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ABSTRACT

The blood brain barrier (BBB) is an endothelial-derived structure which restricts the movement of certain molecules between

the general somatic circulatory system to the central nervous system (CNS). While the BBB maintains homeostasis by

regulating the molecular environment induced by cerebrovascular perfusion, it also presents significant challenges in

developing therapeutics intended to act on CNS targets. Many drug development practices rely partly on extensive cell and

animal models to predict, to an extent, whether prospective therapeutic molecules can cross the BBB. In interest to reduce

costs and improve prediction accuracy, many propose using advanced computational modeling of BBB permeability profiles

leveraging empirical data. Given the scale of growth in machine learning and deep learning, we review the most recent

machine learning approaches in predicting BBB permeability.

Introduction

The Blood Brain Barrier (BBB) is a highly selective cellular film
around the brain that inhibits certain compounds and mole-
cules, on the basis of size and biochemical characteristics, from
accessing the central nervous system (CNS). It is composed of
brain capillary endothelial cells linked by tight junctions,
which are surrounded by pericytes, astrocytes, and the basal
lamina. Such structures are a major contributor to the high
selectivity of the BBB, stopping the passage of 98% of all
molecules present in the general circulatory system’s blood
pool [1, 2]. Figure 1.

Such functions of the BBB allow for CNS homeostasis.
Specifically, this is achieved via highly selective ion and solute
transport between the intravascular systemic plasma and the
CNS vasculature through either passive transport or active
transport [1]. Passive transport can either occur transcellularly
across BBB endothelial cells or paracellularly, where these
forms of passive transport are chiefly a function of molecular
weight and lipid solubility [1]. Alternatively, active transport is
mediated by influx and efflux transporters which are selective
for their particular ion or molecules, such as hormones or
proteins [1, 3]. Moreover, the functionality of the BBB has been
noted to vary according to genetic disposition and environ-
mental exposures; it is also known that the BBB is altered with
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FIGURE 1 |
permission from Ahn et al. [102].

aging, infectious or inflammatory processes and neuropatholo-
gies such as neurodegenerative diseases [4, 5].

Considering these functions, the BBB prevents many unwanted
toxins, antigens, pathogens or other unintended molecular
components in the general somatic circulatory system from
accessing the CNS. [1] Hlustration of the diffusion mechanism
of small solutes and drugs is provided in Figure 2. Nevertheless,
the BBB often limits the concentration of most small molecule
therapeutics leading to inadequate concentrations for therapeu-
tic effects [6]. Unfortunately, BBB permeability is not a simple
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The figure above illustrates the blood brain membrane surrounding cerebrovascular structures. Figure was reproduced with

function [5]. While smaller and more lipophilic molecules often
are the most restrictive predictive thresholds, predicting
permeability in complex and dynamic settings above remains a
significant challenge.

The earliest efforts to model BBB permeability (BBBp) used
logP, a measure of lipophilicity, and molecular weight (MW).
These models often predicted logBB which reflects the log
concentration of drug in the brain/concentration in the blood
[7]. Many times researchers classify logBB using a splitting
criteria for BBB+ (permeable) and BBB- (permeable) [8].
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FIGURE 2 | Spontaneous diffusion of various small solutes and drugs through the BBB. Figure used with permission from Wang et al. [106].
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However, hundreds of studies since then have attempted to
derive superior models and understandings of the predictive
factors that underlie BBBp [9].

In light of the extensive development of machine learning
(ML) algorithms and computation power over the last decade,
there is newfound hope that significant advances in predicting
BBBp can be achieved. If sufficiently improved, these models
may replace the need for expensive and ethically challenging
cellular and animal testing. Moreover, these models may allow
for better identification of BBBp molecules in early stages of
drug development leading to a more efficient pipeline. In this
paper, we conduct a literature review from 2019 to capture the
recent developments in the field of predicting BBBp for
molecules using ML methods.

Material and Methods

A comprehensive literature review was conducted using
PubMed MEDLINE and Google Scholar intended to collect all
original machine learning studies regarding BBBp prediction
from Jan 01 2019 to December 1 2024. Keywords including
“BBB,” “ML,” and “DL” were used in boolean search strings
structured according to the PICO (Population of interest,
Intervention, Control, Outcome) structured question of interest
(Table 1). Our comprehensive PICO question allowed us to
examine research studies using machine learning or deep
learning methods to predict the BBBp of compounds or small
molecules. Only full papers written in English were included,
and only articles that met the PICO criteria were included.
There were no specific number or type of compounds or
performance/performance metrics needed for inclusion.

Results

14,596 and 7,870 total results were found from PubMed and
Google Scholar. Upon reviewing the results 14,541were further

excluded from our PubMed search and 7,862 were excluded
from the Google Scholar search due to not being applicable to
our field of study. After narrowing down the number of
research articles to those applicable to our field of study, we
further excluded articles due to not having a relation to our
specific topic, having an abstract that was out of the scope of
our research topic, and being a review article. This left a total
of 27 papers for review (Table 2).

Following a comprehensive search of PubMed and Google
Scholar, a Scopus search was also conducted. Scopus search
yielded 824 search results and from these 819 were excluded
due to not being of relevance to the topic or not meeting the
inclusion criteria, four of the articles were already included in
our compiled list, and one of the articles was a new addition.

Foundations of Machine Learning

ML is a branch of AI that specializes in algorithm and model
creation [10]. While recent advancements in algorithms may
contribute to improving “learning”, algorithms are only as
capable as the quality and amount of data available. Supervised
ML leverages labeled data, where data and algorithm quality is
further contingent on accurate labeling [10]. Unsupervised
settings can use unlabeled data, where algorithms attempt to
find patterns across each sample to derive some greater
grouping structure. The general workflow of ML is demon-
strated in Figure 3.

Support Vector Machine (SVM) is a supervised ML algorithm
used for classification and regression tasks. It is particularly
useful for data that becomes linearly separable when trans-
formed into a higher-dimensional space through the use of
kernel functions [11]. Tree methods are often trained to split
the data into smaller and more specific subsets. A Decision
Tree (DT) consists of nodes and edges. Each node can be one of
three types: a root node, a decision node, and a leaf node.
These nodes have different contributions to the overall function

TABLE 1 | Systematic Search Results.
Website Search terms Results
Google (BBB OR Blood Brain Barrier OR Brain Barrier) AND (DL OR Deep Learning OR AI OR 7,870 resulting
scholar Artificial Intelligence OR Transformers Or Convolutional Neural Network OR CNN OR studies
Generative Models OR VAE OR AE OR Variational Auto-Encoder OR Autoencoder OR
Machine Learning OR ML OR RNN OR Prediction OR Predictability OR Recurrent Neural
Network OR LSTM OR Long Short Term Memory OR Convolution) AND (Perm*)
Pubmed (BBB OR Blood Brain Barrier OR Perme*) 14,596 resulting
AND studies
(DL OR Learn* OR ML OR Machine Learning OR Random Forest OR RF OR Lapla* OR
SVM OR Support Vector Machine OR Algor* OR AI OR Artificial Intelligence OR Transf* Or
Convol* OR Neural Network OR CNN OR VAE OR AE OR Encode* OR RNN OR Predict*
OR LSTM)
NOT (Review[Publication Type])
Scopus (BBB OR Blood Brain Barrier OR Brain Barrier) AND (DL OR Deep Learning OR AI OR 824 resulting
Artificial Intelligence OR Prediction OR Permeability OR ODE studies
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TABLE 2 | Reports Discussed.

Methods
Study used Dataset Model statistics Type of model Citation
Liu et al. SVM RF 1757 compounds. 5-fold CV: Regression Liu L. Zhang L.
RF XGB Validation: Acc: 0.820 - 0.918 Feng H. Li S. Liu
213 Validation: M. Zhao J. et al.
Encoded using 9 Acc (Best Ensem- Liu, H. (2021). Pre-
FPs. ble Model): 0.930 diction of the
blood-brain barrier
(BBB) permeability
of chemicals based
on machine-learn-
ing and ensemble
methods. Chemical
Research in Toxi-
cology, 34(6), 1456-
1467.
Shaker et al. LightGBM 7162 compounds Cv: Classification/Re- Shaker B. Yu M. S.,
Encoded using Acc: 89% gression Song, J. S., Ahn, S,
SMILES Specificity: 0.77 Ryu, J. Y., Oh, K.
Sensitivity: 0.93 S., etal. Na, D.
Specificity: 0.94 (2021). LightBBB:
(Achieved on ex- computational pre-
ternal validation diction model of
data) blood-brain-barrier
Sensitivity: 0.85 penetration based
(Achieved on ex- on LightGBM. Bio-
ternal validation informatics, 37(8),
data) 1135-1139.
Comment: seems
only reporting
classification sta-
tistics here
Shaker et al. LightGBM 913 log BB values 10-fold CV: Classification/Re- Shaker B. Lee J. Lee
gradient-boost (External test) 27 MSE: 0.22 gression Y. Yu M. S., Lee, H.
RF compounds R* 0.59 M., Lee, E., Kang,
External Test: H.C,Oh,K. S,
MSE: 0.36 Kim, H. W, et al.
R% 0.61 Na, D. (2023). A
Comment: seems machine learning-
only reporting re- based quantitative
gression statistics model
here (LogBB Pred) to
predict the blood-
brain barrier per-
meability (logBB
value) of drug com-
pounds. Bioinfor-
matics (Oxford,
England), 39(10),
btad577.
doi:10.1093/bioin-
formatics/btad577.
Charoenkwan SCM Based Kumar et al. ® Test: Classification Charoenkwan, P.,
et al. Predictor MCC: 0.716 Chumnanpuen, P.,
Acc: 0.895 Schaduangrat, N.,
Lio’, P., Moni, M.
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TABLE 2 | (Continued)

Study

Methods
used

Dataset

Model statistics

Type of model

Citation

Sakiyama et al.

Boulamaane
et al.

Kumar et al.

Wu et al.

RF Classifier

RF

qRASAR

NN-QSAR

Training:
1565 molecules
Validation:
196 molecules
Test:

196 molecules

7,807 molecules
FPs

Training:
1,012 compounds
Validation:
1,130,315 com-
pounds split into
two sets

260 compounds
70 MD's

Test:
ROC-AUC: 0.767

5-fold CV:
AUC: 0.97 Exter-
nal Set: Accuracy:
95% accuracy
AUC: 0.92

R2: 0.634
Q2: 0.627
Rpred2: of 0.697

R:0.956

Classification

Classification

Classification/Re-
gression

Classification/Re-
gression

A., & Shoombua-
tong, W. (2022). Im-
proved prediction
and characteriza-
tion of blood-brain
barrier penetrating
peptides using esti-
mated propensity
scores of dipeptides.
Journal of Com-
puter-Aided Molec-
ular Design, 36(11),
781-796.

SAKIYAMA, H.,
MOTOKI, R., OKU-
NO, T., & LIU, J. Q.

(2023). Improve-

ment of Blood-

Brain Barrier Per-

meability Predic-

tion Using Cosine
Similarity. Journal
of Computer
Chemistry, Japan-
International Edi-
tion, 9.

Boulaamane, Y., &
Maurady, A. (2023).
EnsembleBBB: En-
hanced accuracy in
predicting drug
blood-brain barrier
permeability with a
Machine Learning
Ensemble model.

Kumar, V., Bane-
rjee, A., & Roy, K.
(2024). Innovative
strategies for the
quantitative model-
ing of blood-brain
barrier (BBB) per-
meability: harness-
ing the power of
machine learning-
based q-RASAR ap-
proach. Molecular
Systems Design &
Engineering.

Wu, Z., Xian, Z.,
Ma, W., Liu, Q.,
Huang, X., Xiong,
B., ... & Zhang, W.
(2021). Artificial
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TABLE 2 |

(Continued)

Study

Methods
used

Dataset

Model statistics

Type of model

Citation

Dehnbostel
et al.

Cornelissen
et al.

Kim et al.

Radchenko
et al.

RF

XGB

3D-QSAR NN

NN

479 active com-
pounds
286 inactive com-
pounds

9316 compounds
FPs

406 compounds

529 compounds

Specificity: 0.962

AUC: 0.78-0.92

R* 0.809-0.963

(RMSEcv:0.318

Classification

Regression

Regression

Regression

neural network ap-
proach for predict-
ing blood brain bar-
rier permeability
based on a group
contribution meth-
od. Computer
methods and pro-
grams in biomedi-
cine, 200, 105943.

Dehnbostel, F. O.,
Dixit, V. A., Preiss-
ner, R., & Banerjee,
P. (2024). Non-ani-
mal models for
blood-brain barrier
permeability evalu-
ation of drug-like
compounds. Scien-
tific Reports, 14(1),
8908.

Cornelissen, F. M.,
Markert, G.,
Deutsch, G., Anto-
nara, M., Faaij, N.,
Bartelink, I., ... &
Westerman, B. A.
(2023). Explaining
blood-brain barrier
permeability of
small molecules by
integrated analysis
of different trans-
port mechanisms.
Journal of Medici-
nal Chemistry,
66(11), 7253-7267.

Kim, T., You, B. H.,
Han, S., Shin, H. C.,
Chung, K. C, &
Park, H. (2021).
Quantum artificial
neural network ap-
proach to derive a
highly predictive
3D-QSAR model for
blood-brain barrier
passage. Interna-
tional journal of
molecular sciences,
22(20), 10995.

Radchenko E. V.,
Dyabina, A. S.,
et al. Palyulin, V. A.
(2020). Towards
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TABLE 2 | (Continued)

Methods
Study used Dataset Model statistics Type of model Citation
deep neural net-
work models for
the prediction of
the blood-brain
barrier permeability
for diverse organic
compounds. Mole-
cules, 25(24), 5901.
Alsenan et al. RNN 3606 compounds 10-fold CV: Classification Alsenan, S., Al-Tur-
(1803 BBB+ and Acc: 96.53% aiki, I., & Hafez, A.
1803 BBB-) AUC: 0.584 (2020). A recurrent
3603 features rep- neural network
resented by model to predict
blood-brain barrier
permeability. Com-
putational Biology
and Chemistry, 89,
107377.
Atwereboannah FCNN 1st Dataset: FCNN: Classification Achiaa Atwere-
etal. CNN 2051 drugs 1st dataset: boannah, A., Wu,
2nd Dataset: Acc:99.5% W. P., & Nanor, E.
213 F1: 0.989 (2021, May). Predic-
AUROC: 0.995 tion of Drug Perme-
2nd dataset: ability to the Blood-
F1:0.6544 Brain Barrier using
Acc: 54.05% Deep Learning. In
AUC: 0.584 4th International
CNN: Conference on Bio-
1st dataset: metric Engineering
Acc: 89.6% and Applications
F1: 0.896 (pp- 104-109).
AUROC: 0.992
2nd dataset:
Acc: 66%
F1: 0.667
AUC: 0.584
Ma et al. NN Training: Acc: 98.31% Regression Ma, C., & Wolf-
269 BBBp + pep- Sensitivity:98.15% inger, R. (2023). A
tides Specificity:98.32% prediction model
2069 BBBp- pep- for blood-brain bar-
tides rier penetrating
External Valida- peptides based on
tion: masked peptide
119 BBBp+ transformers with
119 BBBp- dynamic routing.
Briefings in Bioin-
formatics, 24(6),
bbad399.
Yu et al. GCN +SVM Training: Acc: 0.96 Classification/ YuT. H., Su, B. H,,
hybrid model 940 market drugs ROC AUC: 0.98 Battalora, L. C,,
315 BBB+ F1: 0.94 Liu, S., et al. Tseng,
625 BBB- Y. 1. (2022). Ensem-
Validation: ble modeling with
117 drugs machine learning
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TABLE 2 | (Continued)

Methods
Study used Dataset Model statistics Type of model Citation
42 BBB+ and deep learning
75 BBB- to provide interpret-
SMILES Notation able generalized
rules for classifying
CNS drugs with
high prediction
power. Briefings in
bioinformatics,
23(1), bbab377.
Hamzic et al. MT-GNN 1593 compounds R% 0.42 Classification/Re- Hamzic, S., Lewis,
ST 208 physicochem- MAE: 0.39 gression R., Desrayaud, S.,
ical descriptors MCC: 0.66 Soylu, C., Fortuna-
and FPs to, M., Gerebtzoff,
G., & Rodriguez-
Pérez, R. (2022).
Predicting in vivo
compound brain
penetration using
multi-task graph
neural networks.
Journal of chemical
information and
modeling, 62(13),
3180-3190.
Ajabani et al. SVM, KNN, 1593 compounds 78% to 94% accu- Classification Ajabani, D. (2023).
Logistic Re- racy A Computational
gression, RF, RF (best perform- Prediction Model of
Multi-Layer ance): Blood-Brain Barrier
Perceptron, Acc: 90.36% Penetration Based
and Light AUC: 0.96 Sensi- on Machine Learn-
Gradient tivity: 77.73% ing Approaches.
Boosting Specificity: 94.74%
Mazumdar et al. XGboost, RF, 8153 compounds NN (best perform- Classification Mazumdar, B., Sar-
Extra Tree 4894 BBBp + ance): ma, P. K. D., Ma-
Classifiers, 3259 BBBp Acc: 97.8% hanta, H. J., & Sas-
NN 8 FPs Sensitivity: 97.0%, try, G. N. (2023).
2 MDs Specificity: 98% Machine learning
BACC: 98% based dynamic con-
F1: 98% sensus model for
ROC-AUC: 98% predicting blood-
brain barrier per-
meability. Com-
puters in Biology
and Medicine, 160,
106984.
Miao et al. Four-layer 91 molecules Acc: 97% Classification Miao, R., Xia, L. Y.,
NN 38 BBB+ AUC: 0.98 Chen, H. H.,
53 BBB- F1 score: 0.92 Huang, H. H., &
210 molecules Liang, Y. (2019).
136 BBB+ 74 Improved classifica-
BBB- tion of blood-brain-
161 molecules barrier drugs using
76 BBB + deep learning. Sci-
85 BBB- entific reports, 9(1),
8802.
8 of 22 Molecular Informatics, 2025



TABLE 2 | (Continued)

Methods

Study used Dataset

Model statistics

Type of model

Citation

DNN
1-D CNN
Fined Tune
CNN
SVM
kNN
NB
RF

2,607 BBB+ com-
pounds
998 BBB- com-
pounds FPs

Kumar et al.

MMBART
Transformer

3605 compounds
2607 BBB +
998 BBB—SMILES

DNN:
Accuracy: 99.2%
Sensitivity: 99.7%
Specificity: 99.6%

AUC: 98.7%

HD: 4.048

1-D CNN:
Accuracy: 96.9%
Sensitivity: 95.6%
Specificity: 97.5%

AUC: 98.3%

HD: 4.118

FNCNN:
Accuracy: 97.2%
Sensitivity: 98.3%
Specificity: 98.3%

AUC: 94.6%
HD: 4.581 SVM:
Accuracy: 91.6%
Sensitivity: 96.9%
Specificity: 93.8%

AUC: 96.3%

HD: 15.242

kNN:

Acc: 92.7%
Sensitivity: 97.4%
Specificity: 94.9%

AUC: 96.8%

HD: 12.891

NB:

Acc: 84.4%
Sensitivity: 94.8%
Specificity: 89.9%

AUC: 93.5%

HD: 14.543

RF:

Acc: 81.5%
Sensitivity: 94.3%
Specificity: 88.7%

AUC: 93.8%

HD: 14.543

DeePred:
AUC: 0.93
LightBBB:
AUC: 0.96

Classification

Classification
Comments: they
use regression
model but then
convert the regres-
sion results to clas-
sification decision.
All the results
seem to be on clas-
sification without
given intermediate
regression results. I
would suggest to
remove the regres-

Kumar, R., Sharma,
A., Alexiou, A., Bil-
grami, A. L., Ka-
mal, M. A., & Ash-
raf, G. M. (2022).
DeePred-BBB: A
blood brain barrier
permeability predic-
tion model with im-
proved accuracy.
Frontiers in neuro-
science, 16, 858126.

Huang, E. T. C,,
Yang, J. S., Liao, K.
Y. K., Tseng, W. C.
W., Lee, C. K., Gill,

M., Compas, C.,
See, S., & Tsai, F. J.

(2024). Predicting
blood-brain barrier
permeability of

molecules with a

large language
model and machine
learning. Scientific

reports, 14(1),
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TABLE 2 | (Continued)
Methods
Study used Dataset Model statistics Type of model Citation
sion to keep things 15844. https://doi.
simple. org/10.1038/s41598-
024-66897-y
Rosa et al. LIME + RF 2000 drugs, hor- DRN: Classification Rosa, L. C. S., Argo-
LIME + RF- mones, and neu- ROC-AUC: 0.894, lo, C. O., Nascimen-
ET rotransmitters 0.790, 0.882 (for to,C. M.C, &
LIME + DRN FPs three runs) Pimentel, A. S.
Precision: 0.868 to (2024). Identifying
0.896 Substructures That
Recall: 0.868 to Facilitate Com-
0.896 pounds to Penetrate
F1: 0.868 to 0.896 the Blood-Brain
Acc: 0.868 to Barrier via Passive
0.896 Transport Using
RF: Machine Learning
ROC-AUC: 0.931, Explainer Models.
0.943, 0.936 (for ACS Chemical Neu-
three runs) RF-ET roscience.
slightly outper-
formed by RF.
Similar perform-
ance.
Deep-B* 7224 compounds Sensitivity: 85% Classification Tang, Q., Nie, F.,
5483 BBB + Specificity: 64% Zhao, Q., & Chen,
1741 were BBB- MCC: 0.49 W. (2022). A
SMILES Accuracy: 0.74 merged molecular
AUC: 0.80 representation deep
learning method for
blood-brain barrier
permeability predic-
tion. Briefings in bi-
oinformatics, 23(5),
bbac357. https://
doi.org/10.1093/
bib/bbac357
Aftab et al. CNN-LSTM- LightBBB Regression Re- Classification/Re- Aftab, N., Masood,
ODE B3BD sults: gression F., Ahmad, S., Ra-
LightBBB him, S. S., Sanami,
RMSE: 0.59; S., Shaker, B., &
B3BD RMSE: 0.85 Wei, D. Q. (2024).
Classification Re- An Optimized Deep
sults: Learning Approach
LightBBB AUC: for Blood-Brain
0.96 Sensitivity: Barrier Permeabil-
0.92 ity Prediction with
Specificity: ODE Integration.
0.95 Informatics in Med-
B3BD icine Unlocked,
AUC: 0.94 Sensi- 101526.
tivity: 0.92
Specificity:
0.91
Kato et al. RF, XGBoost, 2000 compounds RF (best perform- Classification Kato, R., Zeng, W.,
Histogram ance): Siramshetty, V. B.,
10 of 22
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TABLE 2 | (Continued)
Methods
Study used Dataset Model statistics Type of model Citation
gradient BACC: 0.698 & Williams, J., Kabir,
boosting 0.015 (5-fold CV) M., Hagen, N,, ... &
(HGB), BACC: 0.708 (val- Shah, P. (2023). De-
Graph convo- idation) velopment and vali-
lutional neu- dation of PAMPA-
ral network BBB QSAR model
(GCNN) to predict brain
penetration poten-
tial of novel drug
candidates. Fron-
tiers in Pharmacol-
ogy, 14, 1291246.
Mauri et al. Classification 1915 compounds Training set Classification Mauri, A., & Berto-
models based Acc: 0.819 la, M. (2022). Alvas-
on KNN and Sensitivity: 0.917 cience: a new soft-
a Consensus Specificity: 0.645 ware suite for the
Model Ccv QSAR workflow ap-
BACC: 0.781 plied to the blood-
Test set sensitiv- brain barrier per-
ity: 0.760 meability. Interna-
Test set specific- tional Journal of
ity: 0.916 Molecular Sciences,
Acc: 0.827 23(21), 12882.
Kumar et al. c-RASAR 7,807 com- Acc: 0.781 Classification/Re- Kumar, V., Bane-
pounds, 4956 Precision: 0.833 gression rjee, A., & Roy, K.
(BBBp +) and Recall: 0.819 (2024). Breaking
2851 and F1:0.826 the Barriers: Ma-
(BBBp—) MCC: 0.53 chine-Learning-
AUC: 0.84 Based c-RASAR
Approach for Accu-
rate Blood-Brain
Barrier Permeabil-
ity Prediction. Jour-
nal of Chemical In-
formation and
Modeling, 64(10),
4298-4309.
——
- @ w
Data
ng':::ﬁis;;g Prediction Algorithim Synthesis &
Characterization
Deep Ensemble
| Learning Methods !
Molecular o Predicted
Input | " o — Output| o o orties
1
.
FIGURE 3 | General overview of Machine Learning workflow for the prediction of quality [107].
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of a tree and are connected together by edges. Edges act as the
branches of a DT, representing outcomes based on a particular
feature. Often, individual models are used in ensembles. This
describes a type of model that is a combination of multiple
models. An ensemble method usually aims to combine
individually weaker predictors into larger predictors.

Random Forest (RF) is one of the most widely-used ML
methods. It serves as a learning method for both classification
and regression. RF belongs to the ensemble approach and, by
constructing multiple decision trees, works by averaging the
predictions (for regression) or taking the majority vote (for
classification) from multiple decision trees [12]. Another
notable ML method is Extreme Gradient Boosting (XGBoost),
an application of gradient boosting. Boosters are a family of
algorithms that create a strong learner by combining multiple
weaker learners; furthermore, they are helpful in fighting
overfitting, handle missing values well, and support built-in
cross-validation. These usually involve learning trees, which
are formed sequentially, allowing each tree to correct the
mistakes made by the last [13]. Another type of method is
Extra Trees (EXT), an ML method that belongs to the ensemble
family. It shares similarities with Random Forest (RF), being
originally introduced as an extension of the latter. As an
ensemble learner, it can build multiple decision trees during
training and combine their predictions to improve general-
ization. Unlike RF, which selects the best split from a random
subset of features, EXT randomly chooses splits for each node,
which can sometimes lead to even further variance reduction
at the expense of slightly increased bias [14].

Deep Learning (DL) is a branch of ML that specializes in
learning representations of data via multi-layered neural net-
works (NNs) [15]. NNs consist of layers of interconnected
neurons, with each connection having an associated weight.
The input layer, which is composed of neurons or nodes, takes
the inputted data and represents each attribute of the data with
a neuron before sending it to the hidden layers. The hidden
layers of an artificial neural network are a series of layers that
process the data, allowing the network to learn complex
patterns [15]. A Graph Neural Network (GNN) is a type of
neural network designed to process data in the form of graphs,
a series of nodes and edges that the model uses to pass
information by aggregating it through the nodes. Each node in
a GNN can represent an entity, and edges represent relation-
ships between these entities [16]. On the other hand, a CNN is
a type of neural network that consists of convolutional layers,
pooling layers, and a dense NN component that produces an
output[97]. CNNs specialize in processing spatially sorted data,
a common example being two- or three-dimensional structures.
The convolutional layers extract features from the input data
and feed them into the pooling layer, which reduces spatial
dimensions. This is then finally transferred into a fully
connected layer that produces an output similar to a traditional
dense NN [17].

There are other variants, including a Recurrent Neural Net-
work (RNN), which is designed to handle sequential data by
maintaining an internal state to process sequences of inputs
[18]. More advanced RNNs, such as Long Short-Term Memory
(LSTM) models, specialize in using gating mechanisms to

retain longer sequences without depreciation, an issue that
arises in most simple RNNs [19]. Currently state of the art for
sequence data, transformers depend on “self-attention”, a
mechanism that makes each word from the input sequence
attend to all other positions to compute a representation of that
token/position, allowing the model to capture the weight of
each token in the context of the entire input [20]. Molecules
can be characterized based on their 1D-, 2D-, 3D-structures
and other molecular fingerprints as mentioned below. These
characteristics can then be leveraged using methods that
handle sequential data, such as RNNs and transformers, to
predict the output of interest (e.g. BBBp).

Molecular Representations

To note, many models in this field are termed Quantitative
Structure-Activity Relationship (QSAR) models. Such a model
links chemical structure to its functional property. Oftentimes,
they represent sophisticated regressions, but more recently,
they have been entailing ML and DL techniques. There are
many ways of representing the molecular structure (MS) of a
compound in chemoinformatics, including but not limited to
Molecular Descriptors (MDs), Fingerprints (FPs), and Simpli-
fied Molecular Input Line Entry System (SMILES) text
notation. These three are the most prevalently used descriptors
in the articles reviewed. These specific representations serve to
represent certain molecular features of a compound for
computational efficiency.

An MD is a numerical representation of a molecule’s chemical
properties across multiple possible dimensions [21]. A 1D MD
may represent simple characteristics, like a molecule’s weight
and number of atoms. A 2D MD represents a molecule’s
structural features and connectivity. A 3D MD represents the
geometric and spatial features of a compound that considers
the 3D aspects of its molecular structure. Resembling aspects of
physics, a 4D MD includes aspects that change over time in a
molecule [21].

An FP is a numerical representation of a molecule that shows
the structural features of a molecule in a binary or bit-string
format. FPs encode information about the presence or absence
of certain structural fragments or molecular substructures
within a molecule [22]. The main difference between FPs and
generic MDs lies in the structure and method of description.
Moreover, an FP provides qualitative information about a
molecule’s structural features, unlike a lower-dimensional MD
[22].

The Simplified Molecular Input Line Entry System (SMILES) is
the most commonly used descriptor in the studies reviewed.
SMILES, like the other descriptors, is a textual representation
of a chemical structure [23]. It serves as a compact and
standardized way to encode and communicate the structure of
molecules in a machine-readable format, such as those used in
BBBp prediction. SMILES provides additional information, as
compared to MDs and FPs, including connectivity and stereo-
chemistry [23]. This may be the reason why SMILES is being
used more often than MDs or FPs. Of course, the use of MDs
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or FPs may be chosen over SMILES depending on the nature of
the specific task.

Discussion
Machine Learning Methods

In recent years, while deep learning (DL) methods have gained
popularity, machine learning (ML) methods have typically
demonstrated superior performance in tabular data contexts
[24]. Their computational efficiency has also encouraged the
exploration of multiple ML algorithms in various studies. For
example, Liu et al utilized three models - SVM, RF, and RF
XGBoost — to develop an ensemble algorithm [25]. They
compiled a dataset of 1757 compounds (1276 BBB+, 481
BBB—) from Wang etal. [33]. and Zhao etal. [70]. and
validated it using an external set of 213 compounds from Li
etal. [26]. Their feature selection process involved removing
features with low variance, such as carbon or nitrogen, and
filtering out highly correlated features. In particular, they
thresholded on Tanimoto correlation coefficient to identify
compounds with highly correlated features. (e.g. optimal
threshold was found to be 0.95). They built models with SVM,
RF, and XGBoost, evaluated through 5-fold cross-validation
with 100 repeats, showing accuracy ranging from 0.820 (SVM
with APC2D FP) to 0.918 (RF with PubChem FP). Twenty-
seven base classifiers were then created with the three
algorithms and nine molecular fingerprints, forming ensemble
models. The best ensemble model (Ensemble Top-9) achieved
an AUC of 0.966 and accuracy of 0.930, significantly out-
performing individual classifiers. This ensemble approach
improved predictive performance and stability, with the model
showing balanced sensitivity and specificity. However, over-
fitting and data diversity remained challenges, with lower
accuracy in their validation set which included 213 com-
pounds.

Shaker et al utilize a Light Gradient Boosting Model
(LightGBM), termed LightBBB, to predict BBBp [27].
LightGBM is an implementation of an ensemble learning RF
that grows trees leaf-wise. Their composite dataset consisted of
7162 compounds [28-35] encoded in SMILES. Overall, the
model achieved an accuracy of 89% in cross-validation and 90%
on the external test dataset. In 10-fold cross-validation, a
specificity of 0.77 and sensitivity was 0.93 was achieved where
in external validation data, a specificity and sensitivity of 0.94
and 0.85 was conferred. Compared to prior literature their
model failed to achieve state of the art performance.

In a later study, Shaker et al also utilized gradient boosting RF
with the LightGBM algorithm optimized using GridSearchCV
[36]. This algorithm was tested off of a dataset of 913 logBB
values that ranged from —2.69-1.7 [37-43]. There was also an
external dataset of 27 compounds [44]. In the test set, the
model achieved average mean squared error (MSE) of 0.22 and
an R? score of 0.59 during a 10 fold cross-validation. This led to
a final, optimized score of an R* of 0.61 and an MSE of 0.36, a
better score when compared to other common models like
ADMET Prediction Service [45] and Pre ADMET [46]. Note that
while one instance of LightBBB used a dataset of over 7,000

compounds, the follow-up study was trained on only 913
compounds with logBB values. Charoenkwan et al developed a
scoring-card method (SCM) based predictor to predict and
characterize BBBp peptides (B3PPs) called SCMB3PP utilizing
three datasets derived from Kumar et al. [47, 48]. Specifically,
the model estimates amino acid and dipeptide tendencies to
characterize permeability of the aforementioned B3PPs. The
model works off of a scorecard algorithm calculating an initial
propensity score by subtracting the score of all B3PPs from all
non-B3PPs. These optimized scores are then used to create an
SCM model (which in this case is SCMB3PP). Finally, the SCM
is used to predict the permeability of unknown peptides. The
average Matthew’s Correlation Coefficient (MCC) for the
independent test set across the three datasets was approx-
imately 0.716, and the average accuracy was 0.895.

Sakiyama et al. examined the impact of employing training
data that closely resembles the test data to improve the
performance of machine learning models in predicting BBB
permeability [49]. Their findings demonstrated that selecting
training data with high cosine similarity (i.e., a vector-based
method to quantify the similarity between data points) to the
test data significantly enhanced their RF's prediction perform-
ance, even with a smaller training dataset [50]. The top-
performing model in the study also exhibited superior perform-
ance on two external test sets, indicating robust generalization
capabilities and surpassing existing leading models. This
approach, leveraging cosine similarity, shows promise for
accurately predicting the properties of compounds by balancing
data from highly diverse and limited datasets. Boulaamane
et al. analyzed a dataset of 7,807 from B3DB compounds [with
various molecular binary FPs to find that their RF algorithm
using MACCS FPs yielded the best results out of all used
descriptors [51, 52]. This combination achieved a mean AUC of
0.94 in 5-fold cross-validation. The applicability domain assess-
ment indicated that the MACCS dataset had the fewest outliers.
The model also achieved a 95% accuracy and an AUC of 0.92
on an external benchmarking dataset, underscoring its efficacy
for early-stage screening of compounds for BBB permeability.

Kumar et al. introduced the quantitative read-across structure—
activity relationship (q-RASAR) framework to enhance the
precision of BBBp predictions [53]. Unlike traditional models,
this study focused on improving the quantitative prediction of
BBB permeability for organic compounds. Researchers devel-
oped a g-RASAR PLS regression model using a dataset of 1,012
diverse heterocyclic and aromatic compounds from the freely
accessible B3DB database. The model’s predictive capability
was validated with two external sets, totaling 1,130,315
compounds, including synthetic compounds and natural prod-
ucts, and two additional external sets comprising 116 drug-
like/drug compounds from the FDA and ChEMBL databases.
The study highlighted the importance of hydrophobicity,
electronic effects, degree of ionization, and steric factors in
facilitating BBB traversal. Their q-RASAR achieved an R* of
0.634, a Q* of 0.627, and a R,,.,* of 0.697 on their external sets;
it was less accurate compared to Wu et al.’s neural network
(NN) [54]. However, direct comparison requires caution
because Wu et al.’s model was developed using a smaller, more
limited dataset. This discrepancy reflects the limitations of
descriptor-based QSAR models, which reduce a molecule’s
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three-dimensional information, such as electrostatics and
conformation, into numerical parameters like TPSA, logP, and
molecular weight. Although computationally efficient, these
descriptors may overlook steric interactions, hydrogen-bond
directionality, and non-linear relationships. In contrast, neural
networks process structural features more comprehensively by
leveraging three-dimensional data or graph-based representa-
tions. Descriptor-based approaches often rely on manually
engineered features, which can exclude important molecular
properties and result in lower performance compared to neural
networks that extract features automatically.

In the Dehnbostel et al study, 63 distinct models were trained
using SVM and RF classifiers, incorporating various combina-
tions of datasets, descriptors, encoding methods, and kernel
functions on data from both Muehlbacher etal. and an in-
house dataset [55, 56]. Notably, the bbbPythoN-imb RF model
achieved F1-scores around and above 0.95 in both internal and
external validations. The bbbPythoN-bal RF model reached a
specificity of 0.962 with 479 active and 286 inactive compounds
in the test set highlighting the challenges of imbalanced
datasets. Key descriptors like topological polar surface area
only considering nitrogen and (oxygen TopoPSA(NO))
achieved the highest Mutual Information Differential Shannon
Entropy (MI-DSE) score, crucial for distinguishing BBB-
permeating compounds, although its MI-DSE score dropped

from around 0.6-0.3 when positive samples were reduced.
Additionally, descriptors like centered Moreau-Broto autocorre-
lation, with lag 1 and weighted by Sanderson electronegativity
(ATSCl1se) showed that active compounds conserved around
0.0, indicating low electronegativity disparity, essential for
passive membrane crossing.

One of the chief advantages of machine learning (ML) over
deep learning (DL) is its explainability, which is crucial in
predicting blood-brain barrier permeability (BBBP) as demon-
strated in Figure 4. Cornelissen etal. enhance this explain-
ability by analyzing the predictive importance of various
molecular features related to BBBP transport [57]. They use
XGBoost models to construct multiple models on various sets
of molecules that exclusively use one form of transport from a
larger FP dataset [33] composed of 4 separate datasets
[30, 56, 58, 59] and self-curated data, totalling 9316 compounds.
Efflux models for ATP-binding cassette (ABC) transporters,
influx models with solute carriers (SLCs) and PAMPA models
for diffusion were developed.

The XGBoost models developed in this study scored 72% or
higher, with an AUC ranging from 0.78-0.92 on the training
dataset, and achieved an accuracy of 71% or higher on
validation sets. Efflux models performed comparatively worse
than influx models, with accuracies of 71% and 89%. Notably,
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FIGURE 4 |

The figure above illustrates the following: (A) A diagram depicting various active and passive transport mechanisms through which

compounds can cross the blood-brain barrier (BBBp). (B) A pie chart comparing the sizes of different datasets by the number of compounds they

include. (C) A bar chart displaying the distribution of compounds categorized as likely to be BBBp (in red) versus those not likely to be BBBp (in

gray). (D) A table summarizing the datasets used for generating prediction models, including their sources and the specific transport mechanisms
assessed through in vitro measurements (e.g., BBB, Efflux, Influx, PAMPA) or clinical data (e.g., CNS). Figure was reproduced with permission

from Cornelissen et al. [57].
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Topological Polar Surface Area (TPSA), a polarity descriptor,
was found to be crucial for both influx and efflux, with lower
TPSA thresholds significant for BBB permeation. The differ-
ence in influx and efflux model performance can be attributed
to the inherent function of each models’ transporters and the
selectivity of each transporter. For example, the efflux models
that performed worse utilize an ABC transporter that is less
selective than SLC transporters used by influx models. There-
fore, the less selective transporters of efflux models are more
likely to have variability in terms of predicting BBB perme-
ability which makes them perform worse when compared to
influx models. Molecular weight also emerged as a key
predictor for efflux transporters, while the number of hydrogen
bond donors was important for influx transporters. The study
also highlighted the importance of logD, another measure of
lipophilicity, for the PAMPA datasets. Additionally, specific
molecular substructures such as MACCS8 and MACCS43 were
found to influence BBB permeability, with MACCS8 associated
with BBB-impermeable compounds and MACCS43 significant
for the influx dataset.

Deep Learning Methods

Kim et al developed a deep learning-based 3D-QSAR NN
model, AlphaQ, which, unlike traditional 2D QSAR models,
accounts for the three-dimensional intra-molecular spatial
arrangements [60]. Models incorporating electrostatic potential
(ESP) data represent an extension of traditional QSAR
approaches by capturing three-dimensional charge distribu-
tions that influence hydrogen bonding and ionic interactions at
the BBB. Unlike simpler descriptors, which may fail to account
for localized charge gradients, ESP-based models can provide a
more detailed representation of molecular interactions, improv-
ing predictions of transporter activity and permeability. Kim et
al specifically utilize three-dimensional distribution of ESP.
Their dataset was composed of 406 organic compounds that
were derived from two sources [61, 62]. This dataset ranged
from 200-600 atomic mass units (amu) and was split into 8
separate subsets based on their amu. Within these subsets,
AlphaQ achieved an R* between 0.809-0.963 with no clear
relationship between amu range and performance. This
performance was validated using an external 5-fold cross
validation and outperformed the performance of classic 2-D
QSAR models. This study was however limited to using ESPs
features and did not account for the presence of other
descriptors (e.g. MDs, FPs, SMILES, etc.).

Radchenko et al created an NN using fragmental descriptors
and to predict logBB [63]. The model uses a single layer
architecture with 200 fragmental descriptors. Their dataset of
529 compounds, derived from over 100 source publications.
The model was then externally validated using a set of 568
compounds [64]. The model scored a Q2 (compounds with
error greater than 1-1.5 log units) of 0.815 and a Root Mean
Square Error of Cross-Validation (RMSEcv) of 0.318. While the
strength of this paper is in their use of primary literature and
true external validation dataset as well as their use of logBB as
opposed to a binary outcome, this study fails to compare well
to other methods due to little overlap in databases. Similarly,
Wu et al presented a NN QSAR approach™. Specifically, the

QSAR was used to study the relationship between structural
characteristics of compounds and their biological properties.
Subsequently, the NN was used to build logBB prediction
models from the predicted biological activity across 18 variables
including TPSA and logP. Thus, the study used a total of 70
MDs, 52 being structure group descriptors, to create 18
physicochemical parameters. The model was trained off of a
subset of 260 compounds, a further 40 being used for testing.
The optimal NN model achieved an R score of 0.956 in the test
set.

Alsenan et al were the first group to apply RNNs to the
prediction of BBBp [65]. The group augments an imbalanced
data set composed of 2350 compounds,(1803 BBB+, 547
BBB—) to 3606 compounds to reduce the imbalance (1803 BBB
+ and 1803 BBB—) [33]. Each molecule retained 6394 features
composed of both FPs and MDs as well as SMILES representa-
tions. A kernel-PCA (non-linear dimensionality reduction) was
used to reduce dimensionality from 6934-3603. The Synthetic
Minority Oversampling Technique (SMOTE) resampling tech-
nique is used to further mitigate the class imbalance. While
SMOTE introduces synthetic noise, this resampling method
proved effective here. On 10-fold-cross-validation, the RNN
model achieved an average accuracy of 96.53% along with a
specificity of 98.09%.

Atwereboannah et al [66] developed a Fully Connected Neural
Network (FCNN) and a CNN using SMILES notations from the
MoleculeNet Repository [34] (2051 drugs) and Gao et al’s (213
drugs) [29]. In the MoleculeNet Repository, the FCNN achieved
an accuracy of 99.5% and an F1 score of 0.989. The CNN
achieved a lower score with an accuracy of 89.6% and a similar
F1 score of 0.896. The FCNN and CNN achieved an AUROC of
0.995 and 0.992 respectively. In the second dataset, the FCNN
scored an F1 of 0.6544, an accuracy of 54.05%, and an AUC of
0.584. The CNN achieved an F1 of 0.667, an accuracy of 66%,
and an AUC of 0.584. Compared to SVM models from Gao et
al, the CNN outperformed in only the second dataset [29].
Again, 529 training compounds and 568 external compounds
remain relatively modest sample sizes compared to certain
large-scale BBB databases.

Ma et al. develop a deep learning model to predict BBBp called
DeepB3P3 [67]. Their hybrid model attempts to combine the
strengths of transformer encoders, and capsule networks
(CapsNet) layers to enhance performance. The authors use a
transformer that attempts to better capture hierarchical and
spatial relationships [68]. The model was trained on a dataset
composed of compounds pulled from B3Pdb and the Swiss-Prot
database [69, 70] that consisted of 269 BBBp+ peptides and
2069 BBBp- peptides. There was a smaller dataset of 119 BBB+
and 119 BBB- compounds pulled from Dai et al. that was also
used as external validation [71]. The first two datasets were
used for training and further evaluation, leading to the model
scoring an accuracy of 98.31%, a sensitivity of 98.15%, and a
specificity of 98.32% in the validation set [71]. The next highest
performing model was He et al’s Mutual Information Max-
imization Meta-Learning (MIMML) [72], a meta-learning
neural network, scoring an accuracy of 95.67%, a sensitivity of
64.08%, a specificity of 98.32%, AUC of 0.994, and an MCC of
0.997.
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As illustrated above, appropriately developed and applied DL
methods are highly accurate when it comes to predictability
but remain challenging to analyze than most purely ML
methods. Yu et al attempted to explore ML-level explainability
in DL models [73]. The main dataset included 940 market
drugs, of which 315 were BBB+ and 625 were BBB- [74].
Additionally, an external dataset of 117 market drugs was used
for validation, with 42 BBB+ and 75 BBB- drugs [75]. A Graph
Convolutional Network (GCN) was used to process molecular
graphs and predict CNS activity probabilities (Prob_pred) from
SMILES notations, leveraging its capability to handle complex
data and automatically learn features. To enhance performance
and interpretability, a Hybrid Ensemble Model was developed
by integrating the GCN'’s predictions with an SVM model.
Molecular descriptors were calculated using PaDEL-Descriptor
software, initially including 17,473 descriptors, which were
then refined based on importance scores from various methods
such as the Gini index for DT and RF, and coefficients for
SVM, ensuring the most relevant features were selected for
training.

The hybrid model achieved high performance metrics, includ-
ing an accuracy of 0.96, ROC AUC of 0.98, and an F1 score of
0.94, and offered valuable insights for designing CNS drugs and
improving predictive models. The authors further utilized these
results to develop and propose a set of guidelines that can be
used to distinguish between CNS- and non-CNS-active com-
pounds. Furthermore, these results demonstrated that 75% of
CNS drugs adhere to the authors new proposed guidelines
while only 21% non-CNS drugs follow the guidelines. This
ensemble model outperformed conventional ML and DL
models with accuracy increases of 4% on training and
validation sets and 8% on external testing. Using a fingerprint-
splitting method for robust validation and effective hyper-
parameter tuning, the model achieved an accuracy of 0.85.
They also identified eight key molecular descriptors for CNS
drugs, including features such as nitrogen heterocycles and
specific hydrogen bonding properties. The proposed classifica-
tion rules, based on these descriptors, were superior to tradi-
tional methods like Lipinski’s Rule of Five [73].

Another hybrid model presented by Aftab etal. integrated
three models of Ordinary Differential Equations (ODEs),
RNNs, and CNNs. This model is capable of forecasting the
logBB value of the compound in question for lightBBB and
B3BD datasets. The output of the CNN model was further fed
into Long Short-Term Memory (LSTM) network. The results
demonstrated that the hybrid model of CNN-LSTM achieved
an RMSE of 0.59 utilizing the LightBBB dataset and an RMSE
of 0.85 with the B3DB dataset [76]. Kumar et al. created several
models, mainly focusing on the classification read-across
structure—activity relationship (c-RASAR) framework paired
with an LDA model [77]. The study utilized a dataset of 7,807
compounds, including both 4956 (BBBp+) and 2851 and
(BBBp—) pulled from the B3DB database. The LDA-RASAR
model was analyzed in the test set, scoring an accuracy of
0.781, a precision of 0.833, a recall of 0.819, an F1 score of
0.826, and MCC of 0.53, and an AUC of 0.84.These results and
others previously mentioned demonstrate the powerful ability
of hybrid models when it comes to rapid assessment of

compounds and informed decision making when it comes to
the BBB permeability and drug development.

Kato et al. developed a QSAR model based off of PAMPA-BBB
data. This was developed using a dataset of around 2,000
compounds which represented over 60 small molecule drug
discovery projects in the National Center for Advancing Trans-
lational Sciences (NCATS). In the study there were four
different predictive models applied, those being RF, XGBoost,
Histogram Gradient Boosting (HGB), and Graph Convolutional
Neural Networks (GCNN). Notably, the RF model, the highest
5-fold cross-validation balanced accuracy (BACC) of 0.698 +
0.015 and validation set BACC of 0.708 were achieved using
RDKit descriptors, outperforming MOE descriptors which
achieved a 0.688+0.019 5-fold cross-validation BACC and a
validation set BACC of 0.659. In contrast, the GCNN model
achieved a slightly lower 5-fold CV BACC of 0.683 £0.018 with
RDKit descriptors but exhibited superior validation set per-
formance (BACC=0.723) [78]. These results further demon-
strate the strengths and weaknesses of various models and how
a combination of various models can be utilized to further
develop more stringent models and methods. For example,
Mauri et al. introduces and applies the Alvascience software
suite, designed to facilitate all of the QSAR and Quantitative
Structure-Property Relationship (QSPR) workflow, an essential
component of predicting molecular endpoints for untested
compounds. It does this by housing four different software,
each covering a step of the QSAR process, that make up the
suite but can also be used separately as their own software [79].
Models such as this one can be broken down and each software
can be utilized to be implemented in other more models or
serve as a source of validation for other models.

Hamzic et al. [80] developed learning models to predict in vivo
compound logP from chemical structures using an internal
Novartis dataset with in vivo and in vitro variables [81]. The
group developed two types of models including multi-task
graph neural network (MT-GNN) and single-task (ST) models.
While both models utilized 208 physicochemical descriptors
along with FPs. to predict logP, the MT-GNN was also trained
to complete auxiliary tasks based on invitro chemical data
including LogD in octanol buffer, passive permeability, etc.
MT-GNN models improved prediction accuracy compared to
training solely on in vivo data. The best-performing MT-GNN
model achieved a coefficient of determination of 0.42 and a
mean absolute error of 0.39 on a prospective validation set,
outperforming all tested ST models [52]. Additionally, the
classification of compounds into brain-penetrant or non-
penetrant categories achieved a MCC of 0.66. These were
compared with K-Nearest Neighbors (KNN) and RF models
which were largely outperformed (KNN: MCC =0.02, RF: R*=
0.39, MAE =0.44, Spearman's Correlation Coefficient=0.63).

Comparative Studies

Many studies have attempted to compare the relative perform-
ance of multiple models across the ML and DL spectrum on
BBBp prediction tasks. For instance, Ajabani et al. [82] utilized
a combination of two BBB datasets [83, 84] with an array of
ML methods including SVM, KNN, Logistic Regression, RF,
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Multi-Layer Perceptron, and Light Gradient Boosting with 10-
fold cross-validation. Each approach ranged from 78% to 94%
accuracy with RF models showing exceptional performance.
The RF model attained an overall accuracy of 90.36%, AUC of
0.96, a sensitivity of 77.73%, and a specificity of 94.74% with
similar performance in the external validation dataset.

Mazumdar et al also conducted their study comparing
XGboost, Random Forest, Extra Tree Classifiers, and NN [85].
These models used datasets derived from the DrugBank data-
base which contained a total of 8153 compounds (4894 BBB
permeable, 3259 non-permeable), and were evaluated using a
5-fold cross-validation. The 8153 compounds were encoded
using 10 separate molecular descriptors and totaled 4 different
dataset, 3 balanced with one imbalanced. The descriptors were
8 FPs and 2 MDs, all being tested using the three methods and
a resampling technique. The models utilized a dynamic
consensus approach to achieve agreements between multiple
models, which results in a more “agreed upon” conclusion
between the models. On final evaluation, the NN significantly
outperformed all other techniques with respect to by achieving
an accuracy of 97.8%, a sensitivity of 97.0%, a specificity of 98%,
a balance accuracy of 98%, an F1 score of 98%, and an ROC-
AUC of 98% [85].

Miao et al created a four-layer NN and compared the proposed
model with NN, SVM, KNN, and DT algorithms [86]. They
used the clinical SIDER database and derived three separate
datasets to train and evaluate the model. They were composed
of 91 molecules (38 BBB+, 53 BBB—), 210 molecules (136 BBB
+, 74 BBB—), and 161 molecules (76 BBB+, 85 BBB—) [83].
Their NN produced an average accuracy of 97% with an AUC
of 0.98, and an F1 score of 0.92 across all datasets. When
compared to other ML methods separately, there was a gain in
accuracy from 14-45 percent. The DL method consistently
outperformed the other methods, showing significant improve-
ments in accuracy, AUC, and F1 score — up to 44% better than
the next best methods. Despite its advantages, the DL method
does not predict the mechanism of BBB penetration. We note
that while these two studies contradict Ajabani et al, the NN
used by Ajabani is limited in size and depth compared to the
NN used in the latter two comparative studies.

Another study compared separate ML approaches composed of
SVM, KNN, Naive Bayes (NB), and RF to three DL models
including a deep NN DeePred-BBB, a one dimension CNN
(CNN-1D) and a fine-tuned CNN (i.e. CNN-VGG16) [88]. The
FPs dataset included 2,607 BBB+ compounds and 998 BBB-
compounds that were pulled from Zhao et al [70], Shen et al
[58], and Roy et al.[89] [85]. The DeePred-BBB model achieved
the highest performance, with 99.2% accuracy, 99.7% sensitiv-
ity, and 99.6% specificity, as well as an AUC of 98.7% and the
lowest Hamming Distance (4.048). The CNN-1D model
followed with 96.9% accuracy, 95.6% sensitivity, 97.5% specific-
ity, an AUC of 98.3%, and an HD of 4.118. The fine-tuned CNN
model also performed well, showing 97.2% accuracy, 98.3%
sensitivity, and 98.3% specificity, with an AUC of 94.6% and an
HD of 4.581. Among traditional models, the SVM with a linear
kernel had 91.6% accuracy, 96.9% sensitivity, 93.8% specificity,
an AUC of 96.3%, and an HD of 15.242. The kNN model (k=3)
achieved 92.7% accuracy, 97.4% sensitivity, 94.9% specificity, an

AUC of 96.8%, and an HD of 12.891. The NB model had 84.4%
accuracy, 94.8% sensitivity, 89.9% specificity, an AUC of 93.5%,
and an HD of 14.543, while the RF model had 81.5% accuracy,
94.3% sensitivity, 88.7% specificity, an AUC of 93.8%, and an
HD of 14.543.

Leveraging the transformer architecture, Huang et al. develop a
MegaMolBART (MMBART) as a transformer encoder for
SMILES [90]. The transformer encoded SMILES were then
compared to traditional FPs in an XGBoost algorithm for final
logBB prediction. The model was trained off of a dataset that
derived compounds from LightBBB, DeePred-BBB, B3DB, and
the Natural Products Research Laboratory (NPRL)
[27,52,88,91][87,100,101]. MMBART outperformed traditional
Morgan FPs, showing superior accuracy and AUC scores.
Specifically, MMBART achieved an AUC of 0.93 on the
LightBBB dataset and 0.96 on the DeePred dataset, comparable
to or better than traditional models like LightGBM and NNs. In
vitro validation using LC-MS/MS confirmed the model's
predictions, with BBB-permeable compounds accurately identi-
fied and BBB-impermeable compounds correctly excluded. The
model’s ability to handle complex patterns from SMILES
representations are perhaps more reliable than extensive
physicochemical property calculations, however, the authors
did note an overfitting as a possible reason for inflated
performance. Figure 5

Rosa etal. utilized the local interpretable model-agnostic
explanation (LIME) method to explain all individual predic-
tions [92]. The LIME algorithm slightly alters data, getting
predictions from the model then fitting a simpler regression to
the results. The models, RF, RF-Extra Trees (RF-ET) and a
Deep Residual Network (DRN), were trained from the Mole-
cule Net dataset [34]. The dataset consisted of over 2000 drugs,
hormones, and neurotransmitters which were encoded in FPs.
DRN conferred ROC-AUC scores of 0.894, 0.790, and 0.882 for
its three runs, with precision, recall, F1 score, and accuracy
values ranging from 0.868-0.896. RF outperformed with ROC-
AUC scores of 0.931, 0.943, and 0.936 with RF-ET performing
slightly worse. All models exhibited high true positive values
and relatively lower true negative values, indicating effective
identification of BBB penetrating compounds, though they
showed less accuracy in identifying nonpenetrating com-
pounds. Additionally, LIME analysis identified key substruc-
tures, notably nitrogen-containing groups and aromatic rings,
that contribute to BBB penetration, with consistent findings
across DRN, RF, and RF-ET models.

In another attempt to leverage DL methods, Tang et al created
the Deep B® algorithm [93]. This multi-model algorithm
extracts molecular graph features using a modified ResNet-50
CNN, and SMILES strings features with a Long Short Term
Memory (LSTM). These features are then concatenated with
MDs and FPs, where a self-attention layer is applied to
highlight key features related to BBB permeability within the
final NN. The dataset used for training consists of 7224
compounds [25, 27-31]. Within these, there were 5483 being
BBB+, while 1741 were BBB-. In the testing dataset, sourced
from previous publications and databases, 2670 molecules
(1258 BBB + and 1412 BBB—) were included [2, 25]. To address
dataset imbalance, augmentation was performed by renumber-
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FIGURE 5 | The distribution of molecule embeddings using t-distributed stochastic neighbor embedding (T-SNE), with color coding indicating
different datasets and BBB+ or BBB— classifications. Figure was reproduced with permission from Huang et al. [90].

ing atoms. The study’s final results were a 85% sensitivity, 64%
specificity, 0.49 MCC, 0.74 accuracy, and a 0.80 AUC for the
post-SMILES-augmented model. The authors note superior
performance compared to the Light Gradient Boosting-based
LightBBB where there was increased MCC and ACC by 6% and
4% respectively [27]. LightBBB was also outperformed by Deep
B’ outperformed in sensitivity by 9%.

In reviewing BBB permeability prediction models, both ML
and DL methods have shown substantial promise, with each
approach offering different advantages that depend on data
availability, descriptor choices, and target compound diversity.
Several studies [25,27,51][94] highlight ensemble ML methods,
attaining accuracy and AUC scores above 0.90 when using an
array of molecular descriptors and fingerprints, underscoring
the benefits of combining diverse weak predictors. Meanwhile,
Shaker et al. [27,36] confirm the efficiency of gradient boosting
algorithms for handling large, heterogeneous datasets, although
overfitting and data imbalance remain common challenges.
Classic descriptors like lipophilicity (logP/logD), molecular
weight, TPSA, and hydrogen-bonding features continue to
serve as robust predictors, yet more sophisticated representa-
tions - including 3D electrostatic potentials and SMILES-based
encodings - are increasingly deployed to capture intricate
structural and conformational subtleties. Indeed, Kim et al.
[60] leverage electrostatic potential data to refine traditional
QSAR approaches, while transformer models such as Mega-
MOoIBART [90] demonstrate strong feature extraction capabil-
ities from SMILES. Deep learning architectures (e.g., CNN,
RNN, GNN) can excel in large or specialized datasets, as
illustrated by Ma et al.’s DeepB3P3 [67] for peptide modeling,
though they often pose interpretability limitations. Methods
like LIME or hybrid ML-DL ensembles from Yu et al. [73] aim
to address these issues by balancing predictive power with
transparency. Ensuring robust applicability domains and

developing balanced, chemically diverse datasets are likewise
crucial, as demonstrated by Sakiyama etal. [49] (using
similarity-based data selection) and Alsenan et al. [65] (employ-
ing advanced augmentation). Across many studies, consensus
or hybrid strategies show improved generalization, suggesting
that combining ML and DL paradigms may deliver the most
reliable solutions moving forward. Finally, user-friendly online
servers such as ADMET Prediction Service [45] and PreAD-
MET [46] provide additional avenues for benchmarking or
cross-checking in-house models. This integration of computa-
tional tools with accessible platforms further fosters collabo-
rative efforts to develop more accurate and widely applicable
BBB permeability predictors.

Beyond improving classification metrics, these computational
approaches also offer insights into molecular characteristics
and mechanisms that influence CNS penetration. Models
referencing lipophilicity (logP/logD), TPSA, hydrogen-bond
donors, and specific structural motifs have outlined properties
that favor passive diffusion or interact with efflux transporters.
Such information can guide rational compound design, helping
optimize BBB permeability while minimizing off-target effects
and potential toxicity. Integrating these predictions into broad-
er in silico ADMET frameworks facilitates earlier evaluation of
pharmacokinetic and toxicity properties, reducing late-stage
failures. One of the most notable limitations in most of these
models are the limited data available. Oftentimes these models
are trained on non-representative datasets that bias models
leading them to fail in generalized drug development applica-
tions [107]. As datasets grow and feature-selection methods
refine, ML and DL models may continue to improve, ultimately
supporting more efficient screening and development strategies
for CNS-targeted therapeutics.
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Conclusion

The prediction of blood-brain barrier permeability has seen
significant advancements through the application of both
traditional ML and DL methods. Numerous studies have
demonstrated the strengths and limitations of various models,
highlighting the exceptional performance of ensemble ap-
proaches and modern DL techniques. For instance, Liu et al.
achieved remarkable accuracy through combining various
diverse data features of different models to develop their
ensemble model using SVM, RF, and RF XGBoost. Other
studies like Shaker et al. and Charoenkwan et al. showcased
the efficacy of gradient boosting and scoring-card methods,
respectively. Moreover, DL methods such as CNNs and GNNs
have often performed at even higher levels comparatively.
Nevertheless, challenges such as lack of diversity, dataset
imbalance, and limited comprehensive molecular descriptors
suggest that overfitting may be of concern.

To develop an ideal predictive model, a large, diverse, and
balanced dataset is essential, encompassing various molecular
descriptors like FPs and SMILES. Ensuring robust training
through cross-validation techniques and enhancing model
interpretability are crucial steps toward achieving reliable
predictions. This can be done through combining methods of
ML and DL models to enhance accuracy, interpretability, and
generalizability. For instance, the ensemble model by Yu et al.
is a hybrid model that utilizes both ML and DL methods and
has shown remarkable accuracy and generalizability and
provided insights on descriptors that distinguish CNS- and
non-CNS active drugs. These hybrid models can further be
used to develop drugs for targets outside of the CNS as well
which potentially opens new doors for novel therapeutics in
various fields of medicine. Moving forward, efforts should focus
on deciphering DL pattern recognition to fully leverage their
capabilities in understanding BBB permeability, ultimately
paving the way for more effective drug development and
therapeutic interventions.
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