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Abstract 

For decades, with the advancement of airline information system construction, the 

aviation industry has successfully built a number of information systems. An enormous 

amount of data has been accumulated through the successful operation of these systems 

for the aviation sector. The effective use of these invaluable data assets has increasingly 

become a requirement for the relevant airline departments, and the focus of aviation 

industry. Revenue management is crucial for measuring the operational success of the 

airlines. However, the traditional forecasting methods cannot support processing of the 

underlying data that keeps changing over time, which have impaired the accuracy of the 

forecast, and thus, the credibility. The new airline passenger ticket revenue pricing 

methods proposed in this thesis have explored the possibility of solving the existing 

problems through advanced modeling techniques, and thus provide a view for better 

airline route planning and optimisation. First of all, the airline data is classified in a 

targeted manner. The factors of available seat kilometers, revenue passenger kilometers, 

load factors, total number of passengers, average fares, etc. collected from different 

time periods were used to establish a multiple linear regression model in the statistical 

software, R. Through empirical analysis it is found that the factors affecting the 

passenger ticket revenue, over different time periods of the same company, are 

different.  Therefore, a multivariate linear regression model was established which 

was based on the data of different airlines in one specific time period. It was empirically 

found through this approach that different airlines had different factors affecting ticket 

revenue in the same time period. A multivariate linear regression model was 

established for analysing the data of the head office and the various branches at the 

same time period and through this it was found that the factors affecting the passenger 

ticket revenue of the head office and the branches at the same time period were 

different. The research results of this dissertation can provide scientific evidence that 

airlines should consider analysing real-time ticket data for ticket price and flight plan 

collected from the IT system to maximise the revenue.  

 

Key Words: Revenue management; multivariate linear regression; stepwise regression 

method; airline ticket pricing; available seat kilometers; revenue passenger kilometers. 
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Chapter 1: Introduction 

1.1 Research background of statistical analysis of fares 

People in the airline industry who frequently travel to the United States often 

experience the following scenario: in order to save on the cost of travel, they have to 

apply to the cooperative airlines for free tickets in the US domestic section before 

departure. There is a high flight density- generally there is one flight every half an hour 

for an airline in some large airports. However, at the airport, there could be long queues 

at the desks, and one can find that empty flights seats are no longer available that day. 

In order to reach their destination on time, customers finally must buy a ticket for the 

same route at several times the usual price. After boarding, people in the industry will 

naturally think that all the encounters are due to the impact on the airline's "revenue 

management". The high price tickets contribute a lot of revenue to the corresponding 

airline's revenue management. At the same time, it is precisely because of the revenue 

management that they can ensure that they can buy tickets on the spot and go to the 

destination. 

We can get some relevant information from the development of the pricing 

mechanism for the US aviation industry. In 1978, the U.S. Aviation Administration 

issued the act of deregulation, which gave airlines more rights in their pricing 

mechanism and market access; it was the trigger of a global air transport revolution. At 

that time, many proponents of this act thought that after the price of airline fares was 

deregulated people would buy tickets more easily and quickly, that the price 

discrimination would disappear, and people could easily buy tickets as easily as buying 

coke in front of vending machines. However, the reality did not conform to the analysis 

and prediction. When the civil aviation administration of various countries loosened the 

control of ticket prices, large airlines developed CRSs (computerised reservation 

systems) and GDSs (global distribution systems) in a short time, using their own 

technology and capital advantages. These systems allow airlines to make use of 

advanced algorithms to price tickets scientifically after analysing several exogenous 

and internal factors that affect the price of tickets. The purpose is to maximise airline 

revenue.  

China's civil aviation industry had clearly recognised this development. Although 

it started later than Europe and America, it has become the second largest aviation 

market in the world since 2005 after decades of development. However, our research 

on the pricing mechanism of air tickets is still very obscure compared with developed 

countries, which is reflected in the fact that the discounts for air tickets is not large 

enough compared with the international aviation giants. At the same time, even if 

domestic airlines sell cheaper tickets, consumers often do not have access to 

information in this regard. This shows that China’s airlines have much work to do in 

marketing management and marketing promotion. 
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Experts and scholars pointed out that China's airlines must learn from large 

airlines in the world's top 500 in order to achieve leapfrog development. After decades 

of development and reform, large international airlines have formed a very complete 

and systematic operation mode, including human resource management, operation cost 

control, air ticket pricing mechanism, etc. It is absolutely necesary for Chinese airlines 

to learn from these advanced experiences. 

As the world economic growth slows down, so does the domestic economic 

growth. At the same time, the rapid development of other transportation industries, 

such as railway transportation, high-speed rail operation and highway construction, has 

seriously affected the air transport industry. The market competition is becoming more 

and more intense, but the total profit in the aviation industry has declined year on year. 

Therefore, airlines must strengthen internal management to avoid potential financial 

crisis and operational risks and other issues. Only by consolidating the internal 

management can we accept the external impact and realise the sustainable development 

of the enterprise.  

Foreign countries have decades of experience in the analysis of airline passenger 

fares, and have a relatively complete and mature system. Ganjiang mentioned in 2003 

that the United States promulgated The Airline Deregulation Act on October 24, 1978. 

Since then, the government has no longer regulated the routes and fares 
[1]

. Fan Wei 

summed up the international common pricing methods in 2006. On the one hand, he 

collected the history and real-time data of flights, established mathematical models, and 

made comprehensive analyses with the data. On the other hand, he studied other factors 

beyond the control of airlines, such as opportunity market, tourist composition, light 

and peak season, and predicted the future changes of the market based on the actual 

situation
[2]

. In foreign countries, whether the pricing results are reasonable mainly 

refers to the two indicators of "Available Seat Kilometers" (ASK) and "Revenue 

Passenger Kilometers (RPK)". Available seat kilometers refer to the number of seats 

(carrying capacity) provided by airlines multiplied by flight mileage, which is an 

indicator to quantify capital investment. Revenue passenger kilometers refer to the 

number of passengers transported multiplied by flight mileage, which is an indicator to 

quantify the production of airlines. The above two indicators intuitively reflect the 

quality of airline operation and management, which has always been an important 

reference data for pricing decisions of various companies. 

Based on the relatively successful experience abroad, revenue management was 

used by domestic Chinese airlines in 1998 
[3]

. Because of the continuous development 

of other transportation industries, Wang Fenglin pointed out in 2010 that the 

completion of the high-speed railway had a significant diversion effect on the aviation 

industry 
[4]

. As early as 2003, Wu Tong, Li Dong and others pointed out that airlines 

should try to improve the management of business processes. It can effectively avoid 

the impact of the development of other transportation industries on the aviation 

industry. 
[5]

In 2006, a large domestic airline such as Air China, China Southern Airlines 

and China Eastern Airlines, has set up a network revenue department to manage flights 
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through demand, supply analysis, forecast revenue, evaluation cost and profits. At 

present, the influencing factors of ticket revenue, such as the weak season or the 

sensitivity of passengers to the price and the information of competitors, still rely on the 

subjective analysis of the staff of the sales department. In fact, for the prediction of a 

certain variable, we should use the method of subjective and objective analysis. 

The traditional pricing method of ticket revenue is too simple; the personal 

experience of pricing personnel is no longer suitable for the rapid development of the 

big data era, especially for different dimensions of ticket pricing system. Ticket 

revenue is the most important part of airline revenue, and it is an index to measure the 

financial situation of the company. Analysing the influencing factors of ticket revenue 

and adopting the appropriate pricing method are the primary research objectives of 

airlines to maximise the benefits and improve the overall benefit level, which is also an 

important research direction of this paper. 

In the analysis of airlines’ financial status and operating results, revenue 

settlement is a major link in the internal control system of airlines. This thesis starts 

from the settlement links of airlines to explore the internal control problems, which is 

conducive to improving the financial management level of enterprises, preventing 

operational risks, improving the competitiveness and sustainable development ability 

of airlines, and has certain practical significance. 

1.2 Significance of statistical analysis of fares 

Through sampling surveys, it was found that the most important concerns of 

passengers in the choice of travel tools are: time, price, and the comfort level. Therefore, 

in the process of the reform and development of air transport, the focus of people's 

attention has always been the price of air transportation. In the period of planned 

economy, the government made a direct price for air tickets, and all major airlines were 

prohibited from offering preferential policies to attract passengers. This kind of 

practice, which did not encourage airlines to improve their service level and 

profitability through competition, was gradually abandoned after reform and 

development, so that airlines now have greater pricing power. To some extent, this 

improved the overall quality of the airlines in the early stage. 

In the early days, all airlines were not allowed discounted sales in the course of their 

airline ticket pricing. However, this regulation obviously hurt the interests of 

consumers and seriously violated the basic operation rules of the market economy. It 

was widely criticised by all circles of the society. Therefore, since 2000, China's Civil 

Aviation Administration (CAAC) has gradually relaxed the price control of air routes 

and group fares between some cities. In 2003, the National Development and Reform 

Commission issued the "CAAC domestic air transport price reform plan". According to 

the plan, the maximum increase of ticket price for domestic flights shall not exceed 

25% of the benchmark price (0.7 yen per passenger per kilometer on average), and the 

minimum ticket price shall not be lower than 45% of the benchmark price. However, 
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there are no restrictions on the ticket price of 242 domestic tourist routes and 225 airline 

holiday management routes; in 2013 restrictions were further relaxed.  For some civil 

aviation routes with fierce competition with land and sea transportation industries, and 

domestic routes operated by more than two airlines, the adjustment of passenger 

transportation fare can be determined by market price, i.e. airlines have more 

independent pricing rights. The promulgation of this regulation marks that the pricing 

mechanism of China's civil aviation passenger fares has gradually been converted from 

the guidance price of the government, to airlines adjusting their own fares according to 

the actual situation, which is conducive to improving the service level and profitability 

of our major airlines through competition. 

As the CAAC has not announced the pricing mechanism of government guidance 

price and the independent pricing mechanism of major airlines, ordinary consumers are 

still curious about the price of air tickets. 

Based on the long-term observation and data collection from multiple routes, this 

thesis analyses the relationship between ticket price and multiple independent variables 

of air fare, which have a significant impact on ticket prices. This study is based on the 

actual data of multiple domestic airlines, which enables ordinary consumers to have a 

more rational understanding of the pricing mechanism of air tickets for civil aviation in 

China. It provides some valuable information for the airlines and even the civil aviation 

administration staff, and, provides some references for academic research. 

1.3 Multivariate statistical analysis 

After collecting the data, we have to establish an appropriate mathematical model 

to describe the relationship among these variables. Often choosing variables of interest 

is based on practical experience. 

 The parameter estimation of classical multiple regression model mostly uses the 

ordinary least square method. After the unknown parameters are estimated it is 

necessary to test the statistical significance and economic significance of the model. 

Through factor analysis of the independent variables, according to the regression 

coefficient of the model, the structural relationship between the independent variables 

can be found, and some quantitative basis for evaluation can be given. At the same time, 

the regression model reveals the possibly causal relationship between variables, and the 

explanatory variables can be controlled by the value of the explanatory variables 

considered by the model. 

So far, the application of regression analysis in the airline industry has not been 

widely applied in the pricing of ticket revenue, but it has been widely applied in other 

forms of transportation. In 2019, Jia Xinru applied the correlation analysis method to 

study the influence rule of passenger train's seat rate, mileage and train ticket revenue 

on passenger trains and proved that based on the historical data, the calculation table of 

unit mileage income under different types of train's seat rate was calculated. Compared 

with the actual data, the calculation of train income based on the calculation table is 
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simple and accurate. [6]. Lv Xiaoyan took the marketing demand of railway passenger 

transportation as the research background in 2007, and using time series analysis, 

combined with the characteristics of railway ticket data, the key factors that affect the 

sequence change are identified, and the obtained model has better practicability [7]. 

This thesis selects the data of a certain airline in January 2018 and January 2019 as 

samples, and applies multiple regression analysis method to analyse the influencing 

factors of airline ticket revenue on airline revenue. The impact of air passenger ticket 

revenue is analysed from four aspects: passenger volume, civil aviation route mileage, 

inbound tourists and gross national income. 

1.4 Thesis Layout 

This thesis studies and analyses the influencing factors of airline ticket revenue 

through the following five chapters: 

The first chapter introduces the research background and significance of the thesis. 

Ticket revenue is an indicator to measure the operating capacity of airlines. This work 

uses multivariate linear regression to analyse the factors influencing airline ticket 

revenue. 

The second chapter introduces the theory and method of the multivariate linear 

regression model, the basic assumptions of the model, the method of estimating the 

unknown parameters - the least square method, and the goodness of fit of the models to 

be concerned with after fitting the model, and makes a significance test for unknown 

parameters and regression models. The purpose of residual analysis is to test whether 

the data meet the basic assumptions. If results are acceptable, we can use the model to 

make some predictions. Finally, we propose preprocessing the data before regression. 

The third chapter introduces in detail how to choose the independent variables and 

the criteria for selecting independent variables when applying multiple regression 

models. When the number of variables is large, the computation is large and difficult to 

complete, so a simple method of stepwise regression is introduced. 

The fourth chapter is the data regression analysis of an airline's two subsidiaries 

and head office. Using the stepwise regression method to analyse the data, from the 

perspective of the factors such as seat kilometers, passenger kilometers, seat rate, total 

number of people, and average ticket price we find that the influencing factors of the 

ticket income of the same flight in different time periods and different flights in the 

same time periods are different, and the same influencing factors will have different 

interpretations. At the same time, it also demonstrates that the influence factors of the 

ticket revenue of the head office and the branch office are different in the same period, 

and the same influence factors will have different degrees of importance. 

The fifth chapter analyses and compares the application of multiple regression 

models in airline ticket revenue through the combination of theory and practice. It 

concludes that different airlines need to establish different models and analyse their 

influencing factors, so as to formulate different company strategies. 
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Chapter 2: Multiple linear regression analysis 

The development of a business’ economy is always closely related to certain 

economic variables. Most of the traditional pricing methods of passenger ticket revenue 

are based on relevant experience to analyse the close degree of the factors and factors 

that affect the development of the aviation industry. The main object of regression 

analysis is the statistical relationship among objective variables.  The regression 

model is used mainly to reveal the quantitative relationship between related variables. 

We should set the dependent variable y according to the purpose of the study, and then 

select the variables that have statistical relations with y as independent variables to 

determine the causal or association relationship between various factors from a 

qualitative perspective. The key to the correct choice of variables lies in whether the 

researchers can correctly grasp the economic connotation of the economic activities 

they are studying, which requires the researchers to have enough knowledge of the 

economic problems and their backgrounds studied. 

Linear regression based on least squares method is the classical regression model. 

The multivariate linear regression model is a model that explains dependent variables 

by two or more than two explanatory variables. There is often more than one factor that 

affects a variable in practical problems, which is difficult to judge directly with the help 

of graphs, so multivariate data analysis is needed. 

The regression analysis method was put forward by Gauss in the early 19
th

 century 

(1809). There are several important stages in the establishment and analysis of 

regression models of practical problems. According to specific (socio-economic) 

problems > setting up index variables > collecting and sorting out data, > constructing 

theoretical model > estimating model parameters > model testing > model application 

(economic factor analysis, economic variable control, economic decision-making and 

prediction). In the above steps, if the model test fails to pass the inspection, it is 

necessary to revise the data or indicators from the second step (setting up index 

variables) again until the model is acceptable. 

 This chapter introduces the multiple linear regression model applied to airline 

ticket analysis, focusing on the basic assumptions of the multivariate linear regression 

models, the estimation of unknown parameters in data analysis, nature and significance 

test. 

In the fourth chapter we will analyse the relationship between the ticket revenue of 

a company with the influencing factors, using the multivariate regression model. 

2.1 Mathematical Model 

Let y be dependent variable,   ，  ……   is P the explanatory variable for y, 

then
 

                                  ,      (2-1) 
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It is called multiple linear regression model 
[15]，which         , 

                  are unknown numbers,    as a regression constant.          

are as regression parameters. A random disturbance term   is introduced into the 

model. In order to reflect the unknown factors and individual factors that affect  the 

explanatory variables, representing the data observation error. 

 Set vectors （                ）,             are （   ，  ,……   , Y）n 

independent observation of the sample value, then the model (2-1) can be expressed as 

                                               (2-2) 

Which         
   is independent and identically distributed. 

 For simplicity, matrix models are often used to represent models (2-2), let 

   
  
  
 
  

    

 

 
   
  
  
 
   

 
 
   

 

 
 

    
    

    
    

    
  
    

    
  
     

 
 
    

  
  
 
  

       (2-3) 

Then the multivariate linear model (2-3) can be expressed as 

        (2-4) 

Which Y is the n-dimensional vector composed of dependent variables, X is   

      order matrix,   is     dimensional vector,   is n-dimensional vector, and 

satisfies 

                   (2-5) 

2.2 Basic Assumptions of the Model 

The linear model places very strong constraints and assumptions on the 

relationship in the data. We assess whether the assumptions are reasonable mainly 

through analysis of residuals from the model. 

In order to estimate the parameters of the model, the regression equation (2-4) 

should satisfy the following basic assumptions 
[16]

. 

1. Explanatory variables            are deterministic variables, not random 

variables, and requires              . The purpose of this hypothesis is to 

guarantee independent variables            with no correlation between them, that 

is, there is no multicollinearity, and the sample capacity (i.e. the number of observed 

values) should be greater than the number of independent variables. The matrix X is a 

full rank matrix. 

2. The random error term satisfies Gauss Markov curve. 

                  

and 

            
      
     

                 ，   (2-6) 
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        is required that there is no systematic error between the observed values, 

and the mean value of the error is zero. The covariance is zero, indicating that the 

different samples are uncorrelated (independent of the assumption of normal 

distribution). The sequence is irrelevant and has the same accuracy. 

3. The assumption that the random error term satisfies normal distribution. 

        
                             are i.id.(independently and 

identically distributed)     (2-7) 

The matrix form is 

           . 

Because the linear combination of random variables with independent normal 

distribution still obeys normal distribution, the expectation and variance vectors of 

regression model (2-4) can be obtained as 

         (2-8) 

             (2-9) 

thus               

2.3 Parameter Estimation 

With the assumed linear model, how does one estimate the parameters of the 

model? Different criteria or requirements will get different conclusions. There are three 

kinds of methods for estimation of parameter   in multivariate regression model (2-3). 

Generally, least square method is used in classical model, and maximum likelihood 

method and moment estimation method are used in non classical model.  

The least squares method is to find parameters             estimated value 

               to minimise the sum of squares of deviations 
[17]

. 

                                        
 

 

   

 

                                     
  

    (2-10) 

Then get                which are the least squares estimate of the unknown parameters 

             (2-4) is expressed in matrix form as 

                  ， 

Where T is a transpose in the matrix, so the empirical regression equation can be  

obtained. 

      . (2-11) 

call 
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It is a residual variable. 

The ordinary least squares estimator of variance of random error items in 

multivariate linear regression model is 

    
     

     

 
， (2-12) 

It is an unbiased estimate. 

The least squares method is only one of the most widely used parameter 

estimation methods, and it is also the oldest and the most classical method. Under the 

condition of satisfying the basic assumption, the ordinary least squares estimator of 

parameter   is linear (the estimators are linear combinations of the observed variables) 

and unbiased (the mathematical expectation of observations is equal to the true value of 

the estimator) and the validity (the variance of the estimator is the smallest among all 

linear unbiased estimators). 

2.4 Significance Test 

  When the parameters of multiple linear regression models are estimated, that is to 

say, after the sample regression function is calculated, the sample regression function 

needs further statistical testing to determine the reliability of the estimation. There are 

two or three kinds of tests, one is the significance test of the regression coefficient, that 

is, to test the aleatory variable     whether the coefficient is 0. The second test is a 

significant test of the regression equation, that is, to test whether the data set is suitable 

for linear regression. The third test is a goodness of fit test to measure the degree of 

regression fitting. 

2.4.1 Significance test of regression equation----F test 

 We know that the t- test of regression parameters check each explanatory variable  

   whether the corresponding variable y is significant, but we also need to check 

whether all the explanatory variables are united, and whether the corresponding 

variable y is also significant. This is the f- test to be studied in this section. 

The method to test the significance of the overall linear regression equation is 

called F test, which is to test the significance of regression equation directly from the 

regression effect according to the square sum decomposition formula [18]. 

 The sum of squares decomposition is 

          
                       

     
      (2-13) 

         
    is the total sum of squares, the abbreviation is SST (Sum of Squares for 

Total).           
    is the sum of squares, the abbreviation is SSR (Sum of Squares 
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for Regression).           
    is the sum of squares for residuals, the abbreviation is 

SSE (Sum of Squares for Error). 

The total sum of squares can reflect the uncertainty of the y of the dependent 

variable, that is, the degree of fluctuation. After establishing the linear regression of Y 

and X, the total square sum (SST) can be decomposed into two parts: the sum of 

squares of regression (SSR) and the sum of squares of residuals (SSE). Here, the 

regression squared sum (SSR) is determined by the regression equation, which is 

related to X of independent variables, and is caused by the fluctuation of X. While the 

residual sum of squares of residuals (SSE) is a wave that can not be explained by X, 

which is caused by factors beyond x control. 

In a regression equation, the part that can be explained by the independent variable 

x is SSR, and the part that can not be explained by the independent variable is called 

SSE. Thus, we can get that the larger the regression squared sum (SSR), the more the X 

can explain, the better the effect of regression. 

Constructing F test statistics 

  
   

         
      (2-14) 

Under the assumption that this is the normal distribution, and the original hypothesis 

    is established, F was subordinate to freedom degree of         F distribution. 

When F is greater than the critical value          , the original hypothesis is 

rejected, it shows that the regression equation is significant, and X has a significant 

linear relationship with Y. 

2.4.2 Significance test of regression parameters---T test 

 As we all know, the regression equation is significant, that is, F test does not show 

that each independent variable X has a very significant impact on Y. Because collecting 

data in real life is a very labor-intensive and financial matter, when collecting data 

indicators, we should try to delete those variables that do not affect the dependent 

variable Y, so as to establish a relatively simple regression equation, so we need to test 

the significance of each variable. In statistical inference, t test is mainly used to 

determine the significance of regression coefficient 
[19,20]

. 

The original hypothesis of t- test is 

       ， (2-15) 

That is, assuming that the parameter is not significant. So the opposite hypothesis is 

       . (2-16) 

  The purpose of the significance test of regression coefficient is to test whether the 

influence of independent variable x on dependent variable y is significant. If the 

original hypothesis is established, there is no linear relationship between Y and X. 

  Generally, it can be judged by the two parameters of T and P, because when 

judging by T value, it will be more difficult to judge according to the number of 
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variables. P value is a probability value, which is usually judged by significance test. 

When the probability value P is smaller than or equal to the significance level  , the 

coefficient of the independent variable is significantly non-zero, the independent 

variable has a significant effect on the dependent variable, and the original hypothesis 

   should be rejected. That is to say, the independent variable X has a linear effect on 

the dependent variable Y; otherwise, there is no significant difference between the 

coefficient and 0 (essentially equal to 0); the independent variable has no significant 

effect on the dependent variable, and the original hypothesis    should be accepted. 

That is to say that the independent variable x has no linear effect on the dependent 

variable Y. It should be deleted from the equation and reestimated the equation. 

However, only the least significant (with the highest corresponding probability) can be 

deleted at one time. Delete one at a time until all are significant 

2.4.3 Significance test of linear regression equation 

As the multiple linear regression equations discuss the linear relationship between 

the independent variable X and dependent variable Y, we can use the correlation 

coefficient between X and Y to test the significance of the regression equation.  

Suppose                            are the N observations of variables X 

and Y, let 
[20]

 

  
        
 
          

         
         

  
   

 
   

 
 (2-17) 

be the correlation coefficient between X and Y. Numerical   is the degree of closeness 

linear relation between X and Y. The range of values is      . When    , there is a 

completely positive correlation between X and Y. When     , there is a complete 

negative correlation between X and Y. When    , there is no correlation between X 

and Y. In the statistical analysis, the above three cases are generally hard to meet, and 

most of them are        . The closer the   to the 1, the closer the linear 

relationship between X and Y is, the better our regression results. 

 In section 2.3.2, we introduce the significance of regression squared sum (SSR) 

and the sum of squares of residuals (SSE). If the sum of the sum of squares of 

regression squares (SSR) in the total square sum (SST) is greater, the effect of linear 

regression is better, that is, the goodness of fit of regression models and sample 

observations is better; if the sum of residual squares and SSE is larger, That is to say, 

the goodness of fit between regression model and sample value is worse. The ratio of 

regression squared sum (SSR) to total square sum (SST) is defined as the coefficient of 

sample determination. 

   
   

   
 

         
  

   

        
  

   

  (2-18) 

Coefficient of determination    is a relative index used to judge the goodness of fit 

between a regression model and a sample. It reflects the ratio of independent variables 
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in the fluctuation of dependent variables. The value of    is always between 0 and 1. 

The closer the value of    gets to zero, the worse the fitting of the regression model 

and the sample observations indicates that the selected variable X is not sufficient for 

the interpretation of Y. The closer the value of    gets to 1, the better the regression 

model fits with the sample observations. This indicates that the independent variable X 

can explain most of Y's information. 

In general, we divided the strength of the two variables into the following 

categories: when    greater than 0.8, it is considered highly correlated. When the    

value ranges from 0.5 to 0.8, it is considered to be moderately correlated. When the    

value ranges from 0.3 to 0.5, it is regarded as low correlation. When    less than 0.3, it 

indicates that the correlation between two variables is extremely weak and can be 

regarded as irrelevant in practical application. 

2.5 Residual Analysis 

After considering the T test and F test, the multivariate linear equation can only 

show that the linear relationship between variables X and Y is significant, and the 

regression equation is effective, but it cannot guarantee that the data fit well. Only when 

the data from the residuals of the model meets the relevant assumptions, can we can 

conclude that the regression model is useful. Before making  use of this regression 

model for analysis and prediction, we should plot the residuals to diagnose whether the 

model meets the basic assumptions, so as to further modify and adjust the model 
[24-25]

. 

 The residual value,           , represents the difference between the actual 

observed value and the regression value obtained through the regression model, and the 

residual term    can also be regarded as an estimate value of error   . The residual 

graph is based on the independent variable X as the horizontal axis and residual    as a 

vertical axis, the corresponding points are drawn in the Cartesian coordinate system, so 

as to make some analysis of the data quality. Figure 2.1 gives some common residual 

plots, according to the difference of residual plots, the data are also different. 
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Fig. 2.1 residual graph 

 In general, when a regression model satisfies all the basic assumptions, all residual 

points should be randomly dropped near    . In general, it satisfies the shape 

presented in Figure 2.1 (a). If the residual graph appears in Figure 2.1 (b), it shows that 

the variance of the observed value of Y is not the same, but increases with the increase 

of X. In this case, we can process logarithmic data and eliminate the effect of 

heteroscedasticity. If the residual graph appears in Figure 2.1 (c), it shows that there is a 

nonlinear relationship between X and Y. It may be curvilinear and need to consider 

other methods to fit the sample. Figure 2.1 (d) is a well-known cobweb phenomenon, 

indicating that X has strong autocorrelation. 

2.6 Forecasting 

 The purpose of establishing regression equations is not only to analyse the 

influencing factors, but also to apply them. It is often used for prediction. 

Prediction is divided into single value prediction and interval prediction. Single 

value prediction is to use single value as the prediction variable of dependent variable. 

For example, when we study the relationship between independent variable x and 

dependent variable y, we can get the sample value of X first, and use regression model 

      , that is the predicted single value of Y. 

Because single value prediction    is only an approximate value, only knowing 

this value is of a little significance. What we want to know more is the accuracy of 

prediction. For solving this problem, we need to do interval prediction, that is, a range 

of predictive values for Y 
[21-23]

. A given range is relatively more reliable than a given 

number. For a given significance level  , when the actual value of Y for a given X is 

contained with the interval         with probability    . This interval is the 

prediction interval, expressed by formula 

                      (2-19) 

 Under normal circumstances, the shorter the confidence interval, the higher the 

accuracy of prediction is. In order to improve the prediction accuracy, data acquisition 

can be done, that is, the larger the sample size n, the better the data acquisition. But the 

collection data            should not be too concentrated, The X value of prediction 

can not be deviated from the sample mean    too far when forecasting, and the 

prediction result will not be good when it is too far. 

2.7 Data Preprocessing 

 In multivariate linear regression analysis, because there are many independent 

variables involved, the difference of the units of the independent variables will bring 

some complications to the analysis. In addition, because of the large amount of data 
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involved in multivariate regression, rounding error may cause some problems, so we 

need to deal with the raw data and avoid this situation as much as possible. 

 There are two reasons for rounding errors. One is that the data level of the 

independent variables is very different. For example, 80000 and 0.5, which are very 

different. The other is that there is a certain correlation between matrix X. Therefore, 

we need to process some data to reduce the above two situations. There are two 

methods used - centralisation and standardisation. 

 Centralisation is to transfer the origin of coordinates to the sample center, that is, 

coordinate transformation. 

   
                                   (2-20) 

  
                        (2-21) 

The empirical regression equation can be derived from the original 

                               (2-22) 

Convert to 

           
          

 . (2-23) 

Type (2-23) is the centralisation adjusted regression equation. The constant term of the 

centralised empirical regression equation is 0, but the estimation value of other 

unknown parameters has not changed since the translation transformation of the 

coordinate system can only change the intercept between the straight line and the axis, 

but it does not change the slope. 

                                     (2-24) 

 Standardisation is a method of further processing data on the basis of centralisation. 

Most of the units used in the X are very different. The size of the data is too large to be 

placed on the same standard for comparison. In order to eliminate the effects caused by 

magnitude differences and dimensional differences, data need to be standardized. 

 The formula for standardization of sample data is 

   
  

         

 
    

 

   
           
 
   

 
                      (2-25) 

  
  

     

 
    

 

   
         
 
   

 
            (2-26) 

The regression equation of the normalized sample data     
     

       
    

   is 

obtained by using the least square method, denoted as 

       
     
      

     
      (2-27) 

Where   
     

       
   is the standardized regression coefficient of Y for independent 

variables             Because standardisation is based on centralisation, the 

regression constant is still zero. There is a relationship between standardised regression 

coefficient and ordinary least squares regression coefficient 
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          (2-28) 
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Chapter 3: Independent Variable Selection and Stepwise 

Regression 

When establishing a regression model, the first problem is how to determine the 

regression independent variables. If some important variables are omitted, the fitting 

effect of the regression equation will not be good. If we consider too many independent 

variables, some variables may not be relevant to the research questions, and there could 

be a large degree of information overlap for some useful variables. At the same time, 

too many variables in the regression equation will make it difficult to collect data, 

operate the system and explain the model and also the stability of regression equation 

will also be poor, which will directly affect the application of regression equation.  

How to simplify the model and choose the explanatory variables well is an 

important problem for regression analysis. 

3.1 Selection criteria for independent variables 

Consider m possible variables of interest,            .  Because each variable 

has two parts: participation and non participation, there are      possible 

regression equations that are related to these m independent variables. The minus one 

represents the condition of subtracting only constant terms in the model, that is, the 

model without independent variables. In terms of the number of independent variables 

p that can be included in the model, there are m+1 different cases from 0 to m. There are 

  
 

 different combinations of independent variables P. Therefore, the number of all 

selected models is   . This section will focus on one approach to selecting a 

regression set from these possible regression sets and give the criteria for measuring the 

models. 

In the second chapter, from the point of view of the goodness of fit between sample 

and model, we evaluate the model by considering the sum of squares of residuals (SSE), 

or the   , but these two methods have obvious deficiencies. 

We assume that the sum of squares of residuals of a regression model with p 

independent variables is     . The determination coefficient is 

  
    

    

   
. 

Next we introduce a new independent variable     . The sum of squares of 

residuals also becomes       , the determination coefficient becomes 

                                                               
    

      

   
. 

According to the principle of least squares estimation, the sum of squares of residuals 

will be reduced when the independent variables are added, so that 
[20] 

                
    

       (3-1) 
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As shown in Equation (3-1), when the subset of independent variables keeps 

increasing, the sum of squares of residual error decreases correspondingly, and the 

coefficient of determination increases correspondingly. If independent variables are 

selected according to the above criteria, all the collected variables would be used for 

regression. Due to the existence of multicollinearity among variables, the regression 

model would be unstable and the estimated error of the model would increase. 

Therefore, the residual sum of squares and the determination coefficient are not 

suitable for the criteria of selecting variables. There are two common criteria for 

information selection. 

 Criterion I: the coefficient of freedom adjustment decides the maximum coefficient. 

When the model independent variable increases, the decision coefficient will increase, 

and the cost is the reduction of residual degrees of freedom. The degree of freedom 

represents the reliability of estimation and prediction. The smaller the degree of 

freedom is, the smaller the reliability is. The greater the degree of freedom is, the 

greater the dependability is. In order to overcome the disadvantage of decision 

coefficient, we can modify the    appropriately. Only when the independent variables 

which have influence on the dependent variables are added to the model, the modified 

decision coefficient will increase. 

The revised coefficient of determination 
[20,25]

. 

        
   

     
         (3-2) 

It can be seen that         , the increase of independent variables will not lead 

to increase      . By the above formula, though      decreases with the increase of 

independent variables, but because of the coefficient  
   

     
 control, making       

does not necessarily increase with the increase of independent variables. When the 

contribution of increased independent variables to regression is small，      may also 

decrease. So we can take the revised determination coefficient       as a criterion for 

judging regression subset. 

 Criterion II: Akaike information criterion, AIC reaches the minimum 
[30,31]

. In 

1974, Japanese statistician Akaike proposed a more general model selection criterion 

based on the principle of maximum likelihood estimation. It was called the AIC 

criterion (Akaike Information Criterion). AIC criterion, which can be used not only for 

the selection of independent variables of regression equations, but also for the 

autoregressive model of time series analysis. 

In general, suppose the likelihood function of the model is       , the dimension 

of   is  , x is a random sample, thus 

                         (3-3) 

Which     is the maximum likelihood estimation of  , p is the number of 

unknown parameters (independent variables). We know that when we do multiple 

linear regression, residual items    is required to obey normal distribution, that is 

        
  . Therefore, 
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        (3-4) 

 We substitute    
  

   

 
 into (3-4) and get 

        
 

 
        

 

 
    

   

 
  

 

 
    (3-5) 

Substituting (3-5) in (3-3), the number of unknown parameters is    , get the 

regression model 

                       (3-6) 

 In the modeling process of regression analysis, AIC is calculated for each 

regression subset, and the AIC minimum model corresponds to the relative optimal 

model. 

Criterion III: Minimise the statistic   
[32]

. In 1964, Mallows propose a statistic    

which can be used to select independent variables from the perspective of forecasting. 

Considering n sample points, we constructed the statistic   . 

   
    

   
      

        
    

    
         (3-7) 

Which     
 

       
     is the unbiased estimation of model   . 

The criteria for selecting the variable   is: The regression equation corresponding 

to the subset of independent variable that minimises    is the relative optimal 

regression equation. 

 The above three criteria are the criteria for judging the set of independent variables 

from three angles. When the independent variables are selected, the corresponding 

criteria can be selected according to their own modeling needs. 

3.2 Stepwise Regression 

  In regression modeling, not all independent variables X have significant effects 

on dependent variable y. Therefore, selecting independent variables that have 

significant effects on dependent variables has always been the focus of scholars' 

research. All variables can form      equations. When there are many independent 

variables m, it is difficult to get the model by experiment, and then choose the best 

model through the above three criteria.  

Now the stepwise regression methods commonly used include progressive, 

backward and stepwise regression methods. A partial F test is used to increase or 

decrease variables. 

The idea of the progressive method is to change from less to more, and each time a 

new independent variable is introduced until no variable is introduced. 
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The m linear regression equation is established for the dependent variable y, and 

the F test value of the m linear regression equation is calculated. The largest one is 
[20,26]

.
 

  
        

    
      

    (3-8) 

Given significance level  , if   
            exist, then select the maximum F 

value corresponding to the independent variable as the first dependent variable. Next, 

the other M-1 variables and corresponding y are established into m-1 bivariate linear 

equations and their F test values are calculated. Denote as   
    

      
 , and choose 

the largest as 

  
        

    
      

       (3-9) 

If   
           , then select the maximum F value corresponding to the 

independent variable as second dependent variables. This is repeated until the F test 

values of all the independent variables not introduced into the equation is less than 

           . When it is finished, the regression equation obtained is the relative 

optimal equation. The critical value             obtained in each test is related to 

the number of independent variables p. When we use software to calculate, we can 

focus directly on significance P value as a test criterion. 

In contrast to the forward method, the backward method first establishes an m 

degree equation of y about x, then, selects an independent variable with the smallest 

influence to eliminate. That is, the one with the smallest F-test value in the regression 

coefficient of the independent variable is eliminated.  

Then, the independent variable with the least influence is selected, that is, the F 

test value in the regression coefficient of the independent variable is eliminated 

Suppose F test for m regression coefficient and record F value as 

   
        

    
      

        (3-10) 

Given significance level  , if exist   
             , the corresponding 

variables are removed from the regression equation. An m-1 degree equation for y 

about x is reestablished for the m-1 independent variables in its domain. The 

significance test of the regression coefficient is calculated and   
    is calculated as 

above. If exist 

  
                   ， 

Then, the corresponding variables are eliminated, continue and until the F test 

values of the remaining P independent variables in the regression equation are all larger 

than the critical value            . That is, there is no independent variable that 

can be eliminated before stopping. At this time, the relative optimal regression model is 

obtained. 
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The disadvantage of the forward and backward methods is that once introduced or 

eliminated, it will no longer be changed. Since an independent variable may be 

significant at the beginning, it will become insignificant after introducing other 

variables, and there is no way to eliminate this variable when using the forward method. 

In the beginning, all variables are introduced into the regression equation, and the 

computation is very large. If some independent variables are not very important, they 

can not be introduced at the beginning, so as to reduce some computation. Once again, 

it is no longer in the regression equation as the forward method. However, because of 

the different variables in the model, the influence of dependent variables will be 

different. Both considerations are very incomplete. Therefore, a stepwise regression 

method is introduced to overcome their shortcomings. 

 Stepwise regression is the most widely used method at present. Its basic idea is to 

introduce variables one by one. After each variable is introduced, all variables that have 

been selected in the regression model are tested. If the original variables are not 

significantly affected by the newly introduced variables, they will be kicked out. 

Therefore, every step needs F test to ensure that the whole regression model is 

significant after every change. This process is repeated until there is no significant 

independent variable to choose the regression equation, and there is no significant 

independent variable 
[27-29]

 in the regression equation. 

  Stepwise regression requires the introduction of independent variables and the 

elimination of independent variables, the significance level can not be the same, and to 

ensure that the significance level of the introduction of independent variables is less 

than the significance level of the independent variables, that is         . Otherwise, 

it will fall into a dead loop.
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Chapter 4: Empirical analysis 

4.1 Data specification 

The core of civil aviation ticket pricing lies in anticipation of the market. The airline 

administration can understand the basis of this through studying historical data. Using 

historical data and statistical models they can potentially predict the passenger rate and 

the fare level according to the company's internal flight information and market 

changes. Whether the civil aviation passenger ticket pricing is appropriate (competitive 

but still maximally profitable) can be reflected in the daily operation report data of the 

airline. The commonly used measurement indexes (and associated variable names) that 

we consider in this chapter are defined below.  

 

1) Actual number of passengers (Total passenger number): refers to the number of 

passengers who purchase the tickets and actually take the flight. This data is collected 

in the airport departure system, that is, the check-in procedures at the airport, and the 

number of successful passengers. 

 

2) Passenger rate (passenger rate): an index reflecting the proportion of the airlines' 

input in production. Production means manufacturing or mining or growing 

something for sale. The formula is: Passenger rate = the number of passengers booking 

/ the number of seats. The number of seats in a flight is the number of seats that a flight 

can provide. 

 

3)  Average fare (average fare): refers to the average price of each passenger ticket 

from the total revenue of the flight. The formula is: average fare = revenue / number of 

people actually gone. 

 

4) Fuel income (fuel income):revenue from surcharges charged by airlines to reflect 

changes in fuel prices.  

 

5) Passenger kilometer (passenger km):the number of kilometers multiplied by the 

number of passenger. 

 

6) Available seat kilometers (available seat km), which is the product of seats and flight 

mileage {mileage is a poor choice - things are measured in kilometers}. It is an index 
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reflecting the carrying capacity, Available seat kilometers = (available seats * segment 

distance). 

 

7) Passenger transport revenue (passenger revenue) refers to the income of passengers, 

goods, mail, baggage, and the duties of carrying out charter or charter flights on the 

international and domestic routes that the airlines fly on. They are paid according to the 

stipulated tariff rates or the agreement rates between the international aviation industry 

or the freight rates issued by the International Civil Aviation Organisation. 

 

  Ticket revenue is one of the main data sources for airline revenue audits. In order to 

study the factors that affect airline ticket revenue, this analysis uses ticket revenue 

(average fare)  as a dependent variable. We had 5 datasets available to us: the variables 

listed above were in all 5 datasets.  The data was from the main office of an airline 

group in January 2019 and two subsidiary airlines for January 2018 and January 2019. 

Multiple regression analysis was conducted to predict average fare using the 

independent variables available seat kilometers, passenger rate, passenger kilometer, 

total passenger number, passenger revenue, fuel income, and airline revenue.  All 

variables are scaled in the regression analysis so that the coefficients are easier to 

interpret. 

 

We first study the data from the main office of the airline company.  The data is from 

January, 2019.  Means and Standard Deviations are given in the following table: 

 

Airline main office: Summary Statistics for all variables  

 

Variable Mean SD UNIT 

Average fare 898.13 403.11 China Yuan 

Available seat km 142875.27 126194.95 number multiply 

seat-kilometer 

Passenger rate 0.64 0.39 percentage 

Passenger km 126467.26 109203.47 Passenger-kilometer 

Total passenger 

number 

96.27 62.62 headcount 
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Passenger revenue 74602.24 54566.73 China Yuan 

Fuel Income 5338.02 14644.95 China Yuan 

Airline revenue 69208.69 51384.39 China Yuan 

 

Table 4.1-1: Summary statistics for all variables in the 'training dataset' used for the regression analysis. 

 

For the regression analysis we employed the ‘step’ procedure for backwards 

elimination in R software
[8-14]

. This procedure chooses the model that minimises the 

AIC (Section 3.1).  Average fare is the dependent variable; independent variables are: 

available seat kilometers, passenger rate, passenger kilometer, total passenger number, 

fuel income, and airline revenue.  The data for the stepwise procedure was a randomly 

chosen ‘training’ set comprising of 75% of the data for the airline main office.  Table 

4.1-2 gives details of the model.The remaining 25% of the data was then used as a ‘test’ 

dataset to check the predictive capability of the model. Using the stepwise regression 

method, i.e. judging by the AIC, we find that a model with the six variables available 

seat kilometers, passenger rate, passenger kilometer, total passenger number, passenger 

revenue, fuel income, and airline revenue gives the most reliability by that measure 

(only passenger revenue is removed).  Other measures of fit, e.g. Mallow's Cp, the 

Bayesian information criterion and the Adjusted R-square can also be used to judge the 

reliability of models: we compared this result with those in Figure 4.1-1. It can be seen 

that all results (i.e the model chosen to minimise (or maximise) the criterion) are the 

same (model '120'). 

  



Airline route data analysis 

 30 

 

Airline Main Office - Model Measures of Reliability 

 

 

 

Figure 4.1-1:Measures of reliability of models 
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Airline Main Office Ticket Income Model 

 

Predictor Variable 

[standardized] 

Estimate Std. Error t value Pr(>|t|) 

available.seat.kilometers 1.4306 0.1284 11.1427 <.0001 

passenger.rate 1.2805 0.27 4.7434 <.0001 

passenger.kilometer -1.4979 0.1438 -10.4165 <.0001 

total.passenger.number -2.7124 0.3302 -8.2155 <.0001 

fuel.income 0.2898 0.0654 4.4295 <.0001 

airline.revenue 1.5054 0.0878 17.1547 <.0001 

 

Table 4.1-2: Model results from the stepwise procedure. Adj R
2
 = .74.  This is output from the model 

chosen with the stepwise procedure applied to the training set of data.  Coefficient estimates are for 

scaled variables so that relative importance can more easily be recognised. 

 

 

Airline Main Office Average Fare Model 

 

Figure 4.1-2 Average fares vs Fitted values, Main Office, January 2019 

Training Dataset 
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Airline Main Office Average Fare Model Residuals 

 

Figure 4.1-3 Fitted values vs Standardised residuals, Main Office, January 2019 

Training Dataset 

   

 In Figure 4.1-2 we can see that although there is a good linear trend there are 

some points which are well off the curve. It may be that recalculating the model with 

these points removed would be helpful, but for this thesis we chose to use all data that 

weren't obvious errors. Figure 4.1-3 is the standardised residual scatter plot drawn by 

the model established for the Airline Main office in January 2019. We can see that since 

the residuals are scattered in the near zero that the model appears to satisfy the 

assumptions. 

 

When the model from the training dataset is applied to the test dataset the fit is rather 

disappointing.  The ratio of the root mean square error (RMSE) to the mean of the data 

is 24%. 
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The fitted values are plotted against the data in figure 4.1-4.  There are no major 

outliers. 
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Airline Main Office Average Fare Predictions 

 

 

Figure 4.1-4 Average fares vs Predicted values, Main Office, January 2019 

Test Dataset 

 

 

 In practical applications, even for the same airline, yearly data variation may affect 

the factors or the size of the ticket revenue.  We are also interested in whether this 

model can be used for the two airlines subsidiaries (Airline A and Airline B).  In the 

next section (4.2) we use R software to carry out prediction for the data of Airlines A, in 

January 2018 and 2019 using the model established for the main office.   In section 4.3 

we will apply the model to Airline B for January 2018 and 2019 data.  It is hoped that 

a general model could be developed for the airline conglomerate. 

 

4.2 Analysis of Airline A Ticket Income Factors 

Means and Standard Deviations for this data are given in the following table: 
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Airline A January 2019 Summary Statistics for all variables  

 

Variable n=115 Mean SD UNIT 

average.fare 722.83 348.21 China Yuan 

available.seat.kilometers 144749.57 126536.1 number multiply 

seat-kilometer 

passenger.rate 0.65 0.41 percentage 

passenger.kilometer 130249.6 105207.7 Passenger-kilometer 

total.passenger.number 101.37 65.55 headcount 

passenger.revenue 71703.35 48196.62 China Yuan 

fuel.income 10569.66 19856.33 China Yuan 

airline.revenue 61097.45 38901.89 China Yuan 

 

Table 4.2-1: Airline A in January 2019- Summary statistics for all variables studied. 

 

Using the model established from the main office data, we have passenger ticket 

income as the dependent variable, and available seat kilometers, passenger rate, 

passenger kilometer, total passenger number, passenger revenue, fuel income, and 

airline revenue as the independent variables.  Coefficients for those variables are 

re-calculated for the predictions.  We see that the predictions are generally a good fit to 

the data in Figure 4.2-1.  The ratio of the root mean square error (RMSE) to the mean 

of the data is .21.  Two of the variables, available seat kilometers and total passenger 

number, do not appear to have independent prediction capabilities for this model. 
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Airline A January 2019 Ticket Income Model 

 

 Estimate Std. 

Error 

t value Pr(>|t|) 

available.seat.kilometers -0.2097 0.244 -0.8596 0.3919 

passenger.rate -1.5648 0.6138 -2.5492 0.0122 

passenger.kilometer -0.83 0.2601 -3.1912 0.0019 

total.passenger.number 0.889 0.7782 1.1423 0.2558 

fuel.income 0.4331 0.1592 2.7199 0.0076 

airline.revenue 1.1568 0.1027 11.2622 <.0001 

 

Table 4.2-2:  Results from the model established using the stepwise procedure the January 2019 data 

for Airline A. Adj R
2
 = .82. Coefficient estimates are for scaled variables so that relative importance can 

more easily be recognised. 

 

 

Residuals (Figure 4.2-2) do not suggest any departures from the assumptions. 

 

Airline A January 2019 Ticket Income Model Predictions 

 

Figure 4.2-1:   Average fares vs fitted values for the Airline A data for January 2019. Model 

coefficients have been recalculated for the variables 
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Airline A January 2019 Ticket Income Model Residuals 

 

 

Figure 4.2-2:  Fitted values vs Residuals for the Airline A data for January 2019. 

In the preceding model coefficients have been re-calculated for the model using the 6 

covariates.  It is also possible to use the predict function in R to force the coefficients 

that were calculated for the original model for the main office.  We show the plot for 

the fit for this model in Figure 4.2-3.  The ratio of the root mean square error (RMSE) 

to the mean of the data is .28.  The plots show that the fit is quite similar. 
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Airline A January 2019 Ticket Income Model Predictions from Original Model 

 

Figure 4.2-3:  Average fares vs predicted values for the Airline A data for January 2019.  

Coefficients are as originally calculated for the Main Office. 

 

Data is also available for January, 2018. Since it is known that yearly effects are 

common in the industry, we analyse this dataset separately. 

Means and Standard Deviations for this data are given in the following table: 

 

Airline A January 2018 Summary Statistics for all variables 

 

Variable n=112 Mean SD UNIT 

average.fare 588.92 122.99 China Yuan 

available.seat.kilometers 144243.46 125443.35 number multiply 

seat-kilometer 

passenger.rate 0.65 0.4 percentage 

passenger.kilometer 130937.79 99513.15 Passenger-kilometer 

total.passenger.number 100.9 64.53 headcount 

passenger.revenue 58228.22 35285.47 China Yuan 

fuel.income 9014.05 18717.75 China Yuan 

airline.revenue 49146.01 20328.62 China Yuan 
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Table 4.2-3: Airline A in January 2018- Summary statistics for all variables studied. 

 

Again using the model established from the main office data, we have average fare as 

the dependent variable, and available seat kilometers, passenger rate, passenger 

kilometer, total passenger number, fuel income, and airline revenue as the independent 

variables.  Coefficients for those variables are re-calculated for the predictions.  We 

see that the predictions are generally a good fit to the data in Figure 4.2.  The ratio of 

the root mean square error (RMSE) to the mean of the data is .09.  Residuals (Figure 

4.2-4) do not suggest any  departures from the assumptions despite the presence of 

some large points. 

 

Airline A January 2018 Ticket Income Model 

 

 Estimate Std. 

Error 

t value Pr(>|t|) 

available.seat.kilometers -0.3641 0.3348 -1.0874 0.2793 

passenger.rate -5.9592 0.8887 -6.7058 <.0001 

passenger.kilometer -3.2109 0.3223 -9.9611 <.0001 

total.passenger.number 5.3337 1.0987 4.8545 <.0001 

fuel.income 1.3019 0.184 7.0742 <.0001 

airline.revenue 1.7629 0.1489 11.8413 <.0001 

 

Table 4.2-4:  Results from the model established using the stepwise procedure for the January 2018 

data for Airline A. Adj R
2
 = .82. Coefficient estimates are for scaled variables so that relative 

importance can more easily be recognised. 

 

  



Airline route data analysis 

 40 

Airline A January 2018 Ticket Income Model Predictions 

 

Figure 4.2-5:  Average fares vs fitted values for the Airline A data for January 2018. Model 

coefficients have been recalculated for the variables 

 

 

Airline A January 2018 Ticket Income Model Residuals 

 

 

Figure 4.2-6:  Fitted values vs Residuals for the Airline A data for January 2018. 
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Airline A January 2018 Ticket Income Model Predictions from Original Model 

 

Figure 4.2-7:  Average fares vs predicted values for the Airline A data for January 2018.  

Coefficients are as originally calculated for the Main Office. 

 

In Table 4.2-4 coefficients were re-calculated for the model using the 6 covariates.  

We are also interested in how well the model with the original coefficients (from the 

main office) performs.  The residuals and plots seem to be a reasonable fit (Figues 

4.2-5 and 4.2-6).  All variables have a significant contribution to the model except for 

available seat kilometers.  Using the predict function in R, we apply the main office 

model to predict results for this dataset. We use those predictions to recalculate the 

performance of this model.  The ratio of the root mean square error (RMSE) to the 

mean of the data is .25.  Figure 4.2-7 shows the plot of the average fare vs the 

predictions.  For this dataset we see quite a difference in this fit compared to the 

re-calculated model (Figure 4.2-5).  Also notable is the change in RMSE of the fit 

from .09 to .25. 
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4.3 Analysis of Airline B Ticket Income Factors 

Means and Standard Deviations for this data are given in the following table: 

 

Airline B January 2019 Summary Statistics for all variables 

 

 

Variable n=115 Mean SD UNIT 

average.fare 1052.23 393.05 China Yuan 

available.seat.kilometers 142522.1 126804.69 number multiply 

seat-kilometer 

passenger.rate 0.62 0.38 percentage 

passenger.kilometer 121975.76 113174.3 Passenger-kilometer 

total.passenger.number 90.81 59.98 headcount 

passenger.revenue 76674.36 60098.4 China Yuan 

fuel.income 482.21 502.42 China Yuan 

airline.revenue 76117.36 60049.67 China Yuan 

 

Table 4.3-1: Airline B in January 2019- Summary statistics for all variables studied. 

 

Using the model established from the main office data, we have passenger ticket 

income as the dependent variable, and available seat kilometers, passenger rate, 

passenger kilometer, total passenger number, passenger revenue, fuel income, and 

airline revenue as the independent variables.  Coefficients for those variables are 

re-calculated for the predictions.  We see that the predictions are generally a good fit to 

the data in Figure 4.3-1.  The ratio of the root mean square error (RMSE) to the mean 

of the data is .25. 
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Airline B January 2019 Ticket Income Model 

 Estimate Std. 

Error 

t value Pr(>|t|) 

available.seat.kilometers -0.2097 0.244 -0.8596 0.3919 

passenger.rate -1.5648 0.6138 -2.5492 0.0122 

passenger.kilometer -0.83 0.2601 -3.1912 0.0019 

total.passenger.number 0.889 0.7782 1.1423 0.2558 

fuel.income 0.4331 0.1592 2.7199 0.0076 

airline.revenue 1.1568 0.1027 11.2622 <0.0001 

 

Table 4.3-2:  Results from the model established using the stepwise procedure the January 2019 data 

for Airline B. Adj R
2
 = .82. Coefficient estimates are for scaled variables so that relative importance can 

more easily be recognised. 

 

The plot of the data vs fitted value has a few stray points, and the linear trend is less 

pronounced than for other datasets (Figure 4.3-1).  Residuals (Figure 4.3-2) do not 

suggest any  departures from the assumptions.  
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Airline B January 2019 Ticket Income Model Predictions 

 

Figure 4.3-1:  Average fares vs fitted values for the Airline B data for January 2019. Model 

coefficients have been recalculated for the variables 

 

We see once again for this 2019 model, as in airline A, that two of the variables, 

available seat kilometers and total passenger number, do not appear to have 

independent prediction capabilities for this model. 
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Airline B January 2019 Ticket Income Model Residuals 

 

 

Figure 4.3-2:  Fitted values vs Residuals for the Airline B data for January 2019. 

 

 

In the preceding model coefficients have been re-calculated for the model using the 6 

covariates.  When we apply the predict function in R to use the coefficients that were 

calculated for the original model for the main office.  We show the plot for the fit for 

this model in Figure 4.3-3.  The ratio of the root mean square error (RMSE) to the 

mean of the data is .28.  The plots show that the fit is quite similar. 
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Airline B January 2019 Ticket Income Model Predictions from Original Model 

 

Figure 4.3-3:  Data vs predicted values for the Airline B data for January 2019.  Coefficients are as 

originally calculated for the Main Office. 

 

Data is also available for January, 2018.  Means and Standard Deviations for this 

data are given in the following table: 

 

Airline B January 2018 Summary Statistics for all variables 

 

Variable n=112 Mean SD UNIT 

average.fare 859.09 254.85 China Yuan 

available.seat.kilometers 152637.77 139508.79 number multiply 

seat-kilometer 

passenger.rate 0.66 0.38 percentage 

passenger.kilometer 136350.39 124127.17 Passenger-kilometer 

total.passenger.number 100.45 65.21 headcount 

passenger.revenue 67752.03 43233.11 China Yuan 

fuel.income 144.62 293.23 China Yuan 

airline.revenue 67522.27 42957.29 China Yuan 

 

Table 4.3-3: Airline B in January 2018- Summary statistics for all variables studied. 
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Using the model established from the main office data, we have average fare as the 

dependent variable, and available seat kilometers, passenger rate, passenger kilometer, 

total passenger number, fuel income, and airline revenue as the independent variables.  

Coefficients for those variables are re-calculated for the predictions.  We see that the 

predictions are generally a good fit to the data in Figure 4.3.  The ratio of the root mean 

square error (RMSE) to the mean of the data is .10.  

Airline B January 2018 Ticket Income Model 

 Estimate StdError t value Pr(>|t|) 

available.seat.kilometers 2.4012 0.1323 18.1492 <.000

1 

passenger.rate 0.4444 0.1947 2.2828 0.024

3 

passenger.kilometer -2.7349 0.1758 -15.5606 <.000

1 

total.passenger.number -2.4438 0.2286 -10.6904 <.000

1 

fuel.income -0.0119 0.0448 -0.2653 0.791

2 

airline.revenue 2.0198 0.1389 14.5409 <.000

1 

 

Table 4.3-4:  Results from the model established using the stepwise procedure for the January 2018 

data for Airline B. Adj R
2
 = .89. Coefficient estimates are for scaled variables so that relative 

importance can more easily be recognised. 
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Airline B January 2018 Ticket Income Model Predictions 

 

Figure 4.3-5:  Data vs fitted values for the Airline B data for January 2018. Model coefficients have 

been recalculated for the variables 

 

 

Airline B January 2018 Ticket Income Model Residuals 

 

 

Figure 4.3-6:  Data vs fitted values for the Airline B data for January 2018. 
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Airline B January 2018 Ticket Income Model Predictions from Original Model 

 

Figure 4.3-7:  Data vs predicted values for the Airline B data for January 2018.  Coefficients are as 

originally calculated for the Main Office. 

 

In Table 4.3-4 coefficients were re-calculated for the model using the 6 covariates.  All 

vartiables contribute significantly to the model except for fuel income.  Residuals 

(Figure 4.3-4) do not suggest any  departures from the assumptions despite the 

presence of some large points.  Then, using the predict function in R, to use the 

coefficients that were calculated for the original model for the main office, we 

recalculate the performance of the model.  The RMSE to the mean of the data is .25.  

Figure 4.3-7 shows the fit.  We see quite a difference in this fit compared to Figure 

4.3-5.  The RMSE for the model where coefficients are recalculated is .1. 

4.4 Analysis of the Regression Results 

In section 4.2 and 4.3 of this chapter, we consider a multivariate linear modeling 

analysis of the average fare data of ‘A’ and ’B’ airlines in January 2019 and January 

2018, respectively.  We used the covariates that were found to be the six most 

important in a model for the Main Office of the airline (available seat kilometers, 



Airline route data analysis 

 50 

passenger rate, passenger kilometer, total passenger number, fuel income, and airline 

revenue as the independent variables).  Two regressions were considered: one with 

coefficients recalulated for the six covariates, and one which used the predict function 

in R to apply the original Min Office model to the data.  A simple tablutation of the 

RMSE fit is shown in Table 4.4-1.  

RMSE Results for all Datasets 

 

 Optimized (Recalculated) 

Coefficients 

Coefficients from Main Office 

Airline A 

Jan 2019 

0.21 0.28 

Airline A 

January 2018 

0.09 0.25 

Airline B 

January 2019 

0.25 0.28 

Airline B 

January 2018 

0.1 0.25 

Table 4.4-1:  RMSEs calculated for each model 

 

Table of Coefficients for the 4 Models 

available.seat.kilometers -0.2097 -0.3641 0.6081 2.4012 

passenger.rate -1.5648 -5.9592 1.5562 0.4444 

passenger.kilometer -0.83 -3.2109 -1.1895 -2.7349 

total.passenger.number 0.889 5.3337 -2.1696 -2.4438 

fuel.income 0.4331 1.3019 0.1383 -0.0119 

airline.revenue 1.1568 1.7629 1.698 2.0198 

 

Coefficients for Airline A in January 2019 and 2018, and Airline B in January 2019 and 2018, 

respectively. 

 

We can see that the model did not fit the 2019 data as well as the 2018 data in 

general.  The RMSE values of .09 and .1, when using recalculated coefficients, are 
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quite good.  This is especially surprising given that the Main Office data- which 

formed the basis of the model- was all in 2019. 

 

Coefficients for the 4 models vary a bit more than one would hope if this model 

was generalisable. A summary of the changes is listed for each covariate: 

 Available seat kilometers: This has a negative contribution for Airline A, 

both years and Airline B is positive in both years. 

 Passenger rate: Similarly to available seat kilometers, This has a negative 

contribution for Airline A, both years and Airline B flips to positive both 

years. 

 Passenger kilometer: This variable is always negative, but the impact is 

larger in 2018 

 Total passenger number: This covariate has a positive influence in Airline 

A and a negative one in Airline B.  In addition, the effect is much larger in 

2018 for Airline A.  But the effects are similar for both years in Airline B. 

 Fuel Income: The effect is positive except for Airline B, 2018 data.  The 

effect isn't large, although for Airline A in 2018 it increases slightly. 

 Airline Revenue: This appears to be a consistent effect with a moderate 

impact across airlines and years. 
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Chapter 5: Conclusion 

With the continuous development of the airline business and the continuous 

expansion of companies, the analysis of ticket revenue is becoming more and more 

important. There are many kinds of information and large amounts of data that affect 

airline ticket revenue. Finding the main factors that affect that revenue from the 

massive information available plays a decisive role in the passenger transport division 

of the company. It is key for transport management, and for the overall budget, to be 

able to predict this revenue. In this thesis we mainly explored the factors that affect 

airline ticket revenue, and established regression models to forecast the ticket revenue. 

   The empirical results show that influencing factors on ticket revenue can be useful 

across airlines and time periods (although the influence weight of the contribution can 

be different). Potentially, given more data, and possibly other variables, a useful model 

could be found for application to a wider set of data.  The net step- given a more 

complete dataset- would be to create a model that incorporates airline, year and 

probably month or season. 

 The research topic of revenue management is constantly changing and improving 

with the improvement of theoretical models, the development of industries and 

enterprises, and the development of information technology. From the perspective of 

the air transport industry the improvement of prediction and optimisation models will 

bring huge economic benefits. 
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