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Abundance of text data in the aviation domain 
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Collecting reports since 1976
>860,000 reports as of Dec. 2009 



Monthly intake has been increasing (4k reports/month) 
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Slide source: http://asrs.arc.nasa.gov/overview/summary.html



Lots of useful knowledge buried in text
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We were delayed inbound for about 2 hours and 20 minutes. On the approach 
there was ice that accumulated on the aircraft. … The Captain wrote up … 
The flight crew [who picked up the plane] the following morning notified us 
of an incorrect remark section write up. I believe a few years ago, there 
was a different procedure for writing up aborted takeoffs. I think there was 
some confusion as to what the proper write-up for the aborted takeoff 
was. A contributing factor for this incorrect entry into the log may have 
been fatigue. I had personally been awake for about 14 hours and still had 
another leg to do. …Also a contributing factor is that this event does not 
happen regularly…. A more thorough review and adherence to the 
operations manual section regarding aircraft status would have 
prevented this, [as well as], a better recognition of the onset of fatigue. The 
manual is sometimes so large that finding pertinent data is difficult. Even 
after it was determined that the event had occurred, it took me 15 to 20 
minutes to find the section regarding aborted takeoffs.

ASRS Report ACN: 928983 (Date: 201101,  Time: 1801-2400. …) 



Challenges

• How can we turn the massive amount of text data into 
actionable knowledge? 

• How can we support an analyst to do this in a general way? 
• How can we do this at large scale? 
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Time Location Environment … Narrative

199801 TX Daylight … …… I TOLD HIM I WAS AT 2000 FT AND HE SAID 
OK……

199801 LA Daylight … ……WE STOPPED THE DSCNT AT CIRCLING 
MINIMUMS……

199801 LA Night … ……THE TAXI/LNDG LIGHTS VERY DIM. NO OTHER 
VISIBLE TFC IN SIGHT……

199902 FL Night … ……I FEEL WE SHOULD ALL EDUCATE 
OURSELVES ON CHKLISTS……

How to organize the data to help experts efficiently explore and digest text data?
(e.g. compare the reports before and after a major change in aviation system)
How to help experts analyze a specific type of anomaly in different contexts?    
(e.g. what did pilots say about “landing without clearance” at daylight vs. night)



The EventCube Project 

• Funded by NASA IVHM (Integrated Vehicle Health 
Management) 

• Collaborations of UIUC, UTD, and Boeing

• Team
– UIUC: Jiawei Han (PI), ChengXiang Zhai 
– UTD: Latifur Khan, Vincent Ng, Bhavani Thuraisingham
– Anne Kao (Boeing)
– Graduate students

• NASA collaborators: Dr. Ashok Srivastava, Dr. Nikunj C. Oza
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Event Cube:  An Organized Approach for Mining and 
Understanding Anomalous Aviation Events 

http://eventcube.atwiki.com/



Outline for the rest of the talk 

1. Overview of EventCube
2. TopicCube for flexible topic analysis 
3. Keyword-based mining
4. MicroTextCluster for online text summarization
5. Demo of iNextCube system
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1. Event Cube: Overview  
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2. Key technique: Text/Topic Cube 

• Aggregating text data (ASRS reports) in subspaces
• Heterogeneous:  categorical attributes  +  unstructured text

• How to combine?
• Our solution: 

Cube: Categorical Attributes

Term/Topic Weight

altimeter 0.01

leveling 0.008

leveloff 0.007

… …

Text/Topic  Model: 
Unstructured Text

Measure

Time Location Place Environment … … Event ReportACN

Text data

Cells

9



Topic Cube Construction

• Construction

Time Loc Env … Narrative

98.01 TX Daylight …

98.01 LA Daylight …

98.01 LA Night …

99.02 FL Night …

ALL

Anomaly Altitude Deviation … … Anomaly Maintenance Problem … … Anomaly Inflight Encounter

Undershoot … … Overshoot Improper 
Documentation

Improper 
Maintenance

Birds Turbulence… … … …

Descent  0.06
Cloud      0.03
Ft             0.01
…              … .

Descent  0.05
System    0.02
View          0.01
…              … .

Altitude  0.03
Ft            0.02
Climb     0.01
…              … .

Altitude  0.04
Ft            0.03
Instruct  0.01
…              … .

Topics in daylight

Topics in night



Sample Topics in Topic Cube

Context Word p(w|θ)

daylight

Tower 0.075

Pattern 0.061

Final 0.060

Runway 0.053

Land 0.052

Downwind 0.039

night

Tower 0.035

Runway 0.029

Light 0.027

Instrument Landing 
System

0.015

Beacon 0.014

Sample Text:

…WINDS ALOFT AT PATTERN ALT OF 
1000 FT MSL, WERE MUCH 
STRONGER AND A DIRECT XWIND. 
NEEDLESS TO SAY, THE PATTERNS
AND LNDGS WERE DIFFICULT FOR 
MY STUDENT AND THERE WAS LIGHT 
TURB ON THE DOWNWIND…

…I LISTENED TO HWD ATIS AND 
FOUND THE TWR CLOSED AND AN 
ANNOUNCEMENT THAT THE HIGH 
INTENSITY LIGHTS FOR RWY 28L 
WERE INOP. BROADCASTING IN THE 
BLIND AND LOOKING FOR THE TWR 
BEACON AND LOW INTENSITY 
LIGHTS AGAINST A VERY BRIGHT 
BACKGROUND CLUTTER OF STREET 
LIGHTS, ETC…

landing without clearance



Topic Cube: Efficiency Experiments

Agg: our aggregation method
App: Agg with only top K words in each topic
Best Rdm: one iteration of EM starting with a random point
Avg Rdm: average time cost per iteration in standard PLSA



Sample Topic Coverage Comparison 
Comparison of distributions of anomalies in FL, TX, and CA
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Comparative Analysis of Shaping Factors 

Texas

Florida
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Text Cube for Comparative Analysis of Sub-
Events  

“ice” vs. “windshear” in 

“Environment: Weather 
Elements”

“airspace structure” vs. “ATC 
human performance” in 

“Supplementary: Problem Areas”

Comparison of Average TF of Words 15



Leverage Sequential Pattern Mining: More 
Meaningful Units 

– Anomaly1 = aircraft equipment problem : critical
– Anomaly2 = inflight encounter : weather
– Anomaly3 = conflict : nmac

Pattern Support

Anomaly1 Anomaly2 Anomaly3 

LNDG UNEVENTFUL 11 0 0

LANDED WITHOUT INCIDENT 12 0 0

SHUT DOWN ENG 12 0 0

VISIBILITY FOG 0 13 0

CEILING VISIBILITY 0 15 0

DOWNWIND RWY 0 0 12

SAW OTHER ACFT 0 0 10

CLRED FOR RWY 0 0 44

TOOK EVASIVE ACTION 0 0 44

SUPPLEMENTAL FROM 17 10 31

CALLBACK WITH REVEALED FOLLOWING 37 13 24

CALLBACK WITH REVEALED FOLLOWING HAT 13 0 0
16



3. Keyword Search

• Find out when evasive action happens in ASRS reports
• Keyword query: “EVASIVE”, “ACTION”

• Main technical challenge: how to score many cells quickly? 
• Solutions: 

– Proposed two general strategies: average model, cell document 
model

– Proposed search-space-ordering heuristic algorithm to speed up 
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Condition Light Phase Anomaly Report

VMC Daylight descent conflict TILL THEY STARTED FLASHING TOO LATE FOR EVASIVE 
ACTION AND SMT X WAS PAST MLT Y

VMC Daylight cruise conflict I TOOK IMMEDIATE EVASIVE ACTION TURNING RIGHT AND 
DSNDING RAPIDLY TO 1200'.

IMC Night descent equipment MARCH GCA CTLR TOLD US TO NOTIFY HIM WHEN WE 
WERE INBND ON THE APCH. 



• Default:  # of Docs = 14K; # of Dimensions = 10; k = 80 

Experiments: Efficiency (average model)
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Sample results of cell ranking
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4. MiTexCluster Cube for summarization

• How can we summarize the content in text cells? 
– Neutral Summarization

Give the most representative documents within a text cell
– Topic-biased Summarization

Give the most relevant documents to a query within a text cell that  
also cover the content of the text cell well

• Example: 

– What did those reports say about the anomalous events that 
happened at night in Jan. 1999?

– What did the pilots say about landing anomalies at LAX in 1999?
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Basic idea of MiTexCluster

Offline

Online

Goal: Improve online efficiency Star Schema
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Sample Results of MiTexCluster

Neutral Summarization

…so that if we saw the ARPT, we 
could land…

…due to stronger than forecasted 
winds and weather going…

…resulted in RWY excursion 
during engine fail…

Summarization biased to “landing”

…so that if we saw the ARPT, 
we could land…

…after an hour, the weather had 
not much improved which forced 
us to land…

…SMA engine failure, forced 
landing at LGB by instructor…
…we were in class G and the IFR 
rules tell us to land…22



MiTextCluster is More Efficient than Direct 
Summarization 

Neutral Summarization: document k-means v.s. micro-cluster k-means

Topic-biased Summarization: MMR v.s. micro-cluster ranking
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Application: Common Topic Comparison across 
cells

Topic Coverage Comparison across different Cells:
MiTexCluster based results are close to the document based result, and the 
more micro-clusters stored, the more close to the document based result

(a) Document based result
(b) MiTexCluster based result (K = 100)
(c) MiTexCluster based result (K = 500)
Y: Number of documents
X: Different locations



5. The  iNextCube System
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http://inextcube.cs.uiuc.edu/nasa/

TextCube TopicCube Cell Ranking Entity Ranking 



Sample Results: TextCube 
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Daylight Night



Sample results: TopicCube
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Landed in emergency



Sample Results: Cell Ranking 
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Fatigue



Sample results: Entity Ranking
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Insursion: landing without clearance



Sample results of iNextCube: Entity Ranking
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Airspace violation



Summary 

• TextCube/TopicCube provides a general and scalable 
support for analyzing topics in text data in high-dimensional 
databases

• Cell ranking and entity ranking enable flexible mining of 
topical cells and entities 

• MiTextCluster enables efficient online summarization 
• iNextCube system supports multiple ways to mine and 

analyze ASRS reports 
• Multiple mining applications for improving aviation safety 

can be potentially supported with these component 
technologies
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Query-Independent Mining of TINs

Structured Data Text Data

Relational Database Retrieval Engine 

Text Information Network Index

Query-Specific Search/
Mining of TINs

User Interface for Multi-Mode/Scale Search and Mining

Aviation 
Records ASRS

reports

…
Future Work 1: Large-Scale Integrative Text Mining



Future Work 2: Text Mining for Proactive 
Prevention of Aviation Incidents

• Semantic Analysis of Text (Information Extraction): 
– How to recognize entities (e.g., people, devices, time, location) ?
– How to recognize relations (e.g., what happened at what time)? 
– How to recognize sentences of special semantic categories (e.g., 

contributing factors, suggestions)? 

• Mining ASRS to discover knowledge for preventing incidents
– What problems and causal factors are increasingly reported 

in ASRS?  
– What suggestions have been made by reporters in ASRS? 
– How can we discover knowledge about human factors? 

• Combine features extracted from text with other non-textual 
features to improve statistical prediction models 
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More publications can be found in Dashlink:
https://c3.ndc.nasa.gov/dashlink/
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Thank You!
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