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Key Points:

The question being addressed in this research is to figure out how to go about finding patterns in
massive amounts of aviation flight recordings and incident data to prevent accidents from
occurring in the future. This problem is being addressed by the use of data mining on flight
recording data and aviation incident reports using several different data mining methods. These
methods include Multiple Kernel Learning to find patterns in flight recording data and Natural
language processing to classify text from incident reports.

The supporting sources of this paper that I've chosen address this problem from a couple of
different angles. Multiple kernel learning for heterogeneous anomaly detection and Detection of
Precursors to Aviation Safety Incidents Due to Human Factors both try to find anomalies in flight
recording data. They do this by using Multiple kernel learning and miscellaneous anomaly
detection methods, respectively. Experiences in mining aviation safety data, Semi-Supervised
cause identification from aviation safety reports, and Building the Prediction model from aviation
incident data all discuss the topic of mining information from aviation incident reports by using
natural language processing for text classification. Data Mining approaches for aircraft accident
prediction finds patterns in fatal aircraft accidents, but will likely be used as a supporting paper,
as it is very background rich. By studying these two general methods of aviation data mining, we
can analyze the effectiveness of each in relation to each other.

Data mining in aviation is a young, but growing, field. It has been used successfully to find
sequences of events or anomalies that have a heightened chance to end in an accident. As data
mining techniques are improved, it allows for more patterns to be found, becoming even more
effective.

In order to explain some of the data mining methods used, the reader will need to be informed of
concepts such as kernels and support vector machines.

Ouitline:
Data Mining in Aviation
1.Introduction

Introduce the concept of data mining in aviation and a rough description of the direction of
the paper



2.Background
This is where | will describe concepts such as kernels, natural language processing, and
support vector machines.

2.1 Concepts

2.2 Kernels/ Support Vector machines

2.3 Natural Language Processing

2.X Other needed background info

3. Methods
3.1 Data Mining Flight Recording Data
Multiple Kernel Learning ... will be the main source for this section
(supported by support vector machine background)
3.2 Data Mining Aviation Incident Reports
Semi-Supervised Cause ldentification... will be the main source for this section
(supported by Natural language processing background)

4. Results
Discussion of what has come from these two methods of aviation data mining

5.Conclusion
Discussion of the direction and effectiveness of the two fields with some comparison
between the two.
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