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Division Staff (>50)
• Four branches: Bioinformatics, Biostatistics, R2R and Scientific Computing
• Government Positions (# FTE = 40 plus 9 vacancies)
- Research Scientists, Staff Fellows & Visiting Scientists : 14
- Support Scientists : 22
- Administrative : 4

• ORISE Post Docs and Graduate Students: 11
• Division at-a-glance
– Multidisciplinary
– 40% in research and 60% in support/service
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Division Overview and Missions
Research

Artificial
Intelligence
Endocrine
Disruptors

Precision
Medicine

Rare Disease
Genomics

Drug Safety

• To conduct integrative bioinformatics and
biostatistics research to support FDA’s
mission of improving the safety and efficacy
of FDA-regulated products.

Support
• To ensure that the division’s activities relate
to FDA’s review process, our linkages with
product centers continue to be strengthened,
and our capabilities evolve to meet the
current and future needs of FDA.

CDER

ORA

NCTR
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Support/Service at NCTR
• Legacy activities: a part of center-wide infrastructure and investment
– Working with on-site OMIT staff (12 FTEs) to take care of IT infrastructure and
related support: Computer Center (135 servers, PB of data storage, HPC cluster)

• Bioinformatics specific support: Establish data analysis environment, manage
commercial and in-house software tools, and conduct training courses
– Manage HPC for big data analytics
– Next-generation sequencing (NGS) data: implement Galaxy platform and manage
CLC Genomics Workbench
– Offer annual hands-on training to use these tools (collaborated with OSC)
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Collaborations within NCTR
• Selected cross-division collaborations:
–
–
–

NeuroTox: 2 projects on sequencing data analysis
DGMT: 1 project on sequencing data analysis
DBT: 3 projects, two on text mining to support monograph review and 1 for genomics data analysis

• Develop FDALabel to manage the FDA drug labeling data to support drug review and regulatory
application
–
–

Led by NCTR/OSC, developed by DBB, and expert consultant from DSB
Partner with CDER (Led by CDER/OTS/OCS)
•
•
•

–

OCS (co-operating with NCTR) for collecting requirements from reviewers, provide training and user support
http://inside.fda.gov:9003/CDER/OfficeofTranslationalSciences/OfficeofComputationalScience/ucm449277.htm
OND (Drug Labeling Expert): Recommended as a drug review tool
http://inside.fda.gov:9003/CDER/OfficeofNewDrugs/ImmediateOffice/LabelingDevelopmentTeam/ucm025576.htm
Communicating with OGD and OPQ of CDER as well as CBER and CVM

FDA resource for public
•
•

https://www.fda.gov/science-research/bioinformatics-tools/fdalabel-full-text-search-drug-labeling
https://www.fda.gov/drugs/development-resources/labeling-information-drug-products

5

Collaboration with CDER
• Completed Projects in 2019:
–
–

Breakthrough Therapy Designation (BTD) system (CDER/OND)
Text mining study of OND regulatory documents (Meeting Minutes) (CDER/OND)

• On-Going Projects:
–
–
–

Support DASH (Data Analysis Search Host) Tool (CDER/OTS)
Develop IND Smart Template to standardize the IND data submission and management (CDER/OCS)
Risk Evaluation and Mitigation Strategy (REMS) (CDER Office of Communication)

• New Project: Develop Safety Policy Research Team (SPRT) system (CDER/OND)
–
–
–
–

Establish a post-market safety database that will facilitate systematic analyses of post-market safety actions,
policies, and outcomes
Leverage information from existing databases/spreadsheets that have been developed to evaluate postmarket drug safety issues
Safety information in SPRT will be linked to associated data in DASH
Natural Language Processing of regulatory documents will be used to help populate SPRT
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Collaboration with ORA
• Prototyping Automated Laboratory Information System (ALIS)
– Near completion: the module for salmonella testing
•
•
•

On-site demo to the ORA labs here and at New York
Remote demo to other ORA sites
Discussion for production

– Pesticide detecting module: on-going and estimated to complete by the end of FY20

• Two artificial intelligence (AI) centric projects:
– Deep learning for image analysis of identification of storage pests fragments contaminating
food product
– Machine learning of mass spectrometer data for identification of persistent organic
pollutants (Chief Scientists Challenge Grant project)
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DBB Research Priorities and
Accomplishments
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Accomplishment #1: Genomics
• MicroArray and Sequencing Quality Control (MAQC/SEQC): An FDA-led consortium effort
to assess technical performance and application of emerging technologies for safety
evaluation and clinical application
– Started in 2005 and completed 3 projects by 2014 with ~30 publications

• On-going (Fourth project): Sequencing Quality Control Phase 2 (SEQC2)
– Area #1: Cancer genomics using whole genome sequencing
•
•

One paper is tentatively accepted, conditional on the acceptance of the other one which is under review, both
are with Nat Biotechnol
Additional 2 papers will be submitted by FY20

– Area #2: Cancer genomics using target gene sequencing - 4 papers are scheduled for submission in
FY20
– Area #3: Reproducibility of whole genome sequencing - 2 papers are scheduled for submission in FY20
– Area #4: Epigenomics – 2 papers in queue for submission
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Accomplishment #2: Drug-Induced
Liver Injury (DILI)
• Background:
– About 50% drugs fail in clinical settings due to DILI not being detected by preclinical models
– Alternative methodologies, particularly these high-throughput methods such as in vitro and
in silico approaches can play a role in detecting human DILI
– Most of these methods rely on a large list of drugs with known human DILI
– One of the key components of Liver Toxicity Knowledge Base (LTKB) is to produce such a list
to evaluate alternative methodologies

• Drug lists with known human DILI from LTKB:
– 2011: Benchmark DILI dataset – around 280 drugs were classified based on FDA drug
labeling documents (published in DDT)
– 2016: DILIrank – >700 drugs were annotated with causality assessment (Published in DDT)
– 2019: DILIst – around 1300 drugs were classified (in press, DDT)
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Big Data Analytics and Artificial Intelligence (AI)
- AI Research Force (AIRForce)
•

DeepReviewer: An AI framework to
support regulatory review process (ongoing)

•

Genomics Biomarkers for DILI: A
crowdsourcing project with CAMDA
(Accomplishment #3)

•

AI Challenge project: collaborating with
PrecisionFDA (on-going)

Artificial
Intelligence (AI)

Machine
Learning (ML)

Deep
Learning
(DL)
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DeepReviewer
• Challenges in review process
– Difficulty in accessing historical knowledge
due to turn-over
– Rapid access to relevant knowledge
(internal and external)
– Maintaining the institutional memory

• Development of an AI framework to assist
review process
– Help access both public documents and
regulatory-related documents at FDA
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Proof-of-Concept: Safety Assessment
How we learn:

Pre-K

University
Elementary
High school
Learn how to speak Common knowledge Specialized knowledge

Specialized learning based on ~280K
articles from ~100 tox journals

Information Retrieval: the activity of
obtaining information system resources that
are relevant to an information need from a
collection of those resources
Text Summarization: Text summarization
refers to the technique of shortening long
pieces of text to create coherent and fluent
main points outlined in the document.
Questioning & Answering: Given a question
and a set of candidate answers, answer
selection is the task of identifying which
candidate answers the question correctly.
Sentiment Analysis: refers to the use of NLP
to systematically identify, extract, quantify, and
study affective states and subjective
information
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Example 1: Common vs. Specialized Knowledge
Query “liver”

Query “acetaminophen”

Learn from
Google web

Learn from
Tox journals

Learn from
Google Web

Learn from
Tox journals

kidney (0.739)

hepatic (0.716)

Ibuprofen (0.658)

APAP (0.773)

pancreas (0.723)

kidney (0.683)

Acetaminophen (0.649)

paracetamol (0.709)

kidneys (0.717)

pancreas (0.553)

NSAID (0.642)

AAP (0.661)

livers (0.656)

lung (0.516)

Decongestants (0.640)

bromobenzene (0.603)

lung (0.639)

tissue (0.509)

pain_relievers (0.630)

hydroxyacetanilide (0.594)

bone_marrow (0.621)

hepatocellular (0.503)

Paracetamol (0.624)

overdosed (0.571)

internal_organs (0.617)

hepatocytes (0.503)

NSAIDs (0.623)

galactosamine (0.570)

intestine (0.607)

spleen (0.499)

Dextromethorphan (0.622)

ALF (0.563)

liver_kidneys (0.603)

testis (0.482)

Acetominophen (0.620)

amap (0.553)

liver_disease (0.599)

intestine (0.478)

Tylenol_acetaminophen
(0.617)

diclofenac (0.535)
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Example 2: Basic vs. Advanced Algorithms
Query “liver”

Query “acetaminophen”
Word2vec

FastText

APAP (0.773)

aminophenazone (0.770)

paracetamol (0.709)

paracetamol (0.760)

AAP (0.661)

propacetamol (0.730)

bromobenzene (0.603)

acetamidophenol (0.729)

hydroxyacetanilide (0.594)

acetamide (0.720)

hepatocellular (0.503)

overdosed (0.571)

aminophenazine (0.717)

internal_organs (0.617)

hepatocytes (0.503)

galactosamine (0.570)

bisacetamide (0.717)

intestine (0.607)

spleen (0.499)

ALF (0.563)

thioacetamide (0.711)

liver_kidneys (0.603)

testis (0.482)

amap (0.553)

acetamido (0.709)

liver_disease (0.599)

intestine (0.478)

diclofenac (0.535)

aminophenol (0.707)

Learn from
Google web

Learn from
Tox journals

kidney (0.739)

hepatic (0.716)

pancreas (0.723)

kidney (0.683)

kidneys (0.717)

pancreas (0.553)

livers (0.656)

lung (0.516)

lung (0.639)

tissue (0.509)

bone_marrow (0.621)
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MAQC Consortium Projects (2005 – 2014)
Artificial
Intelligence (AI)

Machine
Learning (ML)

Deep
Learning
(DL)

• Evaluated machine learning for gene
expression based predictive models and
biomarkers
• Unresolved questions
– Data size
• More samples and a better model, but how much is
enough
• Do more features lead to a better model?

– Do sophisticated methods offer opportunities,
e.g., deep learning?

MAQC-II, Nat Biotechnol (2010)
Wang et al. Nat Biotechnol (2014)
Su et al. Genome Biology (2014)
Zhang et al. Genome Biology (2015) 16

Accomplishment #3: cMAP Drug Safety
Challenge
• 2018: Led a CAMDA Challenge for AI/ML to predict DILI with
genomics data
– CAMDA = Critical Assessment of Massive Data Analysis (established
in 2000), is a platform to evaluate big data analytics using a
crowdsourcing challenge mechanism
– Participants: 11 teams from nine countries
– Observations: Deep Learning outperforms conventional machine
learning methods, however, we need to
• Have large datasets to confirm this finding
• Examine its generalization, particularly for clinical application
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Collaborating with PrecisionFDA on AI Challenge
- Assessing AL/DL for biomarker development (planning stage)
• Office of Health Informatics of Office of Chief Scientist (OCS) established
PrecisionFDA in 2105 with a focus on
– Development of standards and tools of Next Generation Sequencing and omics technologies
– Helping advance regulatory science by running scientific Challenges with cross-Center
participation

• OCS/OHI has conducted several PrecisionFDA challenges:
– The CFSAN Pathogen Detection Challenge
– The CDRH Biothreat Challenge
– The NCI-CPTAC Multi-omics Enabled Sample Mislabeling Correction Challenge

• Has 4000+ registered users
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Future Directions
• Research:
– To continually develop big data analytics, particularly in the area of AI for
FDA data (e.g., DeepReviewer and DeepLabel)
– To study computational reproducibility
– To investigate real-world data as real-world evidence to support FDA
missions such as electronic health records (EHRs) data
– To evaluate alternative methodologies for predicting drug safety such as DILI

• Support:
– Increase data analysis support such as imaging and NGS data
– Further improve collaborations with other Centers
19
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Feedback Requested
• Recruiting/filling vacancies:
• On-going effort: bringing students from the local universities via ORISE, and
converting them if qualified
• Using social media such as LinkedIn
• Other mechanisms?

• Working with Electronic Health Records (EHRs):
– We are working with VA EHRs, many challenges and costly
– We are looking into MIMIC and NHANES
– Other datasets?
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