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fraction unbound is a key pharmacokinetic
parameter affecting drug distribution and
efficacy. Because experimental measurement is
costly and time-consuming, this study applied
machine learning to predict fu using
physicochemical descriptors and molecular
fingerprints from 647 compounds. Gradient
Boosting showed the best performance (R* =
0.61, RMSE = 0.19). Feature analysis identified
hydrogen bonding capacity, lipophilicity, and
polarity as major determinants. These findings
highlight the value of ML-based approaches in
early drug discovery.

The purpose of this study was to
develop a reliable and interpretable machine
learning model for predicting the fraction
unbound in plasma (fur), a key pharmacokinetic
parameter that influences drug distribution,
clearance, and therapeutic efficacy. Because
experimental measurement of plasma protein
binding is costly and time-consuming, there is a
strong need for efficient computational
prediction tools in early drug discovery.This
research evaluated multiple machine learning
algorithms using physicochemical descriptors
and truncated molecular fingerprints to model
the nonlinear relationship between molecular
structure and fu. Additionally, the study aimed
to identify the most influential molecular
properties—such as  hydrogen bonding
capacity, lipophilicity, and polarity—that
govern plasma protein binding.

Experimental fu data were obtained
from the Krumpholz dataset. After removing
duplicates, 647 unique compounds were used
for analysis. Physicochemical descriptors and
molecular  fingerprints (Morgan, RDK,
MACCS) were generated, and dimensionality
reduction was applied using Truncated SVD.
Multiple  machine  learning  algorithms,
including Gradient Boosting and Random
Forest, were trained using an 80/20 train—test
split with 5-fold cross-validation. Model
performance was evaluated using R?, RMSE,

and MAE.
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The predictive performance of the
developed machine learning models was
evaluated using standard regression metrics.
Gradient Boosting achieved the best results in
estimating plasma fraction unbound (fu),
outperforming other algorithms. The main
performance metrics are summarized below:

GB 0.613052 0.187547 0.146494

RF 0.530220 0.206648 0.159843

SVR 0.297104 0.252772 0.197067

MLP -0.17971 0.327470 0.250847

Ridge -0.38748 0.355137 0.282893
Regression

Feature importance analysis revealed
that hydrogen bonding capacity and polarity-
related descriptors are the primary determinants
of plasma protein binding (fu).

This study demonstrated that the
fraction unbound in plasma (fu) can be
predicted with reasonable accuracy using
machine  learning models based on
physicochemical descriptors and molecular
fingerprints. Among the evaluated algorithms,
Gradient Boosting showed the most consistent
and reliable performance. The analysis
confirmed that hydrogen bonding capacity,
lipophilicity, and polarity-related properties
play a major role in determining plasma protein
binding. These findings align with established
pharmacokinetic principles and highlight the
capability of machine learning to model
complex  structure—property  relationships.
Overall, the proposed approach offers a cost-
effective and efficient in-silico tool that can
support early-stage drug discovery and
pharmacokinetic screening.
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