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Reusable Data Essential for Basic, Applied Science, Operational Outcomes -
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Comprehensive Multi-omics Analysis Reveals
Mitochondrial Stress as a Central Biological Hul
Spaceflight Impact

Multidrug-resistant Acinetobacter pittii
is adapting to and exhibiting potential
| succession aboard the International Space
Station Microbiome
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Causal and network inference
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NASA OSDR - By The Numbers
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The Challenges of High Complexity, High
Dimensionality, Low Sample Size Data
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Paradigm Shift in Biological Data Generation

DNA sequencing costs over time
$100,000,000.00

$10,000,000.00

$1,000,000.00

[
£
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I3
g
8§ $100,000.00
$10,000.00
$1,000.00
Replication i 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
. g Year
( Y ]| Y ) | ) Avg. Cost per Mb Data source
R ! $0.01 $4,000.00 - NHGRI data broadinstitute.org
Genome Transcri p’[O me Proteome $2,000.00 $6,000.00 B Moore's law calculation
E p Ig enome E p Itra nscri pto me M eta bo | ome Decline in real costs compared to expected declines based on Moore's Law.
Trend line: Cost per human genome. Line width: Cost per megabase (Mb)
(Data: NHGRI https://www.genome.gov/27541954/dna-sequencing-costs-data/)

https://genius.com/Biology-genius-the-central-dogma-annotated
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Space Biological Data Analysis Challenges

 Smallsamplen
* High feature count

High dimensional
sequencing data

* EE

i

&

30 samples
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Space Biological Data Analysis Challenges

High dimensional
sequencing data

30 samples

F
Gene expression SNP Drug Environmental ]
. Heterogeneous data matrix matrix treatment variables Histology
» Sparse data gt
Sample n
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Space Biological Data Analysis Challenges

(Space Biological Data Challenges
* Small samplen
* High feature count
* Heterogeneous data
« Sparse data

*§*$
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Complex (Biological) Systems Need Complex Models

* Draw conclusions from e LearnfromdatatioNIE
observed data (inference) i i predictions on unseen data
P (prediction)

i » Assume specific data -
distributions i i « Abletomodel nonlinear
i i relationships without
i » Examples: hypothesis testing, assuming a data distribution
correlative analysis P
» Examples: classification,
regression, clustering

» »
oooooo
""""""""
-----------------------------------------------------------------------------------------------------------------------------
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“Al for Life in Space” Working Group: Al4LS

0T YO o
Genelab| ALSDA-

Al/ML
Modeling

= Predictive

= Hypothesis Driver
= Countermeasure
= Repurposing

Basic Tools
= Computational Analysis
= Cross-Experiment Analysis
= Meta Analysis
= Data Visualization

Maximally FAIR and Open Data

= Metadata: Investigation, Study, Assay
= Qutputs: Raw, Processed

= Mission-Payload: Records,
Environmental Data, Telemetry

July 18, 2024 — #COSPAR2024
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Omic to Phenotypic ML Study — Rodent & Muscle

- RR1 & RR9 Muscle Data
- Qlattice/Abzu Qabzu
- Li et al., 2023; npj uG

Kevin Li

UC Berkeley
(Now MIT-
Harvard PhD)

@/Open Science for Life in Space

DNA RNA
methylation sequencing

OSDR Datasets: mmiii -

N

OSD-104

Reptcton Transiaton

methylation

0SD-105 -
l l ik lpm

sequencing

OSD-488

In spaceflown mice,

calcium uptake efficiency

decreases in soleus muscle...

RNA-seq
but increases in tibialis oprocessing

anterior muscle

Proteomics )
Feature selection

Methylation

Features

Train Machine
Learning Model on

Omics Data to Predict
Calcium Levels

Multi-omics integration,

/Dimensionality Reduction

D

N

S

N

b Feature Models (n) C

Acyp1 (proteomics) 89

Rps7 (proteomics) 27

Increased Calcium

Spaceflight
T1 CV R2 * 0.894
Acyp? Rps7

T10 CV R? 0.711 .
RNA-seq features (n) 12 = |

Cct6a (proteomics) 5

Glt28d2 (RNA-seq) 4

Li et al., 2023; PMID: 38092777

Proteomic features (n) 38

3.0 E: T

i

Normalized Protein Expression
A &
o °

Normalized Protein Expression

AT ac FLT Ge

- Decreased Acypl in flight allows increased calcium
transport
- Increased Rps7 in flight shows low nitrosative stress

July 18, 2024 — #COSPAR2024
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TIBIALIS ANTERIOR t Transport Efficiency in

Decreased Calcium

SOLE US Transport Efficiency in
Spaceflight
Acyp1 Rps7
86
85| | -
o ﬁ

|

Normalized Gene Expression
B
53

Normalized Gene Expression

FLT GC FLT GC

- Decreased Acyp1 in flight means decreased calcium
transport
- Decreased Rps7 in flight shows high nitrosative stress

Analysis of features,
biomarker discovery



James
Casaletto
BMSIS/AI
for Life in

Space

AI4LS

Artificial Intelligence
for Life in Space

@omn Science for Life in Space

OSDR Datasets:
0OSD-47, OSD-48
0OSD-137, OSD-158

- Transcriptomics & Histology
- Part of 2024 Nature Package
- In review: Scientific Reports

Casaletto et al., 2023 pre-print rsrch sq
https://doi.org/10.21203/rs.3.rs-2332064/v1
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differential gene
expression analysis

top genes most

correlated to label
A
| random forest
B
| top genes most
| 0,020.0 —
5 ”. correlated to label

[ | empirical risk
/" minimization

|/ oYe
/| ® 0”. < top genes most
5 ”. correlated to label

invariant risk minimization
0,0
0, 0”.

”l ~a

invariant causal prediction
“’ top genes most
o ooe > | correlated to label | ===
g0

/'

causalnex
0
1]
0,0.,0,¢
(ol

non-causal
inference
methods

causal
inference
methods

’ Predicted genes are implicated in lipid metabolism pathways?
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Summer of Al synchronous training

tructure.com/courses/9450036

= AI/ML2024 > Syllabus

Module 2: Working with data

Module 3: Building basic models

Al/MLAWG Summer 2024 Training Program

141 HS Students

7 TA's

8 Lectures

9 Jupyter Notebooks
4 quizzes

James
Casaletto

BMSIS/
Al4LS

Lauren
Sanders

Ames/
Al4LS

July 18, 2024 — #COSPAR2024 ryan.t.scott@nasa.gov

Module 3 Quiz
: Jun 19 2t 8:34

Startect Jun 19 3¢ 8:340m
Quiz Instructions

‘‘‘‘‘‘

‘‘‘‘‘‘

Training in Artificial Intelligence and Machine Learning for Space
Biological Sciences Using NASA Cloud-Based Data, 2023-24

On-Demand, Public, Free Asynchronous

Quizzes

= Doulie

Pre-recorded lectures

Y
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Large Pre-trained Models to Connect Biomedical Knowledgebases with Small Spaceflight Datasets

Large
Pretraining
Dataset
Generalized ML Model
(not specific to a task)
Small task-
specific g g
datasets

R W

8 8 g

Decoder

Input Data

Encoded Data

Traditionally Trained Model

Reconstructed
Gene 2

Reconstructed
Genen

f

Reconstructed Data

Transfer Learning Model

* Deep learning model
architecture: scBERT:
encoder-decoder

* Self-superviused on unlabled
data

Hrecount3

* Pretrained a large encoder to
learn gene-gene interaction
networks

* Tested the trained model on a
downstream, supervised task
using a tiny space biology
dataset

,,,,,,,,

*  Pretrained model outperforms

Models that perform well on individual tasks =
@
S —
3 -
<
S
o Lauren
Kevin Li Sanders nt
UC Berkeley - —
(Now MIT- Ames/ .

Harvard PhD) Al4LS " —
9 P
3 _
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traditionally trained model

*  Future vision: “model zoo” of
many pretrained models

available to the space biology
research community



Using LLMs for OSDR Chatbot, Curation

Aiding Discoverability & Searchability

()
™

Walter
Alvarado
NASA Ames

Open Science for Life in Space

B

Display Prompt -

What are the effects of space flight on mice liver?

The effects of space flight on mice liver include possibl

changes in metabolic pathways and alterations in protei

e

n

levels. However, no significant alterations in protein levels

were observed in the livers of spaceflight mice compared to

control mice on Earth.

Sources:

Conversational Agents: Employs
an LLM to enable efficient data

retrieval and user assistance

> |

Column in Filel

Best Match in File2

i Score| Match Status |

Euthanasia method

Sample preservation method
Biospecimen category

Sex

Genotype

Absorbed dose rate

Number of fractions

Time point of sacrifice post irradiation
Additional notes

Absorbed dose rate (Unit)

Total absorbed dose (Unit)

Time between exposures (Unit)
Absorbed dose per fraction

Time between fractions (Days)
Sample storage temperature

| Energy (unit)

Absorbed dose per fraction (Unit)
[Dose 1 (non-radiation)

Euthanasia method

Sample preservation method
Biospecimen category

Sex

Genotype

Absorbed dose rate

Number of fractions

****Time point of sacrifice post-irradiation
Additional Notes

Absorbed dose rate unit

Total absorbed dose units

Time between exposures (Hour)

Total absorbed dose per fraction

Time between fractions value

Sample storage temperature (Celsius)
Energy unit

Total absorbed dose per fraction units

100 Above Threshold
100 Above Threshold
100 Above Threshold
100 AboveThreshold
100 Above Threshold
97 AboveThreshold
97 Above Threshold
93 AboveThreshold
91 AboveThreshold
88 AboveThreshold
88 Above Threshold
86 AboveThreshold
86 AboveThreshold
84 AboveThreshold
84 AboveThreshold
83 Above Threshold
82 AboveThreshold

No Match Found

0 Below Threshold

Match found!

Match found!

Matching: Dose 1 (non-radiation)
LLM Match: Treatment 1 dose

Dose 1 (non-radiation) <-——> Treatment 1 dose

Matching: Status (stts_name)
LLM Match: Status of samples (Available, Not-available)

Status (stts_name) <-—-> Status of samples (Available,

template

Customizable Match Threshold:

Users can set a threshold for what

constitutes a match

Application for OSDR/NBISC:

»  Curators can auto-populate
relevant metadata from incoming
datasets against standardized

July 18, 2024 — #COSPAR2024
ryan.t.scott@nasa.gov

Highiiht Matches  Update Excel il
Metadata LW otches

1 Treatment 1 Dose 1

2 Status staws (Typo)

3 Barcode Barcode.

4 Chronic Exposure Time Exposure Time

5 Linar Energy None

Automated Data Alignment & Verification
s

Levenshtein
Distance: Measures
the difference
between two
sequences.

LLM Matching:
Leverage LLM to find
semantic matches.

Select Excel File

NASA Data Standardization Toolkit

:
2 b
o e

14 Subjoct unique dentifers o this experimental group
15 Treatment 1

%6 Treatment 1dose

17 Treatment 1 dose units

18 Do you have another treatment?

19 rradiation protocol

20 (Non-Irradiated Control) Were mice sacrificed at a specific
21 Sham model?

22 Radiation beam type

23 (Acute) Age at exposure (Weeks)

24 Number of narticle tunes
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RNA Sequencing Benchmark Dataset

@ )
GeneLab

Gene expression

Gene expression

Scientific motivation: Effects of spaceflight on mouse liver health

[=;

NASA Science Mission Directorate
James Casaletto & NASA GenelLab

PC 1 (29.7% variance)

July 18, 2024 — #COSPAR2024
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< @ matrix »  Matrix
: S Gaussian S
Al readiness > noise S A
i e’ine: S | 00000 smamaaxaaamoaa P = = = === ow o= ow o » (@) -‘.
PP g“ for statistical for synthetic §
) !
112 samples replicates samples ® 6832 samples
GenelLab . Spaceflight Synthetic data Real data
Tissue .. e z
Data Set Mission 30 e 20 o o8 o
47 liver RR1 CASIS o GLDS_48 o ® :.” .
. 20 e GLDS 168 (@ % - 95
48 liver RR1 NASA e GLDS_ 245 3) o 10 e T oo
10 o GLDS 137 S5g® ".. e
168 i RR1 NASA e GLDS_47 . ‘:'.:. dataset
er RR3 CASlS 0 GLOw'Es @ e GLDS_242
°% o e GLDS 48
137 liver RR3 CASIS _ -10 ‘.’2,-"- ® GLDS 168
10 ...) e GLDS 245
: 755 i
173 liver STS-135 o8 ool e et
0 =20 _ ° ° X
242 liver RR9 2 GLDS_173
245 liver RR6 -40  -20 0 20 40 =20 o 20 40
PC 1 (28.6% variance)



Simulated galactic
cosmic rays

15 mouse
strains

/ N\

Y AL \
=

Al readiness pipeline: Q
DIP )i |

maximum

intensity automatically
projection estimated nfoci
-------------- »
16-bit
conversion

Raw Dataset (n = 94,193):
32-bit Z stacks (9 indices)

Max Intensity Dataset
(n=94,193):
16-bit single-index TIFFs

NASA Science Mission Directorate
Radiation Biophysics Laboratory, NASA ARC

( 53PB1+

immunocytochemistry
+ High-throughput imaging
+ Automated quantification
of 53 PB1+ radiation-
induced foci

2019

Penninckx et al. Radiation Research J

70 - -

60 nfoci10++
< 50
(2]
o
©

£ 20

0

nfociO | nfoci1 —9|nfoci1 0+
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Fluorescence Microscopy Benchmark Dataset

Scientific motivation: simulated space radiation causes cellular DNA damage

(La

bels:

nfoci (number of
53BP1+ DNA
damage foci)
Radiation (X-ray,
6Fe...)

_J
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Al/ML Architecture to Support Deep Space Mission Goals

nature

nature machine intelligence

Review article https://doi.org/10.1038/s42256-023-00617-5

Biomonitoring and precision healthindeep
space supported by artificialintelligence

Powering up

Arevolution in robotics and artificial intelligen&e

nature portfolio % f

Received: 23 December 2021

RyanT. Scott®"%2, Lauren M. 2 ErikL. A

Space Omics
and Medical

nature machine intelligence

Review article

Atlas (SOMA)
across orbits

https://doi.org/10.1038/s42256-023-00618-4

Biological researchand self-drivinglabsin
deep space supported by artificial intelligence

New studies onastronauts and space
"biQIogh bring humanity one step

= [m]
' 1 L

Received: 23 December 2021

Lauren M. Sanders ® %2, Ryan T. Scott ®*%, Jason H. Yang ®°, Amina Ann Qutub®,

@ert(‘he nal frontier
&m »

S0 = MAYO AT TUT A
Stanfqrd @]’ Anschutz SV\ Q’z U%: coeceeer] | CLINIC B”{leI' A S K INSTI E MEDICAL SCHOOL
Umvers1ty SAN JOSE STATE UNIVERSITY \ W C(:HCEC Of FOR BIOLOGICAL STUDTES UNIVERSITY Or MINNESOTA
o - > r - BERKELEY LAB :.,' Icahn Driven to Discover®
& JOHNS Google . N ikBR r"\ I, MNR School of N AR Weill Cornell
HOPKINS S8 RUTGERS — NASA Medicine at - g el orne
T @ HARYARD meea W Caltech ¥ou®  UNF e, Medicine

Scott et al., Nature Machine Intelligence 2023

Sanders et al., Nature Machine Intelligence 2023

July 18, 2024 — #COSPAR2024
ryan.t.scott@nasa.gov



Hardware for ML-enabled in-situ Data Collection and Analysis

NVIDIA Jetson
edge Al and
robotics
Category Technology Relevance to p latform
spaceflight

In situ capabilities: Neuromorphic Space-borne computing with

small footprint processors very low power, little or no
and resilient to Edge computing™ cooling, high efficacy for Al
environmental algorithms and resilience to
factors (radiation, radiation'%%

acceleration, Process and analyse data
vibration) collected in deep-space

missions on board for input to
the PSH system

July 18, 2024 — #COSPAR2024
ryan.t.scott@nasa.gov
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Federated Learning Using In-Space Data (FLUID)

Local Training

Instltutlon/User : } .
;  Hewlett Packard

HPE SPACEBORNE COMPUTER 2

Model Update X ] ‘ Hewteu P ‘
| EARTH EARTH ' ' '
: R oL NASA BRIDGE NODE | ! HPE GROUND NODE '
; : . P — |
Global 1. B8 = = = |
Model Ag gre gator hrvl:alt:"" <::;:>i z . :m . E ( wckscnonj:m |ss"’col ABORATOR ;

1 . Terrestrial N R Vo
> , ' 5 . model |
' : PENEL . E 2 Seriakized E i
: Federated «a OpenFlcols  Models ' RSYNC |
@ : Model i ' '
—

: T ®n+l v v e s ;
: e =\ - = : - 7 - Le’s e :
% e, M Eld— PR Se N =il
Institution/User 3 P | reszreme et 1 ‘ metell |
'\ COLLABORATOR / \ /
N ___.sbMm o
T
© Model Update \ v )\ v )
3 — .
= VA = = gaEe
Terrestrial 155 Space-based
infrastructure infrastructure

James
Os DR Dataset: @/@pm R e held-out accuracies D | Casaletto
OSD'435 0.75 BMSIS/Al
for Life in
0.74 Space

Pre-positioned ultrasound echocardiogram 073

data

Using federated learning to build
machine learning models between Earth

accuracy
o
S
N

0.71

Used binary classifier to predict dose : :

Y P . and the International Space Station

(HI/LO) from aorta performance metrics oo

(e-g- heart ratey VOlUme, Ve|0C|ty)) James Casaletto, Patrick Foley, Mark Fernandez, Lauren Sanders, Ryan Scott, Shubha Ranjan,
0.68 . ; Shashi Jain, Nate Haynes, Sylvain Costes, Graham Mackintosh,

. . . 1 2 3 4 5 6 7 8 9 10
Federation survived Loss of Signal! training round
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ML-enabled Automated Science & “Self-Driving™ Labs

Current paradigm “Closing the loop”
Organic redox flow batteries Inverse design
~ (2 ™ ) Generative ~ Simulation/
Material
concept

°§s// 540 A
J X | AQDS process | optimization
¢ ° | molecule

e}

Category Technology Relevance to o "f;rlﬁﬁgls?sr
spaceflight B Integrated pipelin
) . . ' 8 Al/ML
In situ data Active learning'”’ Train and deploy a model, 3 Device SETA | Device Software
analysis which continuously monitors = construction 1“{' prototype Robotics

Stability,

solubility,

6 voltammetry

and retrains itself with
Testing and

self-assessments and regular )
C—

human inspection characterization
% Scaling and manufacturing g

« “Self-driving” automated laboratory capabilities enable in-situ data collection
* Active learning & edge computing would allow in-situ data analysis

Scott et al., 2023 https://rdcu.be/c8iSO; July 18, 2024 — #COSPAR2024
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ML Approaches to Support Remote Data Management

Category Technology Relevance to
spaceflight

Limiting data Federated Train a model on data collected

transfer to Earth learning™® in a deep-space mission and on

Earth-based data for stronger
inference

Distilling and
maximizing
computing needs
in space

Transfer learning
Dimensionality
reduction'*®
TinyML™®

Few-shot learning™°

Train large models on Earth and
deploy on data collected in-flight
Identify key features to reduce
data size

Prune large neural networks to
deploy on spacecraft or habitats
with operational constraints
Learn from few data points

by leveraging contextual
information

al-
Off-world
Autonomous labs
- Edge-computing
- Experimental data
« Environmental data

Crew health
- Precision space health

Data

A,

Open science
Public
Education/training
Citizen science

Space

Space data relay
Active mission environment data

=

Space data center
Crewed labs

« Experimental data
- Vehicle data

Al-assisted metadata harmonization
Automated analysis

Crew health
| - Precision space health

Open science data repositories Q
Raw experimental data
Experimental environmental data
Al-enhanced analytics
Data standards
Researchers
Accessed by
scientists

Ground-based
Earth data analysis

3

WV

v
&

Scott et al., 2023 https://rdcu.be/c8{SO;

Sanders et al., 2023 https://rdcu.be/c8{SS

* ML methods such as federated learning,
transfer learning, and few-shot learning
support deep space data transfer
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ML-Enabled Biomonitoring Approaches

Category

Technology

Relevance to
spaceflight

Methods to train
on data that differ
from inferencing
context

Translation?'5®

For example, train on radiation
exposure data in animals and
predict radiation risks for human
crew members

Methods for when
inferencing data
are extremely
different (for
example, outliers)
from training data

Generalization:
Risk
extrapolation
Domain invariant
representation
learning™**®

154,155

Prediction in a situation where
an astronaut’s biosensor data
are outliers compared to the
terrestrial clinical data used for
model training

High-latency

communlcatlon

Deep space missions
LEO

Real time o
support K
S

&

Earth

'4 P fm”

Multi-layered monitoring
with Al algorithms

Precision
Space

Health % YR
S —

Molecular and
physiological monitoring

(« &»)

Wearables and point-of-care devices

@ 9. av

Continuous environmental sensing

No rescue
No evacuation
Infrequent resupply

Methods for when
inferencing data
are persistently
different from
training data

Adaptation'™®

For example, adapting a

model trained using terrestrial
electrocardiogram data to a ‘new
normal’ of electrocardiogram
readings from astronauts whose
heart physiology has changed in
spaceflight

* Multi-layered monitoring of spacecraft and

Scott et al., 2023 https://rdcu.be/c8{SO;

Sanders et al., 2023 https://rdcu.be/c8{SS

habitats & in-situ computing capabilities for real-
time recommendations
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OSDR'’s Al/ML Analysis Working Group

Project Data Proposed methods
Anomaly Environmental data app o Dictionary learning with VAE
detection o Vanila VAE

DELP X WILLEY x MAO

Data labeler Microscopy o Lightly + Label Studio
o Sklearn semi-supervised learning
0SD-255, 0SD-568, 0SD-557, 0SD-583, o FixMatch
5 0SD-397, 0SD-203, OSD-194, OSD-87 0 M|xMatch
~ OSDR AWG Dat f 0SD-255, 0SD-568, OSD-557, OSD-583 VAE
& _ ala generator -£99, -000, -0/, -909, L a\
Forum-Space 0SD-397, 0SD-203, 0SD-194, 0SD-87 . GAN
R Digtal twin Data available in papers o VAE
o GAN
Osb# Material Type | Omics data Pheno-Physio Causal benchmark RNA-seq o RNA-seq augmentation
255 Retina RNAseq (8 GC + 8 FLT) inference ¢ nvariant Risk Minimization
568 Retina Immunostaining Microscopy i Auqmentation as intervention
o ML in biological causal inference
557 Eye/Retina mCT, histology, immunostaining o SPOKE
583 Eye Intraocular Pressure
397 Retina RNAseq, methylation (17 simulated mg/rad)
203 Retina RNAseq, methylation (60 simulated mg/rad)
. July 18, 2024
194 Retina RNAseq (4 BSL, 4 GC, 5 FLT) JOIn the #CuOySPAR2024
|
87 Retina RNAseq (6 FLT) AWG! ryan.t.scott@nasa.gov




ML-Aided Precision Space Health System

Research and terrestrial support Real-time support and operations Countermeasures
Biomarker discovery, Spaceflight hazards Environmental Monitoring Al/ML risk prediction
validation and stressors Vibration, radiation, Pattern recognition
Radiation, cardiovascular, Hostile confinement, carbon dioxide, oxygen, I Predictive modelling
CNS dysfunction biomarkers  distance, radiation, relative humidity, Actionable response
Successful countermeasure microgravity, regolith, acoustics, temperature,
biomarkers temperature, atmosphere partial pressures

Pairing with phenotypes

Health assessment Dosimetry Fundoscopy Digital twin

Pre-, mid-, post-flight DNA damage Intraocular Simulated human

Longitudinal observation Pharmaceutical \ >\ pressure, N Model organism replicate
-omic baselines stability retina, OCT 1. Augmented deployment

Enable Al anomaly detection

T .

Experimental models Personalized medicine

|\ 48 Human analogues a:;sltza:g - +.+ Vou:e,'behawour Procedural-specific Al
e Model organisms Moverr?ent ))) — — g?a ysis d Human-machine pairing
4%? Biological mechanisms Gl J resr?, {“09 'l Al-assisted learning
Modelling ucose psychologica Augmented reality

- ) factor

Mission control center

Medical consults Intervention determined

through AI/ML, crew,

~ Y Ultrasound g and CMO

&

(life support) Smart toilet
Prioritized upload/ Urinalysis = / % S "
i Al-guided Behaviour change
download data/models Stool analysis N : i :
" . diagnostics Specific testing
Crew health management Microbiome B 5
h Blood flow Early intervention
Environmental control
Internal organ
management

imaging

| |

* ML to support modeling, prediction and recommendations for a Precision Space
Health system for real-time decision-making in deep space
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