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Discoveries, broad societal impact, are driven from data…

These didn’t merely spring forth from an algorithm… 
   Tremendous high-quality data were used to train these models

ChatGPTAlphaFold

Deep learning model predicts molecular structure 
and interactions with unprecedented accuracy. Uses 
in drug design to benefit human health treatments.

Large language model able to mimic human 
conversation and adept at a wide range of natural 
language tasks. Enabling an array of AI assistants.

AlphaFold was trained on 
170,000+ protein structure 
models from open databases, 
notably the Protein Data Bank 
(PDB) dating back five decades.

GPT trained on proprietary 
training data set widely 

believed to depend critically on 
Wikipedia content that has 

been authored and edited for 
over two decades.



Information Sciences 
Institute

Yet there is a lack of usable data “out there”…

“The first thing we’ve learned is the importance of having outstanding 
data to base your ML on. In our own shop, we’ve been working on a few 
big projects and we’ve had to spend most of the time just cleaning the 
data sets before you can even run the algorithm. That’s taken us years 

just to clean the datasets. I think people underestimate how little clean 
data there is out there, and how hard it is to clean and link the data.”

Vas Narasimhan, CEO Novartis
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How do we get the “Data” in “Data Science”???

• Despite the tremendous interest 
in “data science” many projects 
fail, often related to data:

– 80% of time spent on accessing, 
cleaning, integrating data

– Scarcity of data sharing

– 10% reproducibility of data

– Recent high-profile retractions in 
COVID-19 research, for example.
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It takes a (data) village…

• Individuals or single labs cannot unilaterally create the 
data resources necessary to drive wide societal impact

• Data-centric communities needed to produce the scale of 
data to unlock innovation for broad societal impact

• Yet, data handling skills are often lacking, compute and 
algorithms often chased first, and stewardship later

• Finally, there is an element of serendipity… no one 
creating PDB or Wikipedia decades ago would have 
envisioned their usage in deep learning models

Opportunities for eScience to play a greater role in data-centric discovery -- 
socialize and train data scientists on stewardship of data and best practices in usage of data



An example from Craniofacial Research

To serve as the trusted online data resource for 
dental, oral, and craniofacial (DOC) researchers 
worldwide

DOC community is comprised of:

• Basic researchers

• Clinicians

• Clinician scientists

• Public health researchers

• Commercial applications

• Trainees

• Patient advocates Established in 2009

facebase.org



In service of improving human health…

Sagittal synostosis Bi-coronal synostosisMetopic synostosis

A B C D E F

Tooth development as a model to study 
the role of nerves in organogenesis 

Craniosynostosis involves premature fusion of the cranial sutures

Cleft Lip and 
Cleft Lip/Palate

And many “rare” 
diseases without 
known genetic 
determinants

Fried and Gibbs, The Dental Pulp, 2014

Johnson and Wilkie, Eur J Hum Genet, 2011; Sidoti et al., Plast. Reconst. Surg.,1996; Boulet et al., Am J Med Genet A, 
2008; Twigg and Wilkie, Am J Hum Genet, 2015; Stanton et al., Dis Model Mech, 2022

Mayo Clinic, 2024



Empowers FAIR Data Usage…

1. Find: consistent labeling leads to 
accurate filtering to find data of interest

2. Access: detailed descriptions with 
well organized details on experiments 
and biological characteristics

3. Interop and Reuse: many paths for 
online visualization or download for 
offline analysis
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This Photo by Unknown Author is licensed under CC BY-SA-NC

X

We “partner” with the community

• Steering Committee: frequent 
(bi-weekly+) meetings with 
government sponsors, oversight, 
direction

• Advisory Committee: annual+ 
meetings with diverse group on 
strategic, scientific direction

• Users: events throughout year, 
UX research, usability input

• Consortia: partnering with 
complementary projects

FaceBase 3

Data 
Coordinating 
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Coordination & 
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Biological 
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Data 
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& Operations

Scientific 
Advisory 

Group

NIDCR 
Staff
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Working 
Groups

Craniofacial 
Researchers

Partnering keeps us grounded in the problems this scientific community faces and the key 
innovations in discovery and therapy

http://www.ezekiels.co.uk/eylan/wanted_school_provider/
https://creativecommons.org/licenses/by-nc-sa/3.0/


Problem solved…?

Bwr?????

0.2982?????

data.csv?????

?????

The “Generalist Repository” approach offers little in the way of support for generating “FAIR” data

Generalist Repository



Information Sciences 
Institute

Let the data curators do it?

However…

• Data volumes growing rapidly

• New scientific methods and 
instruments impose changes

• Data (bio)curators stretched thin

• Funding for curation won’t keep 
pace with data growth

• Process is slow, often requires 
lots of iteration

Typical approach: “Toss it over the fence” and let curators sort it out

Specialist Repository

FAIR data



Addressing the gaps in the data sharing ecosystem…

“Generalist” Repositories

PRO: Highly detailed descriptive 
information; High quality data

CON: Narrow focus; High cost of 
biocuration

PRO: All types of data and 
science; Highly scalable

CON: Minimal structure for data 
reuse; Quality concerns

“Specialist” Repositories

“Hybrid” 
Repositories

Addresses Gaps: Flexibility to 
adapt to new species and 
assays, with descriptive 

information for reusability; 
“Self-serve” data curation to 
guide scientists to produce 

quality (meta)data.

ScholarSphere
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Engaging the community

PROVIDE
Domain-agnostic, User-friendly platform;

 Tailored to the needs of the DOC research community

INCLUDE
User-driven design and user-in-the-loop development 

(i.e., usability studies, working groups)

SOCIALIZE
Participate in key community outreach events 
(i.e., conferences, user symposiums)

MOTIVATE
Both “push” and “pull” forms of motivation; 
i.e., a combination of incentives and mandates

TRAIN
Year-round training events 
(bootcamps, office hours, 1-on-1, online)

GUIDE
Rather than DIY or do-it-for-them, we guide 
the self-service curation
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Provide: intuitive tools to simplify data sharing

Researchers have submitted their own datasets with 100s to 1000s of files, usually in a few days

(1) Dynamically-generated forms and views based 
on database model

(2) Graphical desktop applications that 
map to the database model

(3) Command-line, Python and Web services interfaces for integrating with analytics and other services (not pictured)
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Guide: assist but 
don’t do it for them

• Socializing, Training, 
Documentation, 
Bootcamps, 1-on-1, 
Screensharing,…
and Quality Control

• …yet effort remains 
shifted to community

Quality Control “Dashboard” Integrated into Project Pages

Automated QC 
Issue Flagging



Oft cited risks associated with ML in Science
➢ Biases inherited from data skew
➢ Lack of transparency in model training
➢ Failure to properly validate model performance
➢ Scarcity of clean data for training models

Reproducible ML pipeline:
❖ Integrated with FaceBase
❖ Use free and low-cost Google Colab service
❖ Use ML-accelerated VM on AWS Cloud
❖ Automatically generates train/validate/test splits
❖ Catalogs all operations to ensure reproducibility

Fig. Example on Google Colab

Li et al., eScience, 2024

Reproducible AI/ML (upcoming)



Evidence of a thriving community…

Serves a worldwide community:
>50% US + significant international traffic

1100+ Datasets and growing

• 60~ contributing projects

• 890+ mouse, 80+ human, 120+ 
zebrafish, 2 chimpanzee, 1 chick

• Imaging, sequencing, 
and other experiment types 

• 45,000+ images (open access)

• 22,000+ (human) images/scans

• 7,400+ sequencing & track files

Total number of publications: 230+

Avg. Yearly Usage

• 775 registered users

• 16,000+ visitors

• 62,000+ page views

• 15,000+ downloads

• 12,000+ image views

• 330,000+ track views



Recent 5-Years of Strong Data Sharing

Continued strong contributions from 
the community even after the 

transition from hub-spoke to open 
community model

*FB3: >2019 (Aug)
FB2: 2014-19
FB1: < 2014

* * *

**



Recent 5-Years of Strong Data Reuse

 

     

      

      

      

      

                              

                           

                     

 

      

      

      

      

       

                              

                

                     

 

     

      

      

      

      

      

      

      

      

                              

              

                     

 

     

      

      

      

      

      

      

      

                               

                            

                     

 

      

       

       

       

       

       

       

       

       

                              

                              

                     

Overall positive trendlines across online data reuse and downloads over the past 5 years (>5y ago, 1K/y downloads)

>5y ago
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Beyond basic research… clinical and commercial use cases

✓ Eyewear – industrial grade eyewear/helmets, require precise fit

✓Masks – during COVID pandemic, fitted masks for children

✓ Patient counseling – pre-/post-operative severity score (CranioRate)

✓ Cosmetic surgery – inform the planning of surgical procedures

✓ Rare disease – requires ‘creative’ search for information

✓ML models – predictions from models trained on GWAS data

✓ Public health – underrepresented populations, health disparities

• References for clinicians – e.g., atlases for specific syndromes

• Clinical genetics – craniofacial relevance of genes & variants

• Facial scans apps – automated syndrome/phenotype identification

Note: controlled access data requires formal request & approval
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Conclusions

• Data availability is the major gating factor for modern scientific 
discovery and societal impact from data science

• It will take data-centric communities (data villages) to create the scale of 
data, often without clear prediction of how it will get used some day

• Partner with the community – rather than DIY or do-it-for-them

• Engage actively through domain science venues, “guiding”, socializing, 
training in better data stewardship and usage

• We have shown in FaceBase how we have partnered with and engaged 
our community, demonstrating a thriving community over 5, 10, + years
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