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Correlations of predictors

We examined the Spearman correlation between log E5y and all numerical predictors. For
predictors with statistically significant correlation with log E5y, we plotted the correlations
between each pair of predictors and with log Fs5q in Figure S1. A summary of the correlations

between each descriptor and log FEs5q are given in Table S1.

Hyperparameter tuning

To examine the effects of hyperparameters on the VSURF and random forest regression
methods, we reran the first of the ten cross validations at a grid of hyperparmeters. Due to

the computational demand of this procedure, we only reran the random forest method,



which forms the basis for both random forests and VSURF. We varied the size of the
random pool of descriptors for each tree (mtry in the randomForest input) on the range
p[971,373/2, 371 371/2 1], where p is the total number of decsriptors. This grid is centered
on the default value for mtry, p/3, and equally spaced by multiplicative factors of V3. We
also varied the minimal size of the terminal level of tree, nodesize in the randomForest
input. The default value for nodesize is 5, and we explored values [1,2,5,10,20]. We kept
the number of trees constant at a large but manageable value (2,000), which is consistent
with recommendations in the literature. 2

We reran the first of the ten cross validations at all combinations of mtry and nodesize,
for both the means data, and the complete data set, including repeats. Then, we evaluated
performance of random forest using RMSE. For the complete data set, including repeats,
the default settings of mtry and nodesize performed best. The trends of RMSE with mtry
and nodesize are depicted in Figure S2, and values of p/ 3v/3 and 1, respectively, performed
best. However, we notice that the default values most consistently give low values of RMSE.

Since tuning on the means data produced slightly lower values of the hyperparameters,
we reran the remaining nine random cross validations at these settings, for both the random
forest and VSURF methods. The resulting RMSE values, averaged across all ten random
cross validations, was about 0.304 for both random forest and VSURF methods. This value
of RMSE is consistent with the value of RMSE found when using the default tuning
parameters of random forest and VSURF methods. Hence, we conclude that random forest
and VSURF perform sufficiently well without changing the values of mtry and nodesize

from the defaults.

Computation of approximate R?

To compare fits of a our prediction method on the current data set to the performance

of other methods on (potentially) other data sets, we wished to compute the coefficient of



determination (R?). The R? value of predictor § for response y is typically defined as

_ rmse(y, y)? (s1)

. Yy
R? =1 - —2'77
) = = e,

where rmse(a,b) represents the root mean square error between vectors a and b, and g
represents a vector of the same length of y, with each entry occupied by the arithmetic mean
of y (see Ref.? for example). In the main paper, we define a new root mean square error
metric, RMSE, which is meant to balance predictor performance between the complete and
means data. However, RM SE represents the mean root mean square error on data sets with
generally non-integer numbers of repeats (depending on the value of 7). Hence, we define
a pseudo R? that uses the RMSE metric. For a predictor § with metric RMSE(9,y), we

define the approximate R? as

5 RMSE(j,y)?

R*y) =1~ RMSE(7. )" (52)

where RMSFE(y,y) is computed in the same way as RM SFE(y, y), but replacing the predictor
y with a vector where every entry is the arithmetic mean of y. We report the out-of-sample

R2(9) for the selected prediction method in the main paper. We find RMSE(y,y) ~ 0.502.
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Figure S1: Spearman correlations of significantly correlated predictors with log Esq.



Table S1: Spearman correlation of predictors with drop energy, on the log scale.

Spearman correlation

Oxygen balance 0,668
Q (keal/g) -0.668
Moment1 0.664
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Figure S2: RMSFE in first cross validation of random forest method, varying tuning param-
eters mtry and nodesize.



