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1 Hyperparameters

Model Hyperparameters Value

SVM [1]
probability

random state

class weight

True
42
‘balanced’

RF [1]
random state

class weight

42
‘balanced’

CatBoost [2] iterations 1000

MLP [1]

early stopping

random state

learning rate

solver

batch size

True
42
‘adaptive’
‘adam’
‘auto’

Table 1 Fixed hyperparameters for SVM, RF,
CatBoost, and MLP.

2 Package Versions
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package name version
tabpfn 8.5.0
scikit-learn 1.6.1
pandas 2.3.3
numpy 2.3.5
autogluon.tabular 1.4.0
catboost 1.2.8
scipy 1.16.2
statsmodels 0.14.5
matplotlib 3.10.7
seaborn 0.13.2
mrmr-selection 0.2.8
datasail 1.2.3
scikit-posthocs 0.12.0
chemprop 2.3.1

Table 2 Open source Python
libraries that we used, along
with the respective package
version.

3 Additional Results

3.1 Model Performances: AUROC versus MCC

model mean AUROC std AUROC mean MCC std MCC
SVM 0.67 0.10 0.15 0.10
RF 0.74 0.07 0.21 0.11
CatBoost 0.69 0.10 0.15 0.09
MLP 0.68 0.09 0.14 0.09
TabPFN 0.75 0.08 0.13 0.10

Table 3 Mean and standard deviation (std) for all five models across
all assays using the area under the receiver operator characteristics curve
(AUROC) or the Matthews correlation coefficient (MCC) as
performance metric. Abbreviations: support vector machine: SVM,
random forest: RF, multi-layer perceptron: MLP.
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3.2 DR Method Comparison For Physicochemical Properties

Fig. 1 Results of the Nemenyi test performed to compare DR methods across all combinations
with physicochemical properties for all tested assays. The left side shows the critical difference plot;
if there is no significant difference between the average rank of different DR methods, they will be
connected by a vertical line. The right plot shows the p-value heat map; a red p-value indicates that
the difference was significant with significance level of 0.05.

3.3 Dataset Characteristics

max heavy atoms fraction of core size correlation to performance
6 0.2 -0.32
6 0.5 -0.50
6 0.8 -0.41
8 0.2 -0.32
8 0.5 -0.57
8 0.8 -0.42
10 0.2 -0.32
10 0.5 -0.58
10 0.8 -0.47

Table 4 Table showing the influence of the hyperparameter choice for
the matched molecular pair (MMP) definition on the observed
correlation to the response.
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Fig. 2 Relationship between best achieved performance and assay size (left) or Tanimoto similarity
between test fold and closest training compound (right).
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