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2The Age of (Big) Data



3What is Big Data?

 Big data is a popular term used to describe the 
large, diverse, complex and/or longitudinal 
datasets generated from a variety of instruments, 
sensors and/or computer-based transactions.1

1 National Science Foundation. Core Techniques and Technologies for Advancing Big Data Science & Engineering (BIGDATA) 
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767. Last accessed 8/9/2013.

http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767


4What is Big Data?

 Big data is a popular term used to describe the 
large, diverse, complex and/or longitudinal 
datasets generated from a variety of instruments, 
sensors and/or computer-based transactions.1

1 National Science Foundation. Core Techniques and Technologies for Advancing Big Data Science & Engineering (BIGDATA) 
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767. Last accessed 8/9/2013.

Worldwide Search Trends

http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767


5What is Big Data?

 Big data is a popular term used to describe the 
large, diverse, complex and/or longitudinal 
datasets generated from a variety of instruments, 
sensors and/or computer-based transactions.1

1 National Science Foundation. Core Techniques and Technologies for Advancing Big Data Science & Engineering (BIGDATA) 
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767. Last accessed 8/9/2013.

Chilean Search Trends

http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767


6What is Big Data? – The 3 Vs

 The term big data refers not only to the size or 
volume of data, but also to the variety of data 
and the velocity or speed of data accrual.1

1 National Science Foundation. http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767. Last accessed 8/9/2013.
2 Hyundai’s Alabama Plant Image is from http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-

Double-Down/ . Last accessed 8/9/2013.

http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.nsf.gov/funding/pgm_summ.jsp?pims_id=504767
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/
http://www.businessalabama.com/Business-Alabama/March-2011/Hyundai-Could-Double-Down/


7What is Big Data? – Beyond the 3 Vs

 The volume, variety and velocity of data 
distinguish big data from other types of data.

Other V’s important to big data problems are:
• Veracity Trustworthiness of the data

• Value Added value to creating knowledge in a topic

 Both veracity and value relate to data quality

The Fraudulent 
tweet from the 

hacked AP account

An instant drop in 
the DOW Jones 

industrial average



8What are Data Science/ Data Analytics?



9Acquiring Data ≠ New Knowledge about System

Deming (Out of the Crisis, P.106): “Information, no 
matter how complete and speedy, is not knowledge. 
Knowledge has temporal spread. Knowledge comes 
from theory. Without theory, there is no way to use 

the information that comes to us on the instant.”

“More information ought to be useful, but only if 
companies can interpret it. And workers are already 
overloaded: 62% of them say that the quality of what 

they do is hampered because they cannot make 
sense of the data they already have …” The Economist



10Research Overview – From data to decisions via 
analytics, statistical learning and process modeling

Observed Measured Variable Quality Monitoring

Multivariate SPC

f(x)

Profile Monitoring

g(x)

System Diagnosis 

and/or Prognosis

 

0 10 20 30 40 50 60
-0.5

0

0.5

1

1.5

2

2.5

3
x 10

12 Modified Hotelling Multivariate Control Chart

M
od

ifi
ed

 S
ta

tis
itc

 V
al

ue

Sample

Healthy Fail 1 Fail 2 Fail 3 Fail 4 Fail 5 Fail 6

Modified Hotelling Multivariate Control Chart

M
o
d

if
ie

d
 S

ta
ti
s
ti
c
 V

a
lu

e

Figure 1 Modified Hotelling T2 statistic chart for detecting assembly 

fixture failure 
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11Developing Knowledge or Data-based System 
Models to Improve the Decision Making Process
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12Recent Research Sponsors



13Application Domains

• Variation Visualization and 
UnderstandingManufacturing

• Time-Series AnalysisPublic Policy

• Predicting Heart Transplant 
SuccessSurgical Care

• Detecting Disease Outbreak 
(Future Work for the Group)Public Health



14Problem Description

A major US auto plant provided us with a dataset of 
1000 vehicles, which had these characteristics*:
• 100% sampling was performed at 27 locations using CMMs

• 39 measurements (deviations from nominal) per vehicle

Objective: Assist in understanding process variation 
and identifying areas for quality improvement

* Due to proprietary issues, the original data values, such as the number and location of sample 
points (black spheres in above figure), and the sample data have been slightly modified



15Our Framework for Visualization of Such Data

Our method utilizes the strengths of PCA with the 
power of visualization tools (using VRML). 

 It consists of : 1) Data preparation, 2) Data analysis 
and variation identification, and 3) Variation 
understanding through CAD visualization



16Results and Significance – Immediate Results

Wells, L.J., Megahed, F.M., Camelio, J.A., Woodall, W.H., 2012, “A Framework for Variation Visualization and 
Understanding in Complex Manufacturing Systems”, Journal of Intelligent Manufacturing, 23 (5), pp. 2025-2036



17Results and Significance – Extensions of Work

Development of a Quality Visualization Toolkit (QVT) for 
Manufacturers – QVT Deployed in 2 AL Manufacturers

Smith, H.*, Megahed, F. M., Jones-Famer, L.A., Clark, M. 2014, “Using Visual Data Mining to Enhance the Simple 
Tools in Statistical Process Control: A Case Study”, Quality and Reliability Engineering International, to appear.



18Results and Significance – Extensions2

Student researchers spun out a company to assist local industry

http://www.consolidateddatasolutions.com/



19Application Domains

• Variation Visualization and 
UnderstandingManufacturing

• Time-Series AnalysisPublic Policy

• Predicting Heart Transplant 
SuccessSurgical Care

• Detecting Disease Outbreak 
(Future Work for the Group)Public Health



20Understanding Traffic Patters for Trucking Safety



21Results and Significance – Immediate Results

Tsai, Y-T.*, Smith, H.*, Swartz, S.M., Megahed, F.M., 2014, “Using Visual Analytics to Enhance the Understanding of Occupational 
Safety Data”, Submitted for Publication.

1) Development of a Quality Visualization Toolkit (QVT) –
QVT Deployed in 2 AL Manufacturers

2) Quantifying Seasonality through Data-Driven Methods 
for Inclusion in Statistical Models that can Assess the 

Impact of Public Policy on Truck Accidents.



22Application Domains

• Variation Visualization and 
UnderstandingManufacturing

• Time-Series AnalysisPublic Policy

• Predicting Heart Transplant 
SuccessSurgical Care

• Detecting Disease Outbreak 
(Future Work for the Group)Public Health
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24Background and Motivation

A heart transplant is a surgery done on 
patients who have end-stage heart failure, 
where a diseased heart is replaced a healthy 
heart from a deceased donor. 1

 Statistics on Heart Transplantations:
• In the US, approximately 3,000 patients are on the 

waiting list on any given day.2

• Only, 2200 heart transplants occur annually with the 
following survival rates:1, 2

 88 % survive more than 1 year
 75 % survive more than 5 years
 56 % survive for more than 10 years

1. National Heart, Blood and Lung Institute (2012). What is a heart transplant? http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
2. National Heart, Blood and Lung Institute (2012). What To Expect Before a Heart Transplant 

http://www.nhlbi.nih.gov/health//dci/Diseases/ht/ht_before.html

http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
http://www.nhlbi.nih.gov/health/health-topics/topics/ht/
http://www.nhlbi.nih.gov/health/dci/Diseases/ht/ht_before.html


25Research Objective and Contributions

 Research Goal: Identify which variables 
contribute to the outcome of heart 
transplants through a data-based approach.

 Contributions:

• Isolate the pre-operative variables affecting 
the short, medium and long-term 
survivability of heart transplant patients

• Determine how these factors differ based 
on survival time

• Is it possible to group these variables 
whose effect change over time ?



26The Dataset

A large, nationwide dataset obtained from United 
Network for Organ Sharing (UNOS), including 
~43,000 patients and 437 variables.

Donor Related:

Age, gender, ABO, 
medical history, etc.

Patient Related:

Age, gender, ABO, 
medical history, etc.

Recipient 
functional status 
at transplant, if 

recipient is on life 
support, chronic 

steroid use at 
transplant, etc.

Graft status,  and 
graft survival 

time

Preoperative Intraoperative Postoperative



27The Graphical Representation of the  Methodology



28Results and Significance – Straight from Models
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CRT.S 0.68   ± 0.02 0.666   ± 0.023 0.634   ± 0.062 0.671   ± 0.032

CRT.U 0.655  ± 0.026 0.627   ± 0.036 0.638   ± 0.059 0.626   ± 0.045

NN.S 0.705   ± 0.025 0.751   ± 0.017 0.596   ± 0.031 0.773   ± 0.020

NN.U 0.700  ± 0.052 0.633   ± 0.017 0.734   ± 0.054 0.618   ± 0.014

LR.S 0.720   ± 0.039 0.673   ± 0.012 0.653   ± 0.044 0.676   ± 0.015

LR.U 0.701   ± 0.032 0.655   ± 0.009 0.622   ± 0.041 0.660   ± 0.011

SVM.S 0.708   ± 0.040 0.724   ± 0.011 0.586   ± 0.027 0.744   ± 0.012

SVM.U 0.699   ± 0.028 0.592   ± 0.010 0.680   ± 0.046 0.580   ± 0.011
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CRT.S 0.733   ± 0.027 0.713   ± 0.019 0.678   ± 0.032 0.734   ± 0.028

CRT.U 0.728   ± 0.022 0.675   ± 0.016 0.673   ± 0.060 0.678   ± 0.036

NN.S 0.759   ± 0.018 0.715   ± 0.018 0.683   ± 0.029 0.730   ± 0.022

NN.U 0.731  ± 0.026 0.649   ± 0.020 0.688   ± 0.050 0.628   ± 0.023

LR.S 0.762   ± 0.022 0.727   ± 0.026 0.645   ± 0.034 0.774   ± 0.034

LR.U 0.758   ± 0.025 0.682   ± 0.014 0.667   ± 0.051 0.692   ± 0.029

SVM.S 0.774   ± 0.017 0.758   ± 0.015 0.600   ± 0.024 0.846   ± 0.020

SVM.U 0.753   ± 0.027 0.664   ± 0.019 0.702   ± 0.049 0.643   ± 0.034
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CRT.S 0.839   ± 0.017 0.763   ± 0.010 0.799 ± 0.020 0.676   ± 0.316

CRT.U 0.821   ± 0.021 0.741   ± 0.018 0.680   ± 0.028 0.881   ± 0.025

NN.S 0.845   ± 0.020 0.778   ± 0.021 0.831   ± 0.015 0.653   ± 0.045

NN.U 0.822  ± 0.026 0.750   ± 0.016 0.720   ± 0.018 0.818   ± 0.050

LR.S 0.862   ± 0.019 0.774   ± 0.018 0.789   ± 0.020 0.740   ± 0.046

LR.U 0.846   ± 0.027 0.740   ± 0.014 0.649   ± 0.017 0.948   ± 0.020

SVM.S 0.865   ± 0.024 0.801   ± 0.019 0.894   ± 0.027 0.600   ± 0.015

SVM.U 0.856   ± 0.024 0.752   ± 0.022 0.713   ± 0.022 0.843   ± 0.047



29Results and Significance – What do they Mean?

Dag, A.*, Megahed, F. M., Oztekin, A., Chen, Y., Yucel, A., 2014, “Identifying Predictor Variables for the 
Success of Heart Transplants”, European Journal of Operations Research (Under review).



30Application Domains

• Variation Visualization and 
UnderstandingManufacturing

• Time-Series AnalysisPublic Policy

• Predicting Heart Transplant 
SuccessSurgical Care

• Detecting Disease Outbreak 
(Future Work for the Group)Public Health
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Marketing
Distribution
Warehousing
Optimize Stocking
Predict vs. Respond
Increase sales
Reduce Costs

Objectives
1

Twitter
Facebook
Google
HealthMap
FluNearYou
CDC/WHO
Sales/Inventory 
Data

Data Sources
2

Optimization
Clustering
Surveillance
Data management
Other methods

How?
3

Applied analytics to 
many industries
Healthcare logistics, 
distribution
Social media data 
mining

Previous Work
4

Auburn University
UCF
Miami at Ohio
Auburn Pharmacy 
Auburn Software

Our Network
5



32Data Sources

 Twitter

Google – Trends & Plus

 Facebook

Wikipedia

 FluNearYou

 CDC/WHO

AthenaHealth

Others



33Objectives/Ideas

Apply tool to marketing -
retweet based on location
• Increased sales

Distribution/Warehousing
• Optimize locations & timing

Optimization of Stocking 
Levels
• Minimize under/over stocking

 Predict vs. Respond
• Based on aggregate data



34Data Sources – Cross Validation

Having multiple data sources work in tandem 
is necessary.



35Data Analytics Opportunities for IEs in the Past



36Current and Future Opportunities
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