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ABSTRACT 
Prices of airline tickets frequently change, which is traditionally caused by yield management as price discrimination 
practice. In more recent times however, customer information is easily obtainable via the World Wide Web (e.g. 
through cookie data), which allows price discrimination based on customer profiling via cookie data or other electronic 
tracking tools. Consequently, a personal treatment might provide personalized ticket prices to customers.  
This paper aims to investigate whether price discrimination practices are applied by airlines in online ticket sales. A 
month-long experiment was executed in which two European full-service and two European low-cost carriers were 
followed and prices of sixteen routes were tracked. First, customer profiling as underlying practice of price 
discrimination was tested by tracking prices at two conditions: one computer accepted cookies, while cookies and other 
online tracking tools on the second computer were erased after each session. If price differences between these two 
conditions had existed, these differences should attribute to customer profiling. Second, yield management as price 
discrimination practice could be investigated by tracking prices over time.  
In this particular case, it was found that none of the airlines applied customer profiling based price discrimination since 
prices were identically the same at both conditions. Although customer-profiling tools were not used, customer 
information from direct sources such as online registrations are found to be crucial in segmentation processes. Other 
influences based on yield management were also identified. The two tested full-service carriers showed typical pricing 
patterns, whereas the two low-cost carriers did not show many fluctuations. Most changes occurred in the morning 
(56,5%) and the majority (52,2%) of fluctuations were minor price changes of 0%-5%.  
Therefore in conclusion, the appliance of customer profiling as pricing practice is not confirmed based on this 
particular research. However, yield management seems to act as an underlying practice of dynamic pricing.  
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1. INTRODUCTION  
 
The airline industry is complex, whereas airlines are challenged 
to maximize sales of perishable assets: flight tickets. These are 
perishable as there is a certain date at which unsold tickets are 
lost. Due to this characteristic, airlines have to optimize their 
ticketing system, which should both decrease inventory of 
tickets and increase profits. Dynamic pricing seems to be a 
solution to achieve both objectives, which is seen as “a new 
version of an old practice: price discrimination” (Krugman, 
2000). It causes that prices change over time, varying from 
customer to customer, and from various bundles of products 
and services (Kannan and Kopalle, 2001). The goal of dynamic 
pricing is not particularly to attract more money from customers 
(McAfee and te Velde, 2006), but to allocate the right price to 
the right capacity to the right customer at the right place at the 
right time (Kimes et al, 1998). Bitran and Caldentey (2003) 
acknowledge the importance of pricing and mention: “price is 
one of the most effective variables that managers can 
manipulate to encourage or discourage demand in the short run” 
(p. 204). Accordingly, dynamic pricing appears to not only 
influence profits, but also to regulate pressure on inventory. 
However, as prices frequently change, either over time or 
between customers or products, and customer awareness of 
these fluctuations increase due to the Internet, the question 
arises what underlying practices affect dynamic pricing.  
Yield management as price discrimination practice has 
traditionally been applied by many airlines. This practice deals 
with the trade-off between selling a ticket immediately but at a 
low price, or waiting for a customer willing to pay more money 
but with the implied risk that in the end the ticket will not be 
sold (Alderighi et al., 2012). Literature has extensively 
discussed the concept of yield management, and mentions 
various mediators of this practice. These include supply (Birtan 
and Caldentey, 2003), costs (Klein and Loebbecke, 2000), 
competition (e.g. Currie et al., 2008), itinerary (e.g. Mantin and 
Gillen, 2011), and demand (Lieberman, 1993; Zhao and Zheng, 
2000). Jointly, these factors help to define prices through yield 
management practices.      
In more recent times however, customer profiling as price 
discrimination practice could be applied, since customer 
information is easily obtainable via the World Wide Web. This 
information may contribute to the process of charging the right 
price to the right customer. On the Internet, “customers 
themselves either directly or indirectly provide accurate, real 
time market data at virtually no cost to the firm” (Marmorstein, 
2003, p. 158). Information that is directly obtained via 
customers themselves includes e.g. profile information 
(demographics, income, interests, family size), and purchase 
history. Indirectly, customer information could be obtained via 
tracking tools such as cookie data. These data provide any kind 
of information based on tracking a certain IP address (Bailey, 
1998). Since an IP address is a unique identifier, companies are 
able to identify individual customers and related information as 
online search history. Both direct and indirect information 
sources might enable companies to offer a personalized price to 
customers. The role of direct information of customers on 
airline ticket prices has already been investigated and is often 
used to segment the market based on willingness-to-pay 
(Bailey, 1998; Bakos, 1998; Deck and Wilson, 2006; Grewal et 
al., 2004; Iyer et al., 2002; Klein and Loebbecke, 2000; 
Marmorstein et al., 2003; Taylor, 2002). However, there is not 
yet evidence on the role of indirectly obtained customer 
information on the prices of flight tickets.  

In this research, airline price discrimination practices are 
explored, which primarily gives insight in the potential role of 
customer profiling and secondarily in the potential role of yield 
management as underlying practices of dynamic pricing. Based 
on a literature review and a month-long experiment both 
practices are investigated. In this research, the hypotheses 
customer profiling affects airline ticket prices and yield 
management affects airline ticket prices are tested.  
This article is structured as follows. In section 2, a literature 
review first provides an explanation of dynamic pricing. 
Second, yield management and customer profiling are 
explained as potential price discrimination practices of dynamic 
pricing in the airline industry. Subsequently, the research 
methodology and results of this experiment are presented. In the 
last sections, the findings are discussed, together with the 
limitations of this study and possibilities for future research.        
 

2. LITERATURE REVIEW  
 

2.1 The concept of dynamic pricing  
 
By its nature, an airline has to deal with a fixed capacity, 
variable and unpredictable demand, and perishable inventory 
(Kimes et al., 1998; Zhao et al., 2012). These characteristics 
challenge airlines to minimize inventory while simultaneously 
maximize profit (Malighetti et al., 2009). One technique to 
achieve those goals is dynamic pricing, which is often the only 
feasible method to ensure sufficient revenue to produce 
complex services, as it allows charging prices based on 
segmentation and differences in willingness-to-pay (Klein and 
Loebbecke, 2000). Due to dynamic pricing, companies are able 
to (re-) allocate resources and optimize occupancy (McAfee and 
te Velde, 2006).  
Despite the appliance of dynamic pricing strategies by many 
airlines, information about the actual functioning is purposely 
withheld (Etzioni et al., 2002). Since the airline industry 
contains many carriers, an efficient pricing strategy may 
provide competitive advantage and should therefore not be 
shared with its external environment. However, literature has 
extensively discussed dynamic pricing. It aims at “allocating the 
right price to the right capacity to the right customer at the right 
place at the right time” (Kimes et al., 1998, p. 33). It might 
cause that ticket prices change several times a day or even an 
hour, which causes that passengers sitting next to each other in 
the same airplane may have paid different prices (Kung et al., 
2002). Due to the Internet, it has become even more attractive 
for companies to apply dynamic pricing. Relatedly, Reinartz 
(2002) refers to price customization, which is defined as 
“charging different prices to end customers based on a 
discriminatory variable” (p. 55). Since the price of a relatively 
identical product differs (Lii and Su, 2009), it would be 
interesting to understand the underlying practice of dynamic 
pricing. Therefore, in the next sections, both yield management 
and customer profiling are discussed.     
 

2.2 Yield management as price 
discrimination practice  
 
Yield management was first introduced in the airline industry.  
According to Alderighi et al. (2012), it refers to “a broad set of 
techniques that are profitably used by such companies as 
airlines, hotels, car retails, cruise shipping, etc., to implement a 



price discrimination policy when customers are heterogeneous, 
demand is uncertain and capacity is hardly modifiable” (p. 2). 
With yield management practices, airlines try to control prices 
and inventory, but also to improve service to each individual 
customer. Alderighi et al. (2012) mention various yield 
management techniques that could be implemented by 
companies, such as the capacity-driven approach (price based 
on remaining capacity), inter-temporal price discrimination 
(price based on heterogeneity of customers; in terms of 
willingness-to-pay and uncertainty in departure time), and time-
driven approach (prices based on time before departure).      
Yield management practices have extensively been discussed in 
literature and based on a literature review various mediators 
have been identified as influencers of this practice. The most 
frequently mentioned mediators are discussed in the next 
sections.  
 

2.2.1 Supply  
An airline’s supply is based on its capacity, which is established 
in the long-term as an airline controls a fleet consisting of a 
certain number of airplanes. Birtan and Caldentey (2003) 
mention flexibility and perishability as moderators within this 
category. Flexibility in capacity enables airlines to relate supply 
to forecasted demand. Perishability relates to the ability to 
preserve capacity over time and is defined as inventory, which 
is the number of seats unsold at a certain point in time. The 
perishability of inventory is therefore translated into the date of 
the execution of a flight.   
 

2.2.2 Costs  
Airlines encounter a wide range of costs, which should be taken 
into account while determining prices. First, initial production 
costs, such as aircrafts, crew and fuel, are mentioned. 
Especially, the price of fuel heavily fluctuates and is reflected in 
the price of tickets. Second, marginal costs should be 
considered, which vary among the airplane’s occupancy. 
Whereas services as catering depend on the number of 
passengers on a flight, these costs are dynamic. Third, 
individualization costs influence airfares. These costs occur 
when airlines implement booking and yield management 
systems. Especially due to the Internet, bookings can be done 
electronically and everyone with Internet access could buy a 
ticket him- or herself. These ticketing systems are costly, as 
they have to be integrated into the organization and its 
intermediary parties. Forth, shelf life costs should be taken into 
account. Since airline flight tickets are perishable, the 
overstocked seats will become worthless once the flight has 
been executed. All these costs should be taken together and 
should not exceed the airline’s revenue in order to make a profit 
(Klein and Loebbecke, 2000). Lesk et al. (2008) argue that if 
more tickets are sold for a particular flight, it will be beneficial 
for the distribution of (fixed) costs, which means a higher 
number of tickets that will be sold at a lower price.  
 

2.2.3 Competition 
Competition appears to play a role in yield management 
practices, since prices could serve as a source for competitive 
advantage (Yelkur and DaCosta, 2001). According to Mantin 
and Koo (2009), competition intensity does not have an 
influence on pricing, however the presence of low-cost carriers 
(e.g. EasyJet and RyanAir) influences the competitive pressure 
on full service carriers (e.g. KLM and British Airways). 
Additionally, Stavins (2001) argues that if there is more 

competition on the route, the greater the change of price 
discrimination is. A monopolistic route is expected to show less 
changes, and may show the traditional segmentation of business 
– who value time and comfort – and leisure customers – who 
value price – as discriminatory variable (Borenstein and Rose, 
(1995). If a monopoly on the route changes into a situation of 
imperfect competition, price discrimination practices may 
increase.      
The emergence of low-cost carriers has changed the market too 
as it has increased competition and it seems to fade the 
traditional distinction of leisure and business travelers (Teichert 
et al., 2008). Concerning leisure travelers, they may choose a 
ticket of a low-cost carrier instead of a full-service carrier, of 
which tickets are approximately 40%-50% more expensive 
(O’Connell et al., 2005). Concerning business travelers, it 
causes changes in their demand; on short- and medium-haul 
destinations a significant number of business passengers is 
willing to sacrifice certain services. This might cause that low-
cost carriers also get business travelers on board (Martinez-
Garcia et al., 2012). Full-service carriers should therefore adjust 
their business model in order to remain competitive. Frequent 
Flyer Programs, code sharing and minimization of catering 
services are examples of strategic movements (Alderighi et al., 
2012; Dennis, 2007).  
The integration of the Internet in customers’ daily life has 
contributed to these movements, as the platform serves as a 
source of information about airlines, flights, and destinations. 
This information transparency leads to customer awareness of 
prices charged by competitors, which respectively increase 
price competition on sales (Currie et al., 2008). Malighetti et al. 
(2009) argue that prices are not heavily impacted by the 
presence of competitors; however understanding customers’ 
behavior is essential in a competitive context. Also Feng and 
Xiao (2004) emphasize the understanding of the market 
environment, especially of consumer behavior, as fierce 
competition requires that airlines “offer comparable fares in 
each micro-market” (p. 18).   
 

2.2.4 Itinerary  
Another mediator is the itinerary that influences a ticket price. 
Destinations can be distinguished based on route length, 
containing short-, medium- or long-haul routes. According to 
Mantin and Gillen (2011), these groups have different pricing 
patterns, whereas long-haul flights evidently decrease in price 
within the price metrics. Vinod (2010) emphasizes on the 
details of the itinerary. Stopover charges, airport fees, security 
fees, service classes, types of trip (round trip or one-way), 
mileage provision, and tickets exchange are examples that may 
be reflected in the price of a ticket. The timeslot of a flight also 
seem to influence a ticket price (McAfee and te Velde, 2006). 
They argue that the highest prices are charged at flights 
performed during mid-day or early evening. Besides extra 
charges, fares can also be influenced by route frequency and the 
percentage of fully booked flights (Malighetti et al., 2009).  
The nature of a destination may also be of influence, whereas 
leisure and business purpose can be distinguished. A destination 
such as Ibiza primarily attracts leisure rather than business 
travelers. A destination as London on the other hand may attract 
both segments. However flying to London often means a flight 
to a main airport as Heathrow or London City for business 
travelers and may be therefore be more expensive, but a ticket 
to a regional airport as Stansted or Luton for leisure travelers 
which is often offered by low-cost carriers (Papatheodorou and 
Lei, 2006).        



2.2.5 Demand  
Zhao and Zheng (2000) mention that one purpose of dynamic 
pricing is “to compensate for normal statistical fluctuations of 
demand” (p. 385). Since demand is uncertain, unpredictable and 
price sensitive, forecasting demand is a difficult task. McAfee 
and te Velde (2006) however name this task as crucial in the 
process of dynamic pricing. Lieberman (1993) recognizes the 
importance of this task in the hotel industry, which helps to 
identify potential low-demand days in advance. This should be 
communicated to marketing and sales departments, which could 
then take actions to attract customers of various segments on 
these days to maximize occupancy and profits. Heo and Lee 
(2011) argue that prices will be higher when demand is high, 
e.g. during holidays. When demand is lower, prices will be 
lower too which might cause that demand will be stimulated, 
e.g. during low season. Additionally, overbooking systems 
could be implemented, which protect airlines against no-shows 
and allows them to sell more tickets than there are seats 
available. Forecasts can be made based on information about 
cancellations, no-shows and last-minute bookings (Kimes et al., 
1998).  
Zhao et al. (2012) mention that prices are based on the 
remaining time before departure, on which contradicting 
opinions exist. Some authors believe that prices charged are 
higher when the departure date comes closer (Clark and 
Vincent, 2012; Malighetti et al., 2009; Mantin and Koo, 2009; 
Reinartz, 2002). However, other authors argue that first prices 
increase to attract risk-averse customers. After a period of time 
the price drops to attract more selective leisure customers who 
are price sensitive. This period is followed by a great increase 
of price, which charges price insensitive customers when the 
departure date comes closer (Anderson and Wilson, 2003; 
Mantin and Gillen, 2011; McAfee and te Velde, 2006). These 
price patterns may segment the market; while leisure travelers 
are generally price sensitive as they pay for their own tickets, 
business travelers value convenience and time and buy a ticket 
on a corporate account. Additionally, Puller and Taylor (2012) 
argue that ticket prices purchased on the weekend are lower 
than on weekdays; this measure might charge a lower price to 
price-sensitive travelers, which is based on the assumption that 
they tend to purchase a ticket in their free time, which is either 
in the evening or during the weekend. Besides, Zhao and Zheng 
(2000) notice that willingness-to-pay for a ticket increases when 
time before departure comes closer. As organizations recognize 
this behavior, flexibility to change prices becomes more crucial.  
Last, the importance of selective measures should be considered 
(Feng and Xiao, 2004). Loyal customers are rewarded through 
loyalty programs or special discounts for members of 
designated classes. A distinction in non-refundable and 
refundable airfares could also be considered. According to the 
Feng and Xiao (2004), the most important question for 
companies is “which customer class should be served and at 
what price?” (p. 32). Since demand of customers may be 
different in the various segments, it is important to “develop 
multiple products or versions to generate more revenue by 
differentiation” (Kung et al., 2002, p. 282). Charging for 
additional services is a common method to serve customers’ 
demand (Kimes, 1994). Loyalty measures may vary between 
full-service carriers and low-cost carriers, which use different 
strategies to satisfy customers’ demand.  
 
 

2.3 Customer profiling as price 
discrimination practice  
 
Dynamic pricing causes price changes over time, varying from 
customer to customer, and from various bundles of products 
and services (Kannan and Kopalle, 2001). In order to 
implement this practice, information about customers is of 
crucial importance. Due to the integration of the Internet, it has 
become easier to obtain customer information, which simplifies 
the practice of customer profiling. Especially on an individual 
level, consumers can be identified by e.g. purchase history or 
zip code. Klein and Loebbecke (2000) call this process 
personalization. Personalization aims at identifying potential 
consumers and offering them the required products at the right 
time, price and conditions. Required information can be 
obtained via direct sources (e.g. consumer registration, logins, 
and purchase history) or indirect sources. What websites 
customers visit, how long they stay, what pages they view and 
what pages they visit next are examples of information from 
indirect sources. To collect this information, cookie files can be 
a valuable source (Alreck and Settle, 2007; Bailey, 1998; 
Berger, 2010; Campbell and Carlson, 2010; Deck and Wilson, 
2006; Grewal et al., 2004; Iyer et al., 2002). Bailey (1998) 
defines a cookie as follows:  

“A cookie file is a “writable” file for the retailer on the 
consumer’s client. Any information can be stored there and 
that information can be retrieved at some time in the future 
by the same retailer. Information stored at the retailer site 
involves tracking user’s Internet Protocol (IP) addresses or 
requiring consumer to identify them when they access the 
server (p. 15).”  

Whereas information from direct sources is provided with the 
explicit consent of consumers, information without explicit 
consent of customers could be retrieved via cookies or other 
electronic tracking tools (Dwyer, 2009). The usage of this kind 
of information could be seen as a breach of privacy. However, 
research has clarified that indirect information sources are used 
for marketing purpose, which is called behavioral targeting 
(Berger, 2010). With this practice, consumer’s behavior is 
tracked via cookie data and consequently, advertisement or 
other services are customized based on this information. 
Behavioral tracking seems to go one step further. If customers 
are identified via electronic tools such as cookies, companies 
are able to get insight in a customer’s search behavior. This 
insight could be translated into a customer’s characteristics, 
which gives companies the opportunity to tailor pages, offers 
and prices meeting the customer’s interest (Alreck and Settle, 
2007, Bailey, 1998). Klein and Loebbecke (2000) call this 
concept of customer profiling “micro-segmentation” or 
“weblining”, in which a company’s offering on the web will 
automatically be differentiated based on electronic tracking 
tools. It allows companies to track searching and buying 
patterns in order to evaluate and forecast an individual 
customer’s value. Based on these interpretations, it is possible 
to offer individualized deals. Krugman (2000) mentions that 
based on your “electronic fingerprint” you receive an offer, 
which might be either a bargain to potential price-sensitive 
customers or a premium to price-insensitive customers. This 
practice has also been explained by Kannan and Kopalle 
(2001), who argue that prices are personalized through 
customer information and mention, “processing of customer 
information enables dynamic pricing across customers based on 
their behavioral data” (p. 68). Taylor (2002) also believes that 
prices can be personalized based on customer information: “The 
value of customer information derives from the ability of firms 



to identify individual consumers and charge them personalized 
prices” (p. 1).  
Correct application of this practice may provide competitive 
advantage to a company. However negative consequences may 
occur too. If companies charge differentiated prices to 
individual customers based on customer profiling, customers 
might feel betrayed when they are aware of the fact that they 
have paid another (higher) price than another customer. This 
negative impact was seen at Amazon.com, which charged 
customized prices on e.g. books and DVDs. Since in this case 
customers were aware of customer-profiling practices by 
Amazon.com, they reacted negatively, which caused that 
Amazon.com abandoned this pricing practice (Kannan and 
Kopalle, 2001) They argue that the success of customer 
profiling based pricing discrimination depends on the nature of 
the product and argue that dynamic pricing of perishable goods 
is generally accepted, while dynamic pricing of nonperishable 
goods is not.  
Although literature has acknowledged the existence of customer 
profiling based price discrimination, there is not yet evidence 
on the appliance in the airline industry. Online ticket sales 
however provide a great database of customer information, 
which could be used by airlines to personalize prices. Whereas 
prices of tickets frequently change, it could be perceived by 
customers that they receive a discriminative price based on their 
personal profile.   
 

3. METHODOLOGY 
 
First, this research investigates the potential role of customer 
profiling on price dynamics in online airline ticket sales. 
Therefore, a distinction between two types of customers has 
been made. An existing, regularly returning customer known to 
the airline by means of cookie data and a new customer, who is 
unknown to the airline (without cookie data) were 
distinguished. The experiment was executed through the use of 
two computers requesting ticket prices from four European 
airlines: two full-service carriers (airline 1 and 2) and two low-
cost carriers (airline 3 and 4). The two users were asking the 
price of four destinations, three times a day simultaneously on 
fixed times, for a period of one month (April), which simulated 
two potential passengers looking for an online ticket with 
intended departure in August. The computers were two identical 
notebooks simulating two different conditions. In the first 
condition a regular notebook was used, which could belong to 
any random online user searching for a ticket price. On this 
notebook, cookies were enabled and in principle any online 
behavioral tracking was possible. In the second condition, the 
notebook was clean, and therefore no behavioral tracking 
information was available for customer profiling practices. In 
this condition, the notebook had a dynamic IP address, meaning 
that every time the user logged in a new IP address was 
generated. This made it impossible to track the system from the 
IP address. Furthermore this notebook was programmed to 
perform an automatic reset every time it was switched off (after 
each session). The reset resulted in erasing any traceable 
indications of previous online surfing behavior that could be 
used for the user identification even if the cookies were 
enabled. To make the comparison even more realistic, all search 
queries were executed simultaneously so that price variations 
between the two computers due to yield management would be 
impossible; in this case every difference in the price would be 
for all intents and purposes due to customer profiling. All prices 

were registered in an Excel sheet and by the execution of a two-
sample T-test the hypothesis could be tested. 
The initial intention was to check all four airlines for exactly the 
same itineraries, but this was not possible, because some of the 
routes were not flown by all airlines. All departures were from 
Amsterdam Schiphol Airport (airline 1, 2 and 4) or Eindhoven 
Airport (airline 3). Destinations of airlines 1 and 2 included 
New York, Barcelona, Bali and Istanbul. Destinations of airline 
3 consisted of Stockholm, Barcelona, Rome and Dublin. 
Destinations of airline 4 were Zakynthos, Barcelona, Luxor and 
Istanbul. These different itineraries did not affect the validity of 
the experiment to answer the first hypothesis, because the actual 
itinerary is not relevant to this research purpose.  
Second, because of the chosen research approach, it was 
possible to track price changes over time, which may occur due 
to yield management. By tracking prices during one month, it 
was possible to analyze a potential price pattern. Besides, it was 
investigated whether there was a potential difference between 
prices in the morning, afternoon and evening. Competition as 
mediator was investigated by analyzing pricing difference 
between the two types of carriers (full-service versus low-cost 
carriers).    
 

4. RESULTS  
 

4.1 Customer profiling as price 
discrimination practice 
 

The first aim of the research was to find whether price 
discrimination of airlines was based on customer profiling due 
to obtaining information from cookie data or other user 
profiling methods. The results were manually registered into an 
Excel sheet that indicated no differences in the prices between 
both situations: the prices charged were identically the same at 
all sessions. Means and variations were also the same, and 
therefore the outcome of this test provides a p-value of 1,000  (n 
= 54, t = 0,0000000), obtained via a two-sample T-test for all 
sixteen flights (four destinations, four airlines). With this result, 
the hypothesis that prices differ based on cookie data or other 
profiling methods is rejected. Therefore, based on this result, it 
is assumed that the tested airlines do not use customer 
information from cookie data or other electronic tools as direct 
input for price determination.    
 

4.2 Yield management as price 
discrimination practice  
 

First, analysis of the data from the experiment provides insight 
in the role of competition as mediator. More dynamics in prices 
have been found at the two full-service carriers than at the two 
low-costs carriers. Whereas the low-cost carriers (airline 3 and 
4) count for only nine changes (13%) in total, the full-service 
carriers (airline 1 and 2) together count for 60 changes, which is 
87% (see appendix A.1). It may be that full-service carriers use 
more sophisticated pricing systems, while low-cost carriers 
manage a more stable pricing method since they already aim to 
charge low prices. While analyzing price dispersion, it was 
found that most price changes (52,17%) were between 0% and 
5% and may be either a price decrease or increase. Within this 
category, most of the changes (75%) are between 0% and 1%, 
which means a minor change of a few euros or even eurocents. 
The second biggest category is responsible for price changes 



between 5% and 10%, which is 27,54% of all changes (19 out 
of 69). Changes within this category are mostly found between 
5%-6%  (42,11%). Furthermore, some outliers are identified, 
which are showed at airline 1 and 3. Airline 1 has implemented 
a compulsory cancellation option in the second week of the 
experiment, which cannot be switched off. This measure might 
be the reason for two exceptional high price increases on a 
ticket to Bali (37% and 46%). This cancellation fee might be 
charged marginally. As the ticket to Bali is the most expensive 
one, its price increase might be the most extreme one. Airline 3 
counts for an outlier on its Stockholm flight, which reflects a 
40% price decrease in week 4. This might be caused by the fact 
that there is a holiday in this week and customers have a day 
off, which might cause that the airline aims to attract more 
leisure travelers on this day.  
Second, based on this research, demand can be investigated. 
Consideration of price changes of full-service carriers roughly 
shows a pattern of price decrease in week 1 and 2, followed by 
a price increase in week 3, and finally price decreases in week 
4. Airline 3 shows a price decrease at the end of the experiment 
on the flight to Barcelona. Besides, Stockholm is the only flight 
of this carrier, which shows a clear pattern of price increase in 
week 1 and 3, and a price decrease in week 2 and in the end of 
week 3. The other low-cost carrier, airline 4, does not show 
much variation in general, except a price decrease of 10 euros, 
followed by a price increase of 10 euros to the initial price on a 
ticket to Barcelona (see appendix A.2). Since the experiment 
stopped at the end of April, it was impossible to analyze this 
pattern for the remaining months in which time before departure 
comes closer and many price dynamics might exist. However 
the moment on which a ticket was searched might cause price 
changes as another moderator of demand. In the experiment, 
during 18 days prices have been tracked at three moments a 
day: morning, afternoon and evening. As the perception occurs 
that prices frequently change, and sometimes even multiple 
times a day (Kung et al., 2002), it would be of interest to 
discover whether there is a pattern in this pricing practice. 
Analysis of the number of changes shows that the majority of 
price fluctuations occur in the morning (UTC+1:00) at all 
airlines (39 out of 69 changes or 56,5%; see appendix A.3). 
Changes that occurred at the afternoon and in the evening 
counted for respectively 29% and 14,5%.  
 

5. DISCUSSION  
 

In this research, customer profiling and yield management as 
price discrimination practices were investigated. While 
investigating customer profiling, the results in two different 
conditions (new, anonymous customer versus returning 
customer) showed identical outcomes. Therefore, the 
assumption of Kannan and Kopalle (2001) that prices are 
personalized through customer profiling is not confirmed in this 
particular case. Whereas most airlines sell their tickets via the 
Internet and therefore customer information can easily be 
obtained via electronic tracking tools, this outcome was not 
expected. On the other hand, price discrimination based on 
cookie data or other electronic tracking tools might harm the 
relationship between customer and airline, which might be 
disruptive to an airline’s reputation. Therefore, airlines may be 
careful with appliance of such practices.   

Although the results of the experiment have not confirmed the 
use of electronic tracking tools, based on the literature it may be 
concluded that directly obtained customer information is used 
by airlines. Customer information obtained via e.g. a registered 
customer profile may be used to charge different prices to 

different customers. Direct information enables airlines to 
segment the market into price sensitive (more selective leisure 
customers) and price insensitive travelers (risk-averse or 
business customers) (Anderson and Wilson, 2003; Mantin and 
Gillen, 2011; McAfee and te Velde, 2006). This segmentation 
practice may be expressed in price differences based on time 
before departure and booking time. In this experiment, it was 
not possible to conclude that time before departure was an 
influencers, due to the limited length of the experiment. Based 
on booking time however, most changes were noticed in the 
morning (UTC+1:00). In relation to the finding of Puller and 
Taylor (2012) that tickets were cheaper on the weekend, it was 
expected that most price changes would occur during the 
evening to charge leisure travelers. However, this statement is 
not in line with the finding of the experiment.    

Mantin and Koo (2009) mentioned that the presence of low-cost 
carriers might put pressure on full-service carriers. Therefore 
the full-service carriers might integrate complex yield 
management practices to charge dynamic prices to different 
customers. The results of the experiment show that full-service 
carriers were responsible for most changes (87%). The reason 
for this finding might be that full-service carriers focus on 
another segment. According to e.g. Anderson and Wilson 
(2003), full-service carriers segment their market in both 
business travelers (price insensitive) and leisure travelers (price 
sensitive). They are able to target both markets when they apply 
a dynamic pricing system, even though the majority of price 
changes were between 0%-5%. In principal, low-cost carriers 
charge low prices, which sometimes even count for a price 
difference of 40%-50% compared to full-service carriers 
(O’Connell et al., 2005). Although it seems apparent that both 
types of carriers have their own business model, the distinction 
between the business and leisure segment appears to fade, 
especially on short- and long-haul flights, as business travelers 
are willing to sacrifice certain services and start to make use of 
low-cost carriers too (Teichert et al., 2008).   

In this experiment, it was found that customer profiling was not 
applied and price dynamics were more explicitly caused by 
yield management practices. However, customers might be 
aware of price changes and may be unsatisfied, as they cannot 
rely on stable prices. Since airlines do not provide much 
information about the functioning of these practices to preserve 
competitive advantage, customers may not be aware of the 
practice behind it. Therefore, it would be recommendable to 
airlines “to educate customers about the need for dynamic 
pricing: inventory clearance sales in the Internet domain, over a 
short time horizon, may result in dynamic prices for items” 
(Kannan and Kopalle, 2001, p. 79). Limited transparency about 
dynamic pricing might positively adjust customer’s 
expectations. However airlines should be careful with the extent 
of information transparency, since pricing seems to be a source 
of competitive advantage (Etzioni et al., 2002).       
This study provided some insights into the practice of dynamic 
pricing of airlines. The chosen approach of the experiment 
primarily focused on customer profiling, and secondarily on 
yield management. The conditions contributed to the validity of 
the outcome that in this case customer profiling has not been 
used to price discriminate; however not all mediators of yield 
management could be tested. Therefore, there are several 
limitations, as well as suggestions for future research. First, the 
study only used four of the many airlines that exist in the 
aviation industry. The tested airlines were all European. Other 
airlines both within and outside Europe were not considered. 
They might have another approach towards pricing strategies. 
Second, only a limited sample of destinations was considered 
within this research. The results are based on the prices of 



tickets to these destinations, but leave other destinations 
disregarded. Third, prices were only studied on working days. It 
might be that prices differ during the weekend or holidays as 
indicated by Teichert et al. (2008), whereas it might focus only 
on the leisure segment, instead of both business and leisure 
segments. Forth, this experiment was executed for only one 
month, in which time before departure is four months in the 
future. This characteristic limits the ability to analyze the 
possibility of segmentation based on time before departure.    
Future research should take these limitations into account. First, 
an extension to a broader selection of airlines and destinations, 
in which e.g. price practices of American- and Asian-based 
airlines are also considered. Destinations might also act as a 
moderator, as carriers might segment destinations on leisure and 
business destinations. This distinction may cause lower or 
higher price dispersion. Non-direct flights might be 
investigated, since these are influenced by potential charges and 
prices of these related flight tickets could fluctuate. Next to 
these suggestions, the role of intermediaries may be researched. 
As this study has focused on prices charged on the website of 
the airline itself, investigation on potential influence of 
intermediaries could provide interesting findings.      
Furthermore, the moderator time before departure can be tested 
more extensively. As a contradicting opinion exists of the role 
of this moderator it would be interesting to investigate its 
influence, especially by distinguishing full-service and low-cost 
carriers. Future research may also investigate more extensively 
the purchase on part-of-the-day as moderator. Last, future 
researchers could also investigate if price differences are based 
on computer control systems, e.g. Windows and Apple 
Macintosh. The assumption of companies that Apple Macintosh 
users may have more money to spend could be a source of 
higher prices towards these users.  
 

6. REFERENCES  
 
Alderighi, M., Nicolini, M. & Piga, C. (2012). Combined 
effects of load factors and booking time on fares: Insights from 
the yield management of a low-cost airline (No. 171). 
University of Pavia, department of economics and quantitative 
methods. Retrieved from 
http://econpapers.repec.org/paper/pavwpaper/171.htm 
  
Alreck, P. L. & Settle, R. B. (2007). Consumer reactions to 
online behavioural tracking and targeting. Journal of Database 
Marketing & Customer Strategy Management, 15(1), 11-23. 
doi:10.1057/palgrave.dbm.3250069  
 
Anderson, C. K. & Wilson, J. G. (2003). Wait or buy? The 
strategic consumer: Pricing and profit implications. Journal of 
the Operational Research Society, 54(3), 299-306. 
doi:10.1057/palgrave.jors.2601497 
 
Bailey, J. P. (1998). Internet price discrimination: Self-
regulation, public policy, and global electronic commerce. 
Proceedings of the Twenty-Sixth Annual Telecommunications 
Policy Research Conference, Washington, DC. Retrieved from 
www.gunadarma.ac.id   
 
Bakos, Y. (1998). The emerging role of electronic marketplaces 
on the Internet. Communications of the ACM, 41(8), 35-42. doi: 
10.1145/280324.280330   

Berger, D. (2011). Balancing consumer privacy with behavioral 
targeting. Santa Clara Computer and High Technology Law 
Journal, 27(1), 3-61. Retrieved from 
http://ssrn.com/abstract=1693029    
 
Bitran, G. & Caldentey, R. (2003). An overview of pricing 
models for revenue management. Manufacturing & Service 
Operations Management, 5(3), 203-229. doi: 
10.1287/msom.5.3.203.16031 
 
Borenstein, S. & Rose, N. L. (1995). Competition and price 
dispersion in the US airline industry. Journal of political 
economy, 102(4), 653-683. Retrieved from 
http://www.jstor.org/stable/2138760    
 
Clark, R. & Vincent, N. (2012). Capacity-contingent pricing 
and competition in the airline industry. Journal of Air Transport 
Management, 24, 7-11. doi:10.1016/j.jairtraman.2012.04.005  
 
Currie, C. S. M., Cheng, R. C. H. & Smith, H. K. (2007). 
Dynamic pricing of airline tickets with competition. Journal of 
the Operational Research Society, 59(8), 1026-1037. 
doi:10.1057/palgrave.jors.2602425 
 
Deck, C. A. & Wilson, B. J. (2006). Tracking customer search 
to price discriminate. Economic Inquiry, 44(2), 280-295. doi: 
10.1093/ei/cbj014 
 
Dennis, N. (2007). End of the free lunch? The responses of 
traditional European airlines to the low-cost carrier threat. 
Journal of Air transport management, 13(5), 311-321. doi: 
10.1016/j.jairtraman.2007.04.005 
 
Dwyer, C. (2009, August). Behavioral targeting: A case study 
of consumer tracking on levis.com. Proceedings of the Fifteenth 
Americas Conference on Information Systems, San Fransisco. 
Retrieved from http://ssrn.com/abstract=1508496  
 
Etzioni, O., Tuchinda, R., Knoblock, C. A. & Yates, A. (2003, 
August). To buy or not to buy: mining airfare data to minimize 
ticket purchase price (119-128). Proceedings of the ninth ACM 
SIGKDD International conference on Knowledge discovery and 
data mining, New York, NY. doi: 10.1145/956750.956767   
 
Feng, Y. & Xiao, B. (2006). Integration of pricing and capacity 
allocation for perishable products. European Journal of 
Operational Research, 168(1), 17-34. doi: 
10.1016/j.ejor.2004.04.027 
 
Grewal, D., Hardesty, D. M. & Iyer, G. R. (2004). The effects 
of buyer identification and purchase timing on consumers’ 
perceptions of trust, price fairness, and repurchase intentions. 
Journal of Interactive Marketing, 18(4), 87-100. doi: 
10.1002/dir.20024 
 
Heo, C. Y. & Lee, S. (2011). Influences of consumer 
characteristics on fairness perceptions of revenue management 
pricing in the hotel industry. International Journal of 



Hospitality Management, 30(2), 243-251. doi: 
10.1016/j.ijhm.2010.07.002 
 
Iyer, G. R., Miyazaki, A. D., Grewal, D. & Giordano, M. 
(2002). Linking web-based segmentation to pricing tactics. 
Journal of Product & Brand Management, 11(5), 288-302. doi: 
10.1108/10610420210442175  

 
Kannan, P. K., & Kopalle, P. K. (2001). Dynamic pricing on 
the Internet: importance and implications for consumer 
behavior. International Journal of Electronic Commerce, 5(3), 
63-83. Retrieved from http://www.jstor.org/stable/27750982  
 
Kimes, S. E. (1994). Perceived fairness of yield management. 
The Cornell Hotel and Restaurant Administration Quarterly, 
35(1), 22-29. doi: 10.1016/0010-8804(94)90060-4 
 
Kimes, S. E., Chase, R. B., Choi, S., Lee, P. Y. & Ngonzi, E. N. 
(1998). Restaurant Revenue Management Applying Yield 
Management to the Restaurant Industry. Cornell Hotel and 
Restaurant Administration Quarterly, 39(3), 32-39. doi: 
10.1177/001088049803900308 
 
Klein, S. & Loebbecke, C. (2000, June). The transformation of 
pricing models on the web: examples from the airline industry 
(19-21). Proceedings from the 13th International Bled 
Electronic Commerce Conference, Bled, Slovenia. Retrieved 
from www.mtm.uni-koeln.de  
 
Kung, M., Monroe, K. B. & Cox, J. L. (2002). Pricing on the 
Internet. Journal of Product & Brand Management, 11(5), 274-
288. doi: 10.1108/10610420210442201 
 
Krugman, P. (2000, October 4). Reckonings; What price 
fairness? The New York Times. Retrieved from 
http://www.nytimes.com/2000/10/04/opinion/reckonings-what-
price-fairness.html   
 
Lesk, M., Stytz, M. R. & Trope, R. L. (2008). Digital rights 
management and individualized pricing. IEEE Security & 
Privacy, 76 – 79. Retrieved from 
http://www.stttelkom.ac.id/staf/faz/DRM/papers/msp20080300
76.pdf 
 
Lieberman, W. H. (1993). Debunking the myths of yield 
management. The Cornell Hotel and Restaurant Administration 
Quarterly, 34(1), 34-41. doi: 10.1016/0010-8804(93)90028-H 
 
Lii, Y. S. & Sy, E. (2009). Internet differential pricing: Effects 
on consumer price perception, emotions, and behavioral 
responses. Computers in Human Behavior, 25(3), 770-777. doi: 
10.1016/j.chb.2009.02.005 
 
Malighetti, P., Paleari, S. & Redondi, R. (2009). Pricing 
strategies of low-cost airlines: The Ryanair case study. Journal 
of Air Transport Management, 15(4), 195-203. doi: 
10.1016/j.jairtraman.2008.09.017 

Mantin, B. & Gillen, D. (2011). The hidden information content 
of price movements. European Journal of Operational 
Research, 211(2), 385-393. doi:10.1016/j.ejor.2010.12.017 
 
Mantin, B. & Koo, B. (2009). Dynamic price dispersion in 
airline markets. Transportation Research Part E: Logistics and 
Transportation Review, 45(6), 1020-1029. 
doi:10.1016/j.tre.2009.04.013 
 
Marmorstein, H., Rossomme, J. & Sarel, D. (2003). Unleashing 
the Power of Yield Management in the Internet Era. California 
Management Review, 45(3), 148. Retrieved from 
http://cc.sjtu.edu.cn/G2S/eWebEditor/uploadfile/201302151657
26302.pdf 
 
Martinez-Garcia, E., Ferrer-Rosell, B. & Coenders, G. (2012). 
Profile of business and leisure travelers on low cost carriers in 
Europe. Journal of Air Transport Management, 20, 12-14. doi: 
10.1016/j.jairtraman.2011.09.002 
   
McAfee, R. P. & Te Velde, V. (2006). Dynamic pricing in the 
airline industry. Working paper. California Institute of 
Technology, Pasadena, CA. Retrieved from 
www.vita.mcafee.cc 
 
O’Connell, J. F., & Williams, G. (2005). Passengers’ 
perceptions of low cost airlines and full service carriers: A case 
study involving Ryanair, Aer Lingus, Air Asia and Malaysia 
Airlines. Journal of Air Transport Management, 11(4), 259-272. 
doi: 10.1016/j.jairtraman.2005.01.007  
 
Papatheodorou, A. & Lei, Z. (2006). Leisure travel in Europe 
and airline business models: A study of regional airports in 
Great Britain. Journal of air transport management, 12(1), 47-
52. doi: 10.1016/j.jairtraman.2005.09.005 
 
Puller, S. L. & Taylor, L. M. (2012). Price discrimination by 
day-of-week of purchase: Evidence from the U.S. airline 
industry. Journal of economic behavior & organization, 84, 
801-812. doi: /10.1016/j.jebo.2012.09.022  
 
Reinartz, W. (2002). Customizing prices in online markets. 
SYMPHONYA Emerging Issues in Management, (1), 55-65. doi: 
10.4468/2002.1.05reinartz 
 
Taylor, C.R. (2002). Private demands and demands for privacy: 
dynamic pricing and the market for customer identification (No. 
0202). Duke University, working paper. Retrieved from 
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=307421  
 
Teichert, T., Shehu, E. & von Wartburg, I. (2008). Customer 
segmentation revisited: The case of the airline industry. 
Transportation Research Part A: Policy and Practice, 42(1), 
227-242. doi: 10.1016/j.tra.2007.08.003 
 
Vinod, B. (2009). The complexities and challenges of the 
airline fare management process and alignment with revenue 



management. Journal of Revenue & Pricing Management, 9(1), 
137-151. doi:10.1057/rpm.2008.43 
 
Yelkur, R. & DaCosta, M. M. N. (2001). Differential pricing 
and segmentation on the Internet: the case of hotels. 
Management Decision, 39(4), 252-262. doi: 
10.1108/00251740110391411 
 
Xiao, Y. B., Chen, J. & Liu, X. L. (2008). Joint Dynamic 
Pricing for Two Parallel Flights based on Passenger Choice  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Behavior. Systems Engineering-Theory & Practice, 28(1), 46-
55. doi: 10.1016/S1874-8651(09)60007-7 
 
Zhao, L., Tian, P. & Li, X. (2012). Dynamic pricing in the 
presence of consumer inertia. Omega, 40(2), 137-148. doi: 
10.1016/j.omega.2011.04.004 
 
Zhao, W. & Zheng, Y. S. (2000). Optimal dynamic pricing for 
perishable assets with nonhomogeneous demand. Management 
Science, 46(3), 375-388. doi: 10.1287/mnsc.46.3.375.12063 
 



APPENDIX 

A. RESULTS FROM EXPERIMENT  
A.1 Price fluctuations of all airlines in counts and percentages 

 
PRICE 

CHANGE IN 
PERCENTAGE 

PRICE 
CHANGE 
CATEG. 

# PRICE 
INCREASE 

# 
A.1 

# 
A.2 

# 
A.3 

# 
A.4 

# PRICE 
DECREASE 

# 
A.1 

# 
A.2 

# 
A.3 

# 
A.4 

# 
TOTAL 

% CHANGE 
OVERALL 

% WITHIN CATEGORY 

0%-5%  17 10 5 2 0 19 9 9 1 0 36 52,17%  
OF WHICH 0%-1% 12 5 5 2 0 15 6 8 1 0 27 39,13% 75,00% 

 1%-2% 1 1 0 0 0 1 0 1 0 0 2 2,89% 5,56% 

 2%-3% 2 2 0 0 0 0 0 0 0 0 2 2,89% 5,56% 

 3%-4% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

 4%-5% 2 2 0 0 0 3 3 0 0 0 5 7,26% 13,88% 

5%-10%  10 1 8 0 1 9 2 6 0 1 19 27,54%  
OF WHICH 5%-6% 4 0 4 0 0 4 0 4 0 0 8 11,59% 42,11% 

 6%-7% 3 1 2 0 0 3 2 1 0 0 6 8,71% 31,58% 

 7%-8% 1 0 1 0 0 1 0 1 0 0 2 2,89% 10,53% 

 8%-9% 1 0 1 0 0 1 0 0 0 1 2 2,89% 10,53% 

 9%-10% 1 0 0 0 1 0 0 0 0 0 1 1,46% 5,26% 

10%-15%  3 0 2 1 0 5 1 4 0 0 8 11,59%  
OF WHICH 10%-11% 1 0 0 1 0 0 0 0 0 0 1 1,46% 12,5% 

 11%-12% 0 0 0 0 0 3 0 3 0 0 3 4,34% 37,5% 

 12%-13% 2 0 2 0 0 1 1 0 0 0 3 4,34% 37,5% 

 13%-14% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

 14%-15% 0 0 0 0 0 1 0 1 0 0 1 1,46% 12,5% 

15%-20%  1 0 0 1 0 2 1 0 1 0 3 4,35%  
OF WHICH 15%-16% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

 16%-17% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

 17%-18% 0 0 0 0 0 1 1 0 0 0 1 1,46% 33,33% 

 18%-19% 1 0 0 1 0 1 0 0 1 0 2 2,89% 66,67% 

 19%-20% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 



> 20%  2 2 0 0 0 1 0 0 1 0 3 4,35%  
OF WHICH 20%-30% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

 30%-40% 1 1 0 0 0 1 0 0 1 0 2 2,89% 66,67% 

 40%-50% 1 1 0 0 0 0 0 0 0 0 1 1,46% 33,33% 

 50%-60% 0 0 0 0 0 0 0 0 0 0 0 0,00% 0,00% 

TOTAAL  33 13 15 4 1 36 13 19 3 1 69 100,00%  

 
 
 

= Airline 1  

= Airline 2  

= Airline 3 

= Airline 4  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A.1 
A.2 
A.3 
A.4 



A.2 Pattern of price changes for destinations with price change, per airline 
 

Airline 1 Week  1   Week  2    Week  3    Week 4   

Day 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

New York                   

Barcelona                   

Bali                   

Istanbul                     

 

Airline 2 Week  1   Week  2    Week  3    Week 4   

Day  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

New York                    

Barcelona                   

Bali                   

Istanbul                    

 

Airline 3 Week  1   Week  2    Week  3    Week 4   

Day 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

Stockholm                   

Barcelona                   

Rome                   

 

Airline 4 Week  1   Week  2    Week  3    Week 4   

Day 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

Barcelona                   

 

= Price decrease 

= Price increase 

= Both increase and decrease on same day 

= No change  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

  

 

 



A.3 Changes at each route per part of the day, per airline (in counts and percentages) 
 

Airline 1  Morning Afternoon Evening Total 

New York  4 (57,1%) 1 (14,3%) 2 (28,65%)  7 

Barcelona 1 (25,0%) 3 (75,0%)  0 (0,0%)  4 

Bali 4 (50,0%)  3 (37,5%) 1 (12,5%)  8 

Istanbul 2 (28,6%) 2 (28,6%) 3 42,8%)  7 

Total 11 (42,3%) 9 (34,6%) 6 (23,1%)  26 (100%)  

 

Airline 2  Morning Afternoon Evening Total 

New York  8 (57,1%) 5 (35,7%)  1 (7,2%) 14 

Barcelona 2 (100,0%)  0 (0,0%) 0 (0,0%) 2  

Bali 6 (100,0) 0 (0,0%) 0 (0,0%) 6 

Istanbul 7 (58,3%)  4 (36,4) 1 (9,0%)  12 

Total 23 (69,7%) 9 (27,3%) 2 (6,0%)  33 (100%)  

 

Airline 3  Morning Afternoon Evening Total 

Stockholm 2 (40%)  1 (20%) 2 (40%)  5 

Barcelona 1 (100,0%)  0 (0,0%) 0 (0,0%) 1 

Rome 1 (100,0%) 0 (0,0%)  0 (0,0%)  1 

Dublin  0 0 0 0 

Total 4 (57,1%)  1 (14,3%) 2 (28,65) 7 (100%)  

 

Airline 4  Morning Afternoon Evening Total 

Zakynthos 0 0 0 0 

Barcelona 1 (50%)  1 (50%)  0 2 

Luxor 0 0 0 0 

Istanbul  0 0 0 0 

Total 1 (50%)  1 (50%)  0 (0%)  2 (100%) 

 

All airlines Morning Afternoon Evening Total 

-  39 (56,5%) 20 (29,0%) 10 (14,5%) 69 (100%) 

 

 


