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1. The increasing complexity of data
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Complex data: the four V’s

Data at Scale

Terabytes to
petabytes of data

0’
Data in Many Forms

tructured, unstructured, te»
multimedia
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Data in Motion

Analysis of streaming data
To enable decisions within
Fractions of a second.
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Data Uncertainty

Managing the reliability and
Predictability of inherently
Imprecise data types.
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growing Volume
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E 107,000 videos/sec
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data source Uncertainty
iPhone GPS error:  8m
e-survey resp. rate: 25%

% not trusting data: 33%

http://lwww.slideshare.net/ibmsveri

ge/building-confidence-in-big-data
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Information explosion
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http://www.umtri.umich.edu/content/rr_45_2.pdf http://www.sca.isr.umich.edu/

http://blogs.cdc.gov/

UM Health System:
15 years and >4.91M
unique patient records
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Electronic Health Records
(UMHS)

Lab of Stephen S. Smith | http://blackrim.org
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S. Smith -Ecol&EvolBio
>2-3 million species
over 3.5 Billion years

Open Tree of Life
(UMLSA)

Trans. Res. Institute
>1 petabyte cts data
from >9000 vehicles
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Electronic Sensor Data
(UMTRI)

http://socialmedia.umich.edu/

School of Information
>1 petabyte cts Twitter
feed data
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Social Media Feeds
(UMSI)

United States

UM Institute for Social Res
>7000 digital social science
data sets
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MNBER Business Cycle — University of Michigan Consumer Expectations Index

Domestic Retail Sales [c.0.p. 1 year]
Sover
Economic/Financial Data
(UMISR)

CVPR A2D Actor Action Dataset

Jason Corso -EECS

# 4000 videos with a total i
§ 2.5M frames .
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Annotated Images/Videos
(UMENG)



CSU ISTeC 2016 Alfred Hero, Univ. Michigan

Information explosion

Ward,MIDAS 2016 Brown, Xiao, Graham, Balzano, AGU 2015 Lipor, Balzano. Kerkez. Scavia. Allerton 2015
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(UM MED) (UM CoE) (UM SNRE)
Hero, BMC Bioinformatiocs 2015 http:/Aww. cdc.gov/luiweekly S. Murphy MIDAS 2016
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Information explosion

Materials Science
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Cambridge Structural Database

Multiscale multiphysics
Materials Genome Initiative
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Social Media Growth 2006-2012
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10,000,000,000,000,000 =

Bases per day per machine
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Information explosion

Gene sequencing
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Abecasis, Nature 2015

www.futuretimeline.net

1 0 0 0 G E N O M ES A rich profile of genetic diversity
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Information explosion: open source software

Contributing Packages to R/Bioconductor
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https://www.oreilly.com/ideas/2015-data-science-salary-survey

Software packages are improving year-to-year

* Faster computation and better memory management
e Better package curation and interoperability

* More data diagnostics and data cleaning features

* More reliable data analysis and data visualization


https://www.oreilly.com/ideas/2015-data-science-salary-survey
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Handling data at scale

first this... ...then this.

Image from Joshua Bloom, UC Berkeley
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2. Data science: the new science of complex data
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How is explosion being addressed?

Data science

e Data collection

e What is ultimate value of a data source to end-user?
e How best to fuse data from diverse sources?

* Data management

* How best to efficiently store, annotate and protect the data?

* How best to verify provenance/veracity of data?

e Data Analysis

* How best to process and analyze complex data?

* How best to summarize and visualize complex data?

e How to automate data-to-decision pipeline?
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Data science epistemology

* Principles for turning complex data into insights and decisions

 Methods for data collection, mining, management, and analysis

Q4
L
Complex - N
Data
Re I eva nt Pascal Van Hentenryk, Dept IOE Univ of Michigan

information Insights  Decisions  Validation
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The Data Mining Pipeline in 1995

http://www.aaai.org/aitopics/assets/PDF/AIMag17-03-2-article.pdf
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N \ Transformed
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Preprocessed Data Data
Tan,ct Date
Data sources All data Data is Data is Algorithms are Processing not
are centralized Is stored homogeneous  structured primitive by designed for

locally and small as simple list today’s standard Decision making



CSU ISTeC 2016 Alfred Hero, Univ. Michigan

The Data Mining Pipeline in 2016 and Beyond
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3. Foundational principles and algorithms
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New methods and algorithms for complex data

Visualization of Complex Data —networked single-user and collaborative visualization of
massive multi-modality datasets.

Machine Learning-enabled Analytical Tools —Machine learning methods such as anomaly
detection, dictionary learning, reinforcement learning, similarity learning, and transfer learning
must be scalable to massive data scales.

Temporal, Multi-Scale and Statistical Models — Mathematical, computational and
statistical models are needed to integrate multimodal data collected at many different time
and length scales.

Integration of Heterogeneous Data —Integration of numerical data, symbolic data,
structured data, and streaming data at various stages of the analysis pipeline.

Data Preparation, Annotation and Provenance Tracking — Automation of data preparation
steps such as normalization, calibration, outlier treatment, and annotation.

Data Privacy and Cybersecurity — The tradeoffs between data privacy/security and data
utility must be understood in the context of the specific application, e.g., medicine,
transportation, or business analytics, throughout the data storage, management, and analysis
pipeline.
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Requires collaboration across disciplines

Mathematics:
Data as a matrix

Applied topology
Harmonic analysis
Convex optimization
Num. linear algebra
Applied probability

Computer Science:

Data as a list/graph

Natural language proc.
Graph theory
Algorithms
Database indexing
Machine learning

\ Random matrix theory
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Statistics:

Data as a random sample
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Handling missing data
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Robust procedures
Experimental design
Multivariate analysis

Graphical models
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Requires collaboration across disciplines

Alfred Hero, Univ. Michigan

Information Science

Data as an interface

-

Human Computer
Interaction (HCI)
Data sharing and reuse
Process and workflow
Data curation

~

Engineering
Data2Decision
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Comm. & info. theory
Signal processing
Sensors and control
Operations engineering

Real-time computing
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Physics
Data as natural
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4. Focus area: graph mining
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5. Conclusions
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Conclusions

* Information Explosion: Big Data methods of knowledge
discovery are transforming all academic disciplines

* Educational Transformation: Digital data and information are
transforming teaching, learning, and knowledge creation

* Societal Demands: New technical, social, and political solutions
are required to address emerging privacy and security issues

* Needs of Industry and Social Sectors: A new class of knowledge
worker — the data science trained domain specialist

* Cloud and Mobile Solutions: Data Science Services and
infrastructures that are modern, adaptable, and cost-effective



