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-1 g \‘\‘ each solved by a dedicated group of classifiers assigning real vs.
i :g ) i bogus (“rb”), short vs. long (“sl”), and keep vs. ditch (“kd”) scores.

At least one member of each group must output a score that

i -5 passes a pre-defined threshold. See Section 2.1 for details.
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2-D features

Improving LIGO duty cycle

Biswas, Mahabal, Mclver
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Identifying Exoplanet candidates from TESS data

Rao, Mahabal et al. 2021 http:/arxiv.org/abs/2101.09227v1

Manay other astronomy applications
e.g. LIGO data for Gravitational waves,
TESS data for Exoplanets,
Deep-Wide-Fast data for anomalies etc.
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Finding Prostate Cancers
with Stoyanova, Crichton, ...

* ~200 patients, ~300 epcohs total (annual visits)

* Progressive (PR) and Active Surveillance (AS)

* PData cubes (168x168x168)

* Six modes with a mask

Using IBMs Visual Environment and

follow-up local python programs
Results Confidence threshold @ 0.2 @ 1 0.2

Objects Result Average

I A tumor 0.217
1 objects

Object detection @~ Created
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Next steps:
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Quantify progression

eeeeeee

OOOOO

ttttt

Quantify tumor-ness

Ashish Mahabal

50-97

25 50 75 100 125 150

100
125
150

0 25 50 75 100

-12
-10
- 0.8

- 0.6
04
0.2
0.0

-12

-10

- 0.8

0.6

0.4

0.2

0.0

0 10 20 30 40
74-122

-0.2

125 150 O 25

A06012 id=2 slice=89

50

75 100 125 150

0 10 20 30 40
BVAL




COH Project with Victoria Seewaldt, David Franckhouser, Daniel Crichton, ...

- 51% Ashkenazi

- 38% European American

- 29% Hispanic American
- 26% Asian American

- 20% African American

- 15% Palestinian
- 5.6% Lebanese

Greenup et al. Ann Surg Onc 2013
Jalkh et al. BMC Med Genomics, 2017
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Slow (22/51 women) -
Focal, benign biology

20657 : e v |
Accelerated (29/51 women)
Diffuse, aggressive biology

Neovascularization and
progression

Multi-parametric 3-D portrait
transcript analysis

protein expression
mutational analysis




COH Project with Victoria Seewaldt and David Franckhouser Breast Isosurfaces
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—Characterize the vascularity

e |dentify neovascularity Vascularity

—Novel feature identification — enhance contrast and Quantify

e |dentify predictors

—Tumor detection | Feature Detection

e Segment, and track environment —ldentify ROls, Assess feature dynamics over

REF Frankhauser et al. 2020 https:/pubmed.ncbi.nlm.nih.gov/33001587/
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Image Atlas and ML to understand bias
and identify smaller/early tumors
With Crichton, Kincaid, Aberle, Schabath,...

Reader Study
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Post-training read

* 8- 10 naive radiologists will score * Same radiologists will score

nodules from 50 images
* JPL created hosting infrastructure
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At SigGraph 2019 with Santiago Lombeyda

Use of VR for training, marking
tumors, and comparisons

REF Lombeyda et al. https:/dl.acm.org/doi/10.1145/33060449.3328825

Ashish Mahabal



AWS
Google Cloud
IBM

Planetary Science
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Overall Architecture « Curation of data R cinens
from studies, other ,
science data, etc.
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¢ Automated pipelines B Big Data m _ ‘
¢ Complex workflows + Scaleable computation Big Data h
+ Scaleable algorithms « Biology infrastructure . OODT+T|ka+Had(?op+SoIr
+ Computational -omics + Cloud, HPC, etc. . On—demgnd algorithms
+ Auto feature detection + Data fusion methods
+ Auto curation ¢ Machine-learning

JPL ¢ Dartmouth ¢ Caltech
Methodology transfer to biosciences++ Dan Crichton

Cancer biomarkers and Big Data: A planetary Science approach
REF Crichton et al. 2020 https://doi.org/10.1016/j.ccell.2020.09.006
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Interpretability,
Explainability
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Based on a Keck Institute for Space Studies workshop
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Summary
*We are working on several related projects in computational oncology

* Similarities exist between the nature of abstracted data and hence applicable
techniques

*The diversity in data require several techniques to be brought together
*The current datasets are the tips of vast icebergs

*Interpretability and explainability being built in during methodology transfer

aam at astro.caltech.edu



