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Abstract Numerical simulations

In regression analyses for deriving scaling laws in the context of fusion studies, usually standard regression methods have been applied, of which
ordinary least squares (OLS) is the most popular. However, concerns have been raised with respect to several assumptions underlying OLS in its 1. Atypical observations (outliers) Pod V1% s
application to fusion data. More sophisticated statistical techniques are available, but they are hardly known or used in the fusion community
and, moreover, the predictions by scaling laws may vary significantly depending on the particular regression method used. Given the ubiquity
and importance of scaling laws in fusion research, it is natural to approach their estimation with dedicated statistical tools. We have developed a * Linear model with a single predictor and Gaussian noise:
new regression method for this purpose, which we call geodesic least squares regression (GLS), that is robust in the presence of significant 0< S;i <50 i=1,..,10 _ (0. 62 Minimize Rao GD
uncertainty on both the data and the regression model [1,2]. The method is based on probabilistic modeling of all variables involved in the n; = bé‘_'. b = 3.00 Xi = Szi + €xir €Exi ™~ ( ) O'x) Estimate b, 0 o},
scaling expression, using adequate probability distributions and a natural similarity measure between them (geodesic distance). In this work we % ' =14+ €. € i~ N(O 0.2) s
revisit the scaling law for the power threshold for the L-to-H transition in tokamaks, using data from the multi-machine ITPA database. The Oy = 0-5; 0y = 2.0 Vi i yv Yl *TY

Introduce an outlier: y; = 2 X y;, i € [8,10] uniformly

prediction of the power threshold for ITER is higher than that obtained with OLS on the same database, suggesting caution in interpreting earlier 0
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predictions by established scaling laws.
GLS captures outlier by estimating an average
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In fusion science, regression analysis is used: " OLS = Maximum likelihood estimation (MLE)

= As an aid to build and validate theoretical models from data to find parametric dependencies " Total least squares (TLS) = Robust (iteratively re-weighted) least squares (ROB)
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= As a statistical tool to formulate scaling laws for the purpose of extrapolation e Data
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Ordinary least squares regression (OLS) is the workhorse 200 | |
Often, multiple assumptions underlying OLS are not fulfilled [3,4,5] y 1507 - | On the right is the pseudophere with superimposed the
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0 I l l ‘ ~ indeed shorter than Geo, (GD = 5.85).
Power law: y = boxflxsz ...x,lzlm 2. Logarithmic transformation

Heterogeneous data and error bars, correlations, non-Gaussian probability distributions
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Near-collinearity of predictor variables | = 6i = OY, — Ly
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Regression on the pseudosphere
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Geodesic least squares regression (GLS) .
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errors on
¥ the x;;! scaling has revealed several flawed assumptions [3]: = Additional predictor variables [4]

Minimize error ) = Negligible uncertainty on predictor variables = Non-power law forms [5]
Modeled distribution :
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(e.g. Gaussian) P , P , , , Parameter - ---
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Least squares estimation
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