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distribution, metabolism, and excretion (ADME) mechanisms. Since the CNS is often
inaccessible to many complex procedures and performing in-vitro permeability studies
for thousands of compounds can be laborious, attempts were made to predict the
permeation of compounds through BBB by implementing the Machine Learning (ML)
approach. In this work, using the KNIME Analytics platform, 4 predictive models were
developed with 4 ML algorithms followed by a ten-fold cross-validation approach to
predict the external validation set. Among 4 ML algorithms, Extreme Gradient Boosting
(XGBoost) overperformed in BBB permeability prediction and was chosen as the
prediction model for deployment. Data pre-processing and feature selection enhanced

Keywords: the prediction of the model. Overall, the model achieved 86.7% and 88.5% of accuracy
Machine Learning; Blood Brain Barrier;  and 0.843 and 0.927 AUC, respectively in the training set and external validation set,
classification proving that the model with high stability in prediction.

1. Introduction

The transport of the water, plasma components, amino acid, and glucose across BBB is facilitated
via several transport mechanisms including passive diffusion and active transport. Nutrient
transporter such as glucose transporter (Glut-1) and monocarboxylic acid transporter (MCT) are
involved in transporting specific solutes via influx transport systems which are Carrier-mediated (SLC)
transport, Receptor-mediated Transport (RMT), and endocytosis by Adsorptive-mediated
Transcytosis Transport [1]. Meanwhile, efflux transporters such as P-glycoprotein (P-gp) and
multidrug resistance (MDR1) are involved in the efflux system which is responsible for the efflux of
endogenous molecules including toxic xenobiotics and neural waste products such as amyloid-beta.
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Nevertheless, drugs that are substrates to the efflux transporter, especially P-gp, may be effluxed out
of CNS and reduce the pharmacokinetics of the drugs [2]. As result, the characteristic of the drugs
such as physicochemical properties including molecular size and lipophilicity and substrate to the
efflux transporter should be taken into consideration in the BBB permeability prediction.

Generally, Lipinski’s Rule of Thumb guides the prediction of the potential of the compounds to
permeate BBB. A molecule that passes through BBB via transcellular diffusion should have molecular
weight < 500 Da, C log P within the range of 5, the sum of nitrogen and oxygen (N+0) atoms < 5, and
C log P - (N+0) should be positive, indicating log BB is likely positive and able to permeate BBB [3].
Meanwhile, other studies proposed that the log D value should be in the range of 1-3 and topological
polar surface area (PSA) is limited to 90 A2 or 60 A2 [4,5]. The permeability of many discovered
compounds across the BBB can be examined according to their physico-chemical properties through
ML approach. However, the prediction of the compound’s penetration should not be limited to
molecular parameters but also need to include the structural properties of compounds to have a
complete view of BBB permeability. Concurrently, this implementation is also crucial to ensure the
effectiveness during the prediction of BBB permeability for a large dataset.

In the beginning of the CNS-targeted drug development, the prediction of BBB permeability is
mostly focused on single learning algorithms, where each algorithm has its limitations in learning the
input datasets and is prone to inconsistencies, especially in actual applications. Imbalanced and noisy
data are the causes of inconsistencies in datasets, resulting in less reliable and inadequate models to
produce a forecast with the highest accuracy. Additionally, massive data that cause diverse
distribution of datasets is one of the critical issues as the greatly varying data may complicate the
classification, reducing the performance and accuracy of the classification.

In this study, the fingerprints and molecular descriptors were calculated from 7236 compounds
SMILES strings from previous resources for classification by using four predictive models known as
Random Forest (RF), Decision Tree (DT), Gradient Boosted Trees, and Extreme Gradient Boosting
(XGBoost). The dataset was divided into modelling set of 6150 compounds and a validation set of
1086 compounds. To build an ML model with robust performance, data pre-processing such as
feature selection is required to filter out the redundant and irrelevant data before being applied for
the training ML model. Tanimoto correlation coefficient and Variance threshold are used with
defined threshold values to remove similar fingerprints with high Tanimoto coefficient and features
with low variance. As result, around 25% of features were removed from total descriptor features to
ensure the robust performance of the ML model. With that, the dataset can be used in ML model
construction to predict BBB permeability.

2. Methodology
2.1 Collection and Preparation of Data

In this study, the data set was collected from the literature published in 2020 [6] which was
integrated from other eight studies [7-14]. This data set consists of 7236 compounds (5492 BBB+ and
1744 BBB-) and each compound was prepared in the format of canonical Simplified Molecular-Input
Line-Entry System (SMILES) from the database. The missing values in input data and redundant data
were filtered and removed for classification of BBB permeability [15]. For the external validation set,
the data set were divided into 90% of the training set (6513 compounds) and 10% of the test set (723
compounds) to execute 10-fold cross-validation in the KNIME Analytics Platform.
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2.2 Generation of Fingerprints and Molecular Descriptors

To generate the fingerprint and molecular descriptors, CDK KNIME Extension was used to
generate 2D coordinates for all compounds based on their SMILES. With that, the molecular
descriptor can be generated by using the RDKit Descriptor Calculation node in KNIME RDKit
Extension. A total of 124 1D and 2D descriptors including hydrogen bond and acceptor count, TPSA,
Lipinski Rules of Five and molecular weight are generated which are important in BBB permeability
prediction [16]. For fingerprint, the CDK Fingerprint node was used to generate the molecular
fingerprint for each of the compounds based on their SMILES file [17, 18]. CDK Fingerprint Similarity
node was used to generate the Tanimoto coefficient to filter out similar fingerprints in the feature
selection step.

2.3 Feature Selection

Feature Selection was used for data pre-processing to remove the redundant data in machine
learning. Removing the irrelevant data in a large number of features may help in improving the
performance of algorithms in model construction [9, 15, 19, 20]. In this study, the Low Variance Filter
node was used to remove the data below the variance threshold at 0.90. The threshold of the
variance was set at 0.90 and the features with variance below the threshold were deleted, providing
94 features were used for model training.

2.4 Model Construction

Four machine learning algorithms in the KNIME Analytics Platform were used for constructing the
best predictive model for BBB permeation of compounds. The algorithms include Random Forest
(RF), Decision Tree (DT), Gradient Boosted Trees (GBM), and Extreme Gradient Boosting (XGBoost)
[20-22]. In this context, the supervised binary classification of the datasets (BBB+), which is discrete
data, was partitioned into 85% of the training set (5423 compounds) and 15% of the internal test set
(957 compounds) for model training. Each of the algorithm learners was executed by using training
set to predict the permeability of compounds through BBB based on the descriptors and binary
classification through the respective predictor in the KNIME Analytics Platform. To train a robust
model, hyperparameter tuning was required to optimize the performance of algorithms hence
achieving better accuracy in prediction. Figure 1 shows the workflow of the model construction in
KNIME Analytics Platform.

10-fold Cross- Model Construction and Evaluation
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Cross-Validation

Gradient
Boosted Trees
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Fig. 1. Model construction workflow for prediction of BBB permeability
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2.5 Model Evaluation

In the model evaluation, an external validation test set was used to validate the model to analyse
the stability of the predictive model in performing the prediction by using 10-fold cross-validation.
An internal test set was also used to figure out the influence of feature selection in constructing the
model from machine learning algorithms [6, 23].

To analyze the model performance, the statistical parameter including Accuracy, Sensitivity,
Specificity, and F1 score are calculated by using the following equations:

Accuracy = _TN*TP (1)
TP+FP+TN+FN

Sensitivity/Recall = —— 2)

ensitivity/Recall = TPTEN

I o\

Specificity = TN (3)

Precision = L (4)
TP+FP

2XPXR
F — measure = —— (5)

where TP is true positive (BBB+), FP is false positive (BBB+), TN is true negative (BBB-) and FN is false
negative (BBB-). The area under the receiver-operating characteristic (ROC) curve (AUC) was also
used to evaluate the overall performance of the model [22, 24]. From the value of the statistical
parameter, the evaluation of the model can be conducted to select a predictive model with robust
performance in predict BBB permeability of compounds.

3. Results
3.1 Dataset and Feature Selection

The BBB dataset was integrated from previous studies and the compounds in the format of
SMILES were divided into BBB+ and BBB- to train the machine learning algorithms. To assist in the
prediction performance, BBB permeability can be expressed in the fingerprint and descriptors based
on their physicochemical and topological properties. From feature selection, 25% of the features
were remove includes physicochemical descriptors that describing number of heterocycles in
aromatic, aliphatic and saturated hydrocarbon, and number of carbocycles in aromatic and saturated
compounds. Topological properties such as SlogP_VSA9 and SMR_VSA2 that explain the binned
accessible Van der Waals surface area that is contributed by lipophilicity and molecular refractivity
were also removed because the values in these features converge to the average values or constant,
hence do not provide useful information in contributing ML pattern in modelling with the variance
below 0.90. In contrast, 94 remaining features with variance higher than 0.90 have higher degree of
spread, indicating they are good predictors to provide useful information to ML patterns. By dropping
constant features, the prediction for BBB permeability can be improved with stronger strength of
association between features.
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3.2 Evaluation of Prediction Performance of The Model

In this study, there are four algorithms were trained for prediction model construction and the
model performance were evaluated by using the statistical metrics. As shown in Table 1, XGBoost
model overperformed other algorithms with 0.927 of AUC, 88.5% of Accuracy, 0.910 of Sensitivity,
0.780 of Specificity and 0.928 of F-measure. The second highest from the perspective of overall
performance is RF with 87.6 of ACC and 0.905 of AUC followed by DT and GBM. Boosting technique
applied in XGBoost reduce bias of the data and reweighing the misclassified BBB classification result
from previous iterations. The results showed that XGBoost model is the most reliable model to be
selected for BBB permeability prediction in deployment. Furthermore, this model achieved accuracy
of 86.7%, specificity of 0.722, sensitivity of 0.903, F-measure of 0.916 and AUC of 0.843 in 10-fold
cross-validation, showing that the model constructed have acceptable performance in prediction of
BBB permeability. The Figure 2 below visualized the ROC curve of each of the model as well as the
cross validation.

Table 1

Comparison of the performance of models in BBB permeability prediction
Model Evaluation AUC ACC SEN SPE  F-measure
Test Set
Extreme Gradient Boosting 0.927 88.5 0.910 0.780 0.928
Random Forest 0.905 87.6 0.898 0.772 0.922
Decision Tree 0.858 84.8 0.899 0.663 0.903
Gradient Boosted Trees 0.678 88.5 0.902 0.804 0.928
External Validation
10-fold Cross-validation 0.843 86.7 0.903 0.722 0.916

3.3 Molecular Descriptors

In the prediction of BBB permeability, the physicochemical and topological descriptors are
significant to explain the influences of properties on the BBB penetration, which is numbered in AUC-
ROC curve as visualized in Figure 2. Among 94 descriptors, SlogP is the most influential descriptor in
prediction which show acceptable discrimination according to the AUC value, 0.716. There are 19
descriptors showed poor discrimination where their AUC values fall between 0.501 to 0.682 including
HallKierAlpha, SlogP_VSA 6, PEOE_VSA6 and MQN30 whereas 74 descriptors cannot be used as
reference as their AUC value are lower than 0.5, showing no discrimination on the classification.

SlogP is partition coefficient of octanol/water that measure lipophilicity and it is critical to be
considered in prediction as the compounds must be sufficiently hydrophobic in water and lipophilic
to solubilize in the hydrophobic core of the luminal and abluminal membrane of BBB [25]. SlogP_VSA
provides information on the intermolecular interaction caused by different polarity of functional
groups which affects the intermolecular radii and van der Waals surface area whereas Partial
Equalization of Orbital Electronegativities (PEOE_VSA6) and Molecular Quantum Number 30
(MQN30) summarize the overall charge density within the molecule and atom valency that contribute
to the electronegativity of partially distributed electrons within their orbital, determining the van der
Woaals radii of a compound [26, 27]. Hall-Kier a shows the influences of atom hybridization state in
the molecule on the covalent radii and molecular size [28].

The most important factors in determining a molecule's ability to cross the blood-brain barrier
(BBB) are its lipophilicity and molecular size. Molecules with unhybridized p-orbitals have a higher
electron-sharing capacity, making them less likely to attract electrons and reducing their charge
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density. This leads to shorter, stronger intermolecular bonds, making them smaller in size and more
lipophilic to pass through the BBB via the transcellular lipophilic pathway.
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Fig. 2. The ROC curve of model constructed for BBB permeability prediction by using algorithm
(a)Extreme Gradient Boost (XGBoost), (b)Random Forest (RF), (c)Decision Tree (DT), (d)Gradient Boosted
Trees, (e)Cross Validation and (f) the most influential descriptors in the prediction
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4. Conclusions

Four ML algorithms were trained in constructing a classification model after feature selection for
prediction of BBB permeation of compounds. Based on the result in this work, XGBoost model
achieved highest accuracy of 88.5% and AUC of 0.927 in test set whereas the accuracy and AUC of
external validation were recorded as 86.7 and 0.843, respectively. This indicates that XGBoost model
is reliable to be implemented in the deployment of BBB permeability prediction. Nevertheless,
descriptors should be considered in the prediction as it provides insight to the properties of
molecules from the perspective of physicochemical and topology that are critical to BBB penetration.
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