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Business Intelligence through Text Mining

By Sergei Ananyan, Josh Froelich, David Olson

Text mining provides a valuable tool to extract organizational knowledge from written descriptions (prose) in digitized form. Many organizations have large amounts of data in this form, usually to the point that needles of knowledge cannot be found in the haystack of words. Text mining software provides the capability of pattern identification, visualization support to aid pattern identification, modeling support to identify or confirm relationships, and drill-down query tools to enable analysts to focus on key problem areas. Report generation tools also aid the text mining process. 
This article demonstrates the use of text mining in the airline domain, showing how incident reports can be used as a tool to increase the amount of organizational knowledge gleaned from text data. Through text mining, airlines and regulatory agencies can learn more about mechanical, organizational, and behavioral problems in a more comprehensive and timely manner. A process of text mining is demonstrated that would enable airline analysts to verify predetermined concepts as well as to discover unexpected patterns. 
Introduction 

Text mining involves the highly unstructured process of dealing with words as data through the powerful insight available from data mining. Text mining has been applied to many applications, to include library science (Liddy, 2000; Kostoff et al., 2001) as well as information systems (He and Hui, 2002; Sanchez et al., 2002). Nasukawa and Nagano (2001) presented a technology to find patterns in PC help centers to enable automatic detection of product failures. Since so much data is found in text form, the number of applications is expected to grow as understanding of technology becomes more widespread. 

Airlines have attained a commendable level of safety through thorough and systematic analysis of operations. Whenever an event that might lead to a problem is encountered, an incident report is generated. However, because of the thorough nature of the system, the quantity of incident reports is mammoth. Furthermore, structured data often does not enable identification of key ideas for decision makers. 

This article shows how text mining can be used to help an airline process masses of incident reports to identify key issues. Many software programs can count word appearances. But text mining goes beyond word counts to consider ideas expressed through word variants (airplane, airplanes) as well as through synonyms (aircraft, 747s). Aer Lingus data over the period January 1998 through December 2003 was used with the goal of finding patterns and correlations leading to further analysis and model development. 

The Importance of Text in Organizations 

Typically, over 80 percent of all information available to an organization is in text form (Ananyan, 2003). In the airline industry, a system is in place to thoroughly generate reports about each incident potentially leading to problems. The collection of these reports can be quite massive. Some of the information is structured, but the majority is prose. These reports can provide valuable insight into the identification of historical patterns of mechanical, operational, and behavioral matters, and provide answers to many questions, such as: 

· What is the correlation between specific types of aircraft and particular part failures? 

· What is the distribution of late flights by airport? 

· Are there patterns in passenger misbehavior by time of year? 

Answering such questions without text mining involved analyzing only a portion of available organizational knowledge. While airlines have long kept massive databases, and have had the ability to query them intelligently, the sheer magnitude of database size limits human interpretation. Additionally, ideas are often expressed through a variety of phrasings and terminology that mean essentially the same thing, but appear to be totally different to a computer. Human search could pick up nuances in different terms, but exhaustive human search is impractical, time consuming, and prone to errors and biases. 

Searches based on keywords could be applied if text was stored digitally. New automated text analysis provides the ability to do much more, however. Airlines and flight agencies can quickly and consistently discover problem occurrence patterns, enabling analysts to: 

· Learn more from historical patterns 

· Increase the rate at which problems are identified and resolved 

· Preempt future incidents by applying preventive mechanisms based on identified patterns 

· Increase operational efficiency through optimal redeployment of personnel and equipment 

Megaputer Intelligence carried out a report analysis project to demonstrate the value of text mining incident reports. The overall objective was to demonstrate a process that investigators could use routinely to identify patterns and associations between types of incidents, locations, time, and other incident details. Megaputer’s PolyAnalyst data and text mining software was used. 

Text Mining Process 

A standard approach was developed to identify crime patterns from reports. Steps in this approach were: 

1. Preprocess data to the format needed for further analysis 

2. Extract important concepts and terms through initial text analysis 

3. Write a narrative analysis to identify patterns and co-occurrences of identified concepts 

4. Develop an automated solution 

5. Build a taxonomy 

Step 1: Data Preprocessing
The first step involved understanding data and converting it to a convenient format from the original text documents. There were 4,741 incidents in the data collected, as shown in Figure 1. Preprocessing included parsing this data into a database format separating structured and unstructured portions of reports, as shown in Figure 1. 


There were 49 attributes collected in the data set. These attributes included date, aircraft type, incident description, and phase of flight. For example, in Figure 1, record 1876 is displayed. The Aircraft Master Model entry was selected, which contained values for each of the five types of aircraft used by Aer Lingus, as well as an unknown category. There were 1,643 missing values, and the other 3,098 are displayed in a horizontal bar chart, including 677 unknown entries. 

We can see from the first part of the general description attribute entry that a passenger was involved in some form of verbal abuse in this specific incident. We also see that in record 1877, a passenger was taken ill. The window just to the left of the horizontal bar chart gives metadata for this attribute, showing the number of values, the number of different values, and the number of missing values. 

Step 2: Concept Extraction
Initial analysis is supported by the ability to click on any attribute and obtain a similar display graphically showing the relative density of each attribute category. Further details can be obtained by drilling down and defining interesting subsets of data, which can be viewed graphically by selected attributes. Figure 2 shows a link chart based on correlations between aircraft type and flight events. This data is displayed by a link chart. In this case, a count of at least 38 cases is set as the criterion for link display. The analyst can adjust this stipulated cutoff with the slider to the upper right of the window. The analyst can also specify a given correlation (a logarithmic function) with the slider on the upper left. The bolder links in Figure 2 show the strongest correlations. The boldest link is between Airbus A330 and unreported ground damage, which may not be of interest to the analyst. 
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Figure 2 Link Chartof Aircraft Type and Events.




However, problems with cargo tiedowns of some strength were found with Airbus A320 and A321 aircraft, which might trigger further investigation. Clicking on the link between aircraft type A320 and cargo tiedown displays the drill-down table shown in Figure 3. 
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This drill-down table contains 28 incident reports. The third (record 2912) is selected, indicating that container bar position 2 was not secured, and that the cargo hold ceiling was jammed during offloading, creating a hole in the hold ceiling. Each of the specific 28 incident reports could be analyzed. This information could then be downloaded to an HTML report, or lead to more detailed analysis. 

Another model provided by the system is a link diagram, such as is shown in Figure 4. In this case six columns of a data subset were selected (Event Type, Event Location IATA Code, Phase of Flight, Aircraft Master Model, Areas Involved, and Third Parties Involved). Figure 4 shows the results after a minimum correlation was set, with the intent of analyzing problems by aircraft type. 
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Figure 4. Link Diagram of Concepts




Groups of nodes linked by correlation within the specified range are color coded. (Nodes could be further distinguished through assignment of icons.) Here Airbus A320s are indicated as having heavy degrees of cargo tiedown problems. By clicking on this link, drill-down results can be obtained. The correlations provided by the system can also give the analyst a tool to identify other relationships. Those that were expected can be passed by, unless evidence was desired to substantiate prior claims. Data mining knowledge discovery occurs when unexpected relationships are identified. 

Step 3: Narrative Analysis
Text analysis requires identification of key concepts and terms. In automatic mode, the text mining engine can identify clusters of unusual frequency. However, mere frequency is not what the analyst is interested in. Uninteresting terms can be eliminated by the analyst. Text mining involves the use of qualitative textual input to draw interesting conclusions. The data we have discussed up to this point was structured, in that specific attributes had a finite set of values (or possibly numbers, such as date). To set up text mining, an initial step is to find the most frequently occurring terms. Megaputer’s text mining software includes a lexicon of terms, which is not complete, but which provides a valuable starting point for text analysis. The software can generate a list of key terms (or their semantic equivalents) occurring in the data. 

A frequent-terms report is generated, containing terms identified with at least minimum frequency prescribed by the analyst, sorted by frequency. For instance, the term “Birdstrikes” was found in 475 of the over 4,000 incident reports, but this may not be of interest to the analyst. If passenger behavior was of interest, the analyst could click on that term, drill down to 448 incident reports containing that term, and build a data subset of those reports. A keyword correlation model can also be of use in knowledge discovery. Figure 5 shows such a set of keyword correlations. Those terms that were found to have correlations at or above the prescribed minimum are clustered by the software. Stronger relations have bolder arcs. Each cluster is assigned a color by the software. 
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The analyst can click on nodes and drag them to more convenient locations. The purpose is to identify interesting clusters. Birdstrikes are reported to be correlated with windows. That correlation is not interesting because it is expected. However, more interesting associations may be identified. Rudders are expected to be associated with pedals, and water is expected to be associated with bottle, but it may be interesting to see how the four terms are correlated. The analyst can click on the arc between bottle and pedal, drilling down to a report showing the specific incidents containing both terms “bottle” and “pedal.” Further details can be obtained by generating an HTML report containing all incidents with related terms. Figure 6 shows the 11 incidents containing bottle and pedal (or their semantic extensions), as well as other incidents containing either term without the other. 
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Figure 6, HTML Report o Bottle and Padal




The four key terms in this cluster are color coded. This feature enables the analyst to see specific incidents in full, along with selected attribute values (here report date and phase of flight). It appears that personnel in the cockpit commonly have drink bottles, which sometimes roll around. In quite a few of these cases, the bottles could potentially interfere with pedal operation, which seems something worth preventing, possibly through the use of cup holders. 

The PolyAnalyst system has an internal dictionary of categories and synonyms, which can be customized and extended. Figure 7 displays those terms falling under the keyword “mechanism.” 
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Figure 7. Use of the Interna! Dictionary




The system automatically searched and found 19 terms that fit its mapping of the keyword “mechanism.” The analyst can click on a specific word, such as “wheel.” The 72 incidents would then be gathered in a drill-down report. A link chart could be generated with specified minimum correlation and/or count between “wheel” and any particular variable. Figure 8 shows such a link chart between mechanisms and the attribute “Event Type.” 
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Figure 8, Link Chart betwoen Event Type and Mechanisms




Here the strongest relationship to the wheel mechanism is with foreign object damage. The event type was structured data. Key terms are unstructured prior to processing by the software. The software has the ability to provide sufficient structure to allow treatment of key terms as data itself. Then the conventional text mining analysis can be conducted. Figure 9 shows a pivot table: a matrix of attributes and unstructured key terms used for analysis across the dimensions selected. 
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Here, the 4,741 incidents are categorized by mechanism. Most (4,563) incident reports did not use a term relating to mechanism. The most common related term was “mechanical device,” which occurred 152 times. The analyst might be interested in steering mechanisms or related terms, which was present 13 times. The matrix then could be sliced along a given path of selected attributes, such as “Event Type,” “Phase of Flight,” “Areas Involved,” and “Aircraft Master Model.” Of these 13 incidents, nine involved the event type “Foreign Object Present.” 

Of those nine cases, two involved the “Takeoff ” flight phase. Neither of these incidents involved a specified area of the aircraft. The analyst can click on any subset in this matrix. Here the Phase of Flight value “Takeoff ” was selected. The matching records for both cases were displayed at the bottom of Figure 9. The specific full text for record 1025 was shown at the bottom, with key terms color coded. 

Step 4: Automatic Categorization
PolyAnalyst software also includes automatic categorization. For each key term, the subset of associated terms is the basis for automatic categorization. Figure 10 shows part of the full categorization in the left window. 

There were 22 incident reports involving takeoffs, which could be further explored (as indicated by the “+” box). Of the 39 reports involving fumes or its semantic relative, smoke, 14 involved airplane galleys. The first of these 14 is shown in the bottom right window of Figure 10, color coded by key terms ”smoke” and ”galley.” 
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Step 5: Taxonomy Building 
The last phase of the text mining procedure would be to build a taxonomy. Figure 11 shows the creation of a taxonomy for Aer Lingus. 
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Figore 1. The Taxonoumy in Action




The Narrative Summary includes a set of terms which divide the narrative descriptions into meaningful groups. The key term “spillage” is associated with four other key terms (food, fuel, chemical, and toilet). The expression “food” is semantically related to “coffee,” “tea,” and “drink” relative to spillage. Thus food is the category node, and different food products that were reported as spilled are matched to food. Thus concepts are defined regardless of specific wording. This taxonomy can then be used to gain better understanding from the narrative analysis. 

The narrative consists of 4,741 incident reports, of which 48 involved spillage. Only two involved food, while 14 involved fuel. By clicking on “Fuel (14),” the analyst can recover these records (shown in the right window of Figure 11). By selecting record 74, the analyst can see specifics, color coded for easier identification. The analyst can now create reports in HTML or generate data subsets for further analysis. 

Text Mining Products 

The field of text mining is growing rapidly. This article demonstrates text-mining concepts with one particular product (Megaputer’s PolyAnalyst). However, there are a number of competitors in this dynamic field. 

SPSS’s latest version of Clementine includes modules obtained from LexiQuest™, providing the ability to extract key words and to access clustering tools as well as to provide keyword correlation. SAS has added Text Miner, which provides classification, association, and clustering capabilities. Inxight’s SmartDiscovery® supports development of a taxonomy, keyword extraction, and identification of relationships between key words. 

Stratify 3.0 has a taxonomy manager. SRA’s NetOwl® is another product on the market. All these products have the ability in varying degrees to extract key words, perform stemming, tag speech, extract noun groups (chunking), match synonyms, and customize dictionaries. Verity Intelligent Classifier (VIC) supports taxonomy development as well. 

Conclusion 

The entire process of pattern extraction and visualization can be automated to a degree. Results can be shared among users across the organization. The system empowers investigators with the capability to quickly arrive at reliable conclusions based on objective analysis of large volumes of unstructured data. 

Data mining analysis requires data to be structured. The approach used here is to process unstructured text data into a structure matching suitable analyst requirements. This provides a powerful tool to supplement expert human input. 

Airline incident reports are a very useful application for text mining, as a systematic procedure is in place to report incidents that could lead to trouble of any kind. This article demonstrates the process that could be used in text mining airline incident reports. Thousands of these reports could be generated each year, with people using a variety of terms for each concept, making it quite difficult to identify specific patterns. Text mining can be used with this large set of data to verify predetermined theories and to discover new patterns of knowledge.
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