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Abstract

Introduction The unbound brain-to-plasma partition coefficient (K, ,, ggp) is an essential parameter for predicting central
nervous system (CNS) drug disposition using physiologically-based pharmacokinetic (PBPK) modeling. K,, ,, ggg Values for
specific compounds are however often unavailable, and are moreover time consuming to obtain experimentally. The aim of
this study was to develop a quantitative structure—property relationship (QSPR) model to predict the K, , ggg and to dem-
onstrate how QSPR-model predictions can be integrated into a physiologically-based pharmacokinetic model for the CNS.
Methods Rat K, gpp values were obtained for 98 compounds from literature or in house historical data. For all compounds,
2D and 3D physico-chemical and structural properties were derived using the Molecular Operating Environment (MOE)
software. Multiple machine learning (ML) regression models were compared for prediction of the K, ,, ggp, including ran-
dom forest, support vector machines, K-nearest neighbors, and (sparse-) partial least squares. Finally, we demonstrate how
the developed QSPR model predictions can be integrated into a CNS PBPK modeling workflow.

Results Among all ML algorithms, a random forest showed the best predictive performance for K, ,, g on test data with
R? value of 0.61 and 61% of all predictions were within twofold error. The obtained K, w,sBB Were successfully integrated
into the LeiCNS-PK3.0 CNS PBPK model.

Conclusions The developed random forest QSPR model for K, ggp prediction was found to have adequate performance,
and can support drug discovery and development of novel investigational drugs targeting the CNS in conjunction with CNS
PBPK modeling.

Keywords K, ,, pgp - LeiICNS-PK3.0 - machine learning - random forest

Introduction

Central nervous system (CNS) active drugs have to cross the

blood-brain barrier (BBB) to exert their effect. This barrier

may have an important impact on CNS drug distribution,
Helle W. van den Maagdenberg and Luke van Boven contributed which is one of the reasons contributing to the high attrition
equally to the work. rate in CNS drug development [1]. Therefore, it is important
to understand the CNS penetration of drugs. In this context,
the ratio of the unbound drug concentrations in brain extra-
cellular fluid (braingcg) over plasma at steady state, or the
K, wuBBB- 18 an essential parameter to predict CNS drug dis-
position. It is important to distinguish between K, ,, g and
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1 indicates mainly passive transport, while K, ,,, ggp values
smaller or larger than 1 indicate dominant active efflux or
influx BBB transport processes, respectively.

To determine the K, , ggg. various techniques have been
proposed. In vivo microdialysis is considered the gold stand-
ard due to its direct in vivo measurement of unbound concen-
tration—time profiles in brain extracellular fluid (braingcg)
and in plasma, to determine clearance of the unbound drug
into (Cl;,) and clearance of the unbound drug out of the
braingcg (Cl,,) to determine K, ggp in the full physiologi-
cal setting [2—4]. Though being the best, it is not the easiest
technique to be used, and also is restricted to drugs with not
too high lipophilicity. Another approach to determine the
K} uubrains 18 the CMA approach [5] that utilizes an in vivo
neuro PK study with total brain and total plasma concentra-
tions to first establish the K, ; ;.. Next, the fraction unbound
in plasma (f, j,sm,) and fraction unbound in brain (f, ;) are
determined in vitro, and used to calculate K, ,, prain- Using
the volume of distribution in brain (V,,y,,;,) instead of £, ...,
results in an estimation of K, ,, ggg- S0, in this approach, for
determining K, , ggg, @ number of parameters are obtained
outside the intact physiological context. The full physiologi-
cal context in which microdialysis-derived K, ,, ggp Vvalues
are obtained, makes such K, ,, ggp values more physiologi-
cally relevant.

The K, ,, g 1s @ key parameter to enable the prediction
of CNS pharmacokinetic profiles using CNS physiologi-
cally-based pharmacokinetic (PBPK) modelling. CNS PBPK
modelling is a relevant computational approach to predict
(unbound) drug distribution in the CNS, and to translate
expected CNS drug disposition between species. We have
previously developed and validated the LeiCNS-PK3.0 CNS
PBPK model to predict unbound drug concentration—time
profiles in multiple physiological compartments of the CNS
[6]. However, CNS PBPK models require K, ,, g values
to be provided as input parameters. To this end, QSPR mod-
els are relevant to generate K, ,, ggp values as input to the
LeiCNS-PK3.0 model, when these are not available from
experimental sources.

Although various in vitro and in vivo methods for
K, w,ep determination are available, for the majority of
existing drugs as well as for novel investigational com-
pounds, K, ggp values are unavailable. Quantitative struc-
ture—property relationship (QSPR) models link structural
features of molecules with the pharmacological properties,
and can be used to predict K, ,, ggp- Several QSPR models
have been developed to predict the total concentration of
drug in the brain, based on total concentration in the blood
at equilibrium (logBB) [7]. However, total concentration
based models lack pharmacological relevance as these do
not include the unbound concentration in braingcg, which
is responsible for the pharmacological effect. QSPR models
using various machine learning algorithms which predict
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K, wupBB: and do consider unbound drug concentrations
in the braing.p, based on data produced using the CMA
approach have been previously described [8—15]. In addi-
tion, two QSPR models for K, ,, ggg have combined data
generated using both in vivo microdialysis and the CMA
approach [9, 16]. Finally, a QSPR model [16] was previously
developed for datasets with K, ,, ggg values obtained by in
vivo microdialysis study alone. However, while very elegant,
this study used a relatively small sample size while more val-
ues are available. Most existing QSPR models for predicting
K, wuBeB are based on CMA derived values, complicating
interspecies translatability. The scarcity of models utilizing
microdialysis data, despite their higher physiological rel-
evance, point out the need for QSPR models that prioritize
microdialysis determined K, ,, ggp values.

The aim of this study was to develop a rat QSPR model
to predict the K, , ggg values based on 98 in vivo microdi-
alysis-derived K, ,, ggp Vvalues, and to compare the predic-
tive performance for multiple machine learning algorithms.
Moreover we aimed to demonstrate how the developed
QSPR model can be integrated into the LeiCNS-PK3.0 CNS
PBPK model.

Methods

A systematic database of microdialysis-based K, ,, ggg
values was created. For each compound, physico-chemical
parameters were derived. The data was then split into train
and test sets, with the train set being used to test several
machine learning algorithms. The final model was evaluated
and applied within the LeiCNS-PK3.0 model for selected
compounds (Fig. 1).

Data Set Collection of K, ,,, g

To acquire in vivo measured K, ggp values, an exten-
sive literature research was performed on studies utilizing
the microdialysis approach in rat CNS. The microdialysis
method was considered adequate if the microdialysis probe
collected dialysate of the braingp were corrected with the
relative recovery, to convert the drug concentrations to
unbound. K, , ggp Values were either directly taken from
the publications or calculated from reported unbound con-
centrations at steady state in braingcg (Cgcpygs) and in
plasma (Cjyqmauss) (Eq. 1. The K, gpp values could also
be derived, by calculating using the clearance in and out
of the braing by the Cl;, over Cl .. (Eq. 2) or by the area
under the curve (AUC) of unbound compounds, from time-
point O to infinity, in braingcg (AUCgep,, g_,o,) and plasma
(AUC j4ma,u0-00) (EQ. 3). To enlarge the input dataset for
building the QSPR model, microdialysis studies measuring
the AUC to a specific timepoint instead of calculating to
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Calculating of Physico-Chemical Properties

The dataset of physico-chemical properties of the drugs
was generated using MOE (version 2024.0601) [17]. The
3D molecular structures of the compounds were obtained
in MOE software by applying 3D coordinates as signed dis-
tance field (sdf) obtained from PubChem 2023 [18]. Only for
DAMGO and digoxin the 2D coordinated were used since
these compounds were unstable or contained to many atoms
respectively to generate the coordinates. The compounds
were cleaned using the function “wash”, with protonation
set to dominant at pH 7.4. This step was done to clean the
compound by disconnecting metal groups in simple salts and
keeping only the large molecular fragments and strong acids
were deprotonated and strong bases protonated. As last step,
to ensure that each compound is in its stable (lowest energy)
conformation and thereby enhancing the quality and reliabil-
ity of the compound descriptors an “energy minimization”
step was conducted. During this process the compounds

were subjected to energy minimization by using the Merck
Molecular Force Field 94 (MMFF94x) with a gradient of
0.01 RMS Kcal/mol/A2. The MMFF94x force field is cho-
sen over other force fields since it has a higher accuracy for
small molecular compounds for which the LeiCNS-PK3.0 is
developed [19, 20]. Energy minimization using MMFF94x
optimizes the 3D structure of the compound, ensuring that
it adopts a stable, low-energy conformation. The minimized
structure reflects better the actual shape and distribution of a
compound in a biological system. Moreover, the minimized
structure allows for a more accurate calculation of phys-
icochemical descriptors. A total of 375 physico-chemical
properties were calculated.

QSPR Model Development
Data Splitting and Preprocessing

The data set containing the logK,, ,, ggp values and the phys-
ico-chemical properties was split into 80% to the train set
and 20% into the test set by a random split. For compounds
with a high similarity to the test set (Tanimoto similar-
ity > 0.7 based on RDKit (2024.3.5) [21]) topological fin-
gerprints were excluded from the training set. The remaining
compounds were used for model building. Feature selec-
tion was performed on the training set. First the descriptors
with zero variance were removed. Followed by calculating,
identifying and removing highly correlated descriptor with
Pearson correlation with a threshold of 0.8. After removing
the near zero and highly correlated descriptors, one final
step of feature selection on the remaining descriptors was
conducted with the Boruta feature selection algorithm (ver-
sion 8.0.0, maxRuns 500) on the training set. The Boruta
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feature selection algorithm identifies relevant features by
iteratively comparing the importance of actual features with
randomized shadow features, retaining those with consist-
ently higher importance than the shadows [22]. To evaluate
the overlap of the chemical space of the train and test set a
principal component analysis (PCA) on the chemical feature
matrix was performed.

Machine Learning Algorithms

Machine learning models were implemented in R (version
4.4.0) using the packages caret (version 6.0.94), kernlab
(version 0.9.32) and spls (version 2.2.3), based on differ-
ent machine learning algorithms. The feature values used
as input were standard scaled. Several QSPR algorithms
were evaluated, including random forest (RF), support vec-
tor machines with linear kernel (SVM), K-nearest neighbors
(KNN), sparse partial least squares (SPLS) and partial least
squares (PLS). For every algorithm, tuning parameters were
optimized by defining a tuning grid for the mtry for RF, costs
(C) for SVM, k for KNN, eta and K for SPLS and lastly
ncomp for PLS. The algorithms are further modelled using
tenfold cross validation and 200 repeats.

QSPR Model Evaluation

The predictive performance of the five different machine
learning algorithms were compared, based on the average
cross-validated predictive performance (q2), and the ML
algorithm with the best predictive performance was selected.
The q? is calculated as the correlation between the observed
and predicted values and squaring the value (R package
caret). The selected best performing ML algorithm was fur-
ther evaluated by estimating the root mean squared error
(RMSE) and R? on the train and test set and by checking
the percentage within the 2- and 3-fold error range. Fur-
thermore, the test set is also used to evaluate this model by
checking the statistical characteristics advised by Golbraikh
and Tropsha [23]. These characteristics were an R? above
0.6, coefficients of determination below 0.1 and the slopes
k of the regression line through the origin between 0.85
and 1.15. An applicability domain analysis was performed
by calculating the Mahalanobis distance with a probabil-
ity value of 0.95 of test data on the mean of the train data.
To evaluate if the final model performance is better than
chance, Y-randomization was performed. The target variable
logK,, ..5es Was randomly permuted. The dataset preproc-
essing, model building and evaluation (only on the selected
algorithm) was repeated with the permuted dataset for 30
iterations. On the outliers additional physico-chemical prop-
erties analysis, check on their distribution in the chemical
space within the PCA analysis were performed. The predic-
tive descriptors within the QSPR model were identified by
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estimating the importance of each descriptor individually
and ranking them using the variable importance function in
the R package caret and evaluated the relation with observed
logK,, ..pBE Values.

Integration into the LeiCNS-PK3.0 Model

To demonstrate the application of QSPR models in the
LeiCNS-PK3.0 CNS PBPK model, we generated predictions
for CNS PK profiles for acetaminophen, methotrexate, pali-
peridone, phenytoin, raclopride and risperidone, as we had
available in house measured microdialysis data and observed
K, uu,ses Values for these compounds. Plasma PK, physico-
chemical properties, and measured and predicted K, ,, ggg
values of these drugs were used as input parameters. Simu-
lations with LeiCNS-PK3.0 model were conducted with
the observed K, ,, ggg values, followed by simulations with
predicted values while keeping the plasma PK and physico-
chemical parameters fixed. The predicted braingp profiles
from both sets of simulations were overlaid with observed
data points to evaluate the predictions on the basis of visual
predictive checks.

Results
Preprocessing Data

Of the 375 included descriptor, 122 descriptors remained
after near zero variance and co-correlated descriptors
removal. On the remaining descriptors the Boruta feature
selection was applied and resulted in 10 confirmed descrip-
tors and 4 tentative and the remaining rejected. These 14
descriptors including 2D and 3D are further used for model
building. Short descriptions of the included descriptors may
be found in Supplementary Table 1.

Collected Dataon K, sgs

A total of 98 microdialysis-measured K, ggp values
were included for drugs with various physico-chemical
properties (Supplementary Table 2-3). A Tanimoto simi-
larity analysis, based on the topological fingerprints of
the training set molecules, identified the 12 compounds
in the train set as having high similarity (>0.7) to com-
pounds in the test set. To ensure independence of the
test set, these 12 compounds were excluded from further
model development. The chemical space of train and test
set were compared by a PCA analysis within the first
two principal components (PC) accounting for total 52%
of the variance (PC1=35% and PC2=17%). Further
analysis on the loadings of the descriptors within the
first 2 PCs showed that H-bond donor capacity at —0.2
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Fig.2 Principal Component Analysis (PCA) on the physico-chemical
properties of the test and train set being used to train the machine
learning algorithms. The results shows that the collected dataset with
the partition coefficient, K, pgp, being divided in test and train set
have overlapping chemical space. The annotated compounds were
identified as outliers by using the Mahalanobis distance.

(vsurf_HB1) had the highest positive and Oprea leadlike
test (opr_leadlike) the highest negative loading in PC1.
Same analysis for PC2 showed that the descriptor for sur-
face area of regions where the SMR values fall within a
range of 0.11,0.26 (SMR_VSA1) had the highest positive
load and number of nitrogen atoms (a_nN) the highest
negative load. Appropriate overlap of the chemical space
of train and test sets was observed (Fig. 2).

QSPR Models

We trained five machine learning models on the train data
set, using tenfold cross validation and 200 repeats for opti-
mization of tuning parameters. The best performing model
was selected based on the average cross-validated predictive
performance, q°. Based on the predictive performance on
train and test, the R? and RMSE, the RF was selected as the
best performing model with a q* of 0.60 and RMSE of 0.48
(Table I). The worst predicting ML was the KNN with a g?
of 0.45 and RMSE of 0.58.

The Random Forest Model Performance Testing

The RF model performance was further evaluated by evalu-
ating the predictive performance on train and test set. The
predictive performance, R? of test was 0.61 with an RMSE
of 0.52 (Table II). For the train set the R?> was 0.92 and the
RMSE of 0.24. The Y-randomization validation (25 itera-
tions, five iterations were skipped, due to 0 descriptors being
selected) showed an R? on the test set of 0.11 (SD 0.14) and
on train set of 0.85 (SD 0.09). The predicted values were
calculated and the percentage within the twofold and three-
fold errors were determined and of the test set 33.3% was
within twofold and 61.1% within threefold errors. The train
set predictions was for 79.4% within the twofold and 94.1%
within the threefold errors. The observed versus predicted
logK,, .. ep Values (Fig. 3) of the final model demonstrate
that mainly values around predicted logK, ,,, ggg of —1 were
outside the threefold change error range. The Mahalanobis
distance applicability domain analysis identified 16 outliers
in the whole dataset.

Tablel Overview of Predictive Performance of the Tested Machine Learning Algorithms on Train Set. The Results Shown are the Average Pre-
diction Performances for the Train Data (n=68) of the 10-fold Cross Validation and 200 Repeats with the Hyperparameter Optimized Tuning

Parameters

Machine Learning Model g (SD) RMSE Tuning parameter Tuning range (steps) R?
Random Forest (RF) 0.60 (0.26) 0.48 mtry =2 1-14(1) 0.61
Support Vector Machines (SVM) 0.60 (0.28) 0.15 C=1 1-10(1) 0.53
K-nearest neighbors (KNN) 0.45 (0.28) 0.58 k=9 1-100 (1) 0.48
Sparse Partial Least Squares (SPLS) 0.56 (0.28) 0.56 eta=0.95 K=7 eta=0.8 -0.95 (0.01),K=1 0.27

-10
Partial Least Squares (PLS) 0.60 (0.28) 0.49 ncomp=1 1-10(1) 0.26

q®=average cross validated prediction error, R?= prediction error, RMSE =root mean square error. SD = standard deviation

Table Il Random Forest Train
and Test Data Performances and
R? on Y-randomization with 30

Iterations

Random Forest R? RMSE Within two- Within three-  Y-randomized R> Y-randomized

fold error (%) fold error (%) mean (SD)* q2 mean (SD)*
Train (n=68) 0.92 0.24 79.4 94.1 0.86 (0.07) 0.27 (0.06)
Test (n=18) 0.61 0.52 33.3 61.1 0.08 (0.08)

*five iterations were skipped, due to O descriptors being selected. SD =standard deviation
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Fig.3 Observed versus pre-
dicted logK,, ,, ggg values with
Random Forest model for train
and test data. The prediction
error (R?) of both datasets is
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The top three most important chemical characteristics
(Fig. 4) in the final RF models included the VolSurf Criti-
cal packing parameter (vsurf_CP), number of nitrogen
atoms (a_nN) and relative negative partial charge (RPC-).
Individual analysis of the descriptors and logK,, ,, ggg val-
ues showed for RPC- an overall weak positive association
and for the other two no correlation was observed.

vsurf_CP
a_nN-

RPC-1
vsurf_HL2 1
h_pstates
vsa_acid
vsurf_HB1 A
Q_VSA_FPNEGH
PEOE_VSA+6
SlogP_VSA1 1
PEOE_RPC+ 1
opr_leadlike A
SMR_VSAT1H
lip_don

Descriptor

Integration into the LeiCNS-PK3.0 Model

To demonstrate the integration of the QSPR model into the
LeiCNS-PK3.0 model, acetaminophen, methotrexate, pali-
peridone, phenytoin, raclopride and risperidone were used
for predicting the distribution in the rat braing (Fig. 5). Of
these drugs acetaminophen and raclopride were in the test
set while the other four were in the train set. The simulations
were conducted with observed and QSPR model predicted

Descriptor association
with KpuuBBB

- negative
B uncorrelated
weak positive

N
)]

50

75 100

Importance (%)

Fig.4 Ranked chemical descriptors (top 5) for the final Random Forest model in decreasing order. The most important descriptors of the ran-
dom forest model for prediction of the partition coefficient, K, ggp, ordered from highest to lowest importance value (%). Bars are colored
according to their association with K, ggg: blue bars indicate a positive association (higher descriptor value correspond to higher K, ., g
value) and red bars indicate a negative association (higher descriptor value correspond to lower K, ,, ggg value). vsurf_CP=VolSurf Criti-
cal packing parameter, a_nN=number of nitrogen atoms, RPC-=relative negative partial charge, vsurf HL2=Second hydrophilic-lipo-
philic balance descriptor, h_pstates =entropic state count at pH 7, vsa_acid =approximation of Van der Waals surface area of acidic regions
in the molecule,vsurf_HB1=hydrogen bond donor capacity, Q_VSA_FPNEG =fractional negative polar van der Waals surface area, PEOE_
VSA +6=sum of van der Waals surface areas of atoms within a partial charge, SlogP_VSA1 = surface area descriptor associated with Log of the
octanol/water partition coefficient, PEOE_RPC + =relative positive partial charge, opr_leadlike =the Oprea Lead-like test, SMR_VSA1=sum
of van der Waals surface areas for atoms within a range for molar refractivity, lip_don=the count of hydrogen bond donors.
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Fig.5 Predicted concentration—time profiles of six drugs at the rat brain extracellular fluid (braing.g). Simulations were performed with the
observed and predicted K, ggg Value for acetaminophen, methotrexate, paliperidone, phenytoin, raclopride and risperidone. Acetaminophen
and raclopride were in the test set and the other four in the train set. The simulations were completed using the central nervous system physi-
ologically based pharmacokinetic, LeiCNS-PK3.0, model. The drug profiles were compared to inhouse microdialysis measured rat studies (black

dots).

K, upee Values and the LeiCNS-PK3.0 predicted concen-
tration profiles were evaluated against in house measured
microdialysis observations. LeiCNS-PK3.0 simulations
using the QSPR predicted K, ,, ggp that for most of the
drugs, except raclopride, the predictions were overlapping
for with the rat microdialysis observations.

Discussion

In this study we successfully developed a QSPR model
using a random forest regression model. This model was
able to predict for more than 61% of K, ,, ggp Values within
a threefold error, using a unique large-scale dataset based on
microdialysis measurements. In addition, we demonstrated
how the developed QSPR model could be integrated into a
CNS PBPK modeling workflow for prediction of CNS drug
disposition.

The developed QSPR model showed a predictive per-
formance with an R? of 0.61 for the test set. This perfor-
mance is in line with previously developed QSPR models
(R?=0.53 — 0.89) [9-16]. The predictive performance of
our model on the cross-validated training was associated
with a g° of 0.60 and an R? value 0.61. Y-randomization

analysis showed a low R? of 0.11 indicating limited overfit-
ting. Furthermore, performance of our model was superior
in comparison to a previously published QSPR model devel-
oped with a smaller dataset (n=53) and lower predictive
performance (test R?=0.35) [16]. The Mahalanobis distance
identified 5 outliers within the test set and visually com-
paring these outliers in the PCA with the train set outliers
showed overlap. Moreover, the identified outliers within the
test set appear to have a predicted logK,, ,, ggp around —1,
except for memantine. The other compounds in the test set
were generally close to the regression line. These finding
suggest that the QSPR model developed could be applicable
to the compounds chemically close to the ones within the
applicability domain and makes this QSPR model suitable
for further applications as part of PBPK workflows.

In this study, we utilized K, ,, ggp Values obtained exclu-
sively through microdialysis for constructing the QSPR
model. In contrast, most existing QSPR models use K, ,, brain
values that use fraction unbound in brain by brain homoge-
nate assays, and fraction unbound in plasma protein by in
vitro equilibrium dialysis methods. These approaches do
not take into account the intact physiological context of
the processes that govern CNS drug distribution. Microdi-
alysis based K, ,, ggp Values are most relevant, as these are
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obtained in vivo, in the full physiological context. Therefore
we consider the microdialysis derived K, ,, ggp values as the
best reflecting the real situation and used selectively these
in our QSPR model development. Only one previous study
has built a QSPR model based on microdialysis data, but
it tested on a relative small number of 53 compounds [16].
Our study, however, developed a QSPR model by testing a
larger number of compounds, resulting in a broader chemical
space and higher predictive performance without the need to
incorporate additional information on BBB transporters. The
enhanced predictive performance suggests the usability of
the developed QSPR model in clinically relevant predictions.

A previous study on comparing the predictive perfor-
mance in building QSPR models using 2D and 3D descrip-
tors suggested that using both will increase the predictive
accuracy and in predicting the clinical success [24, 25]. The
inclusion of large amount of 2D or 3D descriptors gave us
the possibility to train the machine learning algorithms on
various properties of the compounds and learn more about
the potential relevant chemical features. In this study a
number of important descriptors were identified which can
impact the K, ,, ggp Of a drug and thereby transport across
the BBB. Comparing the important descriptors obtained
with the QSPR model in this study and others showed some
overlapping descriptors. In this study descriptors as the ioni-
zation potential, charge, energy, number of nitrogen atoms,
hydrogen bonding and hydrophilicity of the compounds
were identified as important. This was partially in line with
previous studies who identified hydrogen bonding, molecu-
lar topology, polar surface area and molecular volume as
important descriptors for K, , g prediction. Overlapping
parameters such as the polar surface area and hydrogen
bonding have been suggested to correlate with P-gp interac-
tion, and the charge, due to the negative charge of the BBB,
may to rely on other active transport mechanisms [26-28].
Another descriptor from our study, the number of nitrogen
atoms, have been studied before and the results of that study
showed that various nitrogenous substructures can facili-
tate BBB penetration on different levels [29]. The ionization
potential identified so far only in our study is a measure for
the energy required to remove an electron from the molecule
to become charged. The higher the ionization potential, the
more energy is needed for the molecule to become charged,
less polar and more lipophilic, which could be beneficial
for passive transport and avoiding active transport as efflux
transport. Our study confirmed the importance of the already
identified descriptors and in addition showed the importance
of other descriptors.

The currently developed QSPR model could be useful
aid for design and development of early stages in CNS
active drug with intended or not intended CNS effects, and
CNS toxicity. Its application in predicting the K ,, ggg
value for the LeiCNS-PK3.0 model accelerates and
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broadens the model’s use, reducing the need for animal
testing and predicting PK profiles in various physiological
compartments, including drug target sites. We show for
the six drugs included in our simulations, the predicted
braingqr PK profiles are mostly in line with the microdi-
alysis measured concentrations. The combination of QSPR
and CNS PBPK modeling further opens up the possibil-
ity to investigate what physico-chemical properties would
results in good PK profiles for optimal target engagement,
as well as predictions of drug distribution in other species,
healthy and disease conditions or any other physiological
changed conditions [30, 31].

We expect further refinements and improvements of
QSPR model predictions may be achieved by adding drug-
transporter interaction information. Previous studies add-
ing transport information as P-glycoprotein efflux ratios
in a mice QSPR model and adding influx and efflux trans-
porter information in a SPLS algorithm model showed
improvement in the model performance [8, 14, 16]. In
addition, some of the compounds can undergo metabolism
at the BBB for these additional interaction with metabolic
enzymes can be added. With additional interactions the
current QSPR model could be improved and better predic-
tions can be achieved.

In conclusion, in this study we developed an QSPR
model with acceptable predictive performance in predic-
tion of K, ,,, ggg Values. Beside using this model for pre-
diction of the extent of drug distribution, the predicted
K, uupep Value can be used as input into the LeiCNS-
PK3.0 model to predict the unbound CNS drug distribu-
tion in various physiological conditions.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11095-025-03828-0.

Author Contribution Berfin Giilave Conceptualization, Data collec-
tion, Data analysis, Model simulations, Writing original draft, review
and editing. Helle W. van den Maagdenberg Code checking, review
and editing. Luke van Boven Data collection, Data analysis, model
simulations, Gerard J.P. van Westen Review and editing. Elizabeth CM
de Lange: Conceptualization, Writing original draft, review and edit-
ing. JG Coen van Hasselt: Conceptualization, Writing original draft,
review and editing.

Funding This project has received funding from the European Union’s
Horizon2020 research and innovation programme under grant agree-
ment No 848068. This publication reflects only the authors’ view and
the European Commission is not responsible for any use that may be
made of the information it contains.

Data Availability The data supporting the findings of this study are

available within the article and its supplementary materials. The code
is not publicly available due to intellectual property restrictions.

Declarations

Conflict of Interest Not applicable.


https://doi.org/10.1007/s11095-025-03828-0

Pharmaceutical Research

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Abbott NJ, Patabendige AAK, Dolman DEM, Yusof SR, Begley
DJ. Structure and function of the blood-brain barrier. Neurobiol
Dis. 2010;37(1):13-25. https://doi.org/10.1016/j.nbd.2009.07.
030.

2. Hammarlund-Udenaes M, Fridén M, Syvinen S, Gupta A. On
the rate and extent of drug delivery to the brain. Pharm Res.
2008;25(8):1737-50.

3. de Lange ECM, Hesselink MB, Danhof M, de Boer AG, Bre-
imer DD. The use of intracerebral microdialysis to determine
changes in blood-brain barrier transport characteristics. Pharm
Res. 1995;12(1):129-33.

4. Yamamoto Y, Danhof M, De Lange ECM. Microdialysis: the key
to physiologically based model prediction of human CNS target
site concentrations. AAPS J. 2017;19(4):891-909.

5. Loryan I, Sinha V, Mackie C, Van Peer A, Drinkenburg W, Ver-
meulen A, et al. Mechanistic understanding of brain drug dispo-
sition to optimize the selection of potential neurotherapeutics in
drug discovery. Pharm Res. 2014;31(8):2203-19.

6. Saleh MAA, Loo CF, Elassaiss-Schaap J, De Lange ECM. Lum-
bar cerebrospinal fluid-to-brain extracellular fluid surrogacy is
context-specific: insights from LeiCNS-PK3.0 simulations. J
Pharmacokinet Pharmacodyn. 2021;48(5):725-41. https://doi.
org/10.1007/s10928-021-09768-7.

7. Faramarzi S, Kim MT, Volpe DA, Cross KP, Chakravarti S, Stavit-
skaya L. Development of QSAR models to predict blood-brain
barrier permeability. Front Pharmacol. 2022;13:4486.

8. LiuH, Dong K, Zhang W, Summerfield SG, Terstappen GC. Pre-
diction of brain:blood unbound concentration ratios in CNS drug
discovery employing in silico and in vitro model systems. Drug
Discov Today. 2018;23(7):1357-72. https://doi.org/10.1016/j.
drudis.2018.03.002.

9. Fridén M, Winiwarter S, Jerndal G, Bengtsson O, Hong W,
Bredberg U, et al. Structure-brain exposure relationships in rat
and human using a novel data set of unbound drug concentra-
tions in brain interstitial and cerebrospinal fluids. ] Med Chem.
2009;52(20):6233-43.

10. Chen H, Winiwarter S, Fridén M, Antonsson M, Engkvist O.
In silico prediction of unbound brain-to-plasma concentration
ratio using machine learning algorithms. J Mol Graph Model.
2011;29(8):985-95.

11. Varadharajan S, Winiwarter S, Carlsson L, Engkvist O, Anantha
A, Kogej T, et al. Exploring in silico prediction of the unbound
brain-to-plasma drug concentration ratio: Model validation,
renewal, and interpretation. J Pharm Sci. 2015;104(3):1197-206.

12. Spreafico M, Jacobson MP. In silico prediction of brain expo-
sure: drug free fraction, unbound brain to plasma concentra-
tion ratio and equilibrium half-life. Curr Top Med Chem.
2013;13(7):813-20.

13. Loryan I, Sinha V, Mackie C, Van Peer A, Drinkenburg WH,
Vermeulen A, et al. Molecular properties determining unbound
intracellular and extracellular brain exposure of CNS drug candi-
dates. Mol Pharm. 2015;12(2):520-32.

14. Dolgikh E, Watson IA, Desai PV, Sawada GA, Morton S, Jones
TM, et al. QSAR model of unbound brain-to-plasma partition
coefficient, Kp, uu, brain: Incorporating P-glycoprotein efflux as
a variable. J Chem Inf Model. 2016;56(11):2225-33.

15. Zhang YY, Liu H, Summerfield SG, Luscombe CN, Sahi J.
Integrating in silico and in vitro approaches to predict drug
accessibility to the central nervous system. Mol Pharm.
2016;13(5):1540-50.

16. Gupta M, Bogdanowicz T, Reed MA, Barden CJ, Weaver DF. The
Brain Exposure Efficiency (BEE) score. ACS Chem Neurosci.
2020;11(2):205-24.

17. Molecular Operating Environment (MOE), 2022.02 Chemical
Computing Group ULC, 910-1010 Sherbrooke St. W., Montreal,
QC H3A 2R7, Canada, 2024.

18. Kim S, Chen J, Cheng T, Gindulyte A, He J, He S, ef al. PubChem
2023 update. Nucleic Acids Res. 2023;51(D1):D1373-80.

19. Halgren TA. Merck Molecular Force Field. J] Comput Chem.
1996;17(5-6):490-519. https://doi.org/10.1002/(SICI)1096-
987X(199604)17:5/6<490::AID-JCC1>3.0.CO;2-P.

20. Shakib S, Naz A, Hussien M. Significance of MD simulation
in pharmaceutical sciences: a review. Am J Biomed Sci Res.
2021;13(4):449-55.

21. Landrum G. RDKit: Open-source cheminformatics. 2024. p. Q1.
Available from: https://www.rdkit.org/.

22. Kursa MB, Rudnicki WR. Feature selection with the boruta pack-
age. J Stat Softw. 2010;36(11):1-13.

23. Golbraikh A, Tropsha A. Beware of q2! In: Journal of Molecu-
lar Graphics and Modelling. 2002. pp. 269-76. Available from:
https://linkinghub.elsevier.com/retrieve/pii/S1093326301001231.

24. Sato A, Miyao T, Jasial S, Funatsu K. Comparing predictive abil-
ity of QSAR/QSPR models using 2D and 3D molecular represen-
tations. ] Comput Aided Mol Des. 2021;35(2):179-93. https://doi.
org/10.1007/s10822-020-00361-7.

25. Kombo DC, Tallapragada K, Jain R, Chewning J, Mazurov AA,
Speake ID, et al. 3D molecular descriptors important for clinical
success. J Chem Inf Model. 2013;53(2):327-42.

26. Walter FR, Santa-Maria AR, Mészaros M, Veszelka S, Dér A, Deli
MA. Surface charge, glycocalyx, and blood-brain barrier func-
tion. Tissue Barriers. 2021;9(3). https://doi.org/10.1080/21688
370.2021.1904773.

27. Wager TT, Liras JL, Mente S, Trapa P. Strategies to minimize
CNS toxicity: In vitro high-throughput assays and computational
modeling. Expert Opin Drug Metab Toxicol. 2012;8(5):531-42.

28. Gatlik-Landwojtowicz E, Adnismaa P, Seelig A. Quantification
and characterization of P-glycoprotein-substrate interactions. Bio-
chemistry. 2006;45(9):3020-32.

29. Rosa LCS, Argolo CO, Nascimento CMC, Pimentel AS. Iden-
tifying substructures that facilitate compounds to penetrate the
blood-brain barrier via passive transport using machine learning
explainer models. ACS Chem Neurosci. 2024;15(11):2144-59.

30. Saleh MAA, de Lange ECM. Impact of cns diseases on drug deliv-
ery to brain extracellular and intracellular target sites in human:
A “what-if” simulation study. Pharmaceutics. 2021;13(1):1-17.

31. Saleh MAA, Bloemberg JS, Elassaiss-Schaap J, de Lange ECM.
Drug distribution in brain and cerebrospinal fluids in relation to
IC50 values in aging and Alzheimer’s disease, using the physiolog-
ically based LeiCNS-PK3.0 model. Pharm Res. 2022;39(7):1303—
19. https://doi.org/10.1007/s11095-022-03281-3.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.nbd.2009.07.030
https://doi.org/10.1016/j.nbd.2009.07.030
https://doi.org/10.1007/s10928-021-09768-7
https://doi.org/10.1007/s10928-021-09768-7
https://doi.org/10.1016/j.drudis.2018.03.002
https://doi.org/10.1016/j.drudis.2018.03.002
https://doi.org/10.1002/(SICI)1096-987X(199604)17:5/6<490::AID-JCC1>3.0.CO;2-P
https://doi.org/10.1002/(SICI)1096-987X(199604)17:5/6<490::AID-JCC1>3.0.CO;2-P
https://www.rdkit.org/
https://linkinghub.elsevier.com/retrieve/pii/S1093326301001231
https://doi.org/10.1007/s10822-020-00361-7
https://doi.org/10.1007/s10822-020-00361-7
https://doi.org/10.1080/21688370.2021.1904773
https://doi.org/10.1080/21688370.2021.1904773
https://doi.org/10.1007/s11095-022-03281-3

	Prediction of the Extent of Blood–Brain Barrier Transport Using Machine Learning and Integration into the LeiCNS-PK3.0 Model
	Abstract
	Introduction 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Data Set Collection of Kp,uu,BBB
	Calculating of Physico-Chemical Properties
	QSPR Model Development
	Data Splitting and Preprocessing
	Machine Learning Algorithms

	QSPR Model Evaluation
	Integration into the LeiCNS-PK3.0 Model

	Results
	Preprocessing Data
	Collected Data on Kp,uu,BBB
	QSPR Models
	The Random Forest Model Performance Testing
	Integration into the LeiCNS-PK3.0 Model

	Discussion
	References


