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é Translational Radiation Research and Countermeasures

R

* Formed by the Space Radiation (SR) Element under authority of the
NASA Human Research Program (HRP)

e Mission: translate radiation research results based on animal studies to
humans using bioinformatics and computational modeling

* Cross disciplinary team: SR Element Scientists, NASA Information Data &
Analytics Services (IDAS) Data Scientists, Bioinformaticians &
Computational biologists
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Mission Radiation Environments
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Space Flight Experiments
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/ Space Studies & Bulk RNA-Seq Data

Bulk RNA sequencing
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Translate results to astronaut relevant data sets
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Differential Gene Expression Analysis & Meta Analysis

Moderated estimation of fold change and dispersion
for RNA-seq data with DESeq2

Michael | Love, Wolfgang Huber & Simon Anders

Leverage best practices, lessons learned (data
handling, model assumptions, etc.)

How can we apply Machine Learning techniques?
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ML Applications to Omics Data & Space Biology

Scope: Predicting space-exposed murine livers using transcriptomics data
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ML Applications to Omics Data & Space Biology

Scope: Predicting space-exposed murine livers using transcriptomics data
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é ML Applications to Omics Data & Space Biology

Scope: Predicting space-exposed murine livers using tra nscriptomics data
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é ML Applications to Omics Data & Space Biology

Scope: Predicting space-exposed murine livers using tra nscriptomics data
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é ML Applications to Omics Data & Space Biology

Scope: Predicting space-exposed murine livers using tra nscriptomics data
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é ML Applied to Murine Liver Datasets

All Studies:
n (SF|GC) = 81 (37]44)

Samplesubsetto  Tissue = Liver

Ground Control & Space Flight

RR-1(9/21/14 - 10/25/14)
Duration = 37 days
Strain=C57BL/6J

n (SF|GC) =10 (5|5)

Carcass Dissection only used per Nature

RR-1 CASIS (9/20/14 - 10/25/14)
Duration = 21 days
Strain=C57BL/6Tac

n (SF|GC)=6 (3]3)

RR-9(8/14/17 - 6/26/18)
Duration = 33 days
Strain=C57BL/6J

n (SF|GC) =18 (5]13)

RR-6(12/15/17 - 1/16/18)
Duration € {1,30,60} days
Strain=C57BL/6NTac

n (SF|GC) =39 (20]19)

RR-3(4/08/16-5/11/16)
Duration =€ {39,40,41} days
Strain=BALB/c
n (SF|GC) =8 (4]4)

Heterogeneity needs to be
addressed before models
can be trained appropriately

Beheshti, Afshin, Kaushik Chakravarty, Homer Fogle, Hossein Fazelinia, Willian A. da Silveira, Valery Boyko, San-Huei Lai Polo, et al. “Multi-Omics Analysis of Multiple Missions to Space Reveal a Theme of Lipid Dysregulation in Mouse Liver.” Scientific Reports 9, no. 1 (December 16,2019): 19195.

https://doi.org/10.1038/541598-019-55869-2.

PC2: 19% variance

Combined study Analysis

preferred over Study by Study
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Feature Selection Methods
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é Training of Classification ML Algorithms

4 I
Methods selected based
on historical application to
NGS data sets

- J

v

Stratified K-Fold Cross Validation

Balanced training and test set

split across treatments

Applications of Support Vector Machine (SVM) Learning in Cancer Genomics

SHUJUN HUANG, "2 NJANGUANG CAl,2 PEDRO PENZUTI PACHECO,? SHAVIRA NARANDES, 23 YANG WANG,? and
WAYNE xu'24

Potentialities of multivariate approaches in genome-based
cancer research: identification of candidate genes for new

diagnostics by PLS discriminant analysist

G. Musumarra 24 V. Barresi, D. F. Condorelli, C. G. Fortuna, S. 5ciré

Integration of multi-omics data for prediction of
phenotypic traits using random forest

Animesh Acharjee, Bjorn Kloosterman, Richard G. F. Visser & Chris Maliepaard

BMC Bioinformatics 17, Article number: 180 (2016) | Cite this article

Support Vector Machines (SYM) Random Forest (RF) Linear Discriminant Analysis (LDA)
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MRMR & Classification Results

1.00 Classifier Accuracy using Sequential MRMR Features [ Gene Set Eﬂl’iCh ment AﬂalySiS (BPS) }
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Q Validation of Results

GO Terms: RR1 Flight vs Ground
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Conclusions

e B
Concatenation based integration & data

5 preprocessing are necessary for ML applications

Validation through intersection between
classical analysis and ML methods

}

e ™
Machine learning methods can complement

classical omics if data is handled appropriately

N J
DESeq?2
s B
Classifiers may show similar performance, but
. SVM more useful for interpretation )
Future work Non intersecting set may indicate

area for further exploration

Customize relevance and redundance function
for feature selection algorithms

Explore hyperparameter and regularization .
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Appendix: SVM GO Biological Processes

SVM GO Biological Processes
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