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ABSTRACT 

 This dissertation develops machine-learning models to predict the airline on-time 

performance using different types of variables. The second chapter details a methodology 

developed to improve performance of the model and improve the prediction of a minority class 

when working with an imbalanced dataset. The third chapter develops a machine learning 

framework to classify whether the flight is on-time or delayed using factors/variables under the 

supervision of an airline company’s decision maker. With the application of the methodology 

developed in the second chapter, the proposed framework obtains better results than those in the 

literature. Chapter 3 uses data from Federal Aviation Administration from January 2015 to 

December 2017 across all US airports for domestic flights.  Finally, in the fourth chapter, the 

impact of weather variables, aircraft variables, airport variables and scheduling variables that were 

not considered before, on predicting the delays are studied. Furthermore, this model developed in 

the fourth chapter also provides an airline company decision maker with answers to three 

questions:  is the flight delayed, if delayed what is the cause of the delay and by how much time 

was it delayed. The study uses three different types of classifications, i.e., binary classification, 

multi output classification and multi label classification to answer the three questions in the 

respective order. There are multiple goals of the dissertation: 

1. Develop a framework to get better performance from imbalanced datasets using different 

machine learning algorithms.  

2. To predict airline delays to help airline companies using different machine learning 

algorithm.  

3. If the flight is delayed, to predict the reasons of delay and the impact of delay in terms of 

time.   
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Chapter 1 

1. INTRODUCTION

1.1. Motivation 

The demand for air transport has increased over the last few decades. On average 44000 

flights flew carrying 2.9 Million passengers and 121 Billion pounds of freight daily in 2018. 

Between 2011 and 2017, the total number of commercial flights operating in a year decreased by 

around 6.7%, while the total number of delayed minutes increased by the same percentage (Figure 

1.1.1). Although the number of flights1 has declined since 2013, the ratio between total delay 

minutes per year to the number of flights has increased. The Federal Aviation Agency (FAA) 

forecast predicts that flight operations will increase by nearly 35% in the next 20 years, i.e., around 

1.5% each year for all commercial airlines (Aviation Administration, n.d.), which is likely to 

increase the total delays even further. According to the National Center of Excellence for Aviation 

Operations Research (NEXTOR) Report published in 2010, the total cost (direct and indirect cost) 

of domestic airline delays to the US economy was around $32 Billion in 2007 (Ball et al., 2010). 

The total cost to the US economy due to the airline delay was around $26.6 Billion in 2017 

(Airlines For America, 2018). The cost to airlines fell from $82.2/minute to $68.48/minute, while 

the cost to passengers increased from $37.6/hour to $49/hour between 2007 and 2017 (Airlines 

For America, 2018; Ball et al., 2010). Over the next 20 years, the number of passengers traveling 

via commercial airlines is expected to grow from 840.8 Million in 2017 to 1.28 Billion (Bureau of 

Transportation Statistics, 2017).   

1 Commercial Domestic flights are referred as flights throughout the report. 
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Figure 1.1.1: Number of Flights vs Delayed Minutes (2011-2017) 

 

Figure 1.1.2: On-Time Airline Performance (Jan 2017- Dec 2017) (Bureau of Transportation 

Statistics, 2017) 

With the expected increase in passengers and cargo transported using airlines, the per 

minute and the total cost due to airline delays is likely to increase substantially.  Statistical models 

can be utilized to assist airlines in predicting flight delays. Thus, the goals for this dissertation are 

to develop classification models for airline delays and predict the amount of delay time using 

different machine learning algorithms using different factors (controllable and uncontrollable 
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variable). The classification and prediction models can assist airlines in reducing cost due to airline 

delays through improved decision making.  

Table 1.1.1: On-Time Airline Performance (Jan 2017 - Dec 2017) (Information, 2018) 

 

Federal Aviation Agency (FAA) classifies a flight as delayed if it is late by 15 minutes or 

more than the scheduled time of arrival. There are five categories of delay:  Air Carrier Delay, 

Weather Delay, National Aviation System Delay, Security Delay, and Aircraft Arriving Delay. In 

2017, more than one million flights were delayed accounting for 65 million delay minutes. In 2017, 

aircraft arriving late accounted for 39.36% of the total delay minutes. Weather delay just accounts 

for delay caused due to extreme weather. While National Aviation System delay also accounts for 

delays caused by bad weather conditions. Overall weather related events accounted for 20% of 

total delay minutes and 5% of the total number of delayed flights (Figure 1.1.2, Table 1.1.1). 

While the dissertation research provides various interesting results that are discussed in 

detail, the major contributions are as follows: 

i. Develop a heuristic methodology to learn better from imbalanced datasets 

ii. Predicting flight delays by expanding the list of variables included in the 

classification and prediction models.  

Number of 

Operations

% of Total 

Operations

Delayed 

Minutes

% of Total 

Delayed Minutes

On-Time 4,549,924    80.18% N/A N/A

Air Carrier Delay 285,059       5.02% 20,516,802  31.17%

Weather Delay 28,581         0.50% 2,799,759    4.25%

Nation Avation System Delay 330,590       5.83% 16,500,787  25.07%

Security Delay 1,802           0.03% 94,170         0.14%

Aircraft Arriving Late Delay 383,443       6.76% 25,905,070  39.36%

Cancelled 82,693         1.46% N/A N/A

Diverted 12,530         0.22% N/A N/A

Total Operations 5,674,622    100.00% 65,816,588  100.00%
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iii. Show comparable efficacy of classification rates by using only decision control 

variables as compared models reported in prior studies.  

iv. Examine the cause of delays and evaluate delays as a multi group classification 

problem.  

 

Figure 1.1.3: Cost Trends 

1.2. Outline of Dissertation and Contributions 

The dissertation addresses a two-fold problem: 1. Airline delays are classified using distinct 

types of variables and various machine learning classification algorithms. 2. When a flight is 

delayed, we examine the key questions that a decision maker will ask such as “why” and “what is 

the impact.” To answer these questions, we classify delays into its five distinct reasons and classify 

the time of delay into 15-minute groups.  
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Figure 1.2.1: Dissertation Framework 

The dissertation consists of six chapters. The flowchart below (Figure 1.2.1) provides a 

summary of the research for the dissertation. We start with the methodology that we develop and 

 1. Introduction: Introduction to the 

dissertation and the problem 

2. SCSID Methodology: Heuristic 

Methodology to improve 

performance for imbalanced 

dataset 

3. Airline on-time classification 

using decision review variables 

using ML algorithms 

4. ML algorithms to predict flight 

delay, delay time and delay 

reason 

5. Conclusion: Provides concluding 

remarks for the dissertation 

6. Future Research: Explores future 

avenue of research from this 

dissertation 
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then go to the next step of using the machine learning algorithms and the methodology provided 

in chapter 2 to classify the airline delays. The summary of the chapters is provided below.  

The second chapter introduces a new methodology for dealing with imbalanced datasets. 

The flight performance data shows that 80% of the flights are on time (majority class), while 20% 

are delayed (minority class), i.e., shows an imbalance. Imbalance in a dataset can adversely impact 

the validity of the results obtained through classification techniques (García & Herrera, 2009; 

Mahani & Riad Baba Ali, 2020). The issue becomes more critical when detecting the minority 

class is more important. The chapter proposes a framework for working with imbalanced datasets 

using a hybrid approach. The proposed approach uses sampling and loss functions to improve the 

predictions of the minority class. The applications of the methodology are discussed by applying 

it to various case studies and outlining the advantages and limitations of the methodology. The 

second chapter introduces the methodology for imbalanced data which is used in the third and the 

fourth chapter while classifying delays using machine-learning algorithms.  

The third chapter predicts airline performance using machine-learning algorithms utilizing 

controllable variables that are under review of the decision makers at an airline company, e.g., the 

scheduling variables, aircraft type, airports, etc. This main highlight of the paper is that we were 

able to obtain results similar to previous studies, while not using any additional uncontrollable 

variables such as weather. Another highlight of the paper was to study the impact and efficiency 

of the proposed methodology. Depending on the class weights, we were able to increase the 

minority class (delay) prediction from 30% to 85%. The paper also introduced new variables such 

as aircraft size, airport size, carrier hubs that no prior study had examined. These variables proved 

to be extremely helpful in increasing the prediction rates.  
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The fourth chapter aims to improve the classification of airline performance by including 

additional variables such as weather, airport, and airplane factors along with the factors/variables 

used in the third chapter. The reason to expand the variables and conduct multi-output 

classification is to get a better understanding of the relationship between the variables and five 

different type of delays. We address three questions that may help a decision maker, that what is 

happening – flight is on time or delayed, why is it happening – if delayed what is the cause of the 

delay, and what is the impact of the delay – by how much time will the flight be delayed. This 

provides an application-based framework for decision makers as it provides them with valuable 

inputs required to make a well-informed decision.  

The fifth chapter provides the conclusion to the dissertation by highlighting the important 

findings and contributions. Chapter six discusses the future work from the dissertation. It 

highlights the major gaps in the study and what needs to be done next in this research. It also 

provides some key ideas on the future application of the study done in this dissertation. 

1.3. Summary 

This chapter outlines the motivation for this study and provides an overview of the studies 

outlined in the subsequent chapters.  
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Chapter 2 

2. LEARNING FROM IMBALANCED DATASETS – A 

SAMPLING AND COST-SENSITIVE TRAINING FOR 

IMBALANCED DATASET (SCSID) METHODOLOGY 

Abstract 

Many events that impact society and require human decisions are uncommon. These events when 

stored in a data format can cause the dataset to be imbalanced. Detecting the minority class from 

an imbalanced dataset is an important classification challenge in data mining and machine 

learning. Classification approaches work well with balanced data, but their efficacy is diminished 

when applied to datasets that have a large disparity in class ratios. In this paper, we provide a 

hybrid heuristic methodology for improving predictions when using imbalanced datasets. The 

methodology suggests using sampling methods and cost functions for improving the efficacy of 

classification techniques in predicting the minority class. Three different databases with varying 

imbalance ratios and applications were used to show the usability of the proposed methodology 

and the improvement it offers over other approaches. 

Keywords: Imbalanced Dataset, Minority Class Classification Methodology, Machine Learning.  

2.1. Introduction  

Many challenges utilized to solve with machine learning algorithms represent relatively 

rare events that are classified as minority classes. For example, a dataset of medical claims or 

insurance claims can contain fraudulent cases, but the percentage of such claims is likely to be 
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small (minority class). In assessment of such datasets, the minority class (fraudulent cases) can 

easily be overshadowed by the majority class (regular cases). Thus, developing methods to study 

class imbalance problems are gaining traction over the years. Especially with the type of problems 

that we, as a society, are trying to solve, there are many applications for imbalanced datasets in the 

real world. Various methodologies and algorithms are being used with imbalanced datasets, but 

the performance has been mixed and to compound the issue the complexity of the algorithms has 

increased significantly. For example, in study of predicting airline delays using Machine Learning 

Algorithms, (Choi et al., 2016) , the overall accuracy that the team found while using Random 

Forest Algorithm was 83% but the True Positive Rate was 94% while the True Negative Rate was 

22%, i.e.,  the model is underperforming when it comes to predicting the airline delays, the 

minority class. Another example of this is seen in the oil spill detection using machine learning 

study, (Kubat et al., 1998). In the study, accuracy for 1-NN (Neural Network) algorithm is 67%, 

but the True Positive Rate is 54% while the True Negative Rate is 83%.  

In this paper, we propose a new methodology to help improve the classification efficacy of 

machine learning algorithms in imbalance datasets.  

It is important to get better insights on the nature of the datasets to get a better handle on 

how they can be used for better decision making. With the growth in computing power, Artificial 

Intelligence/Machine Learning methods can provide significant and timely insight for problems 

with big data. Vast availability of sensors has gained a lot of importance and with the growth in 

data, computing power, and applications such as internet of things it is likely to only go higher. 

Traditional approaches normally segment data into structured vs. unstructured data. Structured 

data uses a predefined format or definition (Chen, 2019; Gandomi & Haider, 2015; O’Leary, 2013) 
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whereas unstructured data does not follow any predefined format or data dictionary. Another way 

to look at the data is from the perspective of balance. As data capture aggregation of events and 

occurrences, the ratio of these events can be balanced or imbalanced. Using the typology of 

structured vs. unstructured and balanced vs. imbalanced datasets, we get four types, i.e., Structured 

Balanced, Unstructured Balanced, Structured Imbalanced, and Unstructured Imbalanced Datasets 

(Table 2.1.1). In this paper, we focus on developing a methodology for structured imbalanced 

datasets. 

Table 2.1.1: Examples of different types of datasets 

Type of data Example 

Structured Balanced Iris Data (Dua & Graff, 2017b) 

Email Password Data   

DMV Data 

Unstructured Balanced Sensor (RFID) Data, 

MNIST Data (Number recognition from image) (Y. LeCun et 

al., 1998) 

Structured Imbalanced Extreme Weather Data (NOAA, n.d.) 

Airline On-time Performance (Information, 2018) 

Credit Fraud (Dal Pozzolo, 2015) 

Unstructured Imbalanced Social Media Data (O’Leary, 2013)  

Data from the Internet (O’Leary, 2013) 

 

2.1.1. Class Imbalance Problem 

Data scientists and analysts investigate rare events, unusual patterns, or abnormal behavior 

such as natural disasters, fraud detection, software defects, etc. to understand when these events 

occur and plan to mitigate the effect of these events. While these are rare events, the impact of 

these events can be very severe and can cost Billions if proper planning is not made (Gleick, 2011; 

Yu et al., 2012a, 2015, 2016b). We frequently face datasets where the occurrence of one of the 
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events is very rare when compared to the other events. As a decision maker, it is important to 

understand these rare events and their impact. 

To predict the minority class accurately using machine learning algorithms, it is important 

to eliminate the bias towards one particular class. Hence eliminating bias is an important aspect of 

the preprocessing for machine learning problems (Haixiang et al., 2017) using different approaches 

such as sampling methods, loss-functions, and specialized machine learning algorithms. Different 

sampling methods such as over-sampling or under-sampling or a mixture of both are used. The 

sampling methods use the majority and minority class distribution to increase or decrease the 

number of points depending on the sampling techniques used. Loss-functions are being used to 

improve the classification rate of minority class when sampling is difficult or not used (Haixiang 

et al., 2017). Loss-functions are defined by the decision makers irrespective of the class 

distributions to reduce the error rate, i.e., a minority class loss function is set higher than the 

majority class. This ensures that the recall rate for the minority class increases. For example, in a 

dataset that has 15% of the total data points as minority class, the decision maker can set the loss 

function of majority class as ‘1’ while that of the minority class as ‘2.’ Hence, the distribution or 

the size of the dataset are not considered when using the loss function method.  

In this paper, we design a hybrid methodology using sampling and cost sensitive training 

methods for classification of the minority class in imbalanced datasets. The main idea of the 

methodology is to use leverage sampling and cost-sensitive training to improve the classification 

of the minority class while using any classification-based machine learning algorithms. We use 

the proposed methodology on three different datasets that were publicly available for validation. 

We also provide a comparison between the proposed methodology and other available methods. 
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The results show that the proposed methodology provides better results as compared to other 

commonly used techniques for imbalanced datasets. 

The key contributions of this paper are: 1. We develop a new method that uses sampling 

and cost-sensitive methods together for improving performance for imbalanced datasets. 2. We 

use a search algorithm for finding the optimal set of loss function based on the objective function 

set by the decision maker. 3. We implement the methodology with different algorithms, and 4. We 

analyze the performance of the methodology against traditionally used methods across three 

different datasets. 

This paper is organized as follows: we provide a review on the recent studies and 

application of sampling methods and loss functions in Section 2.2. Section 2.3 describes the 

proposed methodology. Section 2.4 provides computational results. Section 2.5 provides the 

conclusion and discussion.  

2.2. Literature Review 

Classic machine learning algorithms such as logistic regression, support vector machines, 

decision tree, etc. are best suited for balanced datasets.  However,  applications of these algorithms 

is challenging when the dataset is imbalanced (Haixiang et al., 2017; Yu et al., 2015; Xinglin 

Zhang et al., 2015b; Y. Zhang et al., 2014; Yong Zhang et al., 2014; Zhao et al., 2011). Over the 

last decade, the amount of data collection and need for analyzing big data has increased drastically. 

Organizations are investing heavily in analytics to not only manage daily operations but also 

predict customer behavior. It is interesting to note that organizations are increasingly investigating 

datasets that are highly skewed and in the process organizations are addressing the issue of 
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imbalance with better efficiency (Haixiang et al., 2017; Yu et al., 2015; Xinglin Zhang et al., 

2015b; Y. Zhang et al., 2014; Yong Zhang et al., 2014; Zhao et al., 2011). 

The research and methodologies to address an imbalanced dataset can be classified into 

three main categories: Sampling techniques, Cost-sensitive learning, and application of ensemble 

machine learning algorithms (Haixiang et al., 2017). There are also few hybrid techniques that are 

being employed using ensemble methods and cost-sensitive learning (Haixiang et al., 2017).  

2.2.1. Sampling 

Sampling is a statistical process of selecting a subset representing the entire population for 

the purpose of determining the characteristics of the entire population (Webster, 2016). In data 

analytics, sampling technique is used to get the required set of data from all the different classes 

and thus provide better training for the algorithms. In the under-sampling method where the total 

number of data points is reduced, the size of the majority class is set equal to the size of the minority 

class to provide an equal learning importance to both classes. The under-sampling method has 

helped in drawing efficient decision boundaries. But when the minority class points are extremely 

small, the total number of points used for training algorithms decreases substantially, thus 

increasing the chance of designing a highly under-fitted model. Examples of under-sampling 

techniques are clustering, TomekLinks, ensemble methods, or vector machines for under-sampling 

(Batista et al., 2004).  

The alternative to the under-sampling methods is over-sampling. In oversampling, either 

the minority class examples are added by sampling / duplication or both class examples are 

increased to provide a higher number of data points by random selection (Batista et al., 2003, 

2004). Increasing both classes improves the robustness of this technique. But the issue with over-
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sampling is that the decision boundary can become highly irregular or non-linear causing 

difficulties during the learning process, hence decreasing the overall accuracy.  Examples of 

oversampling methods are Random Oversampling, SMOTE, and DASYN. SMOTE is the most 

commonly used technique (Batista et al., 2003, 2004).  

The third type of sampling approach is a hybrid method, which initially over-samples 

randomly and then under-samples. The under-sampling is done for the points that are very close 

to the decision boundary, which is the segregation of different decision regions that contain all the 

features of the same class of data (Fearn, 2005). This method not only provides a higher number 

of data points for analysis but also overcomes the gap with oversampling by having a well-defined 

decision boundary. The most commonly used hybrid sampling technique is the SMOTETomek 

method which applies the SMOTE method for oversampling and then uses the Tomek algorithm 

to under-sample (Batista et al., 2003, 2004).  

2.2.2. Cost-sensitive learning  

Another method to address the imbalance in the dataset is teaching algorithms to use cost-

sensitivity techniques such as class-weights or loss functions to impose a greater cost to the over 

score of the model when certain class is predicted incorrectly. The idea is to decrease either class 

I (α), or class II (β) errors. Class I errors occur when a negative label is predicted positive, while a 

class II error happens when a positive label is predicted as negative (Fielding & Bell, 1997).  This 

method is recommended when dataset is small or when the imbalance is not remarkably high 

(Haixiang et al., 2017; Weiss, 2004; Weiss & Hirsh, 2000; Xinglin Zhang et al., 2015a).  

Cost sensitive learning is used in modifying the decision threshold and resampling the 

training data according to the cost decision matrix. Other methods that employ cost-sensitivity 
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approach include changing the objective function of Support Vector Machine (SVM)  algorithm 

to use a weighting strategy or developing an error function for neural networks using cost 

(Haixiang et al., 2017; Xinglin Zhang et al., 2015b; Y. Zhang et al., 2014; Yong Zhang et al., 2014; 

Zhao et al., 2011).  

2.2.3. Ensemble methods  

Ensemble based machine learning algorithms improve the performance of classification 

algorithms by combining different algorithms to provide the final classification. There are various 

types of ensemble methods that are used such as iterative ensemble classifiers, parallel based 

ensemble classifiers, etc.  (Choi et al., 2016; Yu et al., 2012b; XiaoLi Zhang et al., 2015) 

2.2.4. Hybrid Method  

Few methods currently in use employ the support vector method along with cost sensitivity 

using loss functions to provide better sampling for creating a more balanced and weighted sample. 

For example, using cost-sensitive functions along with ensemble methods has provided better 

results than simple methods (Haixiang et al., 2017). ADABoost is the most used ensemble method 

for these cases (Haixiang et al., 2017). 

A major gap in previous studies is the availability and assessment of a hybrid methodology 

that can be used with any machine learning algorithm. Such an approach will allow researchers to 

use algorithms other than decision tree or ensemble methods. Furthermore, the use of sampling 

techniques in developing hybrid methods is also limited (Haixiang et al., 2017; L. Xu et al., 2007; 

Yu et al., 2016a; Yongqing Zhang et al., 2012). Table 2.2.1provides a summary of the advantages 

and disadvantages of the methods discussed in the traditionally used. Thus, to address this gap, we 

propose a methodology   that combines sampling techniques and cost-sensitive methods to develop 
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a new hybrid framework that can be used with any machine learning algorithm. The methodology 

is explained in the next section. 

Table 2.2.1: Advantages and disadvantages of different methods 

 Advantages Disadvantages 

Sampling Resamples the data to create 

equal number of majority and 

minority classes. 

Most used method to create 

synthetic minority class 

datasets. 

Under-Sampling methods are 

used to randomly eliminate of 

majority classes.  

Can create overfitting of models 

when using oversampling. 

Under-sampling can lead to loss of 

information.  

Cost Sensitive Decreases the minimization of 

the total cost of 

misclassification. 

Applicable with many 

algorithms such as ensemble, 

tree, and neural network 

algorithms 

Not designed to improve the 

discrimination ability of the model 

between the different classes 

Loss functions/class weights are 

set based on the errors based on 

previous studies and models 

Ensemble Method Provides improved results when 

compared to individual 

algorithms.  

Re-sampling for training data 

and bagging can be conducted 

in parallel 

Involves application of sampling 

method during training and then 

application of the bagging method. 

The prediction made by ensembles 

methods come from application of 

multiple runs of the algorithm, it is 

computationally expensive 

Not all ensemble methods can be 

used for all types of datasets.  

Hybrid Provides improved 

performance with respect to 

application of a single method, 

i.e., sampling, cost-sensitive 

and hybrid 

Specific to the problem and 

dataset 

Computationally expensive. 

Work only with specific 

algorithms.  
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2.3. Methodology - Sampling and Cost-Sensitive training for Imbalanced Dataset (SCSID) 

In this paper, we propose a new methodology to help improve the performance of different 

algorithms for imbalanced datasets. This methodology can be used across all types of machine 

learning algorithms. We implement the methodology on three datasets with different imbalance 

ratio to evaluate the performance of the proposed method. 

The core idea of the SCSID methodology is to combine sampling and cost-sensitivity 

approaches to increase the accuracy of the training method and thus decrease the losses from 

incorrect prediction of the minority class. On one hand, sampling methods provide an effective 

way to remove imbalance by increasing sampling from the minority classes by randomly 

duplicating data points from the minority class. The downside of random selection is that the 

decision boundaries become more unclear and non-linear, thus decreasing the effectiveness of the 

particular machine learning algorithm. On the other hand, cost sensitivity method provides a 

mechanism to assign class weight and loss functions. Machine learning algorithms aim to 

minimize the overall cost and hence the additional weight helps in increasing the prediction rates 

of the minority class. This paper proposes a hybrid algorithm to take advantage of both methods: 

the combined approach is likely to increase the prediction rate of the minority class but at the same 

time minimize the adverse impact on the prediction rate of the majority class. Figure 2.3.1 provides 

a pseudo code for the framework we have proposed 

Step 1: Utilize over sampling method to make the training data balanced 

Step 2: Determine the optimal weights for different classes in the loss function using a search 

method.  

Step 3: Run the model and predict an outcome utilizing with the optimized loss function.  
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We explain each step in more detail below: 

 

Figure 2.3.1:Pseudo Code for SCSID Method 

Step 1: Sampling 

In the first step, we use an over-sampling or hybrid sampling technique on the training 

dataset. The reason for using over sampling rather than under sampling is that we do not want to 

remove different types of data points that may be important for decision markers (Batista et al., 

2004).  
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Step 2: Finding optimal weights for different classes in the loss function 

For each dataset, it is important to find the optimal weights for the different classes in the 

loss function. We propose a heuristic search method (a line search) to determine the weights for 

different classes in the data which satisfy the objective(s) of the decision maker. For example, the 

decision maker can have: 

1. Single objective such as: 

a. Maximizing ROC-AUC Score. This is a case where the decision maker is mainly 

looking to overall performance of the model. 

b. Maximizing True Negative Rate: The main objective of the decision maker is to get a 

high prediction rate of the negative/minority class.  

2.  Multiple objectives such as: 

a. Maximize True Negative Rate while obtaining a certain threshold for ROC-AUC 

Score: This objective is used when it is important to achieve a higher prediction for 

minority class while having a threshold for the overall performance of the machine 

learning model. 

b. Maximize ROC-AUC Score with balanced True Positive and Negative Rates: This 

objective can be used mainly for datasets with small imbalance ratios (imbalance ratio 

≤ 2). The objective here is to obtain to maximize overall performance while having a 

more balanced prediction of the two classes.   
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The line search is explained using the flow chart shown in Figure 2.3.2. The line search is 

divided into three steps. The stopping criteria is when the line search ends at the upper bound 

weight for the minority class. 

Step 2a: Start the search for 𝑤𝑖
𝑠 by initializing the lower bound value for the minority class weight.  

Step 2b: Train the ML model on training data using 𝑤𝑖
𝑠and test it on validation data. Record the 

performance measures of the ML model such as ROC-AUC Score, True Positive Rate (TPR) and 

True Negative Rate (TNR). ROC-AUC Score represents the amount of separation between the 

classes and if the machine learning algorithm can distinguish between the classes. True Positive 

and True Negative Rate provide the precision of the model in predicting the labels into its specific 

classes. These performance measures are explained in detail in section 2.4.3. Update the class 

weight of the minority class using  

𝑤𝑖
𝑠 = 𝑤𝑖

𝑠 +  𝛼  

where 𝛼 is the step length. 

Step 2c: We stop the loop/search when the class weights of the minority class are equal to the 

upper bound. Based on the set of potential solutions, the decision maker could select the weights 

that satisfy his/her objective. 

Step 3: Run the model with the optimized cost function to make predictions.  

The reason we term this as a heuristic process is because the selection of the upper and 

lower bound is heuristic. Most commonly, the lower bound is selected as one as most algorithms 

assume a balanced loss function. We selected the simple line search algorithms because the ROC-

AUC Score, TPR and/or TNR  can vary significantly from one iteration  to another (i.e., the 
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performance measures are not monotonic between iterations) and can have many local minima and 

maxima values. 

 

Figure 2.3.2: Search Algorithm flowchart (Conger, 2006) 

2.4. Computational Experiment 

The methodology is implemented on three publicly available datasets having different 

imbalance ratios. We used four supervised machine learning classification algorithms for 

predicting the final label: Random Forest, Decision Tree, K Nearest Neighbor and Naïve Bayes. 
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While all these methods can be used with dataset that are being subjected to sampling, we compare 

the performance of these algorithms using SCSID Methodology. Each dataset is divided into 

training and testing data using an 80:20 ratio. The training data was balanced using SMOTETomek 

sampling method. For model comparison, we used Recall Rates, Confusion Matrix, and ROC-

AUC Score. The goal is to maximize overall accuracy with a balanced Recall Rate, Confusion 

Matrix, and ROC- AUC Score. To achieve the best balance between different scores, we use 

different class weights as loss functions.  

2.4.1. Sampling Technique: SMOTETomek  

For all the datasets, we used SMOTETomek sampling method. The method follows three 

basic steps. 1. Over-sample using SMOTE (Synthetic Minority Over-sampling Technique). 2. 

Identify TomekLinks. 3. Remove TomekLinks/data to create a more balanced dataset with well-

defined class clusters (Batista et al., 2004). 

2.4.2. Machine Learning Classification 

Four different algorithms are used for classifying on-time and delayed flights. Decision 

Tree, Random Forest, Naïve Bayes, and K-Nearest Neighbor algorithms are used for classification  

2.4.2.1. Decision Tree (DT) 

A decision tree is a hierarchical model for classification that implements the divide and 

conquer strategy. It splits the data into smaller subsets using different condition at each decision 

node providing terminal leaves. A test function 𝑓𝑚(𝑥) is implemented at each decision node 𝑚 to 

provide discrete outcomes labeled as branches. Given an input variable 𝑥, the mathematical model 

for the classification can be given as  
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𝑓(𝑥) = 𝐸[𝑦|𝑥] =  ∑ 𝑤𝑚 𝜙 (𝑥; 𝑣𝑚)

𝑀

𝑚=1

 

 where 𝑤𝑚 is the distribution over class labels in the 𝑚𝑡ℎ node, 𝑣𝑚 is the choice of the 

variable to split and the threshold value on the path from the root to the 𝑚𝑡ℎ leaf, 𝑦 is the class 

label and 𝜙 is the impurity (Batista et al., 2004). 

2.4.2.2. Random Forest (RF) 

Random forest is ensemble of multiple decision trees that provides better classification 

accuracy (Breiman, 2001). These decision trees are independent, which helps reduce the variance 

in the result. The trees are created randomly by using a random subset of training data or input 

features. This randomness helps reduce the bias of the forest. Random forest obtains a class vote 

from each decision tree which is then converted in the majority vote by taking an average of all 

the class votes (Breiman, 2001).  

Figure 2.4.1 shows the random forest algorithm. 

 

Figure 2.4.1: Random Forest Algorithm (Khaidem et al., 2016) 
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2.4.2.3. K-Nearest Neighbor (KNN) 

The class label is assigned by examining the labels of the k- nearest neighbors of a given 

classification input. The majority label is then given to the classification input. Though an overly 

simplistic algorithm, KNN method has been highly effective when the decision boundary is highly 

variable or irregular (Cover & Hart, 1967; Mills et al., 2018).  

2.4.2.4. Naïve Bayes (NB) 

The class label is assigned based on the probability obtained using Bayes theorem. For 

simplicity, an assumption is made that the variables are independent of each other and the variables 

and classes are under a normal Gaussian probability curve (Chater et al., 2010; Liang et al., 2020). 

The equation for finding the conditional probability of a particular class is given by 

𝑃(𝐶𝑖|𝑥) =  
𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

𝑝(𝑥)
=  

𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

∑ 𝑝(𝑥|𝐶𝑘) ∗ 𝑃(𝐶𝑘)
𝐾
𝑘=1

 

where, 𝐶𝑖 is class label. The algorithm chooses a class with the highest probability. The equation 

for choosing class 𝐶𝑖 is given by: 𝑃(𝐶𝑖|𝑥) =  max
𝑘
𝑃(𝐶𝑘|𝑥)  

2.4.3. Model Validation 

2.4.3.1. Confusion Matrix 

A confusion matrix is used to analyze the performance of a classification model. In the 

case of binary classification, the two categories are labeled as positives and negatives. A confusion 

matrix has four categories: True Positive (TP), ones that are positive and correctly categorized as 

those, False Positive (FP), are negative examples categorized as positives, True Negative (TN), 

are the negative examples categorized as negative and finally False Negative (FN), are the positive 

examples categorized as negative. True positive and the False Negative are the right classification, 
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while the error of the model is addition of False Positive and True Negative.  Figure 2 shows an 

illustration of the confusion matrix (Herrera et al., 2016). 

 

Figure 2.4.2: Confusion Matrix 

2.4.3.2. Recall Rate 

We check the precision values for both on-time predictions and delays or True Positive 

Rate (TPR) and True Negative Rate (TNR). TPR is the ratio of TP on the sum of all conditional 

positives (TP + FN), while TNR provides the negative predicted (TN) points on conditional 

number of negative data points (TN + FP) (Fawcett, 2006; Google Developers, 2019b).   

2.4.3.3. Recover Operating Characteristic – Area Under the Curve Score (ROC-AUC) 

A ROC-Curve is a graph that shows the performance of a classification model at all 

classification thresholds. It is plotted using two parameters, True Positive Rate (TPR) and False 

Positive Rate (FPR). FPR is the ratio of FP on the sum of all conditional negatives (TN + FP). 

AUC is the entire area underneath the ROC curve (Fawcett, 2006; Google Developers, 2019a). 

2.4.4. Numerical Experiment 

In order to evaluate the efficacy of the proposed methodology, we select three datasets with 

variation in the imbalance ratios that ranged from 1:3 to 1:12. The training datasets are then 

sampled using the SMOTETomek sampling technique. The minority class weight in the loss 

function is increased by 0.01 in each iteration and the upper bound is selected as three times the 

ceiling of the imbalance ratio. The objective function to determine optimal minority class weight 

is maximizing the ROC-AUC Score. The datasets are split into training and testing dataset in 80:20 

Positive (0) Negative (1)

Positive (0) True Positive (TP) False Negative (FN)

Negative (1) False Positive (FP) True Negative (TN)
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ratio. The training datasets are further divided into training and validation datasets using 80:20 

ratio respectively. Testing the proposed methodology on datasets with different imbalance ratio 

enables us to evaluate the performance of the proposed framework under different conditions. 

Furthermore, comparing the results with outcomes based on the standard sampling approach 

provide insights on the level of improvement offered by proposed methodology. Key 

characteristics of the datasets are outlined in Table 2.4.1: 

Table 2.4.1: Description of the Datasets 

Datasets Classification 

Challenge 

Number 

of 

Variables 

Imbalance 

Ratio 

(Majority: 

Minority) 

Dataset 

Size/class  

Source 

Dataset A: 

Adult 

Classification of 

individuals making 

less and equal to or 

greater than 

$50,000 

14 3:1 Total: 48842 

Major: 36150: 

Minor: 12692 

UCI 

Machine 

Learning 

Repository 

Dataset B: 

Bank 

Marketing 

Classification of 

customers that 

purchased or did not 

purchase the 

product 

20 7.8:1 Total: 41188 

Major: 36500 

Minor: 4688 

UCI 

Machine 

Learning 

Repository 

Dataset C: 

US Crime 

Classification of no 

criminal incident or 

criminal incident 

100 12:1 Total: 2000 

Major:1840 

Minor: 60 

Imblearn 

Dataset 

2.4.4.1. Dataset A: Adult dataset from UCI Machine Learning Repository (Dua & Graff, 

2017a): 

The dataset contains census data which includes fourteen variables which are used to 

classify the data into two labels, individuals earning less than $50,000 annually or higher. There 

are 48842 instances with an imbalance ratio of 1:3 (>50K to <=50K). The dataset includes 

continuous and categorical variables. Non-categorical variables are converted into 

categorical/binary variables. 
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The variables used to predict the income level are:  

• Age: Continuous (1-100) 

• WorkClass: Where does the person work (private, Self – employed-not-inc, Self-

employed-inc, Federal-gov, state-gov, Local-gov, Without-pay, Never-worked) 

• Fnlwgt: (10000 – 1500000) 

• Education: Highest Education (Some College, Associate - acdm, HS-Grad, Associate – 

voc, Bachelors, Masters, Doctorate, Preschool, Prof-School, 1st-4th, 7th-8th, 9th, 10th, 11th, 

12th. 

• Education-num: Years of education (Continuous) 

• Marital Status: Current Marital Status 

• Occupation 

• Relationship 

• Race 

• Sex 

• Capital-gain: Continuous 

• Capital-loss: Continuous 

• Hours-per-week: Hours worked per week on an average 

• Native Country 

Table 2.4.2 provides the TPR for base case (Run A) (minority class weight = 1) and Run 

B where the minority class weight is found by line search across the algorithms. The line search 

provides the optimal weight for the minority class as 4.51. It can be observed that when the weight 

of the minority class increases, the TPR decreases between Run A and Run B. Table 2.4.2 provides 
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the same information for TNR. The results show that as the TNR increases between the two runs. 

Figure 2.4.3 show that the ROC-AUC score hits various local maxima and minima. Hence, it is 

important to run a line search rather than golden search or some annealing methods which may not 

find the global optimal.  

 

Figure 2.4.3: Minority Class Weight vs  ROC-AUC Score 

We observe an inverse relationship between TPR and TNR. The ROC-AUC score 

originally improves and then decreases. ROC-AUC Scores are provided in Table 2.4.2. We see the 

highest increase in the prediction of minority class for Decision Tree algorithm followed by 

Random Forest T results show that the model’s overall performance, ROC-AUC score, increases 

for Random Forest and Decision Tree from Run A to Run B. Naïve Bayes and KNN do not show 

any changes between the two runs. To better compare of the efficiency of the methodology, we 

apply the machine learning algorithm on only the sampled data. For this experiment, we use 

SMOTE for over-sampling method, TomekLinks for Under-Sampling method (Traditional 

Sampling methods) and ADABoost (Ensemble Method) for ensemble algorithm. We use the same 
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four machine learning classification algorithms. Table 2.4.2 provides the results for TPR, TNR 

and the ROC-AUC Score.  

The comparison of results across that the traditional methods and the proposed 

methodology show a 4%, 0.4%, and 1.59%, increase is ROC-AUC Score for Random Forest, 

Decision Tree, and KNN, respectively.  Naïve Bayes does not show any improvement compared 

to the traditional methods. Also, when compared to ADABoost method, we get better results for 

Decision Tree and Random Forest using the new methodology. Results for TNR also show 

considerable improvements.   

Table 2.4.2: Evaluation on Adult Database 

KPI Algorithm Run A Run B SMOTE TomekLinks Ensemble 

(Minority Class weight) 1 4.51 1 1 1 

TPR 

RF 90% 77% 92% 94%   

DT 87% 69% 89% 93%   

KNN 71% 70% 71% 92%   

NB 95% 95% 95% 95%   

Adaboost         94% 

TPR 

RF 71% 87% 64% 63%   

DT 65% 91% 66% 63%   

KNN 56% 55% 65% 35%   

NB 28% 28% 28% 28%   

Adaboost         61% 

ROC 

RF 80% 82% 78% 78%   

DT 76% 78% 77% 77%   

KNN 62% 62% 63% 64%   

NB 61% 61% 61% 61%   

Adaboost         77.60% 
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2.4.4.2. Dataset B: Bank Marketing dataset from UCI Machine Learning Repository (Dua 

& Graff, 2017b): 

The dataset contains information about the success of direct telemarketing campaigns of a 

Portuguese banking institution. The dataset has 20 variables consisting of different data types, i.e., 

continuous, binomial, and categorical. The outcome field is a binomial, i.e., yes or no and classifies 

whether the customer bought the product or not. The imbalance ratio of yes to no is 1:7.8. This 

dataset represents a much higher level of imbalance compared to dataset A.   

The variables used to predict the product purchase are: 

• Age:  Age of the customer (Continuous) 

• Job: Type of job held by the customer (Categorical) 

• Marital: Marital status of the customer (Categorical) 

• Education: Highest educational degree of the customer (categorical) 

• Default: Customer has credit in default: (Categorical) 

• Housing: Customer has housing loan (Categorical) 

• Loan: Customer has housing loan (Categorical) 

• Contact: Communication type used (Categorical) 

• Month: Month of contact (Categorical) 

• Day-of-week: day of week of contact (Categorical) 

• Duration: duration of call in seconds (Continuous) 

• Campaign: Number of contacts performed for the campaign for the particular customer 

(Continuous) 

• Pdays: number of days before the client was contacted (Continuous)  
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• Previous: number of calls to the customer previously excluding the current campaign 

(Continuous) 

• Poutcome: outcome of the previous marketing campaigns (Categorical) 

• Emp.var.rate: employment variation rate (Continuous) 

• Cons.price.idx: Consumer price index (Continuous) 

• Cons.conf.idx: Consumer Confidence Index (Continuous) 

• euribor3m: euribor 3-month rate (Continuous) 

• nr. employed: number of employees (Continuous) 

 

Figure 2.4.4: Minority Class Weights vs ROC-AUC Score 

The line search supplies the optimal weight for the minority class as 5.42. Figure 2.4.4 

shows the variance in ROC-AUC score in the search space while searching for optimal minority 

class weights 
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Table 2.4.3 provides the results for the two runs. In Table 2.4.3 it is interesting to note that 

the change in TPR is for substantial for all algorithms except Naïve Bayes.  TPR decreases for 

random forest, decision tree algorithms by 15%, 12% and 4% respectively. The TPR, TNR for 

Naïve Bayes remains almost the same. The TNR for decision tree method improves the most (by 

22%) (Table 2.4.3). The ROC-AUC Score (Table 2.4.3) changes across all the different runs. We 

get the best improvement in the score for random forest, though we see improvements in the score 

for all the algorithms.  

Table 2.4.3: Evaluation on Bank Marketing Database 

KPI Algorithm Run A Run B SMOTE TomekLinks Ensemble 

(Minority Class weight) 1 4.51 1 1 1 

TPR 

RF 90% 76% 90% 91%   

DT 85% 63% 87% 92%   

KNN 74% 70% 74% 90%   

NB 95% 95% 95% 95%   

Adaboost         94% 

TPR 

RF 71% 88% 60% 63%   

DT 71% 93% 63% 63%   

KNN 54% 56% 65% 35%   

NB 28% 28% 28% 28%   

Adaboost         61% 

ROC 

RF 76% 80% 74% 75%   

DT 77% 78% 77% 77%   

KNN 62% 63% 63% 64%   

NB 61% 61% 61% 61%   

Adaboost         77.60% 

 

2.4.4.3. Dataset C: US Crime dataset from Imblearn sample datasets (Lemaître et al., 2017) 

The dataset includes 100 variables that are used to predict a criminal incident. This 

dataset is not as big as the other two datasets, but the number of the variables is higher with a 

higher level of imbalance ratio. The dataset consists of continuous and binomial variables. The 
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imbalance ratio of criminal incidents to no criminal incidents is 1:12. The search algorithm 

provides the optimal minority class weight as 2.92. 

Figure 2.4.5 shows the relation between the class weights and ROC-AUC score from 

the search algorithm. The plot shows many local maxima and minima points.  

 

Figure 2.4.5: Minority Class weights vs ROC-AUC Score  

Table 2.4.4 provide the True Positive and Negative Rates respectively. We see positive 

relationship between the weight of the minority class and ROC-AUC Scores are provided in Table 

2.4.4  We observe that as the TPR decreases the TNR increases. The ROC-AUC also improved 

for all algorithms except Naïve Bayes. We see the highest increase in the prediction of minority 

class for KNN followed by Decision Tree algorithm. To better compare the effectiveness of the 

methodology, we applied the machine learning algorithm on only the sampled data. For this 

experiment we used SMOTE for over-sampling method, TomekLinks for Under-Sampling method 

and ADABoost for ensemble algorithm.  For the sampling methods, we used the same 4 machine 
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learning classification algorithms. Table 2.4.4 provides the True Positive Rate, True Negative 

Rate, and the ROC-AUC Score respectively.  

Table 2.4.4: Evaluation on US Crime Dataset 

KPI Algorithm Run A Run B SMOTE TomekLinks Adaboost 

(Minority Class weight) 1 2.92 1 1 1 

TPR 

RF 95.00% 95.00% 95.00% 97.00%   

DT 86.00% 80.00% 86.00% 94.00%   

KNN 87.00% 82.00% 83.00% 99.00%   

NB 82.00% 82.00% 83.00% 84.00%   

Adaboost         94.00% 

TPR 

RF 38.00% 41.00% 41.00% 38.00%   

DT 69.00% 79.00% 72.00% 56.00%   

KNN 54.00% 74.00% 72.00% 23.00%   

NB 69.00% 69.00% 69.00% 69.00%   

Adaboost         46.00% 

ROC 

RF 66.60% 68.20% 63.20% 64.90%   

DT 77.53% 80.00% 75.80% 75.60%   

KNN 70.30% 78.30% 72.90% 61.90%   

NB 75.70% 75.70% 73.20% 76.40%   

Adaboost         70.90% 

 

The results between the traditionally used methods and the method proposed show a 3.2%, 

4.2%.5.3, and 1.9% increase is ROC-AUC Score for Random Forest, Decision Tree, KNN and 

Naïve Bayes. Also, when compared to ADABoost method, we get better results for KNN, Decision 

Tree and Random Forest using the new methodology. The TNR also shows considerable 

improvements when compared to the result we get using the traditional methods.  

2.5. Discussion  

The classification and prediction challenges that researchers are addressing through 

machine learning approaches are increasingly based on imbalanced datasets. Thus, this study 
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addresses an important gap by proposing a methodology that can assist in predicting better and 

more balanced outcomes. Furthermore, review of the prior literature shows that studies rely on 

different types of sampling techniques or report overall accuracy results that may not accurately 

reflect the huge variance between accuracy of predicting true positives and true negatives. The 

proposed methodology builds on prior studies by combining the sampling methods along with the 

cost function approaches and simple line search algorithm to improve the prediction of the 

minority class, while minimizing the adverse impact this may have on the prediction of the 

majority class.  

The key advantages of this method are that it is simple to implement and can be used with 

any classification machine learning algorithms such as Decision Tree, Ensemble methods, SVM, 

Nearest Neighbor, and Naïve Bayes. The computation time depends on the dataset size and the 

imbalance ratio. It also allows for using different algorithms which opens the opportunity to select 

the algorithm that offers the optimized solution. While working on various imbalanced datasets, 

we observed that using the traditional methods to overcome imbalance or using the imbalance ratio 

for the weights would not always provide the best result. This methodology proposes application 

of search algorithm that determines the loss function based on the objective function defined by 

the decision maker, which overcomes this gap. The iterative process does increase the processing 

time and the computational cost as compared to traditional methods. The iterative structure of the 

methodology also requires that the researcher select the lower and upper bound for the class 

weights for the loss function.  

Table 2.5.1 provides a comparative summary of the performance indicators. It can be 

observed that using the SCSID methodology can enhance the performance of machine learning 
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algorithms when dealing with imbalanced datasets. For Dataset A, we see an improvement in 

ROC-AUC Score of approximately 5% as compared to the traditional methods with Naïve Bayes 

algorithm and an improvement of 2-3% for Random Forest and Decision Tree. For Dataset B, 

there is approximately 2% improvement in the ROC-AUC Score for Decision Tree 4% increase 

for Random Forest. The ROC-AUC Score improves by approximately 2% for decision tree 

algorithm for Dataset C. It is important to note here that the improvements are subjective to the 

type of raw data, industry from which the data arises and the features available. For example, in 

healthcare industry, even a small improvement of ROC-AUC score can be of much greater 

importance while that may not always be true for crime/loan industry. Also, the raw data received 

from healthcare is much more extensive and sparser when compared to many other industry 

datasets.  

Table 2.5.1: Performance comparison between Traditional and SCSID Methodology 

Dataset Algorithm 

Traditional Method SCSID Method 

TPR TNR 
ROC-AUC 

Score 

Minority 

Class 

Weight 

TPR TNR 
ROC-AUC 

Score 

Dataset A 
Random 

Forest 
94% 63% 78.6% 4.51 77% 87% 82.1% 

Dataset B 
Random 

Forest 
90% 70% 75.5% 5.42 76% 88% 80.1% 

Dataset C Decision Tree 86% 69% 77.5% 2.92 80% 79% 80% 

 

The results provide the following insights: 

1. The methods serve as a trade-off between the true positive rate and the true negative rate. 

The results show that the methodology helps in increasing the true negative rate and the 

adverse impact in true positive rate exists but can be controlled based on the loss function.  
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2. It is important to outline whether the key objective is to maximize the ROC-AUC Curve 

Score, True Positive Rate or True Negative Rate or a combination of the KPIs (Key 

Performance Indicators). Depending on the objective, the loss functions needs to be set. 

For most cases since the objective is to select the algorithm that provides the best overall 

performance of the model, maximizing the ROC-AUC Score should be used as the key 

performance parameter.  

3. The method requires the decision maker to set the lower and upper bounds for the minority 

class weights and hence the total number of iterations. The reason that the decision maker 

needs to decide on this is because the class weights are unbounded and hence with respect 

to that the ROC-AUC Score would keep changing.  

4. The ROC-AUC Score across the minority class weights does not converge while attaining 

many local maxima and minima points. Hence simple optimization methods or annealing 

methods do not work in this case. It is important to use search algorithms. Also, seen from 

the graph is the golden search method is not particularly useful as the pruning method can 

lead to loss of the global maxima.  

5. The method can be used across all different types of imbalance. As we search through the 

space between the lower and upper bound of the class weights, and the step function 

decided by the decision maker, it is easy for the method to be used even when there is a 

very small imbalance ratio or a very big imbalance ratio.  

2.6. Conclusion 

The main objective of this study was to develop a methodology that helps improve the 

performance or classification algorithms and can be applied across different types of algorithms 
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when using an imbalanced data set. The main contributions of this paper were that we developed 

a methodology by combining sampling and cost-sensitive method to improve the performance of 

algorithms while dealing with an imbalanced dataset. This approach can be used across all the 

different types of algorithms and can be used for different types of study objectives such as 

balanced classification or max Minority class classification etc. The approach also uses a search 

algorithm to find the optimized set of weights based on the decision-makers objective function. 

This also, enables us to use the method and get the best results for very small imbalance ratio or 

very big imbalance ratio. We also applied the methodology to three different datasets to compare 

the performance of the method against those used in the literature.  

The SCSID is an iterative methodology which includes a heuristic component and helps in 

improving the performance of machine learning models. The methodology uses sampling methods 

and iterates on class weights for loss function to enhance the prediction accuracy of the 

negative/minority class. The assessment results in a ~5% improvement in ROC-AUC Score and 

the methodology worked the well when the imbalance ratio was less than 10:1. One of the 

drawbacks of the method is selecting the class weights to be used for iterations. Since the class 

weights are normally set as 1 so imbalance ratio can used as a starting point. Currently, there is no 

defined way to find the best class weights to be used.  

For future work, we would like to improve on finding the class weights for the methodology 

to make the iterative process more structured by using an operation research methodology, AI 

algorithms or a heuristic method. Class-weights and loss functions lie in an unbounded search 

space and depending on the objective of the researcher, the optimal values for the class weights 
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also vary ((El-Bendary et al., 2014; Li et al., 2019; Liang et al., n.d.; Wang et al., 2020; X. Xu & 

Chen, 2017).  

While the method presented in this study provides a solution to the problem of improving 

performance and improving the prediction for negative class, it is still incomplete. The next phase 

of the study would be to develop an optimization method to find the class weights to achieve the 

best classification model.  
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Chapter 3 

3. IS FLIGHT ON TIME OR DELAYED? A MACHINE 

LEARNING FRAMEWORK FOR FLIGHT PERFORMANCE 

PREDICTION 

Abstract 

Every year, around 20% of domestic flights in the United States are delayed or canceled. This costs 

the airline companies and passengers Billions of dollars. The goal of this study is to develop a 

novel prediction model for airline delays by examining variables that are within the scope of 

decisional review of airlines. Different machine learning algorithms are used to predict delays 

using US Domestic Flights data from 2015-2017. A new methodology is used to manage 

challenges associated with imbalanced datasets. Different performance measures such as 

prediction accuracy, recall rates, and receiver operation characteristics – area under the curve 

scores were used to evaluate the efficacy of the different machine learning classification 

algorithms. Results show similar performance when compared to prior studies while not 

considering uncontrollable variables. Our study shows that rather than focusing on overall 

accuracy of the models, it is important to examine the prediction accuracy of the binary outcomes. 

Specially, when the key objective is to develop a prediction model that has high accuracy in 

predicting the minority class in the dataset. The study also offers insights on importance of 

variables in predicting flight performance. Future studies can improve the prediction models by 

expanding the scope of variables to include weather, airport structure, and aircraft history.  

Keywords: Airline Delay, Machine Learning Classification, Data Analytics, Imbalanced Dataset 
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3.1. Introduction  

Stranded on an airport due to an airline delay is an experience most of us have lived 

through. The cost of delay on the airline companies, the supply chain, the passengers, and the 

economy is estimated to be around $30 Billion on yearly basis. In 2017, the cost of an airline delay 

was $69/min (Airlines For America, 2018) and the total time in delays for all domestic airlines 

was 65 Million minutes (Bureau of Transportation Statistics, 2017). Overall, the total cost of delay 

for companies was around $4.5 Billion, not accounting for the opportunity cost and cost to 

passengers due to the delays (Ball et al., 2010; Biblio, 2013). In this paper, we develop a 

methodology to predict airline delays by only using the variables that are within the decisional 

review of the airline companies. 

 

Figure 3.1.1: Flight Delay by Cause (Dec 2017 - Jan 2018) (Bureau of Transportation Statistics, 

2017) 

According to Bureau of Transportation Statistics (BTS) and the Federal Aviation 

Administration (FAA), around 20% of flights are delayed every year with the number showing an 

upwards trend in the past five years (Bureau of Transportation Statistics, 2017). Figure 3.1.1 shows 

the breakdown of the number of flights delayed due to varied reasons and diverted. FAA classifies 
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the delays into five major types - Airline Carrier Delay, Weather Delay, National Aviation System 

(NAS) Delays, Security Delays and Late Aircraft Delays. These delays cause huge losses to airline 

companies and passengers. 

Federal Aviation Agency (FAA) forecast shows that flight operations will increase by 

nearly 35% in the next 20 years from 2019 to 2039, i.e., around 1.5% each year for all commercial 

airlines (Federal Aviation Administration, 2019). The number of passengers traveling via 

commercial airlines is expected to grow by more than 50% from 840.8 Million in 2017 to 1.3 

Billion over same period (Federal Aviation Administration, 2019). This growth can adversely 

impact the on-time flight performance making flight delays an ever more serious significant issue. 

Improved scheduling and operations management can assist the industry in improving on-time 

flight performance. In these times of economic turmoil, airline companies need to save money for 

which one of methods can be reducing the fines paid due to delays. Thus, a model that can enable 

the airline company to better predict if a flight will be on time or will be delayed, will not only 

reduce the cost of delays for airlines and passengers but also significantly improve service quality. 

This is a significant step forward in addressing a critical industry need.  

Innovations in aviation technology such as sensors, internet of things, and industry 4.0 

make real-time tracking of flights and performance of an airplane possible. As a result, one can 

make more accurate predictions if a flight might be delayed due to maintenance issues, or en route, 

which can then be used to avoid the last-minute disruption losses and passenger dissatisfaction 

(Thiagarajan et al., 2017). The motivation for this study is to help the airline companies by 

providing them a ranked list of the most important controllable decision variables that impact the 
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on-time performance of a flight. Furthermore, a classification model to determine if the flight is 

on-time or delayed is developed using these variables.  

Based on the key motivation and from data analytics perspective, two critical aspects, i.e., 

selecting the right variables and selecting the right number of variables  must be considered in the 

early model design stage (Ertek, Chi, et al., 2017; Ertek, Mustafa Tunc, et al., 2017). Airline on-

time performance is influenced by factors such as airport, aircraft, carrier, crew, maintenance, 

weather, national aviation system, congestion, etc. Some of these variables have many more 

underlying features:  for example, type of carrier, crew constraints, number of gates at an airport, 

etc.  could be added to the list of variables to analyze the impact of carrier variable in details. 

Although several other variables could be added to a prediction model because of availability of 

information through publicly available databases, one need to determine whether adding all 

variables will result in a better prediction model. As an initial step, on can check the correlation, 

and covariance, remove the bias and  eliminate the redundant variables (Choi et al., 2016; Chung 

et al., 2020; Wang & Wang, 2019).  Adding too many variables can lead to development of a bad 

model as it introduces a lot of noise in the data and or tends to over-fitting (Yu et al., 2019). Hence 

it is important that the most important set of variables are selected from the high dimension- high-

volume data  not to overly complicate the model or increase the noise in the model  (Choi et al., 

2016; Chung et al., 2020; Wang & Wang, 2019; Yu et al., 2019).  

The machine learning model uses controllable/known variables for classifying the on-time 

performance of a flight. We include taxi-time as a controllable variable in our model: Taxi-times 

are being predicted successfully and accurately by the companies while scheduling the flights. 

There are various patented systems since 2001 for predicting taxi-time and are included in the 
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system for setting up the airline schedules (Beardsworth, 2003; Ganesan et al., 2010; Walter, 

2004). The patented taxi prediction models used by airlines have over 80% accuracy for a 10-day 

window. Hence, the models developed in this paper which also includes the taxi time as a 

controllable variable can be used for predicting delay quite accurately for 240 hours to prior to the 

departure of the flight.  

The paper is organized as follows: Section 3.2 provides a brief literature review of past 

research. Section 3.3 outlines the different algorithms and methods used for the research. Section 

3.4 provides details on the data used in the study and how the data was transformed for analysis 

along with the research methodology. Section 3.5 elaborates on the results and provides a 

discussion. Conclusion and future work are covered in Section 3.6. 

3.2. Literature Review 

Current research on airline delays can be classified into three principal areas – (1) Scope 

of variables used to study the impact on delay, and (2) Scope of algorithms used to develop 

classification models (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Jarrah et al., 1993; 

Koetse & Rietveld, 2009; Movva & Menon, 2016; Robinson, 1989; Rong et al., 2015; Sternberg 

et al., 2017; Tang et al., 2000; Xiangmin & Li, 2017). We elaborate on each area next. 

3.2.1. Variables Used 

Most of the classification models developed in prior studies used variables from FAA 

dataset (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Huang et al., 2017; Koetse & 

Rietveld, 2009; Sternberg et al., 2017). Variables like quarter of the year, year, month, day of 

month, and day of week have been used to get insights on seasonality (Choi et al., 2016; 

Gopalakrishnan & Balakrishnan, 2017; Sternberg et al., 2017). Other variables that were 
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investigated include the origin and destination airports, and departure and arrival times (Choi et 

al., 2016; Gopalakrishnan & Balakrishnan, 2017; Huang et al., 2017; Koetse & Rietveld, 2009; 

Sternberg et al., 2017). These variables help in understanding if airport type and timing of the day 

influence airline delays. Flight distance and departure delay have also been investigated (Choi et 

al., 2016; Gopalakrishnan & Balakrishnan, 2017; Huang et al., 2017; Koetse & Rietveld, 2009; 

Sternberg et al., 2017). Studies have also used transformed or computed variables to capture and 

investigate if delays are impacted by Origin Destination (OD) pairs like the OD-Pair Delay and 

Delays on adjacent OD Pairs (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017). The 

complete list of the variables within an airline’s decision control that were examined by prior 

studies are outlined in Table 3.2.1 (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; 

Sternberg et al., 2017). Table 3.2.1 does not include variables such as weather since our focus is 

on controllable variables (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Huang et al., 

2017; Koetse & Rietveld, 2009). 

The literature review reveals some opportunities for extending the available work in the 

domain of airline delays. Previous studies that have included origin and destination airports restrict 

the number to one or a few airports (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; 

Sternberg et al., 2017). Therefore, there is an opportunity to expand the dataset to include data 

from 2015-2017 for all domestic flights across the United States for all commercial airports. The 

expanded data set in terms of timeframe and airports will help in developing a model that 

accurately reflects actual practice rather than build on a partial view of airline on time and delay 

data.  
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Furthermore, prior studies have not studied variables such as aircraft size, origin and 

destination hub points, airline group class, and airport size. These variables are likely to have an 

impact on airline delays and we intend to include these variables in the analysis. 

Table 3.2.1: Variables used in different models in the literature 

Variables from FAA 

Data 
Self-Developed Variables 

Date of Flight OD-Pair Delays 

Quarter of Year 
Delays on Adjacent OD 

Pairs 

Year 

  

Day of Month 

Day of Week 

Unique Carrier 

Origin Airport ID 

Destination Airport ID 

CRS Dep Time 

CRS Arrival Time 

Arrival Delay 

CRS Elapsed Time 

Departure Delay 

Taxi Out Time 

Arrival Time 

Flight Distance 

 

3.2.2. Algorithms 

Prior studies have used Random Forest, K-Nearest Neighbor, Decision Tree Classification 

Algorithm, or Neural Network Algorithms to develop a model to classify delayed and on-time 

flights (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Sternberg et al., 2017). Linear 

and multinomial regression models have also been used to develop classification models 
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(Gopalakrishnan & Balakrishnan, 2017; Sternberg et al., 2017) . Table 3.2.2 provides an overview 

of the models used in prior studies.  

Table 3.2.2: Models Used 

Regression Models Classification Models 

Linear Regression  Decision Tree  

Markov Jump Linear 

System  

Random Forest  

K-Nearest Neighbors Classifier  

General Regression Neural 

Network 
Naïve-bayes  

ADA Boost  

Classification and 

Regression Tree 
Multilayer Perceptron Neural Network 

Probabilistic Neural Network 

 

The algorithms have utilized different methods to estimate their performance: Accuracy of 

the classification model can be computed as a simple ratio of total number of correctly predicted 

points over total number of points labeled in the specific category (Choi et al., 2016; 

Gopalakrishnan & Balakrishnan, 2017; Sternberg et al., 2017). Another way to examine the 

accuracy of the classification model is through assessment of the Confusion Matrix (Choi et al., 

2016; Gopalakrishnan & Balakrishnan, 2017; Huang et al., 2017; Movva & Menon, 2016; 

Sternberg et al., 2017). Prior studies rely on the simple ratio method in supporting the accuracy of 

the classification model (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Sternberg et al., 

2017). In terms of classification accuracy, Random Forest has performed the best followed by 

decision tree and neural network algorithms (Choi et al., 2016; Gopalakrishnan & Balakrishnan, 

2017; Sternberg et al., 2017). Depending on the dataset and the variables used, the accuracy of the 

classification and regression algorithms such as Classification Tree, Regression Tree, Decision 

Tree, K-nearest neighbor, Adaboost, Random Forest, and neural network models is in the range of 

70% to 95% (Gopalakrishnan & Balakrishnan, 2017). Regression models have primarily been used 
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to predict the delay minutes. The regression models have proved to be the least accurate with the 

mean error in the 20-80 minutes range (Bandyopadhyay & Guerrero, 2012a; Gopalakrishnan & 

Balakrishnan, 2017). It is important to note that many classification models use variables like 

weather which increases the accuracy of the classification model.  

The review shows that prior studies that employ classification algorithms use simple ratio 

as the key measure of accuracy to determine the best model (Bandyopadhyay & Guerrero, 2012b; 

Choi et al., 2016; Movva & Menon, 2016). Furthermore, if the dataset used for the problem is 

unbalanced, the results are skewed towards on-time flights (no delays). The ratio of delayed to on-

time flights is around 4 to 1. Using sampling techniques, prior studies have attempted to eliminate 

this issue, but the testing data is still unbalanced and while the models have high accuracy, the 

confusion matrix of the models show that the classification is highly accurate for predicting on-

time flights but highly inaccurate for predicting delays. Choi et al. (2016) show that Random Forest 

has an overall accuracy of 82%. It is interesting to note that the delay classification accuracy was 

only 22%, while the on-time classification accuracy was 94%. So, it is important to understand 

which classification accuracy is more important and the rate of true positive and true negative 

against false positives and false negatives. Detailed assessment of the confusion matrix provides 

insights on this issue. The main objective is to predict the delays more accurately than only 

predicting on-time with high false positives or inaccurately predicating delays as on-time. It is 

important to have a balance between both the overall accuracy and the confusion matrix. In the 

study, we strive to accommodate both aspects by aiming for a balance between overall accuracy 

of the model and ratios available through assessment of the confusion matrix.  
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Expanding the scope of variables to areas that can be controlled by decision makers will 

provide a more robust solution to better manage airline operations. While we do not provide a 

decision-making framework for better operation management in the air travel industry. We do 

offer an analysis of the variables that can help in developing a better framework for the effective 

decision making. In summary, this paper examines the airline delay classification challenge 

through an expanded dataset, inclusion of new controllable parameters in the classification model, 

and using the confusion matrix to report on the performance of the different algorithms to identify 

the best algorithm for predicting airline delays.  

3.3. Model Description 

The study is divided into four steps, viz. 1. Balance out the data using sampling technique. 

2. Apply different machine learning algorithms to find the best model for predicting the delay and 

compare the models using the right Key Performance Indicator, 3. Improve the performance by 

using the loss function along with sampling technique and 4. Use the best model to find the feature 

importance. Figure 3.3.1provides a flowchart of the steps 

3.3.1. Sampling Technique: SMOTETomek  

Datasets that have unequal distribution of number of samples for the different label classes 

are called imbalanced dataset (García & Herrera, 2009; Mahani & Riad Baba Ali, 2020). The 

imbalance ratio (IR) is defined as the number of majority class samples (N-) to number of minority 

class samples (N+). 

𝐼𝑅 =  
𝑁+

𝑁−
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Based on the IR, the datasets are divided into 3 degrees of imbalance, which are low, medium and 

high. Low imbalanced datasets are those with imbalance ratio between 1.5 and 3. Medium 

imbalanced dataset are those with IR between 3 and 9 and highly imbalanced dataset have IR 

greater than 9 (Google, 2020; Mahani & Riad Baba Ali, 2020).  The current dataset used shows an 

imbalance ratio of 3.54 and hence the dataset is labeled as having medium imbalance. Hence, the 

assessment can give classification accuracy of over 75% when all flights are classified as on-time. 

It is important to correctly classify the minority class, in our case the delayed flights, because 

misclassification of delayed flights can be costly. To resolve the issue of imbalance, we can either 

remove data points from the majority class to reduce the total number of data points and make the 

sample balanced across the two groups, i.e., under-sampling or we can add samples of the minority 

class in the dataset, i.e., over-sampling to balance out the dataset (Batista et al., 2003, 2004). 

Over-sampling minority class can help balance the dataset, but for skewed dataset, it does 

not really solve the problem. The class clusters are not well defined, so both classes can overlap 

the class spaces. In addition, random interpolation of minority class space can expand the minority 

class cluster but create high overlap of the class spaces. Application of a classification model in 

this case can lead to over-fitting (Batista et al., 2003, 2004) . To create better-defined class clusters, 

TomekLinks are applied to the over-sampled training dataset to clean the data. Hence, instead of 

just removing data from majority class, data from both the majority and minority class are 

removed, helping to create a better decision boundary. This method is called Combine Over and 

Under-Sampling. The method follows three basic steps – (1). Over-sample using SMOTE 

(Synthetic Minority Over-sampling Technique), (2). Identify TomekLinks, and (3). Remove 

TomekLinks/data to create a relatively more balanced dataset with well-defined class clusters 

(Batista et al., 2004). 
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Figure 3.3.1: Method Flowchart 

Five different algorithms are used for classifying on-time and delayed flights. Of the five, 

four are supervised classification methods while one is unsupervised. Decision Tree, Random 

Forest, Naïve Bayes and K-Nearest Neighbor were used as supervised classification algorithms 

while Local Outlier Factors was used as an unsupervised classification algorithm. 
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3.3.2. Supervised Learning Classification 

3.3.2.1. Decision Tree (DT) 

A decision tree is a hierarchical model for classification that implements the divide and 

conquer strategy. It splits the data into smaller subsets using different condition at each decision 

node providing terminal leaves. A test function 𝑓𝑚(𝑥) is implemented at each decision node 𝑚 to 

provide discrete outcomes labeled as branches. Given an input variable 𝑥, the mathematical model 

for the classification can be given as  

𝑓(𝑥) = 𝐸[𝑦|𝑥] =  ∑ 𝑤𝑚 𝜙 (𝑥; 𝑣𝑚)

𝑀

𝑚=1

 

where 𝑤𝑚 is the distribution over class labels in the 𝑚𝑡ℎ node, 𝑣𝑚 is the choice of the variable to 

split and the threshold value on the path from the root to the 𝑚𝑡ℎ leaf, 𝑦 is the class label and 𝜙 is 

the impurity (Batista et al., 2004). 

3.3.2.2. Random Forest (RF) 

Random forest is ensemble of multiple decision trees that provides better classification 

accuracy (Breiman, 2001). These decision trees are independent, which helps reduce the variance 

in the result. The trees are created randomly by using a random subset of training data or input 

features. This randomness helps reduce the bias of the forest. Random forest obtains a class vote 

from each decision tree which is then converted in the majority vote by taking an average of all 

the class votes (Breiman, 2001). Figure 3.3.2 shows the random forest algorithm. 
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Figure 3.3.2: Random Forest Algorithm (Khaidem et al., 2016) 

3.3.2.3. K-Nearest Neighbor (KNN) 

The class label is assigned by examining the labels of the k- nearest neighbors of a given 

classification input. The majority label is then given to the classification input. Though a highly 

simplistic algorithm, KNN method has been highly effective when the decision boundary is highly 

variable or irregular (Cover & Hart, 1967; Mills et al., 2018).  

3.3.2.4. Naïve Bayes (NB) 

The class label is assigned based on the probability obtained using Bayes theorem. For 

simplicity, an assumption is made that the variables are independent of each other and the variables 

and classes are under a normal Gaussian probability curve (Chater et al., 2010; Liang et al., 2020). 

The equation for finding the conditional probability of a particular class is given by 

𝑃(𝐶𝑖|𝑥) =  
𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

𝑝(𝑥)
=  

𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

∑ 𝑝(𝑥|𝐶𝑘) ∗ 𝑃(𝐶𝑘)
𝐾
𝑘=1

 

where, 𝐶𝑖 is class label. The algorithm chooses a class with the highest probability. The equation 

for choosing class 𝐶𝑖 is given by: 𝑃(𝐶𝑖|𝑥) =  max
𝑘
𝑃(𝐶𝑘|𝑥)  
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3.3.3. Unsupervised Learning Classification 

3.3.3.1. Local Outlier Factor (LOF) 

An outlier is a point that differs from the normally accepted condition or the value for a 

particular dataset or a problem. In case of Airline performance, delays are a deviation from the 

normal performance and as such can be considered as outliers. Hence, we can make this an 

outlier/Fraud detection one-class problem.  

𝐿𝑂𝐹(𝑥) =  
𝑑𝑘(𝑥)

∑ 𝑑𝑘(𝑥)/|𝑁(𝑥)|𝑠𝜖𝑁(𝑥)
 

where, 𝑑𝑘(𝑥) is the distance between x and its kth nearest point, 𝑁(𝑥) is the set of training data 

close to x. A point is determined as not an outlier if LOF is close to 1. (Breunig et al., 2000).  

While each method has its advantages, there are also limitations. Table 3.3.1 provides a 

summary of the advantages and limitations of the methods used in this study. Each method used 

is applicable to the problem, some algorithms are better suited for the problem, while other 

methods provides better insight on the importance of the variables used.  

3.3.4. Model Validation 

3.3.4.1. K-Fold Cross-Validation 

Cross validation technique is used to estimate the accuracy of model prediction over unseen 

data. In this method, the available dataset is divided into K equally sized non-overlapping subsets. 

A 𝑘𝑡ℎ { 𝑘 = 1, 2…, K} subset is selected from the K subsets created for testing. In our case, based 

on the system constraints, we consider a 5-fold cross-validation, i.e., K = 5 The Cross-Validation 

Error (CV) can be found using the equation: 
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Table 3.3.1: Summary of advantages and limitations of the classification methods 

Model Advantages Limitations 

DT2 

Assists in selecting the most 

discriminating feature. 

Easy to understand, interpret, and 

visualize. 

Non-linear relationships don’t affect the 

tree performance. 

Causes over-fitting. 

Biased to a class if it is the dominating class. 

DTs are highly unstable, and the complete tree 

can change due to small variations. 

RF3 

Easy to obtain and view the relative 

feature importance. 

Difficult to have an over-fit model, as the 

number of trees can generalize the forest. 

Depending on the number of trees it can be 

slow and in-effective for real-time 

applications. 

Not suited for noisy datasets or with datasets 

having high levels of categorical variables. 

KNN4 

Algorithm is easy and simple to 

implement. 

No assumptions need to be made about 

the characteristic of the data. 

Complex concepts/values can be learned 

by local approximation. 

Model cannot be interpreted as no description 

is obtained. 

Performance depends on the number of 

dimensions and value of ‘k’. Speed and 

performance decreases with increase in 

number of dimensions. 

NB5 

Easy and fast implementation for single 

and multi-class problems. 

When the assumption of independence 

holds, Naïve Bayes performs better than 

other models. 

Performs well when variables are 

categorical. 

If a category doesn’t exist in the training data, 

model assigns 0 probability.  

The assumption of independent predictors 

doesn’t always hold true in real-life problems. 

LOF6 

Applicable to various problems such as 

assessment of geographic data, fraud 

detection etc. 

Due to local approach, LOF identifies 

outliers in a data set that wouldn’t be 

outliers in other area of the same data set. 

Applicable in low-dimensional vector space. 

Result is difficult to interpret. 

 

 
2 https://towardsdatascience.com/decision-trees-in-machine-learning-641b9c4e8052 

3 https://towardsdatascience.com/the-random-forest-algorithm-d457d499ffcd 
4 http://www.cs.upc.edu/~bejar/apren/docum/trans/03d-algind-knn-eng.pdf 

https://towardsdatascience.com/machine-learning-basics-with-the-k-nearest-neighbors-algorithm-6a6e71d01761 

5 https://towardsdatascience.com/all-about-naive-bayes-8e13cef044cf 

6 http://www.dbs.ifi.lmu.de/Publikationen/Papers/LOF.pdf 

https://towardsdatascience.com/decision-trees-in-machine-learning-641b9c4e8052
https://towardsdatascience.com/the-random-forest-algorithm-d457d499ffcd
http://www.cs.upc.edu/~bejar/apren/docum/trans/03d-algind-knn-eng.pdf
https://towardsdatascience.com/machine-learning-basics-with-the-k-nearest-neighbors-algorithm-6a6e71d01761
https://towardsdatascience.com/all-about-naive-bayes-8e13cef044cf
http://www.dbs.ifi.lmu.de/Publikationen/Papers/LOF.pdf
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𝐶𝑉 = 
1

5
∑𝐿(𝑦𝑖, 𝑓

−𝑘(𝑖)(𝑥𝑖))

5

𝑖=1

 

where 𝑓−𝑘(𝑖)(𝑥𝑖) is the fitted function, 𝑘 ∶  {1, 2… , N} → {1,2, … , 𝐾} is an indexing function that 

the 𝑖𝑡ℎ observation is allocated to the 𝑘𝑡ℎpartition and 𝑦𝑖 is the target value. 𝐿(𝑦𝑖, 𝑓
−𝑘(𝑖)(𝑥𝑖)) is 

the error between the target and the actual value. 

3.3.4.2. Confusion Matrix 

A confusion matrix is used to analyze and describe the performance of a classification 

model. In the case of binary classification, the two categories are labeled as positives and negatives. 

A confusion matrix has four categories: True Positive (TP), ones that are positive and correctly 

categorized as such, False Positive (FP), are negative examples categorized as positives, True 

Negative (TN), are the negatives correctly classified as negatives and finally False Negative (FN), 

are the positive examples categorized as negatives. True positive and the True Negative are the 

right classification, while the error of the model is addition of False Positive and False Negative.  

Figure 3.3.3 shows an illustration of the confusion matrix. 

 

Figure 3.3.3: Confusion Matrix 

3.3.4.3. Recall Rate 

We check the precision values for both on-time predictions and delays or True Positive 

Rate (TPR) and True Negative Rate (TNR). TPR is the ratio of TP on the sum of all conditional 

Positive (0) Negative (1)

Positive (0) True Positive (TP) False Negative (FN)

Negative (1) False Positive (FP) True Negative (TN)
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A
c
tu

a
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positives (TP + FN), while TNR provides the negative predicted (TN) points on conditional 

number of negative data points (TN + FP) (Fawcett, 2006; Google Developers, 2019b).   

3.3.4.4. Recover Operating Characteristic – Area Under the Curve Score (ROC-AUC) 

A ROC-Curve is a graph that shows the performance of a classification model at all 

classification thresholds. It is plotted using two parameters, True Positive Rate (TPR) and False 

Positive Rate (FPR). FPR is the ratio of FP on the sum of all conditional negatives (TN + FP). 

AUC is the entire area underneath the ROC curve (Fawcett, 2006; Google Developers, 2019a) 

3.4. Research Methodology 

After the identification of input variables, we collected the relevant data on those variables. 

Several classification models were then trained and tested. The data collection process is described 

in Section 3.4.1, data pre-processing in Section 3.4.2, data transformation in Section 3.4.3, and 

description of classification models in Section 3.4.4. 

3.4.1. Data Collection 

US domestic airline data from 2015 to 2017 was obtained from the Federal Aviation 

Association (FAA) and Bureau of Transportation Statistics (BTS) online database for Airline On-

Time: Reporting Carrier On-Time Performance (1987-present)7. The dataset provides the 

scheduled time, actual departure time, and actual arrival time reported by the U.S. airline 

companies for non-stop domestic flights. The database also provides details for cancelled and 

diverted flights, causes of delay and cancellation, actual airtime, taxi time, and the non-stop 

distance. For tracking if the origin or arrival airport is a hub, we collected hub details for each 

 

7 (https://www.transtats.bts.gov/Fields.asp) 

https://www.transtats.bts.gov/Fields.asp
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airline carrier through online search. The aircraft registration database maintained by the FAA was 

used8 to find the aircraft size. For classifying airline carriers into different groups as determined 

by the FAA, T-100 Domestic Segments (U.S. Carriers) database was used9. The groups were 

created with respect to the carrier company’s size and revenue. Finally, airport classification 

dataset was used to obtain details on the airport size10.  

3.4.2. Data Preprocessing 

Air traffic data from all airports across the United States were collected using the Airline 

On-Time Database and corresponding airport classification details were extracted from the Airport 

classification dataset. All airplane types were extracted using the tail number or registration 

number to develop the aircraft size group variable. Following the BTS rule, any flight that was 

delayed by more than 15 minutes to arrive at the gate was marked as delayed, while the rest were 

marked as on-time. Information on cancelled and diverted flights was removed from the dataset. 

The following variables were extracted from the Airline On-Time Performance dataset (Dand et 

al., 2019). 

• Quarter: Quarter of the year (1-4). Four quarters, captures seasonality. 

• Day of week: 7 days, provides insights on if days of the weeks are important (1-7, with Monday 

and 1 while Sunday being 7). 

 

8 (https://www.faa.gov/licenses_certificates/aircraft_certification/aircraft_registry/releasable_aircraft_download/) 

9 (https://www.transtats.bts.gov/Fields.asp?Table_ID=293) 

10(https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-

service-enplanements.xlsx) 

https://www.faa.gov/licenses_certificates/aircraft_certification/aircraft_registry/releasable_aircraft_download/
https://www.transtats.bts.gov/Fields.asp?Table_ID=293
https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-service-enplanements.xlsx)
https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-service-enplanements.xlsx)
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• Departure and Arrival Time Block (Hourly intervals): 19 blocks/group. Each hour is a block 

except late night, i.e., midnight (0:00 am) to 5:59 am is one block.  Provides trends down to 

the hour, for example flights arriving at night are least likely to be delayed.  

• TaxiOut and TaxiIn: Time spent on taxiway in minutes. 

• Distance: Distance between the origin and destination airports in miles.  

• Origin Airport: Origin airport code, for example ATL for Atlanta. 

• Destination Airport: Destination airport code, for example ATL for Atlanta. 

• Tail Number: Tail number of the aircraft. The tail number is unique to each aircraft and helps 

to keep a count on the number of flights made, type of aircraft etc. Example: N200AA. 

• Carrier: Airline company code and identification number assigned to the company. For 

example, AA is the code used for American Airline, while the identification number for AA is 

19805. 

The following variables were extracted from the Aircraft Registration Database. 

• Maximum Passenger Capacity: Provides maximum number of passengers in integers that 

can sit in an aircraft. It is linked to the tail number/registration number of the aircraft. For example, 

the number of passengers allowed on a N200AA flight are 6. 

The following variables were extracted from the T-100 Domestic Segments dataset. 

• Airline Carrier Group: Grouped into 8 categories (0-6, 9). The airline carriers are grouped with 

respect to revenue.  

The following variables were extracted from the Airport Classification Dataset. 
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• Hub Detail: Airports are categorized into five groups with respect to the passenger traffic, i.e., 

Large, Medium, Small, Non-Hub Primary, and Non-Hub Primary, Commercial service.  

3.4.3. Data Transformation 

A few extracted variables were transformed or used to create a new variable. The new 

variables and the formulas used to create these variables are as follows: 

• Aircraft Size: 

{
 
 

 
 
1,                   𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 25
2,      25 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 100
3,   100 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 200
4,   200 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 300
5,                𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 > 300

 

• Average Taxi Time: Average of TaxiOut and TaxiIn Time 

• Origin/Destination Airline Hub: Whether the origin/destination airport is a hub for the airline 

company. This is binary variable. 

It is important to note that not all variables included in the assessment are subject to direct 

decisional control of the airline companies. Our approach was to consider variables that have been 

examined in prior research and include new areas that are subject to decisional control but were 

not included in prior assessments. Table 3.4.1 summarizes all the variables in the model, provides 

the definition, and information on variable type. Appendix A provides the numerical assignments 

and calculation definition for each variable. The performance parameter is the final label that is 

used for training. Table 3.4.2 provides the sources used for variables outlined in Table 3.4.1. Most 

of the categorical variables in the model were converted into binary variables. Furthermore, 20 

thousand data points with missing or incomplete data were removed from the dataset.  After all 

the preprocessing and transformation, the complete dataset has information on 28 Million flights. 
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Table 3.4.1: Summary and Definitions of the Variables 

Variable Definition Type Source 

Q1 Quarter 1 Binary  1 

Q2 Quarter 2 Binary  1 

Q3 Quarter 3 Binary  1 

Q4 Quarter 4 Binary  1 

Monday Flight is on Monday Binary  1 

Tuesday Flight is on Tuesday Binary  1 

Wednesday Flight is on Wednesday Binary  1 

Thursday Flight is on Thursday Binary  1 

Friday Flight is on Friday Binary  1 

Saturday Flight is on Saturday Binary  1 

Sunday Flight is on Sunday Binary  1 

Aircraft Class Aircraft size based on the passengers it can accommodate Categorical  2 

Airline Group  Airline Carrier group based on the size and revenue Categorical  3 

Origin Hub If the origin airport is a hub for the Airline Carrier Binary  5 

OACL If the origin airport is a large airport as per FAA Binary  4 

OACM If the origin airport is a medium sized airport as per FAA Binary  4 

OACN 

If the origin airport is a Non-Primary hub airport as per 

FAA Binary  4 

OACS If the origin airport is a small sized airport as per FAA Binary  4 

OACNone 

If the origin airport is a Non-Primary Hub and is used for 

commercial services as per FAA Binary  4 

DH If the destination airport is a hub for the Airline Carrier Binary  5 

DACL If the origin airport is a large airport as per FAA Binary  4 

DACM 

If the destination airport is a medium sized airport as per 

FAA Binary  4 

DACN 

If the destination airport is a Non-Primary hub airport as 

per FAA Binary  4 

DACS If the destination airport is a small sized airport as per FAA Binary  4 

DACNone 

If the destination airport is a Non-Primary Hub and is used 

for commercial services as per FAA Binary  4 

Departure 

Time Block 

What part of the day does the flight depart (Morning, 

Afternoon, Evening, Night) Categorical  1 

Arrival  

Time Block 

What part of the day does the flight arrive (Morning, 

Afternoon, Evening, Night) Categorical  1 

Average  

Taxi-Time Average time spent by a flight on taxi Continuous  1 

Distance Distance between origin and destination Continuous  1 

Performance On-Time/Delay 

Binary (1 

= Delay)  1 
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Table 3.4.2: Sources for the Variables in the Study 

Source Dataset 

1 

Airline On-Time: Reporting Carrier On-Time 

Performance 

2 Aircraft registration database  

3 T-100 Domestic Segments (U.S. Carriers)  

4 Airport classification dataset  

5 Carrier Hub Dataset 

 

3.4.4. Data Preparation 

We collected data from the following datasets, airline on-time performance dataset 

(AOTPD), aircraft registration dataset (ARD), T-100 Domestic segments dataset (T100D), airport 

classification dataset (ACD), carrier hub dataset (CHD). The processing of the data is divided into 

3 steps: 

1. We cleaned the main datasets by checking for wrong data, missing data, and outliers. We also 

removed the unwanted columns in the datasets. In addition, we removed the flight record from 

AOTPD if the corresponding flight was cancelled or diverted. We removed around 275,000 data 

points in this step. These data points were mainly due to flight being cancelled or diverted. 

2. We added new columns from the ARD, T100D, ACD and CHD datasets by merging the data to 

the cleaned AOTPD dataset for each flight record. For example, we added the airplane size column 

from ARD dataset by matching the N-registration number. To merge the data, we use a Left Join 

(⟕) operation, with the cleaned AOTPD dataset from step 1 being the main dataset. Left join 

returns all the values from the left table and the matching rows from the right table (Microsoft, 

n.d.). Mathematically it can be denoted as: 

((((𝐴𝑂𝑇𝑃𝐷 ⟕  𝐴𝑅𝐷)⟕  𝑇100𝐷)⟕  𝐴𝐶𝐷)⟕  𝐶𝐻𝐷) 
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3. We removed the data from the dataset prepared in step 2 where values were missing or had 

wrong data introduced in the dataset due to the left join. We then apply the sampling methodology, 

SMOTETomek, on the data to get a balanced dataset. During this step we removed approximately 

20,000 data points from a final flight dataset (FT) of 28 Million data points. We finally have the 

individual flight record F along with the information on the flights on-time performance, C, to 

create a matrix {F, C}.  

We used Alteryx software to work on data preprocessing step to be able to automate the job and 

save time.  

3.4.5. Classification Model 

 The different classification models discussed in Section 3.4.2 were trained on the data to 

predict arrival delays. The hyper-parameters for each classifier were fine-tuned via trial and error 

method. After testing various values, we used 100 trees for random forest and the number of 

nearest neighbors for K-nearest neighbor was selected as 15. The minimum leaf sample size for 

decision tree was selected as 100.  The number of neighbors for Local Outlier Factor algorithm 

was selected as 7.  

3.5. Result 

To better understand the observations and the results, we present the results in steps that 

are briefly explained next. Figure 3.5.1 provides the process flowchart.  

A. Descriptive Analysis: All variables were analyzed individually against flight 

performance. The objective of this assessment was to evaluate the importance of the 

variables and to observe the relationships between flight classification performance and 

the input variables.  



69 

 

 

Figure 3.5.1: Process Flowchart 

 

B. Develop Classification Models: We develop predictive models using the data obtained 

by SMOTETomek sampling methodology.  

C. Improve Classification Models: We attempted to improve the performance of the 

predication models by using different class weights as loss weights for the sampled 

dataset.  

D. Variable Importance: Using the algorithm that provides the best result, we examine the 

importance of the variables.  
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E. Model Comparison: Compared the results with models without the added variables. 

The dataset was divided into training and testing data in 80:20 ratio. The training data was 

balanced using SMOTETomek sampling method. For model comparison, we used Accuracy, 

Recall Rates, Confusion Matrix, and ROC-AUC Score. The goal was to maximize accuracy with 

a balanced Recall Rate, Confusion Matrix, and ROC- AUC Score. To achieve the best balance 

between the different scores, we used different class weights as loss functions.  

3.5.1. Descriptive Analysis 

a. Quarter/Seasonality: Each quarter is assumed to be a season. Quarter 2 and 3, i.e., 

between April and September have the most delays (Figure 3.5.2). Quarter 4, i.e., the 

months between October and December has the least number of delays.  

b. Day of week: Figure 3.5.2 shows that flying on Thursday, Friday, or Monday has the 

highest chance of being delayed with around 21% of flights delayed on those days. 

Saturday is the best day to travel with only 16.5% delayed flights. On other days around 

18% of the flights are delayed.  

c. Departure time block: Figure 3.5.3 shows the graph of the departure time block vs 

number of flights. Around 40% of daily flights depart between 0600hrs and 1200 hrs. 

While the maximum number of flights that are delayed depart in the late evening, i.e., 

between 1800hrs and midnight (26%).  
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Figure 3.5.2: Seasonal Trends vs Number of Flights11 

d. Arrival time block: 37% of the total flights are scheduled to arrive between 1200 hrs. 

and 1800 hrs. The maximum number of delays for arrivals occur when the flights are 

scheduled to arrive in the late evening, i.e., between 1800 hrs. and midnight (Figure 

3.5.3). 

 

 

11 Note: The percentage values reported in the upper part of the bars in the graphs have been calculated down the table 

while the values reported in the lower part of the bars have been calculated across the table. 
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Figure 3.5.3: Arrival/Departure Time Block, Aircraft class vs Number of Flights12 

e. Aircraft size group: 63% of flights use aircraft group 3 (maximum size of 200 

passengers) (Figure 3.5.3). The delay for this group is around 19%. The highest delay 

with respect to number of flights is for Group 4, followed by Group 2.  

 

12 Note: The percentage values reported in the upper part of the bars in the graphs have been calculated down the table 

while the values reported in the lower part of the bars have been calculated across the table. 
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Figure 3.5.4: Airport size, type vs Number of Flights13 

f. Origin Airport Size (OAC): 66% of the flights originate from Large Hubs. Of the flights 

originating from Large Hub, 20.1% are delayed (Figure 3.5.4). The percentage of 

delayed flights decreases as the airport hub size becomes smaller.  

 

 

13 Note: The percentage values reported in the upper part of the bars in the graphs have been calculated down the table 

while the values reported in the lower part of the bars have been calculated across the table. 
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Figure 3.5.5: Average Taxi-Time, Carrier Group, Distance vs Number of Flights14  

 

g. Destination Airport Size (DAC): 66% of flights are destined to large hubs. However, 

we see higher delays happening when the flight’s destination is a small hub. 20% of 

the flights are delayed when the destination airport is a small hub followed by medium 

 

14 Average taxi-time and distance have been converted into groups. Every 20 minutes is a group for Average taxi-time 

and every 250 Miles is a group for Distance. No Flights were recorded from Airline group 0, 4, and 9.  

Note: The percentage values reported in the upper part of the bars in the graphs have been calculated down the table 

while the values reported in the lower part of the bars have been calculated across the table. 
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size hubs and large hubs with 19.5% and 19.2% of the flights delayed respectively 

(Figure 3.5.4). 

h. Origin and Destination Airport Hub: 59% of the flights originate and arrive from and 

to non-hub destinations and account for 19% of the total delayed flights. Of the 

remaining 41% flights, 1 in 5 flights is delayed (Figure 3.5.4).  

i. Carrier Group: 80% of the domestic flights are from carrier group 3, which contributes 

to 20% of the delays. The other 5 groups contribute only 4% to delays. There are no 

flights from group 0, 4 and 9 (Figure 3.5.5).  

j. Distance: The percentage of flights delayed decreases if the flights are traveling over a 

longer distance. The highest delay is observed when the distance is between 250 miles 

and 500 miles (Figure 3.5.5).  

3.5.2. Classification Model Using Sampling Data 

The dataset was used to create the classification models by using different algorithms. The 

models were created using the scikit learn open source library for machine learning algorithms 

(Pedregosa et al., 2011). The results show the performance of the datasets in the training and the 

test phase. In the training phase only accuracy rate was checked, while the performance measures 

were compared for the test data.  

3.5.2.1. Training Data Results: 

5 - Fold cross-validation was used to validate the trained classification models. Overall 

model accuracy was obtained by averaging accuracy for all the 5 cross-validation test sets. K-

Nearest Neighbor showed the best performance (84%) followed by Decision Tree Classifier 

(83.6%). The model with least accuracy was Naïve Bayes.  
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Table 3.5.1 provides the accuracy for all the trained classification models. 

Table 3.5.1: Model Accuracy for Training Data 

Model Random 

Forest 

Decision 

Tree 

K-Nearest 

Neighbor 

Naïve 

Bayes 

Local Outlier 

Factor 

Accuracy 82.20% 83.58% 84.10% 63.56% 65.90% 

 

For the training dataset, Decision Tree and Random Forest improved the most after the 1st 

run and stabilized after the 3rd run. Local Outlier Factor was the only model that had similar results 

in each run.  Figure 3.5.6 provides a graphical representation of how the models performed for 

each run. 

 

Figure 3.5.6: Model Accuracy for Cross Validation Runs 
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3.5.2.2. Test Data Results: 

i. Accuracy: Decision Tree had the best accuracy for the test dataset (Table 3.5.2). This is 

followed by Random Forest and K-Nearest Neighbor. Accuracy is defined as the 

percentage of right classifications with respect to the total number of data points. Hence, 

it does not provide an accurate representation of how an algorithm is performing while 

predicting the minority class especially in an imbalanced dataset. Thus, it is important to 

check the precision values for both on-time and delay classifications, in other words True 

Positive Rate (TPR) and True Negative Rate (TNR) (Fawcett, 2006; Google, 2018). 

Confusion matrix provides insights on these metrics.  

Table 3.5.2: Accuracy for the Algorithms 

Model 

Random 

Forest 

Decision 

Tree 

K-Nearest 

Neighbor 

Naïve 

Bayes 

Local Outlier 

Factor 

Accuracy 78.6% 81.2% 74.1% 65.3% 65.1% 

 

ii. Confusion-matrix, True Positive Rate, True Negative Rate: Table 3.5.2 shows TPR and 

TNR for the classification models. The results show that the performance in terms of 

predicting on-time flights is best for Decision Tree followed by Random Forest. TNR 

shows that the best delay classification occurs for Naïve-Bayes. Naïve-Bayes provides a 

balanced approach with equal classification rates for both delayed and on-time flights. 

Decision Tree and Random Forest classification rate of delays was very low.  
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Table 3.5.3: True Positive Rate (TPR) and True Negative Rate (TNR) for Algorithms 

Model 

Random 

Forest 

Decision Tree K-Nearest 

Neighbor 

Naïve 

Bayes 

Local Outlier 

Factor 

TPR 88.0% 86.0% 81.0% 68.0% 74.0% 

TNR 38.0% 36.0% 42.0% 55.0% 27.0% 

iii. ROC – AUC Score: The ROC_AUC Score for all the models are represented graphically 

in Figure 3.5.7 The scores for the algorithms are provided in Table 3.5.4.  

Figure 3.5.7: ROC-AUC Curve and Scores for all models 

Table 3.5.4: ROC-AUC Score 

Model Random Forest Decision Tree K-Nearest 

Neighbor 

Naïve Bayes Local Outlier 

Factor 

ROC-AUC 

Score 

62.7% 59.2% 61.8% 61.1% 50.4% 

 

3.5.3. Improving Classification Using Loss Function 

It can be observed from the results that while the accuracy of the models was high, the 

classification rate for delays was low. Except for Naïve-Bayes and Local Outlier Factor, the TNR 
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was below 40%. To get a balanced or a better delay classification model, we use loss 

function/weights for predicting delays. The descriptive and trend analysis shows that delays are 

mostly spread out across the different variables in the ratio of 20:80 against on-time. Furthermore, 

across the past 5 years, around 20% of flights have been delayed each year. Thus, to improve the 

classification rate for delays, loss functions were introduced. To overcome the bias in an 

imbalanced dataset, class weights were used as loss functions and have been used along with 

different classification models for improving the overall classification and the recall rates (H. Yu 

et al., 2012, 2015, 2016; X. Zhang et al., 2015; Y. Zhang et al., 2014). We used the class weights 

as a loss function on the sampled data for the classification models. Four cases were created for all 

the models. For Random Forest, Decision Tree, and Naïve-Bayes the selected loss functions were 

1) 0=1, 1=1.5 (Case A); 2) 0=1, 1=2 (Case B); 3) 0=1, 1=2.5 (Case C); 4) 0=1, 1=4 (Case D). For 

KNN algorithm, we utilize different number of neighbors and weight for the test cases, 1) 11 

neighbors, weight = distance (Case A); 2). 15 neighbors, weight = uniform (Case B); 3). 11 

neighbors, weight = uniform (Case C); 4) 9 neighbors, weight = distance (Case D). For LOF, the 

contamination rates selected were 1) 0.4 (Case A); 2) 0.3 (Case B); 3) 0.25 (Case C); 4) 0.2 (Case 

D). Different models were developed based on the distribution of the two labels. We first checked 

the accuracy for training data while performance measures were compared for test data. 

3.5.3.1. Training Data Results: 

5-fold cross validation was again used to check the accuracy rate of the training data. We 

observed that the accuracy of the methods decreased as the loss function increased (Table 3.5.5). 
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Table 3.5.5:  Model Accuracy for Training Data 

Model Random Forest Decision Tree 
K-Nearest 

Neighbor 
Naïve Bayes 

Local Outlier 

Factor 

Case A 79.71% 82.28% 84.69% 62.94% 65.90% 

Case B 75.56% 80.31% 78.33% 63.56% 65.90% 

Case C 72.29% 78.17% 79.74% 62.43% 65.90% 

Case D 65.38% 72.22% 85.00% 56.88% 65.90% 

 

3.5.3.2. Test Data Results: 

i. Accuracy: Decision Tree had the highest accuracy for Case A and B, while KNN had 

the highest accuracy for Case C and D. Like the training data, the overall accuracy of 

the models decreased with increase in loss function (Table 3.5.6).  

Table 3.5.6: Accuracy for the Algorithms 

Model Random Forest Decision Tree 
K-Nearest 

Neighbor 
Naïve Bayes 

Local Outlier 

Factor 

Case A 67.48% 77.27% 74.38% 75.96% 65.11% 

Case B 55.80% 72.33% 66.35% 65.35% 65.11% 

Case C 45.45% 67.54% 67.84% 56.92% 66.15% 

Case D 33.90% 54.92% 74.58% 39.20% 69.21% 

 

ii. Confusion Matrix, TPR, and TNR: Table 3.5.7 and Table 3.5.8 provide the true positive 

and negative rates for the cases. As the loss function increases the true prediction rate 

increases. If the objective of the decision maker was to obtain the best delay prediction, 

then Case D will be the recommendation. The objective of the decision maker is to select 

the case that provides the most balanced result, and this is visible in case A with Random 

Forest. 
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Table 3.5.7: True Positive Rate (TPR) for the Algorithms 

Model Random Forest Decision Tree 
K-Nearest 

Neighbor 
Naïve Bayes 

Local Outlier 

Factor 

Case A 69.00% 86.00% 82.00% 84.00% 74.00% 

Case B 53.00% 78.00% 68.00% 68.00% 74.00% 

Case C 40.00% 70.00% 71.00% 55.00% 75.00% 

Case D 21.00% 51.00% 82.00% 30.00% 80.00% 

 

Table 3.5.8: True Negative Rate (TNR) for the Algorithms 

Model Random Forest Decision Tree 
K-Nearest 

Neighbor 
Naïve Bayes 

Local Outlier 

Factor 

Case A 60.00% 37.00% 41.00% 38.00% 27.00% 

Case B 75.00% 46.00% 59.00% 55.00% 27.00% 

Case C 83.00% 55.00% 55.00% 65.00% 26.00% 

Case D 93.00% 72.00% 41.00% 82.00% 20.00% 

 

iii. ROC – AUC Score: We found the best ROC-AUC score for the random forest model in 

Case A closely followed by Case B (Figure 3.5.8 and  

iv.  

v. Table 3.5.9).  Random Forest has the highest ROC-AUC scores of all the models, closely 

followed by Decision Tree and KNN. Naïve Bayes and LOF have scores close to 50%. 

While the ROC-AUC scores are on the low side, the delay classification did improve. 

The results based on ROC-AUC score are not encouraging but can be improved by 

expanding the scope of variables to include aircraft specific and uncontrollable variables 

such as aircraft age, weather and security related events.  
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Table 3.5.9: ROC-AUC Scores 

Model Random Forest Decision Tree K-Nearest 

Neighbor 

Naïve Bayes Local Outlier 

Factor 

Case A 64.46% 61.22% 61.52% 61.11% 50.40% 

Case B 63.30% 62.25% 63.36% 61.14% 50.40% 

Case C 61.34% 61.36% 63.00% 60.02% 50.39% 

Case D 56.88% 61.45% 61.36% 56.03% 50.19% 

 

 

Figure 3.5.8: ROC-AUC Scores 

3.5.4. Variable Importance 

The last step in our analysis was to evaluate the importance of the variables in the preferred 

models. We also wanted to check the importance of the variables that were unique to the study. 

The variable importance is calculated by finding the Information Gain Index (Entropy) for each 

variable. The Information Gain Index (Entropy) calculates how well the particular decision nodes 

classify the data in the two labels (Batista et al., 2004; Breiman, 2001).  Table 3.5.10 shows that  
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Table 3.5.10: Feature Rank for Variables - Case C - Random Forest Classifier 

Features Rank 

Avg. Taxi Time 1 

Friday 2 

Thursday 3 

Sunday 4 

Tuesday 5 

Wednesday 6 

Monday 7 

Saturday 8 

Distance 9 

Arrival Time Block 10 

Departure Time Block 11 

Aircraft Class 12 

Destination Hub 13 

Origin Hub 14 

Airline Group Code 15 

Quarter 4 16 

Origin Airport class – Large 17 

Destination Airport class – Large 18 

Origin Airport class – Medium 19 

 Destination Airport class – Medium 20 

Origin Airport class – Non-Primary Hub 21 

Destination Airport class – Non-Primary Hub 22 

Origin Airport class – Small 23 

Quarter 1 24 

Destination Airport class – Small 25 

Quarter 3 26 

Quarter 2 27 

Origin Airport class – Non-Primary Hub, Commercial Service 28 

Destination Airport class – Non-Primary Hub, Commercial 

Service 
29 

average taxi-time, Friday, and Thursday were the 1st, 2nd, and 3rd most important variables in 

determining whether a flight will be delayed. Arrival and departure time blocks, aircraft class, 

destination and origin hubs, and airline group were also found to be in the top 15 variables. 
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Amongst the different origin and destination airport sizes, large and medium sizes were more 

important than small, non-primary and commercial types. These results also help in identifying 

the crucial decisions that decision makers need to check and analyze for better management of 

operations. 

3.5.5. Classification Model without Additional Features 

To check if the inclusion of the additional features improved the classification 

performance, we analyzed the ROC-AUC Scores of the models developed without the new 

variables. The features considered were from previous studies except for any uncontrollable 

variables such as weather (Belcastro et al., 2016; Choi et al., 2016; Gopalakrishnan & 

Balakrishnan, 2017; Rong et al., 2015) 

Table 3.5.11 shows that the performance of all the classification models except for Local 

Outlier Factor increased by addition of new variables. The ROC-AUC scores increased by 4%-

5%. The accuracy of ROC-AUC scores for the improved classification models are comparable 

with the previous studies. While those studies included weather data, they do not include the 

additional variables we utilized in the study (Belcastro et al., 2016; Choi et al., 2016; 

Gopalakrishnan & Balakrishnan, 2017; Rong et al., 2015).  

Table 3.5.11: ROC-AUC Scores 

Model Random Forest Decision Tree 
K-Nearest 

Neighbor 
Naïve Bayes 

Local Outlier 

Factor 

Base Case 59.1% 57.4% 57.9% 59.9% 54.3% 

Case A 60.6% 59.0% 57.8% 59.2% 54.3% 

Case B 59.8% 59.7% 59.9% 59.9% 54.0% 

Case C 57.7% 59.6% 59.5% 59.2% 52.3% 

Case D 53.1% 58.1% 57.7% 55.1% 50.8% 
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The research goal for this study is to provide the best balance between accuracy, ROC-

AUC Score, and Confusion Matrix. The results show that Random Forest classifier and the 

Decision Tree classifier models for Case A and Case B respectively perform the best. The Decision 

Tree model has relatively higher accuracy and has a ROC-AUC score of approximately 62%. The 

highest ROC Score we obtained was 64% from the Random Forest classifier in Case A, but it 

affected the True Positive Rate adversely with respect to the results using just the sampled dataset. 

3.6. Conclusion 

The analysis of the airline delays in this study offers insights on important variables that 

need to be considered by decision makers to improve airline operations. Previous studies have 

majorly used variables such as weather, seasonal effect, delay propagation etc. which are mostly 

viewed as uncontrollable variables. In this paper, we utilized the variables that are controllable by 

decision makers or are a part of the decision-making process which directly affect the airline on-

time performance to predict if a flight is delayed. The prediction model serves as a decision support 

system that helps the airline companies in the near-term planning process. In addition, this model 

can also be integrated in the flight information systems used by companies and government 

agencies to provide better predictions of the flight’s on-time arrivals. We included variables such 

as airport size, aircraft size, airline carrier group, and if origin and destination airport is a Hub for 

an airline. These variables were found to have a significant impact on airline performance. A flight 

that originated or was destined to an airport hub for the airline is more likely to be delayed. On the 

contrary, Medium/Small airports are more susceptible to delays as compared to large airports. We 

also observed a seasonal effect on the flight performance. The probability of flights being delayed 

in summer is higher than in winter. Any flight that spent an average of 30 minutes or longer for 
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taxiing had a greater than 90% probability of being delayed. Other variables that were influential 

in explaining flights delays include Day of Week (Seasonality) and Departure and Arrival Time 

block.  

The airline on-time dataset is an imbalanced dataset. Hence, to analyze the airline flight data, it is 

important to ask the right question. For example, if the question is whether we could predict if a 

flight is on time, we could have 80% accuracy if our prediction is all flights being on time. On the 

other hand, if we inquire whether a flight will be delayed, a random prediction will yield only 20% 

accuracy. However, using the optimized SCSID framework, we are improving overall prediction 

performance to 65% even without including uncontrollable variables such as weather (which has 

been used extensively in the literature to obtain a 64% prediction performance (Choi et al., 2016; 

Chung et al., 2020; Thiagarajan et al., 2017)), i.e., improve the accuracy by around 1%.  

Assessment of classification algorithms revealed that Random Forest classifier was the best 

model when using class weight for delayed flight as 1.5 against the class weight of 1 for on-time 

flights. This loss function has the best balance between delayed and on-time flight classification 

across the algorithms. Random Forest was found to be the best algorithm to predict only delayed 

flights when the class weights ratio for loss function between on-time and delayed flights was 1:4. 

But that impacted the true positive rate and the overall accuracy of the model significantly. It is 

important to note that we were able to get similar accuracy and ROC score as previous studies, 

which also included weather related features. As a next step, we would like to investigate if 

inclusion of variables related to the aircraft and weather can improve performance of the 

classification models. 
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This study also highlights the challenges of working with a large imbalanced dataset. In 

such situations, it is important to outline the key objective and evaluate the results within that 

context. From a procedural perspective, the class weights for the loss function may require 

adjustment to obtain the appropriate model. The loss functions were initially decided w.r.t class 

weights and were adjusted based on the class distribution. Providing the right loss function will 

help in improving the accuracy especially when False Negative Errors are more important than 

False Positive Errors or vice-versa. Using the loss functions, we were able to improve the 

prediction of airline performance.  

Given the current climate and the airline and flight situation with Covid-19 virus, the 

number of enplanements has decreased considerable. The number of passengers passing the TSA 

check between March and May 2020 decreased by 72.73% from 2019 (TSA, 2020). Given the 

current situation a lot of regional airline companies are declaring bankruptcy while national airline 

companies are battling reduced revenues (Kotoky, 2020; Sachmechi, 2020; Slotnick, 2020). Better 

scheduling and operations management can assist the industry in improving on-time flight 

performance. In these times of economic turmoil, airline companies need to save money for which 

one of methods can be reducing the fines paid due to delays. Thus, a model that can enable the 

airline company to better predict if a flight will be on time or will be delayed, will not only reduce 

the cost of delays for airlines and passengers but also significantly improve service quality, is a 

significant step forward in addressing a critical industry need 

Delays cause huge losses for the companies, passengers, and the US economy. A decision-

making tool to improve the performance of the airline industry is needed. This paper offers insights 

on how variables that are under decisional review of the airline companies can influence flight 
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performance. Furthermore, we build on the work done in prior studies on development of an 

automated and robust decision-making tool for better management of operations in the airline 

industry. 
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3.8. Appendix 

Table 3.8.1: Variable Definition as per FAA 

Variable Feature Definition Value/Type Type 

Quarter 

Q1 Months = Jan, Feb, Mar 
1 if true, 

else 0 
Binomial 

Q2 Months = Apr, May, Jun 
1 if true, 

else 0 
Binomial 

Q3 Months = July, Aug, Sept 
1 if true, 

else 0 
Binomial 

Q4 Months = Oct, Nov, Dec 
1 if true, 

else 0 
Binomial 

Day of Week 

Monday Day of the week = Monday 
1 if true, 

else 0 
Binomial 

Tuesday Day of the week = Tuesday 
1 if true, 

else 0 
Binomial 

Wednesday 
Day of the week = 

Wednesday 

1 if true, 

else 0 
Binomial 

Thursday Day of the week = Thursday 
1 if true, 

else 0 
Binomial 

Friday Day of the week = Friday 
1 if true, 

else 0 
Binomial 

Saturday Day of the week = Saturday 
1 if true, 

else 0 
Binomial 

Sunday Day of the week = Sunday 
1 if true, 

else 0 
Binomial 

Airline Group 

AG 

(Based on 

FAA 

Calculation) 

Group 0 - Foreign Carriers 0 Categorical 

Group 1 - Large Regional 

Carriers (carriers with 

annual revenue of $20M to 

$100M) 

1 Categorical 

Group 2 - National Carriers 

(carriers with annual 

revenue over $100M to $B) 

2 Categorical 

Group 3 - Major Carriers 

(carriers with annual 

revenue over $B) 

3 Categorical 

Group 4 - Medium Regional 

Carriers (carriers with 

annual revenue under 

$20M) 

4 Categorical 
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Variable Definition as per FAA (Continued) 

  

Variable Feature Definition Value/Type Type 

  

Group 5 - Small Certificated 

Carriers (carrier holding 

certificate issued under 49 

U.S.C. section 41101 and 

operating aircraft designed 

to have a maximum seating 

capacity of 60 or less seat or 

a maximum payload of 

18,000 pounds or less.) 

5 Categorical 

Group 6 - Commuter 

Carriers (air taxi operator 

which performs at least five 

round trips per week 

between two or more points 

and publishes flight 

schedules which specify the 

times, days of the weeks 

and plans between which 

such flights are performed) 

6 Categorical 

Group 9 - Commuter 

Carriers (Air Taxi providing 

Essential Air Service) 

9 Categorical 

Origin/Destination 

Hub 
OH/DH 

If the particular 

origin/destination airport is 

a hub of the particular 

airline company 

1 if true, 

else 0 
Binomial 

Distance Distance 
Distance between origin and 

destination airport 
 Continuous 

Airport Size 

Origin 

Airport 

Capacity 

(OAC)/ 

Destination 

Airport 

Capacity 

(DAC) 

(Grouped 

as per FAA 

dataset) 

Large Airports - 

OACL/DACL 

1 if true, 

else 0 
Binomial 

Medium Airports - 

OACM/DACM 

1 if true, 

else 0 
Binomial 

Small Airports - 

OACSL/DACS 

1 if true, 

else 0 
Binomial 

Non-Hub Primary Airports - 

OACN/DACN 

1 if true, 

else 0 
Binomial 

Non-Hub Primary 

Commercial Service 

Airports - 

OACNone/DACNone 

1 if true, 

else 0 
Binomial 
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Variable Definition as per FAA (Continued) 

 

 

Variable Feature Definition Value/Type Type 

Aircraft Class 

Aircraft 

class  

Grouped 

w.r.t 

number of 

Passengers  

number of Passengers <25, 

then 1 
1 Categorical 

26<= number of Passengers 

<100, then 2 
2 Categorical 

100<= number of Passengers 

<200, then 3 
3 Categorical 

200<= number of Passengers 

<300, then 4 
4 Categorical 

number of Passengers >= 

300, then 5 
5 Categorical 

Departure/Arrival 

Time Block 
DTB/ATB 

Morning - flight scheduled 

between 6:00 and 11:59 
1 Categorical 

Afternoon - flight scheduled 

between 12:00 and 17:59  
2 Categorical 

Evening - flight scheduled 

between 18:00 and 23:59  
3 Categorical 

Night - flight scheduled 

between Midnight (00:00) 

and 05:59 

4 Categorical 

Average Taxi-

Time 
ATT 

Average of taxi-out time and 

taxi-in time 
 Continuous 

On-time 

Performance 

Delay 

Label 
0 if on time 1 if delayed 0, 1 Binomial 

Distance Group* 
Distance 

Group 

250 Miles Distance Groups 

up to 3000 Miles 

Group 13 - 3000 Miles + 

1, 2, …, 13 categorical 

Average Taxi-time 

group* 

ATT 

Group 

Grouped Average taxi-time 

for 20 min interval till 300 

min 

Group 16 - 300+ minutes 

1, 2, …,16 Categorical 
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Chapter 4 

4. MACHINE LEARNING ALGORITHMS TO PREDICT 

FLIGHT DELAY, DELAY TIME AND DELAY REASON 

Abstract 

In case of any disruptive event, decision makers need to the answer to “what is happening,” 

“why is it happening” and “what/how does it impact the organization.” Airline industry is no 

different. Delays are a disruptive event for the industry that cost them and their customers in a tune 

of $20-$30 Billon. The goal of this study is to answer these three questions using machine learning 

algorithms. Different machine learning algorithms are used to predict delays using US Domestic 

Flights data from 2015-2017. We also implement different classification types: binary 

classification, multi output classification and multi label classification to answer the three 

questions.  We use various variables, factors under decisional control, factors under some aspect 

of decision maker review, and lastly factors under no control of the decision maker to predict and 

answer the three questions. To do so, we predict if the flight is going to be on-time or delayed, 

predict the cause of delay, and finally predict the amount of delay. The amount of delay is predicted 

as a group of 15-minute interval that is group 1 is 15-30 minutes delay group 2 is 30-45 minutes 

delay and so on. The study lays a great foundation on which an automated decision-making model 

can be setup to decrease the impact of the delays.  

Keywords: Airline Delay, Delay Cause Classification, Multi-output Classification, Multi-Label 

Classification 
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4.1. Introduction  

Everyday more than 20,000 domestic flights are scheduled across various domestic airports 

in the United States (FAA, 2019). Airline scheduling and operations is a highly challenging and 

complex operation across 5.3 Million square miles of air space and across 509 airports with peak 

hours seeing more than 5000 flights in the air. Airline delays account for around 20% of the total 

flights (FAA, 2019). Federal Aviation Administration (FAA) classifies delays into five categories, 

viz. Airline Carrier Delay, Extreme Weather Delay, Delays caused by National Aviation Systems, 

Security Delay and Delays caused by Late Aircraft Arrivals. Airline Carrier Delays account for 

30% of delayed flights. In 2019, delays caused due to airlines carrier’s fault costed the companies 

$74.24 per minute (Airlines For America, 2018). The cost to airline companies due to airline carrier 

delays in 2015, 2016 and 2017 were $66.5/min, $64.16/min and $69.3/min, respectively (Airlines 

For America, 2018). This caused airline companies a loss of $4 Billion dollars over the period of 

2015-2017 (Airlines For America, 2018; Information, 2018). As a decision maker knowing 

answers to questions like ‘What is going to happen’, ‘What is the cause of the event’ and ‘Impact 

on the company’ help in better planning and airline industry is no different (Bazerman & Moore, 

2013; Klein et al., 1993). In this paper, we answer all the three questions, i.e., ‘What is going to 

happen’ – Is the flight going to be On-Time or Delayed ; ‘What is the cause of the event’ – If 

delayed, what is the reason for the delay; ‘Impact to the company’ – The impact to the company 

can be measured financially or operationally; In this paper we focus on the operation side, i.e., 

predicting if a flight is on-time or delayed and if the flight is delayed then predicting the cause of 

delay, predicting how much time will the flight be delayed. 
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FAA forecast shows that flight operations will increase by nearly 35% in the next 20 years, 

i.e., around 1.5% each year for all commercial airlines (Federal Aviation Administration, 2019). 

The number of passengers traveling via commercial airlines is expected to grow by more than 50% 

from 840.8 Million in 2017 to 1.28 Billion over the next 20 years  (Federal Aviation 

Administration, 2019). This growth can adversely impact the on-time flight performance making 

flight delays an ever more serious issue. A better scheduling and operations management solution 

can assist the industry in improving on-time flight performance. Such a solution will not only 

reduce the cost of delays for airlines and passengers but also significantly improve service quality. 

Thus, a model that can enable the airline company to better predict if a flight will be on time or 

will be delayed is a significant step forward in addressing a critical industry need. 

Flight delay can be attributed to be various factors. The models in the literature that predict 

if a flight is going to be delayed or not usually utilize uncontrollable variables such as weather, 

seasonal effect, delay propagation and air traffic. In this study, we also use other controllable 

variables that may have an impact on the airline on-time performance such as aircraft size, aircraft 

age, airport maintenance availability, airport traffic etc. in delay prediction algorithms. 

Furthermore, the proposed framework allows inferring the influence of the variables on different 

causes of delays and the length of the delay time. We also discuss how the models can be useful 

to the aviation system planners and airline companies. 

An important characteristic of these factors is the extent to which they are with decisional 

control of the decision makers. Examples of factors that are under direct control of the decision 

makers include time of flight, aircraft used for the flight, etc. Factors that are under some decision 

maker’s control or has better information and can plan accordingly is the airport /runway used, 
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average taxi-time for an airport etc., while weather conditions, and ground control system are 

variables under uncontrollable factors. Constant factors are distance, maintenance type available 

at the airport, etc. These factors are likely to impact airline On-Time performance differently and 

hence needs to be accounted for. We utilize these diverse set factors to predict on-time flight 

performance. In doing so we use a single class binary classification that classifies flights as on-

time and delayed, a multi-label binary classification to determine the main cause of the delay, and 

the operational impact of the delay by predicting the time group of the delay. The results of the 

study can assist airline companies in making better decisions regarding schedules and managing 

the cost of delays.  

The paper is organized as follows: Section 4.2 provides a brief review of the previous 

studies done in this area. Section 4.3 describes the methodology/process to obtain the results. 

Section 4.4 and Section 4.5 provides details on the data and the results of the models. Section 4.6 

provides a discussion on how the study and results can help the decision makers. Section 4.7 

provides the concluding remarks and future work in the area.  

4.2. Literature Review 

Previous research in this field and area can be classified into three area – (1) Variables to 

be used to study the impact on airline On-Time performance. (2) Application of machine learning 

algorithms to predict delays and (3) Operations management, decision making and policy making 

in the airline transportation. 
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4.2.1. Variables used: 

The variables that impact on time flight performance can structured into various categories 

such as Weather, Airport, Aircraft, Seasons, Airline Carrier, and Decision Variables (Figure 4.2.1) 

We elaborate on each category in more detail.  

 

 

Figure 4.2.1 Different variables that influence airline on-time performance 

4.2.1.1. Weather: 

Majority of the studies on predicting delays have focused on weather events, which is an 

uncontrollable factor (Balakrishnan, 2016; Bandyopadhyay & Guerrero, 2012; Baumgarten et al., 

2014; Belcastro et al., 2016; Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Gui et al., 

2020; Movva & Menon, 2016; Robinson, 1989; Sternberg et al., 2017). Weather plays a significant 
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role on the airline on-time performance (Information, 2018). However, extreme weather events are 

responsible for only 0.5% of delayed flights. Weather also impacts the national aviation system 

which accounts for more than 50% of the delayed flights so there is also an indirect impact (Bureau 

of Transportation Statistics, 2017). Even though the direct impact of weather in terms of the 

number of flights delayed may seems to relatively small, prior assessments show that weather 

accounts for 20% of the total delayed minutes. Thus, it is important to consider the impact of 

weather in evaluating flight performance.  

4.2.1.2.  Season: 

Other factors that have been used in previous studies include seasonal variables such as 

quarter, month, day of the month, day of the week (Balakrishna et al., 2008; Balakrishnan, 2016; 

Bandyopadhyay & Guerrero, 2012; Baumgarten et al., 2014; Choi et al., 2016; Dand, Saeed, et al., 

2019; Dand, Yildirim, et al., 2019; Gopalakrishnan & Balakrishnan, 2017; Gui et al., 2020; 

Robinson, 1989; Sternberg et al., 2017).  

4.2.1.3.  Airport Variables: 

Airport sizes is the only variable that has been used in prior studies for classifying the 

airline on-time performance (Dand, Saeed, et al., n.d.)  This is a major gap in the area as various 

airport conditions can influence the on-time performance of flights, for example the number of 

runways, type of maintenance availability, traffic (passengers and flights). Our hypothesis is that 

these variables have an impact on the flight on-time performance and are useful indicators of the 

cause of delay. 
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4.2.1.4.  Aircraft Variables: 

Aircraft size has been one of factors considered in prior studies for classifying the airline 

on-time performance (Dand, Saeed, et al., n.d.). We find this as a gap in the prior studies as 

different aircraft conditions can lead to serviceability in different conditions and hence can affect 

the airline on-time performance. We work on this gap by introducing the aircraft age, time since 

certification and time to certification expiration along with aircraft size to improve the performance 

of the algorithms for the different classifications 

4.2.1.5.  Carrier Variables: 

In previous studies, unique carrier and the type of carrier have been used as variables for 

the on-time classification problem (Balakrishna et al., 2008; Choi et al., 2016; Dand, Saeed, et al., 

n.d.; Gopalakrishnan & Balakrishnan, 2017). Hub information for a particular carrier has been 

used in prior study (Dand, Saeed, et al., n.d.) 

4.2.1.6. Decisional Variables: 

Decisional control variables like destination and origin airport and departure and arrival 

time have been used in previous studies to predict delays. Studies have also used distance between 

origin and destination airports, departure delays in the studies. Dependent variables like Origin 

Destination (OD) pair have been developed and have been used to predict the on-time 

performance.  

In conclusion a lot of variables that can have an impact on the airline-on-time performance 

have not been explored. The main focus of the studies in the literature has been to predict the 

delays rather than knowing the cause or the impact, these variables were not included or checked 

to see if they can help classify the types of delays or find the impact of the delays. Table 4.2.1 
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below provides a summary of the different variables that have been used. The FAA data and the 

dependent variables used have been developed from the FAA dataset while the Weather Variables 

are obtained from the NOAA database.  

Table 4.2.1: Variables Used in Previous Studies 

FAA Data Dependent Variables Weather Variables 

Date of Flight OD-Pair Delays Temperature 

Quarter of Year 
Delays on Adjacent OD 

Pairs 

Precipitation 

Year 

  

Humidity 

Day of Month Wind speed 

Day of Week Wind Gust speed 

Unique Carrier Hourly Station Pressure 

Origin Airport ID Hourly Visibility 

Destination Airport 

ID 

Hourly Weather Type 

CRS Dep Time  

CRS Arrival Time 

Arrival Delay 

CRS Elapsed Time 

Departure Delay 

Taxi Out Time 

Arrival Time 

Flight Distance 

 

4.2.2. Machine Learning algorithms: 

Prior studies have implemented various machine learning algorithms to predict delay. The 

most used algorithms were Random Forest, Decision Tree, K-Nearest Neighbor and Neural 

Networks (Balakrishna et al., 2008; Balakrishnan, 2016; Bandyopadhyay & Guerrero, 2012; 

Baumgarten et al., 2014; Choi et al., 2016; Dand, Saeed, et al., 2019; Dand, Yildirim, et al., 2019; 

Gopalakrishnan & Balakrishnan, 2017; Gui et al., 2020; Robinson, 1989; Sternberg et al., 2017) 

(Table 4.2.2). Prior work has mainly focused on predicting flight performance as a binary outcome. 
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Limited attention has been directed to understanding the cause of delay or the time of delay, in the 

case the flight is delayed. The application of multi-label or multi-class classification has been 

nonexistent in exploring these issues. 

Flight performance is an Imbalanced dataset, thus selection of the right KPI to compare the 

predictive performance of the different algorithms is vital. Previous studies have relied on accuracy 

as the main KPI to gauge the performance of the algorithms and make recommendations 

(Balakrishna et al., 2008; Balakrishnan, 2016; Bandyopadhyay & Guerrero, 2012; Baumgarten et 

al., 2014; Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Gui et al., 2020; Robinson, 

1989; Sternberg et al., 2017).  An imbalanced dataset creates bias in accurately predicting the 

majority class. Thus, relying on the overall accuracy score provides an inaccurate picture of the 

algorithm performance. To get a comprehensive view of the results, selection of the right KPI(s) 

for evaluation of the various machine learning classifications is needed. For binary classification 

with imbalanced dataset the suggested KPI is ROC_AUC score while for Multi-label and multi-

class classifications, Hamming loss function is recommended (Herrera et al., 2016). 

Table 4.2.2: Algorithms Used 

Regression Models Classification Models 

Linear Regression  Decision Tree  

Markov Jump Linear System  Random Forest  

Classification and Regression 

Tree  K-Nearest Neighbors Classifier  

General Regression Neural 

Network 
Naïve-bayes  

ADA Boost  

 Multilayer Perceptron Neural 

Network 

 Probabilistic Neural Network 
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Multi-label classification is extensively used in text, image, music, video classifications, 

and contexts in which there are multiple attributes or labels that are true at the same time (Herrera 

et al., 2016) . For an example, in an image of a scenery where mountain, water, and house may all 

be true at the same time. Multi-label classification in applicable in the context of this study because 

it is likely that airline delay may be a function of multiple conditions. For example, Airline Carrier 

and Extreme Weather can both be a reason for causing the delay. Multi-class classification are 

used when an object can be classified into multiple groups or classes, but only exists in one of 

these groups (Herrera et al., 2016). For example, a car can be classified into a sedan, SUV, and 

hatchback. Multi-class classification is a generalized form of binary classification. For our 

research, we use multi-class classification to predict the time group of the delay where each group 

is made up of 15-minute intervals. As per the FAA dataset, we have 12 groups starting from 0 

minutes delay after scheduled time, i.e., 3 hours of delay divided into 12 groups of 15 minutes 

each and the 13th group is anything greater than 3 hours of delay.  

In conclusion, the key contributions from the perspective of machine learning are that it 

offers a comprehensive assessment of predictive performance, use of multi-label classification to 

provide guidance on cause of delay, and use of multi-class classification to predict time of delay.  

4.2.3. Operations Management, Decision Making and Policy Development: 

Prior studies in decision making and operations management have mainly focused on the 

scheduling aspect of the problem via optimization models (Balakrishnan, 2016; Clausen et al., 

2010; Sternberg et al., 2017). Application of machine learning algorithms has mainly been 

involved in predicting airline delays based on weather events. Previous studies have concentrated 

mainly on development of better models, they have not provided insight on how the different 
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variables affect the decision-making process or the impact of the variables on airline’s on-time 

performance (Baspınar et al., n.d.; Choi et al., 2016; Gopalakrishnan & Balakrishnan, 2017; Gui 

et al., 2020; Liu et al., 2019). They also do not go into detail on the application of the results and 

how it can be used by decision makers during their planning process. Hence, previous studies have 

not really helped decision makers. FAA forecasts that the passengers traveling via airlines is going 

to increase by 50% over the next 20 years. It is essential that efficient decision-making algorithm 

must be developed to help schedule the flights better given that the predicted airline’s on-time 

performance and in the case of a delay the cause of the delay is known. While this study does not 

develop a decision-making algorithm, it provides a headway into developing the essentials of the 

algorithm by applying machine learning algorithms to predict airline on-time performance and the 

cause of a delay. 

In summation, the paper offers the following key contributions:  

1. We develop models using machine learning algorithm to predict the on-time 

performance (single class binary classification) and the cause of the delay (multi-label 

binary classification) and predict the time group of delay (multiclass binary 

classification) while using the right KPI for comparing and finding the best model 

developed using the algorithms.   

2. We examine the airline on-time performance through various influencing factors which 

include decision control, decision review, uncontrollable factors and set constants.  

3. We build an application based holistic approach for decision makers to predict the on-

time performance along with its cause and impact. 
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4.3. Methodology 

The goal of the study is given a set of variables to predict if the flight is going to be on-

time or delayed, i.e., a binary classification. If the flight is delayed what is the cause of delay. Since 

the delay can be caused by more than one reason, we use a multilabel classification. Lastly to 

predict the delay amount we use multiclass classification, by predicting the group of time delay. 

Each group is a divided into a 15-minute window starting at 15-30 minutes and so on. In reference 

to the goal, the study is divided into four steps; 1. Data Pre-processing and data balancing using 

sampling technique. 2. Single class binary classification for classifying the airline on-time 

performance into on-time and delayed, 3. Multi-label and multi-class classifications for identify 

the key causes of delay, and, 4. predicting the delay time group. Figure 4.3.1 shows the flowchart 

for the steps involved.   

The logic behind the steps 2, 3 and 4 is simple i.e., 1. we figure out what is happening, 2. 

if normal behavior is not observed (on-time vs delayed), then we investigate why (cause) and, 3. 

finally examine the effect of the event on the operations (time). In following the steps, we identify 

the model that gives the most balanced result. This step also enables us to decrease our training 

dataset for the next two steps. The second step entails the use of multi-label classification to find 

the cause of delay. This investigation only focuses on training the dataset on the flights that have 

been delayed (subset of the complete dataset) and run the model only on the flights that were 

classified as delayed in step 1. In the third step, we use the dataset that includes only delayed flights 

with the cause of delay included to classify the delay time in time delay groups.  
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Figure 4.3.1: Method Flowchart 

4.3.1. SCSID Methodology 

The idea of this methodology is to use sampling and cost functions to improve performance 

for imbalanced datasets (Dand, Yildirim, et al., n.d.). In this method, first the dataset is balanced 

using one of the sampling techniques. Once, balanced while training the models cost functions are 

used to improve the predictions of the minority class. The methodology provides a way to improve 

the performance as per the objective, i.e., depending on the objective we can select class weights 
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such that either true negative ratio is the highest or the true positive ratio and true negative ratio 

are balanced. We use this methodology for the single class binary classification, i.e., classifying 

whether the flight was on-time or delayed. The objective for us is to get a balanced classification 

model, i.e., not too much importance is given to higher prediction of majority or minority classes.  

4.3.2. Sampling Technique: SMOTETomek  

Datasets that have unequal distribution of number of samples for the different label classes 

are called imbalanced dataset (García & Herrera, 2009; Mahani & Riad Baba Ali, 2020). The 

imbalance ratio (IR) is defined as the number of majority class samples (N-) to number of minority 

class samples (N+). 

𝐼𝑅 =  
𝑁+

𝑁−
 

Based on the imbalanced ratio, the datasets can be classified into low, medium and high 

imbalanced ratio datasets. Low imbalanced datasets are those with imbalance ratio between 1.5 

and 3. Medium imbalanced dataset are those with IR between 3 and 9 and highly imbalanced 

dataset have IR greater than 9 (Google, 2020; Mahani & Riad Baba Ali, 2020).  In this paper, the 

FAA dataset shows an imbalance ratio of 3.54, i.e., a dataset with medium imbalance. Hence, the 

assessment can give classification accuracy of over 75% when all flights are classified as on-time. 

To resolve the issue of imbalance, we can either remove data points from the majority class to 

reduce the total number of data points and make the overlap sample balanced across the two 

groups, i.e., Under-Sampling or we can add samples of the minority class in the dataset, i.e., over-

sampling to balance out the dataset (Batista et al., 2003, 2004) 

Over-sampling minority class can help balance the dataset, but for skewed dataset it does 

not really solve the problem. Application of a classification model in this case can lead to over-
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fitting (Batista et al., 2003, 2004). To create better-defined class clusters, TomekLinks are applied 

to the over-sampled training dataset to clean the data. Hence, instead of just removing data from 

majority class, data from both the majority and minority class are removed, helping to create a 

better decision boundary. This method is called Combine Over and Under-Sampling. The method 

follows three basic steps – (1). Over-sample using SMOTE (Synthetic Minority Over-sampling 

Technique), (2). Identify TomekLinks, and (3). Remove TomekLinks/data to create a relatively 

more balanced dataset with well-defined class clusters (Batista et al., 2004). 

4.3.3. Machine Learning (Supervised) Classification 

Four different algorithms are used for classifying flight performance. Of the five, four are 

supervised classification methods while one is unsupervised. Decision Tree, Random Forest, 

Naïve Bayes, and K-Nearest Neighbor were used as supervised classification algorithms while 

Local Outlier Factors was used as an unsupervised classification algorithm. 

4.3.3.1. Decision Tree (DT) 

 A decision tree is a hierarchical model for classification that implements the divide 

and conquer strategy. It splits the data into smaller subsets using different condition at each 

decision node providing terminal leaves. A test function 𝑓𝑚(𝑥) is implemented at each decision 

node 𝑚 to provide discrete outcomes labeled as branches. Given an input variable 𝑥, the 

mathematical model for the classification can be given as  

𝑓(𝑥) = 𝐸[𝑦|𝑥] =  ∑ 𝑤𝑚 𝜙 (𝑥; 𝑣𝑚)

𝑀

𝑚=1
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where 𝑤𝑚 is the distribution over class labels in the 𝑚𝑡ℎ node, 𝑣𝑚 is the choice of the variable to 

split and the threshold value on the path from the root to the 𝑚𝑡ℎ leaf, 𝑦 is the class label and 𝜙 is 

the impurity (Batista et al., 2004). 

4.3.3.2. Random Forest (RF) 

 

Figure 4.3.2: Random Forest Algorithm (Khaidem et al., 2016) 

Random forest is ensemble of multiple decision trees that provides better classification 

accuracy (Breiman, 2001). These decision trees are independent, which helps reduce the variance 

in the result. The trees are created randomly by using a random subset of training data or input 

features. This randomness helps reduce the bias of the forest. Random forest obtains a class vote 

from each decision tree which is then converted in the majority vote by taking an average of all 

the class votes (Breiman, 2001). Figure 4.3.2 shows the random forest algorithm. 

 

4.3.3.3. K-Nearest Neighbor (KNN) 

The class label is assigned by examining the labels of the k- nearest neighbors of a given 

classification input. The majority label is then given to the classification input. Though a highly 
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simplistic algorithm, KNN method has been highly effective when the decision boundary is highly 

variable or irregular (Cover & Hart, 1967; Mills et al., 2018).  

4.3.3.4. Naïve Bayes (NB) 

The class label is assigned based on the probability obtained using Bayes theorem. For 

simplicity, an assumption is made that the variables are independent of each other and the variables 

and classes are under a normal Gaussian probability curve (Chater et al., 2010; Liang et al., 2020). 

The equation for finding the conditional probability of a particular class is given by 

𝑃(𝐶𝑖|𝑥) =  
𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

𝑝(𝑥)
=  

𝑝(𝑥|𝐶𝑖) ∗ 𝑃(𝐶𝑖)

∑ 𝑝(𝑥|𝐶𝑘) ∗ 𝑃(𝐶𝑘)
𝐾
𝑘=1

 

where, 𝐶𝑖 is class label. The algorithm chooses a class with the highest probability. The equation 

for choosing class 𝐶𝑖 is given by: 𝑃(𝐶𝑖|𝑥) =  max
𝑘
𝑃(𝐶𝑘|𝑥)  

4.3.4. Model Validation 

4.3.4.1. K-Fold Cross-Validation 

Cross validation technique is used to estimate the accuracy of model prediction over unseen 

data. In this method, the available dataset is divided into K equally sized non-overlapping subsets. 

A 𝑘𝑡ℎ { 𝑘 = 1, 2…, K} subset is selected from the K subsets created for testing. In our case, based 

on the system constraints, we consider a 5-fold cross-validation, i.e., K = 5 The Cross-Validation 

Error (CV) can be found using the equation: 

𝐶𝑉 = 
1

5
∑𝐿(𝑦𝑖, 𝑓

−𝑘(𝑖)(𝑥𝑖))

5

𝑖=1
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where 𝑓−𝑘(𝑖)(𝑥𝑖) is the fitted function, 𝑘 ∶  {1, 2… , N} → {1,2, … , 𝐾} is an indexing function that 

the 𝑖𝑡ℎ observation is allocated to the 𝑘𝑡ℎpartition and 𝑦𝑖 is the target value. 𝐿(𝑦𝑖, 𝑓
−𝑘(𝑖)(𝑥𝑖)) is 

the error between the target and the actual value. 

4.3.4.2. Confusion Matrix 

A confusion matrix is used to analyze the performance of a classification model. In the 

case of binary classification, the two categories are labeled as positives and negatives. A confusion 

matrix has four categories: True Positive (TP), ones that are positive and correctly categorized as 

those, False Positive (FP), are negative examples categorized as positives, True Negative (TN), 

are the negative examples categorized as negative and finally False Negative (FN), are the positive 

examples categorized as negative. True positive and the False Negative are the right classification, 

while the error of the model is addition of False Positive and True Negative.  Figure 4.3.3 shows 

an illustration of the confusion matrix. 

 

Figure 4.3.3: Confusion Matrix 

4.3.4.3. Recall Rate 

We check the precision values for both on-time predictions and delays or True Positive 

Rate (TPR) and True Negative Rate (TNR). TPR is the ratio of TP on the sum of all conditional 

positives (TP + FN), while TNR provides the negative predicted (TN) points on conditional 

number of negative data points (TN + FP) (Fawcett, 2006; Google Developers, 2019b).   

Positive (0) Negative (1)

Positive (0) True Positive (TP) False Negative (FN)

Negative (1) False Positive (FP) True Negative (TN)

Prediction Class

A
c
tu

a
l
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4.3.4.4. Recover Operating Characteristic – Area Under the Curve Score (ROC-AUC) 

An ROC-Curve is a graph that shows the performance of a classification model at all 

classification thresholds (Fawcett, 2006; Google Developers, 2019a; Mandrekar, 2010). It is 

plotted using two parameters, True Positive Rate (TPR) and False Positive Rate (FPR). FPR is the 

ratio of FP on the sum of all conditional negatives (TN + FN). AUC is the entire area underneath 

the ROC curve (Fawcett, 2006; Google Developers, 2019a). For calculating the ROC-AUC score 

for multi-label and multi-class classification we implement the micro-averaging strategy (Herrera 

et al., 2016). This strategy adds the counters for each label before computing the final metric. This 

strategy ensures that the contributions of each label to the final measure is not the same and are 

hence better aligned to the KPI. 

4.3.4.5. Hamming Loss 

Hamming loss is the most used KPI for Multi-Label and Multi-Class Classifications 

(Herrera et al., 2016). The indicator calculates the total number of missed classifications and is 

then normalized with respect to the number of labels and the total number of instances. The 

Hamming Loss can be found via the equation: 

𝐻𝑎𝑚𝑚𝑖𝑛𝑔 𝐿𝑜𝑠𝑠 =  
1

𝑛

1

𝑘
∑|𝑌𝑖∆𝑍𝑖|

𝑛

𝑖=1

 

where the ∆ operator returns the symmetric difference between the real labels of the ith instance, 

𝑌𝑖, and the predicted one 𝑍𝑖. The mod (|r|) operator counts the number of missed predictions. n is 

the total number of instances and k is the number of labels (Herrera et al., 2016). The objective of 

the model is to minimize the Hamming Loss. Hence, the best model is the one with 0 hamming 

loss.  
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4.4. Research Methodology 

After the identification of input variables, we collected the relevant data on those variables. 

Several classification models were then trained and tested. The data collection process is described 

in Section 4.4.1, data pre-processing in Section 4.4.2, data transformation in Section 4.4.3, and 

description of classification models in Section 4.4.4. 

4.4.1. Data Collection 

US domestic airline data from 2015 to 2017 was obtained from the Federal Aviation 

Association (FAA) and Bureau of Transportation Statistics (BTS) online database for Airline On-

Time: Reporting Carrier On-Time Performance (1987-present)15. The dataset provides the 

scheduled time, actual departure time, and actual arrival time reported by the U.S. airline 

companies for non-stop domestic flights. The database also provides details for cancelled and 

diverted flights, causes of delay and cancellation, actual airtime, taxi time, and the non-stop 

distance. For tracking if the origin or arrival airport is a hub, we collected hub details for each 

airline carrier through online search. The aircraft registration database maintained by the FAA was 

used16 to find the aircraft size, age, days to and from certification. Classification of airline carriers 

into different groups as determined by the FAA was done based on T-100 Domestic Segments 

(U.S. Carriers) database17. Groups were created with respect to the carrier company’s size and 

revenue. Airport classification dataset was used to obtain details on the airport size18. Airport data 

 

15 (https://www.transtats.bts.gov/Fields.asp) 

16https://www.faa.gov/licenses_certificates/aircraft_certification/aircraft_registry/releasable_aircraft_download/) 

17 (https://www.transtats.bts.gov/Fields.asp?Table_ID=293) 

18 (https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-

service-enp https://www.ncdc.noaa.gov/cdo-web/datatools/lcdlanements.xlsx) 

https://www.transtats.bts.gov/Fields.asp
https://www.faa.gov/licenses_certificates/aircraft_certification/aircraft_registry/releasable_aircraft_download/
https://www.transtats.bts.gov/Fields.asp?Table_ID=293
https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-service-enplanements.xlsx)
https://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/passenger/media/cy17-commercial-service-enplanements.xlsx)
https://www.ncdc.noaa.gov/cdo-web/datatools/lcd
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was used to get data on maintenance availability and runway information19. The weather 

information was extracted from NOAA’s Local Climatological Dataset20 

4.4.2. Data Preprocessing 

Air traffic data from all airports across the United States were collected using the Airline 

On-Time Database and corresponding airport classification details were extracted from the Airport 

classification dataset. All airplane types were extracted using the tail number or registration 

number to develop the aircraft size group variable. Following the BTS rule, any flight that was 

delayed by more than 15 minutes to arrive at the gate was marked as delayed, while the rest were 

marked as on-time. Information on cancelled and diverted flights was removed from the dataset. 

The following variables were extracted from the Airline On-Time Performance dataset (Dand, 

Saeed, et al., 2019). 

• Quarter: Quarter of the year (1-4). Four quarters, captures seasonality. 

• Day of week: 7 days, provides insights on if days of the weeks are important (1-7, with Monday 

and 1 while Sunday being 7). 

• Departure and Arrival Time Block (Hourly intervals): 19 blocks/group. Each hour is a block 

except late night, i.e., midnight (0:00 am) to 5:59 am is one block.  Provides trends down to 

the hour, for example flights arriving at night are least likely to be delayed.  

• TaxiOut and TaxiIn: Time spent on taxiway in minutes. 

 

19 https://www.faa.gov/airports/airport_safety/airportdata_5010/ 

20 (https://www.ncdc.noaa.gov/cdo-web/datatools/lcd) 

https://www.faa.gov/airports/airport_safety/airportdata_5010/
https://www.ncdc.noaa.gov/cdo-web/datatools/lcd
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• Distance: Distance between the origin and destination airports in miles.  

• Origin Airport: Origin airport code, for example ATL for Atlanta. 

• Destination Airport: Destination airport code, for example ATL for Atlanta. 

• Tail Number: Tail number of the aircraft. The tail number is unique to each aircraft and helps 

to keep a count on the number of flights made, type of aircraft etc. Example: N200AA. 

• Carrier: Airline company code and identification number assigned to the company. For 

example, AA is the code used for American Airline, while the identification number for AA is 

19805. 

The following variables were extracted from the Aircraft Registration Database. 

• Maximum Passenger Capacity: Provides maximum number of passengers in integers that can 

sit in an aircraft. It is linked to the tail number/registration number of the aircraft. For example, 

the number of passengers allowed on a N200AA flight are 6. 

• Manufacturer Year: Year the aircraft was manufactured, for example the N200AA aircraft was 

built in 1970. 

• Certification Issue Date: Date when certification was issued. 

• Certification Expiration Date: Date when certification expired. 

The following variables were extracted from the T-100 Domestic Segments dataset. 

• Airline Carrier Group: Grouped into 8 categories (0-6, 9). The airline carriers are grouped with 

respect to revenue.  
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The following variables were extracted from the Airport Classification Dataset. 

• Hub Detail: Airports are categorized into five groups with respect to the passenger traffic, i.e., 

Large, Medium, Small, Non-Hub Primary, and Non-Hub Primary, Commercial service. 

The following variables were extracted from the Airport Data. 

• Runways: Count of the number of runways available at each airport. 

• Aircraft Maintenance: Type of airframe repair service available at each aircraft, i.e., Major, 

Minor, and None.  

The following variables were extracted from NOAA’s Local Climatological. 

• Temperature: Hourly dry bulb temperature. 

• Humidity: Hourly humidity. 

• Visibility: Hourly visibility. 

• Wind Gust Speed: Hourly gust speed. 

• Wind Speed: Hourly wind speed. 

• Wind Direction: Hourly wind direction. 

• Weather Type: Hourly weather type using the AU sensors. 

• Sky Condition: Hourly sky condition. 

4.4.3. Data Transformation 

A few extracted variables were transformed or used to create new variables. The new 

variables and the formulas used to create these variables are as follows: 
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• Buffertime: Time between the scheduled arrival time of a plane of a leg and scheduled 

departure of the next leg for the same plane. 

• Average Taxi Time: Average of TaxiOut and TaxiIn Time. 

• Origin Airline Hub: Whether the origin airport is a hub for the airline company. This is binary 

variable. 

• Destination Airline Hub: If the destination airport is a hub for the airline company. This is 

binary variable. 

• Aircraft Size: 

{
 
 

 
 
1,                   𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 25
2,      25 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 100
3,   100 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 200
4,   200 ≤ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 < 300
5,                𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑎𝑡𝑠 > 300

 

• Age: The aircraft age based on the manufacture year and the flight date for example, the Age 

of airline N200AA in 2015 was 45 years. 

• Days to Certification: Number of days between flight date and Certification issue date 

• Days to Expiration: Number of days between flight date and Certification expiration date 

• Weather Type: Each different type of weather was converted into a categorical variable. 

• Origin Total Passengers: Total number of estimated passengers travelling from the origin 

airport for a day. 

• Destination Total Passengers: Total number of estimated passengers travelling from the 

destination airport for a day. 
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• Origin Total Flights: Total number of flights flown for a day from the origin airport. 

• Destination Total Flights: Total number of flights flown for a day from the destination airport. 

Table 4.4.2 summarizes all the variables, except weather variables, in the model, provides 

the definition, and information on variable type. The performance parameter is the final label that 

is used for training. Table 4.4.1 provides the sources used for variables outlined in Table 4.4.2. 

Most of the categorical variables in the model were converted into binary variables. Furthermore, 

20 thousand data points with missing or incomplete data were removed from the dataset.  After all 

the preprocessing and transformation, the complete dataset has information on 28 Million flights 

for the first model (binary classification). For the second and the third model (multilabel and 

multiclass classifications), we use on delayed flights dataset and test only when a flight is 

categorized as delayed. For the multiclass classifications, we include the labels from multilabel 

classification, i.e., the cause of the delay as a variable in the training dataset.  The labels are 

described and tabulated in Table 4.4.3 

Table 4.4.1: Sources for the Variables in the Study 

Source Dataset 

1 

Airline On-Time: Reporting Carrier On-Time 

Performance 

2 Aircraft registration database  

3 T-100 Domestic Segments (U.S. Carriers)  

4 Airport classification dataset  

5 Carrier Hub Dataset 

6 Airport Dataset 

7 NOAA Local Climatological Dataset 
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Table 4.4.2: Summary and Definitions of the Variables (except weather variables) 

Variable Definition Type Source 

Quarter Quarter of the year Categorical  1 

Day of week Day of the week Categorical  1 

Aircraft Class Aircraft size based on the passengers it can accommodate Categorical  2 

Airline Group  Airline Carrier group based on the size and revenue Categorical  3 

Origin Hub If the origin airport is a hub for the Airline Carrier Binary  5 

OAC 

Origin airport size as per the FAA. Possible values: large, 

medium, small, Non-Hub Primary, and Non-Hub Primary, 

Commercial service Binary  4 

DH If the destination airport is a hub for the Airline Carrier Binary  5 

DAC 

Destination airport size as per the FAA. Possible values: large, 

medium, small, Non-Hub Primary, and Non-Hub Primary, 

Commercial service Binary  4 

Departure 

Time Block 

What part of the day does the flight depart (Morning, Afternoon, 

Evening, Night) Categorical  1 

Arrival  

Time Block 

What part of the day does the flight arrive (Morning, Afternoon, 

Evening, Night) Categorical  1 

Average  

Taxi-Time Average time spent by a flight on taxi Continuous  1 

Distance Distance between origin and destination Continuous  1 

Performance On-Time/Delay 

Binary (1 

= Delay)  1 

Age Aircraft Age Continuous 4 

Day after 

Certification No of days between flight date and last time plane was certified Continuous 4 

Days to 

Expiration No of days between flight date and certification expiration date Continuous 4 

Origin 

Runways Number of runways at the origin airport Continuous 6 

Origin Major 

Repair If major airframe repair service is available at origin airport Binary 6 

Origin Minor 

Repair If minor airframe repair service is available at origin airport Binary 6 

Origin No 

Repair If no airframe repair service is available at origin airport Binary 6 

Origin total 

passengers Total number of passengers travelling from the origin airport Continuous 1 

Origin total 

flights Total number of flights flown for a day from the origin airport Continuous 1 

Destination 

Runways Number of runways at the destination airport Continuous 6 
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Table 4.4.2 (continued) 

Variable Definition Type Source 

Destination 

Major Repair If major airframe repair service is available at destination airport Binary 6 

Destination 

Minor Repair If minor airframe repair service is available at destination airport Binary 6 

Destination 

No Repair If no airframe repair service is available at destination airport Binary 6 

Destination 

total 

passengers 

Total number of passengers travelling from the destination 

airport Continuous 1 

Destination 

total flights 

Total number of flights flown for a day from the destination 

airport Continuous 1 

Buffer-time 

Scheduled time between the arrival of the last flight and 

departure of the current flight Continuous 1 

 

Table 4.4.3: Labels for the models 

Model# 
Model 

Description 
Label Description 

1 
Binary 

Classification 
Delay Classifying if the flight was on-time or delayed 

2 
Multilabel 

Classification 

Delay 

cause 

If airline is delayed, then classifying the cause of the 

delay. 5 causes of delay, viz: Carrier, Weather, NAS, 

Security and Late Aircraft 

3 
Multiclass 

Classification 

Delay 

Time 

If flight is delayed, then classifying the delay time into 

a group. 12 groups/classes starting with 15 minutes of 

delay. 11 Classes have been divided equally into 15 

minutes and the last group is any flight delayed by 

greater than 3 hours. 

 

4.4.4. Data Preparation 

We collected data from the following datasets: airline on-time performance dataset 

(AOTPD), aircraft registration dataset (ARD), T-100 Domestic segments dataset (T100D), airport 

classification dataset (ACD), carrier hub dataset (CHD), airport details dataset (ADD) and the local 

climatological weather dataset (LCWD). The processing of the data is divided into 3 steps: 
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1. Missing data, wrong data and outliers were cleaned from all the datasets. We also removed the 

unwanted columns in the datasets. In addition, we removed the flight record from AOTPD if the 

corresponding flight was cancelled or diverted. We removed about 275,000 data points in this step. 

These data points were mainly due to flight being cancelled or diverted. 

2. We added the relevant new columns from the other datasets by merging the data to the cleaned 

AOTPD dataset for each flight record. For example, we added the airplane size column from ARD 

dataset by matching the N-registration number. To merge the data, we use a Left Join (⟕), with 

the cleaned AOTPD dataset from step 1 being the main dataset. Left join returns all the values 

from the left table and the matching rows from the right table (Microsoft, n.d.). Since we need the 

weather data for origin and destination, we merged the weather data twice, i.e., 

((((𝐴𝑂𝑇𝑃𝐷 ⟕  𝐴𝑅𝐷)⟕  𝑇100𝐷)⟕  𝐴𝐶𝐷)⟕  𝐶𝐻𝐷)⟕  𝐴𝐷𝐷)⟕  𝐿𝐶𝑊𝐷(𝑤𝑜))⟕  𝐿𝐶𝑊𝐷(𝑤𝑑)) 

where  𝑤𝑜 is the weather information at origin airport for the scheduled departure hour and 𝑤𝑑 is 

the weather information at arrival airport for the scheduled arrival hour. We first created a dataset 

of all the flight related information (FT) and then added wo, and wd to the data. For joining WT to 

the FT for 𝑤𝑜 we use the airport code, date and schedule departure time. 

3. We removed the data from the dataset prepared in step 2 where values were missing or had 

wrong data introduced in the data due to the left join. We then apply the sampling methodology, 

SMOTETomek, on the data to get a balanced dataset. During this step we removed approximately 

20,000 data points from a final flight dataset (FT) of 28 Million data points. We finally have the 

individual flight record F along with the information on the labels, C, to create a matrix {F, C}. 

For better understanding of the data, F can be broken down into three components, all the flight 

related information (FT) and weather at origin (wo) and weather at destination (wd). The labels are 
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also divided into 3 components, C1, C2, C3 where C1 shows if the flight is on-time or delayed, C2 

provides information on the delay reason and C3 shows the class of the delay time group. C2 

consists of five different labels (i.e., 1, 2, 3,4 or 5 when flight is delayed due to a particular reasons). 

Multiple labels can be 1 at the same time making this a multilabel classification. If 𝐶1 is 0, then all 

values for 𝐶2 are also 0. C3 lies between [1,12]. If C1 is 0, all labels for C2, and C3 are 0. 

We used Alteryx software to work on data preprocessing step to be able to automate the job and 

save time.  

4.4.5. Classification Model 

 The different classification models discussed in Section II were trained on the data to 

predict arrival delays. The hyper-parameters for each classifier were fine-tuned via trial and error 

method. After testing various values, we used 100 trees for random forest and the number of 

nearest neighbors for K-nearest neighbor was selected as 15. The minimum leaf sample size for 

decision tree was selected as 100. To make sure that we are not overfitting the machine learning 

model we use a 10-fold cross validation model, and hyper parameter optimization.  

4.5. Results 

4.5.1. Single class Binary Classification 

For single class binary classification, we use the SCSID methodology to obtain the best 

result. We define the best result as the balanced classification of majority and minority class. For 

class weights we use 6 different cases while picking class weights. Table 4.5.1 below shows the 

majority and minority class weight. Imbalance ratio (ir) is also used as one of the cases. Imbalance 

ratio is defined as the number of minority classes data points divided by number of majority class 

data points. For the dataset, we calculated the ir as 4.51 
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Table 4.5.1: Cases with different class weights 

Case# 

Majority 

Class 

weight 

Minority 

Class 

weight 

A 1 1 

B 1 1.2 

C 1 2 

D 1 4 

E 1 5 

F 1 ir = 4.51 

 

We use the class weights for Decision Tree, Random Forest and use the ratios to provide 

the prior probabilities for Naïve Bayes algorithms. For KNN we change the number of neighbors 

and the way distance is calculated for the different cases. For comparing the cases we use true 

negative rate and the true positive rate and ROC_AUC score. The results are tabulated below. 

Table 4.5.2: True Positive Rate 

Case# 

Decision 

Tree 

Random 

Forest 

K-Nearest 

Neighbor 

Naïve 

Bayes 

A 96% 91% 64% 75% 

B 91% 83% 65% 96% 

C 86% 71% 61% 75% 

D 65% 34% 62% 35% 

E 57% 25% 65% 6% 

F 61% 29% 64% 7% 

Table 4.5.3: True Negative Rate 

Case# 

Decision 

Tree 

Random 

Forest 

K-Nearest 

Neighbor 

Naïve 

Bayes 

A 21% 31% 49% 45% 

B 31% 43% 47% 21% 

C 40% 58% 51% 45% 

D 64% 88% 49% 77% 

E 71% 92% 46% 96% 

F 68% 90% 50% 96% 
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Table 4.5.4: ROC-AUC Score 

Case# 

Decision 

Tree 

Random 

Forest 

K-Nearest 

Neighbor 

Naïve 

Bayes 

A 58.75% 60.97% 56.10% 60.00% 

B 61.33% 63.17% 55.79% 58.37% 

C 63.05% 64.51% 56.06% 60.00% 

D 64.83% 60.75% 55.74% 56.00% 

E 64.26% 58.47% 55.59% 51.25% 

F 64.53% 59.59% 55.95% 51.42% 

Looking at the table we see the impact of class weights on the classification on positive 

and negative classes. As we increase the minority class weight, the true positive rate (Table 4.5.2) 

drops while true negative rate improves (Table 4.5.3). The ROC-AUC (Table 4.5.4) score initially 

improves and the decreases as the class weight increases. We see the most balanced result for Case 

D (minority class weight is set as 4) while using the Decision Tree Algorithm. The true positive 

rate is 65% while the true negative rate is 64%. We used the solution form this Case D of Decision 

Tree Algorithm to for the next step, i.e., delay cause reason classification.  

4.5.2. Five Class Multilabel Classification 

We select a subset of the training and testing dataset used for single label binary 

classification consisting of only delayed flight. The training data before sampling has 2347295 

points while testing data has 377511 points. The goal of this step is to classify the delay into the 

correct causes. For this classification, we use all the variables used in the on-time performance 

classification. For training data, we use the actual on-time/delay classification while for the testing 

data, we use the predicted value from the model selected from the results in step 1. The reason we 

used multilabel classification is because more than one reason can contribute to the delay. We 

again deploy Decision Tree, Random Forest, Naïve Bayes and Multi K-Nearest Neighbor 



128 

 

classification algorithms. Performance comparison of the algorithms was conducted based on 

Hamming -Loss and ROC-AUC.  

Table 4.5.5 provides us the KPI values for the different models. 

Table 4.5.5: Multilabel Classification Model Performance 

KPI 

Decision 

Tree 

Random 

Forest 

K-Nearest 

Neighbor 

Naïve 

Bayes 

Hamming-Loss 0.2437 0.1995 0.3030 0.9738 

ROC-AUC Score 73.84% 76.63% 67.79% 50.27% 

 

The results show that Random Forest provides the best result for multilabel classification. 

With the Hamming-Loss at 0.199 and ROC-AUC Score of 76.63%, it clearly outperforms the other 

models in predicting the cause of delay. The goal of Hamming loss is to minimize the loss as much 

as possible, while the goal of ROC-AUC Score is to be maximized. The best possible value for 

Hamming Loss is 0 and that for ROC-AUC Score is 1. With the results obtained we do a 

particularly good job of predicting the different delay causes. Also, as no studies prior to this have 

worked on classification of delay reasons, the results obtained should be used as a benchmark for 

future studies. 

4.5.3. 13 classes Multiclass Classification 

We use the training and testing dataset we had for the multilabel classification along with 

the delay reason as a part of the variables to determine the delay time group. From the Multilabel 

classification, we use the results from Random Forest algorithm to provide the delay reasons for 

testing dataset. Since the dataset only includes delayed flights, delay time was segmented in to 12 

groups based on time of delay. Flights that were delay between 15-30 minutes were assigned to 

group 1, flights delayed between 30-45 minutes were included in group 2, and so on. Flights 
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delayed between 165- 80 minutes were in group 11 and group 12 included flights with delay of 

more than 180 minutes (about 3 hours). The same algorithms i.e., Random Forest, Decision Tree, 

K-Nearest Neighbors and Naïve Bayes were used. Table 4.5.6 provides the Hamming loss and 

ROC-AUC Score obtained which are used to compare the results. Most studies have worked on 

the actual time prediction (Gopalakrishnan & Balakrishnan, 2017; Khanmohammadi et al., 2016; 

Movva & Menon, 2016; Pamplona et al., 2018; Rebollo & Balakrishnan, 2014; Rong et al., 2015; 

Sternberg et al., 2017). Hence this study can be used as a benchmark that can be used for future 

studies.  

Table 4.5.6: Multiclass Classification Model Performance 

KPI 

Decision 

Tree 

Random 

Forest 

K-Nearest 

Neighbor 

Naïve 

Bayes 

Hamming-Loss 0.74 0.34 0.9051 0.8798 

ROC-AUC Score 59.65% 64.00% 50.63% 50.63% 

4.6. Discussion  

For a decision maker, understanding the factors that may impact the outcome of their 

decision is important. The insights not only ensure better performance but also minimize the 

instances of repeat failures (Bazerman & Moore, 2013; Klein et al., 1993). In the airline industry, 

flight performance is strongly linked to excellence in operations (Airlines For America, 2018; 

Balakrishnan, 2016; Ball et al., 2010). It also affects the airline ranking and ultimately passenger 

bookings. An organization with optimized operations is likely to grow their revenue (Ball et al., 

2010; Biblio, 2013; Bratu & Barnhart, 2006; Ferrer et al., 2012; Robinson, 1989; Sreedevi & 

Saranga, 2017). For a decision maker knowing what is happening, why is it happening and what 

would be the impact of the event are all important questions. Airline scheduling and operations 
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works based on an optimization function that decreases the cost to the carrier by including 

variables like weather, airport data, gate information, origin destination pair, etc. In case of a delay, 

companies have schedulers on ground to make the last-minute changes to the schedule based on 

real-time contextual factors. The scheduling process can be improved by automation based on the 

application of different methodologies.  

We develop methodologies that can assist the decision making in better management of 

airline operations. We start with predicting if a flight is going to be delayed or on-time. The results 

show that there is a trade- off between how well we can predict the majority or the minority class 

in imbalanced datasets. Thus, it is important that we pursue a balance approach. The key benefit 

of using the balanced approach is that it restricts overestimating any of the classes and reporting 

results that may be biased. Another important consideration in selecting the algorithm is to favor 

an easier and simpler algorithm which reduces computational cost. Based on two important 

consideration (balanced approach and reduction in computational cost), the selected result 

provides us with a True positive rate of 65%, a true negative rate of 64%, and a ROC-AUC Score 

of 65%. A key takeaway from this analysis is that it is important to first outline the key objective 

related to the problem. If the objective is to select a case where the true negative rate is higher 

while not being concerned for the true positive rate, adjustments will have to be made to the 

methodology so that the assessment is aligned with the study objective.  

Since the airline companies pay for carrier-based delays, it is important to know when the 

carrier would be responsible for the delay. Our assessment revealed that at a given time all five 

causes were never true. The best case was 4 different causes contributed to the flight delay 

including Airline Carrier, Weather, NAS and Later Aircraft. We got promising results for Random 
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Forest, Decision Tree and Multilabel K-Nearest Neighbor. With hamming loss of 0.2 and ROC-

AUC of 77%, Random Forest provides the best results amongst the models developed. We used 

algorithms that are simple and easy to apply and deploy to production, rather than aiming for 

complex algorithms that are computationally costlier. The use of algorithms enables us to also get 

the prior probabilities for a data row for different class labels. For example, for a given set of 

variables, the results provide if there is a 70% chance of delay due to airline carrier, 30% due to 

extreme weather, 80% due to NAS, 20% due to security and 10%  due to late aircraft arrival. This 

provides the decision maker additional information on the risk involved in the scenario. For 

example if the delay is only caused by extreme weather and the probability of the event happening 

is 40%, then the decision maker might not want to make any changes to the schedule, but if there 

is a 90% chance of the event happening, it will be prudent to look at the time of delay and make a 

decision.  

To address the third “WH” question, we provide insights on the impact of the delay. In. 

2015, 2016, and 2017, the timeframe for which the data was analyzed the cost of delay was 

$66.5/min, $64.16/min and $69.3/min, respectively (Dand, Yildirim, et al., 2019). In 2019, the 

cost increase significantly to $74.24 per delayed minute.  Delays also impact the passenger’s 

schedules. According to FAA recommendation, the value of passenger’s time $47/hour on average. 

Based on these numbers the total loss of delays to both the companies and the passengers in 2018 

was estimated to $28 Billion by FAA and NEXTOR. Costs are directly proportional to the delayed 

minutes. Although we do not calculate the exact time of delay, we classify the time of delay into 

intervals which can provide an approximate estimation of the cost to the interval group. Like in 

step 2, we can get the prior probabilities for the given data in which delay group may fall.   
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The variables used for prediction are dependent on accurate forecasts for weather and taxi-

time (i.e., uncontrollable variables) while the rest of the variables are decision control/ known 

variables. The weather forecasts are accurate 90% of the time for a 5-day window and 80% of the 

time for a 7-day window (National Oceanic and Atmospheric Administration U.S. Department of 

Commerce, 2019). Taxi-times are being predicted by the companies while scheduling the flights. 

There are various patented systems since 2001 on the predicting taxi-time and are included in the 

system for setting up the airline schedules (Beardsworth, 2003; Ganesan et al., 2010; Walter, 

2004). The patented taxi prediction models used by airlines have over 80% accuracy for a 10-day 

window. Hence, the models developed in this paper can be used 120 hours (about 5 days) prior to 

the flight departure considering the uncontrollable variables. We include buffer as a factor while 

predicting the delays. The buffer time can be interpreted as the amount of time built into a 

scheduled flight arrival and next leg take off based on an expected amount of time for an activity 

plus an amount to maintain a level of on-time service. It is equivalent to an inventory problem to 

reduce delays and provide better customer service (Berry & Jia, 2010; Kafle & Zou, 2016; Mayer 

& Sinai, 2003; Tang et al., 2000). 

Airline scheduling and operations is an overly complex system involving various variables 

like weather, airport conditions, gates, airline on-time performance for the previous flights, actual 

schedule, aircraft, etc. Current automated decision-making tools are focused on predicting flight 

performance. The method described in the paper goes a step further by not only classifying the 

flight on-time status based on an expand set of variables but also delving into the cause and an 

approximate time of delay with probabilities of the event occurrences. Thus, we provide the 

groundwork for the development of a more advanced decision-making tool. In the current 

pandemic cause by Covid-19 virus has had an adverse impact on the airline industry. Regional 
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airlines are at the brink of closure and major national carriers are faced with significant financial 

distress, making cost containment a high priority. An automated decision-making tool can be 

immensely helpful for the carriers to improve operations by saving money lost due to delayed 

flights. Figure 4.6.1 shows a framework that can be used by decision makers and airline executives 

to decrease the losses due to airline delays and negate the risk due to the delays.  

 

Figure 4.6.1: Simple algorithm on application of the study by airline schedulers and decision 

makers 

Future studies can extend the work reported in this study by considering additional 

variables that also influence airline on-time performance such as crew plans and operations data. 
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We consider weather and taxi-time variables as constants. Since it is a prediction model, the 

weather and taxi-time data are forecasted. It would be better to use a probabilistic function to 

determine the actual values of the variables given the mean and the standard deviation. The weather 

forecast data can be obtained from various sources like NOAA, Accuweather, Weatherchannel, 

etc. while the taxi-time data is available from the FAA website. Furthermore, prediction of actual 

delay time can be more helpful for better management of the scheduling operations. So, we intend 

explore different regression-based algorithms to predict the actual time delay as future work.  

4.7. Conclusion 

The main goal of this paper was to answer the three major question a decision maker would 

face while scheduling a flight, i.e., will the flight be on-time or delayed, if delayed what is the 

cause of the delay and; what is the impact of the delay. We used three distinct types of classification 

(binary classification, multilabel classification and multiclass classification) and four algorithms, 

Decision Tree, Random Forest, K-Nearest Neighbor and Naïve Bayes to answer the three 

questions. The study offers promising results. For step 1, binary classification, the Decision Tree 

model with minority class weight of 4 had a ROC Score of 64% with 65% and 64% for true positive 

and negative rates respectively. For step 2, we Random Forest model with a hamming loss of 0.2 

and ROC-AUC Score of 76% performed the best. Random Forest outperformed other algorithms 

in step 3 as well with hamming loss of 0.3 and AUC-ROC Score of 64%.  The results provide the 

foundation for developing a comprehensive decision-making tool for the airline industry to 

manage flight operations and optimize flight performance. 

The framework described in this paper uses specific flight, airport, aircraft, season, and 

other information in addition to weather conditions at origin and destination airports to predict 
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delays, reason of delay and time of delay for individual flights. Another result of our research that 

could be used to improve the performance of existing prediction tools, including the FAA’s 

system, in providing not only the prediction if flight is delayed or not, but if delayed the predicted 

cause of the delay and the predicted time of delay for each flight.  
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Chapter 5 

5. CONCLUSION 

 The aim of the dissertation is to provide decision makers in the airline industry models that 

can assist by predicting airline delays, the cause, and the impact of the delays. The health of airline 

industry has been adversely impacted by the Covid-19 pandemic resulting in lost revenue due to 

cancellations and decrease in passenger traffic. The studies in this dissertation explore issues that 

can assist airlines in improving flight operations in predicting potential delays.  

 We offer a methodology for analyzing imbalanced dataset using multiple machine learning 

algorithms in Chapter 2. A large number of real-world datasets are imbalanced, so finding an 

optimal methodology to improve performance of machine learning algorithms for imbalanced data 

sets is important. The study proposes SCSID, a heuristic methodology that uses sampling and class 

weights or loss function to increase the classification rate of minority classes in the dataset. The 

methodology involves a 4-step iterative process where the user needs to experiment with different 

loss functions or class weights. Furthermore, we test the methodology on three different datasets 

to compare the predictive accuracy with traditional methods. The review of the previous studies 

shows that researchers have been using accuracy as the Key Performance Indicators (KPIs) 

evaluate model performance. This highlighted the issue of using the right KPI for an imbalanced 

dataset. To address this issue in chapter 2 and 3, KPIs like confusion matrix, ROC-AUC Score and 

Recall Rates were used. This enabled us to ensure that we were using the right KPIs for comparison 

given that the dataset was imbalanced.  

 In chapter 3, we studied the efficiency of five different machine learning algorithms to 

classify the flight’s on-time performance, i.e., flight is on-time or delayed. We focus on variables 
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that are under the decisional control of airline companies. The initial trend analysis provides some 

interesting insights such as the probability of flights beings delayed in summer is higher than in 

winter, Saturday has the least number of delays, etc. We were also able to improve the performance 

of the models by using the SCSID methodology developed in Chapter 2. The results also provided 

insights on the importance of variables that influence the airline delays. We found that the average 

taxi-time, days of the week, distance, and time of arrival and departure are among the top 10 

important variables that influence the on-time flight performance. The ROC-AUC Score of the 

model was 0.65 when the loss function for minority class was set at 1.5 against 1 for majority 

class. The results obtained in the paper were highly encouraging as we were able to match or 

improve the ROC-AUC scores of previous studies that were more focused in terms of airports but 

also included weather data.  

 Chapters 2 and 3 emphasize that it is important to outline the key objective of the study. Is 

the goal to get the results that are the balanced or get the results with higher prediction for majority 

or minority classes?  In chapter 3, the result we decide to use from the binary classification is 

balanced. However, if the goal is to be risk averse, one may select the result that maximizes the 

prediction accuracy of the minority class.  

Chapter 4 provides a framework that addresses the following three questions:  what is 

happening – flight is on time or delayed, why is it happening – if delayed what is the cause of the 

delay, and what is the impact of the delay – by how much time will the flight be delayed. We  

introduced uncontrollable variables such as weather factors. We also considered additional airport 

and aircraft related variables like age, days to certification, days since last certified, type of 

maintenance available at the airport, etc. This paper helps reduce a major gap in designing of an 
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automated decision-making system by using three distinct types of classification methods, i.e., 

binary classification, multi-output classification and multi-label classification.
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Chapter 6 

6. FUTURE RESEARCH 

In this chapter, potential future research direction is discussed. The future research 

directions can be categorized into two sections:  future research possibility from the SCSID method 

and extending the results of the third and fourth chapters.  

6.1. Future Research for SCSID Methodology 

Chapter 2 introduces the SCSID methodology to improve the classification for imbalanced 

datasets. The methodology defined involves a heuristic iteration to figure out the best loss function 

to get the best possible result. Potential opportunities for investigation in this area are presented in 

this section. 

Imbalanced dataset learning represents a vast majority of the real world datasets (Akbani et 

al., 2004; Khan et al., 2016, 2018; J. Wang et al., 2014) and developing methods to obtain better 

results especially predicting the minority class is especially important to extend the proposed 

methodology in chapter 2 is by optimizing the class weights: Class-weights and loss functions lie 

in an unbounded search space and depending on the objective of the researcher, the optimal values 

for the class weights also vary (El-Bendary et al., 2014; C. Li et al., 2019; Liang et al., n.d.; X. 

Wang et al., 2020; Xu & Chen, 2017).  

The method presented in chapter 2 provides a heuristic solution to the problem of improving 

performance and improving the prediction for negative class. The next phase of the study would 

be to develop an optimization method to find the class weights to achieve the best classification 

model. Some of the models that can be used to solve this problem are: 
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• Max-Min Ant System optimization to develop the range in which the class weights 

should lie (Afshar, 2006; Duan et al., 2009; Hsieh et al., 2020; Stuetzle & Hoos, 1997; 

Stützle & Hoos, 2000). 

• Application of Grid Search Algorithm to automate the “trial and error” method (Fu et 

al., 2016; Ndiaye et al., 2019; Pontes et al., 2016; Syarif et al., 2016).  

• Application of Search Algorithms like A* that has a defined goal and heuristic 

component to start the algorithm (Chen et al., 2018; Soltani et al., 2017). 

• Application of Annealing and Gradient Descent algorithms (Chandra et al., 2019; 

Fischetti & Stringher, n.d.; Franceschi et al., 2017; Laref et al., 2019; Mandt et al., 

2017; Pathik & Shukla, 2020; Tsai et al., 2020). 

While the models that have been mentioned above have not been used to optimize loss 

function/class weights, they have been used for similar problems. The max-min ant system 

optimization uses the method to develop a bounded region. The Grid Search has been used 

previously for optimizing the hyper parameters, it only searches through the points mentioned by 

the developer. Gradient Descent and Annealing are the most used methods, especially in Neural 

Networks, to optimize the hyper parameters and can be used to find the optimal weights. AI based 

search algorithms like A-start algorithm, Genetic algorithm uses goal theory and heuristics to find 

the optimized solution. These algorithms can also be used to find the optimal class weights. To 

reduce the complexity of the problem the Max-Min Ant System can be applied for each of the 

solution. Further research needs to be done to make sure that local minima or maxima are not 

found.   
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The directions stated in the bullets that can be used to make the methodology better will 

increase the complexity of the problem and increase the computational cost of the problem. 

Therefore, different metaheuristic approaches and decomposition methodologies may need to be 

used to make the solution more useable.  

6.2. Future Research from Chapter 3 and 4 

In Chapter 3 we use variables under decisional review to develop a model to answer the 

question if the flight is going to be on-time or delayed. In Chapter 4, we use variables used in 

chapter 3 and add other airport and airplane variables along with weather variables to answer the 

questions if the flight is on-time or delayed, if delayed what is the cause and it will be delayed by 

how-much time. These studies can be extended to include more complexity, variability, and 

applications. Potential future research projects that can be developed from Chapter 3 and 4 are 

presented in this section.  

Airline scheduling and operations is a complex large-plane problem consisting of several 

types of uncertainties and risk factors (Bazargan, 2010; Cheng-Lung, n.d.; Etschmaier & 

Mathaisel, 1985). As a future research, the proposed solutions in chapter 3 and 4 can be extended 

by considering and adding different uncertainty and risk by adding variables to that effect. Some 

of these uncertainties are listed below. 

• Network routes priorities and marketing importance – Some routes are important than 

others for example JFK – ORD would be more important that JFK – ICT. But some 

routes are more marketable than others for example, JFK – MCO (Orlando, Florida) 

may be more marketable than JFK – ORD. This needs to be investigated and be 
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included in the model as it can influence the on-time performance for a flight 

(Baumgarten et al., 2014; Gopalakrishnan & Balakrishnan, 2017).  

• Human Factors such as crew constraints and time limits should also be considered 

(Baspınar et al., n.d.).  

• Aircraft Maintenance data. With the application of IoT and live tracking of aircraft 

parts for maintenance by manufacturers it may lead to unscheduled maintenance. 

Hence addition of this data should be an interesting problem (Balakrishnan, 2016; M. 

Z. Li et al., 2019)  

• Airport Congestion is also a huge problem with estimated increase in of passengers by 

50% in the next 20 years, this would become a big constraint (Baspınar et al., n.d.).  

• Algorithms considered to develop models. Deep learning models or modified 

algorithms such an ensemble deep learning, Greedy-ensemble algorithms etc. should 

be developed to compare the performance of the algorithms with the model developed 

in the chapters 3 and 4 (Balakrishna et al., 2008; Gui et al., 2020) 

The solutions developed in chapter 3 and 4 are developed based on actual FAA datasets 

and other open source datasets. Addition of other datasets that are privately owned may change 

the model performance and needs to be accounted for. The complexity of the problem can also be 

increased by the airports and types of flight considered. Models that work for the US Domestic 

flight may not work for International Flights or domestic flights for other countries.  

The growth of this different variables and models used to provide the answer used for 

decision making is essential. An Automated decision-making solution to help the efficiency of the 

operations for airline companies. While the decision-making solution is a highly complex problem 
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with the different future research tracks mentioned above, we can have incremental development 

in the area. 
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