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Abstract 
The paper looks into the various aspects of data mining, primarily the cleaning and preparation phase. 

A majority of the work required to be done while doing any analysis on a given dataset is its cleaning 

and preparation. Various approaches of cleaning the data include handling null values, missing values, 

outliers, anomalies and balancing the dataset. However, these are a few approaches amongst numerous 

others which need consulting from the domain expert.  

This paper looks at the airline dataset which consists of one main dataset and three supplemental 

datasets that link the names of carriers, the airplane details, and the airport details. But, the dataset is 

not clean at all. To achieve the goal of predicting whether a flight will be diverted or not, this data 

needs to be cleaned and balanced. The paper will dive deeper into the process of the preparation of data 

and the final results of determining whether a flight will be diverted or not. 
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Introduction 

The number of flights getting diverted in 2016 was 13,652 [2]. There are a lot of reasons for 

these diversions which include factors like adverse landing conditions, medical emergencies, 

and unruly passengers [1]. It is not easy to predict if a particular flight will be diverted during 

the taxi in, taxi out of the flying phase. Although the number of flights getting diverted is not 

a lot, it is certainly significant.  

This paper aims at predicting the diversion of a flight due to some of the many reasons. The 

reasons considered for the analysis are carrier delay, weather delay, NSA delay, security 

delay, late aircraft delay. This paper is focused mainly on the data cleaning and preparation 

phase of data analysis. Four datasets will be used for analysis. The main dataset is airline 

data [3] and the three supplemental datasets are: airport data, carrier data and plane data [5]. 

The airline data consists of 29 attributes with approximately a million records [3]. The airport 

data helps in the mapping of the IATA code mentioned in the airline data. It provides 

information about the names and the locations of the corresponding airports. The carrier data 

maps the carrier code to the name of the airlines. The plane data maps the tail number with 

the details of the airplane. 

The data to be experimented with will be prepared by combining all the four datasets to form 

a single dataset. The final dataset will be cleaned to remove the problems arising because of 

the heterogeneity of the resulting data. The cleaning process will aim at detecting the outliers 

in the dataset and fixing or removing them according to the situation using exploratory 

analysis. The techniques utilized for the experiments are Decision Trees(J48) and Naive 

Bayes classifier for predicting whether a flight would be diverted or not. 

The organization of this paper will be as follows, the design section will describe the design 

of the entire project, the techniques adopted to solve the problems and why these approaches 

were chosen. The implementation section will walk through the step-by-step process of data 

analysis performed in the project including data cleaning, preparation, classification, and 

visualization. Results will review the results obtained from the experimentation. Lessons 

learned will discuss all the learning we gained during the development of the project. Section 

Conclusions will contain the conclusions derived from the experiments performed along with 

the best result and a possible explanation of that. 
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This section will also discuss the lessons learned during the 
project. 
Section Current status will talk about the current work done 
in the application, and the data cleaning techniques used. 
Future work will discuss the scope of improvement in the 
project and the ideas that will be implemented in the later 
versions of the application. The additional possible 
experiments that can be done to make the results even better 
will also be discussed in the same section. 
 
Design 

The project is divided into three phases. The first phase 
deals with assembling the data sets, combining them and 
preparing them for further operations. This phase also 
includes implementation of two techniques to handle 
missing or empty values in the dataset. In the second phase, 
the dataset will be reduced to 100,000 records, and the two 
techniques to handle the missing values in the dataset will 
be applied again. The data will then be balanced using a 
balancing technique called 'Synthetic Minority Over-
sampling Technique (SMOTE)' [6]. The diversion of the 
flight will be predicted using the Decision Tree algorithm. 
The last phase of the project includes normalizing the data 
set using WEKA's default normalizer. Two classifiers, 
Decision Tree, and Naive Bayes will be applied to the 
normalized data. The results of the three prediction 
techniques will be compared and discussed in the 
conclusions. 
 
Implementation 

Data pre-processing and mining 
There are four different datasets used for the projects as 
mentioned in the introduction. In the first phase, all the four 
datasets were collected from the source. The datasets were 
then combined based on the information needed to make 
sense from the datasets. Since the dataset contained only tail 
numbers, an attribute called 'TailNum', it was hard to learn 
what it corresponded to. After looking at the other dataset, it 
was clear that the 'TailNum' attribute was a foreign key to 
the 'planedata.csv'. This CSV file consisted of the tail 
numbers mapped to the type of the aircraft, the 
manufacturer, the license issue date, the model number, the 
status of the licenses whether it is valid or invalid, the type 
of aircraft, the engine type and the plane year. Since, some 
of the attributes in plane data could lead to a flight 
diversion, given that the engine type or the issue date of the 
license could be a factor, it became necessary to merge the 
datasets.  
It was crucial to find the airlines which would be the best 
based on the delays in the dataset and the prediction model 
used. The two datasets '2008.csv' and the 'carriers.csv' were 
joined to get the name of the airlines, thus giving almost 
each record a name to which it can be linked. Moreover, the 
airport location might play a role given harsh weather 
conditions lead to a flight diversion. Hence, the datasets 
'2008.csv' and 'airports.csv' were joined, giving an idea of 
each flight's route. 
It was soon realized that the size of the dataset '2008.csv' 
was vast and it might not be possible to process it with the 
given resources. Therefore, the dataset was reduced from 7 
million to 100,000 records. Data reduction was made 
randomly by choosing 100,000 records from the original 
dataset '2008.csv' using a script in Python. In the first 
attempt, the algorithm produced a dataset with the data 
containing only class '0' in the 'Diverted' column. The 

dataset was rendered useless for further processing because 
the data included only one class. In the second attempt, the 
original data was divided into two smaller datasets, one 
consisting of only 'Not Diverted' class and the one 
consisting of only 'Diverted' class. The aim was to extract 
50,000 records from each one of these datasets and combine 
them to form the final dataset. But the number of '1' class 
records were only 2649 whereas the number of '0' class 
records were 50,000 which called for data cleaning 
including removal of outliers and re-sampling. But this had 
to be done in the dataset obtained after merging all the four 
datasets. 
 
The query used to merge the datasets is: 
SELECT *  
FROM ( 
SELECT *  
FROM Years  
JOIN planeData  
WHERE Years.TailNum = planeData.tailnum 
) AS temp  
JOIN carriers  
WHERE temp.UniqueCarrier = carriers.Code; 
 
Once the datasets were merged, there were a lot of missing 
values across all the attributes. The missing values were 
handled using the following techniques: 
 
Removing the records 

This technique is not very often used because it can be 
dangerous. It means removing all the missing values from 
the dataset. But this might lead to loss of important 
information. Therefore, it is better to use such an approach 
only in the worst case scenario. This technique is used in 
this project for the sake of comparison. 
The columns Type, Issue_date, Year, DepTime and 
CarrierDelay had many missing values. The column 'Type' 
represents the type of the airplane and it cannot be empty 
because an aircraft needs to have a type. The column 
'Issue_date' represents the date when the aircraft was issued. 
The value of this column cannot be empty for any aircraft 
because the aircraft can only fly once it is issued. The values 
of the column 'Year' can range between 1987-2008 as per 
the data dictionary. Therefore, it cannot be 0 or None. The 
values of the column 'DepTime' cannot be NA because a 
departing flight will always have a departure time. The 
values of the column 'CarrierDelay' cannot be NA because 
according to the data dictionary, this field is supposed to 
have time in minutes. These values were handled by the two 
methods mentioned in the previous phase, and the resulting 
numbers are shown in table 1 Other than these columns, 
some of the columns were removed entirely from the dataset 
because more than 80% of the values were missing in these 
columns. These columns include 'Year', 'DayOfWeek', 
'Cancellation', 'CancellationCode', 'CarrierDelay', 'Weather', 
'NASDelay', 'SECDelay' and 'Status'. 
 

Table 1: Removing missing data 
 

Column Name Number of Records 

Type 1567 

Issue_date 1 

Year 1565 

DepTime 629 

CarrierDelay 31982 

Total Records Removed 35744 
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The total number of records in the dataset before removing 

the missing values were 49,777. It can be seen from the 

table that the number of records removed were 35,744 

thereby leaving the total records to be 14,032 in which 

records with class '1' are 2,364 and the ones with class '0' are 

11,667. 

The data obtained after the removal of missing values 

needed balancing as the number of records with class '1' are 

relatively less than the ones with class '0'. The balancing of 

the data was done using SMOTE. In order to equalize the 

number of 0 and 1 class records, the records with class '1' 

were increased 100%, two times and then 23% one time 

leading to a total of 11631 records with class '1' which is 

almost equal to the ones with class '0'. After applying 

SMOTE, the dataset was randomized to avoid overfitting by 

order of the new records. 

After balancing the dataset, Decision Tree classification 

algorithm was applied to the raw dataset and the dataset 

obtained after all the data pre-processing.  

 

Substituting the missing values 

This method includes replacing the missing values with the 

mean, median or mode of the attribute. This technique can 

be applied to the numeric type data. 

In this stage, the missing values in the dataset were 

substituted with some values rather than just removing them 

because it is important not to miss records of critical 

importance. In order to do so, the "ReplaceMissingValues" 

filter of WEKA was used. Even though most of the missing 

values were filled, the problem of unbalanced data persisted. 

The data was balanced using SMOTE increasing it four 

times by 100% and one time by 18%. The final dataset had 

47124 records with class '0' and 47280 records with class '1'.  

Once the dataset was balanced, a new problem arose when 

trying to run algorithms on WEKA. The problem was that 

many of our attributes were in 'string' format and the input 

of WEKA requires a non-string format. In order to fix this 

issue, the "RemoveType'' filter was used, and all the string 

types in the data were removed. After that the decision tree 

(J48) classification algorithm was applied to it, the results of 

which are shown in the section results.  

In the last phase, the dataset obtained after balancing was 

normalized using WEKA's default normalization technique. 

This method scales the dataset in the range [0, 1]. Once the 

dataset was normalized, two different classifiers, Naive 

Bayes and Decision Tree, were applied to it.  

All the processing mentioned above, from merging the 

dataset to filling the missing values, was done in Python, 

version 2.7.x. The database used was SQLite which is 

available as an inbuilt library of Python. All the CSV files 

were loaded into the database in the form of tables with one 

table per file. Different scripts were written to store all the 

data in a single database file having multiple tables.  

Furthermore, any relevant results obtained from the 

database like joining the table, selecting a particular airline 

etcetera, were stored in a CSV file. There is a need to store 

the intermediate result for faster processing as the total data 

size is very high 

 

Data Visualization 

Data visualization was done using an online tool called 

'plot.ly'[4]. The figure 9 shows the percentage distribution of 

the raw airline data that was obtained after merging the 

main data and the supplemental data. The figure 8 shows the 

percentage distribution of airline data after the dataset was 

cleaned using the techniques described in the rest of the 

paper. The figure 11 shows the class distribution of column 

'Diverted' in the raw data. The figure 10 shows the class 

distribution of column 'Diverted' after the data was balanced 

using SMOTE. 

 

 
 

Fig 1: Data visualization (in %) of raw carrier data 
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Fig 2: Data visualization (in %) of clean carrier data 

 

 
 

Fig 3: Data visualization (in %) of raw diverted data 

 

 
 

Fig 4: Data visualization (in %) of cleaned diverted data 
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Results 

It can be seen from figures 3 and 4 that the classification of 

raw data using Decision Tree classifier is 83.15% whereas 

the classification, using Decision Tree classifier, after the 

data was processed is 100%. The confusion matrix in figure 

4 shows that all the records with class 'YES' or '1' were 

classified as 'NO' or '0'. The reason behind this poor 

classification is that the number of records with class '0' in 

the raw data was a lot more than the ones with class '1' 

which causes the dataset to become biased towards class '0'. 

However, once the dataset was balanced, the accuracy 

increased to 100% indicating that the model is probably 

overfitted. 

The figure 1 shows that the accuracy of the model using J48 

on the substituted data is 95.95%. There is still a lack of 

domain knowledge to check if the records generated are 

correct or not. 

The figures 5 show that the accuracy of the Naive Bayes 

classifier on the normalized dataset is 92.26% and the 

accuracy of the Decision Tree classifier on the normalized 

dataset is 95.97%.  

 

 
 

Fig 5: Decision Tree classification on Raw data 

 

 
 

Fig 6: Decision Tree classification on Reduced data 
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Fig 7: Decision Tree classification on Substituted data 

 

 
 

Fig 8: Naive Bayes classification on normalized data 
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Fig 9: Decision Tree classification on normalized data 

 

Lessons Learned 

1. Class Balancing 

It is vital to balance all the classes before applying any 

classification algorithms to avoid any bias in the results. We 

observed that no matter what classifier we used the results 

were always wrong for the minority class as the model did 

not get enough data to train. 

 

2. Handling Missing Values 

Missing values must be taken care of using some technique 

such as imputing the value or substituting the value and if 

all fails we must resort to removing the instances. This step 

is important to obtain right as well as better results along 

with a better understanding of the data. 

 

3. Overfitting 

It is quite common that a model is overfit for the data. In the 

case of this project, the model was overfit to data when the 

missing values were removed from the data, and the 

classifier was applied to it. Overfitting might give full 

accuracy on the training and testing dataset but would fail 

miserably on real data. Hence, it is crucial that we keep 

track of results that are too good to be true. 

 

4. Data Cleaning and Preparation 

The lessons mentioned above point to a single and critical 

lesson that data cleaning and preparation is a significant part 

of the data analysis process. The raw data consists of noise, 

outliers, and missing data. Knowledge can be derived from 

this data only once it is free from the dirt and is left with the 

relevant information. 

 

Conclusion 

The results obtained by applying a decision tree classifier on 

the reduced data gave results too good to be true. The model 

was overfit to the data and therefore, was discarded.  

The difference in the accuracies of Decision Tree and Naive 

Bayes classifiers was not much, the mean absolute, root 

mean squared, relative absolute and root relative squared 

errors of Naive Bayes classifier were higher than those of 

Decision Tree classifier. This situation might not be true for 

some other dataset which is why a model cannot be tagged 

as better than the other in general. Moreover, the models act 

better on a dataset that is cleaned properly using many 

techniques. It was seen in the section results how the results 

of the classifier improved with each cleaning step. But it is 

important to keep a domain expert in the loop to ensure that 

the data used for classification contains the necessary 

records and does not contain noise.  

 

Current Status 

Currently, the classification of the dataset is done using 

Decision Tree and Naive Bayes classifiers. The dataset has 

been pre-processed using techniques like substitution and 

removal of missing data and SMOTE for data balancing. 

The dataset has been normalized using WEKA`s default 

normalizer. The accuracies of the classification model on all 

the datasets have been discussed. The dataset has been 

visualized using 'plot.ly'. 

 

Future Work 

In the future, different pre-processing techniques could be 

merged and then SMOTE could be applied for balancing the 

class. Different class balancing methods could also be used 

and tried to see the difference in the output results. Also, a 

real-time application could be created wherein the inputs 

would be the flight number/name, source airport, destination 

airport and the time to fly. The application would also use 

the weather conditions as a parameter to determine the 

diversion of the flight. The output of the application would 

be a probabilistic result whether the flight would be diverted 

or not. It is believed that taking the weather data into 

account would improve the results. 
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