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Research Data

Creation Processing + Analysis Preservation + Sharing Reuse

The research data life cycle 

Test new hypotheses
Reproducibility
More training data (tool dev.)
Save $$$
Generate value



Where does research data go? 

* Hypothetical values

Fate of Research Data Created

Other

Supplementary data
Publications

Research Data



Lab website / Server 

Where does the “other” go? 

Image by Auke Herrema – Het Bouwteam (CC-BY) 



• Funder mandates 
• Publisher mandates  
• University recommendations  
• Communities, working groups, consortia 
• Researchers’ needs

Growing demands in data sharing



Creation Processing + Analysis Reuse

Growth of data sharing in repositories 

Great!  
Can I reuse now? 

Preservation + Sharing

Data



Sharing ≠ Reusable 

• Repositories lack discovery layer across platforms (F) 
• Hard to retrieve data (A) 
• Not machine / human readable (I) 
• Proprietary format (I) 
• Lack good metadata and data standards (R) 
• Size, complexity, quality, and variability of data (R) 

Image by SangyaPundir - Own work, CC BY-SA 
4.0, https://commons.wikimedia.org/w/
index.php?curid=53414062

Creation Processing + Analysis ReusePreservation + Sharing





How can artificial intelligence help to 
reuse data? 



Artificial Intelligence for Data Discovery and Reuse
May 13 -15, 2019
Carnegie Mellon University, Pittsburgh, PA 

An NSF-supported conference 
Co-hosted by Carnegie Mellon University Libraries and Pittsburgh Supercomputing Center 

Event website: https://events.library.cmu.edu/aidr2019/ 
Slides & posters: https://f1000research.com/collections/aidr 

https://events.library.cmu.edu/aidr2019/
https://f1000research.com/collections/aidr


I. AI for data discovery - Findable



Datasets are distributed and hard to search

• Structured data 
• Web (1%*) 
• Repositores  

• Unstructured data  
• Web (99%)  
• Publications 

• Overall discovery layer 
missing

* https://www.bostonwebdesigners.net/news/structured-data-and-local-seo/



Google Dataset Search

Structured data
• Simple keyword search for datasets 
• Searches over embedded metadata 

• Searches over metadata from data providers 
• schema.org data standards (embedded in html) 
• Dataset name, description, provider, temporal coverage, …

http://schema.org


Dates

Identifier

Title

Provider

License

Description



Leveraging structured web data

All metadata curated and indexed are findable in Google Dataset Search 



What about unstructured data?
• Scholarly publications 
• Images 
• Unstructured websites 
• Poor metadata  

Need metadata tagging and data linking first 



II. AI for data curation and metadata 
generation



Keyphrase extraction from scholarly 
documents

Reuse keyphrase:  
Document discovery 
Classification  
Author characterization 
Dataset discovery?  
…

Citation Contexts for Keyphrase Extraction UNT

cited context

cited context

global context

citing context

citing context

citing context

Sim: textually similar
neighbors:

Target document d:

Ctd: the set of cited
contexts for d

Ctg: the set of citing
contexts for d

T = {Ctd,Ctg,Sim,g} represents the types of available contexts for d.

Cornelia Caragea and C. Lee Giles. AIDR 2019.  



Image recognition for archaeological 
research 

With sparse metadata

Large archaeology image data

Need to extract metadata for archiving & 
classification 
 

Claudia Engel & Peter Mangiafico. AIDR 2019. 



III. AI for integrating datasets



Integrating heterogenous data 
sources to predict brain activity  

Build a program that 
understands 
sentences, and 
predicts neural activity 

fMRI

MEG

Other

Large text data
Moderate brain data



Sample scarcity - Integrating 
genomics data for rare diseases 

Model transfer to rare 
diseases data

- Problem: Machine learning model needs many samples;   
rare diseases have few samples. - Solution: Model transfer. 

Gene expression data from 
various public repositories 
(70,603 samples) 

Extract pathway 
patterns

MultiPLIER

PLIER
recount2 

Patterns ctrl vs 
disease



Clinical trials - data augmentation with 
synthetic controls

14Some materials © 2019 Medidata Solutions, Inc.© 2018 Medidata Solutions, Inc. – Proprietary and Confidential 14

Customer’s Uncontrolled Trial 

• Trmt vs Control
• Population 

Characteristics
• Response Rates
• Survival Curves
• Patient Timelines
• Safety Summaries
• Filters for Dynamic 

Subgroup Analyses

13K Studies

3.7M Patients

In / Ex

Standardize

Experimental Patients
Control Patients
Customer’s Experimental 
Treatment Patients

Candidate
Studies

Control 
Patients

Match & 
Compute Results

Medidata
Archive

Medidata’s 1st Synthetic Control Arm (SCA)
Precise data for confident interpretation of uncontrolled trials



IV. The future of scientific data and 
how we work together



Big opportunity in data integration

Data standards / Controlled vocabularies

Need tools

Need an open culture 

“The greatest difficulty in cognitive neuroscience 
is to document every detail of the experiment, 
and to document in a way that computers can 
understand.”



Consensus on how to overcome hurdles
“Machine learning and AI is only the last piece of the puzzle; 
before we get there, we need to first build a healthy data 
ecosystem.” 

“Culture and incentive for data stewardship, and open, non-
proprietary data standards are the key.” 

“If you care about the impact you want to make …, have to care 
about making easy to use tools and fixing the incentives.”



Open access tool development

https://f1000research.com/collections/aidr

https://f1000research.com/collections/aidr


Incentives for data sharing and reuse

https://researchparasite.com/

https://researchparasite.com/


My small contributions: 
• Data curation network - confocal images curation primer 
• Data reuse initiative @ eLife ambassador program - survey for 

(eg. microscopy images) data standards to come!  
Find your small (or big) contributions too! 

Developing community data standards is 
everyone’s job

Confocal Microscopy Data: A Primer for Curators 
Susan Ivey- NC State University
Amy Koshoffer - University of Cincinnati
Gretchen Sneff - Temple University
Huajin Wang - Carnegie Mellon University
Team Mentor - Lisa Johnston - U. Minnesota



Data reuse: work as a community to build a 
healthy data ecosystem

Infrastructure

CommunityTools

Data

Metadata

Community & data curators: 
High quality data standards

Researchers: 
Well documented data 
Shared openly 

Tool developers: 
Open & easy to use tools

Repositories, HPCs, institutions: 
Platform, education, incentives



Thank you!  Tack!
Join us at next AIDR: May 10-12, 2020 

huajinw@cmu.edu   

@HuajinBioLib


