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They say the next frontier is data...
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They say the next frontier is data...
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Data is useless...its like a genie stuck in the lamp...

No Mojo!

What is the impact of my work?
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I can search the world’s data - so what?

622,000,000 results? Seriously?
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What if I don’t know where to start searching?

Number of results I rather get...

1
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To me - nobody really cares about data...

People care about sense making!
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The grand challenge is making sense of data
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The grand challenge is making sense of data

Sunday, November 18, 12



Next Frontier - Sense Making
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“Advance Personalized Learning: Instruction can be 
individualized based on learning styles, speeds, and 
interests to make learning more reliable.”
The National Academy of Engineering. “Grand Challenges for Engineering: Advance Personalized Learning.” Available at http://www.engineeringchallenges.org/
cms/8996/9127.aspx. (June 2008).
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“Engineering education experiences of the future can center on 
students [...] with cyber-tools and cyber-environments (also known as 
cyberinfrastructure) acting in well-choreographed harmony, adapting, and 
customizing themselves to individual learner needs and outcomes [emphasis 
added].”
Madhavan, K.P.C. (2007). “CAREER: Advancing Engineering Education through Learner-centric, Adaptive Cyber-tools and Cyber-environments.” NSF 
CAREER Proposal. Submitted to NSF-EEC.
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Defining the problem

There is so much work on intelligent 
tutors, teaching tutor agents, recommender 
systems, etc. 

So, why is personalized learning such a big 
deal? What is the role of learning analytics in 
tackling this grand challenge?
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How can we derive actionable intelligence if 
you don’t know much data about your 
users/learners?
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Personalized Learning, Basic Trigonometry, 
Matrices

Informat ion  Retrieval C.A. M o n t g o m e r y  
and Language Processing Edi tor  

AVector Space Model 
for Automatic Indexing 
G. Salton, A. Wong 
and C. S. Yang 
Cornell University 

In a document retrieval, or other pattern matching 
environment where stored entities (documents) are 
compared with each other or with incoming patterns 
(search requests), it appears that the best indexing 
(property) space is one where each entity lies as far away 
from the others as possible; in these circumstances the 
value of an indexing system may be expressible as a 
function of the density of the object space; in particular, 
retrieval performance may correlate inversely with space 
density. An approach based on space density computations 
is used to choose an optimum indexing vocabulary for a 
collection of documents. Typical evaluation results are 
shown, demonstating the usefulness of the model. 

Key Words and Phrases: automatic information 
retrieval, automatic indexing, content analysis, document 
space 
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1 Although we speak of documents and index terms, the present 
development applies to any set of entities identified by weighted 
property vectors. 

Retrieval performance is often measured by parameters such 
as recall and precision, reflecting the ratio of relevant items actually 
retrieved and of retrieved items actually relevant. The question 
concerning optimum space configurations may then be more 
conventionally expressed in terms of the relationship between 
document indexing, on the one hand, and retrieval performance, 
on the other. 

1. Document Space Configurations 

Consider  a document  space consisting of  documents  
Di ,  each identified by one or more  index terms Tj; 
the terms may be weighted according to their im- 
portance,  or unweighted with weights restricted to 0 
and 1.1 A typical three-dimensional  index space is 
shown in Figure 1, where each item is identified by up to 
three distinct terms. The three-dimensional  example 
may be extended to t dimensions when t different 
index terms are present. In that  case, each document  
Di is represented by a t-dimensional vector 

D i  = ( d a ,  di., , . . . ,  d i , ) ,  

d,j representing the weight of  the j th  term. 
Given the index vectors for two documents ,  it is 

possible to compute  a similarity coefficient between 
them, s ( D i ,  D j ) ,  which reflects the degree of  similarity 
in the corresponding terms and term weights. Such a 
similarity measure might  be the inner p roduc t  of  the 
two vectors, or alternatively an inverse function of  the 
angle between the corresponding vector pairs; when the 
term assignment for two vectors is identical, the angle 
will be zero, producing a max imum similarity measure. 

Instead of  identifying each document  by a complete 
vector originating at the 0-point  in the coordina te  sys- 
tem, the relative distance between the vectors is pre- 
served by normaliz ing all vector lengths to one, and 
considering the project ion of  the vectors onto the en- 
velope of  the space represented by the unit sphere. In  
that  case, each documen t  may  be depicted by a single 
point  whose posit ion is specified by the area where the 
corresponding documen t  vector touches the envelope 
of  the space. Two documents  with similar index terms 
are then represented by points that  are very close to- 
gether in the space, and, in general, the distance be- 
tween two document  points in the space is inversely 
correlated with the similarity between the correspond-  
ing vectors. 

Since the configurat ion of  the documen t  space is a 
funct ion of  the manner  in which terms and term weights 
are assigned to the various documents  of  a collection, 
one may ask whether an op t imum document  space 
configurat ion exists, that  is, one which produces  an 
op t imum retrieval performance.  2 

I f  nothing special is known about  the documents  
under  consideration,  one might  conjecture that  an 
ideal document  space is one where documents  that  are 
joint ly relevant to certain user queries are clustered 
together, thus insuring that  they would be retrievable 
joint ly in response to the cor responding  queries. Con-  
trariwise, documents  tha t  are never wanted simul- 

613 Communications November 1975 
of Volume 18 
the ACM Number 11 

Source: Berry, M.W. and Browne, M. (2005). Understanding Search Engines: Mathematical 
Modeling and Software Retrieval (Software Environments, Tools, 2nd Edition)
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Case Study - nanoHUB.org

Platform Perspective
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Setting the context - nanoHUB.org

>240,000
users annually

9
years
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Setting the context - nanoHUB.org

Easy to use and 
intuitive user-
contributed tools

Over

260
tools
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Setting the context - nanoHUB.org

User Contributed

Direct Impact
RESEARCH to LEARNING

Over

3,400
resources
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Online Simulations

and More...

Community
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Instrumenting the environment (e-
infrastructure) holds the key
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nano App Store

Countries
worldwide

172

As much traffic as http://www.purdue.edu

Users at all top 50 US Engr Schools
Worldwide 19% of all .edu domains

New Registrations
Simulation Users
Tutorial / Lecture Users
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The Matrix (Movie)
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nanoHUB User Matrix
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Slowing Down

Time (days) 

U
se

rs
 

Each dot is a 
SIMULATION Color dot is a 

TOOL

Past 12 months of activity. For 
each user, we look back in time.

For each user we plot ALL simulation tool activities over the past 
12 months
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Time to First Adoption

Typical textbook update:

3.8 years

Time Between Tool Publications and First Use in Classroom

DOI

DOI
DOI
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Rapid Adoption of Research

Typical textbook update:

3.8 years
Median adoption time:

174 days (5.7 months)

Time Between Tool Publications and First Use in Classroom
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Revolutionizing Research è Classroom

Typical textbook update:

3.8 years
Median adoption time:

174 days (5.7 months)

Time Between Tool Publications and First Use in Classroom
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Each dot is one tool
Size of dot indicates number of users

Tools Ranked by Frequent Use in Teaching

Usage Patterns => Tool Qualification
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Usage Patterns => Tool Qualification
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Dual Use
Education and Research are coupled!

Each dot is one tool
Size of dot indicates number of users
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Tools Ranked by Frequent Use in Teaching
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Tool Usage  - Time Evolution 
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nanoHUB User Behavior
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Formal Education vs. Research
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Formal Education vs. Research

Courses134
Institutions97
Students3060

95%
outside
NCN
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Formal Education vs. Research

Courses134
Institutions97
Students3060

95%
outside
NCN

Proof of real use in education. Knowledge transfer out of 
research into education. Voluntary and VIRAL use!

KEY
Insight
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Resource Requirements
Simulations vs. CPU Consumption
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Resource Requirements
Simulations vs. CPU Consumption

Sunday, November 18, 12



Resource Requirements
Simulations vs. CPU Consumption
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Resource Requirements
Simulations vs. CPU Consumption

Runs200

Hrs CPU8

Average
Research

Runs10000

Hrs CPU10000

Top 
Research

Runs20

Min CPU5

Average 
Edu

Runs400

Hrs CPU20
Top Edu
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Case Study - Informal Spaces

Systems Perspective

Worked in collaboration Xin “Cindy” Chen and Dr. Mihaela 
Vorvoreanu (CGT, Purdue)
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Instrumenting Informal Spaces

Social Media Proliferation
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What insights do we gain from user generated data?

Dashboard(s-ing)
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How does higher education use social media data?

The State of Web and Social Media Analytics in Higher Ed, Survey by Higher Ed Experts, July 2011
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The State of Web and Social Media Analytics in Higher Ed, Survey by Higher Ed Experts, July 2011

Mostly Number Counting, No Content Analysis

How does higher education use social media data?
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The State of Web and Social Media Analytics in Higher Ed, Survey by Higher Ed Experts, July 2011

Mostly for Marketing, Not Directly Related to Current Students

How does higher education use social media data?
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Methods

Collect web content relevant to 
engineering students to understand 
their college experiences

Strategy

Relevant vocabulary is undefined; time 
span is undefined.  

Challenge
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Iterative process of retrieving relevant data 
using Radian6

Nov. 1st, 2011 -- May. 2nd, 2012
#engineeringProblems: 10,006 tweets

Methods

1. Qualitative Content Analysis 
2. Keyphrase Extraction and Topic Modeling
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50

100

150

Nov1 Dec 1 Dec 31 Jan 30 Feb 29 March 30 April 29

The trend: number of tweets per day using #engineeringProblems

Total No. of Tweets: 10, 006
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2,500

5,000

7,500

10,000

Nov1 Dec 1 Dec 31 Jan 30 Feb 29 March 30 April 29

The trend: accumulative number of tweets using #engineeringProblems

Total No. of Tweets: 10, 006
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Qualitative Results

1 Sacrifice and Negative Feelings

3  Gender and Other Minority Issues

4 Engineer Stereotypes and Identity Formation 

2  Issues with Classes, Professors, Homework, and Exams
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From the machine perspective, text is 
unstructured, nominal, 
qualitative data. It needs to be 
transformed in order to be visualized. 

Text Analysis
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Transformation

Unstructured Text

Structured 
Data

Visual 
Representation
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Transformation

Unstructured Text

Structured 
Data

Visual 
Representation

Keyphrase Extraction and Topic Modeling
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Extract prominent key terms 
and identify main themes 
from large text corpora.

Keyphrase Extraction and Topic Modeling
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Topic Modeling Results
Topic 0: problems, this week, calculator, forget, calc (calculus), 
happy, feeling, really, learn, hopefully, finish, numbers, year, right now, 
too much work, it’s bad, solutions manual, guess, everyday, scores, 
multiple test, find out, exams, differential equations, pretty, glad, 
can’t follow, coffee, easy, angle

Topic 1: ever, professor, words with friends, math with friends, 
trying, I’m awful, calculate, favor, pretty sure, engineering building, 
URL, hard, sometimes, the only girl, stop, more time, stay, pressure, 
GPA, back pack weighs more, sleep, determine, calculate how far, 
complicated, bitch, business major, starting, girls bathroom, don’t 
understand, finally

Topic 2: awkward moment, Friday night, actually doing any, 
amount, yeah, don’t know, curve, actually, free time, days, weekends, 
still, book, even, last night, drunk, same week, purpose, sitting, next 
week, don’t even know how, senior design, feeling not tired, buy 
beer, napping, for hours, don’t know, pull, force

Not Converge to Distinct Topics, Need Manual Curation
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Implications and Future Direction

1 Research and Policy Implications

2 Social Support, Community Building

3 Social Media Analytics Tool for Education
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Are these Twitter users building a community?

Partial #engineeringProblems Network based 
on Mentions, Replies, and Follows
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Questions?

Krishna Madhavan
School of Engineering Education

Network for Computational Nanotechnology 
cm@purdue.edu
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