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Table S1. Tuned parameter values for the nonlinear methods: Artificial Neural Networks (ANN), Model Trees (MT), Bagging of Model Trees (BMT)
and Random Forests of regression trees (RF).

Tuned parameter values

Method Parameter

QURO-1 QURO-2
ANN neurons — number of neurons used 3 1
MT M — minimum number of instances per leaf 8 16
MT N — use unpruned tree/rules FALSE TRUE
MT U — use unsmoothed predictions TRUE FALSE
MT R —build regression tree/rule rather than a model tree/rule FALSE FALSE
BMT P — size of each bag, as a percentage of the training set size 100 100
BMT | — number of iterations 100 100
BMT M — minimum number of instances per leaf 16 16
BMT N — use unpruned tree/rules FALSE FALSE
BMT U — use unsmoothed predictions FALSE TRUE
BMT R - build regression tree/rule rather than a model tree/rule FALSE FALSE
RF P — size of each bag, as a percentage of the training set size 100 100
RF | — number of iterations 100 100
RF depth — the maximum depth of the tree, 0 for unlimited 2 2

Corresponding author: T. Levani¢
e-mail: tom.levanic@gozdis.si

ISSN 1897-1695 (online), 1733-8387 (print)
© 2018 J. Jevsenak et al. This work is licensed under the Creative Commons Attribution-NonCommercial-NoDerivatives 3.0 License.


http://www.degruyter.com/view/j/geochr
mailto:tom.levanic@gozdis.si

COMPARISON OF REGRESSION METHODS FOR PREDICTING VESSEL LUMEN AREA

A) QURO_1

Residuals vs Fitted
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Fig. $1. Diagnostic plots of multiple linear regression models for A) QURO_1 and B) QURO_2. The diagnostic plots presented below are residuals
vs. fitted values, normal probability plot of the residuals (Normal Q-Q), scale-location plot and residuals vs. leverage.
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B) QURO_2
Residuals vs Fitted Normal Q-Q
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Fig. $1. Continuation.
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