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AGENDA

• Prepared questions for panelists from 

Susan Reardon, MORS CEO

• MORS Symposium Abstracts (& NTSB Incident Reports)

• NSF Abstracts

• Questions from online attendees

• Resources Provided

• Slides from Text Mining tutorial

• Links to papers, books, and bibliography

• Links to recordings



EXAMPLES OF

TEXT DATA
USE TEXT MINING WHEN YOU CAN’T READ THEM ALL

• Documents – Word, PDF, TXT, …

• Abstracts/Proposals – MORS, NSF

• Reports – NAVSAFECEN, PNSY (PDF images – arghh!)

• Open ended questions in surveys - Army SHARP

• Tweets – Russian ambassador assassination

• Emails – Enron energy scandal

• Web pages – DHS monitoring WMD

• Voice-to-text – recorded service calls - Oshkosh Corporation



Text mining 

revolutionizes a 24/7 

customer support 

network

Oshkosh Corporation uses 

free-form service call records 

to systematize technical 

support operations and 

prioritize engineering 

improvements



TWITTER

CONTENT
RUSSIAN AMBASSADOR TO TURKEY ASSASSINATED IN ANKARA, DEC 19, 2016



TWITTER

CONTENT
RUSSIAN AMBASSADOR TO TURKEY ASSASSINATED IN ANKARA, DEC 19, 2016

RT @agarzon: Asesinan al embajador ruso en Turquía 

durante un acto público. Y terrible la “seguridad”,

que permite al asesino da…

RT @KTHopkins: Russian ambassador shot dead by 

'moderate Islamist rebels'. Would love to meet the 

extreme ones some day. #Turkey [2004]

RT @FrankLuntz: This is a problem. Turkey is a 

@NATO ally, and Russia doesn’t take kindly to 

assassinations. https://t.co/5sTGtAGvQN [937]

RT @PrisonPlanet: The terrorist who shot the Russian 

ambassador was upset at Russia kicking the asses

of the jihadists our media &amp; govt. su… [1206]

RT @NotJoshEarnest: The man that shot the Russian 

Ambassador to Turkey screamed "Allahu Akbar" before

firing. We are trying to find out wha… [508]



TEXT ANALYTICS FLOW
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Define 
Problem 

Statement

Collect and 
Extract 
Data

Process 
and Filter 

Text

Transform 
Text

Text Mining 
Exploration

Predictive 
Analytics

• Determine clear study objectives and end-state

• Identify relevant data sources to answer research questions

• Scrape internet with web crawling and social media tools

• Extract text from disparate file types (pptx, doc, txt, pdf, html)

• Strip off code, figures, extraneous characters

• Clean manually with character functions, queries, filters, R&R

• Remove punctuation, numbers, stop words

• Stem and tokenize text, change to lowercase, identify multiwords. 

• Create document term matrix

• Weight matrix based on analysis objectives

• Use Singular Value Decomposition to get structured data

• Discover topics and common themes

• Group like documents and words

• Subset documents and link concepts

• Combine with structured data

• Visualize exploitable patterns

• Understand sentiments and trends



AIRCRAFT INCIDENTS 

DATA FROM NTSB
DIMENSION REDUCTION OF SPARSE DOCUMENT TERM MATRIX INTO DOCUMENT

AND TERM VECTORS – ALSO CLUSTERING OF DOCUMENTS AND TOPICS



FILTERED WORD 

CLOUDS
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COLORED BY PROPORTION FATAL AND 

FILTERED BY METEOROLOGICAL CONDITIONS

Visual

Meteorological

Conditions

Instrument

Meteorological

Conditions



AIRCRAFT INCIDENTS 

DATA FROM NTSB
MODEL “FATAL” USING THE 630 TERMS IN THE DOCUMENT TERM MATRIX (LEFT) 

AND THE TOP TEN TOPIC VECTORS (RIGHT)

R^2

0.00    0%

0.25  53%

0.34  71%

0.43  90%

0.46  95%

0.47  98%

0.47  99%

0.48 100%

0.48 100%



http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract

http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract


MORSS CORPUS

OF DOCUMENTS
UNIQUE ABSTRACTS USED PER YEAR – JUST UNDER 4400 TOTAL OVER 9 YEARS



UNSTEMMED TERMS



STEMMED TERMS



STEMMED TERMS
STOP WORDS REMOVED AND PHRASES ADDED TO TERMS LIST 

RECODING OF LIKE TERMS:  ALL VARIANTS OF DOD = DEPARTMENT OF DEFENSE

This is the most time-consuming part of text mining, requiring subject 

matter expertise on choosing what terms and phrases should be analyzed.



TERMS OVER TIME PERCENT OF ABSTRACTS USING TERMS VERSUS YEAR



MORSS ABSTRACTS 

DOCUMENT VECTORS

& TERM VECTORS

DIMENSION REDUCTION - SINGULAR VALUE DECOMPOSITION (SVD IS LIKE PCA)

Cluster 30Cluster 21

Colored by 

Doc Cluster
Colored by 

Term Cluster



TOPIC SCORES ASSOCIATED TOPIC WORD CLOUD



TOPIC SCORES SELECT ANY DOCUMENT(S) AND “SHOW TEXT”

For a variety of political and 

bureaucratic reasons, we are 

not adequately preparing to 

deal with the threat of 

bioengineered viral pandemics.

(80th MORSS in 2012) 



NSF Abstracts
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• This corpus is abstracts from the 304,725 submitted NSF 
grant proposals from 1988 – 2015.



NSF Abstracts
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• Frequent terms and phrases:



NSF Abstracts
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• Certain phrases become much more frequent over time.



NSF Abstracts
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• While some phrases are newly minted over time.



NSF Abstracts
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• Certain phrases are highly associated with certain states.



NSF Abstracts

25

• Visually display the frequency of phrases over time by state.



NSF Abstracts
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• Evaluate if the Amount Awarded is associated with a certain 
phrase.



WordCloud www.mors.org

Jim Wisnowski
james.wisnowski@adsurgo.com

Tom Donnelly
tom.donnelly@jmp.com

Text Mining and 
Unstructured Data Tutorial

20 June 2018

UNCLASSIFIED Distribution Unlimited

UNCLASSIFIED Distribution Unlimited

mailto:james.wisnowski@adsurgo.com
mailto:tom.donnelly@jmp.com


WWW.JMP.COM/FEDGOV RECORDINGS OF MORSS TUTORIALS CONTENT

Building Better Models

Overview and Use of Honest 

Assessment

Neural Networks -

Single Layer, Dual Layer, 

Boosted

All Graphs are Wrong - Some are Useful -

Or view Xan Gregg's Original 2015 Discovery 

Summit Presentation

Regression

Linear, Stepwise, Logistic, & All 

Possible

Generalized Regression

Near Machine Learning 

Accuracy – More Explainable 

Model

What’s New in JMP 14?

JMP Learning Resources

Decision Trees

Simple Partition, Bootstrap 

Forest, & Boosted Tree

Text Exploration

Analyze Unstructured Free 

Text

Functional Data Explorer

Modeling a “Stream” of Data – New in JMP 14

These 9 videos cover predictive analytics (including text exploration) 

and data visualization.

https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Building-Better-Models-JMP-14/ta-p/69517
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Neural-Networks-JMP-14/ta-p/69520
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/All-Graphs-are-Wrong-Some-are-Useful-JMP-14/ta-p/69523
https://community.jmp.com/docs/DOC-8270
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Regression-JMP-14/ta-p/69518
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Generalized-Regression-JMP-14/ta-p/69521
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/quot-What-s-New-in-JMP-14-quot/ta-p/69524
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Decision-Trees-JMP-14/ta-p/69519
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Text-Exploration-JMP-14/ta-p/69522
https://community.jmp.com/t5/US-Federal-Government-JMP-Users/Functional-Data-Explorer-JMP-14/ta-p/69525


Summary

29

• Data is growing exponentially across DOD
• Much of this is unstructured text data
• Text mining takes statistical tools and converts the text 

into meaningful mathematical expressions
• Example uses of text mining

– Concept extraction
– Grouping like documents or records together
– Grouping terms together
– Creating structured variables that represent the text fields 

to use in predictive analytics

• Relatively short learning curve to perform powerful text 
analytics using open source software and commercial 
solutions



CNA Example

• Unstructured text

• Can you get idea what’s going on from word 
frequencies?

• Do word clouds help?

30



Word Cloud Colored by Proportion Fatal 
and Filtered by Meteorological Conditions

31

Visual
Meteorological

Conditions

Instrument
Meteorological

Conditions



What is Text Mining?

• Text mining: semi-automated process of detecting patterns 
(useful information and knowledge) from large amounts of 
unstructured data sources

• Text analysis: an examination of structure, composition, and 
meaning that provides insight to advance some 
purpose…that characterize and describe a text itself. Analysis 
may be heuristic, informal, and/or qualitative.

• Text analytics: methods used for intelligent analyses of textual 
data; a larger set of activities around inference steps of 
discovering information, grouping documents, summarizing 
information, etc.
– Systematic application of numerical and statistical methods that derive 

and deliver quantitative information, whether in the form of 
indicators, tables, or visualizations. Analytics is formal and repeatable.

32

Gary Miner, et al. Practical Text Mining and Statistical Analysis for Non-structured Text Data Applications. Academic Press: Oxford, 2012.
Seth Grimes: http://www.huffingtonpost.com/seth-grimes/naming-classifying-text-a_b_4556621.html





http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract

http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract


A practical guide to text mining with topic extraction
By: Andrew Karl, James Wisnowski and W. Heath Rushing

http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract

http://onlinelibrary.wiley.com/doi/10.1002/wics.1361/abstract


• Heath Rushing’s Technically Speaking JMP®: 

Tackling Unstructured Data With Text Exploration

https://www.jmp.com/en_us/events/ondemand/technically-
speaking/tackling-unstructured-data-with-text-exploration.html

• Brady Brady’s Advanced Mastering JMP®: 

Retrieving and Organizing Text for Analysis

https://www.jmp.com/en_us/events/ondemand/mastering-jmp/text-
explorer.html

https://www.jmp.com/en_us/events/ondemand/technically-speaking/tackling-unstructured-data-with-text-exploration.html
https://www.jmp.com/en_us/events/ondemand/mastering-jmp/text-explorer.html


Text Analytics: Trending Upward
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• In 2015, SAS text mined 
7,000 data scientist job 
descriptions for top 
skills required

• Text analytics is fastest 
growing area

• ~80% of data* is 
unstructured and is 
waiting to be analyzed

http://blogs.sas.com/content/text-mining/page/2/

* 83.92% of all statistics are made up. (Prof. Dick DeVeaux, Williams College)



Social Media Analytics—Twitter
Sentiment Analysis

38

• Real-time feed of social media provides intelligence opportunity

• Example: Trump
– 2 minutes of all Tweets at 6:30AM on 19 June 2017

• Sentiment analysis/opinion with text mining tabulates the 
number of positive terms and number of negative terms 
(Harvard IV dictionary) from all Tweets



Social Media Analytics—Twitter
Sentiment Analysis
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• Real-time feed of social media provides intelligence opportunity

• Example: Trump
– 2 minutes of all Tweets at 3:30 PM PDT on 19 June 2018

• Sentiment analysis/opinion without sentiment analysis

Add “Trump” to
Stop Word List



Social Media Analytics—Twitter
Sentiment Analysis

40

• Real-time feed of social media provides intelligence opportunity

• Example: LeBron James after announcement he is going home
– All Tweets for 5 mins the day LeBron made his statement

– All Tweets for 5 mins the day he won the NBA Championship



Some DOD Applications of Text Mining

• Performance report analysis—powerful words and phrases, grouping like 
reports, combining with structured data

• Analysis of text fields in system maintenance reports or software trouble 
reports

• Using mission report text fields to help predict IED locations
• DHS/ECBC monitoring www for discussions of chemical/biological agents
• Boosting survey insights with deeper analysis of free text responses
• Contract performance reports
• Summarizing volumes of MIL-STDS; searching for specific related topics
• Finding patterns in voice-to-text translations of communications during 

operations
• Evaluating sentiment about quality of life from social media posts
• Sentiment analysis applied to intelligence; pattern-of-life
• Electronic health record analytics
• R&D: what are the most common themes in the abstracts at reliability 

conference? What are topics from a large group of technical journal 
articles?

41



Text Analytics Flow
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Define 
Problem 

Statement

Collect and 
Extract Data

Process and 
Filter Text

Transform 
Text

Text Mining 
Exploration

Predictive 
Analytics

• Determine clear study objectives and end-state
• Identify relevant data sources to answer research questions

• Scrape internet with web crawling and social media tools
• Extract text from disparate file types (pptx, doc, txt, pdf, html)
• Strip off code, figures, extraneous characters

• Clean manually with character functions, queries, filters, R&R
• Remove punctuation, numbers, stop words
• Stem and tokenize text, change to lowercase, identify multiwords. 

• Create document term matrix
• Weight matrix based on analysis objectives
• Use Singular Value Decomposition to get structured data

• Discover topics and common themes
• Group like documents and words
• Subset documents and link concepts

• Combine with structured data
• Visualize exploitable patterns
• Understand sentiments and trends



ORSA: How Exactly Does TM Work?



Answer



Unclassified Text Mining Example 
Aircraft Accident Reports

• Data: Air Force Accident 
Investigation Board Reports

• Objectives: 

– what are common themes?

– what factors contribute to fatal 
accidents?

– what words group together?

– what reports group together?

– how can we link structured and 
unstructured data fields?

45



Let’s First Revisit the ORSA Question
Key Quantity: Document Term Matrix 

• DTM is a sparse matrix with documents as rows and terms as 
columns=> 3,200 rows (accident reports) by 800 cols (words) 

• Tallies the word counts for each document
– Mostly 0’s

– Can use binary, term frequency, inverse document frequency, and 
other weighting schemes

• DTM itself is helpful (i.e could do correlation analysis on 
columns), but need to take it a step further with Latent 
Semantic Analysis

46



Singular Value Decomposition

• The reduced-rank singular value decomposition (SVD) provides 
us with a dimensionality reduction technique.

• The SVD reduces the DTM to a (dense) matrix with fewer 
columns. The new (orthogonal) columns are linear 
combinations of the rows in the original DTM, selected to 
preserve as much of the structure of the original DTM as 
possible.

47



SVD Example

X1

X2

X1 and X2 describe the location of these points. 
However, they appear to fall mostly along a line. 

48



SVD Example

X1

X2

Roughly, the SVD finds a new set of orthogonal basis vectors such 
that each additional dimension accounts for as much of the 
variation of the data as possible.

SVD1

SVD2

49



Singular Value Decomposition

• For a DTM X, the SVD factorization is 
𝑋 ≈ 𝑈𝐷𝑉𝑡,

where 
• U is a dense d by s orthogonal matrix U gives us a new rank-reduced description 

of documents
• D is a diagonal matrix with nonnegative entries (the singular values).
• 𝑉𝑡 is a dense s by w orthogonal matrix, where s is the rank of the SVD 

factorization (s=1,…,min(d,w)), and the superscript t indicates “transpose.” V 
gives us a new rank-reduced description of terms.

• d is the number of documents
• w is the number of words
• s is the rank of the SVD factorization (s=1,…,min(d,w)).

50



Topic Extraction With SVD V Matrix

• The 5th eigenvector from the V matrix loads on 
inadequate compensation for crosswinds

51



Topic Term Loading, Word Cloud Filtered 
by Topic, and Colored by Topic Cluster
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Finding Documents Related to Topic 5:
SVD U Matrix

• If we sort the corresponding U matrix on SVD 5 
descending, we see the reports with inadequate wind 
compensation rise to the top 53



SVD1 vs. SVD2

• Plotting first two eigenvectors is often helpful and a 
recommended first step

54



Term SVD1 vs. SVD2

• Plotting first two eigenvectors is often helpful and a 
recommended first step

55



Clustering Terms

• Often, there will be a large 
cluster (seen at right) of 
unimportant terms

56



Clustering Terms

• Here we can see with 
a large number of 
clusters, words 
typically associated 
with one another are 
in the same cluster

• The distance matrix 
allows us to see the 
closest terms to any 
specified word

57



Clustering Accident Reports

• It is possible to cluster the eigenvectors of the U matrix 
to group accident reports that have common themes

• We can cross-tabulate the clusters with the proportion 
that were fatal

• These clusters were had about 35 records each and all 
were non-fatal

58



Bounced Landings: Not Fatal
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Soft Terrain: Not Fatal
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Concentration of Fatal Accidents in Clusters

• The clusters at the bottom of this table have a 
higher concentration of fatal accidents.
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Spatial Disorientation: Fatal
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Drugs: Fatal
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Failure to Maintain Airspeed: Fatal

64



Decision Tree for Fatal Using DTM
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• We can use all 800 columns (each a word) in the Document Term 
Matrix as input variables to predict whether or not an accident 
will be fatal

• If land is in the narrative, it will almost surely not be fatal



Most Useful Words to Predict Fatal
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Word Cloud Colored by Proportion Fatal 
and Filtered by Meteorological Conditions
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Visual
Meteorological

Conditions

Instrument
Meteorological

Conditions



Summary
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• Data is growing exponentially across DOD
• Much of this is unstructured text data
• Text mining takes statistical tools and converts the text 

into meaningful mathematical expressions
• Example uses of text mining

– Concept extraction
– Grouping like documents or records together
– Grouping terms together
– Creating structured variables that represent the text fields 

to use in predictive analytics

• Relatively short learning curve to perform powerful text 
analytics using open source software and commercial 
solutions



Questions?
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Thank You!


