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1. Intra-dataset Outlier Detection Using Z-scores (Continuous Data): The figures present
the intra-outlier analysis for the validation datasets associated to a specific property
based on Z-scores:

» Top row: Z-scores for each dataset are plotted against the chemical ID before outlier remo-
val. The red dashed lines indicate the Z-score threshold of £3, with values outside this range
considered as outliers (‘intra-outliers’).

* Second row: Categorization of the dataset records before outlier removal. Values of 1 repre-
sent identified intra-outliers, 0 represents non-outliers, and -1 corresponds to missing data in
the specific validation dataset.

* Second row: Z-scores for each dataset are plotted against the chemical ID before outlier
removal. The red dashed lines indicate the Z-score threshold of +3, showing cleaned datasets.

* Fourth row: Categorization of the dataset records after outlier removal. Values of 1 represent
identified intra-outliers, 0 represents non-outliers, and -1 corresponds to missing data in the

specific validation dataset.

2. Inter-dataset Outlier Detection Based on Standardized Deviation (Continuous Data): The
figures present the inter-outlier analysis, comparing each pair of validation datasets
associated to a specific property and identifying value discrepancies based on standardi-
zed standard deviations (STD).

» Top row: Correlation plots for the experimental values shared between each pair of datasets
before outlier removal. The red line represents the perfect correlation. The R2 value and the
percentage of common molecules are indicated in each plot.

* Second row: Standardized standard deviation (STD) plots for each dataset pair before outlier
removal. The red dashed line marks the threshold of standardized STD = 0.2, with points
above this line considered as outliers (‘inter-outliers”).

* Third row: Correlation plots for the experimental values shared between each pair of data-
sets after outlier removal. The red line represents the perfect correlation. The R2 value and the
percentage of common molecules are indicated in each plot.

* Fourth row: Standardized standard deviation (STD) plots for each dataset pair after outlier
removal. The red dashed line marks the threshold of standardized STD = 0.2, showing clea-

ned datasets.



3. Inter-dataset Outlier Detection (Categorical Data): The figures present a categorical
‘inter-outlier’ analysis for the validation datasets associated to a specific property, identif-
ying category inconsistencies between shared records.

 Top panel: Comparison of the experimental values for shared compounds across both data-
sets before outlier removal. A value of 1 indicates agreement where both datasets show
positive results for the compound, while 0 indicates agreement where both datasets show
negative results. A value of -1 represents inconsistent results between the datasets, marking
these compounds as inter-outliers. The percentage and total count of inter-outliers are noted in
the plot.

* Bottom panel: Comparison of the experimental values for shared compounds across both
datasets after outlier removal. A value of 1 indicates agreement where both datasets show
positive results for the compound, while 0 indicates agreement where both datasets show
negative results. The -1 category (inconsistent records) is eliminated, indicating a clean

dataset.
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Figure S1: Boiling Point (BP). Intra-dataset Outlier Detection Using Z-scores
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Figure S2: Boiling Point (BP). Inter-dataset Outlier Detection Based on Standardi-
zed Deviation (Continuous Data).
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Figure S3: Distribution coefficient (logD). (A) Intra-dataset Outlier Detection
Using Z-scores (Continuous Data); (B) Inter-dataset Outlier Detection Based on
Standardized Deviation (Continuous Data).
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Figure S4: Henry’s law constant (logH). (A) Intra-dataset Outlier Detection Using
Z-scores (Continuous Data); (B) Inter-dataset Outlier Detection Based on Standardi-
zed Deviation (Continuous Data).
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Figure S5: Octanol/water partition coefficient (logP). Intra-dataset Outlier Detec-
tion Using Z-scores (Continuous Data).
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Figure S6: Octanol/water partition coefficient (logP). Inter-dataset Outlier Detec-
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Figure S7: Melting Point (MP). (A) Intra-dataset Outlier Detection Using Z-scores
(Continuous Data); (B) Inter-dataset Outlier Detection Based on Standardized
Deviation (Continuous Data).
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Figure S8: pKa acidic (pka-a). (A) Intra-dataset Outlier Detection Using Z-scores
(Continuous Data); (B) Inter-dataset Outlier Detection Based on Standardized
Deviation (Continuous Data).
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Figure S12: Caco-2 permeability (Caco2). (A) Intra-dataset Outlier Detection
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Figure S13: Bioavailability (F30). Inter-dataset Outlier Detection (Categorical

Data).

16



B)

Figure S14: Fraction Unbound (FUB). (A) Intra-dataset Outlier Detection Using
Z-scores (Continuous Data); (B) Inter-dataset Outlier Detection Based on Standardi-

zed Deviation (Continuous Data).
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Figure S15: Human Intestinal Absorption (HIA). Inter-dataset Outlier Detection

(Categorical Data).
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Figure S17: P-glycoprotein substrate (Pgp.sub). Inter-dataset Outlier Detection

(Categorical Data).
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