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Evolve traditional approaches
Embrace data science-driven discovery

Enable interdisciplinary work

Scalable architectural approaches, techniques, software and algorithms which alter the
paradigm by which data are collected, managed and analyzed.

Dan Crichton, JPL




Opportunity:
Evolve traditional approaches
Embrace data science-driven discovery
Enable interdisciplinary work

Someone or something that doesn't fit within traditional academic
discipline-a field of study with its own particular words, frameworks, and
methods

Joi Ito, MIT Media Lab, “Antidisciplinary”
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Support Vector Decision Trees Neural
Machine (SVM) st Networks

Easily explainable Difficult to explain
Create a narrative of new scientific understanding
across spectrum of machine learning approaches
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Obtain solar, geomagnetic, and ionospheric data
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McGranaghan et al., (2018)
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Step 3:

Machine learning algorithm for prediction

91%

Improved ability to predict when
scintillation will occur indicates
potential of approach

McGranaghan et al., (2018)
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Machine learning algorithm for prediction

no scintillation
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Step 4:
Interrogate the model

Evaluation

True Skill Statistic (TSS)

- — no scintillation
[TSS “TP+I . TP+ TN]
True label
False
TSS scintillation negative

-1 +1
Worst T Perfect no scintillation scintillation

Previous state Predicted label

of the art SVM benchmark
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Interrogate the mode
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Understand the models
8 ryan.mcgranaghan@gmail.com

. RyanMcGranaghan.com

McGranaghan, R. M., Bhatt, A., Matsuo, T., Mannucci, A. J., Semeter, J. L., & Datta-Barua, S. (2017). Ushering in a new
frontier in geospace through data science. Journal of Geophysical Research: Space Physics, 122, 12,586-12,590.

McGranaghan, R. M., A.J. Mannucci, B.D Wilson, C.A. Mattmann, and R. Chadwick. (2018), New capabilities for
prediction of high-latitude ionospheric scintillation: A novel approach with machine learning, Space Weather, 16.


https://doi.org/10.1002/2017JA024835
https://doi.org/10.1029/2018SW002018

Curated Sources of Data Science Learning
Resources

Ryan McGranaghan running list of resources (Github repository)
» https://github.com/rmcgranaghan/data science tools and resources

HelioAnalytics website and list of resources
» https://sites.google.com/view/heliodata/resources?authuser=0
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