
NASA Heliophysics Summer School 2026: Data-Driven Heliophysics Exploration and Discovery

Applied 
Mathematics 

Department

Tomoko Matsuo

Examples and Emerging Topics 

of Exploratory Data Analysis

1



2

Transform data into knowledge



Scientific Reasoning
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Learning Techniques

7



Unsupervised

Supervised Generative

Discriminative

Your First Decision: Which way to go? 
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• Before anything – you got to know your data 

• Remember “Garbage in Garbage out”



Scientific ReasoningUnsupervised Learning Techniques

• Clustering (e.g., K-means)

• Feature Engineering (e.g., KPCA, BGM)

• Dimensionality Reduction (e.g., PCA)
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Clustering
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K-means Clustering
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K-means Clustering Algorithm
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Example: Old Faithful Data: K-means
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Example: Old Faithful Data: K-means
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K-means Clustering Recap
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Solar Wind Classification Example I

Learn solar wind classification rules from 10 years of ACE data from 2001 to 2010 by 

using K-means clustering [Heidrich-Meisner and Wimmer-Schweingruber, 2018]
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Solar Wind Classification Example I

Learn solar wind classification rules from 10 years of ACE data from 2001 to 2010 by 

using K-means clustering [Heidrich-Meisner and Wimmer-Schweingruber, 2018]

“Slow” solar wind in np-vp plane based on “Heuristic” domain-knowledge based decision rules

Heidrich-Meisner and Wimmer-Schweingruber, 2018
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Feature Selection

In machine learning, features can be directly observed parameters (raw features) 

and/or engineered features

Heidrich-Meisner and Wimmer-Schweingruber, 2018

raw features
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Select K Using Cross Validation

5-fold example

James, 2021
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10-fold Cross Validation of K-means Clustering

Heidrich-Meisner and Wimmer-Schweingruber, 2018
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K=7 clustering of 10-year solar wind data (D=7)
np-vp plane B-Tp plane

Heidrich-Meisner and Wimmer-Schweingruber, 2018

▪Cluster 3 - the bulk of slow solar wind

▪Clusters 4 & 7 - coronal hole wind

▪Clusters 2 & 6 - interstream solar wind

▪Clusters 1 & 5 - ?
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Principal Component Analysis

Bishop, 2006



23Stack Exchange

Principal Component Analysis
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PCA in Practice: Eigenvalue Problem
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Learning Principal Components From Data
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Kernel PCA: Nonlinear Version of PCA
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PCA vs. Kernel PCA
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Kernel PCA Solved with the Kernel Trick
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Solar Wind Classification Example II

Learn solar wind classification rules from 14 years of ACE data from 1998 to 2011 by 

using unsupervised methods (e.g., PCA, clustering, BGM, more) [Amaya et al. 2020]
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Solar Wind Classification Example II

Learn solar wind classification rules from 14 years of ACE data from 1998 to 2011 by 

using unsupervised methods (e.g., PCA, clustering, BGM, more) [Amaya et al. 2020]

Amaya et al. 2020

15

raw features
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PCA Feature Engineering Before K-means/BGM

Amaya et al., 2020

Heidrich-Meisner and Wimmer-Schweingruber 2018

Roberts et al., 2020

Bloch et al., 2020
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Data Points Projected on Principal Components 

PCA      KPCA

Amaya et al., 2020

Color coded by 4 categories

▪ CH: fast solar wind of coronal hole origin

▪ TR: Transients (e.g., ejecta, ICMEs, CIRs, MCs) 

▪ SB: Solar wind originated in the streamer belt

▪ SR: Solar wind of sector reversal origins 
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K=5 clustering of 14-year solar wind data (D=15)
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Ionospheric Convection PCA Example

Learn principal components from DE-2 plasma drift data from 1981 to 1983 to 

characterize the spatiotemporal variability of convection patterns [Matsuo et al. 2002]

E x B plasma drift 

vector measurements 

from 650 passes

Matsuo, Richmond, and Nychka , 2002
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Karhunen-Loéve Expansion
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Random Fields Model /w Karhunen-Loéve Basis
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PCA Solved as Sequential Nonlinear Regression

Matsuo, Richmond and Nychka, 2002
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Leading Principal Components and Variance

Matsuo, Richmond, and Nychka , 2002

IMF BZ effect 

correlation /w 

BZ 0.54

IMF BY effect 

correlation /w 

BY -0.35

Principal Components

Variance
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Ionospheric Convection PCA Example II

Learn principal components from SuperDARN plasma drift data from 2011 to 2012 to 

characterize the spatiotemporal variability of convection patterns [Cousins et al. 2013]

Cousins et al., 2013
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Thermospheric Mass Density PCA Example

Learn principal components from CHAMP data from 2001 to 2008 to characterize the 

spatiotemporal variability of thermospheric mass density [Matsuo and Forbes, 2008]

Matsuo and Forbes, 2010

Mass density measurements 

normalized to 400km
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Principal Components

Variance

Leading Principal Components and Variance

Matsuo and Forbes, 2010

Solar EUV 

effect 

correlation 

/w F10.7 

0.91
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Temporal Variation of Leading Modes

periodgram for 2005

9-day oscillations due to 

recurrent geomagnetic 

activity driven by corotating 

high‐speed streams

semiannual variation         annual variation

Matsuo and Forbes, 2010



Scientific ReasoningSummary

Unsupervised Machine Learning Data Analysis Tools help you

• Examine and understand a dataset 

• Manage large volumes of data by dimensionality reduction

• Extract characteristic patterns and trends from data

• Identify the way data are naturally grouped together
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Ready for your data-driven Heliophysics 
science discovery?
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