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ARTICLE INFO ABSTRACT

JEL classification:

This paper supports the hypothesis that airline brand image might seriously impact passenger booking behavior.

€25 To offset the disadvantage associated with a negative image, an airline will need to decrease ticket prices. Thus,
]l;?l?; airline brand name reputation can be monetized and translated into airline revenue loss.

We use data from a choice experiment in which 336 passengers from Germany choose out of two airlines, one
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of which is always Ryanair. The approach employs choice modeling techniques (including mixed logit) and
utilizes Ryanair-specific variables to assess their impact on airline choice probability.

Results indicate that the higher the passengers’ income, the lower the choice probability for Ryanair. Results
are used to compute the required price reduction to render passengers indifferent to both alternatives and term

this “the disutility effect”. Additional computations reveal the potential for airlines to increase revenues by
improving their reputation and eliminating operational functions that may lead to a detrimental brand image.

1. Introduction

It is conventional wisdom in business and economics that a firm’s
good reputation goes along with higher activity and profits. In particular
for the airline industry, airline service quality might be seen as a credible
commitment to passengers to perform the transportation service at the
“promised” level. One would then expect that passengers consider past
negative experiences in perceived quality in their booking intentions or
even utilize information from print media. Thus, an airline’s perceived
and public image might influence future passenger volumes.

Several approaches show that a firm’s reputation is closely associ-
ated with the ability to increase revenues (see, e.g., Ailawadi et al.,
2003; Sattler et al., 2010 for general treatments, or e.g. Bronnenberg
et al.,, 2015 for the pharmaceutical industry as examples). Whereas
markups (respectively discounts) due to brand image reputation are
intensively discussed in the literature, the quantification and moneti-
zation of brand image reputation in individual airline choice behavior is
rather underrepresented and mainly restricted to the individual valua-
tion of single quality airline attributes (see next section for a review) or
to factors contributing to brand image (Bougoure et al., 2016; Chen &
Chang, 2008; Osaki & Kubota, 2016; Prentice et al., 2019). In addition,
some studies discussing pricing and competition issues identify a
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mixture of hub and brand premiums at hub airports within price
discrimination schemes (see e.g. Alderighi et al., 2011).

This issue is closely related to airline service quality measurement. In
measuring airline service quality, several approaches identify and syn-
thesize the dimensions and attributes contributing to airline service
quality in a single index (e.g., Parasuraman et al., 1985, 1988; Percin,
2018). In addition, other analyses employ passenger surveys (Bellizzi
et al., 2020) or fuzzy model approaches (Liou & Tzeng, 2007) to assess
airline quality and passenger satisfaction. Furthermore, some studies
emphasize the interrelation between airline and airport service quality
for passenger satisfaction and use structural equation approaches (e.g.
Farooq et al., 2018) or combine them with ordered probit analyses
(Allen et al., 2020) in order to address the complexity of this issue, in
particular the influence of latent variables in airline perceived quality.’
Finally, choice modeling approaches have been widely applied (e.g.
Espino et al., 2008; see next section) to determine the individual valu-
ation of single airline quality attributes. With regard to the impact of
airline quality, several contributions demonstrate the importance of
perceived quality for passenger satisfaction (Shen & Yahya, 2021; Shah
et al., 2020) or for loyalty (Shen & Yahya, 2021; Chonsolasin et al.,
2021) and repurchase intentions (Chen et al., 2019; Shah et al., 2020).

There can be no doubt that the perceived service quality of an airline
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contributes to its brand image (see discussion in the literature review).
Nevertheless, it is not the purpose of this paper to assess the impact of
airline quality on the dimensions of passenger satisfaction, loyalty, and
repurchase intentions. Instead, the focus is on how the airline’s image
influences individual passenger booking decisions. In other words, the
present study explores the impact of airline reputation on passenger
choices. It is therefore necessary to consider the brand name of an airline
in its entirety.

In addition, the airline’s ability to influence passenger volumes and
augment its revenues through the enhancement of its public image is
also a subject of interest. Passengers attaching a higher value to airline
brand name will expectedly have a willingness to pay for this. Airlines
may then utilize such information and consider their good reputation in
setting appropriate ticket prices. Conversely, revenue management for
airlines with a low image will also be influenced accordingly. It is
therefore likely that such airlines will possibly need to lower their fares
in order to offset this and attract a greater number of passengers. Such
pricing behavior will be of particular importance for connections with a
high degree of competition, whereas for connections with sufficient
market power, there might be at first no need to lower fares. Never-
theless, even for such market segments a low reputation might lead in
the long run to increased market entries by competitors (given sufficient
market contestability). It is therefore possible that in the long run a low
brand reputation might be seen by potential competitors as a signal for
market contestability.

The present paper is therefore concerned with the quantification of
the impact of airline brand image on passengers’ choice behavior. This
will facilitate the demonstration of the financial potential of an airline to
increase its revenues if it polishes its own reputation. A choice experi-
ment with an orthogonal design was employed and 336 passengers from
Germany were surveyed in order to test this hypothesis for the case of
Ryanair. This airline appears to be a suitable case study, as it is one of
Europe’s major Low-Cost Carriers (LCC) and has previously encountered
persistent negative media attention, including consecutive years of
achieving the lowest rankings in passenger satisfaction surveys in the UK
(BBC, 2019; The Irish Times, 2019; Fernandez, 2024; ftnNews, 2024),
allegations regarding low wages and substandard working conditions
(Daily Mail, 2017; The Guardian, 2018), or even concerns about care-
lessness for passengers (Focus, 2019). In the context of the monetization
of the brand image, the paper employs the term “disutility effect”.

Concerning the case of Ryanair, the paper starts with a first tentative
analysis of real market data. This represents a first intermediate step in
order to gain a first impression of whether the results of the subsequent
modeling approach could be also documented in observed airline pric-
ing behavior. By use of APEX fare data (see APEX, 2024) Figs. 1 and 2
illustrate and contrast the average yield per passenger for the four major
European low-cost-carriers (Ryanair, easyJet, Eurowings and Norwe-
gian) for the period 2015-2023 with that of Ryanair. This is done for

Ryainair
Average (All aifines) ——

Fig. 1. Absolute average development of per passenger yields. Source: Own
depiction based on APEX (2024) data.
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Ryainair
Average (All Airlines) ——

Fig. 2. Index based development of per passenger yields. Source: Own depic-
tion based on APEX (2024) data.

both absolute values but also as a chain index in order to be able to assess
the development over time. The average yield per passenger is solely
based on (pure) ticket prices, thus leaving aside all revenues from
ancillary services.

As Fig. 1 shows, Ryanair has consistently underperformed its com-
petitors. The difference of Ryanair’s per passenger yield to the entire
group of major Low-Cost-Carriers’ (including Ryanair itself) ranges be-
tween € 24 to € 39. In addition, Fig. 2 points out that this difference
seems to increase over time. Certainly, such differences may be attrib-
uted to several reasons. Notably, the airlines might engage in different
submarkets with a different degree of competition and also fly a
different stage length. In addition, different regional submarkets” can
also be a source for such results. Also, airline strategic decisions on price
leadership or even inefficient revenue management could contribute to
such results. In particular, the observed differences in yields may occur
due to a lower cost structure by Ryanair, which would allow the airline
to offer ticket prices also for passengers with a lower willingness to pay.
For this reason, we use the same data sources to compute the cost per
available seat kilometer (CASK) as well as its development. Figs. 3 and 4
show the results. Indeed, as illustrated in Fig. 3, Ryanair is the uncon-
tested cost leader in the industry, as its CASK remains below the average
of the competitors. However, Fig. 4 reveals that the CASK development
by Ryanair although it remains below the one of the competitors (apart

Ryanair
Average (Al Airlines) ———

Fig. 3. Cost per Available Seat Kilometer. Source: Own depiction based on
APEX (2024) data.

2 For example, an airline could possibly serve predominantly markets in
countries with lower average passenger income.
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Ryanair
Average (All Airlines) ——

Fig. 4. Index based development of Cost per Available Seat Kilometer. Source:
Own depiction based on APEX (2024) data.

during the COVID crisis), is slightly increasing. It thus seems that the
airline faces difficulties to translate the increasing cost in corresponding
yields over time, at least not at the same extent as the competitors. One
possible explanation in this respect might be the disutility effect
addressed in this paper. Here, it is hypothesized that the disutility effect
resulting from a negative brand image might also be responsible for
some parts of this observation. This suggests that even if revenue man-
agement performs efficiently, it would not be possible for an airline with
a poor reputation to price at similar levels as its competitors. In this case,
this phenomenon would be observable in the airline choice behavior by
passengers.

The paper is organized as follows: Section 2 provides a review of
itinerary choices focusing on quality elements of airline supply. Section
3 shows the modeling approach, describes the choice experiment, and
discusses the data. Section 4 presents the results and discusses the im-
plications. Finally, Section 5 concludes.

2. Literature review

Talking about airline brand image, it would be useful for the scope of
this paper to clarify this term. Many studies use the notion of brand
equity as a general term to describe the additional utility (or in the
context of this paper, the disutility) associated with the brand name of a
product. Several approaches differentiate in this respect between brand
image, brand awareness perceived quality and brand loyalty as the main
factors contributing to brand equity (Chen & Chang, 2008; Chen &
Tseng, 2010), thus indicating, that brand equity goes beyond perceived
airline quality. Most contributions use only one of these dimensions in
their analysis and try to link brand related issues to passenger satisfac-
tion and brand loyalty. This literature suggests that perceived airline
service quality and passenger expectations on quality form brand equity
(Jeeradist et al., 2016) and influence positively brand loyalty (Koech
et al., 2023; Vuong et al., 2024), customer satisfaction (Akamavi et al.,
2015; Hameed et al., 2024; Hussain et al., 2015; Pabla & Soch, 2023)
and repurchase intentions (Koech et al., 2023; Prentice et al., 2019; Yang
et al., 2012; Chen & Tseng, 2010; Chen & Chang, 2008; Chang & Sun,
2012). Some of the contributions underline the importance of brand
reputation in instances of service failure (Sengupta et al., 2015). Spe-
cifically, these contributions highlight the pivotal role of brand credi-
bility in facilitating recovery following a service failure (Bougoure et al.,
2016). Interestingly, some studies show how airline credible commit-
ment to environmental protection forms airline brand image and in-
fluences consumer behavior (e.g. Cavero-Rubio & Gonzalez-Morales,
2025). In addition, some studies discuss contributors to brand equity
from the passenger-psychological perspective (Dirsehan & Kurtulus,
2018; Prentice et al., 2019) thus identifying individual factors like
sensory, affective behavioral and intellectual ones as being important for
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brand experience and thus brand equity. The majority of the reviewed
studies employ a survey and a structural equation model, in which brand
equity contributors are mostly treated as mediators. Most importantly,
one may conclude that all studies on brand equity consistently underline
its direct or indirect importance for passenger choices, thus justifying
the adopted approach in this paper. While past literature on airline
image is rather interested in showing the interrelations and the impor-
tance of brand equity for airline success, approaches to quantify and, in
particular, to monetize brand equity are rather rare. This paper uses
therefore different modeling instruments to analyze the role of airline
brand equity in passenger booking decisions and the corresponding
monetary value passengers attach to it. Such results can be obtained by
adopting discrete choice analysis.

Discrete choice analysis is a standard instrument in transport eco-
nomics, including aviation. The main focus in aviation is the combined
airline/airport choice by passengers (e.g. Evangelinos et al., 2021; Hess
& Polak, 2005, 2006; Ishii et al., 2009; Pels et al., 2003, 2009, 2010).2
This type of literature utilizes the trade-off between access time to the
airport and flying cost. Additionally, variables like flight frequency (or
scheduled delay), time of arrival, flying time, or delays enter these
models, alongside sociodemographic passenger attributes. In general, it
is found that leisure passengers react sensitively to fares, in contrast to
business passengers, who are more sensitive to access times and flight
frequencies.

In addition, several analyses concentrate on the (pure) airline choice
behavior (henceforth itinerary choice). Such approaches offer a wide
range for the analysis of several research questions. In many cases,
scholars are interested in deriving elasticities and willingness-to-pay
(WtP) values for the airline quality parameters, like frequent flyer pro-
grams, or extra legroom etc., or finding out how passengers respond to
delays, types of aircraft, etc. Most contributions perform stated prefer-
ence analysis and estimate Logit-type models (Multinomial Logit - MNL,
Nested Logit — NL, Mixed Logit — ML). Table 1 provides an overview of
the corresponding studies.

Table 1 illustrates that scholars follow a wide range of research
questions in analyzing itinerary choices. In general, one may conclude
that studies using revealed choices have more interest in forecasting
airline demand (Coldren et al., 2003; Coldren & Koppelman, 2005;
Lurkin et al., 2017). Conversely, studies with stated choices focus on the
individual valuation of single airline attributes.

Concerning the latter, studies with latent class models are interested
in addressing differences in the individual valuation of flight and airline
attributes by using passenger subgroups according to individual char-
acteristics (Caussade & Hess, 2009; Wen & Lai, 2010; Seelhorst & Liu,
2015; Morlotti et al., 2023; Moleman et al., 2024). In contrast, mixed
logit approaches address passengers’ preference heterogeneity with
random coefficients drawn from an a-priori defined distribution
(Caussade & Hess, 2009; Espino et al., 2008; Freund-Feinstein & Bekhor,
2017; Morlotti et al., 2023; Warburg et al., 2006). In general, the ma-
jority of studies pay attention to times, connectivity issues and delays
(McCandless, 2024), while competition issues in form of code-sharing
are considered by Coldren and Koppelman (2005) and Lurkin et al.
(2017). All stated choice studies use the trade-off between fares and
quality attributes. In many approaches frequent flyer programs are part
of the choice experiment. In general, one may conclude that high fre-
quencies, meals onboard, extra legroom, luggage, in-flight entertain-
ment, direct flights, seat reservation, and participation in a frequent
flyer program influence, as expected, passenger choices positively. All
these approaches offer valuable insights into the individual valuation of
single quality elements of airlines.

Given the scope of this paper to analyze airline image in its entirety,
the studies by Milioti et al. (2015), Proussaloglou and Koppelman
(1999), and Warburg et al. (2006) are of particular relevance. They all

3 An in-depth literature review is provided by Fukushi et al. (2024).
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Table 1

Major studies in itinerary choices.

Paper Modeling Data Main quality
approach elements
considered
Balcombe et al. ML Stated choice Seat pitch and
(2009) experiment with width, in-flight
fractional entertainment, in-
orthogonal design  flight meal,
and 568 responses  complimentary
drinks
Cantillo et al. MNL and NL Revealed choices Influence of
(2021) of 876 passengers departure time,
for Medellin different payer,
Airport-Colombia schedule delay
Caussade and Hess ~ MNL, ML and Stated choice Frequent flyer
(2009) latent class experiment with programs, ticket
models fractional cancellation, seat
orthogonal design  reservation,
and 915 reservation changes
respondents
Chang and Sun MNL Stated choice Flight frequency,
(2012) experiment with luggage
fractional restrictions,
factorial design destination airport
and 286
respondents
Espino et al. MNL and ML Stated choice Comfort, frequency
(2008) experiment with reliability,
fractional reservation
factorial design changes, free food
and 310
respondents
Coldren and NL Revealed Aircraft type, code
Koppelman itinerary choice sharing, level of
(2005) for 469,078 service, departure
passengers from time
CRS bookings
Lurkin et al. MNL with Revealed Aircraft type,
(2017) instrumental itinerary choice elapsed time,
variables and for more than 3 departure time,
bootstrapping million direct flight, code
passengers from sharing
Airlines
Reporting
Corporation
Martin et al. MNL Stated itinerary Penalties for
(2011) choices with booking changes,
fractional food, legroom,
factorial design frequency,
and 310 reliability, frequent
respondents flyer programs
Milioti et al. Multivariate Revealed Airline image,
(2015) Probit itinerary choices frequent flyer
from 853 programs,
passengers reliability, and
safety, served
network, in-flight
entertainment,
friendly and helpful
staff
Proussaloglou and MNL Stated choices Quality of service,
Koppelman from 908 schedule time
(1999) passengers difference, frequent
flyer programs,
market presence of
the carrier
Warburg et al. MNL and ML Combination of Schedule time

(2006)

Wen and Lai
(2010)

MNL and latent
class models

revealed and
stated choices
with
experimental
design for 118
passengers

Stated choice
with fractional
orthogonal design

difference, flight
time, on-time
performance,
inertia, number of
stopovers

Flight frequency,
on-time
performance,
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Table 1 (continued)

Paper Modeling Data Main quality
approach elements
considered
and 322 check-in service,
respondents cabin crew service,
schedule time
difference
Coldren et al. MNL Revealed Level of service,
(2003) itinerary choices connection quality,
for 2515 aircraft type,
passengers carrier, time of day
Freund-Feinstein Mixed CNL Stated choice Days until
and Bekhor with 914 departure, legroom,
(2017) respondents for cancellation fee,
different FFP, delays,
submarkets connection time,
personal
entertainment
Morlotti et al. Conditional Stated choices Direct connection,

with 245
respondents

(2023) Logit, ML and
latent class
choices

MNL and latent

class choices

flying time,
connecting time,
integrated transfer
Travel time,
connections, type of
aircraft, FFP arrival
and departure times
Travel time, flight

Stated choices
with 830
respondents

Seelhorst and Liu
(2015)

Moleman et al. Nested Logit Stated choices

(2024) and latent class with 1211 frequency, delay
choices respondents and probability,

efficient choice connecting time
design direct flight

include variables that might directly or indirectly be attributed to the
airline’s image. Milioti et al. (2015) incorporate airline image directly in
their research,” whereas Proussaloglou and Koppelman (1999) include
the quality of service in form of passenger ratings. In addition, Warburg
et al. (2006) incorporate an inertia variable to account for passenger
reluctance to change airlines, which can also be regarded as an attribute
accounting for airline image. An interesting result emerges also in the
approach by Seelhorst and Liu (2015), wherein the authors find a pas-
senger premium for Southwest (over the alternative specific constant).
This paper can therefore be seen as an extension of the contributions by
Milioti et al. (2015), Proussaloglou and Koppelman (1999), Warburg
et al. (2006) and Seelhorst and Liu (2015) since it uses the same meth-
odological instrument but addresses specifically airline brand equity. In
addition, this paper represents the first attempt to attach a monetary
value to the brand equity related literature mentioned at the beginning
of the literature review.

3. Choice experiment, data, and modeling approach
3.1. Choice experiment

As already indicated in the literature review, stated choice experi-
ments are more interested in the individual valuation of certain attri-
butes and the corresponding (WtP), whereas revealed choice analyses
are mainly used in demand forecasting. The reason for such methodo-
logical differences is that revealed choices are potentially influenced by
latent attributes, which could distort WtP estimates. By contrast, stated
choice experiments occur in a well-defined and controlled experimental
environment, in which only the attributes of interest are tested, thus
leaving no space for distortions out of latent variables and measurement

* In addition to reliability and safety of service, which might also contribute
to airline image due to past passenger experiences.
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problems.® Since we are interested in passengers’ valuation, we devel-
oped a binary stated choice experiment for itinerary choices that reflects
typical booking situations of passengers. In the choice experiment, re-
spondents were confronted with two alternatives, Ryanair and another
LCC airline for a typical medium-haul itinerary in Europe. The persis-
tence of negative media coverage over time, as mentioned in the
introduction, suggests that this airline has a fundamental reputation
problem that goes beyond the rest of the LCCs. Consequently, this paper
aims to identify the airline (total) brand equity effect, relative to the next
possible airline. The experiment considered the following attributes:
ticket price, checked baggage, extra legroom, food and beverage, and
priority boarding as choice-related attributes. Table 2 shows the attri-
butes and their levels. Therefore, the analysis includes the classical
trade-offs between ticket prices and airline service attributes. One of the
alternatives is always Ryanair, randomly displayed left or right on the
screen. Ticket prices are based on typical fares for a continental Euro-
pean flight to create a realistic scenario. We used a fractional orthogonal
design to reduce the 96 choice combinations (Bliemer & Rose, 2010;
Louviere et al., 2000, 2010) and blocked them into six repetitions per
respondent.

Before looking at the six choice situations, participants were asked to
imagine the scenario shown in Table 3.

Table 4 shows one of the possible choice situations. Note that the
occurrence of Ryanair in the first or second place was chosen randomly
to avoid bias due to the order of airlines.

The survey was administered in the winter 2023-2024. The
randomly chosen respondents were contacted on four consecutive Sat-
urdays in different marketplaces around Berlin and were invited to
participate in the online survey. With this approach it was ensured that
also possible commuters (who are normally not available during the
week) were part of the survey. Upon acceptance, respondents were given
the survey link, to which they participated later. The survey included the
six choice scenarios (generated with orthogonal design and blocked
down to six) described above and a subsequent section containing
several questions with respect to sociodemographic attributes (age,
gender, income etc.) of the respondents. A total of 336 participants
contributed to the experiment, generating 2016 observations.

This approach provides some advantages but is also associated with
disadvantages. Firstly, the experiment includes typical services that
passengers can book for LCCs as ancillary services. It is thus ensured that
the adopted approach generates realistic choice scenarios that every
potential passenger might have experienced in the past. In particular,
the attributes included represent ancillary services that passengers can
additionally choose when booking a flight. Secondly, the choice exper-
iment is kept as simple as possible (binary choices, few alternative
specific variables). Though this comes at the cost of detail accuracy, it
ensures that respondents can cognitively handle the choice situations.
Yet basic trade-offs still exist in the analysis. Thus, this experimental set-
up might be seen as a response to possible hypothetical bias that could
distort WtP measures (Hensher, 2010). Thirdly, keeping the choice

Table 2
Attribute Values of the choice experiment.

Ticket price (TP) €120 to €170 in six increments of €10

Checked baggage (CB)

Legroom included (L)

Food and Beverages included (FB)
Priority boarding included (PB)

No (=0); Yes (=1)
No (=0); Yes (=1)
No (=0); Yes (=1)
No (=0); Yes (=1)

5 In particular the set of alternatives and attribute values of non-chosen al-
ternatives (for an in-depth discussion see Hensher, 2010). Of course, stated
preference also have several caveats (see Train (2009) for a discussion).
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experiment as simple as possible reduces the required sample size. In our
case applying the rule of the thumb presented by Orme (1998) ,° the
choice experiment would require 209 respondents. With 336 re-
spondents we are thus far beyond that lower bound. Fourthly, the use of
orthogonal design allows to reduce the number of choice sets and thus to
keep the sample size low. Finally, as Table 1 demonstrates, similar
studies have used a great variety of attributes influencing the passen-
gers’ preferences und thus the choice of the airline (e.g. departure and
arrival time, frequent flyer programs, direct connection etc.). To this
end, and in order to avoid possible omitted variable bias, it was addi-
tionally emphasized that only the alternatives presented should be
considered, while all other choice criteria are identical and should not be
taken into consideration. Thus, this approach utilizes the merits of stated
choice analyses in offering respondents the choice attributes of interest,
while eliminating omitted variable bias.

On the other hand, in such a choice experiment pre-knowledge of
respondents might be an additional source of inaccuracies. Therefore,
estimations in the following section include a binary variable called
“previous experience with Ryanair” associated with pre-knowledge of
passengers with Ryanair, therewith trying to capture potential individ-
ual predispositions of passengers. This is also in line with the finding in
the literature review, that brand equity is also formed by but goes
beyond perceived airline quality. However, it is important to note that a
similar predisposition might also exist for Full-Service-Carriers (FSC).
Consequently, passengers who predominantly travel with FSC expect
that the attributes used in the choice experiment are already included
within the ticket price. Apart from the fact, that in the meanwhile many
FSCs have also introduced the option “only fly” with additional ancil-
laries (for short-to medium-haul services), it should be pointed out that
the choice experiment is performed in a well-defined environment,
giving respondents the framework for their answers, still keeping in
mind, that this is a potential source of inaccuracy due to passenger pre-
knowledge.

In addition, providing only the name of the one airline (Ryanair) in
the choice experiment while leaving the other undefined (other airline)
is a kind of a semi-labelled experiment. On the one hand this allows to
keep complexity at a low level and analyze the impact of airline repu-
tation compared to the rest of all other LCCs as a whole. However, on the
other hand, it could possibly lead to some inaccuracies, since re-
spondents do not associate the alternative “Other” with a certain airline.
In other words, it could happen that participants penalize the name
“Ryanair” in their choice behavior because it’s the only one they receive
in the experiment. However, this paper is exactly interested in deriving
monetary values for the precise case of Ryanair following the persistent
negative media reports in the past. That is, the approach seems to be
appropriate to test the long-run brand image reputation effect of Ryanair
compared to the rest of the market. Nevertheless, in order to address
such potential inaccuracies, the following subsections will also perform
some “rough” quality tests for WtP measures.

3.2. Model and data

Based on the standard choice modeling approach (McFadden, 1974;
Ben-Akiva & Lerman, 1991; Train, 2009) assuming utility maximization,
airline i is preferred over airline j in observation ¢, if the corresponding
(indirect) utility U for alternative i (in our case airline 1) is higher than
the one for j (in our case airline 2), or formally: U;; > Uj,—i > j. Note
that in the dataset each respondent shows up several times, but we
ignore this in the presentation of the model for simplicity. Splitting U;
into a deterministic (V) and a stochastic component (g;), results in:
Ui = Vi + €. The deterministic part includes all observable influences
on the choices. Assuming independently and Gumbel distributed error

6 An in-depth discussion is provided by Assele et al. (2023).



C. Evangelinos et al.

Table 3
Choice situation environment.

Research in Transportation Economics 112 (2025) 101600

Imagine you would like to travel within Europe for one week soon (e.g. Berlin to Barcelona or Berlin to Rome). After a short internet research, you found two possible flights with low-
cost carriers. On the following pages you can find the differences between those two offers. Which airline would you choose?

Table 4
Typical choice scenario.
Ryanair Other

Ticket Price (TP) €120 €150
Checked Baggage included (CB) No Yes
Extra Legroom included (L) Yes No
Food Beverage included (FB) No Yes
Priority Boarding included (PB) Yes No

Your Choice

terms, one may derive the well-known logit-probability in (Eqn 5) (e.g.,
Koppelman & Bhat, 2006, p. 28):

exp (Vi)
3 exp (V)

The deterministic component of the utility is usually linearly
specified:

Vi=ASCi+ > X (@)
k

Pr(i) = (1)

where ASC; represents the base utility for alternative i, xy; are the at-
tributes influencing the airline choice and g, are the parameters to be
estimated. Note that the utility usually depends on alternative-specific
(e.g., the ticket price) and passenger-specific (e.g. income and individ-
ual perceptions) influences. The latter is not formalized above for con-
venience. Parameters are estimated by maximizing the log-likelihood
function (Train, 2009).

Based on the choice experiment described above (see Table 2 for the
relevant attributes), the indirect utility function for Ryanair (V) and
airline 2 (Vo) is specified in a linear fashion:

I,
Vi =ASCr_o + frp-TPr + fy-Lr + Brs-FBr + Pps-PBr + fc-CBg + By, Yt

+ ...
3

Vo =ASCo + frp-TPo + P1-Lo + Prs-FBo + fpgPBo + fcp-CBo

The alternative specific constant for the other airline ASCy is fixed at
zero. Thus, ASCr_o, indicates the base utility difference between Ryanair
and the second airline. The same applies to all individual-specific in-
fluences (e.g., f;, , for income I). Note that the income I is normalized to
its mean. For this reason, ASCr_o represents a bonus or malus of Ryanair
in the choice probability of passengers that is associated with the brand
name of the airline. In case that passengers penalize the name Ryanair
we expect a negative and significant impact of the alternative specific
constant and (some of) the individual specific influences.

In addition, we extend our model in two dimensions. In a first model
extension, apart from the specification in (Eqn 3), we hypothesize that
possible choices toward one of the alternatives might be influenced by
individual income in a non-linear fashion. Preliminary tests have
revealed a logarithmic relationship, so that Vg transforms to:

Vr =ASCr_o +ﬁTP - TPy JrﬁL -Lp +ﬁFB -FBr +ﬁPB - PBg +ﬁCB -CBr

4
-‘rﬁmo'lOg(%)—}—... @

A second model extension accounts for random taste heterogeneity.
Thus, a mixed logit model with a random parameter specification (Train,
2009) is estimated. In such a model, the tastes of individuals vary

according to an (a priori defined) density function f(f|w), where w is the
vector of the parameters (e.g., mean and standard deviation) of the
density function. In this case, choice probabilities are given as the in-
tegrals of standard logit probabilities over a density of parameters
(McFadden & Train, 2000; Revelt & Train, 1998):

P = / L (o) dp ®)

P; describes the probability of an individual choosing the alternative i
and [; is the logit probability from (Eqn 1). Parameter estimates are
obtained via simulation (maximum simulated likelihood approach;
Train, 2009).

The mixed logit model is superior because it addresses several limi-
tations of the standard logit (Train, 2009). Accounting for random taste
heterogeneity is of particular importance because it can lead to less
biased estimates. On the other hand, mixed logit models are associated
with certain difficulties, mainly connected to the choice of the mixing
distribution and the number of draws in the simulation. These diffi-
culties might become even more relevant when researchers compute the
WtP based on the model results (Daly et al., 2012; Hess et al., 2007). This
point will be revisited in the next section.

4. Results and discussion
4.1. Model results

Before proceeding with the model results, Table 5 demonstrates the
main descriptive statistics of the experiment.

Table 5 shows at first that household and income distributions of
respondents show a typical (and expected) right-skewed distribution.
However, in particular for income it seems that low-income categories
are overrepresented in the sample, since the sample mean income is with
€ 1833.4 around € 250 lower than the average net equivalent income in
the population (see Destatis, 2024). As the paper demonstrates in the
next subsection, the computed disutility effect will depend on the

Table 5
Descriptive statistics.

Flying frequency per year (in % of respondents)

1 flight 2-5 flights 6-9 flights 10-12 13 or more flights
flights
36.7 % 40.0 % 11.1 % 5.6 % 6.3 %
Age distribution (in % of respondents)
<20 20-29 30-39 40-49 50-59 60 or
more
3.9% 27.6 % 34.5% 25.7 % 6.9 % 1.4 %
Income distribution in € (in % of respondents)
<1500 1501-2500  2501-3500  3501-4500  >4501 no
41.4 % 29.6 % 15.8 % 5.5% 2.6 % response
5.1%
Household composition (in % of respondents)
Single- 2-person 3-person 4-person 5-person or more
person
27.6 % 26.0 % 16.6 % 23.2% 5.5 %
Gender (in % of respondents)
Female Male No response
52.1 % 44.9 % 3.0 %
Past 24.3 %
experience
with
Ryanair
Airline Ryanair Other LCC
choice 43.7 % 56.3 %




C. Evangelinos et al.

passenger’s income. For this reason, estimates in this paper should be
interpreted as lower bound estimates. Similarly, the average age in the
sample of 36.6 years is around 8 years lower than the one in the pop-
ulation (see Destatis, 2023). It is clear that in the sample the 30-39 years
group is overrepresented, and the oldest age group is underrepresented.
However, the age distribution in the sample seems to fit very well with
the age distribution of passengers in Germany according to German
Airport Association (see ADV, 2023). The gender distribution seems to
reflect very well the population. Around 10 % of the respondents fly
more than 10 times per year. Summing up on the sample structure, the
sample seems to reflect basic properties of the population, but re-
spondents seem to have a slightly lower income than the German pop-
ulation. Keeping this in mind, this topic will be revisited in the
concluding remarks.

Estimations were carried out by use of Biogeme (Bierlaire, 2003). In
addition to the alternative-specific attributes, the estimation results
include passengers’ income, previous experience traveling with Ryanair,
and categorization as frequent flyers (binary). Mixed logit models have
proven to perform best with triangular distributions and 50,000
(inter-individual) Halton draws, which seems to be sufficiently high for
the simulation. The cost coefficient shows no significant standard de-
viation in any preliminary model. To minimize computing time, the
ticket price coefficient is estimated without random taste heterogeneity.
This modeling approach also offers advantages for the subsequent WtP
measure computation. First, using a triangular distribution may counter
possible distorted WtP estimates, which might occur due to the long tails
of other mixing distributions (Sillano & Ortuzar, 2005). Second, fixing
the cost coefficient avoids the problem of distorted WtP estimates and
reduces possible instabilities of the ML model (Revelt & Train, 1998;
Sillano & Ortuzar, 2005). Furthermore, the computation of WtP mea-
sures is more straightforward since the numerator (coefficient of the
attribute in question) varies according to the triangular distribution, and
the denominator (the cost coefficient) is a non-random parameter.
Consequently, the WtP follows the same distribution as the numerator,
and its mean and standard deviation can be derived easily.

Table 6 shows the estimation results according to (Eqn 3) and (Eqn
4). The linear Logit model (LLM) and non-linear Logit model (NLM)
differ in how they treat income. While income enters the model in LLM
linearly, NLM includes the log of the income.

Additionally, non-nesting hypothesis tests (Horowitz, 1983) reveal
that LLM and NLM are equivalent models, whereas ML is superior to
both others. This is hardly surprising since mixed logit approaches take
into account variation of individual tastes for choices. On the other
hand, income does not appear to be significant anymore in the mixed
logit approach and has been omitted from the finally presented model.
This means that any minor tendency of high-income passengers and
frequent flyers to choose the other airline is in ML fully captured by the
alternative specific constant.

In general, parameter estimates show the expected signs. The
magnitude of most parameters exhibits minimal variation across the
models. We consider this as an indicator of robust results. Passengers
positively perceive the inclusion of Food and Beverage, Priority Board-
ing, and extra Legroom in the offer, resulting in a higher probability of
choice. As expected, the choice probability decreases with higher prices.

With regards to the paper’s scope, it is first observed that the alter-
native specific constant of the Ryanair alternative for ML (where the
disutility effect is solely in the ASC) and for NLM (where the disutility
effect is in the ASC and the income) are negative. This suggests that
passengers penalize the brand name “Ryanair”. In addition, NLM shows
that in particular passengers with higher incomes’ tend to avoid Ryan-
air. These results can be interpreted as a first indicator of possible
financial losses due to airline image issues. Nevertheless, as will be

7 Note that income enters the computations measured as the individual net
monthly income.
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demonstrated below, Ryanair still enjoys a bonus by some of the
passengers.

4.2. Discussion and further computations

In the following we compute WtP values for the flight attributes
included in the choice experiment to test whether our models provide
reliable and realistic results. The WtP is the substitution rate between
travel cost (here ticket price) and the relevant attribute (say X). Since the
characteristics under consideration and travel cost enter linearly the
utility function, the WtP can be expressed as the ratio of coefficients®:

wer=Yox _Viex _ bx ©)
Wigrp WVjgrp  Pre

NLM and ML show similar WtP values. For the ML, WtP values are
triangularly distributed, whereas the standard deviation of the attribute
parameter is scaled with the cost coefficient. For the scope of model
comparability and plausibility and testing possible inaccuracies, Ta-
bles 7 and 8 present the WtP values for NLM and ML.

Table 7 shows the results from NLM including 95 % confidence in-
tervals according to the asymptotic t-test (Armstrong et al., 2001):

V= <WTP;—1> (tlt”’lz > + (ng) \/(pt2 —tity)? — (8 — 12)(6 — 12)

J\g-¢ G-

)

where t; and t; are the t-ratios of the corresponding estimated co-
efficients, t is the critical value for the given degree of confidence and p
is the coefficient of correlation of the parameter estimates. Under the
condition that the value in the radical is positive, upper and lower

Table 6

Estimation results.
Variable LLM NLM ML
ASC
Ryanair —0.0107 —0.483%** —0.534%**
Sigma (Ryanair) 3.87%**
Airline 2 Fixed Fixed Fixed

Alternative-specific attributes

Ticket price —0.0414*** —0.0414***  —0.0631***
Checked baggage 0.786%** 0.782%** 1.32%**
Sigma (Checked Baggage) 3.10%**
Food and Beverage 0.479%** 0.478%*** 0.799%**
Sigma (Food and Beverage) 2.34%**
Legroom 0.565%** 0.567*** 0.912%**
Sigma (Legroom) 1.81%x*
Priority boarding 0.266%*** 0.264*** 0.393%***
Sigma (Priority Boarding) 0.882
Individual-specific attributes

Income —0.000243***

Log(Income) —0.380%**

Frequent flyer —0.255 —0.297*

Previous Experience with Ryanair ~ 0.116 0.146

Observations 2016 2016 2016
Final LL —1007.9 —1008.34 —956.8
McFadden adj. R-square 0.232 0.232 0.256

1% significance level.
** 50p significance level.
*10% significance level.

8 In other words, we follow the standard economic approach for WtP
computation, which is the marginal rate of substitution between the ticket price
and the attribute in question. Equation (6) gives in this respect the amount of
money the respondents are willing to pay in form of higher ticket prices in order
have the attribute in question included.
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Table 7
Expected WtP values from NLM with upper and lower bounds.
Checked Extra Food and Priority
Baggage Legroom Beverage Boarding
WtP in € 18.89 13.70 11.55 6.38
Upper 23.02 17.65 15.44 10.19
bound
Lower 15.04 9.93 7.84 2.66
bound
Table 8
Expected WtP values from ML with standard deviations.
Checked Extra Food and Priority
Baggage Legroom Beverage Boarding
WtP in € 20.92 14.45 12.66 6.23
Standard 49.13 28.68 37.08 13.98

Deviation

bounds of WtP will remain positive, even if parameter estimates are
negatively correlated.

Similarly, Table 8 presents the corresponding WtP values including
the standard deviation. A comparison of Table 7 with Table 8 reveals
that expected WtP values are for both models very close to each other.
This suggests that both models yield similar results in this respect.
Furthermore, Table 9 illustrates airline surcharges for the attributes used
in this paper. One may conclude that certainly airlines differentiate such
surcharges (according to stage length, destination, time period, etc.).
Assuming fully informed airlines, that capture as much as possible the
passengers” WtP for those ancillaries, it is obvious that estimated WtP
values from both models are close to surcharges set by airlines for these
attributes. In this respect price ranges in Table 9 would even justify the
high standard deviations derived from these models. It can thus be
concluded that possible hypothetical bias (as discussed above) does not
seem to substantially distort our estimates. In other words, model results
based in hypothetical choices derive WtP measures close to airline sur-
charges for the attribute in question. This might be seen as a first
tentative model validation with real world data. However, it is obvious
that ML derives a much higher variability of WtP estimates. In fact,
standard deviations seem to be extremely high. This underlines the
importance of mixed logit approaches. Since some passengers in the
sample will attach a high value to the tested attributes, their WtP will be
expectedly very high, whereas for some others the attribute in question
will play a minor role. Note that triangular distributions are not neces-
sarily symmetrical. This could result in the typical situation that average
passengers have a (slightly) lower WtP than ML indicates (as indicated
by NLM in Table 7) and the remaining share of passengers attach a very
high value to the attribute in question, thus causing a high standard
deviation. On the other hand, the computed high standard deviations
might not only be a result of sample heterogeneity, but also due to the
nature of stated choice experiments, or even sampling issues. For this
reason, the result of high standard deviations is kept as a potential
limitation.

In the following, we compute the monetary value of the Ryanair
disutility effect. In other words, we determine the amount of money that
makes an individual indifferent between identical flights of Ryanair and
another low-cost airline. Note that the ML reflects the Ryanair disutility
effect solely in the ASC, while the NLM also accounts for the impact of

Table 9

Airline surcharges for additional services. Source: Airlines’ website.
Surcharges Checked Extra Food and Priority
in € Baggage Legroom Beverage Boarding
Ryanair 18.99-59.99 11.00-33.00 10.00 6.00-36.00
Easyjet 11.99-48.00 10.49-16.99 9.50 8.25-13.50
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individual-specific influences, such as income (in addition to the ASC).

For the ML, the WtP is triangularly distributed since frp is not a
random parameter. Plugging the parameter estimates in (Eqn 6) results
in a mean WtP of € 8.46 with a standard deviation of € 61.33. This is the
amount people want to pay less on average just because Ryanair offers
the flight. On the other hand, the standard deviation reveals that
Ryanair still enjoys a bonus by a considerable share of the passengers.

In the following we proceed with a similar computation using the
NLM. However, in this model, it is also necessary to consider the impact
of income. Table 6 demonstrates that the alternative specific constant as
well as the income and frequent flyers contribute to the disutility effect.
In the following the frequent flyer effect will be disregarded. Note that
(all other things being equal) in order to attract frequent flyers, ticket
prices should be € =227 = 7.18 lower than the ones of non-frequent
flyers. We thus consider our results to be rather conservative esti-
mates. On the other hand, with increasing income, passengers seem to
move toward the alternative airline. Since in NLM income enters the
estimations in a logarithmic fashion (as seen in (Eqn 4)), the income
effect is positive but with a decreasing rate, thus indicating a dimin-
ishing marginal propensity toward the alternative airline. This result is
depicted in Fig. 5. The figure illustrates the only-income based monetary
disutility for different income categories in the range of € 500 to € 6400
in increments of € 100. In other words, we compute the income-based
monetary difference for two identical flights, which makes the passen-
ger indifferent between Ryanair and an alternative airline. The mone-
tary difference varies between € —4.46 (for low-income passengers) and
€ 5.70 (for high-income passengers). This result corroborates (at least
partially) also the findings from the ML model, showing that up to a level
of around € 1500 net monthly income, Ryanair still enjoys a bonus by
passengers.

However, the disutility effect presented in Fig. 5 results only from
income variation. Adding to this the base monetary difference from the

ASC (%188 — 11.67> (and disregarding frequent flyers), we obtain the

full disutility effect for different income levels. This result is depicted in
Fig. 6.

Fig. 6 illustrates that the per passenger monetary disutility due to the
loss of reputation is positive even at low-income levels. For low-income
categories, e.g. € 1,000, the disutility effect sums up to € 9.97. Plugging
in this computation to the average income in the sample of € 1833.4, the
disutility effect sums up to € 12.38.

To sum up: Both models NLM and ML derive similar results, as
indicated by the WtP values and the average disutility effect. Never-
theless, the superiority of ML in this respect is also clearly observable.
Whereas NLM derives an average disutility effect of € 12.38, the

Income Based Disutility Effect
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Fig. 5. Disutility effect and income.
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Full Disutility Effect

Full Monetary Difference (without frequent flyers)
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Fig. 6. Full disutility effect for a single passenger.

corresponding figure from ML is slightly lower with € 8.46. However,
allowing for heterogeneity of tastes reveals not only much stronger
variation in WtP values, but also a Ryanair bonus by some share of
passengers. This result is only indicated by NLM (passengers with higher
income tend more to the alternative airline) but cannot be fully reached,
apparently because income is not the only source of variation of choices
with respect to brand name reputation issues. It is also noteworthy that
“previous experience with Ryanair” is in all models not significant.
Notwithstanding the lacking significance, the parameter estimate is
positive in LLM and NLM. This could be interpreted as a bonus for
Ryanair by those passengers who have already past experiences with the
airline but is a negligible reason for the average passenger in the sample.
Exactly this effect is revealed in the ML approach.

These results seem also to confirm the figures presented in the
introduction of this paper. As illustrated in Fig. 1 the difference in yields
between Ryanair and the group of the other LCCs ranges between €
24.00 and € 39.00. The disutility effect computed above is undoubtedly
but one component of this difference since as already discussed many
other factors might contribute to it.

After determining the monetary compensation for a single passenger,
the potential of an airline to increase its revenues on a typical flight by
enhancing its image is examined. Since, however, the distribution of
passengers according to their income on a typical Ryanair flight is un-
known, it is not possible to provide an estimate for this. Consequently,
we undertake sensitivity analyses based on our findings. The typical
flight involves the assumption of a standard medium-haul aircraft with
186 seats and a 90 percent load factor. Furthermore, passengers are
segmented in six different income categories (in increments of € 1000),
and subsequently we vary the distribution of passengers in these cate-
gories. Starting with 100 percent of passengers within the lowest income
category, this share is then reduced successively down to 40 percent.
This approach facilitates the computation of the disutility effect for
varying shares of passengers in the lowest income category. Fig. 7 shows
these results.

As demonstrated in Fig. 5, the disutility effect for a standard flight
ranges from € 1601 to € 2160 and increases with a decreasing share of
low-income passengers. However, it must be noted that the accuracy of
these figures might be compromised by the assumptions on the income
distribution. Therefore, we consider our results as rough estimates.

Notwithstanding this possible distortion, financial gains from
enhancing the airline’s reputation can be substantial. Even with 100
percent low-income passengers (no expected distortion from income
distribution), the disutility effect amounts to approximately € 1601 per
flight. Since firm strategies aiming at a better image are costly,
economically acting airlines would juxtapose the ability to charge
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Disutility effect for a typical flight

2500.00
2000.00
o
|83
o
% 1500.00
z
2 1000.00
)
o
500.00
0.00
1.00 0.90 0.80 0.70 0.60 0.50 0.40

Share of the lowest income category

Fig. 7. Lost income [€] for a typical flight. Source: own computations.

higher ticket prices due to a higher reputation with its cost. Assuming
even the lowest possible income of € 500 and multiplying the corre-
sponding average disutility effect with the number of passengers
transported by Ryanair in 2022 (97.5 million passengers, see Statista,
2023), yields a potential revenue increase of roughly € 702 million.
Calculations based on the ML-Modell provide an even higher figure of €
825 million. Note that this figure represents a lower bound, since it
assumes the possible lowest passenger income and leaves aside frequent
flyers.

These results are in line with the literature discussed in Section 2,
particularly with studies emphasizing the significance of brand equity
on repurchase intentions (Koech et al., 2023; Prentice et al., 2019; Yang
et al., 2012; Chen & Tseng, 2010; Chen & Chang, 2008; Chand et al.
2024). This paper adds to this literature in monetizing this effect. Note
that the parameter estimate for “previous experience with Ryanair” is
not significant, thus indicating neither a positive nor a negative impact
of past Ryanair experience on airline brand choice. This might also be
interpreted as an indicator that prior Ryanair experience is fully
captured by the alternative specific constant. In this case past experi-
ences with the airline form expected perceived quality in a negative
fashion, so that passengers penalize the brand name, but have no ex-
pectations from past experiences. This would also be in line with the
approach by Jeeradist et al. (2016) but also with those addressing airline
loyalty (Koech et al., 2023; Vuong et al., 2024).

The relevant question now is whether these results could hold for all
regional markets. As previously discussed, the magnitude of the
disutility effect will depend on the passengers’ income, thereby raising
concerns regarding its transferability to other markets. From this
perspective, we propose similar case studies also for other European
regional markets. However, it is important to note that given the over-
representation of low-income passenger groups in the sample these re-
sults could still hold for several other European countries with lower
average income. The sensitivity analysis presented in this paper (in
particular Fig. 7) addresses this issue, leading to the conclusion that an
airline can increase its revenues even with a 100 percent share of low-
income passengers on board if it enhances its own reputation.

In addition, the results of this paper will certainly not hold for routes
operated by a single airline. Enjoying monopolistic power will enable
airlines to neglect any brand name related issues in their pricing, as
passengers will have no other option but to fly with the only existing
carrier. However, as several studies point out, recent LCC network and
schedule developments resulted in progressively overlapping LCC net-
works (Efthymiou & Christidis, 2023; Zhang et al., 2023) with an
increasing degree of competition among LCCs (even leading to saturated
local markets). Thus, as competition intensifies, the brand name effect
will become more relevant in airline pricing. As a result, from the
perspective of network development, it is not expected that single LCCs
will hold a monopoly position in a considerable share of their network.
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Thus, we do not expect a considerable distortion from monopoly routes
in the estimates presented above. Certainly, other scheduling related
factors, like departure and arrival times or flight frequency will still
enable LCCs to charge a premium and ignore brand name related factors,
but this will predominantly be relevant for time inelastic business and
high-income passengers, who, in any case, are less targeted by LCCs.

5. Final remarks
5.1. Conclusions

This paper addresses the question of how an airline’s low reputation
enters passenger booking decisions and derives monetary values for such
areputation. Using a binary experiment for airline choices, where one of
the alternatives is always Ryanair, and subsequently estimating several
logit models (including mixed logit), it is demonstrated that airline
reputation enters consumer decisions, at first in form of the alternative
specific constant as an average propensity to eschew Ryanair. Further-
more, higher income passengers and frequent flyers show a similar
behavior. This finding translates into a premium an average passenger is
willing to pay to avoid the airline with the poor reputation respectively a
premium an airline can charge if it improves its image. It is demon-
strated that this disutility effect increases with increasing passenger
income albeit at a decreasing rate. Depending on the modeling
approach, an average monetized disutility effect between € 8.46 and €
12.38 was identified. Under certain assumptions, this sums up to a
revenue loss of around € 1601 per flight. The brand name effect has been
used in in the past in theoretical analyses for schedule competition (e.g.
Brueckner & Flores-Fillol, 2007) or for airline alliances (e.g., Brueckner
& Whalen, 2000) and has been identified in empirical literature on
brand equity, however, without the merits of monetization coming out
of discrete choice analysis. This paper provides thus some first estimates
of the brand name effect’s magnitude, thereby enabling an airline to
increase its ticket prices.

Therefore, an airline could generate substantial additional revenue
by enhancing its reputation. Whether an airline utilizes this information
may also depend on the airline’s ability to exploit the potential revenue
due to proper revenue management. Nevertheless, the findings of this
study suggest that the financial benefits are substantial enough to
outweigh the costs associated with enhancing reputation. However, this
monetary advantage may only be manifested in the long run. At the
beginning of the strategy adoption process aiming at enhancing repu-
tation, the cost will be higher than the ability to increase ticket prices,
given the protracted nature of image enhancement. Initially, consumers
may exhibit skepticism, but subsequent trust in the airline’s intentions is
likely to alter their choice behavior. However, this is certainly also a
question of how credibly airlines commit themselves to passengers
regarding their future intentions.

In fact, possessing a high reputation does not necessarily ensure
profitability (Thomas, 2015), as technological efficiency, market struc-
tures and market development might strongly influence profitability.
Even less efficient and low-reputation airlines might be profitable in a
growing market. However, as competition intensifies and/or market
volumes decline, the airline image will become increasingly pivotal for
financial success.

5.2. Limitations and further research

We have tested reputation effects using Ryanair as an example. Note
that the observed effect might be of a different magnitude if one con-
siders other airlines or other regions. Furthermore, since this paper used
a typical medium-haul flight, the observed effect might result in
different values or even vanish, for a different stage length, particularly
for very short distances. Therefore, this paper does not claim generality,
however, it can demonstrate substantial revenue losses from a poor
reputation for that specific case study. In addition, possible additional
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limitations consider the nature of the stated choice experiment with
hypothetical choices, particularly the possible predisposition of some
passengers flying predominantly with FSC.

Since this paper has attached the airline’s perceived image to its
name, it does not consider the attributes that might contribute to
reputation. This is an open question for future research. Finally, it
should be noted that the airline’s image is expected to play a pivotal role
in its overall success in European markets in the future, as according to
unofficial statements by industry representatives, significant market
exits might take place in the future.

Furthermore, strategic business model decisions might influence
airline scheduling. In this respect several studies have shed light on the
dynamics of the evolution of the low-cost business model and show, that
LCCs adopted in the past also FSC elements (Klophaus et al., 2012),
particularly in introducing connecting flights (Maertens et al., 2016).
Such indirect connections might alter the dynamics of competition be-
tween LCCs and FSCs, as well as within the LCC business model (Morlotti
et al,, 2020). A passenger utility-based planning approach for the
introduction of connecting flights would therefore have the potential to
substantially increase airline revenues and contribute to efficiency gains
(Birolini et al., 2022). The interplay between the brand image effect
addressed in this paper and long-run scheduling issues remains unclear
at this point. On the one hand, introducing connecting flights might
increase airline image and thus allow for even higher financial gains. On
the other hand, introducing low-cost connecting flights might increase
the risk of additional financial losses due to intensified competition but
also in cases of failed services (where passengers miss the connecting
flight) or even confirm the possible negative airline image to passengers
in the case of very high connecting times.

Consequently, we advocate for the intensification of research on the
factors contributing to airline image and its monetary consequences.
This can be done in several additional analyses and with different ap-
proaches. Firstly, choice analytic instruments might be applied for
longer periods of time in the form of panel data to identify potential
alterations in passengers’ choice behavior as a response to changing
airline image. Secondly, identifying latent (psychological) factors that
contribute to airline image could assist airlines in more precise targeting
of their marketing and communication activities.
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