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2015 JSM Session

Big Data: Modeling, Tools, Analytics, & Training

Organizer: Ivo D. Dinov, Statistics Online Computational Resource (SOCR), Michigan
Moderator/Chair: Robin Jeffries, CSU Chico
Logistics:
o Date/Time: Mon, 8/10/2015, 10:30 AM - 12:20 PM
0 Venue: Washington State Convention Center, CC-606
Session: #211347, Sponsor: Statistical Computing

Ivo D. Dinov

Speakers and Topics

Statistics Online Computational Resource
University of Michigan

o

Ivo Dinov (Michigan), Management, Modeling & Analytic Challenges of Big Biomedical Data
Max Robinson & Gustavo Glusman, ISB ESPALIERS: A visualization method for Big Data
Moo K. Chung (Wisconsin), The computational challenges of constructing and visualizing
large-scale brain networks

Ravi Madduri, Argonne/Chicago, Big Data Services: Globus Online, Galaxy, GridFTP
Barzan Mozafari, Large-scale Data Intensive Systems, Big Data, Interactive Data Processing

oo

oo

http://wiki.socr.umich.edu/index.php/SOCR_Events_JSS_2015
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Domain-specific vs. y
Big Data Resourceome

Basic
Sciences

Big Data Analytics Resourceome
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Big Data Challeng Energy & Life-Span of Big Data
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End-to-end Pipeline Workflow Solutions

Neurodegenerative Disease Applications: Results: AD Imaging-Genetic Biomarker Interactions
Imaging-Genetic Biomarker Interactions in Alzheimer’s Disease

= |dentified associations between neuroimaging phenotypes and
Investigate AD subjects (age 55 — 65) using Neuroimaging Initiative genotypes for the cohort of 36 EO subjects
(ADNI) database to understand early-onset (EO) cognitive impairment

L=DaiEREEEERN dREpE b lomarkers = Overall most significant associations:

= 57718456 (Chr 15) and L_hippocampus (volume)
9 EO-AD and 27 EO-MCI = 157718456 and R_hippocampus (volume)
Derived 15 most impactful neuroimaging markers (out of 336
morPhometry meas_ure.s.) ) _ ; = For the 27 EO-MCI’s, most significant associations
Obtained 20 most significant single nucleotide polymorphisms (SNPs) = rs6446443 (Chr 4, JAKMIP1 janus kinase and microtubule interacting
associated with specific neuroimaging biomarkers (out of 620K SNPs) protein 1 gene) and R_superior_frontal_gyrus (volume)
= 517029131 (Chr 2) and L_Precuneus (volume)
Global Shape Analysis (GSA) Pipeline workflow




Results: AD Imaging-Genetic Biomarker Interactions
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Results: AD Imaging-Genetic Biomarker Interactions
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Results: AD Imaging-Genetic Biomarker Interactions

Data Sets Format and invegrasion.  GENEtic Marker Extraction: PUENK Assodation Study:
adapt to the input requirement of PLUNK

’ Workflow Design

Fisher Exaet Test far each SNP (na35785%)
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Results: AD Imaging-Genetic Biomarker Interactions

SNP-Neuroimaging interactions in Alzheimer’s Disease



Neurodegenerative Disease Applicati
Imaging-Genetic Biomarker Interactions in Alzheimer’s Disease

Investigate AD subjects (age 55 — 65) using
Neuroimaging Initiative (ADNI) database to
understand early-onset (EO) cognitive impairment
using neuroimaging and genetics biomarkers
A Indiatusl 30 brain paiceliatioa B LPRA4O stlas

Generated mean geometric models of the left and
right hippocampi, middle frontal gyri, and the middle
temporal gyri.

Linear model statistical maps, at each vertex on the
triangulated shapes. Dependent variable was the
radial distance morphometry measure (deviation of
individual shape model from mean shape atlas) and
independent regressors including diagnosis, age,
education years, APOE (g4), MMSE, visiting times,
and logical memory (immediate and delayed recall).

Local Shape Analysis (LSA) Pipeline workflow

Neurodegenerative Disease Applications:
Imaging-Genetic Biomarker Interactions in Alzheimer’s Disease
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Neurodegenerative Disease Applications:

Imaging-Genetic
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SOCR Dashboard (Exploratory Big Data Analytics): Data Fusior
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SOCR Big Data Dashboard

SOCR Dashboard (Exploratory Big Data Analytics): Data QC
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Training: Big Data Skills Training: Core Proficiencies

University of Michigan Data Science Training
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