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Abstract 

Passengers that fail to show up for the flights they have booked are called no-show 

passengers. No-shows are an inevitable part of aviation and as a reaction to no-shows, 

airlines often overbook flights to optimize their resources. Overbooking can lead to some 

passengers being denied to board a flight if the bookings exceed the seating capacity. That 

can be costly not only because of possible penalties and cost of rerouting, but also due to 

the harm it can have on the reputation and image of the airline. 

This research analyzes what variables affect the number of no-show passengers through 

data analysis and interviews. It was discovered that the probability of no-show passengers 

on board flights follows a geometric distribution. By conducting a regression on the 

probability of no-show passengers, the significant variables explaining the probability were 

analyzed as well. A revenue model was created by using the no-show probability to find 

the optimal overbooking level when the probability of denied boarding is taken into 

consideration. In total six scenarios were computed and simulated for different 

probabilities of all passengers showing up and cost ratios due to denied boarding.    

Útdráttur 

Þeir farþegar sem eiga bókuð sæti í flug en mæta ekki eru kallaðir “no-show” farþegar. No-

show er óhjákvæmilegur fylgifiskur flugs, og til að bregðast við því notfæra flugfélög sér 

oftar en ekki þá aðferð að yfirbóka til að nýta úrræði sín sem best. Hætta er á því að í 

kjölfar yfirbókunar þurfi að vísa farþegum frá flugi ef sætafjöldi dugar ekki fyrir bókanir. 

Að vísa farþegum frá getur verið kostnaðarsamt til dæmis vegna skaðabótagreiðslna og 

nýrra flugmiða, en einnig vegna mögulegs skaða á orðspor flugfélagsins. 

Þetta verkefni greinir út frá gögnum og viðtölum hvaða breytur hafa áhrif á fjölda no-show 

farþega. Líkindi no-show farþega í flugi eru fundin og fylgja þau geometrískri dreifingu. 

Með því að framkvæma aðhvarfsgreiningu á líkindin voru marktækar breytur fundnar og 

greindar. Tekjumódel var útbúið út frá líkindum á no-show farþegum til þess að finna 

ákjósanlegt yfirbókunarstig þegar reiknað er með líkum á því að vísa þurfi farþegum frá 

flugi. Alls voru sex tilvik reiknuð og hermd fyrir mismunandi líkur á að allir mæti í flug og 

fyrir mismunandi kostnaðarhlutföll. 
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1 Introduction 

The aviation industry is complex, dynamic and unpredictable, which makes the sector both 

challenging and interesting. Every year new airlines enter the industry and stir up 

competition while other airlines leave the industry, with the most recent example being 

WOW air which ceased operations in the end of March 2019. Monarch, Air Berlin, Niki 

and Primera Air are other examples close to home of airlines that all have gone bankrupt 

since 2017 (Gibbons, 2018; Tsang, 2018). Michael O’Leary, the CEO of Ryanair, which is 

the biggest low cost carrier (LCC) in Europe, has predicted that that even more airlines will 

go bust in the near future. His prediction is mainly based on the rise in oil prices, the 

strengthening of the US dollar, and airfares all over the world dropping (Kollewe, 2018).  

Airlines need to be alert as to where possible opportunities for adjustments and growth lie 

to not only maintain a competitive advantage, but also to thrive in the marketspace. 

Deregulation in aviation, increases in household income, advanced technology, and many 

other factors have had noticeable effects on the airline industry. Globalization and 

deregulation have allowed for more market competition and sustained expansion in the 

airline market. The entry and growth of LCC’s and third party online booking companies 

have driven competition in the air transportation market and reduced fare prices, resulting 

in air travel becoming one of the most popular items in the consumption basket of millions 

of people all over the world. This price reduction and increased variety of supply for flights 

has also led to an increase in the airlines’ passenger load (Dana & Greenfield, 2018; 

Kulkarni & Joshi, 2017; Oliveira & Oliveira, 2018).  

1.1 Airline revenue management 

The fundamental competitive advantage of an airline lies in the control of the on board seat 

availability through a sophisticated revenue management system. These systems are in use 

at all major airlines today, and are widely viewed as a vital component of an airline’s 

overall logistics framework (Lawrence, Hong, & Cherrier, 2003).  

The history of revenue management can be traced back to the 1970s, originating in 

aviation. The term revenue management was created because in the airline industry, low 

variable costs and high fixed costs lead to an operations environment where maximization 

of revenue is almost equivalent to maximizing profits (Strauss, Klein, & Steinhardt, 2018). 

The main characteristics of revenue management are that it manages perishable assets 

which become unavailable after a certain date, it has a fixed number of units that can be 

sold, and has the possibility of segmenting price-sensitive customers. American Airlines 

was one of the first airlines in the world to utilize revenue management systems to 

effectively sell their seats and control the demand. They described revenue management as 

selling the right seat, to the right customer at the right time (Weatherford & Bodily, 1992). 

Figure 1.1 shows the main concepts of revenue management. 
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Figure 1.1: Concepts of revenue management, adjusted from The Decision Makers' Direct 

(2001) 

As Figure 1.1 presents, revenue management deals with three main tasks; forecasting the 

future demand and possible cancellations or no-shows; optimizing the seat allocation and 

pricing; and segmenting the market based on price sensitivity or willingness to pay from 

different customer segments.  

Airlines are different from many other businesses because they do not sell just one distinct 

product with one set price. Airlines supply seats that take the customer from point A to 

point B and this seat doesn’t have a standardized price. Airline revenue management 

introduces dynamic pricing through multiple booking classes. Each class is differentiated 

by the fare, discount level, service offerings and possible restrictions such as cancellation 

options or overnight-stay requirements. The fares for each booking class are set to meet the 

needs, expectations and willingness to pay for different passenger groups and the demand 

forecasting for each class determines the number of seats allocated to each booking class. 

Hence, the objective of revenue management is to stimulate the demand from different 

customer segments and control the availability of the different booking classes to 

maximize the expected revenue (Camilleri, 2018; Gönsch & Steinhardt, 2015; Lawrence et 

al., 2003; Raza & Akgunduz, 2008). Airline revenue management systems not only set 

differential pricing, but also serve to establish booking policies. Booking policies 

commonly determine whether or not to accept or reject a booking request in a specific 

class, based on the current number of bookings and expected additional demand. These 
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booking policies must acknowledge the fact that frequently bookings are either cancelled 

prior to the flight departure or the passenger who holds the booking fails to show up before 

the flight departs. The latter is called a no-show passenger, or no-show for short, and these 

passengers result in lost revenue as the flight departs with empty seats that might possibly 

have been sold (Camilleri, 2018; Lawrence et al., 2003). Figure 1.2 demonstrates what 

today’s standard airline revenue management systems evaluate and focus on as well as 

how different variables interrelate through the demand forecasting.  

 

 

Figure 1.2: Airline revenue mangament systems, adjusted from (Belobaba, Odoni, & 

Barnhart, 2009) 

In a normal revenue management system, the data and forecasts on future demand and 

possible future no-shows are constantly evaluated in the flight booking horizon, as often as 

daily. To respond to the no-shows and cancellations, airlines have adopted the strategy of 

overbooking their flights. Airline overbooking involves accepting more booking 

reservations than the seating capacity of the flight allows as a reaction to make up for the 

lost revenue of flying with empty seats caused by those passengers who do not show up in 

time for the flight departure and do not cancel their booking in time, the no-shows. 

Overbooking can reduce the waste caused by the empty seats, minimize the cost while 

mitigating customer impact, and maximize the airline’s efficiency and profit (Camilleri, 

2018; Lawrence et al., 2003; Zhang, Guo, & Yi, 2014). Overbooking is not solely 

beneficial, it increases the risk of having to deny a passenger to board should the number 

of passengers who do show up exceed the seating capacity of the flight. Having to deny a 

passenger with a booking to board a flight can result in significant financial loss in the 

form of compensations and rerouting and could additionally have a negative effect on the 
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reputation and image of said airline (Camilleri, 2018; Zhang et al., 2014). As shown in 

Figure 1.2, overbooking is based on the historical no-show data and is defined by the 

booking limit optimization. 

1.2 Motivation 

Lufthansa, a German airline, had nearly 5 million passengers that did not show up for their 

flight in the year 2005 alone. Lufthansa uses overbooking in their optimization strategies 

and were able to fly over 570.000 additional passengers the same year, which is just a 

small part of the number of no-show passengers (Klophaus & Pölt, 2007).  

With a growing number of passengers flying each day, it is interesting to look at the reason 

why some customers become no-show passengers and if there are any variables that affect 

either the number or probability of no-show passengers. Some destinations might have a 

higher rate of no-shows than others, resulting in an opportunity to overbook more seats to 

those destinations than elsewhere. There seem to be many influencing factors that increase 

the probability of passengers not showing up for their flights, giving more flexibility to set 

higher overbooking limits on certain destinations. 

Although overbooking is a widely accepted revenue management strategy for not only 

airlines but also for example for hotels, restaurants and car rentals, many businesses are 

hesitant to implement an overbooking policy due to the potential risk it poses of lower 

customer service. It varies between airlines how great the historical number of no-show 

passenger is, consequently the expected number of customers becoming no-shows differs 

as well. Commonly, airlines rely on the historical data regarding no-show rates on certain 

flights to use as a reference for the expected number of future no-shows on similar flight 

legs, utilizing the historical data to find possible overbooking limits (Lawrence et al., 

2003).  

Overbooking is one of the most lucrative revenue management practices with many 

examples reflecting that it contributes to improved efficiency and increased revenue for 

airlines. Even though overbooking involves many uncertainties regarding both no-shows 

and cancellations, booking more seats than the available capacity tolerates is still a 

profitable strategy because the revenue made from overbooking usually exceeds the losses 

due to financial and non-financial penalties (Aydın, Birbil, Frenk, & Noyan, 2013; Zhang 

et al., 2014).  

When looking again at the case of no-show passengers and overbooking in Lufthansa, the 

airline has stated that in the year 2005, overbooking was credited for a net revenue gain of 

over 105 million euros, making overbooking one of the most powerful revenue 

management tools Lufthansa exploits (Klophaus & Pölt, 2007).  

1.3 Objective 

The first objective of this research is to make a detailed description of revenue 

management within airlines, how it has developed and what variables such as passenger 

variation and policies affect the revenue systems of today. 
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The main objective of this thesis is to analyze the historical data of no-show passengers, 

provided by an international airline, to such extent that it can be used to speculate what 

variables affect the number and probability of no-shows on different flight legs. By using 

this data analysis, it is the intent of the author to make a predictive model for the expected 

revenue gain for those airlines that implement an overbooking policy based on the 

probability of no-show passengers on different flight numbers. This model should be used 

as a proposal to evaluate if overbooking could increase the fare revenue, without harming 

an airline’s reputation by having to deny passengers to board a flight due to insufficient 

seating capacity, and to find what the optimal overbooking level is based on the 

probability. 

In light of these objectives, the author seeks to answer the following research questions: 

 What affects the number and probability of no-show passengers on flights? 

 How can the overall revenue be impacted by the use of overbooking based on no-

show probability? 

1.4 Contribution 

The contribution from this thesis is both an analysis of the number and probability of no-

show passengers as well as a revenue model that calculates the theoretical revenue gain 

and compares it with a simulated result of the revenue gain to find an optimal overbooking 

level.  

By using visualizations, the evolution of no-show passengers and analysis of the difference 

in the number of no-shows depending on different times, dates and markets is found and 

intertwined with the results of interviews which were conducted. The probability of every 

passenger showing up for a flight is found and used as the dependent variable in a 

regression model to further analyze the correlation between the probability of no-shows 

and the significant predictive variables. 

The revenue model created calculates the incremental revenue gain or loss accumulated 

from overbooking, by using a certain probability function for the anticipated number of no-

show passengers. The calculations in the model compare the ratio between the expected 

revenue earned by overbooking, against the ratio of the cost of having to deny a passenger 

to board a flight. The calculation is based on historical data and analysis of the probability 

of estimated future no-shows. This model is intended to be used as support for airlines in 

their evaluation on if it would be feasible to implement an overbooking strategy in their 

operations, the probability of no-shows gathered by the predictive model should be used as 

an input to a function or a decision rule for possible overbooking. By using this predictive 

model, the possible effects on the revenue stream will be presented. 
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1.5 Overview 

This research is divided into six chapters. The first chapter has covered the introduction, 

motivation for the research topic and presented the research questions and the author’s 

contribution. The second chapter provides a description of the methodology used for this 

research. The third chapter gives the reader more insight into the subject at hand as it 

presents a literature review of revenue management and what it entails, such as different 

passenger types, different revenue management systems and the most common issues in 

revenue management. The fourth chapter presents the data analysis of passenger statistics, 

particularly no-show passengers. The modelling and its results are presented in the fifth 

chapter. Finally, the discussion and conclusion will be covered in the sixth, and final 

chapter, summarizing all findings to answer the research questions as well presenting the 

limitations and speculations regarding future work. 
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2 Methodology 

This chapter gives an overview of the methodology and research design that was used to 

answer the research questions presented earlier. A case study was used for this research. 

The advantage of a case study is that it makes it possible to collect different types of data 

in different ways, i.e. the empirics may consist of qualitative as well as quantitative data. 

Case studies allow theories to emerge from the empirical data and enables the discovery of 

new dimensions (Blomkvist & Hallin, 2015). The case study was divided into four phases 

as shown on Figure 2.1. 

 

 

Figure 2.1: Steps in case study 

For the case study, emphasis was placed on the characteristics of no-show passengers and 

overbooking, as well as other factors that affect the potential acquired revenue. 

2.1 Preparation 

The preparation of the case study involved using prior literature to formulate the literature 

review, presented in Chapter 3, to increase the author’s knowledge of revenue 

management. By using the literature on revenue management, no-show passengers and 

overbooking in particular, the author was able to gain further insight into the necessary 

terms and prior work used for this research. Issues, both negative and positive, 

opportunities, threats and development within revenue management, specifically in airlines 

was the focus of the literature review. The literature review was based on books and 

journals or academic articles. To search for appropriate articles, the author used two 
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academic web-databases, Web of Science and Google Scholar. The following key words 

were used for the search criteria: 

 Revenue management 

 RM 

 Overbooking 

 Airlines 

 No-show passengers 

 No show passengers 

By using these search criteria and reviewing the suitable articles that were cited in them, a 

snowball method took place leading to additional articles surfacing. The articles and books 

that were used in the literature review serve as a summary of revenue management, issues 

in revenue management, different types of revenue management and a different fare mix of 

passengers. 

2.2 Data gathering 

A very common method for data gathering is document gathering. Documents are for 

example letters or emails, autobiographies, photos, official documents, documents from 

organizations, virtual products and mass media products. Documents are mainly divided 

into primary and secondary documents and it is up to the author to choose the appropriate 

documents depending on the purpose and the research questions (Blomkvist & Hallin, 

2015).  

The data gathering performed for the latter part of the case study in this research was in 

two parts; document gathering and interviews. Primary documents were gathered for 

information regarding passenger statistics within Icelandair. In total three data sets were 

provided; “Leg statistics” which provided information regarding passenger statistics on 

flight legs from 2014 to 2018; “Uplift” which provided information regarding flown 

passengers in 2017 and 2018; and “NoShow” which provided information regarding the 

number of no-shows in 2017 and 2018. The data from “Leg statistics” provided the most 

essential data. Metrics such as revenue per kilometer, available seats, flight number, 

market, number of paying customers, fare classes, number of no-show passengers etc. 

provided in the data sources were inspected and the data that did not belong, according to 

the author, such as charter flights and other flights that are not in the current route network 

in Icelandair, were excluded. Information about the metrics that were excluded can be 

found in Appendix C. 

The final step in the data gathering was to interview staff members within those 

departments that deal with customer services in Icelandair to gain more insight into the 

variables which affect the number of no-show passengers. Gathering empirical data 

through interviews can develop a deeper understanding of what is being studied and can 

help refine the motivation that the thesis will be studying.  The most common type of 

interview is the semi-structured interview that is organized around a number of themes or 

questions and allows the interviewee to provide valuable information through a more 

flexible conversation that feels more natural. Semi-structured interviews give the 

opportunity to obtain new ideas regarding the phenomenon being studied which in turn can 
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give the researcher a new perspective on the research (Blomkvist & Hallin, 2015). Two 

interviews with staff members from Icelandair were conducted, one interview was taken 

with a staff member from the department of corporate sales and one with a supervisor from 

the call center. Both interviews were conducted the 16th of November 2018.  

2.3 Data analysis 

After the data gathering was completed, the data analysis took place. The first step in the 

data analysis was to create visualizations of the passenger statistics at hand. This step of 

the data analysis included creating speculations and hypotheses regarding what factors 

might affect the number of no-show passengers, such as seasonality, market size or any 

operational changes within Icelandair. The results from the interviews were used to 

compare the hypotheses regarding characteristics of no-show passengers to evaluate if they 

were in line with the experience of the staff members working in departments that deal 

with Icelandair customers on a daily basis. The variables found to affect the number of no-

show passengers, both through the visualizations and interviews, were drawn in a causal 

loop diagram (CLD). The CLD was used as a reference for the regression which took place 

in the modelling stage of the research. 

2.4 Modelling 

After the data analysis was complete, the statistical modelling of no-show passengers took 

place. All the computational modelling was done with the use of the statistical software R. 

Figure 2.2 shows the process of the computational modelling in more detail than Figure 2.1 

did. 

 

Figure 2.2: Process of computational modelling 

After having analyzed the number of no-show passengers, the probability of no-show 

passengers was found and the distribution it follows. A sample of the data set was imported 

to the application “ExpertFit – Data Analysis” which resulted in two distributions found 
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acceptable for the sample set; geometric distribution and negative binomial distribution. 

The author decided to test the geometric distribution further as it relies on one parameter, 

which fits with the parameter for the number of no-show passengers. The probability was 

aggregated to distinct flight numbers and calculated only for those flight numbers that had 

taken place at least 30 times, as a method to filter out any irrelevant or negligible flights. 

Due to ExperFit only using a sample of the data set, the chi-square goodness of fit test was 

applied to the probability data of no-show passengers on different flight numbers to 

confirm that it does in fact follow the geometric distribution. The statistical tests confirmed 

that the expected probability is in line with the observed probability, i.e. there was no 

significant difference found in the observed probability and estimated probability of no-

shows. This is further presented in Appendix A for the whole data set. The validation of 

the probability distribution function led to the research continuing using the probability of 

no-shows, and a multiple regression model was made from the variables in the CLD 

diagram created in the data analysis. All the variables in the CLD diagram that had 

attainable numerical values were used in the regression and additional data needed, 

regardless of Icelandair, was gathered to have more regressor variables included in the 

regression model and they are presented in Appendix B. The goal of the regression model 

was to find the significant variables and analyze their correlation with the no-show 

probability to see if the correlation on no-show probability had similar findings as the 

causal loop diagram presented for the number of no-show passengers. Finally, a revenue 

model using no-show probability was computed with two values; cost due to denied 

boarding and revenue gain. These values were evaluated for different overbooking levels. 

The revenue model created uses the model created by Lawrence et al. (2003) as a reference 

for finding the theoretical value, adjusting it by using the probability of no-show 

passengers which follows the geometric distribution rather than a predicted number of no-

shows. The revenue model uses the theoretical vales formulated in Chapter 5 and compares 

it to a simulated range of revenue change, for different overbooking levels. 

2.5 Summary 

This chapter has presented the steps in the case study which the author used to answer the 

research questions. A literature study was used for the preparation of the case study, 

followed by data gathering, data analysis and modelling. The modelling involved finding 

the probability of no-show passengers, finding the variables which have a significance on 

the probability through regression and correlation, and the formulation of the revenue 

model. The next chapter puts forth the literature review created in the preparation phase of 

the case study, which focuses on airline revenue management. 



11 

3 Revenue management in airlines 

Revenue management is the practice of managing perishable assets by controlling their 

availability and/or prices with an objective to maximize the total revenue to be made. 

Revenue management addresses two of the main issues within demand management, the 

determination of how much to sell and what price to sell at. Quantity based revenue 

management deals with optimally allocating available capacity into different demand 

segments as well as deciding whether to accept or reject a customer request, while price 

based revenue management deals with finding the products’ optimal price, auction price 

and markdown or discount price (Raza & Akgunduz, 2008). Revenue management systems 

utilize data mining and operational research, combined with strategy, to understand the 

customers’ perception of value so that different customer segments are aligned with the 

appropriate products to optimize the potential revenue (Camilleri, 2018).  

Revenue management in airlines focuses mainly on the optimal determination of the 

capacity allocated for each fare class in each flight leg and is intended to reduce waste in 

the form of seat spoilage. Fare classes represent different kinds of discount levels and 

service offerings. In any given flight, the cabin capacity is allocated among available fare 

classes using booking limits to each class. Booking limits, for example, refer to making 

sure that the capacity is segregated from different classes or having different capacities 

available only to the appropriate customers (Camilleri, 2018; Strauss et al., 2018). Airline 

revenue management requires extensive knowledge of the route network, competitors’ 

destinations, schedules, prices as well as customer demand (Camilleri, 2018). Effectively 

implementing a revenue management system improves the airlines’ revenue while enabling 

them to better meet the needs of their marketplace (Belobaba, 1987). A common indicator 

used in today’s airline revenue management systems is the revenue passenger kilometer, or 

RPK, which represents the total number of paying passengers flown on all flight segments 

multiplied by the number of kilometers that those passengers are flown (Bazargan, 2010). 

Today, revenue management systems have become essential in the operations of not only 

airlines, but other service providers such as hotels and car rentals. This is due to the fact 

that these industries have very similar characteristics; they all have perishable products, the 

demand for their products vary over time and they all have large fixed costs while the 

variable costs are relatively small in the short run. Due to the success of revenue 

management, many other industries such as casinos, retailers with seasonal demand, 

restaurants and apartment rentals have begun to adopt revenue management in their 

operations (Chiang, Chen, & Xu, 2007).  

3.1 Passengers 

One of the roles of pricing and revenue management systems is to optimize the product for 

different kinds of customers. For airlines, the main purpose of revenue management is to 

optimize the passenger mix on each departure. This means to allocate adequate and 

sufficient capacity to profitable customers, while at the same time meeting the needs of the 
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more price-sensitive customers. Successful revenue management in airlines provides 

differentiated fares to meet the needs, wants and expectations of different customers while 

simultaneously ensuring that the airline gets the highest possible revenue from each and 

every individual customer (Camilleri, 2018). 

Airline customer requirements and booking behavior can be roughly divided into two types 

of passengers, depending on their preferences and purpose of travel, – business passengers 

and leisure passengers. They differ in terms of their demands, i.e. in their needs, wants and 

expectations. When these groups of customers are offered the same set of products by the 

firm, usually they will make different choices as they have different willingness to pay. 

Moreover, if their preferred product is unavailable, their substitution behavior, such as 

whether to switch to a different product or not purchase at all, varies between these distinct 

customer segments (Camilleri, 2018; Strauss et al., 2018). 

3.1.1 Business passengers 

The characteristics of business passengers is that they may need to fly at a very short notice 

which means that they usually purchase their flights very close to the date of departure, i.e. 

they expect the airlines to provide available seats at the latest possible time. For business 

passengers the time and date of departure is more important than the price tag on the ticket. 

Business passengers are usually less price-sensitive and therefore have a higher willingness 

to pay, especially due to the fact that they are typically reimbursed for their travel 

expenses. These passengers usually have a preferred departure time so alternative 

departure to obtain a lower price is not appealing to them. Moreover, business customers 

will usually avail themselves of flexible, high fares which will allow them to book at the 

very last minute (Camilleri, 2018; Dana & Greenfield, 2018). 

Revenue management systems should ensure that enough seats are available for last minute 

bookings for the business passengers since they are extremely profitable to the airline and 

provide high revenue (Camilleri, 2018). 

3.1.2 Leisure passengers 

Leisure passengers are the opposite of business passengers. Leisure passengers are very 

price-sensitive and may make their reservation well in advance to ensure that the ticket 

price is low. Commonly, leisure passengers care more about the fares because they pay for 

their tickets themselves. For leisure passengers the time and date of departure are not 

considered as important factors for them when booking flights, whereas the price of the 

ticket on the other hand is. Leisure passengers typically have more time and incentive to 

gather information about the most convenient or cheap airfare to suit their preferences. 

Therefore, leisure travellers are less sensitive to travel time and more willing to consider 

less convenient flights, to accept smaller seats, longer travel times, more flight connections 

and other reductions in product quality (Camilleri, 2018; Dana & Greenfield, 2018). 

Revenue management systems should cater to the leisure market by offering low fares to 

advance purchase customers (Camilleri, 2018). 
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3.1.3 Balancing business and leisure passengers 

Commonly for airlines, the customers’ willingness to pay seems to build up as the 

availability date comes closer (Weatherford & Bodily, 1992). However, in general the 

purchasing behavior of business and leisure passengers does vary. Revenue management 

systems strive to create a balance between these distinct groups of customers that returns 

the maximum revenue possible. The demand for the low fares usually occurs before there 

is a demand for the higher fares. If an airline starts selling the low-revenue priced seats 

well in advance of their flight departure dates it is likely that most of the customer 

bookings will be from leisure passengers. In this case, there is a risk that there won’t be 

any seats available for sale when business passengers want a last-minute booking at a later 

stage. To prevent that from happening, revenue management systems typically block seats 

to sell later, as the date of departure becomes closer, at a higher price to the higher-revenue 

passengers. The former approach here ensures that the airlines’ flights are filled with low 

revenue passengers. The latter approach offers greater opportunities to sell more seats at 

high revenue fares. The difficulty  lies in the fact that it is equally possible that the high 

revenue seats could remain unsold, resulting in a loss of revenue (Camilleri, 2018). 

Managing a balance between both passenger types should benefit both the airline as well as 

the consumers. Increasing the share of leisure passengers implies that capacity utilization 

increases because more passengers are then willing to adjust their travel plans to help 

airlines fill the aircraft. As the passenger load factor, or the proportion of passengers to seat 

capacity, increases, airlines lower their average costs which in theory should benefit 

consumers if some of that cost savings is passed on to air travellers (Dana & Greenfield, 

2018). 

3.1.4 No-show passengers 

Airline customers frequently have to cancel their bookings or they simply do not show up 

for the flight they have booked (Dai, Kleywegt, & Xiao, 2018). Hence, airlines can always 

expect that a certain number of booked passengers will not show up on time or will not 

show up at all for a flight. Those passengers that fail to board a flight they have made a 

booking for are referred to as no-show passengers (Lawrence et al., 2003).  

Historically, airlines have allowed passengers to make a reservation which removes seats 

from the airline’s available inventory and if said passenger fails to fulfill the reservation 

and does not show up, then he becomes a no-show passenger and faces little if any penalty 

for not fulfilling his part of the reservation agreement (Belobaba et al., 2009). 

Conventionally, airlines use historical data regarding average no-show rates in flights as a 

forecasting method for future no-shows in similar flights. Airline booking systems, or 

rather revenue management systems, must take into account the possibility that a passenger 

might cancel his booking prior to the flight or fail to show up for a flight departure. 

Accurate forecasts of the expected number of no-shows on a flight are crucial to estimate 

the overbooking level. If the no-show prediction is underestimated, it will lead to spoilage 

in the form of empty seats on board a flight. If the no-show predictions are overestimated it 

increases the risk of having to deny passengers boarding due to insufficient capacity on 

board (Lawrence et al., 2003).  
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Because the number of no-shows is stochastic and uncertain Lawrence et al. (2003) 

presented a model to predict future no-shows by the use of historical data. The historical 

model predicts the number of future no-shows on an upcoming flight by the use of the 

mean no-show rate for a group of similar flights with the following equations: 

 
𝑁𝑆𝑅ℎ𝑖𝑠𝑡

𝑚 (𝑏) =  
∑ 𝑁𝑆𝑚′

𝑚′∈𝒩𝑚
(𝑏)

∑ 𝛽𝑚′
𝑚′∈𝒩𝑚

(𝑏)
 

(3.1) 

where  

 𝑚 denotes a distinct flight with a unique flight number and departure date. 

 𝑁𝑆𝑅ℎ𝑖𝑠𝑡
𝑚 (𝑏) is the predicted no-show rate in booking class b for flight 𝑚. 

 𝑁𝑆𝑚(𝑏) is the number of no-shows in booking class b for flight 𝑚. 

 𝛽𝑚(𝑏) is the number of passengers booked in class b for flight 𝑚. 

 𝒩𝑚 represents a set of similar historical flights for flight m, for example with the 

same destination, same weekday, similar date, etc. 𝒩𝑚 can utilize time-series 

methods for the forecasting, such as averages depending on seasonality for previous 

instances on the same flights. 

If the 𝑁𝑆𝑅ℎ𝑖𝑠𝑡
𝑚 (𝑏) is given, the predicted number of no-shows, 𝑁𝑆ℎ𝑖𝑠𝑡

𝑚  can then be obtained 

by: 

 

𝑁𝑆ℎ𝑖𝑠𝑡
𝑚 =  ∑ 𝑁𝑆𝑅ℎ𝑖𝑠𝑡

𝑚 (𝑏)𝛽𝑚(𝑏)

𝑁𝑏

𝑏=1

 

(3.2) 

where 

 𝑁𝑏 is the number of booking classes. 

Following equations 3.1 and 3.2, to find the cabin-level no-show rate for flight 𝑚, i.e. to 

find the total no-show rate regardless of booking class, can be computed with the equation: 

 
𝑁𝑆𝑅ℎ𝑖𝑠𝑡

𝑚 =  
𝑁𝑆ℎ𝑖𝑠𝑡

𝑚

𝛽𝑚
 

(3.3) 

3.2 Types of revenue management 

For decades, air transport service was regulated by governments that decided market 

access, fare prices and route network for airlines (Pels, 2009). As a discipline, revenue 

management originated in the airline industry in the 1970s following the Airline 

Deregulation Act of 1978. This deregulation of the U.S. airline market loosened control of 

airline prices which led to rapid changes and innovation in the industry (Chiang et al., 

2007). Before the deregulation, airlines had to get approval for their routes from the Civil 

Aeronautics Board (CAB) that also determined the fare prices. After the deregulation, there 

was an explosion of fares offered by competing airlines since the airlines were finally able 

to explicitly control both the route network as well as the availability of discounted fares 
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(Pels, 2009; Yeoman & McMahon-Beattie, 2017). One of the most visible effects of the 

deregulation was the emergence of hub and spoke networks due to airlines finally being 

able to exploit density economies for an overall network optimization (Pels, 2009). Figure 

3.1 shows how the deregulation changed airline route networks.  

 

Figure 3.1: Airline network before and after deregulation, adjusted from Pels (2009) 

Before deregulation, the network was predetermined and airlines were obligated to fly in 

marketspaces that had little traffic and low profits such as between Sacramento and 

Buffalo and between Little Rock and Buffalo. However, after deregulation the airline could 

change the network structure so the revenue was maximized by eliminating the flight legs 

with low revenue and incentivizing passengers to fly indirectly to help bring down the 

average cost per seat, by the use of a central hub (Pels, 2009).  

An airline that operates with a hub and spoke network usually has a specific central city 

that is considered the hub, while the spokes are the outlying feeder cities which connect 

through the hub (Toh & Higgins, 1985). Figure 3.2 shows an example of a hub and spoke 

network. 
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Figure 3.2: Hub and spoke network, adjusted from Tirumalachetty, Kodam, Doreswamy, 

and Shankar (2017) 

The airline deregulation has now spread far beyond the U.S. to most of the industrialized 

world, affecting both domestic and international air travel all over the world and resulting 

in the continuing evolution of the airline industry being highly competitive (Belobaba et 

al., 2009).  

Even though it is a rather new concept, the theory and practice of revenue management has 

experienced significant developments since its origin (Strauss et al., 2018). Due to 

advances in technology and the deregulation, airline revenue management has evolved 

from being a single-leg inventory control system, through segment control with the 

emergence to hub and spoke networks, to origin-destination control (Chiang et al., 2007; 

Kulkarni & Joshi, 2017). 

3.2.1 Segmented revenue management 

Pre 1999, airline revenue management was segmented, meaning that it focused on a single 

leg seat inventory control due to its simplicity (Kulkarni & Joshi, 2017). 

It was first proposed by Ken Littlewood in 1972 that for any given flight, the capacity C 

could be divided into two classes by those who yield high revenue and low revenue, R1 and 

R2, where R1 > R2. Littlewood suggested that the main objective of airline ticket booking 

systems should be to find out whether or not to accept or reject a discounted fare booking 

so the optimal mix of passengers would be achieved and the highest possible revenue 

obtained. Therefore, revenue management started with a manual accept/reject decisions of 

queued booking requests (Kulkarni & Joshi, 2017; Pölt, 2016). This evolved into the 

concept of EMSR, expected marginal seat revenue, presented by Belobaba in 1987. EMSR 

employs heuristic decision rules for nested booking by adding protection limits that are 

calculated by applying Littlewood’s rule to successive classes. EMSR are commonly used 

under the assumption that the demand for each fare class is independent and normally 

distributed (Möller, Römisch, & Weber, 2004; Yeoman & McMahon-Beattie, 2017). Leg 

based revenue management therefore leans on the fare classes in an effort to maximize the 

total potential revenue, i.e. is based on the expected marginal revenue of each fare class on 

a distinct flight leg (Belobaba, 2016; Pölt, 2016). 

For a carrier that operates on a point-to-point basis and has few connecting passengers, leg 

control is sufficient. For a network carrier which has a hub and spoke network and an 
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origin to destination (O&D) fare structure, leg control is suboptimal depending on the size 

of the operation (Pölt, 2016).  

3.2.2 Network revenue management 

As advances in information technology increased around the year 2000, revenue 

management took on a new and more advanced form, changing from being a single leg 

seat inventory control to a multi-leg seat inventory control which developed into the 

network revenue management for airlines (Kulkarni & Joshi, 2017).  

The fare structure of a network carrier is usually different depending on the point of sale 

and it is non-additive, meaning that the flight from A-B-C is cheaper than flying separately 

first A-B and next B-C. The advantage of network revenue control, also called O&D 

control, over leg control is the ability to distinguish between local and connecting 

passengers in the availability control and it distinguishes between all the fare ranges of 

booking classes (Pölt, 2016; Yeoman & McMahon-Beattie, 2017). If the fare of a class is 

greater than the sum of the bid process of the concerned legs, availability for bookings is 

given to that class. The bid prices and the O&D fares are provided by the pricing and 

revenue management tools of the airline. Fundamentally, O&D forecasting allows for the 

capture of basic demand characteristics such as seasonality and customer behavior. 

Moreover, it bases the availability control on not only fare classes but the whole itinerary, 

giving it a more detailed level of control (Pölt, 2016; Yeoman & McMahon-Beattie, 2017). 

Airlines that operate on a hub and spoke network might increase their revenue if they opted 

for a network revenue management system (Pölt, 2016). An O&D revenue management 

system aims to optimize the whole route network based on forecasts and demands for each 

possible flight route itinerary, therefore making trade-offs between competing O&Ds 

(Tirumalachetty et al., 2017). 

3.3 Issues in revenue management 

There are many variables that affect revenues and it is important to exercise control over 

them. Revenue management aims to sell to the right customer, at the right time, for the 

right price (Camilleri, 2018).  To be able to do so it is important to look into four distinct, 

but very closely related issues, that have been the main focus of airline revenue 

management; those issues are the following (Raza & Akgunduz, 2008): 

1. Forecasting 

2. Overbooking 

3. Seat inventory control 

4. Pricing  

3.3.1 Forecasting 

Forecasting is a crucial part of revenue management. The other focus-issues in airline 

revenue management; overbooking, seat inventory control, and pricing, depend on the 

accuracy of the forecast (Chiang et al., 2007). 
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Revenue management forecasting includes forecasting the demand, capacity and price. The 

revenue management system aims to maximize revenue by processing sales and other data, 

such as special events or holidays, to produce forecasting about the future demand and 

availability, using differentiated prices at the right time to optimize demand management 

decisions. This price optimization strategy is used to match prices to each individual 

customer and their willingness-to-pay (Camilleri, 2018; Chiang et al., 2007; Strauss et al., 

2018). Airlines that never or rarely sell all their seat capacity should try and stimulate 

demand early and try and attain more leisure passengers while raising prices for those 

customers that arrive late in the booking process (Weatherford & Bodily, 1992). 

Up until 2004 most revenue management systems were based on the assumption that the 

demand for any product is independent on the availability of other products, i.e. that 

customers would never substitute one product for another. This also applied to legs and 

booking classes. It was assumed that different flight legs had independent demand as well 

as different booking classes. Due to increased competition, the rise of low-cost carriers and 

greater visibility of differentiated fares, independent demand assumption are no longer 

relevant (Pölt, 2016; Strauss et al., 2018). 

Even though technology and machine learning algorithms are increasingly being used as a 

prediction model for forecasting, the human judgement of experienced revenue managers 

is still indispensable for demand forecasting (Chiang et al., 2007). 

3.3.2 Overbooking 

Customarily, the airlines’ flights are loaded with a precise number of seats that are 

allocated to each fare or class of service. Overbooking is concerned with selling more 

tickets than available capacity allows for, in an effort to try to reduce the spoilage due to 

empty seats caused by no-show passengers. Several airlines deliberately overbook their 

flights in an effort to maximize revenue, reducing the possibility of flying with an empty 

seat, and therefore minimizing the cost of spoilage (Camilleri, 2018; Chiang et al., 2007; 

Coughlan, 1999; Strauss et al., 2018). Overbooking has benefits for both carriers as well as 

passengers. Overbooking results in more choices and cheaper fares for customers, it allows 

for more passengers to fly at the time, date and fare of their choosing while simultaneously 

keeping the fares low because it results in fewer empty seats. For airlines the benefits are 

mainly due to the fact that it allows them to better manage and maximize their revenue 

(IATA, 2017).  

Overbooking flights increases capacity utilization for airlines that experience a significant 

amount of cancellations or no-shows and airlines that know the historical data of the no-

show percentage can with a degree of certainty overbook a flight considering the number 

of no-shows to be expected  (Chiang et al., 2007; IATA, 2017). Excessive overbooking can 

result in financial loss and decrease in the airline reputation as it increases the risk of 

having to deny a passenger boarding due to inadequate seating availability. Both 

passengers who are no-shows and those who are denied boarding result in a significant 

financial loss to the airline while passengers who are denied boarding may additionally be 

detrimental to the airlines image and reputation. The cost of spoiled seats can be calculated 

my multiplying the number of empty seats by the average fare. When it is evident that 

there will be passengers left behind, or denied boarding, airlines typically try to find 

volunteers that are willing to surrender their seats and take alternative flights or transfer to 
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later flights for a compensation. Revenue management systems often define the denied 

boarding cost as a multiple of the highest fare level in the flight. However, it is more 

difficult to quantify the cost of denied boarding only by the compensations needed, 

additionally it involves handling dissatisfied customers who might even churn to the 

competitor (Camilleri, 2018; Dai et al., 2018; Ely, Garrett, & Hinnosaar, 2017; Klophaus 

& Pölt, 2007). Even though overbooking has been continually researched and studied, it is 

still challenging for airlines to manage the overbooking process so it improves the airline 

profitability without having a negative impact on customer satisfaction (Dai et al., 2018). 

Of all the issues in revenue management, overbooking is one of the most successful 

practice. A number of different mathematical overbooking models have been formulated 

and proposed to solve different kinds of overbooking problems in airlines (Chiang et al., 

2007).  

According to Belobaba et al. (2009) the airline overbooking problem is simply to 

determine an overbooking factor (OV) so that: 

 𝐴𝑈 = 𝐶𝐴𝑃 × 𝑂𝑉, 𝑤ℎ𝑒𝑟𝑒 𝑂𝑉 > 1 (3.4) 

where  

 AU is the authorized capacity or the maximum number of bookings that the airline 

is willing to accept.  

 CAP is the physical capacity or the actual number of seats on the flight, for the 

whole cabin  

The equation for AU can be reformulated if the forecast of the no-show rate (NSR) is 

given:  

 
𝐴𝑈 =  

𝐶𝐴𝑃

1 − 𝑁𝑆𝑅
 

(3.5) 

Overbooking is often carried out at a cabin level, as presented with equations 3.4 and 3.5. 

Airlines divide their cabins into different fare classes to distinguish between the passenger 

mix on board the flight. The cabin level overbooking aggregates the fare levels to a cabin 

level which does not take into account the different behavior of the different customer 

segments (Coughlan, 1999). Coughlan (1999) used a cabin level control approach, i.e. 

reservations were accepted until the total number of reservations exceeded the cabin 

capacity, to create a revenue maximization model which found the optimal overbooking at 

a class level. He used a cabin level overbooking rate 𝑤, which was found by the following 

equation: 

 
𝑤 =

∑ (𝑡𝑖 × ((1.0 + 𝑟𝑖))𝑛
𝑖=1

∑ 𝑡𝑖
𝑛
𝑖=1

 
(3.6) 

where the 𝑡𝑖 is the historical demand for class 𝑖 and is an independent normally distributed 

random variable with cumulative distribution 𝑇 and 𝑟𝑖 is the no-show rate for class 𝑖. 

The rate found with equation 3.6 was than allocated across the fare classes, based on the 

Expected Marginal Seating Revenue in fare class 𝑖 for seat 𝑗, 𝐸𝑀𝑆𝑅𝑖(𝑗), where the 



20 

additional expected revenue when the 𝑗th seat is allocated to fare class 𝑖 is found be the 

following equation: 

 𝐸𝑀𝑆𝑅𝑖(𝑗) = 𝑓𝑗 × 𝑇(𝑡𝑖 > 𝑗) (3.7) 

where 𝑓𝑖 is the seat fare. 

The formulations created and utilized by Coughlan (1999) resulted in a revenue 

improvement of 1-2% in Air Lingus, an Irish airline. 

Klophaus and Pölt (2007) present a simple overbooking model which uses the newsvendor 

problem as a reference. The balance between the spoilage costs due to empty seats, and 

denied boarding costs due to the demand exceeding the capacity, is evaluated. They use a 

simple rule which states that if the number of flown passengers 𝑆 exceeds the capacity 𝑁 

(𝑆 > 𝑁) the airline has oversales costs 𝐶, which is the cost of having to deny passengers to 

board. However, if the seating capacity 𝑁 is greater than the number of flown passengers 

(𝑁 > 𝑆) then the airline has a spoilage cost 𝑅. The probability of spoilage is 𝑃(𝑆 ≤ 𝑁) and 

the probability of oversales is 𝑃(𝑆 > 𝑁)  =  1 −  𝑃(𝑆 ≤ 𝑁). With the objective to 

minimize the total cost, it is lucrative to increase the number of bookings 𝐵 to 𝐵 + 1 if the 

following condition is upheld: 

 𝑃(𝑆 ≤ 𝑁) × 𝑅 − 𝑃𝑟(𝑆 > 𝑁) × 𝐶 =  𝑃 × 𝑅 − (1 − 𝑃) × 𝐶 > 0 (3.8) 

which when solved for P leads to the following equation: 

 
𝑃 >

𝐶

𝐶 + 𝑅
 

(3.9) 

where 𝑃 is the probability of spoilage if the bookings are held at 𝐵.  

Ely et al. (2017) suggest that with increased technology airlines could in the foreseeable 

future adopt a predictive model which shows the expected number of passengers that will 

be denied boarding and that it could be profitable for airlines to determine beforehand 

which passengers will be rerouted, bumped or compensated so that they do not have to go 

through the hassle and cost of going to the airport. Ely et al. (2017) state that the 

passengers who have either purchased their tickets well in advance or paid low prices for 

their fares are more likely to see value in being compensated and are therefore better suited 

as volunteers to be denied boarding.  

The objective of overbooking control is to find the optimal overbooking level that 

maximizes the expected revenue as well as minimizes the risk of having to deny service. 

Airlines improve their operations if the number of spoiled seats is reduced without having 

to deny boarding to any customers (Camilleri, 2018; Chiang et al., 2007). The major 

challenge with overbooking is the inability to predict with perfect accuracy the actual no-

show rate for a future flight departure (Belobaba et al., 2009).  

3.3.3 Seat inventory control 

People often mistakenly believe that revenue management’s main focus is only to find the 

highest possible price to sell at, when in fact revenue management systems are more 
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concerned with availability. The objective of seat inventory control in airlines is to 

determine how to allocate different classes of demand so that expected revenue is 

maximized. This includes deciding which set of pre-priced fare products should be made 

available at a specific time, as a function of a forecast of remaining demand, remaining 

capacity and remaining time until flight departure (Belobaba et al., 2009; Chiang et al., 

2007; Wittman & Belobaba, 2017).  

Seat inventory control therefore captivates finding the balance of the number of discount 

and full-fare bookings to maximize the passenger revenue as well as load factor. Load 

factors can increase when more fares are offered at a discounted rate but selling too many 

seats at low fares will decrease the average revenue per passenger. Furthermore, not having 

seats available for the high-fare passengers may result in them churning to others affecting 

the long term total revenue (Belobaba, 1987). 

Initially, it was difficult to implement price changes before revenue management emerged 

in the airline industry. Therefore, booking limits were introduced to control different fare 

classes. With this strategy, capacity was controlled which can be referred to as capacity or 

inventory control (Strauss et al., 2018). Because different customer segments are willing to 

pay different prices for seats it is important to increase the possibility of available seats 

being sold to the more profitable customers, such as the late booking business travellers. 

Revenue management systems allow a wider variety of discounts, particularly to the 

advanced purchasers or the leisure passengers (Camilleri, 2018).  

Other complications with seat inventory control that may rise, is the fact that the demand 

for a certain flight might not match the seat capacity the aircraft provides. An excess or 

shortage of seats with regards to total demand for a particular flight leg will either reduce 

or increase the need for promotions and control of discount fare sales (Belobaba, 1987).  

3.3.4 Pricing 

The most basic task of revenue management is to alter the prices. The objective of pricing 

is to determine the price for various customer segments and differ the prices over time to 

maximize revenue (Chiang et al., 2007).  

Wittman and Belobaba (2017) propose a definition framework for pricing in airlines. They 

suggest that airline pricing can be divided into assortment optimization and dynamic 

pricing. Assortment optimization offers different sets of products with static prices to 

different customers while dynamic pricing charges different customers different prices for 

the same set of products. By observing passenger characteristics airlines practice dynamic 

pricing when they charge different customers different prices for what is essentially the 

same product as to optimize the passenger mix on each flight based on current demand. 

Airlines use historical data and predictions of the future to either increment or discount the 

prices that would ordinarily be offered (Camilleri, 2018; Wittman & Belobaba, 2017). 

A broad range of fares usually targets different customer segments. Airlines need to find a 

satisfactory balance between revenue and load factor, which is a difficult trade-off since 

every single flight leg has its own individual booking pattern. High prices usually lead to 

fewer bookings. However, if the demand is sufficient, the setting of a high price could 

result in profitable transactions since high-revenue customers would fill up the seats. 

Conversely, a decrease in price could easily generate an increase in demand from price-
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sensitive customers. Therefore, revenue management may also involve turning away less 

attractive customers that demand cheaper airfares (Camilleri, 2018).  

3.4 Summary 

This chapter has reviewed the suitable literature regarding revenue management, with 

airlines as the focus point. The chapter started with an overview of revenue management 

followed by a description of the different segments of passengers, business and leisure, and 

their characteristics as consumers. The no-show passengers and no-show rate was 

discussed as well. Next, the evolution of airline revenue management systems was 

described and how it has changed with advancing technology. Revenue management 

systems have altered from being an optimization of each flight, i.e. segmented, to an 

optimization of whole route networks and all their possible flight itineraries. Finally, the 

chapter concluded with the most common issues in airline revenue management; 

forecasting, overbooking, seat inventory control and pricing. The next chapter presents the 

data analysis which gives an overview of the evolution of the passenger data and concludes 

with a causal loop diagram, combining the results from data analysis and interviews to 

evaluate what variables affect the number of no-show passengers. 
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4 Data analysis 

 

4.1 Available seats 

 

Text redacted 

Text redacted 
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4.2 Passenger growth 

 

Text redacted 
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4.3 Statistical analysis of no-show passengers 

 

4.3.1 Flight markets and destinations 
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4.3.2 Years, months and days 
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4.4 Cabin classes 

 

4.5 Interviews 
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4.6 Conclusion of data analysis 
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4.7 Summary 
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5 Modelling and computational results 

Predicting the number of no-show passengers on future flight legs has its complications 

because the no-shows have uncertainties. This chapter presents the statistical computation 

conducted on the no-show data; what probability the number of no-shows follows and 

what variables are significant to the no-show probability. A revenue model was created 

which is a function of  no-show probability, overbooking cost ratio. 

5.1 Causal loop diagram of no-show passengers 

The results from the data analysis was combined in a causal loop diagram (CLD), to 

evaluate what variables affect the number of no-show passengers on flights. The CLD 

shows how different variables in a system interrelate and affect each other with nodes that 

represent either a negative or positive impact on the item at stake. The CLD is shown in 

Figure 5.1. 

 

 

Figure 5.1: Causal loop diagram 
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As shown in Figure 5.1, an increase in sold seats following an increase in seat availability 

results in more no-show passengers. Customers with individual bookings are more prone to 

becoming no-show passengers than those who are a part of a group booking. If the fare 

price increases, no-show passengers decrease which means that the higher the price of the 

ticket, the more likely the passenger is to show up for his flight. The option to change 

flights has an effect on the number of no-show passengers and the more flight substitutions 

available at the airport itself, the more likely people are to become no-show passengers. 

From this, the conclusion can be drawn that the size of the airport is an influencing factor 

on the number of no-show passengers. Moreover, the size of the airport grows as the 

population in the metropolitan area grows. The bigger the metropolitan area the departure 

airport is located in, the more it can affect traffic delays which in turn increase the number 

of no-show passengers. Traffic delays also increase if the weather becomes worse and 

during the winter months an increase in the amount of snow falling will result in an 

increase in the number of no-shows. The number of no-show passengers seems to be 

affected by people oversleeping, meaning that early morning flights are more likely to have 

no-show passengers than other flights. Young adults are the type of passengers who are 

most prone to oversleeping and possibly do not care as much about fulfilling their booking 

reservations, which means that as the young adults’ age increases, the number of no-show 

passengers decreases.  

Other variables concerning the no-show passengers such as age, gender, nationality or 

average household income were not collected and therefore are not included in the CLD. 

5.2 Probability of no-show passengers 

 

Text redacted 
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5.3 Multiple regression on no-show probability   

A multiple regression was conducted, using the probability of all passengers showing up 

for their flights, in each flight number, as the response variable. The regressor variables 

were chosen from all the variables in the CLD, presented in Figure 5.1, which have a 

numerical value. Therefore, the regression model was formulated as follows:  

 𝑝 =  𝛽0 + 𝛽1(𝐴𝑣𝑔 𝑓𝑙𝑜𝑤𝑛 𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟𝑠𝑖)
+ 𝛽2(𝐴𝑣𝑔 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑠𝑒𝑎𝑡𝑠𝑖)
+ 𝛽3(𝐴𝑣𝑔 𝑒𝑚𝑝𝑡𝑦 𝑠𝑒𝑎𝑡𝑠𝑖) + 𝛽4(𝑅𝑒𝑣𝑒𝑛𝑢𝑒 𝑖𝑛 𝑈𝑆𝐷𝑖)
+ 𝛽5(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖) + 𝛽6(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑠𝑖)
+ 𝛽7(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑖𝑟𝑙𝑖𝑛𝑒𝑠𝑖) + 𝜖 

(5.1) 

 

The results from the model presented with equation 5.1 were that approximately 32,93% of 

the model can be explained with the regressor variables and the p-value was equal to 

7.608e-12, meaning that the null hypothesis can be rejected and that there exists a linear 

relationship between the response variable and the regressor variables. There were two 

variables with a significant code of ***, Revenue in USD and Population, which implies 

that there is nearly no chance that the coefficients for these variables are equal to zero, at 

most the likelihood is 0,1%. The variables Number of destinations and Number of airlines 

also have a significance on the response variable. A more detailed results summary for the 

regression model is presented in Appendix A. 

The correlation between the response variable and all the significant regressor variables is 

presented in Figure 5.4 to evaluate the strength of the relationships between them. In 

Figure 5.4 “Probability” stands for the probability of every passenger showing up for their 

flight, found with the geometric distribution. 
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Figure 5.2: Correlation between the probability of every passenger showing up and the 

significant regressor variables 

 

Text redacted 
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Moreover, roughly half of all the departures take place out of Keflavík, meaning that the 

regressor variables for Population, Number of destinations and Number of airlines might 

impact or distort the regression model. Therefore, the multiple regression was conducted 

again using equation 5.1, excluding however Keflavík as the departure airport from the 

data. The results from the regression shows that when Keflavík is not included in the data, 

22,82% of the model can be explained with the regressor variables and that the p-value is 

0,0043, which indicates that there is a smaller linear relationship between the response 

variables and the regressors when Keflavík is excluded from the data. The significant 

variables also change; Average flown passengers, Average available seats, Average empty 

seats and Population are those regressor variables which have a significant effect on the 

probability of no-show passengers when KEF as a departure airport is excluded from the 

data. A more detailed results summary from the regression is presented in Appendix A. 

As before, the correlation between the response variable and the significant regressor 

variables, found with the regression, was plotted for the data excluding Keflavík as a 

departure airport where “Probability” represents the probability of every passenger 

showing up for their flight. The plot is presented in Figure 5.5. 

Text redacted 
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Figure 5.3: Correlation between the probability of every passenger showing up and the 

significant regressor variables, KEF as departure airport excluded 

 

Text redacted 
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5.4 Revenue model by use of no-show 

probability and overbooking 

The revenue accumulated in airlines from bookings and fare prices can be presented 

simply by the following equation:  

 𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = 𝑆𝑜𝑙𝑑 𝑠𝑒𝑎𝑡𝑠 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑓𝑎𝑟𝑒 𝑝𝑟𝑖𝑐𝑒 (5.2) 

where sold seats are always less than or equal to the aircraft’s capacity. 

To anticipate for future cancellations and no-shows, the following calculations focuses on 

the expected incremental revenue gain made from overbooking. Due to the randomness in 

demand for each fare-class as well as the uncertainty of no-shows and cancellations, the 

problem of determining the optimal booking limit for different fare-classes is referred to 

from here on as a joint capacity allocation and overbooking problem. The objective of the 

following model is to determine the overbooking number, i.e. the number of excess seats 

made available, based on the probability of no-show passengers in different flight numbers. 

It is assumed that the demand 𝐷 for seats in flight numbers 𝑚, 𝐷𝑚 is always greater than 1, 

i.e. all the seats on board will be sold with the possibility to sell more seats due to 

exceeding demand. The no-show probability is used to generate an estimate for the 

expanded capacity which creates the following equation for the upper limit on the total 

number of excess bookings that can be accepted without having to deny passengers to 

board, depending on the expected number of no-shows:  

 𝑂𝐵 = 𝑁𝑆 (5.3) 

Where 𝑂𝐵 is the number of overbookings and 𝑁𝑆 represents the number of no-show 

passengers which follows the geometric distribution. However, because of the uncertainties 

associated with the quantity of no-show passengers, equation 5.3 describes a euphoric state 

where the overbooking number is equal to the number of no-show passengers. 

The expected incremental revenue earned by overbooking, 𝛥𝑅𝑒𝑣𝑒𝑛𝑢𝑒, is found using 

equation 5.4: 

 ∆𝑅𝑒𝑣𝑒𝑛𝑢𝑒 = 𝑂𝐵𝜇𝑝𝑟𝑖𝑐𝑒 − 𝐶𝑜𝑠𝑡𝐷𝐵𝐷𝐵 (5.4) 

where µ𝑝𝑟𝑖𝑐𝑒 is the average fare price, 𝐶𝑜𝑠𝑡𝐷𝐵 is the cost of having to deny a passenger to 

board and 𝐷𝐵 is the number of those who are denied boarding. Ideally, the revenue gain 

should be greater than zero, i.e. the revenue from overbooking must exceed the cost of 

passengers who are denied boarding.  

The probability of no-show passengers on board flights follows the geometric distribution. 

The probability function for a geometric distribution is presented with equation 5.5: 

 𝑓(𝑘) = (1 − 𝑝)𝑘𝑝 (5.5) 

where 𝑘 is the value from 0 to 15, as previously used in this research, and 𝑘 represents the 

number of no-show passengers.  
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This leads to the formulation of equation 5.6 which finds the mean probability of no-

shows: 

  
𝑃𝑁𝑆 =

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑛𝑜 − 𝑠ℎ𝑜𝑤𝑠𝑘

∑ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑛𝑜 − 𝑠ℎ𝑜𝑤𝑠15
𝑘=0

 
(5.6) 

 

The number of passengers denied boarding can never be a negative value, therefore it can 

range from 0, which is the optimal value, to the difference between overbooked seats and 

no-shows. This leads to the formulation of equation 5.7: 

 𝐷𝐵 = max (0, 𝑂𝐵 − 𝑁𝑆) (5.7) 

Due to 𝑁𝑆 being a number that follows a distribution, it suggests that the number of 𝐷𝐵 

also follows a probability distribution.  

The probability of passengers who are denied boarding differs from when it is zero and if it 

takes a value greater than zero. Therefore, the formulation for the probability of 𝐷𝐵, or 

𝑝𝐷𝐵, is as follows: 

𝑝𝐷𝐵=0 = ∑ 𝑃𝑁𝑆

∞

𝑁𝑆=0:
𝑁𝑆≥𝑂𝐵

 
when denied boarding is zero, i.e. the number of no-

shows is larger than the number of overbookings. The 

probability follows the geometric distribution when the 

denied boarding is zero. 

(5.8) 

𝑝𝐷𝐵=𝑖 = 𝑝𝐷𝐵=𝑂𝐵−𝑁𝑆 when passengers are denied boarding, i.e. the number of 

no-shows is less than the number of overbookings. 

(5.9) 

Equation 5.4 was extended to create a revenue and cost ratio as a method for evaluating the 

revenue model and if the expected revenue from overbooking earned is increasing or 

decreasing when overbooking is implemented. Therefore, equation 5.10 was derived by 

dividing through equation 5.4 with the average price 

 ∆𝑅𝑒𝑣𝑒𝑛𝑢𝑒

𝜇𝑝𝑟𝑖𝑐𝑒
= 𝑂𝐵 −

𝑐𝑜𝑠𝑡𝐷𝐵

𝜇𝑝𝑟𝑖𝑐𝑒
𝐷𝐵 

(5.10) 

In equation 5.10 the two ratios can therefore be evaluated to find if there exists an optimal 

overbooking level that increases the profit. 

The final equation is found by adding the probability distribution which leads to the 

formulation of equations 5.11:  

 ∆𝑅𝑒𝑣

𝜇𝑝𝑟𝑖𝑐𝑒
= 𝑂𝐵 −

𝑐𝑜𝑠𝑡𝐷𝐵

𝜇𝑝𝑟𝑖𝑐𝑒
∑(1 − 𝑝)𝑘𝑝 × max(0, 𝐷𝐵)

15

𝑘=𝑜

 

(5.11) 

for overbookings on the range from 1 to 10. 

The theoretical revenue gain formed with equation 5.11 was calculated for overbooking 

numbers on the range from one to ten and simulated as well. The results from the 
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simulation was plotted using a boxplot to see the distribution of the simulation. The boxes 

show the range of data values comprising 50% of the simulated data, from the first quartile 

line to the third quartile line. The distance encompassed by the second and third quartiles is 

known as the Inter Quartile Range or IQR. The lines in the boxes show the median value, 

or the midpoint, of the simulated data. The upper whisker of the boxes extends to the 

largest data value that is less than or equal to the third quartile value plus 1.5IQR while the 

lower whisker extends to the value that is larger than or equal to the first quartile line 

minus 1.5IQR. If a value is either lower than the lower whisker or greater than the upper 

whisker it is considered an outlier and is represented by a dot in the boxplot (George, 

Rowlands, Price, & Maxey, 2005). The theoretical revenue gain was calculated by using 

equation 6.16 and plotted as a point for each overbooking number. The code for the 

revenue model and plots is presented in Appendix A. 

The results from the calculations and simulations are shown in Figures 5.6, 5.7 and 5.8 

where the theoretical values are presented with the blue dots and the simulation is 

presented with the boxplot. In total, six scenarios were simulated and the theoretical 

revenue gains calculated for different possible overbooking numbers, with different 

probabilities of 0.2, 0.4 and 0.6 and cost ratios of 1.1 and 2. The probabilities calculated 

and simulated were chosen based on the density plot shown in Figure 5.3 and the cost 

ratios represent on the one hand 1.1 which means that the cost of denied boarding is 

considered to be little more than the incremental revenue gain and on the other hand where 

it is set as 2, it is considered to be twice as expensive as the incremental revenue made by 

overbooking.  

Figure 5.6 shows the expected revenue gain for both cost ratios when the probability of all 

passengers showing up for their flights is rather low, or 0.2.  
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Figure 5.4: Revenue gain when the probability of every passenger showing up is 0.2, 

theoretical values and simulated range for overbooking from 1 to 10 

When the cost ratio is set to 1.1 the theoretical revenue gain continues to grow for all the 

overbooking values presented. This is due to the fact that the expected revenue when the 

probability that every passenger will show up is low and the cost ratio is set to 1.1, then the 

cost of having to deny a passenger to board is less than the expected total revenue gain. 

Furthermore, the simulation shows that when the probability is 0.2, overbooking by one 

passenger increases the expected revenue gain by approximately 1.2, with one outlier that 

would result in a small negative revenue, indicating that there might be some risk in 

overbooking by just one, but a very small risk. When looking at the median values for the 

simulated revenue gain, it is highest when the number of overbooking is set to three with a 

small part of the lower whisker in a negative revenue range. The revenue gain from the 

median simulated value when the overbooking number is three is approximately 3. 

When the cost ratio is set to 2 the theoretical values show that overbooking by 5 is the 

maximum allowed overbooking before the revenue gain becomes negative. The revenue 

gain is however the highest, from both the theoretical value and simulation, when the 

overbooking number is three, but the first quartile line is negative which represents a risk 

of having to deny a passenger to board when the overbooking is at three. Both the 

theoretical values and the simulated median values give a positive increase of the revenue 

for overbooking from one to four. However, overbooking three or more persons has a 

larger risk of having to deny a passenger to board although the possible revenue gain does 

increase. Similar as to before, when the cost ratio is set to 2 it is fairly confidently possible 

to overbook by one due to only one outlier placed in the range of negative revenue. 

To summarize, when the probability of every passenger showing up for their flight is low, 

or 0.2, airlines can overbook fairly confidently by one passenger for both the cost ratios 

presented of having to deny a passenger to board. When the cost ratio is 1.1, airlines can 

overbook up to three persons with a small possibility of negative revenue while if the cost 
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ratio is 2, airlines should not overbook more than 1 unless they are more risk driven and 

have good means to re-route passengers who are denied boarding, as the revenue could 

increase with an optimal overbooking level of three. 

Figure 5.7 shows the expected revenue gain for both cost ratios when the probability of all 

passengers showing up for their flights is 0.4.  

 

 

Figure 5.5: Revenue gain when the probability of every passenger showing up is 0.4, 

theoretical values and simulated range for overbooking from 1 to 10 

When the cost ratio is set to 1.1 the theoretical revenue gain grows until the overbooking 

number reaches four, then it slowly starts to decrease. The median value from the 

simulation is however highest for an overbooking of one and it has a small part of the 

simulated range in a negative revenue. There is an option to overbook between one and 

four passengers in this scenario, however the highest median value from the simulation is 

when the number of overbooking is one passenger, and it also has a lower risk of having to 

deny a passenger boarding than the other overbooking values because the first quartiles 

take a larger negative value as the overbooking number increases. 

When the cost ratio is set to 2, the theoretical revenue gain increases for an overbooking 

limit of one, while for all other numbers of overbooking the revenue will be negative. The 

same can be said about the median values from the simulation. The simulations shows a 

risk of negative revenue gain for all overbooking numbers, which means that the revenue 

will most likely be negative for all overbookings when the probability is 0.4 and the cost 

ratio is 2.  

To summarize, when the probability of all passengers showing up for their flights is 0.4 

and the cost ratio is 1.1, airlines can fairly confidently overbook by one without having to 
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deny a passenger to board. Airlines that are more risk driven should evaluate whether or 

not to overbooking by more than one as it involves more risk of having to deny passengers 

to board. Overbooking by one leads to the highest revenue increase and would return a 

revenue gain by approximately 1. If the cost ratio is 2, airlines should not overbook at all 

due to the high uncertainties of no-shows with this probability. 

Figure 5.8 shows the expected revenue gain for both cost ratios when the probability of all 

passengers showing up for their flights is rather high, or 0.6.  

 

Figure 5.6: Revenue gain when the probability of every passenger showing up is 0.6, 

theoretical values and simulated range for overbooking from 1 to 10 

When the cost ratio is set to 1.1, the theoretical value of the revenue gain is highest when 

the overbooking number is two. However, the simulation shows that all the median values 

result in negative revenue when the probability of all passengers showing up for their 

flights is this high. 

When the cost ratio is set to 2, none of the theoretical values nor the median values from 

the simulation give a positive increase in the revenue. Therefore, if the probability of all 

passengers showing up for their flights is 0.6 and the cost to deny a passenger to board is 

twice as expensive as the possible incremental revenue, the airline should not take the risk 

of overbooking at all.  

To summarize, when the probability of all passengers showing up for their flights is high, 

or 0.6, it is not feasible to overbook at all due to the risk of having to deny passenger to 

board.  
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5.5 Summary 

This chapter as presented the modelling and results. The CLD from the data analysis was 

presented and the variables which affect the number of no-show passengers discussed. 

Next, the number of no-show passengers was found to follow a geometric distribution and 

the probability was used as a predictive variable in a multiple linear regression to find the 

significant variables. The correlation between the significant variables and the probability 

of all passengers showing up for their flights was analyzed. Finally, the revenue model was 

formulated for different scenarios of probability and cost ratios. The upcoming final 

chapter will present the discussion of the research, combining the results to answer  the 

research questions presented in the introduction. Limitations and future work are also 

presented in the next chapter. 
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6 Discussion and conclusion 

Revenue management systems play an extremely vital role for airlines. The main tasks of 

revenue management systems are for example forecasting the future demand and future no-

show passengers, controlling seat allocation on board aircrafts and to find the optimal 

selling price for different market segments and passenger types, with the objective to 

optimize the expected revenue. No-show passengers are those passengers who fail to show 

up for the flight that they have made a reservation for, creating a certain form of waste due 

to empty seats on board the flight which could have been sold and utilized more efficiently 

to increase the expected revenue for the airline. This research has focused on no-show 

passengers, what affects the number of no-show passengers, the probability of no-show 

passengers, and how to utilize no-show data for overbooking. By gaining a better 

understanding of what affects the number and probability of no-show passengers, airlines 

can more precisely predict the future number of no-shows to find the optimal overbooking 

level that increases the expected revenue. 

6.1 Discussion 

No-show passengers are inevitable for airlines, but also impossible to predict precisely. 

Many airlines have taken up the policy of overbooking their flights as a response to no-

shows, with the aim to optimize both the seat allocation as well as the total potential 

revenue whilst minimizing the waste in form of empty seats. Overbooking is one of the 

most widespread and profitable revenue management practices. However, overbooking 

involves a lot of gamble, because airlines can never be certain about how many no-show 

passengers are to be expected, leading to the risk of having to deny passengers to board a 

flight. Denied boarding happens if the number of overbookings turns out to be greater than 

the number of no-show passengers on a fully booked flight. Denied boarding has a 

quantifiable cost in the form of rerouting those passengers and possibly having to pay a 

penalty. What some might consider as a more detrimental, unquantifiable, cost due to 

denied boarding, is the setback it puts on the airline’s image and reputation.  

Most commonly, airlines use historical data regarding no-show passengers to calculate the 

expected number of no-show passengers in upcoming flights to find by how much they 

believe they can overbook. Different airlines use different methods to find their optimal 

overbooking level, ranging from being set as a fixed percentage to being calculated from 

historical data of similar flights to sophisticated optimization models. All calculations, 

methods and models share a common ground of aiming to find the best balance between 

overbooking as much as possible to increase the revenue, without having to deny a 

passenger to board a flight.  

 Moreover, many airlines 

use a no-show clause which means that if a passenger becomes a no-show, all of his 

connecting and or upcoming flights can be cancelled. This means that those customers who 

have bought connecting flight tickets and fail to show up for their first flight leg are 
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considered no-show passengers on only the first flight, while all connecting flights 

associated with the passenger are instead cancelled. This indicates that the number of no-

show passengers is distorted in many airlines and that the customers who become no-

shows are only counted once, instead of counting them for each booked flight leg. This 

registration of no-show passengers discredits the real number of the quantity of no-show 

passengers  

 

It was confirmed by using the chi-squared goodness of fit test that the probability of no-

show passengers on board distinct flight numbers, in the data used in this research, follows 

a geometric distribution. A geometric distribution uses one parameter to calculate the 

probability mass function as 𝑝(1 − 𝑝)𝑘 where k is the number of no-show passengers and 

p is the probability. Airlines should evaluate how well their no-show probability fits with 

the geometric distribution to analyze the probability of no-show passengers on board 

distinct flight numbers and to find what variables affect the no-show probability. By 

finding which variables have a significance on the probability, airlines are better equipped 

to react to changes and can possibly manipulate the probability to their advantage. For 

example, if airlines want to decrease the probability of no-show passengers on flights, it 

could be beneficial to set higher fare prices or increase flights to destinations that have a 

low population or where the airport is small. Furthermore, it is likely that the probability 

could change swiftly due to external factors. Rapid changes in the market that affect the 

demand for flights, such as rival airlines either increasing or decreasing the competition to 

certain destinations, can alter the probability of no-show passengers. The weather, sudden 

trends and all kinds of events are other examples that can affect the probability as well. 

Due to this, airlines should be aware of the necessity to evaluate the probability of no-show 

passengers regularly so that revenue models, such as the one presented in this research, use 

and rely on updated probability. 

6.2 Conclusion 

With many examples of airlines going bust in recent years, it is highly important for 

airlines to evaluate what revenue management strategies can be utilized to increase the 

expected revenue as a way to endure and prevail in the dynamic competitive environment 

that aviation is.  

This thesis has evolved around revenue management in airlines and whether or not 

overbooking could increase the expected revenue gain by using the historical data of no-

show passengers and the probability of no-show passengers on flights. The research 

questions the author presented in the first chapter of this thesis were the following: 

 What affects the number and probability of no-show passengers on flights? 

 How can the overall revenue be impacted by the use of overbooking based on no-

show probability? 

These questions have been answered through the data analysis and the modelling chapters 

of the research. A brief overview of the answers to these questions is presented here below. 
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What affects the number and probability of no-show passengers on flights?  

There seem to be a few factors that influence the number of no-show passengers on flights 

as well as the probability of no-show passengers. This research relies on information from 

data analysis and interviews regarding the number of no-show passengers and uses R for 

all computations. 

The data analysis showed that the number of no-show passengers is increasing as the 

number of sold seats grows. The number of no-shows also differs between flight markets 

and increases with the size of the flight market.  However, both the number and proportion 

of no-show passengers has grown more rapidly from year to year than the increase in 

flown passengers.  

There are some variables that seem to have a greater effect on the number of no-show 

passengers than others.  

 The time of day also has an 

effect on the number of no-shows as morning flights tend to have a greater risk of no-show 

passengers due to the passengers oversleeping. Booking types also affect the number of no-

shows, if a flight has many individual bookings it is more likely to experience no-shows 

than a flight that has many group bookings, especially if the group bookings include 

children. Both the size of the airport, in the form of number of airlines and number of 

destinations available at the airport, as well as the city population affect the number of no-

shows. The larger the city population, the greater the number of no-show passengers, due 

to magnitude, and the bigger the airport, the better flight substitution is available for the 

no-show passengers. 

Moreover, the number of no-show passengers seems to be mostly affected by the price of 

the ticket and the weather at the departure airport.  

 Regarding the weather, the size of the 

metropolitan area where the airport is located plays a big role on the number of no-show 

passengers, especially during the winter due to traffic and other commutes to the airport 

being fragile to swift changes in the weather. 

As aforementioned, one of the findings in this research is that the data for no-show 

passengers fits with a geometric distribution. The distribution was used as a model to 

approximate the empirical distribution on the probability of the number of no-show 

passengers on distinct flight numbers with the confidence level of 99,5% that the whole 

data of the probability of no-show passengers fits with a geometric distribution. A multiple 

regression was conducted on the probability of all passengers showing up for their flights 

in an airline which operates with a hub and spoke network for two separate scenarios, 

including and excluding the hub as the frequency of the hub and no-show registration 

might skew the results. The results from the multiple regression and which variables were 

significant to the probability varied depending on whether or not the hub was included in 

the data used in the regression. On the one hand, when the hub was included it showed that 

the probability of all passengers showing up for their flights, increases as the price of the 

ticket increases. However, the probability decreases as the city population as well as the 

size of the airport increases. This means that the probability of all passengers showing up 
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for their flights decreases as the population surrounding the departure airport grows and if 

the number of destinations or airlines increases at the departure airport. On the other hand, 

when the hub was excluded other significant variables affected the probability of no-show 

passengers. As before, an increase in population decreases the probability of all passengers 

showing up for their flights. An increase in the average available seats and average flown 

passengers decreases the probability of all passengers showing up for their flights which, 

consequently, means that the probability of everyone showing up increases as the number 

of average empty seats increases, which can be interpreted as fewer sold seats. 

One must though keep in mind when evaluating the number and probability of no-show 

passengers that correlation cannot explain the causation of customers becoming no-shows. 

How can the overall revenue be impacted by the use of overbooking based on no-show 

probability? 

The revenue model created in this research aims to find the optimal number of 

overbookings based on the probability of all passengers showing up for their flights, 

without having to experience revenue loss in the form of passengers who are denied 

boarding. In total six scenarios were calculated theoretically and simulated. Three separate 

probabilities where used; low (0.2), medium (0.4) and high (0.6), and two different cost 

ratios were used; low (1.1), i.e. cost of denied boarding is similar to the revenue gain, and 

high (2), i.e. the cost of denied boarding is twice as large as the revenue gain.  

On flight legs which have a low probability of all passengers showing up airlines can 

confidently overbook the flight by one and increase their revenue, regardless of the cost-

ratios used. However, the optimal overbooking level which maximizes the expected 

revenue was found to be three if the cost ratio is low, or 1.1. Of course, there is always 

some risk involved when overbooking by this much, but airlines can overbook by three 

rather confidently if the probability of all passengers showing up is 0.2 and the cost of 

having to deny passengers to board is determined as 1.1. However, if the cost ratio is set to 

2, the optimal overbooking level changes slightly and is again found to be three, with more 

risk involved. Airlines that do not want to take much risk of having to deny passengers to 

board can overbook by one when the cost ratio is set to 2. For airlines that are more risk 

driven the optimal overbooking level is three; but as the increase in the expected revenue 

grows, the increased risk of having to deny passengers to board grows as well. Airlines 

should therefore look into whether or not the flight that will be overbooked has a good 

rerouting option if decided to overbook by more than one. 

Flight legs which have a medium probability of all passengers showing up for their flights 

and a cost ratio of 1.1 can set their overbooking limit rather confidently to one, and expect 

an increase in revenue without having to deny passengers to board. Overbooking more than 

one includes a greater risk of having to deny passengers to board which would return less 

revenue. Therefore, airlines should consider their decision on the overbooking limit on 

flight legs that have a probability of 0.4 and cost ratio of 1.1, and whether or not they have 

a good option to reroute passengers who are possibly denied boarding. On flight legs 

which have a medium probability of all passengers showing up for their flight and a cost 

ratio determined to be 2, it is not feasible to overbook at all as it is more likely that the 

airline would have a negative revenue due to passengers who are denied boarding. 
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On flight legs which have a high probability of all passengers showing up, the cost ratio 

does not affect the overbooking level. It is not feasible to overbook at all when the 

probability of all passengers showing up for the flight is this high, or 0.6 as overbooking 

would most likely lead to revenue loss and the need to deny passengers to board.  

6.3 Limitations 

There were some variables in the regression model and the revenue model which may have 

affected the calculations or modelling in this research.  

 

 

 

 

 

 When the data set was fitted with the 

geometric distribution and the probability of everyone showing up to distinct flight 

numbers, the average was used for the variables regarding statistics of flown passengers, 

available seats and empty seats which might alter the results from the regression models 

for the probability of no-show passengers. Moreover, the author gathered information 

regarding the population of cities and size of airports resulting in possible shortcomings in 

the model. For example, different airports have different methods of presenting their 

airlines and destinations resulting in cargo flights possibly being included in some of the 

data as well as possible seasonal destinations being included in some airports while not in 

others. Furthermore, it is likely that the information found regarding population and airport 

sizes may have been outdated leading to a possible mismatch between the data gathered 

and reality. The revenue model uses both theoretical values as well as simulation. The 

simulation presented in this research gives certain median values for different overbooking 

numbers which is not completely identical for each run of the simulation. This means that 

the median values and optimal overbooking level presented from the simulation might vary 

slightly for each time the simulation is run. 

6.4 Future work 

The probability of all passengers showing up for their flights in this research is aggregated 

to distinct flight numbers and uses data for the years 2014 to 2018. It is the opinion of the 

author that evaluating the probability even further would be interesting, for example by 

looking into the difference between what the probability looked like in 2014 versus 2018,  

 To evaluate the 

probability even further, it would be thought-provoking to see how the probability may 

vary seasonally and between weekdays;  
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 To 

evaluate the overbooking level properly, airlines should include these variables when 

calculating the no-show probability so that the revenue model can find the optimal 

overbooking level more precisely. 

Airlines which operate with a segmented revenue management system should evaluate the 

probability of no-shows on distinct flight legs, or flight numbers, using a geometric 

distribution as a measure to evaluate either their current overbooking levels or whether or 

not implementing an overbooking strategy is a feasible option for them. Airlines which 

operate with a network revenue management system should try to improve the 

overbooking forecasting and optimization on not only distinct flight legs, but also different 

flight itineraries to gain a better overview of the passengers that travel via the airlines’ 

flight hubs. The network revenue management system opens up a great window of 

opportunity to further analyze the no-show probability on not only flight legs, but also 

whole trips, which gives a better overview of the overbooking possibilities due to no-

shows in the whole route network. This research found that the probability of no-show 

passengers follows the geometric distribution on distinct flight numbers, i.e. one of the 

next steps could be to find if the probability of no-show passengers also follows the 

geometric distribution for distinct flight itineraries.  

There is a big opportunity for airlines to increase their revenue by implementing an 

overbooking strategy, however to do so efficiently and effectively the data registration of 

the no-show passengers must be precise regarding the whole flight journey the no-show 

passenger has booked. How much the ticket cost the no-show passenger and whether or not 

the no-show passenger had an individual booking are other variables which should be 

documented. Moreover, airlines should preserve more passenger specific information 

regarding the no-show passengers to take the no-show analysis to the next level. Age and 

gender should be collected if applicable, nationality or point of sale should also be 

collected to further analyze if there is a trend in the no-show passengers themselves. By 

utilizing a more data oriented approach to analyze the no-show passengers, airlines can set 

up better key process indicators, KPI’s, and perform a better storytelling of the historical 

data for no-show passengers to use for future estimations on the overbooking limit to 

further increase the expected revenue. If airlines do not take the risk of overbooking, there 

will be no reward. 
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Appendix A 

Appendix A presents all data necessary for the calculations and modelling part of the 

research. Theories, formulas and R-scripts created and used in order to perform the 

statistical modelling and all relevant findings in R that were not included in the 

computational results chapter are presented in Appendix A. 

No-show probability and geometric distribution 

The probability function for a geometric distribution where 𝑘 is a geometric random 

variable with the parameter 𝑝 and 0 < p ≤ 1 is described by the following equation: 

 𝑓(𝑘) = 𝑝(1 − 𝑝)𝑘, 𝑘 = 1,2, … (A.1) 

where the mean is found by: 

 
𝜇 = 𝐸(𝑥) =

1 − 𝑝

𝑝
 

(A.2) 

and the standard deviation is found with the following equation: 

 
𝜎2 = 𝑉(𝑋) =

1 − 𝑝

𝑝2
 

(A.3) 

 

Due to only a random sample being analyzed in the ExpertFit application, the whole 

dataset was tested to evaluate the geometric distribution and how well it fit, using the 

chi-squared goodness of fit test. The test procedure requires a random sample of size 𝑛, 

which in this case was set from the range of 𝑘 from 0 to 15. The chi-squared test 

presents a null hypothesis which assumes that there is no significant difference between 

the observed value and the estimated value. The null hypothesis should be rejected if the 

test statistic is too large and for a fixed level test the null hypothesis should be rejected if 

𝑋0
2 > 𝑋𝛼,𝑘−𝑝−1

2 . The test statistic is found using equation A.4: 

 

𝑋2 = ∑
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=0

 

(A.4) 

where 𝑂 is the observed, actual, value and the hypothesized probability distribution used 

to compute the expected value is denoted by 𝐸 (Montgomery & Runger, 2014).  

The calculations from the chi-squared test, using equation A.4 and the first 16 values for 

the number of no-show passengers gave the result of 0,0208646 which when compared 

with the number in the chi-square table for 14 degrees of freedom and 0,995 confidence 

level is 4.07. This resulted in the null hypothesis being accepted and no significant 
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difference found in the observed probability and estimated probability of no-shows. 

These calculations and hypothesis testing confirm that the number of no-show 

passengers fits with a geometric distribution and that the no-show probability can be 

calculated and aggregated to distinct flight numbers. 

 

Chi-square test 

###Chi-square test 

chisquearedtest <- function(gogn, noshownumbers) { 

 

  fit <- fitdistr(gogn, "geometric") 

 

  # get the fitted densities. mu and size from fit. 

  fitD <- dgeom(noshownumbers, p=fit$estimate) 

   

  # get the frequency table 

  t <- table(gogn) 

   

  tall <- rep(0,length(noshownumbers)) 

  index = as.numeric(rownames(t))+1 

  index = index[index <= length(noshownumbers)] 

  tall[index] = t[1:length(index)] 

  t = tall 

  print(t) 

   

  # convert to dataframe 

  print(fitD) 

  df <- data.frame(Freq=t/sum(t), dFreq = fitD) 

  print(df) 

   

  # get frequencies 

  observed_freq <- df$Freq 

   

   

  # perform the chi-squared test 

  #a = chisq.test(observed_freq, p=fitD) 

  return(df) 

} 

 
aaa=chisquearedtest(CognosCleanData$NoShow[is.na(CognosCleanData$NoShow
)==FALSE],0:15) 

 

Text redacted 
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> sum(((aaa$Freq-aaa$dFreq)*(aaa$Freq-aaa$dFreq))/aaa$dFreq) 

[1]  
 

 

 

Table A.1: Probability of all passengers showing up for their flights  

 

 

 

Table redacted 
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Table redacted 
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Linear regression and correlation 

Linear regression   

Linear regression is a statistical approach to model and explore the relationship between 

an observed, dependent variable 𝑦 (often called the response variable) and one or more 

independent variables 𝑥 (the predictor or regressor variables). The aim of linear 

regression analysis is to investigate how much of the variation in the response variable 

can be explained by the regressor variables and which variables have a significant effect 

on the response variable 𝑦. When the regression analysis has more than one regressor or 

predictor variable the regression model is called a multiple regression model. A multiple 

regression model that has 𝑘 regressor variables is computed using the following 

equation: 

 𝑦𝑖 =  𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑘𝑥𝑘 + 𝜖, 𝑖 = 1, … , 𝑛 (A.5) 

where 𝑦 is the response variable, 𝑥 from 1 to 𝑘 are the regressor variables, the 𝛽 

parameters from 0 to 𝑘 are called the regression coefficients, 𝛽0 is the intercept and 𝜖 is 

the random error variable or noise. The error variable captures all other factors which 

influence the response variable 𝑦, that the regressor variables do not (Montgomery & 

Runger, 2014). 

For estimating the regression coefficients, the method of least squares is commonly used 

Table redacted 
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to fit a linear regression model. Linear regression fits a prediction line among observed 

data points, where the vertical distance between the known value for the dependent 

variable 𝑦, the data point, and the value of the prediction line is called the deviation or 

error. The least squares method finds the best placement of the regression line so that it 

fits among the observed data points, minimizing the sum of squares of the errors. The 

difference between an observed value and estimated value is called the residual and is 

described with equation A.6: 

 𝑒𝑖 = 𝑦𝑖 − �̂�𝑖, 𝑖 = 1,2, … , 𝑛 (A.6) 

where 𝑒𝑖 is the residual for observation 𝑖, 𝑦𝑖 is the observed value and y�̂� is the predicted 

value for observation 𝑖. The least squares method can also be used to estimate the 

regression coefficients in the multiple regression model (Montgomery & Runger, 2014). 

Correlation 

A useful way to measure the linear relationships between random variables is by the 

means of correlation. Correlation is a dimensionless quantity that can be used to 

compare the linear relationships between pairs of variables in different units. The 

correlation coefficient between 𝑦 and 𝑥 is found with the following equation: 

 𝜌 =
𝜎𝑥𝑦

𝜎𝑥𝜎𝑦
 

(A.7) 

where 𝜎𝑥𝑦  is the covariance between 𝑦 and 𝑥. 

Two random variables with nonzero correlation are said to be correlated (Montgomery 

& Runger, 2014). 

 

Multiple linear regression on the no-show probability 

Call: 
lm(formula = p ~ AvgFlownPax + AvgAvailableSeats + AvgEmptySeats +  
    RevenueUSD + CityPopulation + NoDestinations + NoAirlines,  
    data = DataR) 
 
Coefficients: 
      (Intercept)        AvgFlownPax  AvgAvailableSeats      AvgEmptySe
ats         RevenueUSD   
        6.049e-01         -3.394e-03          2.300e-03         -2.412e
-03          4.695e-04   
   CityPopulation     NoDestinations         NoAirlines   
       -1.359e-08         -8.108e-04          1.593e-03   
 
> summary(multiple2) 
 
Call: 
lm(formula = p ~ AvgFlownPax + AvgAvailableSeats + AvgEmptySeats +  
    RevenueUSD + CityPopulation + NoDestinations + NoAirlines,  
    data = DataR) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.24413 -0.06896 -0.00990  0.06680  0.50118  
 
Coefficients: 
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                    Estimate Std. Error t value Pr(>|t|)     
(Intercept)        6.049e-01  1.309e-01   4.620 7.72e-06 *** 
AvgFlownPax       -3.394e-03  8.374e-03  -0.405 0.685773     
AvgAvailableSeats  2.300e-03  8.635e-03   0.266 0.790349     
AvgEmptySeats     -2.412e-03  8.332e-03  -0.289 0.772590     
RevenueUSD         4.695e-04  1.262e-04   3.721 0.000272 *** 
CityPopulation    -1.359e-08  2.859e-09  -4.754 4.35e-06 *** 
NoDestinations    -8.108e-04  2.757e-04  -2.941 0.003747 **  
NoAirlines         1.593e-03  7.731e-04   2.060 0.040965 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.1117 on 164 degrees of freedom 
Multiple R-squared:  0.3293, Adjusted R-squared:  0.3007  
F-statistic:  11.5 on 7 and 164 DF,  p-value: 7.608e-12 
 
> anova(multiple2) 
Analysis of Variance Table 
 
Response: p 
                   Df  Sum Sq Mean Sq F value    Pr(>F)     
AvgFlownPax         1 0.07818 0.07818  6.2612 0.0133207 *   
AvgAvailableSeats   1 0.00131 0.00131  0.1046 0.7467720     
AvgEmptySeats       1 0.00062 0.00062  0.0495 0.8242075     
RevenueUSD          1 0.16126 0.16126 12.9154 0.0004306 *** 
CityPopulation      1 0.65495 0.65495 52.4536 1.626e-11 *** 
NoDestinations      1 0.05615 0.05615  4.4968 0.0354624 *   
NoAirlines          1 0.05299 0.05299  4.2442 0.0409653 *   
Residuals         164 2.04775 0.01249                       
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
 
 
> print(multiple3) 
 
Call: 
lm(formula = p ~ AvgFlownPax + AvgAvailableSeats + AvgEmptySeats +  
    RevenueUSD + CityPopulation + NoDestinations + NoAirlines,  
    data = DataAnKef) 
 
Coefficients: 
      (Intercept)        AvgFlownPax  AvgAvailableSeats      AvgEmptySe
ats         RevenueUSD   
        5.641e-01         -2.655e-02          2.569e-02         -2.469e
-02         -3.398e-05   
   CityPopulation     NoDestinations         NoAirlines   
       -4.854e-09         -1.342e-04          2.369e-04   
 
> summary(multiple3) 
 
Call: 
lm(formula = p ~ AvgFlownPax + AvgAvailableSeats + AvgEmptySeats +  
    RevenueUSD + CityPopulation + NoDestinations + NoAirlines,  
    data = DataAnKef) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.16863 -0.04878 -0.01330  0.01995  0.51690  
 
Coefficients: 
                    Estimate Std. Error t value Pr(>|t|)     
(Intercept)        5.641e-01  1.631e-01   3.459 0.000881 *** 
AvgFlownPax       -2.655e-02  1.050e-02  -2.527 0.013517 *   
AvgAvailableSeats  2.569e-02  1.079e-02   2.380 0.019742 *   
AvgEmptySeats     -2.469e-02  1.040e-02  -2.373 0.020118 *   
RevenueUSD        -3.398e-05  1.840e-04  -0.185 0.853986     
CityPopulation    -4.854e-09  2.733e-09  -1.776 0.079645 .   
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NoDestinations    -1.342e-04  2.623e-04  -0.512 0.610406     
NoAirlines         2.369e-04  7.458e-04   0.318 0.751576     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.09773 on 78 degrees of freedom 
Multiple R-squared:  0.2282, Adjusted R-squared:  0.1589  
F-statistic: 3.294 on 7 and 78 DF,  p-value: 0.00403 
 
> anova(multiple3) 
Analysis of Variance Table 
 
Response: p 
                  Df  Sum Sq  Mean Sq F value   Pr(>F)    
AvgFlownPax        1 0.10765 0.107645 11.2709 0.001219 ** 
AvgAvailableSeats  1 0.00000 0.000004  0.0004 0.983368    
AvgEmptySeats      1 0.06508 0.065085  6.8147 0.010837 *  
RevenueUSD         1 0.00228 0.002279  0.2386 0.626611    
CityPopulation     1 0.04270 0.042697  4.4706 0.037677 *  
NoDestinations     1 0.00157 0.001567  0.1641 0.686517    
NoAirlines         1 0.00096 0.000964  0.1009 0.751576    
Residuals         78 0.74495 0.009551                     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

 

Revenue model 

library(ggplot2) 

library(gridExtra) 

 

geometricPDFRM <- function(k,noshowprobability) { 

  return(noshowprobability*(1-noshowprobability)^k) 

} 

 

revmodel <- function(Overbooking, NoShowProbability, CostRatio, N = 1000, M = 15) 

{ 

   

  overbooking = NULL 

  noshowprob = NULL 

  revenuegain = NULL 

  costratio = NULL 

  meanrevgain = NULL 

  theoryRG = NULL 

  theoryDB = NULL 

  meanDB = NULL 

  NS = c(0:M) 

  for (ob in Overbooking) { 

    for (p in NoShowProbability) { 

      Pns = geometricPDFRM(NS,p) 

      Pns = Pns/sum(Pns) 

      Pdb = rep(0,length(Pns)) 

      Pdb[1] <- sum(Pns[(ob+1):length(Pns)]) #first value is zero in R! 

      Pdb[2:(ob+1)] <- Pns[seq(ob,1,-1)] 

      DBmean = sum(c(0:ob)*Pdb[1:(1+ob)]) 

      for (cr in CostRatio) { 
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        overbooking = c(overbooking,rep(ob,N)) 

        noshowprob = c(noshowprob,rep(p,N)) 

        costratio = c(costratio,rep(cr,N)) 

        DBsample = pmax(rep(0,N),ob-sample(NS,size=N,prob=Pns,replace=TRUE)) 

        rgain = ob - cr*DBsample 

        revenuegain = c(revenuegain,rgain) 

        meanrevgain = c(meanrevgain,mean(rgain)) 

        theoryRG = c(theoryRG, ob-cr*DBmean) 

        theoryDB = c(theoryDB, DBmean) 

        meanDB = c(meanDB, mean(DBsample)) 

      } 

    } 

  } 

  df = data.frame(overbooking=as.factor(overbooking), noshowprob, 

revenuegain,costratio = factor(costratio)) 

  dfmean = data.frame(overbooking=as.factor(Overbooking),meanrevgain,theoryRG, 

theoryDB, meanDB) 

  return(list(df,dfmean)) 

} 

 

maxob = 10 

dat = revmodel(c(1:maxob),0.6,1.1, M = 1000, N = 1000) 

dat2 = revmodel(c(1:maxob),0.6,2, M = 1000, N = 1000) 

 

fun_mean <- function(x){ 

  return(data.frame(y=mean(x),label=mean(x,na.rm=T)))} 

 

p1 = ggplot(aes(x=overbooking,y=revenuegain), data  = dat[[1]]) + 

  geom_boxplot() + 

  xlab("Overbookings") + ylab("Revenue gain") + ggtitle("Probability 0.6; Cost-ratio 

1.1") +  

  geom_point(data = dat[[2]], mapping = aes(x = overbooking, y = theoryRG), 

colour="blue", size=3) + 

  theme(legend.position = "none") + geom_hline(yintercept=0,colour="black", size = 

1.2) 

#stat_summary(fun.y = mean, geom="point",colour="darkred", size=3) + 

stat_summary(fun.data = fun_mean, geom="text", vjust=-0.7) 

 

 

p2 = ggplot(aes(x=overbooking,y=revenuegain), data  = dat2[[1]]) + 

  geom_boxplot() +  

  xlab("Overbookings") + ylab("Revenue gain") + ggtitle("Probability 0.6; Cost-ratio 2") 

+  

  geom_point(data = dat2[[2]], mapping = aes(x = overbooking, y = theoryRG), 

colour="blue", size=3) + 

  theme(legend.position = "none") + geom_hline(yintercept=0,colour="black", size = 

1.2) 

 

grid.arrange(p1, p2, nrow = 1) 
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Appendix B 

The numerical values the flight, passenger and no-show statistics used for the data analysis 

and computational modelling are presented in Appendix B. 

B.1  Available seats 

 

 

 

Text redacted 

Table redacted 
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B.2  Revenue passengers 

 

 

Table redacted 

Text redacted 

Table redacted 
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Table redacted 
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B.3  No-show passengers, from leg statistics 

 

 

Text redacted 

Table redacted 



75 

 

B.4  No-show passengers, from no-show data 

 

 

Table redacted 

Text redacted 

Table redacted 
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Text redacted 
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Table redacted 
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B.5  Airport size and city population 

Table B.6 shows the city population and airport size by destinations and number of 

airlines. The information in table B.6 was gathered by the author.  

Table B.6: Airport size and city population 

 

City population 

Number of 

destinations 

Number of 

airlines 

CAN    

Edmonton 1321000 49 17 

Halifax 403390 47 14 

Montreal 4099000 148 40 

Toronto 5928000 208 48 

Vancouver 2463000 110 42 

Continental Europe    

Amsterdam 2400000 262 78 

Berlin 6004857 144 62 

Brussels 2100000 197 68 

Frankfurt 5500000 319 101 

Geneva 198979 148 61 

Hamburg 1831000 134 55 

Madrid 6321398 215 80 

Milano 3242420 196 88 

Munchen 5203738 258 86 

Paris CDG 12532901 299 119 

Paris ORY 12532901 141 35 

Zurich 1900000 201 67 

CPH    

Copenhagen 1990000 191 78 

Great Britain    

Dublin 1904806 194 50 

Glasgow 2300000 107 24 

London LGW 1404163 222 56 

London LHR 1404163 217 88 

Manchester 2553379 207 55 

Hub    

Keflavík 228260 96 32 

North Scandinavia    

Bergen 416033 66 19 

Billund 26172 54 26 

Gothenburg 1015974 79 36 

Helsinki 1471000 152 32 

Oslo 1588457 148 46 

Stockholm 2315612 156 61 

USA    

Anchorage 401635 44 15 
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Baltimore 2808175 90 20 

Boston 4628910 137 52 

Chicago 9533040 261 54 

Cleveland 2055612 52 12 

Dallas 7233323 247 24 

Denver 2888227 212 28 

Kansas City 2159159 54 12 

Minneapolis 3280000 169 17 

New York EWR 20300000 192 39 

New York JFK 20300000 196 84 

Orlando 2509454 155 41 

Philadelphia 6096120 144 15 

Portland 2389228 74 17 

San Francisco 4727357 140 54 

Seattle 3733580 121 35 

Tampa 2783000 88 23 

Washington 6216589 142 43 
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Appendix C 
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