and RM controls used by the 

airlines, but more importantly, it allows the natural correlations between price and 

service levels to be maintained – a condition that can seldom be met under fixed- 

compositionsize design due to attribute trade-offs required by the efficient design 

criteria.  

2) Demonstrated that a partial-mother-logit choice model may be used to identify 

correlations between unobserved utilities as a precursor to setting up a panel data 

error component choice model (Section 4.3.34.4.1) 

As early availability designs were derived on the orthogonality criterion, the size of the 

designs tended to grow very fast as the number of alternatives involved in the choice 

sets increased. This issue has made the design method difficult to apply in practice 

where complicated choice situations are involved. To solve the problem, an efficient 
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criterion was derived in this thesis. It was calculated based on the asymptotic variance-

covariance (AVC) matrix of a partial mother- logit model. Such a model structure does 

not exhibit the IIA property of the MNL model due to the incorporation of cross 

alternative effects. As fewer restrictions are imposed on the cross effects matrix, mother 

logit models are capable of capturing various forms of choice behaviour including taste 

variations, complicated substation patterns and decision rule heterogeneity.  

To generate availability designs with such an efficient criterion, a master design has to 

be derived first, and then attribute levels are assigned to the sub-design matrix through 

the minimisation of the D-error criterion under the zero prior assumption. As orthogonal 

arrays are no longer needed in the sub-design, the number of choice sets involved in an 

efficient availability design is considerably reduced. 

Another availability design discussed in this thesis was derived on a weighted D-error 

proposed by Rose, Louviere & Bliemer (2013). The idea of the method is to generate 

designs based on the estimation efficiency rather than statistical efficiency. This is 

because factors like fatigue or learning tend to affect the number of alternatives that 

each decision maker can handle in a choice set. Although a design with the presence of 

full information can be efficient from the statistical point of view, it may not have the 

same level of efficiency in the eyes of decision makers. Therefore, the ‘true’ D-error 

should be calculated considering the penalty for incorporating too many or too few 

alternatives in a choice set. The concept of this design method is sound; the only 

problem is that the weight for each choice set is unobservable, so that it has to be 

decided by the analysts. In this thesis, the medium value of the weight (0.5) was used 

which leads to roughly half of the alternatives appearing in each choice set.  

3) Forecasting performance with switching behaviour is tested in an airline ticket 

choice setting. In Chapter 4 the frequency of buy-up, recapture and diversion are 

tested under different assumptions of consumer choice random utility. The MNL 
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choice forecast performs poorly if consumers display preference heterogeneity 

based on price (Section 4.3.2) or flexible substitution patterns (4.3.3Section 4.4.1). 

The performance of the availability designs in fare product demand forecasting was first 

tested in the simulated environments. In the first simulation study, travellers have been 

assumed to follow the simple MNL model – this is currently the most widely applied 

discrete choice model in choice-based RM studies. The second and third simulation 

studies looked at random taste variations in a population.an ECM with a nromally 

distributed price coefficient. The random terms in the models increased from a single 

source up to five independently distributed effects. The last second simulation study 

considered hybrid airline markets with the presence of multiple decision rules. 

As shown in Chapter 4, both availability designs and fixed- compositionsize designs 

allow robust estimation and demand prediction when only preference heterogeneity and 

correlations between alternatives exists in a population. However, when the choice 

model is incorrectly specified, biased switching rates will be generated leading to 

inaccurate estimation of the fare product demand. 

Importantly, as presence and absence information is included in the availability designs, 

the IIA test proposed by McFadden, Tye & Train (1977) can be conducted prior to the 

final estimation. Such a test is able to provide useful information on the correlation 

structure between alternatives. Also, the results of the first three simulation studies 

suggest that availability designs, especially the one generated under the weighted D-

error, tend to be more computationally efficient than the fixed- compositionsize design. 

They can achieve the same level of accuracy with fewer choice observations and 

iterations during simulation. 

4) Demonstrated the superiority of an availability model over a fixed choice 

setcomposition design in detecting specific non-compensatory behaviour rules. The 
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availability design is used to distinguish between priceable and yieldable airline 

customers in a synthetic data setting (Section 4.3.44.4.2) and in an empirical setting 

(Section 5.55.4). 

The advantage of the availability design is more significant in the last simulation study 

where multiple decision rules exist in a population. Due to the variations in choice set 

compositionsize of choice set, the behaviour of the priceable and yieldable travellers 

can be effectively distinguished from each other and from the remaining compensatory 

travellers. Under the fixed- compositionsize design, however, only the compensatory 

travellers can be effectively identified; the choices made by the priceable and yieldable 

travellers are still confounded because the lower-priced fares are present constantly 

throughout the experiment. When incorrect decision rules are applied, estimated fare 

product demands can be seriously biased from the true values (see Figure 6.1).  

The results of the simulation studies suggest that efficient availability designs have the 

potential to reveal both preference heterogeneity and decision rule heterogeneity in a 

population. Also, as they contain information on the present status of alternatives; an 

IIA test can be conducted prior to the model estimation. The result of the test provides 

useful information on the true model structure. Also, because the models based on such 

designs require fewer resources and time to run, they are theoretically more effective 

than the fixed-composition design in terms of fare product demand estimation.  
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(a) When the Behaviour of the Compensatory Travellers follows the MNL Model  

 
(b) When the Behaviour of the Compensatory Travellers follows  the ECM Model  

Figure 6.1 Switching Demand subject to the Closure of the NF Fares (Non -Business Travellers) 
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Morning 5.76% 5.76% 5.76% 5.75% 5.76% 15.16%

Diversion 53.74% 53.74% 53.74% 84.74% 22.75% 59.84%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

Non-Business 
Night Morning Diversion

TRUE
E/E Design,
Segmented

O/E Design,
Segmented

Fixed
Design
(Ntrad)

Fixed
Design
(Lexico)

Fixed
Design
(RUM)

Night 44.14% 44.02% 43.98% 13.39% 74.90% 23.91%

Morning 9.89% 9.94% 9.96% 9.82% 9.82% 18.45%

Diversion 45.97% 46.04% 46.06% 76.80% 15.29% 57.64%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

Non-Business 
Night Morning Diversion



183 

 
6.1 (a) Predicted Switching Rates with the Closure of All the NF Fares (Customer Mix 1)  

 

 
6.1 (b) Predicted Switching Rates with the Closure of All the NF Fares (Customer Mix 2)  

 

6.2.2 Important Findings in the Empirical Study 
5) An orthogonal availability (master) design and an efficient attribute (sub) design 

formed the basis of a stated choiceSP empirical inquiry into airline ticket choices 

for short haul routes in South East China. The design permitted identification of  

different market structures (flexible substitution patterns) among travellers on 

business or leisure; price heterogeneity in each market and the dependence of 

preferences on lateness of booking and personal income; and identification of non-

compensatory decision rules used by respondents (Chapter 5). 
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The proposed design method was applied in an empirical study. Traditionally, airline 

pricing strategy is designed to segment target airline markets into time-sensitive 

business travellers and price-sensitive non-business travellers with all other 

heterogeneity of behaviour ignored. However, the result of the empirical study shows 

that the behaviour of air travellers also varies according to social demographics and trip-

related characteristics. The incorporation of such information is especially useful in 

explaining travellers’ preference heterogeneity on price. In both the business and non-

business segments, late bookers (booking within one-week before the flight departure) 

tend to be less sensitive to ticket price, while low-income travellers are more sensitive 

to ticket price.  

6) A logistic regression – based on demographic profiles, travel frequency and pre-

booking behaviour – is used to estimate whether a respondent is likely to use a 

non-compensatory decision rule. Travellers on business are more likely to be 

captured by flexible ticket prices if they travel often, book early, belong to a loyalty 

program and have a higher than average income (Section 5.5.2). Leisure travellers 

are more likely to be drawn to low price, inflexible tickets if they book late, do not 

belong to a loyalty program, have a lower than average income and travel 

infrequently. 

A finding in the empirical study is the effectiveness of trip-related information and 

socio-demographic characteristics in identifying the non-RUM decision rules. For the 

business segment, the use of the logistic regression model can correctly identify more 

than half of the yieldable travellers with non-trading behaviour for flexible fares. In the 

non-business segment, most of the travellers with non-trading behaviour for non-

flexible fares are identified effectively. This model may enable an airline to predict the 

likelihood of non-RUM decision rules by using travel data from its database. 
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7)   Using the results from the logistic regression, the choice models on ticket choice 

showed significant improvement over ignoring the possibility of non-compensatory 

decision behaviour (Section 5.5.3). 

Compared to the MNL model, the incorporation of preference heterogeneity and 

decision rule heterogeneity significantly improves model fitness. Switching rates 

following the closure of lower-priced fares are also calculated based on the model 

estimates for the business segment. The prediction results for the MNL and ML models 

are very different (Figure 6.2). Under the MNL models, fewer travellers are expected to 

switch to the low cost carrier, and more travellers are predicted to buy-up to the highest 

fares. Due to the incorporation of the error structure in the ML model, the SF fares 

become more preferred than the FF fares, and a slightly higher share of the diverted 

demand is predicted to switch to the low cost carrier. Also, when the non-trading 

behaviour is incorporated in the ML model, relatively higher buy-up rates are observed. 

 
Figure 6.2 Choice probabilities and Switching Rates by Subset after Excluding the NF Fares 

LC SF FF NT

MNL Share 6.48% 37.33% 51.43% 4.75%

ML Share 10.26% 49.17% 27.67% 12.91%

ML(NTrade) Share 12.38% 43.69% 32.90% 11.02%

MNL switching 6.48% 37.33% 51.43% 4.75%

ML switching 17.00% 49.75% 15.49% 17.80%

ML(NTrade) switching 21.20% 45.18% 18.25% 15.33%
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Figure 5.4 Choice probabilities and Switching Rates under the Subset Excluding the NF Fares  

 

6.3 Implications of SP Choice Models in the Aviation 
Industry 

Schedule Planning 

Itinerary- level demand forecasting is used by airline planning departments to assess and 

adjust their flight schedules (Carrier 2008). As the use of discrete choice models allows 

simultaneous estimation of both the parameters of the explanatory variables and the 

choice shares of alternatives, they have been widely applied in itinerary choice studies. 

However, since most of the previous studies on itinerary choice rely heavily on 

disaggregate booking data (e.g. Coldren et al. 2003; Coldren & Koppelman 2005 a,b), 

the resulting models are often unable to capture heterogeneous behaviour across 

bookings because little socio-demographic and trip-related information is contained in 

the booking data.  

The use of SP data is able to make up for such a disadvantage by triggering trade-offs 

between different itineraries in carefully designed stated choice experiments. 

Specifically, when availability designs are used, the impact on the revenue management 
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system (e.g. unavailability of low-yielding off-peak flight) can be taken into account, 

allowing the estimation of more complicated choice behaviour than compensatory 

decision making.  

Pricing  

As discussed in Chapter 2, the development of online distribution and low-cost 

competition has made the traditional differential pricing strategies more difficult to 

apply. Rather than focusing on setting restrictions for each fare product, airlines have to 

gradually shift to designing fare products that match the needs of various market 

segments.  

During such a transformation, stated preference analysis can be used to better 

understand the preferences of air travellers and their willingness-to-pay for various fare 

product features, such as time of day to travel, stopovers, travelling time, in-flight 

services and so on. With the use of availability design, it is also possible to identify non-

RUM behaviour, such as dominant preference for time-of-the-day to travel, if it exists in 

the market. These results will provide valuable insights and guidelines on how the new 

fare products can be designed and priced to meet the needs.  

Revenue Management  

As indicated in Chapters 1 and 2, although most of the latest airline revenue 

management studies are now focusing on revenue optimisation in a semi-restricted 

airline market, the choice behaviour assumed in these studies is rather unrealistically 

simple. Illustrated by Boyd & Kallesen (2004), using an incorrect demand model in the 

optimisation process can lead to sub-optimal revenue performance.  
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Table 6.1 Effect of Using the Wrong Forecasting Model (Boyd & Kallesen 2004) 

  Forecasting Model 
 Yieldable Priceable 

Actual Demand Yieldable Good Overestimates high fare demand 
Priceable Overestimate low fare demand Good 

As shown in the Table 6.1 where there are only yieldable and priceable travellers in a 

market, if forecasting models for priceable demand are applied but demand is actually 

yieldable then the buy-up rate to the higher fare will be overestimated leading to 

revenue loss from spoilage as a result of setting prices too high. On the other hand, 

when forecasting models for yieldable demand are applied when demand is actually 

priceable, the shares for the low-priced fare will be overestimated leading to revenue 

dilution. Only when the correct demand model is applied can the expected revenue be 

estimated effectively. 

Similarly, when incorrect discrete choice models are applied, inaccurate switching rates 

will be obtained, leading to biased prediction of market shares. If such results are 

applied for revenue optimisation, the RM system tends to under-protect the seats for 

some fare classes, while over-protecting the others. If such a trend continues the spiral-

down effect is likely to cause continuous revenue loss in the system.  

For example, in the empirical study, if the ML model considering non-trading behaviour 

represents the true behaviour of air travellers (see Figure 6.2), the use of the MNL 

model will over-protect the highest fare (FF fares) causing lower priced fares to be 

closed too early. However, the results of the ML models suggest that the unavailability 

of non-flexible fares and semi-flexible fares, in fact, encourages a majority of the 

rejected travellers to buy-up to the semi-flexible fares or divert. The use of the MNL 

model, in such a case, will cause revenue loss from spoilage as a result of closing the 

low fares too soon. On the other hand, when the MNL model is the true model setting, 

the use of the ML models will cause revenue dilution due to the under-protection of the 

full- flexible fares. 
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As so far few choice-based RM systems have been successfully implemented in practice, 

their performance in the real markets is still not clear, but a few studies have reviewed 

theoretical outcomes of choice-based RM systems based on simulations. Below is a 

table proposed by Anderson (1998) summarising the market situations where traditional 

demand models and discrete choice models are suitable for application. 

Table 6.2 the Switching Behaviour of Air Travellers in Different Market Situations  

Other Carriers 

Many Flights 

Underdog Markets 
 
Deviation High 
Recapture Low 
Buyup Low 

Confrontation Markets 
 
Deviation High 
Recapture High 
Buyup Low 

Few Flights 

Marginal Markets 
 
Deviation Low 
Recapture Low 
Buyup High 

Home Markets 
 
Deviation Low 
Recapture High 
Buyup High 

 Few Flights Many Flights 
Host Carrier 

 Source: Anderson (1998) 

As suggested by Table 6.2, a discrete choice model would be most useful in the 

confrontation markets and home markets where recapture and/or buy-up rates are high. 

Marginal markets tend to have high buy-up rates since there are fewer flight alternatives. 

Discrete choice models can be implemented in such a situation with an emphasis on the 

buy-up estimation. In the underdog markets where recapture and buy-up rates are low, 

the choice-based method is not needed; a traditional RM system based on the 

independent demand assumption will perform well in this situation. 

 

6.4 Limitation of the Thesis and Future Research 
Directions 

6.4.1 Air Travel Choice Behaviour 
In this thesis, the simulation and empirical studies addressed only a limited number of 

choice behaviour patterns under restricted model specifications, highlighting the 

differentiation between the yieldable, priceable and compensatory travellers. Although 
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the panel data in the survey strongly suggest that a considerable proportion of the 

respondents tend to have a hybrid decision making process using both RUM and Non-

RUM decision rules (for example, some travellers may only trade-off between midday 

and afternoon fares ignoring the availability of the off-peak fares), for simplicity these 

travellers have been classified as compensatory customers without differentiation. 

Inconsistent choice behaviour has also been ignored in this thesis, despite the fact that 

some decision makers have switched their most preferred fare product in the middle of 

the survey.  

The above issues will be one of the major interests in future research as dominant and 

inconsistent choice behaviour is not uncommon in air fare choice due to reasons like 

trip purpose variations, change in booking time and the updates of available fare 

products in the market. Mixed logit models considering the intra-respondent variations 

(e.g. Hess & Rose 2009; Hess & Train 2011; Yáñez et al. 2011) are likely to be able to 

capture such behaviour. 

6.4.2 Time-Dependent RP-SP Model Calibration 
Another limitation of the thesis is that the synthetic choice data generated in the 

simulation studies ignored the dynamics of customer arrivals. Such simplification is for 

analytical convenience rather than a true reflection of the market s ituations. The SP data 

used in the empirical study overcame such a limitation by pooling the choice 

information of air travellers who booked their tickets at different times. The results of 

the choice models with this data set indicate that the heterogeneous behaviour of air 

travellers in the sampled population is likely to be time-dependent. However, the use of 

the pooled data set makes RP-SP model calibration a real challenge, since the market 

conditions (e.g. available fare products) tend to vary significantly when the SP data are 

collected at different time periods.   
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To fully understand the fare product choice behaviour and the switching patterns in a 

population, the following model framework is proposed for the future study. 

 
Figure 6.3 Estimating the Time -Dependent Effects 

To capture the time-dependent effects, a sequence of RP models should be estimated 

with unbiased samples collected at different time points within a defined time window. 

For each RP model, a corresponding SP model has to be analysed with panel data 

obtained under the efficient availability design. In such a case, the heterogeneous 

behaviour (e.g. preference heterogeneity and/or decision rule heterogene ity) of the 

arriving customers at the sampled time spot can be captured.  

Using the calibration methods introduced in Chapter 2, the RP and SP models at each 

time point can be jointly estimated. By comparing the choice models analysed at 

different time period, the existence of time-dependent behaviour can be tested.  

Also, some recent stated choiceSP studies have successfully derived choice models that 

are able to capture the within- individual heterogeneity (e.g. Hess & Rose, 2009; Hess & 

Train, 2011). Such a development has the potential to further improve the accuracy of 

choice-based demand forecasting, especially the prediction of switching rates, since it is 

reasonable to think that travellers may adopt different decision rules while they are 

facing different sets of fare product alternatives upon their arrivals. The inconsistency of 

travellers’ choice behaviour, in fact, can be observed from a proportion of the panel data 

collected in the Hongqiao Airport survey – the closure of certain fare products seems to 
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have triggered the switching of decision rules applied by some respondents; as a result, 

the first half of their choice decisions are not quite consistent with the other half. 

6.4.3 Data Incompleteness 
Last but not the least, as the simulation and empirical studies mainly concerned the SP 

data, the data incompleteness problem has not been addressed properly in this thesis. In 

practice, the calibration of choice models requires unbiased RP data to be collected from 

the target population. Although many RP studies has suggested and/or applied third 

party data to reduce the problem, a complete revision of the current reservation system 

seems be inevitable in the future. How to address the data incompleteness problem and 

to model with data obtained from an innovative reservation system is also an important 

issue in the future research. 

6.4.4 Design Considerations 
As shown in Chapter 4 and 5, the master design in the proposed method is derived 

according to an orthogonal master plan. The use of orthogonal array, as show in Chapter 

3, is convenient, but it has some drawbacks that can limit its use in certain conditions. 

For example, in the empirical study priceable travellers are unable to be identified 

successfully, as not enough choice sets excluding the NF fares are included in the 

orthogonal mater plan. One way to solve this problem is to relax the orthogonal 

constraint; alternatively, one can generate the master design solely based on nested 

airline seat control strategies. That is the price of the fare product alternatives excluded 

from a choice set is always lower than the fare products still available in the choice set.  

However, the efficiency of the two design schemes is unknown. Their performance and 

impact on model estimation need to be examined further in the future research.  
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6.5 Conclusion 
To sum up, this thesis provides a proof-of-concept for using RP-SP calibrated choice 

models for fare product demand forecasting. The simulation studies demonstrate the 

benefit of using availability designs in identifying preference heterogeneity and decision 

rule heterogeneity in a population. The empirical results show that both preference 

heterogeneity and decision rule heterogeneity are likely to exist in the real airline 

market, and they can affect the result of the demand prediction in a dramatic way.  

For these reasons, a thorough understanding of air travellers’ choice behaviour is 

needed before a new choice-based RM system can be put into practice. Otherwise, 

biased fare product demand projections might be generated; it can affect the estimation 

of expected seat revenue and the decisions about optimal controls significantly.  

Although innovation in RM systems is now becoming an inevitable trend, current 

methodologies are still not robust enough to allow the implementation to be conducted 

effectively. In the future study issues like data incompleteness, decision rule 

heterogeneity and time-dependent choice will be investigated in detail, as they are the 

key to the application of a choice-based system. 
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Appendix 1 
 

A1.1 Choice-Based Revenue Optimisation 
Generally, a choice-based revenue optimisation process consists of three components – 

the fare class demand obtained from a choice-based estimator using historical bookings, 

a value function estimating the expected revenue to be gained at the current time period 

and the subsequent periods (also known as periods-to-go) and a set of seat control 

strategies deciding fare classes to be offered at the moment,.  

As in traditional leg-based RM models, time is segmented into discrete periods indexed 

by t, with the indices running forward in time (t=T is the last time period prior to flight 

departure). Assume in each time period t, there is at most one arrival with probability λ, 

which, in this model, is static over time. There are n classes with 𝑁 = {1,⋯ , 𝑛} 

equalling to the entire set. Each class 𝑗 ∈ 𝑁 has an associated price 𝑝𝑗 , with 𝑝1 ≥ 𝑝2 ≥

⋯ ≥ 𝑝𝑛 ≥ 0. Let the index 0 denote the no choice option. 𝑝0 = 0 represents the price 

for not purchasing any fare class on offer. 

In each time period t, the airlines choose one set 𝑆𝑡 to offer, with 𝑆𝑡𝑁. The probability 

that a customer to chooses the jth fare class from the set 𝑆𝑡 in the tth time period can be 

specified as 

𝑃𝑗𝑡(𝑆𝑡) =
𝑒𝑥𝑝(𝛽𝑇𝑋𝑗𝑡 )

∑ 𝑒𝑥𝑝(𝛽𝑇𝑋𝑖𝑡 )𝑖∈𝑆𝑡
+𝑒𝑥𝑝(𝑉𝑡∅)

, and 𝑃0𝑡(𝑆𝑡) =
𝑒𝑥𝑝(𝑉𝑡∅)

∑ 𝑒𝑥𝑝(𝛽𝑇𝑋𝑖𝑡 )𝑖∈𝑆𝑡
+𝑒𝑥𝑝(𝑉𝑡∅)

, 

𝑉𝑡∅ = 0 and , 𝑗 ∈ 𝐶𝑡 

                                                                                                                                    (A1.1) 

where 𝑋𝑗𝑡 refers to attribute information on fare class j in time period t, and 𝛽𝑇  refers to 

corresponding parameters in the choice model. Therefore, the probability selling a ticket 
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from class j in time period t is 𝜆𝑃𝑗𝑡(𝑆𝑡), while the probability of no sale is 𝜆𝑃0𝑡(𝑆𝑡) +

(1 − 𝜆), which includes the probability of no-choice and the probability of non-arrival. 

With the demand known to the analyst, the expected value (or revenue) function for the 

single leg flight for the current and the remaining time periods can be specified as a 

Bellman equation with a combination of the overall revenue to be earned by selling one 

seat at t and the total revenue to be gained by saving all the seats for the future time 

periods. 

𝑅𝑡(𝑥) = max𝑆𝑡𝑁 {
∑ 𝜆𝑃𝑗(𝑆𝑡)(𝑝𝑗 + 𝑅𝑡+1(𝑥 − 1))𝑗∈𝑆𝑡

+ (𝜆𝑃0(𝑆𝑡) + 1− 𝜆)𝑅𝑡+1(𝑥)}  

                                                                                                                                    (A1.2) 

where 𝑥 denotes the remaining seats on the flight at time period t.  

The above value function is bounded at 

𝑅𝑇+1(𝑥) = 0,𝑥 = 0,1,⋯ , 𝐶                                                                                  (A1.3)  

and 

𝑅𝑡(0) = 0,𝑡 = 1,2,⋯ , 𝑇                                                                                  (A1.4)  

where C  refers to the maximum seat capacity on the flight. Equation A1.3 indicates that 

beyond the T time periods, no further revenue could be gained from reserving the seat 

capacity; Equation A1.4 suggests that at any time period no revenue can be obtained 

when no seat is available for future sales.  

The optimal control strategy at time t is the choice set maximizing the expected revenue 

function given the predicted fare class demand. As the thesis mainly focuses on choice-

based demand forecasting, the revenue optimisation process will not be discussed in 

detail here.  
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A1.2 Estimating Discrete Choice Models with 
Incomplete Data 

The application of discrete choice models DCMs requires data for not only the chosen 

but also the non-chosen alternatives. Although the information of the within-carrier 

alternatives can be traced in an airline database, the RM operations of the competing 

airlines remain unknown. According to Scott Nason, the former vice-president of 

revenue management in American Airlines, the incomplete data problem is one of the 

biggest obstacles preventing the choice-based RMS from being applied in practice 

(Newman, Ferguson & Garrow 2012).  

To address the problem, a choice-based expectation maximisation (EM) method was 

proposed by Talluri & van Ryzin (2004). It is currently the most widely applied method 

for the estimation of choice-based parameters (Newman, Ferguson & Garrow 2012). In 

the formulation of Talluri & van Ryzin (2004), the population of prospective travellers 

was defined as the sum of arrived customers who purchase fare products from the host 

airline, customers who arrive with a booking from competing airlines, and those who 

arrive but do not purchase at all. For each flight, the booking horizon before departure is 

divided into small time periods. In each period, the arrival probability for a single 

customer is assumed to be λ. As at most one arrival is allowed in each period, the non-

arrival rate is estimated as 1-λ.  

Suppose the population is behaving homogenously under the utility maximisation rule. 

The probability of an arriving customer choosing fare product j in time period t and the 

probability of this customer choosing a fare product from competing airlines 

theoretically can be estimated under the MNL model, Equation A1.1. 

In practice, however, with only historical booking data, it is impossible for the analysts 

to decide whether having no sales in a time period is due to no arrival or an arrival that 
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does not purchase a fare (Talluri & van Ryzin 2005, p. 64). Expectation maximisation 

(EM) is adopted to allow the likelihood function estimable with only the observed data.  

𝐿𝐿(𝛽𝑇 ,𝜆) = ∑ [𝑙𝑜𝑔(𝜆) + 𝑙𝑜𝑔 (𝑃𝑗𝑡(𝛽
𝑇 ,𝑆𝑡 , 𝑋𝑡))]𝑡∈𝑃 +∑ [𝑎(𝑡) (𝑙𝑜𝑔(𝜆) +𝑡∈𝑃

𝑙𝑜𝑔(𝑃0𝑡(𝛽
𝑇 ,𝑆𝑡 , 𝑋𝑡))) + (1 − 𝑎(𝑡))𝑙𝑜𝑔(1 − 𝜆)]                                                       (A1.5)  

in which 𝑎(𝑡) is an indicator variable with value 1 if there is an arrival in period t, and 

zero otherwise. The distribution of 𝑎(𝑡) is unknown. P denotes the set of time periods in 

which customers purchase, and �̅� denotes the set of time periods with no purchase 

transaction recorded. Given a distribution for 𝑎(𝑡), the EM algorithm iterates with the 

expected values of 𝑎(𝑡) substituted into the above log-likelihood function.  

As indicated by Newman, Ferguson & Garrow (2012), the above EM algorithm has 

some drawbacks. It converges slowly. When it does, the local stable point sometimes 

can be a saddle point or even a local minimum of the function (Wu, 1983). Whilst the 

long computing time was addressed by Vulcano, van Ryzin & Chaar (2010), Ferguson, 

Garrow & Newman (2012) show that setting the ‘no choice’ utility to zero may lead to 

biased parameter estimates and inaccurate forecasts. 

To address these problems, Newman et al. (2012) proposed a sequential approach 

similar to the limited information maximum likelihood (LIML) applied for NL model 

estimation. The two-step approach splits the marginal log-likelihood function into an 

arrival component and a choice component.  

𝐿𝐿(𝛽,𝛾, 𝜆) = 𝐿𝐿𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠(𝛽, 𝛾, 𝜆) + 𝐿𝐿𝑐ℎ𝑜𝑖𝑐𝑒(𝛽)                                                        (A1.6)  

The former part represents the customer arrival process and decisions on whether to 

purchase from the host airline; the latter represents the probability of purchasing a 

particular fare product conditional on the choice of the host airline. Let 𝑃𝑡⍟ denote the 

probability that a customer dose not choose the no-choice option. Then, 
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𝑃⍟𝑡(𝛽,𝛾) = 1− 𝑃0𝑡(𝛽, 𝛾) =
∑ 𝑒𝑥𝑝(𝛽𝑇𝑋𝑗𝑡 )𝑗∈𝑆𝑡

𝑒𝑥𝑝(𝛾)+∑ 𝑒𝑥𝑝(𝛽𝑇𝑋𝑗𝑡 )𝑗∈𝑆𝑡

                                                 (A1.7)  

in which the utility of the no-choice option equals to a non-zero value 𝛾. Therefore, the 

choice probabilities for alternatives provided by the host airline conditional on the fact 

that some purchase is made can be specified as 

𝑃𝑗𝑡|⍟(𝛽|𝑡, 𝑆𝑡 ,𝑋𝑡) =
𝑒𝑥𝑝(𝛽𝑇𝑋𝑗𝑡 )

∑ 𝑒𝑥𝑝(𝛽𝑇𝑋𝑖𝑡 )𝑖∈𝑆𝑡

                                                                             (A1.8) 

𝐿𝐿𝑐ℎ𝑜𝑖𝑐𝑒(𝛽) = ∑ [𝑙𝑜𝑔(𝑃𝑗𝑡|⍟(𝛽|𝑡, 𝑆𝑡 , 𝑋𝑡))]𝑡∈𝑃                                                           (A1.9) 

Under the IIA property, parameters in the conditional logit model 𝑃𝑗𝑡|⍟(𝛽|𝑡, 𝑆𝑡 , 𝑋𝑡) can 

be estimated separately by maximising the log- likelihood function in Equation A1.9 

without losing any consistency. The results are then fed into the arrival component for 

the estimation of the rests of parameters, 𝛾 and 𝜆.  

𝐿𝐿𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠(𝛾, 𝜆|𝛽) = ∑ 𝑙𝑜𝑔(𝜆𝑃⍟𝑡(𝛾|𝛽))𝑡∈𝑃 +∑ 𝑙𝑜𝑔(𝜆𝑃0𝑡(𝛾|𝛽) + (1 − 𝜆))𝑡∈𝑃  (A1.10)  
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Appendix 2 
A2.1 Data Enrichment 
The first paradigm for data enrichment is a simultaneous approach proposed by Ben-

Akiva & Morikawa (1990), in which the RP model is treated as the standard of 

comparison and the SP model is used to improve the undesirable characterist ics of it 

(Louviere, Hensher & Swait 2000, p. 232). 

Suppose two data sources, RP and SP, are available and deal with the same form of 

behaviour. The utility functions can be represented as follows. 

𝑈𝑖
𝑅𝑃 = 𝛼𝑖

𝑅𝑃 +𝛽𝑅𝑃𝑋𝑖
𝑅𝑃 +𝜔𝑍𝑖 + 휀𝑖

𝑅𝑃 , ∀𝑖 ∈ 𝐶𝑅𝑃                                                          (A2.1) 

𝑈𝑖
𝑆𝑃 = 𝛼𝑖

𝑆𝑃 + 𝛽𝑆𝑃𝑋𝑖
𝑆𝑃 + 𝛿𝑊𝑖 + 휀𝑖

𝑆𝑃 , ∀𝑖 ∈ 𝐶𝑆𝑃                                                          (A2.2)  

where i is an alternative in choice sets 𝐶𝑅𝑃 or 𝐶𝑆𝑃 , 𝑋𝑖𝑅𝑃  and 𝑋𝑖𝑆𝑃 are the common 

attributes in the RP and SP settings, respectively, 𝛼s are alternative-specific constants 

(ASCs), 𝛽s are parameter estimates for the common attributes and 𝜔 and 𝛿 are utility 

parameters for the unique attributes. 

If the IID Gumbel distribution have been assumed for the error terms in both of the data 

settings with scale factors 𝜆𝑅𝑃 and 𝜆𝑆𝑃 , the corresponding choice model can be 

expressed as follows. 

𝑃𝑖
𝑅𝑃 =

𝑒𝑥𝑝[𝜆𝑅𝑃 (𝛼𝑖
𝑅𝑃+𝛽𝑅𝑃𝑋𝑖

𝑅𝑃+𝜔𝑍𝑖 )]

∑ 𝑒𝑥𝑝[𝜆𝑅𝑃(𝛼𝑗
𝑅𝑃+𝛽𝑅𝑃𝑋𝑗

𝑅𝑃+𝜔𝑍𝑗)]𝑗∈𝐶𝑅𝑃

, ∀𝑖 ∈ 𝐶𝑅𝑃                                                    (A2.3)  

𝑃𝑖
𝑆𝑃 =

𝑒𝑥𝑝[𝜆𝑆𝑃 (𝛼𝑖
𝑆𝑃+𝛽𝑆𝑃𝑋𝑖

𝑆𝑃+𝛿𝑊𝑖 )]

∑ 𝑒𝑥𝑝[𝜆𝑆𝑃(𝛼𝑗
𝑆𝑃+𝛽𝑆𝑃𝑋𝑗

𝑆𝑃+𝛿𝑊𝑗)]𝑗∈𝐶𝑆𝑃

, ∀𝑖 ∈ 𝐶𝑆𝑃                                                     (A2.4)  

The multinomial log likelihoods of the RP and SP data: 

𝐿(𝛼𝑅𝑃 , 𝛽, 𝜔, 𝛼𝑆𝑃 , 𝛿, 𝜆𝑆𝑃) = ∑ ∑ 𝑦𝑖𝑛 ln 𝑃𝑖𝑛
𝑅𝑃(𝑋𝑖𝑛

𝑅𝑃 , 𝑍𝑖𝑛|𝛼
𝑅𝑃 , 𝛽, 𝜔)𝑃𝑖∈𝐶𝑛

𝑅𝑃𝑛∈𝑅𝑃 +

∑ ∑ 𝑦𝑖𝑛 ln 𝑃𝑖𝑛
𝑆𝑃(𝑋𝑖𝑛

𝑆𝑃 ,𝑊𝑖𝑛|𝛼
𝑆𝑃 , 𝛽, 𝛿, 𝜆𝑆𝑃)𝑃𝑖∈𝐶𝑛

𝑆𝑃𝑛∈𝑆𝑃                                                    (A2.4)  
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where the scale of the RP setting is one (𝜆𝑅𝑃 ≡ 1), the estimate of 𝜆𝑆𝑃 is a relative scale 

with respect to the RP data scale, 𝑦𝑖𝑛 = 1  if person n chooses alternative i and 0 

otherwise.  

Swait & Louviere (1993) proposed a different method allowing manual search of the 

relative SP scale factor. To apply this method, one should first define the pooled data set 

as a function of the scale factor of the SP data set: 

𝑄(𝜆𝑆𝑃) = [𝐼
𝑅𝑃

0
|

0
𝜆𝑆𝑃 𝐼𝑆𝑃

| 𝑋𝑅𝑃

𝜆𝑆𝑃𝑋𝑆𝑃
|
𝑍
0
|

0
𝜆𝑆𝑃𝑊

], 𝜏 ′ = (𝛼𝑅𝑃
′
,𝛼𝑆𝑃

′
, 𝛽′ , 𝜔′ ,𝛿 ′),                (A2.5)  

where 𝐼𝑅𝑃 and 𝐼𝑆𝑃 are identity matrices multiplied by the the ASCs in the RP and SP 

data sets, respectively. The other quantities are as previously defined (see Louviere, 

Hensher & Swait 2000, p. 237). The log- likelihood function of the joint estimation 

conditional on the relative scale factor can be specified as  

𝐿𝐿(𝜏|𝜆𝑆𝑃) = ∑ ∑ 𝑦𝑖𝑛𝑙𝑛𝑃𝑖𝑛(𝑄(𝜆
𝑆𝑃)|𝜏)𝑖∈𝐶𝑛𝑛∈𝑅𝑃∪𝑆𝑃                                                     (A2.6)  

Given a value of 𝜆𝑆𝑃 , the above log- likelihood function can be estimated on the pooled 

data. Swait & Louviere (1993) implement a one-dimensional search for the value of 𝜆𝑆𝑃  

within the range of 0 to 3; the estimates of 𝜆𝑆𝑃  and 𝜏  are those maximizes the log-

likelihood function. 

Another data enrichment method is known as the artificial tree structure or ‘NL trick’ 

proposed by Bradley & Daly (1992) and Hensher & Bradley (1993). The nests in a NL 

model are used to differentiate information from different data sources. Let 𝐶𝑅𝑃 

represents alternatives in the RP data set, and 𝐶𝑆𝑃 the SP data set. The scales of the 

utilities equals to the inverse of the inclusive values (θ) in the NL model. 

𝑃(𝑖|𝐶𝑅𝑃) =
𝑒𝑥𝑝(𝜆𝑅𝑃𝑉𝑖

𝑅𝑃 )

∑ 𝑒𝑥𝑝(𝜆𝑅𝑃𝑉𝑗
𝑅𝑃)𝑗∈𝐶𝑅𝑃

,                                                                                   (A2.7)  

𝑃(𝑖|𝐶𝑆𝑃) =
𝑒𝑥𝑝(𝜆𝑆𝑃𝑉𝑖

𝑆𝑃 )

∑ 𝑒𝑥𝑝(𝜆𝑆𝑃𝑉𝑗
𝑆𝑃)𝑗∈𝐶𝑆𝑃

,                                                                                    (A2.8)  
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𝜎𝑅𝑃
2

𝜎𝑆𝑃
2 =

𝜋2

6𝜆𝑅𝑃
2⁄

𝜋2

6𝜆𝑆𝑃
2⁄
=

1
𝜆𝑅𝑃
2⁄

1
𝜆𝑆𝑃
2⁄
= (

𝜃𝑅𝑃

𝜃𝑆𝑃
)
2

,                                                                                (A2.9)  

As the above NL model can be estimated using FIML estimation software; the scale 

parameter of one data set relative to that of the others can be easily obtained (Louviere, 

Hensher & Swait, 2000, p. 241-242). 
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A2.2 A Sequential Calibration Method 
The sequential approach for SP-RP model calibration is pioneered by Swait, Louviere & 

Williams (1994), in which SP data obtained based on a designed experiment was 

combined with RP data obtained from interviews. Similar to the previous method, SP 

coefficients (𝛼𝑆𝑃 , 𝛽𝑆𝑃 ) are estimated under the MNL model. 

𝑃𝑖𝑛
𝑆𝑃 =

𝑒𝑥𝑝[𝛼𝑖
𝑆𝑃+𝛽𝑆𝑃𝑋𝑖𝑛

𝑆𝑃]

∑ 𝑒𝑥𝑝(𝛼𝑗
𝑆𝑃+𝛽𝑆𝑃𝑋𝑗𝑛

𝑆𝑃)𝑗∈𝐶𝑛

,                                                                                   (A2.10)  

where 𝑃𝑖𝑛𝑆𝑃 is the probability of individual n choose alternative i form choice set 𝐶𝑛. 

However, RP ASCs, which represent the real market shares, are obtained based on RP 

data with the attribute coefficients fixed at their SP values (𝛽𝑅𝑃 ≡ 𝛽𝑆𝑃). 

𝑃𝑖𝑛
𝑅𝑃 =

𝑒𝑥𝑝[𝛼𝑖
𝑅𝑃+𝛽𝑆𝑃𝜆𝑋𝑖𝑛

𝑅𝑃 ]

∑ 𝑒𝑥𝑝(𝛼𝑗
𝑅𝑃+𝛽𝑆𝑃𝜆𝑋𝑗𝑛

𝑅𝑃)𝑗∈𝐶𝑛

,                                                                                 (A2.11)  

Such a method is derived on the idea that each source of data should be used to capture 

the behaviour that the data is superior for – RP data is used to obtain current market 

equilibria while SP data are used to reveal trade-off information of decision makers 

(Louviere, Hensher & Swait 2000, p. 231).  



224 

A2.3 Joint Estimation of RP and SP Data under the 
ML Model Setting 

Given two sources of data, the utility function of a ML model can be specified as follow: 

𝑈𝑖𝑛
𝑅𝑃 = 𝑉𝑖𝑛

𝑅𝑃 + 𝜂𝑖𝑛
𝑅𝑃 + 𝜈𝑖𝑛𝜓𝑖 + 휀𝑖𝑛

𝑅𝑃 , 휀𝑖𝑛𝑅𝑃~(0, 𝜎 𝑅𝑃
2 )                                                  (A2.12)  

𝑈𝑖𝑛𝑠
𝑆𝑃 = 𝑉𝑖𝑛𝑠

𝑆𝑃 +𝜂𝑖𝑛𝑠
𝑆𝑃 + 𝜈𝑖𝑛𝜓𝑖 + 휀𝑖𝑛𝑠

𝑆𝑃 , 휀𝑖𝑛𝑠𝑆𝑃~(0, 𝜎 𝑆𝑃
2 )                                                  (A2.13)  

where the elements (𝑉𝑅𝑃 + 𝜂𝑅𝑃)  and (𝑉𝑆𝑃 + 𝜂𝑆𝑃) are source specific component; 𝜈𝑖𝑛𝜓𝑖 

captures correlations between the RP data and choices made in the SP settings – 𝜈𝑖𝑛 is 

IID standard normal term across alternatives but equal across respondents of each 

individual; 𝜓𝑖  is an unknown parameter capturing correlations across choices of the 

same individual (Cherchi & Ortuzar 2011).  

Let 𝛾𝑖𝑛𝑡  represent any random terms other than the IID EV1 error terms. For example, 

𝛾𝑖𝑛𝑡 = 𝜂𝑖𝑛 + 𝜈𝑖𝑛𝜓𝑖. The variance of each data set is the sum of the variance of the IID 

EV1 error terms and the variance of all the random components in 𝛾𝑖𝑛𝑡: 

𝜎𝑀𝐿
2 = 𝜎𝛾

2 +
𝜋2

6𝜆2
                                                                                                        (A2.14)  

As 𝜎𝑀𝐿2  contains unknown parameters, the scale parameter that allows the same variance 

in the RP and SP data sets to be obtained is given as follow (Cherchi & Ortuzar 2011). 

∅ =
𝜆𝑆𝑃

𝜆𝑅𝑃
                                                                                                                     (A2.15) 

To estimate the joint ML model, the log- likelihood function shown in Equation A2.16 

should be maximised. 

𝐿𝐿 = ∫(∏
𝑒𝑥𝑝[𝜆𝑅𝑃 (𝑉𝑖𝑛

𝑅𝑃+𝛾𝑖𝑛
𝑅𝑃)]

∑ 𝑥𝑝[𝜆𝑅𝑃(𝑉𝑗𝑛
𝑅𝑃+𝛾𝑗𝑛

𝑅𝑃)]
𝑗∈𝐶𝑛

𝑅𝑃
𝑅𝑃 ) ∙ (∏

𝑒𝑥𝑝[𝜆𝑅𝑃(∅(𝑉𝑖𝑛𝑠
𝑆𝑃+𝛾𝑖𝑛𝑠

𝑅𝑃))]

∑ 𝑥𝑝[𝜆𝑅𝑃(∅(𝑉𝑗𝑛𝑠
𝑆𝑃 +𝛾𝑗𝑛𝑠

𝑆𝑃 ))]
𝑗∈𝐶𝑛

𝑆𝑃
𝑆𝑃 ) ∙

𝑓(𝛾𝑗𝑛
𝑅𝑃 |𝜗)𝑓(𝛾𝑗𝑛𝑠

𝑆𝑃 |𝜗)𝑑𝛾𝑅𝑃𝑑𝛾𝑆𝑃                                                                                  (A2.16) 
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The above likelihood function is scaled by the unknown and inestimable parameter 𝜆𝑅𝑃  

for the purpose of constraining the SP utility to the same scale parameter as the RP 

utility (Cherchi & Ortuzar, 2011). The rescaling is conducted on the idea that SP data 

are pooled to improve the deficiency of the RP information. 
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Appendix 3 
A3.1 The 𝟐𝟔  Full Factorial Design 

Table A4A3.1 the 𝟐𝟔 full  factorial design 

scenarios MorFF MorSF NFF NSF MorNF NNF 
1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 

800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
800 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 
900 

700 
600 
600 
600 
700 
600 
600 
700 
600 
600 
600 
600 
700 
700 
700 
600 
700 
600 
700 
600 
600 
600 
700 
700 
700 
700 
600 
700 
700 
600 
700 
700 
600 
700 
700 
700 
600 
700 
700 
600 
700 
700 
700 
700 
600 
600 
600 
700 
600 
700 
600 
700 
700 
700 
600 
600 
600 
600 
700 
600 
600 
700 
600 
600 

900 
900 
800 
800 
800 
900 
800 
800 
900 
800 
800 
800 
800 
900 
900 
900 
800 
900 
800 
900 
800 
800 
800 
900 
900 
900 
900 
800 
900 
900 
800 
900 
800 
800 
900 
900 
900 
800 
900 
900 
800 
900 
900 
900 
900 
800 
800 
800 
900 
800 
900 
800 
900 
900 
900 
800 
800 
800 
800 
900 
800 
800 
900 
800 

700 
700 
700 
600 
600 
600 
700 
600 
600 
700 
600 
600 
600 
600 
700 
700 
700 
600 
700 
600 
700 
600 
600 
600 
700 
700 
700 
700 
600 
700 
700 
600 
600 
600 
600 
700 
700 
700 
600 
700 
700 
600 
700 
700 
700 
700 
600 
600 
600 
700 
600 
700 
600 
700 
700 
700 
600 
600 
600 
600 
700 
600 
600 
700 

500 
400 
500 
500 
400 
400 
400 
500 
400 
400 
500 
400 
400 
400 
400 
500 
500 
500 
400 
500 
400 
500 
400 
400 
400 
500 
500 
500 
500 
400 
500 
500 
400 
500 
400 
400 
500 
500 
500 
400 
500 
500 
400 
500 
500 
500 
500 
400 
400 
400 
500 
400 
500 
400 
500 
500 
500 
400 
400 
400 
400 
500 
400 
400 

500 
500 
400 
500 
500 
400 
400 
400 
500 
400 
400 
500 
400 
400 
400 
400 
500 
500 
500 
400 
500 
400 
500 
400 
400 
400 
500 
500 
500 
500 
400 
500 
400 
400 
500 
400 
400 
500 
500 
500 
400 
500 
500 
400 
500 
500 
500 
500 
400 
400 
400 
500 
400 
500 
400 
500 
500 
500 
400 
400 
400 
400 
500 
400 
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A3.2 IIA Test for the Validity of 64-Scenario Availability Designs in Simulation Study 1 
Table A4A3.2 IIA Test for the Validity of the Availability Design  

Alternative 

True Model Efficient Master and 
Sub Design  

Orthogonal Master and 
Efficient Sub Design True Model Efficient Master and 

Sub Design  
Orthogonal Master and 
Efficient Sub Design 

ASCs and 
Price 

Coefficients 
Parameter Estimates Parameter Estimates 

ASCs and 
Price 

Coefficients 
Parameter Estimates Parameter Estimates 

MFF 1.00 1.03*** 0.64** 4.00 4.11*** 4.11*** 
MSF 2.00 1.94*** 1.82*** 3.00 3.05*** 3.08*** 
NFF 1.00 1.25*** 0.69*** 2.50 2.56*** 2.61*** 
NSF 2.00 2.07*** 1.83*** 2.00 2.01*** 2.06*** 
MNF 2.50 2.46*** 2.37*** 1.50 1.43*** 1.55*** 
NNF 2.50 2.44*** 2.39*** 1.00 1.61*** 1.02*** 
Price -0.005 -0.005*** -0.005*** -0.002  -0.002*** -0.002*** 

Test of IIA 
Availability 

Effects  None None Availability 
Effects  None None 

LL-ratio 
(43.773) 15.5048 16.2705 LL-ratio 

(43.773) 12.7578 8.9141 

Note:***, **, * significant at 1%, 5% and 10% level. 
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Appendix 4 
A4.1 Experimental Design  

Table A4.1 The Master Design in the 64-Scenario Mother-logit Design 
64-Scenario Master Design  

scenarios Morn 
LC 

Night 
LC 

Morn 
NF 

MD 
NF 

Aft 
NF 

Night 
NF 

Morn 
SF 

MD 
SF 

Aft 
SF 

Night 
SF 

Morn 
FF 

MD 
FF 

Aft 
FF 

Night 
FF 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 

0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
0 

1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
1 
0 
0 
1 
0 

0 
0 
0 
1 
1 
1 
1 
0 
0 
0 
0 
1 
1 
1 
1 
1 
1 
1 
1 
0 
0 
0 
0 
1 
1 
1 
1 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 
0 
0 
0 
0 
1 
1 
1 
1 
1 
1 
1 
1 
0 
0 
0 
0 
1 
1 
1 
1 
0 
0 
0 
0 
0 

1 
0 
1 
1 
0 
1 
0 
0 
1 
0 
1 
1 
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Table A4.1 Continued 

 Morn 
LC 

Night 
LC 

Morn 
NF 

MD 
NF 

Aft 
NF 

Night 
NF 

Morn 
SF 

MD 
SF 

Aft 
SF 

Night 
SF 

Morn 
FF 

MD 
FF 

Aft 
FF 

Night 
FF 

MornLC 1 0 0 0 0 0 0 0 0 0 0 0 0 0 
NightLC 0 1 0 0 0 0 0 0 0 0 0 0 0 0 
MornNF 0 0 1 0 0 0 0 0 0 0 0 0 0 0 
MDNF 0 0 0 1 0 0 0 0 0 0 0 0 0 0 
AftNF 0 0 0 0 1 0 0 0 0 0 0 0 0 0 

NightNF 0 0 0 0 0 1 0 0 0 0 0 0 0 0 
MornSF 0 0 0 0 0 0 1 0 0 0 0 0 0 0 
MDSF 0 0 0 0 0 0 0 1 0 0 0 0 0 0 
AftSF 0 0 0 0 0 0 0 0 1 0 0 0 0 0 

NightSF 0 0 0 0 0 0 0 0 0 1 0 0 0 0 
MornFF 0 0 0 0 0 0 0 0 0 0 1 0 0 0 
MDFF 0 0 0 0 0 0 0 0 0 0 0 1 0 0 
AftFF 0 0 0 0 0 0 0 0 0 0 0 0 1 0 

NightFF 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
Appearance 32 32 32 32 32 32 32 32 32 32 32 32 32 32 



0 

 

Table A4.2 Sub Design in the 64-Scenario Mother Logit Design  

64-Scenario Sub Design 

scenarios Morn 
LC 

Night 
LC 

Morn 
NF 

MD 
NF 

Aft 
NF 

Night 
NF 

Morn 
SF 

MD 
SF 

Aft 
SF 

Night 
SF 

Morn 
FF 

MD 
FF 

Aft 
FF 

Night 
FF 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 

0 
300 
300 

0 
0 

300 
300 

0 
0 

350 
350 

0 
0 

350 
350 
300 
350 

0 
0 

300 
350 
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0 
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0 
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0 
0 
0 
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Weighted D-error=2.21887 
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A4.2 A Sampled Questionnaire (in Chinese) 

国内旅客机票需求调查 
 

您本次乘坐的航班

号 
 乘机日

期 
 始发机场  

到达机场  您本次航班的客票等级（如 B、
Y） 

 

一、旅行经历 

1. 您最近一年的乘机次数： q 1-3     q 4-6     q 7-9     q 10-15     q 15次以上 

2. 您这次旅行的目的是？     q公务/商务     q旅游     q探亲/访友     q其他 _____ 

3. 您提前多久预定的机票？ q  当天购票     q  乘机前 1-2天     q  乘机前 3-6天     

q 乘机前 7-15天 

                                                  q  乘机前 15天以上 

4. 您加入了任何航空公司的常旅客计划吗？ q南航     q东航     q国航     q其他     

q没有 

如果有，您的会员类别是  q南航明珠金银卡     q东方万里行金银卡     q天合

联盟精英卡 

                                              q星空联盟贵宾卡     q国航知音白金及金银卡     q

普通会员 

5. 您该次机票的“舱位(CLASS)”是________（请参考登记卡上的字母标示，如

“Y”、“Z”等） 

6. 以下几个方面中对您订票 

影响最大的一项是  q 航空公司品牌     q 航班时刻     q 折扣     q 舱内服务

（包含餐饮） 

影响最小的一项是  q 航空公司品牌     q 航班时刻     q 折扣     q 舱内服务

（包含餐饮） 
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二、基本信息（为了对乘客订票行为进行充分的理解和分析，请您尽量提供完成

的信息。） 

1. 性别  q 男     q 女 

2. 年龄  q 16以下     q 16-21     q 22-34     q 35-44     q 45-54     q 55-64     q 65

以上 

3. 您所在的行业  q 国家机关     q 科教文卫     q 国有企业     q 外商投资企

业     q 民营企业 

                                       q 部队             q 农业生产     q 其他 

4. 平均月收入  q 低于 2000元      q 2001-5000元     q 5001-8000元     q 8001-

10000元      

                      q 10001元-20000元      q 20001元以上
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三、客票选择 

 



4 

 



5 

 
Note: the first code in  the green label at the top-left corner of each choice scenario  records the number of 

replications of the design;  
The second code indicates the order of choice scenarios faced by each respondent;  
The third code indicates the order of each choice scenario in the original 64-scenario design with 
the number before the underline representing the replication code.  
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A4.3 False Sign Parameter Check 
 

 
‘Ntrading’ refers to the ML model considering the non-trading behaviour 
‘ml’ refers to the ECM model with random price coefficient 

Figure A4.1 False S ign Parameter Check for Models in Business Segment 

 

 
‘Ntrading’ refers to the ML model considering the non-trading behaviour 
‘ml’ refers to the ECM model with random price coefficient 

Figure A4.2 False S ign Parameter Check for Models in Non-Business Segment 
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