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e |ntroduction

e Usingthe Portable Format for Biomedical data (PFB) and the Data Library in the
Biodata Catalyst Ecosystem to host and export multi-modal data from Gen3 to
Terra and Seven Bridges - Kyle Burton, CTDS, University of Chicago

e Enabling collaborative environmental health research using ToxDataCommons -
Rance Nault, Michigan State University

e Usingthe Task Execution Service (TES) in Gen3 for biological applications -
Pauline Ribeyre and Aarti Venkat, CTDS, University of Chicago

e Toward Al-ready data commons: from computable data standards to
interoperable Al models - Jing Su, Indiana University
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Using the Portable Format for Biomedical data (PFB)
and the Data Library in the Biodata Catalyst
Ecosystem to host and export multi-modal data
from Gen3 to Terra and Seven Bridges

Kyle Burton, CTDS, University of Chicago



NHLBI BioData Catalyst (BDC)
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Launched in 2018, BDC is a cloud-based
ecosystem that offers researchers data,
analytic tools, applications, and workflows in
secure workspaces.

Gen3 provides APIs for data queries and
download, and providing cloud-based analysis
workspaces by Velsera and Terra with rich
tools and resources.
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Portable Format for Bioinformatics (PFB) GEN
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Allows users to transfer the data, data model, and pointers to files in
one package.

Data can be transferred while keeping the structure from the original
source.

Consists of three parts:

1. Schema - Describes the propertiesin a JSON Data dictionary.

2. Metadata - Explains the links between nodes for each of the
properties

3. Data - Values for the properties



PFB in BDC - Gen3 Exploration GEN
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Cohort builder for export and dynamic summary statistics display:
- Search facets leveraging harmonized variables.

Standardized Cohort Handoff support to move cohort to analysis workspaces
in Broad’s Terra system or Velsera’s Seven Bridges system

BioData [¥.\V.\A 1D (e = @ = ®

National Heart, Lung,
and Blood Institute

pOV\/e red by G en 3 Discovery Dictionary Exploration Data Library Profile
. @ Explorer Filters | Data Tools | Summary Statistics | Table of Records
Data File
Filters Export to Seven Bridges Export All to Terra (7 [* Exportto PFB ¥
Harmonized Variables
S, =
Project | Subject Subjects Projects
Collapse all
1,130,330 287

Fasting Lipids Q



PFB in BDC - Past Observations GEN
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1. PFBs are generated dynamically for every handoff today

a. Many researchers prefer handing off an entire study / studies

2.  We have many new datasets with different types of data comingin
a. The Gen3 Data Model can be expanded to include new searchable terms (this takes time)

3. The Gen3 Discovery Page provides source of truth dataset-level metadata, but Ul
PREVIOUSLY didn’t support selection of datasets

If we improved 1,2,3: Researchers would have less friction in finding and getting data
they’re interested in handed off to analysis. Plus, we’d be able to provide more timely

release of data.



PFB in BDC - Whole Study PFBs GEN
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Gen3 BDC Data Ingestion Pipeline creates Whole Study PFBs for each study in BDC,
accessible by Gen3 Discovery and the Gen3 User Data Library.

Whole Study PFBs contain data for the entire study.

Whole Study PFBs data dictionary can be independent of the deployed Gen3 Data
Dictionary

Whole-Study PFBs are available for transfer immediately.



PFB in BDC - Gen3 Discovery
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Whole Study PFBs are availablein |, 45777 [cm ——
BDC at Gen3 Discovery

Oselected  Select/create a list to save to v
NUMBER OF DBGAP ACCESSION DATA
STUDY NAME FULL NAME RELEASED Y Vv
SUBJECTS NUMBER AVAILABILITY
FHS_HMB-IRB-MDS_ Framingham Cohort 13070 phs000007.v31.p12.c1 Yes a8

Discovery to add the study’s PFBs

“See Grouping of Eramingham Phenotype Datasets Startup of Framingham Heart Study. Cardiovascular disease (CVD) is the leading cause of death and serious illness in the United States. In 1948, the
Framingham Heart Study (FHS) - under the direction of the National Heart Institute (now known as the National Heart, Lung, and Blood Institute, NHLBI) -- embarked on a novel and ambitious project n..

to their Data Librar e B
y FHS_HMB-IRB-NPU-MDS_ Framingham Cohort 2079 ph5000007.v31.p12.c2 Yes &

"See Grouping of Frz
Framingham Heart Study (FHS) - under the direction of the National Heart Institute (now known as the National Heart, Lung, and Blood Institute, NHLBI) -- embarked on a novel and ambitious project ...

ingham Phenotype Datasets Startup of Framingham Heart Study. Cardiovascular disease (CVD) is the leading cause of death and serious illness in the United States. In 1948, the

Parent | | DCC Harmonized clmicawmnmypc'\ dbGaP

. .
Eramingham Heart Study (FHS) Eramingham Heart Stud
Gen3 Discovery also consists of —— Sy pemaga w6
Imaging (FHS) Imaging
The Framingham Heart Study (FHS) is a population-based, observational cohort study initiated in 1948 to prospectively investigate the determinants of cardiovascular disease to guide public health
t d l l F I d t D O I f t h prevention. The FHS began by recruiting an Original Cohort of 5,209 men and women between the ages of 30 and 62 from the town of Framingham, Massachusetts, who had not yet developed overt.
studay leve HIR ata, orthe
dat t, and other public

metadata.




Gen3 User Data Library - BDC
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Allows users to create lists of datasets.
- Lists contain whole study PFBs from Discovery

Lists are persisted across sessions.
- Researchers can always reference the datasets used in
analysis

List items can be handed off to analysis platforms

- InBDC, these are Broad’s Terra and Velsera’s Seven Bridges.

- In Gen 3.2, support for export to PFB is expected in June.
- Extendable to any analysis platform or workspace that
supports PFB parsing.

B =z | BioData [INTYREN & =) = ©)

Powered by Gen3 p ion | Di y | Dicti y Datalibrary  Profile

B - Framinghamel 2

NAME =

v Framinghamc2 2

CREATED: May-1-202517:08:22 « UPDATED: Apr-28-2025 09:47:24 T

D % # FILES ¢

phs000007.v31.pl2.cl 2

DESCRIPTION =
Harmonized clinical data and subject-level sample file pointers. Harmonized to BDC's (

Preharmonized files provided by the BioData Catalyst Data Management Core (DMC)

CREATED: May-1-202517:08:31 « UPDATED: Apr-28-2025 09:47:24 [}



Gen3 User Data Library - Analysis Handoff GEN
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- Users export whole study PFBs to Seven Bridges or Terra, where they are parsed
and data is organized into data frames
- Files within the PFB that are accessible through GA4GH DRS are also pulled into

their workspaces.
- Example: CRAM, BAI, etc. files are available for workflows within these respective analysis systems.
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Benefits to Whole Study PFBs GEN
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1. Available for transferimmediately
a. No need to dynamically generate PFBs, reducing time and compute costs.
2. Reduces data model constraint on data ingestion
3. Supports other data types before data model adjustments
a. Datacan be harmonized to other Gen3 DDs, rather than updating the data common’s dictionary
4, Datais made available sooner
a. Data submitters can provide their own Gen3 DD representing their data.
5. Better data provenance, easier versioning and archiving in the future
a. Asstudies update, the previous whole study PFBs can be archived
6. Flexibility to support multi-model datasets going forward



Links and Documentation GEN
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e Gen3 UserData Library
o Backend service, providing an API for users to manage lists
o https://github.com/uc-cdis/gen3-user-data-library

e Gen3 Frontend Framework

o  Provides the user interface for a Gen3 data commons, including the data library
o https://github.com/uc-cdis/gen3-frontend-framework

e Pypfb

o Used to create Whole Study PFBs in BDC

o  https://github.com/uc-cdis/pypfb

o  Available in gen3sdk: https://pypi.org/project/gen3/
e Moreinformation about PFBs in BDC

o https://bdcatalyst.gitbook.io/biodata-catalyst-documentation/written-documentation/explore-avai
lable-data/gen3-discovering-data/pfb-files



https://github.com/uc-cdis/gen3-user-data-library?tab=readme-ov-file#gen3-user-data-library
https://github.com/uc-cdis/gen3-frontend-framework
https://github.com/uc-cdis/pypfb
https://pypi.org/project/gen3/
https://bdcatalyst.gitbook.io/biodata-catalyst-documentation/written-documentation/explore-available-data/gen3-discovering-data/pfb-files
https://bdcatalyst.gitbook.io/biodata-catalyst-documentation/written-documentation/explore-available-data/gen3-discovering-data/pfb-files
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Enabling collaborative environmental health
research using ToxDataCommons

Rance Nault, Michigan State University



G MICHIGAN STATE UNIVERSITY

Enabling collaborative environmental
health research using
ToxDataCommons

Gen3 Community Forum

Rance Nault
Department of Pharmacology & Toxicology, Institute for Integrative Toxicology
Michigan State University



G MICHIGAN STATE UNIVERSITY

MSU SUPERFUND RESEARCH CENTER

Community SRP provides practical, scientific
En%igs,i?riﬂt& B'°med‘°a' solutions to protect health, the

: I Research ) iy
ranslation environment, and communities.

The MSU SRC is focused on the

Training ‘~~ ] )
' Ea . environmental contaminants that
= nviron Sci & i
‘ Engineering activate the aryl hydrocarbon

receptor.

Data
Science https://iit.msu.edu/centers/superfund/



https://iit.msu.edu/centers/superfund/

G MICHIGAN STATE UNIVERSITY

MSU SUPERFUND RESEARCH CENTER

Eggg?nt:;i]?& SRP required Multiproject Center
Hesaarch .‘ ggg‘;g';a' applicants to include a Data
Trarsiation Management and Analysis Core

(DMAC) to support the
management and integration of
data assets. The DMACs are
intended to foster and enable the
interoperability of data across the
Center’s projects and cores to
accelerate the impact of the
Center's research.

‘ Science




G MICHIGAN STATE UNIVERSITY

STATUS OF EHS DATA SHARING

Thousands of datasets are available through public
databases and repositories

(
d ' ToxRefDB

NCBI D R Y A D ‘ C t d Chemical Effects in | Io ssssssss

flgshare

How many can be considered FAIR?
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Nault, R., et al. (2023). Environmental health perspectives. https://doi.org/10.1289/EHP11484



G MICHIGAN STATE UNIVERSITY

DEVELOPMENT OF ToxDATACOMMONS

Motivated by a critical gap in EHS data sharing but
leveraged to accelerate collaborative research

Tox Data Harmonizer | Documentation | Login 2]

Tox Data Commons

uperfund
Research Center

Q 3;_; 3@8 Q ||||

Discovery Dictionary Exploration Query Example Analyses Profile

20



G MICHIGAN STATE UNIVERSITY

DEVELOPMENT OF ToxDATACOMMONS

Motivated by a critical gap in EHS data sharing but
leveraged to accelerate collaborative research

Tox Data Harmonizer | Documentation | Login 2]

Tox Data Commons

Discovery Dictionary Exploration Query Example Analyses Profile

uperfund
Research Center

21



G MICHIGAN STATE UNIVERSITY

COLLABORATIVE RESEARCH APPLICATIONS

Developing use cases that can be run anywhere

TDC Gross Pathology Visualization IN-HOUSE TDC Metabolism-based graph neural
network analysis
This Jupyter notebook presents a use case for the MSU
toxdatacommons to plot basic endpoints such as H PCC

body weight, food consumption, and terminal

endpoints. CLUSTER
Not public
yet

ICER

22



STANDARDIZED WORKFLOW

r‘\ MICHIGAN STATE UNIVERSITY

N12

© o N o e w N -

=3

Template based
=:8submissions

gen3 ¥ & &
File Edit View Insert Format Data Tools Exten

Q 6 ¢ & § 100% v ¥ % 0 09 123

A B Cc

study_submitter_ii = | euthanasia_date euthanasia_method eutil
PRJ139 v

PRJ139
PRJ139
PRJ139
PRJ139
PRJ139
PRJ139
PRJ139
PRJ139
PRJ139

Study-based
Data Selection

Filters

Study Properties Y Treatments W

Collapse all

Submitter Id
Sex Q
L 367
female 164
Strain Q
C57BL/6NCrl 453

E’ Downloads

METADATA

Batch dataset

> gen3-client
download-multiple \
--profile=ToxDC \
--manifest=manifest.json \
--download-path=downloads

Finished
downloads/63af95d3-98c3-4d6d-a
6be-26398dbfc1d9 6723044 /
6723044 bytes (100%)

23



CASE 1: INTEGRATING GROSS PATHOLOGY

Datasets were generated in at least 3
independent studies with several measured
endpoints (weights, pathology, gene
expression, ...).

Can we identify informative patterns about chemical
toxicity by integrating these studies?

G MICHIGAN STATE UNIVERSITY

Time

Dose (Chemical X)




G MICHIGAN STATE UNIVERSITY

CASE 1: INTEGRATING GROSS PATHOLOGY

Dynamic time warping analysis of daily body Metadata annotation reveals
weights of each subject. clustering
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G MICHIGAN STATE UNIVERSITY

CASE 1: INTEGRATING GROSS PATHOLOGY

Dynamic Time Warping analysis of daily body
weights of each subject.

Component 2

Metadata annotation reveals
clustering

0.10

0.08

0.06

0.04

VReIative Liver Weight

-2

Component 1

Relative liver weight (sample)

0.00

5 10

DTW Distance to Control
26



G MICHIGAN STATE UNIVERSITY

CASE 2: METABOLIC REACTION GNN

Hrecount3
Ce

o e ;‘1"’ vyerrrreereee e
’ 0.9 | ol
0.8 . 4l o 4[*“\“"‘(\\"\'- *).‘-\“.W""""’N‘M\'W“
N ”_\.»\,\‘«‘!." " L
g 0.7 rw_ﬂfl'r'w g i __‘u,-ww«-aw..m.
3 0.6 [ _\,./“""'w — Resnet 2V (0.99)
[} y - - GNM (0.93}
<05 [ 7~ Rewirzc Network (0.6357)
7 —— Summat on | 1
0.4 f —— Shuffled )eaturss (0.2 775)
0.3 ‘.“ —— ShufMed Targets (0.20491) |
T
02 ' , ) i . _
0 100 200 300 400 500
input layer hidden layer 1 hidden layer 2 output layer Epoch
Only ~4% of samples were
Metabolism is well suited for used, a significant portion
raph neural network icai GNN training strategy originally described in:
g P excluded due to missing Burkhart, J. G, et al., (2023).

approaches metadata https://doi.org/10.1016/j.patter.2023.100758




G MICHIGAN STATE UNIVERSITY

CASE 2: METABOLIC REACTION GNN

Predicted Dose (pg/kg)

Study datasets are processed through
standardized workflow and GNN model

30
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003 ®
01@
03 @

10@
300

Identify metabolic reactions which are not

N
RS

found using more traditional methods.

O

“Transfer of SUMO1 from E1 to UBE2I

(UBC9)” is a reaction predictive of treatment

group

28



G MICHIGAN STATE UNIVERSITY

SUMMARY: GEN3 ENABLES COLLABORATION

[l

Standardizing metadata plays a crucial role in advancing collaborative science

29



G MICHIGAN STATE UNIVERSITY

FUTURE DIRECTION

 Containerization of analyses to support reproducibility across
HPCC/Cloud resources.

* Develop and automate novel multi-model Al/ML tools.
(gross pathology, histopathology, transcriptomic, clinical chemistry, ...)

* Implement the tools and resources in a scalable manner beyond
the MSU Superfund Research Program (especially metadata
collection tool)

30
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Using the GA4GH Task Execution Service (TES) in
Gen3 for biological applications

Pauline Ribeyre and Aarti Venkat, CTDS,
University of Chicago



Typical use cases for biological research and discovery EN
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« Bioinformatics or data science workflows (nextflow, or other workflow language)
RNASeq, Variant calling, Copy number inference, Methylation and others
- Training and testing Al/ML models for prediction or classification task
- Federated learning applications
« Data
- Small batch of data locally for testing and development
- Remote, S3 bucket
« Bring your own data
« Data from a data commons
« Containers
Single or multiple for each workflow
E.g. fastqc, salmon, deepvariant etc



Typical use cases for biological research and discovery EN

DATA COMMONS

« Bioinformatics or data science workflows (nextflow, or other workflow language)
RNASeq, Variant calling, Copy number inference, Methylation and others
- Training and testing Al/ML models for prediction or classification task
- Federated learning applications
« Data
- Small batch of data locally for testing and development
- Remote, S3 bucket
« Bring your own data
« Data from a data commons
« Containers
Single or multiple for each workflow
E.g. fastqc, salmon, deepvariant etc

We are building a mechanism to run containerized workflows in Gen3 in a secure,
isolated and scalable manner



Our previous proof-of-concept solution (v1) GEN

r------------------‘

Direct Pay AW

Gen3 production ' Gl '

account : '

O Y jupyter Network '

E]—» : notebook Firewall '
click on launches launches

workspace workspace | nextflow J AWS Batch/Nextflow '

—>1 workflow VPC 1

Security architecture,

o)

) ) | Workspace VPC =
isolation and hooks for s IAM Policies | | - " "
for ser-specific
nextflow and AWS Batch ; S S3 Bucket 8

vl solution enabled launching workflows from a JupyterLab notebook in Gen3 workspace



Overview of steps

GEN

Run a user-developed nextflow workflow with container (v1) oxscoumons

Containers are run in FedRAMP moderate environment with security compliance

Locally build and

test container using |T———)
a Dockerfile

\

Request credentials

from Gen3 to push

container to Gen3
staging

/

v1 deployed in the Biomedical Research Hub (BRH) data mesh

https: / /brh.data-commons.org/

/" Get container )
security-scanned
and approved by
Gen3 and receive

\_ container URl  /

ﬂ

Manually launch
nextflow workflow
using approved
container URI




BRH workspace
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< [ 25 brh.data-commons.org/workspace aQ W o

Documentation Email Support Cite BRH @uchicago.edu @ Logout

-+, Biomedical Research Hub ) ! 2
> Powered by GEN, Discovery Workspace  Example Analysis Profile
V' Account Information

Account Workspace Account Manager [ Total Charges (USD) Spending Limit (USD)

\ 0.00 225.00

C) To analyze all data to which you have access, please authorize external data resources in the Profile page.

(Beta) Nextflow with CPU (Beta) Nextflow with GPU (Generic) Jupyter Lab Notebook (Tutorials) Example Analysis
instances instances with R Kernel Jupyter Notebooks
4.0CPU, 10Gi memory 4.0CPU, 10Gi memory 2.0CPU, 8Gi memory 2.0CPU, 8Gi memory




Launch workflow from JupyterLab notebook

DATA COMMONS

23 brhstaging.data-commons.org/workspace w o Relaunch to update &

> Account Information

File Edit View Run Kernel Tabs Settings Help

%) [ +] b s C & nextflow-welcome.html X #| chip.ipynb X | @ jovyan@:~/pd v [a u‘
— - B+ XTOMF » m C » Code v ~ Openin... ¥ Python 3 (ipykernel) O
Filter files by name
O ’ eey ° 2 executor > awsbatch (2) 2
™ /pd/ [a9/9c9b2d] process > identify_chip_variants (1) [ 0%] @ of 2
— Name - Last Modified executor > awsbatch (2)
= W chip_data 17 hours ago [a9/9c9b2d] process > identify_chip_variants (1) [ %] @ of 2
@8 chip_results 1 minute ago executor > awsbatch (2)
* B sdk_data 14 days ago [1b/d6412f] process > identify_chip_variants (2) [ 50%] 1 of 2
7 chip_template.ipynb 19 hours ago executor > awsbatch (2)
oA chip.ipynb 3 minutes ago [1b/d6412f] process > identify_chip_variants (2) [ 50%] 1 of 2
O main.nf S minates ago executor > awsbatch (2)
A midrc_gpu_batch_test.... 14 days ago [a9/9c9b2d] process > identify_chip_variants (1) [100%] 2 of 2 v~
D) nextflow.config 5 minutes ago Complt‘ated at: 21-Mar-2024 22:03:56
Duration : 3m 11s
CPU hours : (a few seconds)
Succeeded : 2
Simple 1 @M 1 @ Python 3 (ipykernel) | Idle Mode: Command @ Ln1,Col17 chipipynb 1 [\

Fullscreen <



Launch workflow from JupyterLab notebook
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23 brhstaging.data-commons.org/workspace w o Relaunch to update &

> Account Information

File Edit View Run Kernel Tabs Settings Help

%) [ +] b s C & nextflow-welcome.html X #| chip.ipynb X | @ jovyan@:~/pd v [a u‘
— - B+ XTOMF » m C » Code v ~ Openin... ¥ Python 3 (ipykernel) O
Filter files by name
O ’ eey ° 2 executor > awsbatch (2) 2
™ /pd/ [a9/9c9b2d] process > identify_chip_variants (1) [ 0%] @ of 2
— Name - Last Modified executor > awsbatch (2)
= W chip_data 17 hours ago [a9/9c9b2d] process > identify_chip_variants (1) [ %] @ of 2
@8 chip_results 1 minute ago executor > awsbatch (2)
* B sdk_data 14 days ago [1b/d6412f] process > identify_chip_variants (2) [ 50%] 1 of 2
7 chip_template.ipynb 19 hours ago executor > awsbatch (2)
oA chip.ipynb 3 minutes ago [1b/d6412f] process > identify_chip_variants (2) [ 50%] 1 of 2
O main.nf S minates ago executor > awsbatch (2)
A midrc_gpu_batch_test.... 14 days ago [a9/9c9b2d] process > identify_chip_variants (1) [100%] 2 of 2 v~
D) nextflow.config 5 minutes ago Complt‘ated at: 21-Mar-2024 22:03:56
Duration : 3m 11s
CPU hours : (a few seconds)
Succeeded : 2
Simple 1 @M 1 @ Python 3 (ipykernel) | Idle Mode: Command @ Ln1,Col17 chipipynb 1 [\

Fullscreen <

Low throughput submission and testing, limited to AWS Batch, cost tracking with direct pay



Current focus (v2) GEN

Programmatic submission of workflows using TES API DRA COMMONS

THEME ARTICLE: CONVERGED COMPUTING: A BEST-OF-BOTH
WORLDS OF HPC AND CLOUD

The GA4GH Task Execution Application
Programming Interface: Enabling Easy
Multicloud Task Execution

Alexander Kanitz ‘, University of Basel, 4056, Basel, Switzerland

Matthew H. McLoughlin ‘. Microsoft Research and Al, Redmond, WA, 98052, USA
Liam Beckman ., Oregon Health and Science University, Portland, OR, 97239, USA
The GA4GH Cloud Workstream

Venkat S. Malladi ®, Microsoft Research and Al, Redmond, WA, 98052, USA

Kyle Elirott ., Oregon Health and Science University, Portland, OR, 97239, USA

https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=10564576



Overview of steps to run a user-developed workflow GEN

container
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Containers are run in FedRAMP moderate environment with security compliance

Locally build and
test container using
a Dockerfile

—

\

Request credentials

from Gen3 to push

container to Gen3
staging

/

/" Get container )
security-scanned
and approved by
Gen3 and receive

\_ container URl  /

ﬂ

Programmatically

submit jobs using TES
API




Architecture
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User

run and
manage tasks

run workflow see user's Docker images,

manage tasks,

download outputs
translate Nextflow
workflow to a set e S
of TES tasks 2 o\
TES Backend: Funnel Nextflow Soeul N
. . Client " 15 ) \ (TBD) ;
o TOOI fO r d IStrl b Uted store task inputs, ] ExeCLEor i \\\ e
. o I s
task execution '/ e = S, L i o e i i, -
< R IO A
* Developedbythe o oo Tes spmen ] |+ s
O rego n H ea lt h & bucket Gen3 Workflow Task API APls

Science University

fetch task inputs,
store task outputs

(MongoDB,
Postgres...)

create a job per TES task

l

| s . A

| Funnel worker Funnel worker

| pod «——create. ) job

<——"sfore task inputs, Ee o Other
ANS l create. K d
EBS | fetch task outputs workers an
volume 4\7\‘\_5_77 Funnel Funnel executors
| fetch task inputs, executor pod | create. | executor job
: store task outputs — L —

|
[ \__~ run task
|

Kubernetes



Architecture

Gen3 S3 endpoint

e Theuserandthe
Funnel worker
authenticate with Gen3
One S3 bucket per user

e Abstracts AWS
credentials away from
the user and the
Funnel worker

User

run workflow run and
manage tasks

see user's Docker images,
manage tasks,

Postgres...)

G o
[ Plugin

Funnel worker

K configure with
******* ) Gen3 S3creds (-,

download outputs
translate Nextflow
workflow to a set i, L0

of TES tasks i \\
Nextflow /oGul
Client r TES | \ (TBD)

interact with S3 | Executor | N P

through the Gen3 API: L e o
store task inputs, -
fetch task outputs e e RS e e S S s, e [ v i
— N
I
( ¥ 3
\OZ*******f ***** B (T e SRS Gen3
Per-user . S3endpoint j | _GAGHTESendpoints g | authN/authz
AWS S3 APIs
bucket Gen3 Workflow Task API
A S

interact with S3 Funnel

through the Gen3 API: Funnel TES

fetch task inputs, database [<*—* e

store task outputs (MoHgobE,

create a job per TES task

Funnel wo

pod < create

fetch task inﬁﬁ?W executor pod |<——create
| store task outputs

| k, run task
I

(N e ,
AWS | store task inputs, VQ\ i
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Nextflow and GA4GH TES demo

¥ gen3wf-pauline-planx-pla-n @ demo wt.png ( [ N J bruno

s 7 @ bruno © Gen3
%% us-east-1.console.aws.amazon.com/s3/buckets/gen3wf-pauline-planx-pla-net w
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2] Q @ @ United States (N. Virginia) v https.//pauline.planx-pla.net/workflows/storage/info

gen3wf-pauline-planx-pla-net-16
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Objects Metadata Properties Permissions Metrics Managem Access Points

Objects (0

Create folder T Upload

Send Request

New Request

Objects are the fundamental entities stored in Amazon S$3. You can us ntory [ to get a list of all objects In your bucket.
For others to access your objects, you'll need to explicitly grant them permissions. Learn mo

2 Edit Environments
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Last modified v | v | Storage class

No objects

(7 upload

) CloudShell  Feedback Privacy  Terms  Cookle prefere

Web Services, inc. or its

DATA COMMONS
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https://docs.google.com/file/d/1_UWQ1onFPhxWaxw7OgsbiR3HC4hJyYN5/preview

Summary and next steps GEN

DATA COMMONS

Current efforts
« Demo use cases for different types of workflows, inputs and outputs,
including easy way to retrieve outputs from workflows
« Track compute costs per user

Using v2 researchers will be able to:
« Locally develop and test containers (e.g. using their terminal)
« Develop and perform a small-scale test of workflows that run containers

using languages such as nextflow
 Scalable submission of workflows using the TES APl to compute over 1000s

of files in a parallelized/scalable manner
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Toward Al-ready data commons: from computable
data standards to interoperable Al models

Jing Su, Indiana University



GEN

DATA COMMONS

Toward Al-ready data commons: from
computable data standards to interoperable Al
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Jing Su
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Introduction ol

1. Pl of Biomedical Informatics Lab

2. Director, Data Management Services team at Biostatistics and Health
Data Science

3. Associate Director of Real-world Data, Biostatistics and Data
Management Core at Indiana University Health Simon Comprehensive
Cancer Center
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The Data Management Services Team:
Al-ready data, infrastructure, and implementation

2a Q

Team: 30 members Grants: 66 Publications: 90+
Billables: 45
Pending Proposals: 46 Annual Budget: $3.0M Research Networks:

Global, National, & Regional

IIJ INDIANA UNIVERSITY SCHOOL OF MEDICINE
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New norm of complex data in clinical studies

1. Modern clinical studies QRIEN
Oncology Research
o Real-world data: EMR, medical claims, etc. Information Exchange

o Clinical research data Network (ORIEN)

o Multiomics data "A|CHepNet

o Medical imaging and pathological imaging The Alcoholic Hepatitis Network
o Integrated therapies for alcohol use
o Clinical notes and ALD (ITAALD) Network

o Data from various sources/programs

2. ML/AI on complex and heterogeneous data AII | us

RESEARCH PROGRAM AV
lp INDIANA UNIVERSITY SCHOOL OF MEDICINE



Graph data model
Graph Al

Research data commons
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Graph data models: graphs to organize data artifacts
NCI Genomics Data Common (GDC) Data Model

Ef & @ administrative
2. o N > Node types o
- - g@ Attribute A
S _TSS @ daafie
@Q - / , Demographic : -
e cooe @ analysis .
e _Soce ® indefie T
= e e @ notation
eo®s @ biospecimen -
%@’? See @ clinical _
e o @ administrative
= )
® ®
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Graph data modeling enables Al in research
Graph ontology and common data elements:
1. Define the integration and harmonization of real-world and research data

2. Enable new clinical study designs
3. Support Al/ML-readiness of biomedical big data

4. Widely used in real-world data infrastructures

IIJ INDIANA UNIVERSITY SCHOOL OF MEDICINE



ARDaC: Alcohol Research Data Commons
an Al/ML-ready platform for clinical
trials and observational studies

NIAAA: 2U24AA026969
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RDC provides essential functionalities for clinical studies

Cohort 00

Builder Eg%

Study Cohorts
Eligibility criteria
CONSORT diagram

Dataset
Data domains
Data elements
Data model

— Dataset
Builder

Questions
Hypotheses

Methodology
Study design

Statistical models

Machine learning models

S\ Notebooks

IIJ INDIANA UNIVERSITY SCHOOL OF MEDICINE
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ARDaC: Architecture G E N

DATA COMMONS
Consortium Users External Users
5;55 — lg — %?%
; T V'
Web Interface
UMass
IUSM . .
Dic Virtualized
i = Implementation
o> =1 . .
E Containerized Web App GEN
'\ Studies amazon
Harmonization Patients Model A react : : AWS Cloud
Ul | : : Samples % é ¢ <:'>E View Platform
Storvbook @' (111 -~ ]
U y . docker‘ [ 108 —
PostgreSQL B e O o Python/graphQL JavaScript <:> IS
Staging DW Graph Data Model Middleware User Interface Dedicated
Server
"A|CHepNet AlcHepNet is a clinical and translational research initiative funded by the National Institute on Alcohol Abuse and Alcoholism

(NIAAA), a division of NIH.




v #% The AlcHepNetResearch Data ¢ X =+

23 portal.ardac.org

Browse Data 1, | Documentation Login 3]

"AlCHepNet ARDaC: AlcHepNet Research Data Commons . Bl

Dictionary Exploration Query Workspace Profile

AlcHepNet Research Data
Commons 2 studies

The AlcHepNet Research Data Commons, or 90 1 Participants
ARDaC, is an integrative environment for

exploring the clinical and omics data

generated by AlcHepNet and related 277 1 Ao
translational studies, and for investigators

within the network to access data. ARDaC is O Files
sponsored by National Institute on Alcohol
Abuse and Alcoholism.

r
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anagine: the Al/ML analysis engine of ARDaC

Backend Middleware Frontend
A A A
_ . s [ i _
& == = [T
l elastic search react ol
e & porta
U 3 Cm— D % \ P
has dnagine s l o’
1 11 ML/Al/report |
[ > @ — o -
& % P C —) %
GraphQL peregrine

workspace
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AH.Cllmcal Baseline Features Iﬂ]
Trial Data <

TrialView: ML/AI on B & =l
ARDaC

Backend

Graph Al Ward’s Hierarchical
Models Clustering

! !
Powered by ARDaC —— Asglomeration

Graph CHHHH T HH
Grad-Cam n S S -
g raph data mOdeI , Model HH i S |
Restful API v |
Interface
W OB =
Frontend

Statistic

, Individual Cohort Progression
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Trajectory learning with graph Al

" Multi-modality Graph Graph Al
Data Representation Latent Representation
Baseline Patient Similarity Graph Graph Transformer

i G=(V E) Autoencoder

R )

S b: y S

. ’ L N Encoder Latent Decoder
:> \\ X Features

malia o\ T; o
AR Z;

ma E41 -

N P
Trajectories
= KW g

Clustering Analysis
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Alcoholic Hepatitis Clinical Trial Data Explorer

Individual View R A Cohort View ;,b\ B Statistics View |.ul C
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0 3
PRECISION $ICOLOGY

..-‘-:’"‘.vl"i. ‘:s':,é&‘;
GRew

I IPO: Indiana Precision Oncology
Research Data Commons
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Patients

Clinicogenomics Data L1

IPO CDM

PRECISION HEALTH

IPO
clinicogenomics

data architecture l

INITIATIVE
i > IPO Research
l " Data Commons
Hospitals Clinical
N °)o Automated ETL =
‘ —_— =i ’
=] 1 S——
Indiana PHI
Biobank Data Warehouse
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I GAIPO: graph Al for precision oncology

NCI: 3P30CA082709-25S51
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Graph Al models generated at |U

(A) Overall Workflow Graph Al-based
Embedding Patient Subtyping in
EEMR Study Cohort (Deep Representation) LatentSp:cel |
’ oy tavon (BT e e
DeePaN, Su’s lab g fati | S l\f
Genomics and clinical data W — =100 Oy B
Cancer Cohort: Ga . NSCLC / Biomarkers

https://www.nature.com/articles/s4 N=GDZFT  FOUNBATION | mitinerapy ' n

NSCLC: = - Clinical Follow-up of 10 MGAE Granh B
- - - n =5866 1 + Genomics Data at BL GAE cl i c
1 746 021 00381 Z |1\/ | - EMR data at BL ent ustering
« Baseline (BL): AE

10 treatment UMAP

+ Outcome: t-SNE

Overall survival eoeo

(B) DeePaN Model
Input Encoder Latent Space  Decoder Output (C) Mode"ng Results and Interpretation
Overall Survival Clinical and Genomics Risk Factors

Lo — — Distribution of Clusters in Latent Space
(t-SNE Visualization)

(;7 / o / )
/41 r/O : é ; @ \f‘ A
i /

,\Q D A
|

low

AL

Log2(Mean Decrease of Gini Index)
° ‘--'v"‘v;
>
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°
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o
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>
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Survival Function

N

Decoder

Q Availability
B Responsive Specific
Bl Non-responsive Specific

@

GCN 1%t Order Filter
GCN 1%t Order Filter
GCN 1t Order Filter

o 0 A
Time (Month) -log10(p-value), Fisher Exact Test

@.
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Graph Al models

generated at |U

DEGAS, Huang’s lab

Genomics and Clinical data
https://genomemedicine.biomedcentr
al.com/articles/10.1186/s13073-022-
01012-2
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A. Graph representation of multimodal single cell spatial transcriptomics

Multi-channel Images Single cell multi-modality data

L &5 4 » Images

: ‘ B orenuceei
Syl - . PanCK: cancer cells
. CD45: leukocytes

@ + Gene expression
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Graph Al models .. %2
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+ Spatial graph
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SiGra, Su’s lab S
1 - 1 B. Single-cell spatial elucidation through image-augmented graph transformer (SiGra)
Single-cell spatial data
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Real-ST Graph linking spots

Link graph

Graph Al models
generated at |U

DSTG, Su’s lab
Single-cell and spatial data
https://academic.oup.com/bib/articl

e/22/5/bbaa414/6105942
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DATA COMMONS

Chlldhood Cancer Clinical Data Commons (C3DC)

25 dlinicalcommons.ccdicancer.gov/explore

B=  An official website of the United States government

NATIONAL CANCER INSTITUTE
Childhood Cancer Clinical Data Commons

Home Explore Cohort Analyzer Studies
Q 373
DIAGNOSES
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STUDY
DEMOGRAPHICS Q] Participants ——
UPLOAD PARTICIPANTS SET Whita

¥ SEX AT BIRTH
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TREATMENT RESPONSE

C71.9 : Posterior cranial...

SURVIVAL
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https://clinicalcommons.ccdi.cancer.gov/

Aims of GAIPO

IUSCCC Graph Al
Models

Aim 1. Develop GAIPO system >

Biomed Inf O @
Gr !Qo [

"
DATA COMMONS

( CCDI Data ﬁ

Aim 2. Implement GAIPO for CCDI >
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CCDI’s data sources and data elements

Cancer Types
* leukemias
* central nervous system neoplasms
* lymphomas
* neuroblastoma
Data sources
* National Childhood Cancer Registry
* CCDI Molecular Characterization Initiative
* CCDI OncoKids
* NCI CCSG CCDI Supplement Additional
Genomic Submission
* Pediatric Cancer Knowledge Base
(histological images)

Clinical data
* demographics
* pathological diagnosis
* treatments
* relapse and death
Omics data
* RNA-seq
* whole genome sequencing
* whole exome sequencing
* emerging spatial omics data
Pathologicalimaging data
* Histological slide images

INDIANA UNIVERSITY SCHOOL OF MEDICINE
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GAIPO’s framework

I
[
_ Graph Latent | —— Hybridization Function
Data Domain 1 > Representation >  Module Module
0 Module in

Graph
Data Domain Graph Encoder
Smmmmmm= Constructor
H = :g — Latent
i = Features
— Feature
Extractor @
Features
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GAIPO'’s functionalities

Data domains Graph layer
* pathologicalimages * graph transformer
* omics data * GCN
e clinical data * GAT
* GNN

Graph constructor
* similarity
* adjacency
* mutual neighboring

* graphSAGE
Hybridization
* concatenation

Feature extractor Senson
* VGG16 Function
* highly variable genes * decofj?r
* availability * classifier
e dummy coding . survwa.l

* clustering
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Conclusion: graph common data model and
research data commons

1. The foundation of clinicogenomics research data commons

Enable Al/ML-ready collaborative research ecosystems

2
3. National data hubs across projects and institutes
4. Nexus of research and collaboration

5

Engine of novel research
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"A|CHepNe’[ (NIAAA), a division of NIH.
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Questions?

Tweaking Neural Net
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