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Global Demand Forecast Model                 Osama Alsalous 

ABSTRACT 

Air transportation demand forecasting is a core element in aviation planning and policy decision 

making. NASA Langley Research Center addressed the need of a global forecast model to be 

integrated into the Transportation Systems Analysis Model (TSAM) to fulfil the vision of the 

Aeronautics Research Mission Directorate (ARMD) at NASA Headquarters to develop a picture 

of future demand worldwide. Future forecasts can be performed using a range of techniques 

depending on the data available and the scope of the forecast. Causal models are widely used as a 

forecasting tool by looking for relationships between historical demand and variables such as 

economic and population growth. The Global Demand Model is an econometric regression model 

that predicts the number of air passenger seats worldwide using the Gross Domestic Product 

(GDP), population, and airlines market share as the explanatory variables. GDP and Population 

are converted to 2.5 arc minute individual cell resolution and calculated at the airport level in the 

geographic area 60 nautical miles around the airport. The global demand model consists of a family 

of models, each airport is assigned the model that best fits the historical data. The assignment of 

the model is conducted through an algorithm that uses the R2 as the measure of Goodness-of-Fit in 

addition to a sanity check for the generated forecasts. The output of the model is the projection of 

the number of seats offered at each airport for every year up to the year 2040.
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1 INTRODUCTION 

NASA Langley Research Center employs the Transportation Systems Analysis Model (TSAM) 

to fulfil the vision of the Aeronautics Research Mission Directorate (ARMD) at NASA 

Headquarters. ARMD is responsible for establishing a strategic systems analysis capability 

focused on understanding system-level impacts of NASA’s programs, the potential for integrated 

solutions, and the development of options for new investment and partnerships. 

The current version of TSAM has the capability of forecasting long distance travel in the 

continental U.S. up to the year 2050. TSAM is a nationwide transportation demand model that 

has an international module that is U.S. centric. The current model predicts international travel 

from the U.S. to 10 World regions. The development of a global demand forecast model is 

needed to add the capability of forecasting air traffic at airport level within World regions or 

between these regions to be able to respond to changes in the budgetary and/or technical targets 

of ARMD in an effective manner. 

Future airport forecasts can be performed using a range of techniques depending on the data 

available and the scope of the forecast. Examples include Time-series models and Causal 

models. Time-series models rely entirely on historical values of the variable being projected. 

Time-series models apply statistical analysis to historical patterns over time and assume that 

future values will grow in similar patterns. This type of model is simplistic and considered useful 

for short term planning (Commission 2013).  

Causal models are more complex forecasts that look for past relationships between demand and 

variables such as economy, population, travel costs, market concentration or other variables to 

explain the historical patterns of the variable being projected (Commission 2013; Chunshui et al. 

2012). In the Causal model approach, a picture of future demand can be developed by applying 

the historical relationships to existing economic and demographic forecasts. Causal models are 

widely used as a forecasting tool, and the most commonly used causal models are regression-

based models (Shen 2006). 

The Global Demand Model developed in this report is an econometric regression model that 

predicts the number of air passenger seats worldwide using the Gross Domestic Product (GDP), 

population, and airlines market share as the explanatory variables. The forecast horizon of the 
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model is the year 2040. The choice of explanatory variables used to construct the model was 

based on the variables that are included in economic forecasts. 
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2 LITERATURE REVIEW 

Air transportation demand forecasting is a core element in Aviation Planning. The literature 

includes numerous papers on air transportation forecasting. Air transportation demand is usually 

modeled as a function of economic and demographic factors. Gross Domestic Product (GDP) 

and population are the most commonly used variables as demand driving forces (Grosche et al. 

2007; Suryani et al. 2010; Chunshui et al. 2012; Commission 2013). 

Linear regression is found to be the most common form of forecast model. For example, The 

forecasting technique used by The International Civil Aviation Organization (ICAO) includes 

linear regression using GDP (Chunshui et al. 2012). In another study, Karlaftis et al. developed 

linear regression models for Miami International (MIA) and Frankfurt International Airports 

(FRA) using GDP and Gross National Product (GNP) to forecast the international and domestic 

air travel respectively (Karlaftis et al. 1996). In their study, they highlighted the importance of 

postfact analysis to test the accuracy of the models. They concluded that R2 values alone should 

not be the only criterion for selecting forecasting models, it should be supported by a check of 

the model results. 

In previous forecasting efforts, there are many analyses that focused on air transportation 

demand forecasting in a specific country or region. For example, the relationship between air 

transport demand and GDP in Brazil between the years 1966 and 2006 was investigated by 

Marazzo et al. (2010). The findings of this analysis suggest that there is a strong positive reaction 

of demand due to a positive change in GDP. Another example of international aviation forecast 

was performed by Shen (2006). She developed a model to predict international flight operations 

in the United States. This model forecasts the number of international passenger enplanements at 

sixty-six U.S. airports, whose combined operations accounted for 99.8% of the total international 

passenger flight operations in National Airspace System (NAS) in 2004. The forecasted 

passenger enplanements are distributed among international airports in the U.S. using individual 

airport market share factors. GDP was used as the predictor variable. 

The Terminal Area Forecast (TAF) is the official FAA forecast of aviation activity for U.S. 

airports. It contains active airports in the National Plan of Integrated Airport Systems (NPIAS). 

The forecast is based on an econometric model that uses fares, demographics, and economic 

factors as the independent variables (FAA 2013). Unfortunately, details about model 
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specification are not publicly available. The TAF forecast is updated annually, the most recent 

TAF report available spans from 2014 to the year 2040. 

Global air passenger forecasts are available from organizations such as The International Air 

Transport Association (IATA), The International Civil Aviation Organization (ICAO) and 

aircraft manufacturers such as Boeing and Airbus. IATA published three 20-year air passenger 

forecasts extending from 2014 up to 2034, each based on a specific growth scenario (Pearce 

2015). The forecast is an aggregate model to estimate passengers for all World regions. Under 

the most optimistic growth scenario, the forecast suggests a 280% increase in passenger demand 

by 2034.  Conversely, the more conservative growth scenario predicts a 180% increase in 

passenger demand.  ICAO, Boeing, and Airbus also provide air passenger forecasts that 

aggregate across World, regional and country levels (Gillen 2009; Chunshui et al. 2012).  

The Global Demand Model combines the global scope with airport level analysis. Based on the 

reviewed previous studies, we did not find any study that matches the characteristics of our 

scope. In the analysis we adopted regression models with GDP, population, and airline market 

share as predictor variables. 
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3 MODEL DEVELOPMENT 

3.1 Overview 

The Global Demand Model is an econometric model that produces future estimates of passenger 

demand Worldwide. The model covers a large scope of 3,017 airports around the world. The 

global scope and the ability to produce forecast at the individual airport level are unique features 

of this project. The Global Demand Model consists of four steps shown in Figure 1.  

 

Figure 1: Global Demand Forecast Model Framework 

3.2 Data Collection and Processing 

The development of the Global Demand Model requires historical passenger data as well as data 

to produce explanatory variables to be used in the forecast process. Data collected from different 

sources include aggregate country-level data such as Gross Domestic Product (GDP), GDP per 

capita, population, exports, employment ratio, and others. Due to the spatial nature of the model, 

we also employ more detailed data sources that include a global gridded data with a resolution of 

2.5 minutes (2.5 nm at the equator). Gridded data is intended to give more accurate modeling 

results due to the disaggregate spatial distribution of the data. Gridded data sets are available for 

some indicators such as GDP, population, and purchasing power parity (PPP). 
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3.2.1 Population Data  

The population data sources used in the Global Demand Model include the following:  

1. Gridded Population of the World (GPW) v3 (Balk et al. 2010).  

GPWv3 dataset consists of gridded population estimates for the World for years 1990, 1995, and 

2000. In addition, “forecasts” for 2005 and 2010 are available. The level of detail is 2.5-minute 

individual cell resolution (2.5 nm at the equator) which is a large amount of data to handle (over 

29 million cells). Note that the data is originally adjusted to meet the United Nations (UN) 

national totals. 

2. United Nations estimates by country (UN 2013). 

In the Global Demand Model, GPW is considered the main data source for analysis. GPW has 

information up to the year 2010. The UN totals for the following years were distributed using 

similar patterns as the historical data from GPW. This maintained data consistency for all years. 

It is assumed that the distribution of population on the grid has the same pattern for all cells on 

the grid as the historical data up to the year 2040. 

The distribution of the country level population to the 2.5-minute grid was a time consuming 

process due to the computer processing power it requires. Firstly, The MATLAB script that we 

developed calculates and saves the proportion of the national total population contained within 

each cell based on the GPW patterns. This was done for each individual cell for all countries. In 

the second step, the script calculates the population in each 2.5-minute cell by multiplying the 

cell proportion by the UN total for the country where the cell is located. It then assigns the 

population value of the cell to the corresponding cell in the global grid. It takes 0.032 

milliseconds to perform the calculations for a single cell using a computer with a 3.60GHz Quad 

Core processor and 32 GB of RAM. That is equal to 2,777 seconds for all cells for one year only. 

This process had to be executed for all years from 2005 to the year 2040, and that is equal to 

about 27.77 hours. 

3.2.2 Economic Data 

Economic data sources used in the Global Demand Model include the following:  
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1. Geographically based Economic data (G-Econ data) (Nordhaus et al. 2006).  

2. U.S. Department of Agriculture (USDA) International GDP forecast (USDA 2014). 

The latest G-Econ dataset consists of GDP estimates for the World for the year 2005 with data 

resolution of one degree of Latitude by one degree of Longitude. The G-Econ datasets are 

available up to the year 2005. The country level totals from other sources for the following years 

are distributed on the grid in similar patterns as the historical data was distributed to keep the 

data consistent and still maintain the same resolution for all years. An assumption is made that 

the distribution of economic indicators on the grid has the same pattern for all cells on the grid as 

the historical data throughout the project horizon up to the year 2040.  

The one-degree resolution data was converted to a 2.5-minute resolution level to match the level 

of detail available in the GPW population data. Typically, the one-degree by one-degree cell is 

converted to 576 (24 x 24) cells of the 2.5-minute resolution since one degree of Lat or Lon is 

equal to 60 minutes. Each cell of the grid in the one-degree by one-degree resolution covers a 

large area, some cells cross country borders and cover parts of the ocean. This issue was taken 

into consideration when the value of each cell was distributed to the finer 2.5-minute resolution 

level by dividing the total GDP in the cell by the number of the 2.5-minute cells that actually are 

located within the respective country.  

Figure 2 shows an example of the data distribution process from one-degree to 2.5-minute 

resolution for a cell located in the United Kingdom with coordinates (54 Lat, -1 Lon) of the 

southwest corner. The cell in the example is shown in Figure 2 with yellow borders and it can be 

seen that it covers a part of the ocean. The total GDP in this particular cell was 6.460 US$ 

billions in the year 2005 according to the G-Econ dataset. The 6.460 US$ billions were divided 

by 224 cells of the 2.5-minute resolution instead of the typical 576 cells because 352 cells fall 

into the ocean. This way we were able to distribute the GDP value to cells that are actually 

located in the country (i.e., hatched area in Figure 2) without losing any data.  

The cells within each country were identified using the Gridded Population of the World, 

Version 3 (GPWv3) National Identifier Grid. This grid is derived from the land area grid to 

create a raster surface where cells that cover the same country or territory have the same 

identifier value. The cells in the oceans have a unique identifier as well (Center for International 



 

8 

 

Earth Science Information Network - CIESIN - Columbia University and Centro Internacional de 

Agricultura Tropical - CIAT 2005).  

 

Figure 2: Distribution of economic data to 2.5-minute resolution 

Figure 3 shows the framework of the distribution of country level forecast to 2.5-minute grid 

level that is used in the model. The national level GDP values were converted from country level 

to cell level using a similar procedure to the one described in section 3.2.1. This process also 

takes about 27.77 hours to be executed for all years from 2005 to the year 2040 using a computer 

with the same specifications described in section 3.2.1. 

 

Figure 3: Distribution of country level forecast to grid level 
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3.2.3 Airport Passengers Data 

The Global Demand Model requires a Worldwide historical passenger data at the individual 

airport level. The data is used as a set of dependent variables using regression analysis in the 

model. Data sources include:  

1. ICAO DATA+ 

A dataset from the International Civil Aviation Organization (ICAO) was acquired for the 

project. It covers historical data for 808 major airports Worldwide. The data includes: 

• Number of passengers Embarked 

• Number of Passengers Disembarked 

• Transit Passengers 

2. OAG Data 

A dataset from the Official Airlines Guide (OAG) was used in the project. It includes 

historical data for 3,661 airports, with 60 data fields such as: 

• Flight origin and destination airports. 

• Available seats per flight 

• Aircraft type 

• Flight frequency 

• Flight distance 

• Operating Airlines 

• Airport geographic location 

Airports in the OAG dataset belong to different geographic regions. OAG categorized 

airports by location based on the world region in which they are located. Table 1 lists the 

17 world regions defined by OAG.  
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Table 1: OAG world regions 

 Region Description 

1 AF1 Africa : North Africa 

2 AF2 Africa : Southern Africa 

3 AF3 Africa : Central/Western Africa 

4 AF4 Africa : Eastern Africa 

5 AS1 Asia : South Asia 

6 AS2 Asia : Central Asia  

7 AS3 Asia : South East Asia 

8 AS4 Asia : North East Asia 

9 EU1 Europe : Western Europe 

10 EU2 Europe : Eastern/Central Europe 

11 LA1 Latin America : Caribbean 

12 LA2 Latin America : Central America 

13 LA3 Latin America : Upper South America 

14 LA4 Latin America : Lower South America 

15 ME1 Middle East 

16 NA1 North America 

17 SW1 Southwest Pacific 

 

The two sources mentioned above can be used together to cover all World airports considered 

(3000+). The ICAO passenger data was organized in a MATLAB data structure to be used in the 

model. However, The ICAO data has many gaps in the records for some airports due to missing 

years. Inconsistent level of detail of the available records was another issue. The data consists of 

fields sorted by flight type and broken down into Embarked/Disembarked passengers in addition 

to total passengers. Some airports have only total passenger counts whereas others have them as 

breakdown of Embarked/Disembarked passengers. Figure 4 shows the procedure that we initially 

developed to use the OAG data to complement the ICAO data. However, The OAG data source 

was used as the main source due to the lack of quality in the ICAO dataset. 
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Figure 4: Use of OAG and ICAO passenger data sources to estimate demand for 3000 World 

airports 
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4 AIRPORT GROWTH MODEL 

The third step of the model shown in Figure 1 is intended to forecast the future air traffic demand 

using airport level information. This model is called The Airport Growth Model (AGM). The 

Airport Growth Model is a statistical regression model that uses several socioeconomic variables 

to forecast the number of passengers at each airport in various World regions.  

4.1 Model Variables 

4.1.1 Dependent Variable 

Historical data of passenger seats per flight is used as the model dependent variable. Data is 

extracted from the OAG dataset for 3,661 airports around the world. The dataset covers 10 years, 

from the year 2005 to the year 2014 for the majority of the airports. The Global Demand Model 

predicts the number of seats offered at the airport. The number of seats can be converted to 

number of passengers by applying load factors. 

4.1.2 Explanatory Variables 

Explanatory socioeconomic variables include population, GDP, and airline market share 

distribution. The model forecasts the number of seats offered at an airport, for that purpose all of 

the explanatory variables are related to the airport level activities. For example, population is 

interpreted as the population living within a catchment area around the airport (i.e., 60 nm 

radius). Similarly, GDP is the local GDP activity associated with a geographical region around 

the airport of interest. 

The relationship between GDP and historical demand was observed by examining the historical 

trends in the data. Figure 5 shows an example of a linear relationship between the two variables. 

On the contrary, Figure 6 shows more scatter in the points, the behavior of the dependent 

variable in this type of cases is affected by regional or operational factors that cannot be captured 

by the economic growth trends only. 
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Figure 5: Scatterplot of the historical number of seats vs. the Local GDP (60 nm) for HKG 

 

Figure 6: Scatterplot of the historical number of seats vs. the Local GDP (60 nm) for LHR 

Population and GDP are two of the most commonly used variables in regression models (Shen 

2006; Karlaftis et al. 1996). It is not recommended to use both variables in the model at the same 

time due to high correlation. Therefore, the two variables were combined in one variable. This 

new variable is calculated by dividing the GDP by the population in each cell in the grid to create 
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a GDP per capita at the 2.5-minute cell resolution. To associate this at the airport level, the total 

GDP per capita was calculated for catchment areas 60, 90, and 120 nm radii around the airport 

and named Local GDP per capita. The Local GDP per Capita for 60, 90, and 120 nm was used in 

the regression analysis and the resulting R2 values were very close. We used the 60 nm values in 

the model because using 90 or 120 nm is more time consuming and intensive data processing 

without significant improvements to the model results.  

The identification of catchment areas was a time consuming process due to the intensive 

processing power required to perform it. Using the computer described in section 3.2.1, the 

MATLAB script that we developed takes 12.5 seconds to identify the cells in the grid that are 

located within a specified radius from an airport. This means that it takes 12.71 hours to run the 

script for all 3,661 airports in the OAG dataset. 

Creating the population variable at the airport level was done by a MATLAB script that 

calculates the sum of population values within the catchment area by reading these values from 

the global grid. The global grid was created according to the procedure described in section 3.2.1 

and using the same computer specifications. It took 0.8 seconds to calculate the population in the 

60 nm catchment area for a single airport for one year. The total time required for creating the 

population variable for all airports from the year 2005 to the year 2040 would be 29.2 hours. 

Similarly, the time to calculate GDP within 60 nm catchment areas would be 29.2 hours as well. 

Therefore, multiple computers were used in parallel processing to reduce processing time.  

The processing time increases drastically for larger catchment areas. The calculation of 

population or GDP for 90 and 120 nm catchment areas takes 1.8 and 3.4 seconds per airport for 

one year, respectively. That means that it would take 65 hours to calculate a variable within 90 

nm for all airports from the year 2005 to the year 2040 and 124 hours (over 5 days) to calculate 

within 120 nm catchment areas.  

Local GDP per capita is the main variable used in our model. Generally, GDP per capita has 

been used as a main predictor variable in global air passenger forecasts such as the International 

Air Transport Association (IATA) forecast (Pearce 2015). Figure 7 shows how GDP per capita is 

considered a major driver of the air travel demand according to IATA. 
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Figure 7: GDP per capita as a major driver of air travel (Pearce 2015) 

 

Airline operations at an airport is an important factor that contributes to the passenger demand 

trends especially for airports in mature markets where the correlation between demand and 

economic growth alone is not enough to forecast demand. The relationship between market share 

changes and demand at an airport is presented in the model through the Herfindahl Index (H).  

The Herfindahl Index is a measure of the size of firms in relation to the industry and an indicator 

of the amount of competition among them (Gillen and Mantin 2009). In the Global Demand 

Model, it represents the competition between airlines operating at the airport. The value of (H) is 

calculated using Equation ( 1 ):  

  

𝐻 = ∑ 𝑠𝑖
2

𝑁

𝑖=1

 ( 1 ) 

 

Where: 

𝐻: Herfindahl Index (dimensionless) 

𝑠𝑖: Market share of airline (i) (fractional equivalent) 

𝑁: Total number of airlines operating at the airport  
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A high value of Herfindahl Index indicates less competition. For example, if one airline fully 

dominates a market, the value of H would be exactly 1.0. If two carriers serve a market with 

equal number of flights, the value of H would be 0.5. 

4.2 Model Specification 

The Airport Growth Model is a regression-based model. The model assumes that the operations 

at an airport are mainly driven by activities in the geographical region around the airport of 

interest. The relationship between variables is found through statistical analysis and is used to 

forecast future values of the dependent variable. 

Linear regression is the most commonly used form in travel forecast models (Karlaftis et al. 

1996) due to being simple and easy to apply for future projection. In our analysis, it was not 

practical to have a single model that fits the data well for all airports due to the global scope. The 

scope of the Global Demand Model covers airports with a variety of historical demand trends 

and includes multiple markets in the world with different socioeconomic characteristics. Figure 8 

shows the trends for Hong Kong airport (HKG) which is an example of high correlation between 

the demand and the Local GDP per capita.  

 

Figure 8: Historical demand and socioeconomic trends for Hong Kong airport (HKG) 
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On the other hand, for Cincinnati airport (CVG), Figure 9 shows an example of divergent trends 

that make it difficult for any model to find a relationship with a strong explanatory power. This 

last trend is attributed to unpredictable factors such as airline market decisions, political issues, 

financial crises, or other unforeseen factors. In this specific case of CVG, the airport used to be a 

hub for Delta Airlines until Delta decided to reduce the number of flights at CVG starting from 

the year 2005 due to financial reasons. This had a negative effect in the number of total 

enplanements at the airport. 

 

Figure 9: Historical demand and socioeconomic trends for Cincinnati airport (CVG) 

The Global Demand Forecast Model consists of a group of linear and nonlinear sub-models as 

shown in Figure 10. The purpose of having a group of sub-models is to maximize the predictive 

power of the model using one or more of the available predictor variables mentioned in 

Section 4.1. Each airport in the analysis is individually assigned the model specification that best 

fits the historical data according to R2 value as a measure of Goodness-of-Fit. Each of the sub-

models is identified by a number, Table 2 lists the number corresponding to each sub-model. 



 

18 

 

 

Figure 10: Regression models used to forecast airport growth 

Table 2: List of sub-models in the Global Demand Model 

Model ID Description 

1 Linear (Local GDP per capita) 

2 Nonlinear (Local GDP per capita) 

3 Linear (Local GDP per capita, H) 

4 Capacity Constrained (10%) 

5 Capacity Constrained (20%) 

6 Capacity Constrained (30%) 

7 Capacity Constrained (40%) 

8 Linear (Local GDP) 

Airports that have a minimum of 5 years of data and an increasing historical demand trend for at 

least the last 5 years of data are covered in the model. The minimum number of years of data was 

chosen to have a reasonable amount of data for a regression analysis taking into consideration 

that there are airports in the data set with a very low number of data years. The total number of 

airports that pass the above-mentioned criteria is 1,875 out of 3,661 airports. 

4.3 Linear Regression Models 

4.3.1 Linear Regression with Local GDP per capita 

This model uses the local GDP per capita as the explanatory variable described earlier in 

Section 4.1. We use the following model specification: 

Regression 
Models

Nonlinear 
Regression

Local GDP per 
capita

Capacity 
Constrained (4 

variants)

Linear Regression

Local GDP per 
capita

Local GDP per 
capita and 

Herfindahl Index
Local GDP 
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𝑌 =  𝑎 +  𝑏 ∗  𝐺𝐷𝑃 ( 2 ) 

Where: 

𝑌: Number of seats offered (seats) 

𝑎: Intercept  

𝑏: Coefficient 

𝐺𝐷𝑃: GDP per capita in the region bounded by a 60nm radius around airport (US$ billions) 

 

 
Figure 11: Linear model results (GDP) 

Results of this model are compared to the historical data and plotted against the 45-degree 

line. Figure 11 shows the results for all 1,875 airports. It can be observed that the majority of 

the points plotted are close to the 45-degree line except for some points where the model 

overestimated or underestimated the demand by a relatively large amount.  

The coefficient of determination, R2, is selected as the statistical measure of Goodness-of-Fit 

and was calculated for all airports. Figure 12 shows the distribution of R2 values for this 

model specification. The figure shows that many airports have low values of R2 below 0.5. 

Section 5 contains more analysis of the results and Goodness-of-Fit. 
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Figure 12: R-squared distribution for Linear model (GDP per capita) 

4.3.2 Linear Regression with Local GDP per capita and Herfindahl Index 

The Herfindahl Index described in Section 4.1 was added to the model in an attempt to 

improve the results by capturing the effect of the airline competition at each airport. The 

model specification is as follows: 

𝑌 =  𝑎 +  𝑏 ∗  𝐺𝐷𝑃 +  𝑑 ∗  𝐻 ( 3 ) 

Where: 

𝑌: Number of seats offered (seats) 

𝑎: Intercept 

𝑏, 𝑑: Coefficients 

𝐺𝐷𝑃: GDP per capita in the region bounded by a 60nm radius around airport (US$ billions) 

𝐻: Herfindahl Index 

The results of model specified in Equation ( 3 ) are compared to the historical data. Figure 13 

shows a plot of the data versus the predicted values using a 45-degree line for comparison. It can 

be seen that the majority of the points plotted are close to the 45-degree line except for some 
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points where the model overestimated or underestimated the demand by a relatively large 

amount. 

 

Figure 13: Linear model results (GDP, H) 

Figure 14 shows the distribution of R2 values for the new model specification. The figure 

shows that many airports have low values of R2 below 0.5. However, there is an 

improvement compared to the model presented in Section 4.3.1. Figure 14 shows an 

improvement in the number of airports with high R2 values with the introduction of 

Herfindahl Index (H). This helps increase the explanatory power of the model beyond using 

the Local GDP Per Capita as the only explanatory variable. Section 5 contains more analysis 

of the results and Goodness-of-Fit. 
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Figure 14: R-squared distribution for linear model (GDP, H) 

 

4.3.3 Linear Regression with Local GDP 

This model uses the local GDP around the airport of interest as the explanatory variable. This 

model is considered the simplest version of all sub-models included in the Global Demand 

Model. In our analysis, we used the following model specification: 

𝑌 =  𝑎 +  𝑏 ∗  𝐺𝐷𝑃  ( 4 ) 

Where: 

𝑌: Number of seats offered (seats) 

𝑎: Intercept 

𝑏: Coefficient 

𝐺𝐷𝑃: GDP in the region bounded by a 60nm radius around airport (US$ billions) 

The results of this model specification were plotted compared to the historical data. Figure 15 

shows the plotted points against the 45-degree line to present the overall Goodness-of-Fit for this 

model. 
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Figure 15: Linear model results (GDP) 

Similar to the other models presented previously in Section 4.3, the values of R2 resulted from 

applying this model varied from low to very high values. The distribution of R2 values is shown 

in Figure 16. 

 

Figure 16: R-squared distribution for linear model (GDP) 
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4.4 Nonlinear Regression Models  

4.4.1 Nonlinear Regression with Local GDP per capita  

This model uses the local GDP per capita as the explanatory variable. Equation ( 5 ) shows 

the model specification: 

𝑌 =  𝑎 +  𝑏 ∗ (𝐺𝐷𝑃)𝑑 ( 5 ) 

Where: 

𝑌:  Number of seats offered (seats) 

𝑎:   Intercept 

𝑏, 𝑑: Coefficients 

𝐺𝐷𝑃:  GDP per capita in the region bounded by a 60nm radius around airport (US$ billions) 

 
Figure 17: Nonlinear model results (GDP) 

Figure 17 shows the predicted values produced by the model and the historical data points 

plotted with the 45-degree line for comparison. The majority of the airports modeled yield 

points close to the line. However, the model overestimated or underestimated the demand by 

relatively large amount for some airports.  The distribution of R2 values using this model is 
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shown in Figure 18. The results show a modest improvement to the explanatory power of the 

model compared to the linear specification using Equation ( 2 ) with Local GDP Per Capita. 

 
Figure 18: R-squared distribution for nonlinear model (GDP) 

 

4.4.2 Nonlinear Regression with Local GDP per capita (Capacity-Constrained) 

All of the models presented so far predict the future demand under the assumption of 

unrestricted growth. For some airports, this assumption can be realistic because they operate 

at low volumes compared to their estimated throughput capacities. However, in mature 

markets where some airports operate at traffic volumes close to their estimated throughput 

capacities, it is more realistic to introduce a capacity limitation into the model in an attempt 

to explain the relationship between historical demand trends and socioeconomic variables. 

This model is expected to have reasonable long-term projection. 

The capacity-constrained model is based on the Logistic Function. There are many 

applications of the logistic equation in modeling where growth limitations are considered, 

population and market growth are two examples. The simple Logistic function is defined by 

Equation ( 6 ) (Wooldridge 2012). Figure 19 shows an example of the standard “S” shape 

curve of the logistic function with curve’s maximum value 𝐿 = 1. 
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𝑌 =  
𝐿

1 + 𝑒−𝑥
 

 

( 6 ) 

Where: 

𝑌: The dependent variable 

𝐿: The curve’s maximum limit 

𝑥: The independent variable 

 

 

Figure 19: The logistic function 

 

In our model, Equation ( 7 ) shows the general capacity-constrained model specification. It is 

based on the logistic equation with the term 𝐶 as the saturation capacity of the airport.   

𝑌 =  
𝐶

1 + 𝑏 ∗ 𝑒−𝑑∗𝐺𝐷𝑃
 ( 7 ) 

Where: 

𝑌:  Number of seats offered (seats) 

𝐶: Estimated capacity of the airport (passengers) 
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𝑏, 𝑑:  Coefficients 

𝐺𝐷𝑃:  GDP per capita in the region bounded by a 60nm radius around airport (US$ billions) 

A crude method to estimate the airport capacity (𝐶) in Equation ( 7 ) was used. The capacity is 

assumed to range from 10% to 40% above the highest value of passenger demand in the last 5 

years of data. This provided four capacity-constrained model variants with increments of 10%. 

The four variants of the capacity-constrained model were executed for all World airports. Figure 

20 shows the results of all variants plotted against the data with a 45-degree line for comparison. 

 

(a)      (b) 

   

(c)      (d) 

Figure 20: Capacity-constrained model results (a) 10% (b) 20% (c) 30% (d) 40% 
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Figure 21 presents the distribution of R2 for the four variants of the capacity-constrained model. 

Having multiple variants is intended to improve the model results by achieving higher R2 values. 

The utilization of each model variant is presented by how frequent it was selected as the best 

fitting model for airports in the analysis. This is presented in Section 5.1.  

 

(a)      (b) 

   

(c)      (d) 

  Figure 21: R-squared distribution for capacity-constrained model (a) 10% (b) 20% (c) 30% (d) 

40% 
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4.5 Model Selection 

The methodology in selecting the best model for each airport starts by executing all models 

shown in Figure 10 for all airports in the dataset. The results of each model are compared in 

order to select the best model that provides the highest correlation for each airport individually. 

The model selection decision is made based on selecting the highest R2 value among all results of 

the group of models shown in Figure 10. 

As a sanity check, the future projection resulted from the selected model for each airport was 

examined to avoid negative future trends. This check was necessary because for some airports 

the historical trends of the local GDP per capita do not reflect the actual economic trends. This 

issue resulted from the fact that the available data is limited to the period between the year 2005 

and the year 2014 where some economies suffered from economic crisis at different levels, and 

that creates an issue since population continued to growth at a faster rate than GDP for a number 

of years. For example, Dubai International airport (DXB) population and Local GDP trends are 

shown in Figures 22 and 23, respectively. When the Local GDP per capita is used, the trend is 

shown in Figure 24 and producing an inaccurate model. 

 

Figure 22: Population 60 nm around DXB 
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Figure 23: GDP 60 nm around DXB 

 

Figure 24: Local GDP per capita 60 nm around DXB 

In order to overcome this problem, the model selection algorithm was modified to identify 

airports with decreasing future projections and reassign a different model. The selected new 

model is the (Local GDP) model that avoids the misleading trends for airports with cases similar 

to the described above by using the economic growth (GDP) only as the predictor variable. 
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Figure 25 shows the result of the (Local GDP) linear regression model for Dubai International 

airport (DXB). The Model Selection procedure takes into consideration that the highest R2 does 

not necessarily provide the most accurate forecasting model all the time (Karlaftis et al. 1996).  

 

Figure 25: Regression Model (Local GDP) results for DXB airport 

For airports having a decreasing demand trend over time, similar to the trend shown in , the 

modeling procedure varies because a regression model using the same explanatory variables will 

produce negative numbers over time which is not a realistic outcome for most airports showing 

this behavior. The logic of modeling for this group of airports is described in Section 4.5.  
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4.6 Forecast for Airports with Decreasing Trends  

This group of airports consists of 1,142 airports, equivalent to 31% of the airports in the dataset 

studied. Figure 26 shows the breakdown of airports by historical demand trend. For airports with 

decreasing trends, Using the regression models with the socioeconomic variables mentioned in 

Section 4.1 results in negative coefficients that lead to unrealistic results.  

 

Figure 26: Breakdown of airports by historical demand trend 

In this project, it is assumed that each airport will recover and start growing in the future. This 

approach is based on the long-term assumption that economic growth will drive more demand in 

the future. The Federal Aviation Administration (FAA) Terminal Area Forecast (TAF) (FAA 

2013) uses a similar approach. Figure 27 shows an example of the TAF forecast for 

Cincinnati/Northern Kentucky International Airport (CVG). 

12%

57%

31%

No Enough Data

Increasing Historical Trend

Decreasing Historical Trend
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Figure 27: TAF forecast for Cincinnati/Northern Kentucky International Airport (CVG)(FAA 

2013) 

The TAF values of future growth rates are derived from the Table 3, the Annual Compound 

Growth for an airport is selected based on the forecasted growth rates of airports with similar 

size.  

Table 3: Summary of enplanements according to Table S5 in Terminal Area Forecast 2013 (FAA 

2013) 

Enplanements at Towered Airports 

  Count 2012 2040 
Annual Compound Growth 

Rate 2012-2040 

Large Hubs 29 516,724,328 872,685,971 1.88 

Medium Hubs 34 126,633,945 207,105,899 1.77 

Small Hubs 77 63,871,759 96,428,368 1.48 

Non Hub Towers 375 19,225,942 32,253,515 1.86 

Total 515 726,455,974 1,208,473,453 1.83 

 

According to the TAF model and report, an airport is considered a large hub if it serves a total of 

1% or more of total passenger enplanements in the U.S. A medium hub airport serves between 

0.25% and 0.99%, a small hub from 0.05% to less than 0.25% and a non-hub airport enplanes 

less than 0.05% of total U.S passengers (FAA 2013). 
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In our model, Annual Compound Growth rates are applied to airports by geographic region. A 

default value of 1.8% is set in the model. This value represents a suggested modest growth rate. 

However, the user can change the value for any of the 17 World regions mentioned in Table 1 in 

Section 3.2.3.  
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5 GLOBAL DEMAND MODEL RESULTS AND ANALYSIS 

5.1 Model Selection Results 

In order to achieve the best results, all of the sub-models mentioned in Sections 0 and 4.4 were 

executed for the 1,875 airports and the model specification for each airport was individually 

assigned according to procedure in Section 4.5. Figure 28 shows the frequency at which each 

model specification was selected as the best fitting model before the addition of Model 8. All 

Models are identified by numbers listed in Table 2. 

 

Figure 28: Model assignment before adding Model 8 

Figure 28 shows that the most frequently assigned models were Model 3 with 41% followed by 

Model 2 with 32% and Model 7 with 12% of all modeled airports. The analysis was executed 

again after adding Model 8 to the group of sub-models. The results of the modified model 

selection algorithm are shown in 29. 
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Figure 29: Model Assignment after adding Model 8 

29 shows that the top three assigned models were Model 8 with 55%, Model 3 with 26%, and 

Model 7 with 7% of all modeled airports. In other words, the simplest model specification with 

Local GDP as the main demand driver has the largest share of the total airports in the analysis. 

The GDP is considered a key predictor variable according to previous similar analyses  (Marazzo 

et al. 2010; Gillen 2009). When the results in Figures 28 and 29 are compared, it is evident that 

the majority of airports that initially used Model 2 migrated to Model 8.  Airports from Models 

2,3, and 4 make up the majority of airports that were assigned Model 8, The breakdown of 

airports by their initial model assignment is shown in Figure 30.  
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Figure 30: Initial model assignment for airports that switched to Model 8 

Countries around the world showed different model assignment trends. For example, the model 

assignment distribution for airports in the United States is shown in Figure 31. The trend of the 

model selection in the United States is similar the global trend shown in Figure 29, the most 

frequently selected models are models 8 and 3 in that order.  

 

Figure 31: Model assignment distribution for the United States 

Others, 
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Another trend example is China, an economy with a recent aggressive growth. Figure 32 shows 

that the most frequently selected model in China was model 7, the capacity-constrained (40%), 

which is different from the global results shown in Figure 29. 

 

Figure 32: Model assignment distribution for China 

A possible explanation to the contrast in trends between the United States and China is that both 

economic and demand growth rates were aggressive in China. The steep growth trend makes the 

capacity-constrained models fit the data better because this behavior matches the general shape 

of the logistic function shown in Figure 19. It is reasonable to select the capacity-constrained 

models for the aggressively growing trends because it helps avoid overestimation for the long 

term forecast. Figure 33 shows the forecast produced by model 7 for Changchun Longjia 

International Airport (CGQ) in China.  
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Figure 33: Forecast for CGQ 

5.2 Goodness-of-Fit 

The results of all models combined are plotted to show the overall Goodness-of-Fit for the 

model. Figure 34 shows the Data versus the predicted number of seats plotted against the 45-

degree line. 
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Figure 34: Combined Model Results 

The R2 results of model selection algorithm are presented in Figure 35. Although there is a 

number of airports with low R2 values, the overall distribution has improved compared to any 

individual sub-model presented in Sections 0 and 4.4. 

 

Figure 35: R-squared distribution for combined model results 
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As an additional measure of Goodness-of-Fit in the model, the Prediction Error was calculated 

for each airport and saved with the results for reference. This parameter measures how far the 

predicted values of a model are deviated from the original data. Prediction Error is calculated 

using Equation ( 8 ). 

𝑃𝐸 =  
|�̂� − 𝑦|

𝑦
  

( 8 ) 

  

Where: 

𝑃𝐸: Prediction Error (Fraction) 

�̂�: Predicted value 

𝑦: Observed value 

For example, Logan International Airport at Boston (BOS) has a low R2 value of 0.116. 

However, the deviation of results from the original data is within +/- 3%, which can be 

considered a reasonable range for forecasting purposes. Therefore, the model is still considered 

acceptable with the current R2 value. Figure 36 shows an example of applying a suggested 

threshold of +/-5% prediction error. It is noted that for such threshold, all predicted points are 

within the acceptable range. The reason of the low R2 value is the presence of outliers in the data 

and the limited number of data points. 
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Figure 36: Model results vs data for BOS with upper/lower limits +/-5% Prediction Error 

Many airports have relatively low values of R2. However, these values did not necessarily 

correspond to high prediction errors. A number of airports had relatively low prediction errors 

despite having low R2 values. These airports are shown in the lower left quadrant of Figure 37. 

Conversely, there were instances where high R2 values corresponded to high prediction errors as 

shown in the upper right quadrant of Figure 37. This shows that though R2 can be informative 

about the model performance, it is far from conclusive. 
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Figure 37: R-squared vs. Prediction Error 

5.3 Sample Forecast Output 

Below are a few examples of forecast generated by the model for multiple airports around the 

world. The figures show how the model tracks the historical data and estimates the future 

demand using the sub-model assigned by the Model Selection algorithm described in 

Section 4.5. The model ID is indicated on the graph of each airport. The description 

corresponding to each Model ID can be found in Table 2. 
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Figure 38: Forecast model for JFK 

 

Figure 39: Forecast for PEK 
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Figure 40: Forecast for SAN 

 

Figure 41: Forecast for CVG 

On the other hand, the model provides the freedom to the user to exclude the choice of a capacity 

constrained model for airport in the analysis if only unrestricted growth forecasts are desired. 

Figure 42 shows the forecast for capacity-constrained model (40%) for JFK compared to the 

unrestricted linear regression. 
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Figure 42: Capacity-constrained model for JFK 
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6 CONCLUSIONS 

The Global Demand Model developed in this project estimates the number of seats offered at 

airports Worldwide. The model applies regression using GDP, population, and Herfindahl Index 

for airline market share at the airport as explanatory variables. The Global Demand Model 

utilizes a family of regression models that includes 3 linear models, 5 nonlinear models, and a 

fixed growth rate model. Each airport is individually assigned the model that best fits the 

historical demand data. The model assignment is conducted through an algorithm that first 

considers the R2 value as its initial criterion. It then checks the assignment against underlying 

assumptions to see if the assignment is valid and reassigns if necessary. 

The Global Demand Model covered 3,017 airports in the forecasting efforts. Regression analyses 

were performed for 1,875 airports that exhibited a positive historical trend for the last 5 years of 

data. For the remaining 1,142 airports, a fixed annual growth rate method was applied. 

The most commonly assigned model, Model 8, was also the simplest. Model 8 was assigned to 

55% of the airports in the regression analyses. It solely used GDP 60 nm around the airport as 

the explanatory variable for the number of seats. 

The R2 values were used to measure the model performance. However, when compared against 

the respective prediction errors, it was demonstrated that the R2 was an imperfect measure of 

model performance. This conclusion resulted from the fact that a number of airports had 

relatively low prediction errors despite having low R2 values. 

The output of the model consists of three tables that contain model selection results, forecast 

generated by regression, and forecast generated by fixed growth rates all. In addition, the model 

produces an individual plot of the forecast for each airport.  
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7  RECOMMENDATIONS AND FUTURE WORK 

The Airport Growth Model developed in this thesis can serve as the basis for modeling the 

distribution of passengers on the global air transportation network. This represents the fourth step 

of the Global Demand Forecast Model as shown in Figure 1.  

For the sub-model described in Section 4.3.2, future Herfindahl Index values are necessary to be 

able to produce future passengers forecast. The Global Demand Model currently assumes that the 

market shares are going to stay the same beyond the year 2014. Researching the availability of 

airline market shares forecast is important to replace the current numbers in the model in order to 

have even more enhanced results. 

The rough estimation of capacity in the capacity-constrained models can be replaced with a 

procedure that uses airport data such as the number of runways, runways configuration, and the 

length of runways. This procedure can make the model selection procedure and the forecast 

results more accurate.   

Prediction error can be utilized in model assignment. As shown in our analysis, R2 is not always 

representative of the model performance. The model selection algorithm can be modified to 

include the prediction error in the process along with R2 values. 

Investigate additional variables that might improve the regression models performance. The cost 

of travel can also be used. Airport specific characteristics such as the number of runways and the 

number of nearby airports can also be used to enhance the model.  

Investigate other model formats. Future works can research additional model specifications to be 

added to the family of models to rather maximize the ability of the regression models to capture 

the relationships between the dependent and independent variables. 

Acquiring more data years for the model is recommended to improve the regression model 

performance. Updating the data used in the model whenever new releases of population or GDP 

datasets are available is recommended to keep the model variables up-to-date with the latest 

forecasts.  
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APPENDIX A – SCREENSHOT OF MODEL SELECTION RESULTS MATLAB 

STRUCTURE FILE 
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APPENDIX B – List of MATLAB Scripts for The Global Demand Model Analysis 

 Script Name Description 

1.  GPW_read.m 

Reads GPW data and returns a 3432x8640 

matrix for the selected year, 2.5 minute 

resolution cells 

2.  Read_UN_population_Historical.m 

Imports the UN population data for years 

2000-2010 from the provided spreadsheet 

from the UN website 

3.  Read_UN_population.m 

Imports the UN population projection for 

years 2010-2040 from the provided 

spreadsheet from the UN website 

4.  Geoshow_GPW.m Plots a color map of population data 

5.  Gridded_pop.m 

Distribute the country level population to 

the 2.5 minute resolution grid saved by 

year 

6.  identify_countries.m 

Reads countries ID matrix from the GPW 

data and creates Countries_Info.mat file 

where population and other information 

about each country is stored.  

7.  catchment_area_POP.m 
Finds Population within catchment areas 

around airports 

8.  Cell_proportion.m 

finds the proportion of each cell in the grid 

according to the population distribution 

pattern in GPW 

9.  catchment_area.m 
Finds cell indices surrounding airport in 

catchment area within a specified radius 

10.  catchment_area_GDP.m 
Finds GDP within catchment areas around 

airports 

11.  country_to_grid.m 
Converts GDP data from country level to a 

global grid of 2.5x2.5 minute resolution 



 

52 

 

12.  GDP_Beyond_2030.m 

Extrapolation of GDP for years beyond 

2030 (USDA forecast) and calculation of 

GDP per capita around airports  

13.  Local_GDP.m 
calculate the loacl GDP per capita in 

catchment areas around airports 

14.  Read_USDA_GDP.m Import GDP data from USDA spreadsheet 

15.  apt_coordinates.m 

This function finds the airport coordinates 

from the struct file "airport_info" and 

returns both lat and lon of the current 

airport 

16.  G_ECON_GDP.m 
This script creates a grid of G-econ GDP 

data and plots the values on the map 

17.  GDP_National_to_Grid.m 
Convert GDP from National to Grid Level 

by country 

18.  Gridded_GDP.m 

This script transforms the 1-degree 

resolution GDP matrix to 2.5-minute 

resolution matrix (it also distributes the 

values to cells within countries borders) 

19.  Read_GDP.m Import data from spreadsheet 

20.  Import_OAG_Data.m 
Reads the OAG Schedule file and returns a 

struct array 

21.  OAG_Airlines_Analysis.m 
Find OAG total seats per airport per carrier 

by year 

22.  OAG_Totals_zero_stops.m Find OAG total seats per airport by year 

23.  OAG_Summary.m 
Reformatting OAG data by airport instead 

of by year 

24.  Herfindahl_index_calculation.m 
Calculation of Herfindahl Index by airport 

by year 

25.  OAG_Summary_Herfindahl.m 
Adding Herfindahl Index to 

OAG_summary 
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26.  Read_Airport_List.m 
Import airport data (ID, coordinates, 

region…etc) from OAG spreadsheet 

27.  Read_OAG.m 
Read and save OAG data for each year 

divided into 2 parts (to reduce file size) 

28.  Split_variables.m 
Split the fields of large OAG data to 

separate struct files to reduce the file size 

29.  Airport_list_all.m Create the airport list of all airports in OAG 

30.  Decreasing_Trend_AGR.m 
Annual Growth Rates (AGR) for airports 

with decreasing trend 

31.  LinearRegression_ALL.m Model 1 

32.  NonLinearRegression_ALL.m Model 2 

33.  LinearRegression_ALL_GDP_Herfindahl.m Model 3 

34.  NonLinearRegression_cap_ALL_10.m Model 4 

35.  NonLinearRegression_cap_ALL_20.m Model 5 

36.  NonLinearRegression_cap_ALL_30.m Model 6 

37.  NonLinearRegression_cap_ALL_40.m Model 7 

38.  LinearRegression_GDP_ALL.m Model 8 

39.  Regression_Analysis.m Run the complete regression analysis 

40.  Regression_model_selection.m Model selection algorithm 

41.  Regression_model_selection_part2.m Model selection algorithm (2nd iteration) 

42.  Airport_all_Trends.m Plot the trends of airport data 

43.  Airport_Trends_normal.m 
Plot normalized passengers and GDP 

trends 

44.  Airport_Trends_variables.m 
Plot the Dependent vs. Independent 

variables 

45.  Get_Growth_Rate.m 
Return the fixed growth rate of airport by 

respective region 

46.  Plot_Airport_List.m Plot a list of airports on the world map 

47.  Plot_Forecast_Model.m 
Plot the forecast result of the model for 

individual airport 

 


