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W P I  DATA  S C I E N C E  

Have you heard of  DATA SCIENTISTS?  

HELLO 



W P I  DATA  S C I E N C E  

SMART COLLEGE KIDS LIKE YOU  
WHO FIND PATTERNS IN DATA 



THE HUMAN MIND IS CLEVER AT SEEING 
PATTERNS IN THINGS… 

W P I  DATA  S C I E N C E  

BUT A TRUE SCIENTIST DOESN’T JUST RELY 
ON HOW THINGS LOOK… 



SCIENTISTS COULD USE A SIMPLE 
METHOD TO FIND RESULTS… 

W P I  DATA  S C I E N C E  

H E  L O V E S  M E ,   
H E  L O V E S  M E  N O T  



WE USE A TRIFECTA APPROACH TO 
TRAIN OUR DATA  SCIENTISTS. 

W P I  DATA  S C I E N C E  

Also known as a tr iple  threat!  



 

WAIT!  
 

WHERE DO ALL THE NUMBERS   

OR DATA  

COME FROM? 
 

 

W P I  DATA  S C I E N C E  



EVERY TIME YOU LOG ON ,  PLUG IN OR CL ICK 
BUY,  YOUR ‘DATA’  IS  SAVED.  

W P I  DATA  S C I E N C E  

EVERY PURCHASE  
RECORDED AND 

SHARED 

EVERY 
SEARCH 
IS SAVED 

Y O U R  
T W E E T S  

A R E  
S T O R E D  

MEDICAL 
RECORDS ARE 

STORED 
ELECTRONICALLY 



ALL OF THAT  
INFORMATION  
OR DATA IS  
COLLECTED AND  
STORED. 
SO MUCH DATA  
THAT IT’S NOW 
IN PETABYTES 
(10^15 ) 
 
 

W P I  DATA  S C I E N C E  



W P I  DATA  S C I E N C E  

THAT’S HOW COMPANIES TRACK YOUR PURCHASES AND 
ADVERTISE WHAT YOU LIKE ON YOUR Facebook PAGE.  

AND HOW LIFE INSURANCE COMPANIES KNOW WHO TO INSURE. 
AND HOW GOOGLE KNOWS WHAT YOU’RE SEARCHING… 



W P I  DATA  S C I E N C E  

PRACTICALLY INFINITE  AMOUNT OF DATA  
FROM ALL  OVER THE WORLD BEING STORED.  



W P I  DATA  S C I E N C E  

SO HOW DOES A DATA SCIENTIST   
MAKE SENSE OF IT  ALL?  



W P I  DATA  S C I E N C E  

COMPUTER 
SCIENCE 

M AT H E M AT I C S  

B U S I N E S S  

W E  C O M B I N E  C O M P U T E R  S C I E N C E  S K I L L S  W I T H  
M AT H E M AT I C S ,  A N D  B U S I N E S S  S K I L L S ,  A N D  A  
 DATA  S C I E N T I S T  C A N  M A K E  S E N S E  O F  DATA !  



W P I  DATA  S C I E N C E  
WHERE DO I  WORK AS A DATA SCIENTIST?  

ANYWHERE AND EVERYWHERE  

Healthcare Companies 

Social Media– Google, Yahoo,  Yahoo, Bing, FB 

Gaming and Video - FUN 

Education – higher and lower 

Trains, Planes and Automobiles 

All transit companies – World wide 

Telecommunications – world wide 

Security Companies – I Spy… 

Banks and Brokerage Firms - NYC!! 

Target – Gap – All retail stores 



W P I  DATA  S C I E N C E  

Bottom line… 



W P I  DATA  S C I E N C E  

S H O W  M E  
       T H E  M O N E Y !  



W P I  DATA  S C I E N C E  

So what is a Data 
Scientist paid? 

DATA SCIENCE NEWS 
ROUNDUP:  

BECOMING A PROFESSION 
AT $300/HOUR –  

Forbes.com 



W P I  DATA  S C I E N C E  

Are there jobs out 
there? 

BIG DATA SCIENTISTS GET 100 
RECRUITER EMAILS A DAY – 

Networkworld.com 



Big Data  -  Big Opportunity 

by MGI and McKinsey's Business Technology Office 

New startup 
opportunities 

Wide range of 
companies looking 
for DS specialists 

100% increase in jobs 
in Northeast U.S. alone 

150,00 – 200,000 new jobs 
in analytics ANNUALLY 



BIG DATA: CAREER OPPORTUNITIES 
ABOUND IN TECH'S HOTTEST FIELD -  
Mashable 

BIG DATA SCIENTISTS GET 100 
RECRUITER EMAILS A DAY – 

Networkworld.com 

D ATA  S C I E N C E  N E W S  
R O U N D U P :   

B E C O M I N G  A  P R O F E S S I O N  
AT  $ 3 0 0 / H O U R  –   

Forbes.com 

W P I  DATA  S C I E N C E  
https://www.facebook.com/pages/WPI-DATA-Science/ 

DATA SCIENTIST… 
SEXIEST JOB OF THE 21ST CENTURY. 
Harvard Business Review 

All recent news articles posted on our FB page, written by industry leaders! 

NOW MOBILE ANALYTICS STARTUPS 
ARE HIRING DATA SCIENTISTS. 
HERE’S WHY – VentureBeat.com 

https://www.facebook.com/pages/WPI-DATA-Science/
https://www.facebook.com/pages/WPI-DATA-Science/
https://www.facebook.com/pages/WPI-DATA-Science/
https://www.facebook.com/pages/WPI-DATA-Science/
https://www.facebook.com/pages/WPI-DATA-Science/


W P I  DATA  S C I E N C E  

IT’S THE 
SEXIEST JOB 
OF THE 21ST 
CENTURY!* 

*  H a r v a r d  B u s i n e s s  R e v i e w ,  O c t  2 0 1 2 .    



M Y   
 

R E S E A R C H  
 

P R O J E C T S   



M AT T E R S :   
E c o n o m i c  A n a l y t i c s  D a s h b o a r d  

F o r  M a s s a c h u s e t t s  



Massachusetts Technology, Talent 
and Economy Reporting System: 

MATTERS 

For Massachusetts High Tech Council 

By WPI Team composed of  over 10 students including 
Ramoza Ashan, Rodica Neamtu, and Caitlin Kuhlman, and 

many others  

 

 

      



Project Goals 

• Create and host an analytics platform that: 

– Represents an integrative data resource on high 
fidelity cost and talent competitive metrics, 

– Provides ease of access via web-based dashboard 

– Offers data-driven analysis capabilities supported 
by descriptive and predictive modeling, 

• to : 

– help MHTC advocate for Massachusetts becoming 
a state attractive for business 

5/9/2014 25 



MATTERS  Overview 

Users 

Data Sources 
Querying & reporting Interface 

Acquisition/ 
Integration 

Data warehouse 

Visual 
Analytics 
Interfaces 

Advanced 
Analytics 

Engine 
Data 
Store 

5/9/2014 

Data Pipeline 

26 



Data Metrics 

1.  State and Local Tax Burden "per capita“ 
     and "% of personal income“ 
 

2.  Economy: Total Employment 
 

3. Economy: Tech Employment 

 

4.  Economy Unemployment Rate 

 

5.  Talent Development Metrics 
 

6.  Unemployment Insurance Payroll Tax 

 5/9/2014 27 



  Challenges with Data Sources 

• Diversity of data sources & formats  

• Excel files containing unstructured text 

• Data not available for contiguous years 

• Inconsistent data representations 

• Some metrics composed across multiple sources 

• Data must be transformed to be integrated 

• Sources update data sporadically 

• Data extraction is a complex custom process 

 5/9/2014 28 



Data Cleaning: 
Uniformity & Consistency 

State name 
initials 

Full state 
names 

Numbers with 
signs 

Numbers without 
signs 

Percentages 

Decimals 

5/9/2014 29 



Diversity of Data Sets 

5/9/2014 30 



Explosion of Formats: 
 Tame the Diversity ? 

 
Data 

Source 1 

Data 
Source 2 

… 

Data 
Source N 

Display 
Format 1 

Display 
Format 2 

Display 
Format 3 

Question: How support diversity? 

? 

5/9/2014 31 



     Tame the Diversity: 
Towards a Unified Schema 

Data 
Source 1 

Data 
Source 2 

… 

Data 
Source N 

Unified 
Model 

Display 
Format 1 

Display 
Format 2 

Display 
Format 3 Proposal:  

Unified Schema To the Rescue. 
(diversity, generality, extensibility)   5/9/2014 32 



MATTERS Dashboard: 
Make an Impact on your Community 
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Learn Technologies 

o Framework: 
 

 
o Data stores: 

 
 

o Web charting packages: 
 
 

o Shared development repository: 
 
 

o Shared document management: 
 
 

o Project management:  
 

 
 
 
 

 

4/8/2014 

http://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&docid=3XrqYTG1NDMznM&tbnid=ww4-vfvrz-LIuM:&ved=0CAUQjRw&url=http://www.ohloh.net/p/d3js&ei=KoMFU4qRLIbIsATAo4LACQ&psig=AFQjCNG-1Vh6zkZbWg6zBk8ykvhW7XWLUA&ust=1392956545336317


U M A S S  M e d i c a l  C e n t e r :  
Tr a c k i n g  f o r  I n f e c t i o n  C o n t r o l  

 

With  Di Wang, Prof. Ellison, Mo Liu, Medhabi Ray, etc.  



Data Streams 

Query  
Results 

Data  
Sources 

Real-time Reminder: 
Put on surgical gloves 

Wash your hands before 
touching next patients 

RFID Input 

RFID Input 

RFID Input 

Put on mask for H1N1 
contagious patients 

Aggregate statistics 
for  a hospital 

36 

Health Care Application : Infection Control 

Detect hygiene violations 

Track workers 

Complex Event Analysis:  

Large number of related complex CEP queries 

over stream data at different abstractions  

Patent  filed, EPTS Principles Award, Deploy &  Clinical Trial at UMASS Memorial Hospital 

http://images.google.com/imgres?imgurl=http://www.oracle.com/applications/peoplesoft/crm/ent/images/operational-dashboard.jpg&imgrefurl=http://www.oracle.com/applications/peoplesoft/crm/ent/images/operational-dashboards-screen.html&h=657&w=797&sz=62&hl=en&sig2=rp3aS6d5mvUynq2mQGsWxA&start=54&tbnid=Q_BGqbIM2mluPM:&tbnh=118&tbnw=143&ei=eETDRbjKEa3YwgHk1eS2Dg&prev=/images?q=dashboard&start=40&ndsp=20&svnum=10&hl=en&rls=GGLD,GGLD:2005-07,GGLD:en&sa=N


– Event Stream:  Continuous stream of event instances 

– Sequence patterns:  matched against event stream  
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Time 

PATTERN SEQ(OpRoom1, ! Disinfection Area, OpRoom2)[id] 
 WITHIN  5  minutes  

Complex Event Processing 

Example: 



Q1: SEQ(Contaminated Areas, NOT 
Disinfection Area, Operating Rooms)  

WITHIN1 hour 

Q2: SEQ(Contaminated Areas, NOT D1, Clean 
Rooms, Operating Rooms) 

WITHIN 1 hour 

Q4: SEQ(Contaminated Areas, NOT 
Disinfection Area, Clean Rooms, 

Operating Rooms) 
WITHIN 1 hour 

Q5: Break Rooms, NOT Disinfection Area, 
Clean Rooms, OR 1) 

WITHIN 1 hour 

Q3: SEQ(Contaminated Areas, NOT 
Disinfection Area, OR 1) 

WITHIN1 hour 

Pattern 

Concept 

Concept 
Concept 

Concept Pattern 

 Pattern-drill-down 

 Pattern-roll-up 

 Concept-drill-down 

 Concept-roll-up 
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                 Ecube Hierarchy 



E m o t e x  :  E m o t i o n  D e t e c t i o n  i n  
S o c i a l  a n d  S m a r t p h o n e  S e n s o r s  

  

With  Maryam Hasan, Prof. Agu and others 

Tweets 
#Hashtags 



Textual Sensors: Twitter 
 Microblog tools such as Twitter express their feelings and opinions in the 

form of short text messages.  

 

40 

Emotion Tweets  

Happy • So many weddings coming up how exciting is that 

• Excited to see him in Texas in two weeks 

Relaxed • I feel so at peace right now 

• The sound of rain always puts me to sleep 

Stressed • Presentation? I'm feeling like I'm waiting to get an injection  

• Seriously stressed over this final. 

Depressed • RIP Grandpa, you will be missed. 

• I'm just so #depressed and on the verge of crying 

Objective :  Learn about Emotional State of the Author of a Message. 



Emotional States: Circumplex Model 

Low Pleasure High Pleasure 

High Activation 

Low Activation 

Circumplex model (Posner and Russell 2005).  11 

Unhappy 
Active 

Happy 
Active 

Happy 
Inactive 

Unhappy 
Inactive 



Challenges of Analyzing Microblogs 
 

 
 What are Microblogs : 

• short terse textual messages 
• casual style of expression  
• grammatical and spelling errors 

 
 Examples of Microblogs: 

• I'm soo happyyy I have such wonderful people in my life! 
• Its always a good feeling to know dat the person                     

ur friend has a crush on, actually likes u. 
 

 Challenges: 
• Requires labeled data required for training.  
• Must handle high dimensional and sparse feature vectors 
• Use Twitter #hash-tags as noisy labels 
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13 

Training 

Multi-class 

Classifiers 

Multiclass-
Model 

Test 
Data 

 

Extracted 
Emotions 

Collecting 

Labeled Data Training 
Data 

 

Selecting 

Features 

Feature  
Vectors 

Model of EMOTEX 

Figure 2- Model of EMOTEX 

Task1 

Task3 

Task2 



Data Cleaning 

Resolving  
Conflicts 

Removing  
Hash-tags 

 
Resolves: 
• Hash-tag conflicts  
(e.g. #sleepy #happy) 
• Emoticon conflicts 
(e.g. :))  :-(( ) 
•Tag-Emoticon conflicts 
(e.g. :((  #excited ) 

Removes: 
• Hash-tags from 
the end of 
Tweets 

Replace: 
• Http links with URL,  
• User Names with UID 
(e.g.@Marilyn) 
• Repeated characters 
with two characters          
(e.g. happyyyyy) 

Data 
Cleaning 

17 



Supervised Learning Approach 
 

• Represents each message  by a D-dimensional 

feature vector  :   

              F = (f1, . . . , fD) ∈ RD 

• Mark  each message by a label 

• Train learning algorithm on labeled messages 

 

45 

A. Neviarouskaya, H. Prendinger, and M. Ishizuka. "Affect analysis model: novel rule-based approach to affect sensing from text." 
Natural Language Engineering 17.1 (2011): 95-135. 



Selecting Features 
 

Unigrams +  
Slangs 

Features 

Emoticons Negations Punctuations 

Emotion  
Dictionary 

18 
Figure 4- Feature Selection 



Emoticon Features 

47 

 

Table2- Emoticon Features 



Unigram Features 

 Single Words in our training data such as: 

•  excited, sad, hope, hate,… 

 Problem:  

• Huge number of unigrams in training data 

• Sparse feature vector of each tweet 

 Solution: 

• Using emotional unigrams from Emotion lexicons: LIWC (Linguistic 

Inquiry and Word Count) 

 

James W. Pennebaker, Roger J. Booth, and Martha E. Francis, University of Texas, 2007, 

http://www.liwc.net/ 
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Twitter Data 

87% 

13% 

74% 

26% 

75% 

25% 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Happy Unhappy

Dec 26 - Jan 4

Jan 4 - Jan 8

Jan 8 - Jan 15

Figure 5 - Distribution of the emotions during new year vacation and after it 

200,000 tweets collected before 2014 and after 2014.  
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Results: Classification accuracy of 
SVM, KNN, Naïve Bayes, Decision Tree 

Unigram 
Unigram, 
Emoticon 

Unigram, 
Punctuation 

Unigram, 
Negation 

All 
Features 

SVM 89.86 88.92 89.59 88.97 89.36 

Naïve 
Bayes 

86.27 86.40 86.61 86.91 86.95 

Decision 
Tree 

89.48 89.59 89.72 89.62 89.93 

KNN 90.10 90.07 90.10 90.14 90.13 90.14 

26 

Table 4- Classification accuracy of different methods using different features 



Conclusion  

• Cool Science and Engineering to be done 

• Data-driven projects are here to stay 

• Learn something new – rewarding personally 

• Impactful on community, economy, health… 

 



       Thank you to My Collaborators 

 

Work produced in collaboration with students and colleagues, including Mo Liu, Di Wang, 

Medhabi Ray, Kara Greenfield, Tonje Stolpestad, Dick Ellison,Dan Dougherty, Yingmei Qi, 

Dazhi Zhang, Chetan Gupta, Ismail Ari, Song Wang, Abhay Mehta, Matt Ward,  Di Yang, 

Abhishek Mukherji, Mohamed Eltabakh, Avani Shastri, Mani Murali, Karen Works, Chuan 

Lei, Lei Cao,  Yingmei Qi, Prof. Agu, Maryam Hasan, Ramoza Ashan, Rodica Neamtu, and 

many others…  

 

 

    The credit for the work all goes to them! I am just the messenger! 
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