Greater Data Science Cooperative (GDSC)
Cornell University & University of Rochester TRIPODS

gdsc.cornell.edu

- Pls: - Topological Data Analysis
- David S. Matteson (Stat, CU) - Data Representation
- Mujdat Cetin (EE, UR) - Network & Graph Learning
- Decisions, Control & Dynamic Learning
- CoPls: - Diverse & Complex Modalities
- Aaron Wagner (EE, CU) - COVID-19 working group

- Alex losevich (Math, UR)
- Daniel Gildea (T-CS, UR)
- Daniel Stefankovic (T-CS, UR)

- Research Studios and Workshops
- Machine Learning in Medicine (Virtual) Seminars
- Machine Learning in Medicine 2020 Symposium

- David Bindel (T-CS, CU) - Rochester (Area) Data Science Consortium

- Gennady Samorodnitsky (Math, CU) . Healthcare Data Science Modules

- Tongtong Wu (Stat, UR) - Research Experiences for Undergraduates (virtual)
- Qing Zhao (EE, CU) - New Journal: Data Science in Science

- Collaboration with other HDR institutes
« PRISM for Transdisciplinary Systemic Risk (sites.google.com/view/prism-prj)
« Atomic Level Structural Dynamics in Catalysts (alsdcgroup.wordpress.com)

MISSION: Motivated by today’s greatest foundational data science challenges
arising in medicine, healthcare, and beyond, our vision is to develop a
mathematical foundation that integrates trans-disciplinary perspectives and
enables application that can ultimately benefit everyone worldwide.

- Contact: matteson@cornell.edu


http://gdsc.cornell.edu/
https://www.tandfonline.com/action/journalInformation?show=aimsScope&journalCode=udss20
http://sites.google.com/view/prism-prj
http://alsdcgroup.wordpress.com/

Cornell University

MISSION

Motivated by today s greatest foundational data
science challenges arising in medicine, healthcare,
and beyond, our vision is to develop a mathematical
foundation that integrates trans-disciplinary
perspectives and enables applications that can
ultimately benefit everyone worldwide.

Research Focus

(i) Topological Data Analysis. The challenges that high-
dimensional, incomplete, and noisy data present are
great, but in many applications, exploiting the
topological nature of the problem is possible. GDSC
aims to develop new fundamental methods and
theory to rigorously explore the promise of this unique
approach.

(ii) Data Representation. Data compression,
embeddings, and dimension reduction play a
fundamental role in data science. Inspired by new core
challenges in biomedical imaging, genomics, and
neural-spike training data, GDSC aims to develop novel
source models and distortion measures, and
ultimately seek a unifying theoretical framework
across domains and disciplines.

(iii) Network & Graph Learning. Many of the
fundamental challenges in applying data science to
non-homogeneous populations are best explored
through a network or graph structure. GDSC aims to
develop new techniques for parameter-dependent
eigenvalue problems in spectral community detection,
density-estimation methods on networks, and a
theoretical framework for time-varying graphical
models to study dynamic variable relations in time-
evolving networks.

(iv) Decisions, Control & Dynamic Learning.
Sequential decisions are high-stakes in medicine. GDSC
aims to utilize systems and control-engineering
methods to improve health and disease management
and develop new foundational theories and methods
for label-efficient active learning and dynamic
treatment regimes.

(v) Diverse & Complex Modalities. Big data is complex
data, and major new innovations are needed. GDSC
aims to develop theoretical frameworks for inference
under computational and privacy constraints and for
high-dimensional data without parametric model
assumptions. Text, image, and audio data present
further challenges. To address such challenges, GDSC
aims to explore transition systems for graph parsing of
natural language and new fusion approaches for fully
multimodal-analysis.
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COVID-19 Working Grou

Wagner, A. B., Hill, E. L., Ryan, S. E., Sun, Z., Deng, G., Bhadane,
S., Martinez, V. H., Wu, P., Li, D., Anand, A., Acharya, J., &
Matteson, D. S. (2020). Social distancing merely stabilized COVID-
19 in the US. Stat (International Statistical Institute), e302.
Advance online publication. https://doi.org/10.1002/sta4.302
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GDSC: Machine Learning in Medicine

Machine Learning in Medicine (Virtual)
Seminars
Monthly Series
Recruiting Speakers
28 MACHINE

LEARNING IN
MEDICINE

a virtual seminar series

Machine Learning in Medicine 2021
SymposIiums:
Virtual symposium in January 2021
In-person symposium in Oct/Nov 2021
@ Welll Cornell Medicine

GDSC: Grad for All 2020 & 2021

July 19—August 13, 2021

Tripods NSF REU
STEM for All

Learn and research neural networks,
the computational framework that
imitates the human brain.

Empower & inspire all interested students
from Western New York area to pursue
advanced degrees.

Targeting traditionally under-represented
STEM groups.

Advising, information, skills and training
needed to succeed in graduate school,
academic careers, and industry.

Coursework, Research and Mentoring.

Year 1 program simplified demographic
breakdown: 8 Women, 2 Hispanics, 1 African-
American, 7 Cornell, 6 UR, 1 Geneseo CC, 1
Rochester Institute of Technology.

https://web.math.rochester.edu/people/faculty/iosevich/ste
mforall2020.html
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Additional GDSC Activities

Postdoctoral Researchers and Graduate
Students

Research Workshops
Annual research conferences (SciML in 2021)

Annual GDSC research “studio”
MLIM++

REU: Grad for All (Summers)
Rochester (Area) Data Science Consortium
Healthcare Data Science Modules

Teach-the-Teacher: High School Data Science
Outreach

Rotating Research Short Course

CAMSAP’19 tutorial: Connecting The Dots:
ldentifying Network Structure Of Complex
Data Via Graph Signal Processing

University Rochester Goergen Institute for
Data Science

Cornell Center for Data Science for Enterprise
& Society.
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Drift vs Shift: Decoupling Trends & Changepoint Analysis
David S. Matteson, with Haoxuan Peter Wu & Sean Ryan

Cornell University (TRIPODS w/URochester) & the National Institute of Statistical Sciences (NISS)

Introduction ABCO Model ABCO Applications Decoupling Simulations
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e Outliers violate common Gaussian noise assumptions.

e Heterogeneity leads to over-prediction of changepoints.
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