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ABSTRACT: The blood−brain barrier (BBB) represents a major obstacle to
delivering drugs to the central nervous system (CNS), resulting in the lack of
effective treatment for many CNS diseases including brain cancer. To
accelerate CNS drug development, computational prediction models could
save the time and effort needed for experimental evaluation. Here, we studied
BBB permeability focusing on active transport (influx and efflux) as well as
passive diffusion using previously published and self-curated data sets. We
created prediction models based on physicochemical properties, molecular
substructures, or their combination to understand which mechanisms
contribute to BBB permeability. Our results show that features that predicted
passive diffusion over membranes overlap with features that explain
endothelial permeation of approved CNS-active drugs. We also identified
physical properties and molecular substructures that positively or negatively
predicted BBB transport. These findings provide guidance toward identifying BBB-permeable compounds by optimally matching
physicochemical and molecular properties to BBB transport mechanisms.

■ INTRODUCTION
The central nervous system (CNS) is vulnerable to various
diseases, such as brain tumors, Alzheimer’s disease, autism, and
multiple sclerosis. Therefore, CNS drugs comprise a wide
range of chemotypes that cover various pharmacological
categories. For these drugs to be effective, they must pass
the blood−brain barrier (BBB) to reach a therapeutically
relevant concentration in the brain. This is a major challenge in
developing CNS drugs2−4 as an estimated minority (only 2−
6%) of all small compounds can enter the BBB, the
“gatekeeper” of the CNS.5−7

The brain is protected from much of the potential chemical
interference by the BBB, an evolutionarily conserved barrier
that selectively separates the brain from the circulatory system.
The BBB consists of brain endothelial cells, their surrounding
cells (smooth muscles, pericytes, astrocytes, and neurons), and
a basement membrane.8 The BBB controls the transport of
ions, proteins, hormones, and immune cells between the brain
and the blood, essential for adequate brain function.8 These
can be transported by either passive diffusion via intercellular
tight junctions, closely connecting endothelial cells, or active
transport by specific transporters on the surface of endothelial
cells. Therefore, the BBB is one of the main hurdles of drug
design for effective systemic treatment against CNS diseases.

Compounds can cross the BBB via passive transport either
transcellularly through the phospholipid bilayer of the
membranes of the BBB endothelial cells or paracellularly

between endothelial cells where tight junctions restrict
molecule diffusion. The efficiency of diffusion is dependent
on physicochemical properties, such as lipid solubility and
molecular weight.5 This efficiency can be measured in vitro
through, e.g., a parallel artificial membrane permeability assay
(PAMPA).9 In addition, endothelial cell culture models of
brain uptake in vitro10−12 are suitable for screening procedures
with the BBB-specific expression of endothelial transporters
and carrier proteins, to some degree imitating the in vivo
situation.

For active transport, BBB passage is regulated by the
transmembrane influx and efflux transporters.13 Most influx
transporters belong to the gene superfamily of solute carriers
(SLCs).14 SLC transporters can transport molecules of a wide
range, including ions, neurotransmitters, and amino acids and,
thus, are interesting targets for drug development.15 There are
a few drugs on the market binding specifically to SLCs in
diseases.16,17 The transporters belonging to SLC22 and SLCO
(formerly called SLC21A) are especially important for drug
uptake including drug absorption, distribution, and elimina-
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tion.18,19 These two subfamilies are particularly complex
because they are not exclusively responsible for the influx of
molecules but also the efflux of molecules as they facilitate
transport in a bidirectional manner.18,19 Still, SLCs are
considered to be understudied.16,17 Due to their complex
structure, they are difficult to express and purify, which
represents limitations to their experimental study. In addition,
their biochemical, biophysical, and structural characterization
is experimentally challenging.16

Similar to the SLCs, the superfamily of ATP-binding cassette
(ABC) transporters has a wide range of substrate molecules.
ABC transporters are�in contrast to SLCs�mostly entry-
prevention transporters that recognize xenobiotics coming
from the circulatory system and prevent them from passing the
BBB to protect the brain. According to their evolutionary
divergence, the ABC transporters are divided into seven
subfamilies (ABCA−ABCG),20 with P-glycoprotein (P-gp,
ABCB1) as the most commonly reported active efflux system
for small molecules.21−23 P-gp plays a crucial role in drug
resistance against antineoplastic and anticancer drugs, e.g., in
colorectal cancer.24

Endothelial cell culture models of brain uptake in vitro are
suitable for screening procedures with the BBB-specific
expression of endothelial transporters and carrier proteins, to
some degree mimicking the in vivo situation. A better
representation of BBB transfer is the use of in vivo methods.
This is commonly assessed in rodents by determining the
unbound plasma/unbound brain concentration ratio of
compounds25 which is determined after giving the drug
through its normal administration route.26 Nevertheless, these
data are only sparsely available in the public domain.

Over the past decades, absorption, distribution, metabolism,
and excretion (ADME) property evaluation in laboratories has
become one of the most important areas of interest in the
process of drug discovery and development and has been
widely accepted.27 However, experimental evaluation and
optimization with numerous in vitro assay methods are time-
consuming and expensive,28 and in vitro-to-in-vivo (IVIVE)
usually contains a number of assumptions that increase the
uncertainty of the estimated values. Therefore, alternative
methods with lower costs such as computational models are
needed for drug development and research. Nowadays, due to
the high-speed development of computational technology,
various in silico prediction models to evaluate compound
ADME properties have been developed,29−31 also for BBB
transfer32−36 (shown in Table S1).

In this work, we propose a new and more refined approach
to assess BBB permeability by using previously published and
self-curated data sets focusing on different aspects of BBB
transport, respectively, via influx, efflux, and passive diffusion
and through an endothelial in vitro model (Figure 1A). By
using an eXtreme Gradient Boosting37 (XGBoost) prediction
model, we identified which physicochemical properties and/or
molecular substructures can best explain the transfer of
compounds to the brain. In addition, we improved the
performance of these prediction models by combining
physicochemical properties and molecular fingerprint data.
After establishing the most optimal prediction models for each
type of transport, we assessed their putative contribution to
BBB permeation by providing them with an independent
benchmark dataset consisting of approved small-molecule CNS
drugs as well as non-CNS drugs. This showed that endothelial
assays most accurately resembled CNS drug permeability and

Figure 1. Overview of datasets used in their relation to putative BBB permeability. (A) Cartoon showing a schematic overview of different
active and passive transport mechanisms for compounds to permeate the BBB. (B) Pie chart showing a comparison of dataset sizes based on the
number of compounds within each dataset. (C) Histogram showing the corresponding overview of percentages of compounds assumed to be in
favor of BBB permeation (red) or not in favor of BBB permeation (gray). (D) Table showing an overview of datasets with their sources used to
generate the prediction models and their specific transport mechanism based on in vitro measurements (i.e., BBB, Efflux, Influx, and PAMPA) or
based on observed clinical data (i.e., CNS).
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that the sum of BBB permeability can be caused by exclusive
mechanisms, whereof passive transport appeared to contribute
most to the net effect.

■ RESULTS
Compounds Can Be Transported via Various Trans-

port Mechanisms into the BBB. The BBB is formed by
specialized tight junctions between endothelial cells that line
brain capillaries to create both a physical and selective
biological barrier between the brain and the rest of the body,
to exclude toxins from the brain. This exclusion also applies to
most small-molecule compounds, limiting their bioavailability
in the brain against CNS diseases such as brain cancer. Here,
we investigated different transport mechanisms involved in the
BBB permeation of small molecules to identify features that
predict positive BBB transport. Different transport mechanisms
are summarized in Figure 1A and details regarding the datasets
used are provided in Figure 1B−D, with a total of 8658 unique

compounds for which the transport mechanism has been
determined, either quantitatively or qualitatively (Figure 1C).

Several compounds were shared between datasets (up to 7%
between the CNS and Efflux), i.e., representing a minority of
the cases (Figure S1A). The BBB dataset was used to
investigate BBB permeation by an in vitro-grown CNS
endothelial monolayer mimicking the BBB, wherein com-
pounds can pass the endothelial cells via diffusion, influx, or
efflux transporters. The PAMPA dataset is a strongly simplified
representation of the BBB looking only at transcellular
diffusion by using the PAMPA. The Influx dataset focuses on
SLC transporters present in CNS endothelial cells, where
specific compounds with SLC substrates can bind to pass the
BBB. The Efflux dataset focuses on ABC transporters, also
present in endothelial cells where compounds with ABC
substrates can bind, resulting in the efflux of a compound out
of the brain. Finally, the CNS dataset consists of approved
small-molecular compounds classified as CNS and non-CNS
drugs. According to our binary classification, the BBB and

Figure 2. Workflow of the prediction models based on physicochemical properties per transport mechanism. (A) Schematic overview of the
experiment. Physicochemical properties were used to train all five models separately, resulting in a ranked list of properties important for predicting
the outcome that were tested on test and validation data within the same dataset. BBB+, BBB-permeable, BBB−, and BBB-impermeable. (B)
Decision trees showing the first three decision splits per dataset. Cutoff values per property, defined by the outcomes from the XGBoost models, are
depicted in each branch. (C) Histogram showing the relative feature importance of property-based models per dataset. Pearson’s chi-squared test to
rule out false positivity because of the overrepresentation of properties within each subset was performed (p value < 0.05; computed by Monte
Carlo simulation). N.S., nonsignificant; MW, molecular weight; R.B., rotatable bonds; TPSA, topological polar surface area; LogP, partition
coefficient of a molecule between aqueous and lipophilic phases; LogS, water solubility; HBA, hydrogen bond acceptor; HBD, hydrogen bond
donor; LogD, log of partition of a chemical compound between the lipid and aqueous phases; (D) Sankey plot showing an overview of the relative
feature importance (0−1) per dataset, with the most important physiochemical property feature per dataset depicted in red.
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PAMPA datasets contain particular transport substrates in
favor of putative BBB permeability (respectively, 78 and 83%;
Figure 1B,C), whereas Efflux, Influx, and CNS datasets contain
a minor group of substrates that would favor putative BBB
permeability (respectively, 39 18 and 19%; Figure 1B,C).
t-distributed stochastic neighbor embedding (tSNE) analysis

allows visualization of the chemical space based either on
physicochemical properties [i.e., LogP and LogD, HBA, TPSA,
rotatable bonds (RBs), molecular weight (MW), HBD, and
LogS] or on molecular fingerprints (i.e., Molecular ACCess
System (MACCS) molecular features; Figure S1B,C, respec-
tively). Both properties and fingerprints show a spatial
distinction in putative BBB permeability, whereas MACCS
fingerprints show a slightly more diffuse profile. This indicates
that the binary BBB permeation label does not directly
correspond to fixed sets of properties/fingerprints but rather an
assembly of multiple combinations that might be interdepend-

ent. This therefore urges us to analyze each transport
mechanism separately. Indeed, when visualizing physicochem-
ical properties and fingerprints per dataset (i.e., Efflux, Influx,
PAMPA, and BBB) separately (Figure S1D,E), some distinct
areas with varying BBB permeability can be observed.

BBB Transport Mechanisms Have Unique Physico-
chemical Profiles Essential for BBB Permeation. To
investigate which physicochemical properties are important for
BBB permeation per transport mechanism in our datasets, we
developed an XGBoost prediction model for each dataset
(Figure 2A, the performances of all models are shown in Table
S1). XGBoost is a decision-tree-based ensemble machine
learning algorithm, building a pre-set number of decision trees
(e.g., classifiers) and creates a weighted combination of these
trees, resulting in a prediction model where features can be
ranked for importance on their outcome. Models were created
on 65% of each dataset, and the remaining 35% was split into

Figure 3. Workflow and results of prediction models based on the structural features per transport mechanism. (A) Schematic overview of the
experiment. MACCS key fingerprints were used to train all five models separately, resulting in a list of molecular structures (MACCS keys)
important for predicting the outcome that were tested on test and validation data within the same dataset. (B) Histogram showing the top 8 relative
feature importance of MACCs key fingerprint models per dataset. Three examples of, respectively, BBB-permeable (red) and BBB-impermeable
(blue) MACCS keys are highlighted and explained in (C). (C) Molecular substructures listed in Figure 3B. Pearson’s chi-squared test was used to
rule out false positivity because of the overrepresentation of fingerprints within each subset (p value <0.05; computed by Monte Carlo simulation).
N.S., nonsignificant.
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an internal test and validation set to examine both the internal
consistency and predictive ability of the model.

All prediction models resulted in an accuracy on the training
data of 85% or higher on the training data and an area under
the curve (AUC) ranging from 93 to 99%. The accuracy of the
prediction models is illustrated in Figure S2A−E. The results
of the validation (81.4%) and test (82%) sets are inferior to
performance on the training set (93,4%), which is to be
expected; however, the difference is relatively small, so the
model does not seem to be overtrained. Imbalances between
the positive or negative BBB permeability status within a
dataset could lead to misclassification by the prediction model,
as well as the presence of novel chemistry which the model is
less familiar with. For example, the BBB and PAMPA
validation and test sets (Figure S2A,D) show a lower negative
predictive value (NPV) due to the overrepresentation of
positive outcome data (Figure 1B,C), thereby resulting in
more compounds that are falsely classified as BBB-imperme-
able. The other datasets on the other hand (Efflux, Influx, and
CNS) show a lower positive predicted value (PPV, Figure
S2B,C,E) compared to the training dataset, which can be
attributed to the high number of BBB-impermeable com-
pounds (Figure 1B,C), resulting in more false positives.

For each model, a total of three decision trees were created,
with the first three splits of the first decision tree illustrated in
Figure 2B. As shown, the first and therefore most important
splits differ per dataset, implying that the transport
mechanisms are driven by different physicochemical proper-
ties. An overview of important features (i.e., physicochemical
profile) ranked in descending order of the decision trees per
dataset is illustrated in Figure 2C. For the BBB dataset (i.e.,
endothelial assay), topological polar surface area (TPSA)
appears to be the most important feature, suggesting that the
charged atomic space defines permeation through brain
endothelial cells. Indeed, published data on BBB permeability
models also showed TPSA as the most important predictor for
BBB permeation.38−40 Similarly, we found that TPSA is also
the most crucial descriptor for small-drug molecules to cross
the BBB into the CNS (CNS dataset, Figure 2C). Thresholds
for the TPSA in the BBB and the CNS dataset are <118 Å2
and TPSA <79.38 Å2, respectively (Figure 2B). This is in
agreement with previously published data of CNS-active drugs,
respectively, TPSA <90 Å2.41,42 Systematic differences
between the datasets could underlie the different thresholds,
i.e., since the CNS dataset contains approved small-drug
molecules only and the BBB dataset contains a variety of
compounds, including usually large natural products, the latter
consequently having a higher average TPSA.43

Concerning the efflux prediction model (i.e., referring to
ABC transporters), MW is the most important predictor, also
found in previously published data.44−46 It should be noted
that a simple cutoff for MW is not a reliable filter for
distinguishing substrates from nonsubstrates since other
physicochemical properties can affect efflux transport as
well.47 For influx via SLC transporters, HBD was the most
important predictive feature. This is in agreement with
previous literature, where HBDs were found to be important
for drug−transporter interactions.48 Interestingly, the feature
ranking of influx versus efflux features is grossly inverted
(Figure 2C), which might reflect differences in the mechanism
of action between these types of transport.

For passive diffusion via PAMPA membranes LogD, a
measure of lipophilicity, is the most important predictor for

permeation which corresponds to the composition of the
PAMPAs lipid bilayer composition (Figure 2D). TPSA, LogD,
MW, and HBD are the overall most important factors to
predict putative BBB permeation, whereas the contributions of
RBs, LogS, LogP, and HBA are low in the current model.

In summary, different physicochemical properties are
associated with the prediction of different transport mecha-
nisms, matching earlier observations.49,50 Since the predictive
feature profile of the BBB versus the CNS dataset is almost
identical, this could indicate that the net effect of passive and
active transport is defined by the sum of these features. As
shown in Figure 2C, only in the case of the CNS dataset,
LogD, LogS, and LogP are of minor importance in predicting
the outcome (Figure 2C). The results showing the most
important features per model are summarized in Figure 2D.

Specific Molecular Substructures of Compounds Are
Related to Effective BBB Transport. Besides physicochem-
ical parameters, the precise molecular structure of a compound
determines BBB permeation, both with respect to passive
diffusion through lipophilic and hydrophilic phases as well as
via recognition by influx or efflux transporters. To investigate if
we can identify molecular substructures contributing to BBB
permeation, we developed XGBoost models for all datasets
using molecular fingerprints (Figure 3A). Again, XGBoost
allows the identification of feature importance for the
molecular fingerprints, for which we used MACCS molecular
descriptors. This allows to back-translate the corresponding
molecular substructure of a particular compound to the
respective transport mechanism. Therefore, we aimed to
identify specific molecular substructures that are associated
with BBB permeation.

Compounds were described through MACCS fingerprints,
consisting of a bitstring of 166 keys, with a subset of MACCS
keys present in our datasets (Figure S4F). MACCS fingerprints
were used to train the model and evaluated on a validation and
test set. The chemical space of MACCS fingerprints color-
coded by the binary outcome (i.e., putatively BBB-permeable
or -impermeable) per dataset is illustrated in Figure S1E, where
molecularly defined groups for the BBB and Influx datasets can
be visually identified. In the case of Efflux, PAMPA, and CNS
datasets, differences are less apparent.

XGBoost prediction model performance per dataset is
shown in Figure S3A−E. All prediction models resulted in
an accuracy on the training data of 72% or higher and an AUC
ranging from 78 to 92%. For the validation sets, the accuracy is
71% or higher, and the AUC is 69% or higher. The worst-
performing prediction model is the Efflux dataset, with an
accuracy of 71%, and the best-performing prediction model is
the Influx dataset with an accuracy of 89%.

For the MACCS models, we used up to five decision tree
splits. Due to the sparsity and binary format of the input data,
the addition of extra splits had no effect on the model
performance. With this, we underlined the most important
substructure(s) that predict putative brain penetrance. Each
considered substructure has one corresponding MACCS key.
Top-8 ranked MACCS keys per dataset are provided in Figure
3B and illustrated in Figure 3C, with the corresponding
decision trees outlined in Figure S5A−E. As shown in Figure
3B, several MACCS keys overlap between datasets to predict
the outcome. Both BBB and influx have a feature that is of high
importance (feature importance >0.40) in their respective
prediction models, MACCS8, which is a four-membered
heteroatom ring, and MACCS43, which is one of any atoms
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bound to two other atoms except carbon or hydrogen, whereof
each possesses one hydrogen (Figure 3C). This is also
supported by the fingerprint decision trees (Figure S5A−E),
wherein both Influx and BBB datasets have only one short
branch when following their respective MACCS8 and
MACCS43 split (Figures S5A and S5C, respectively).

With the findings provided above, we focused on the
interpretation of features from the BBB and Influx datasets
since these datasets had similarities in feature importance
(>0.4) of the most important features (Figure 3B). The tSNE
based on the substructures of the BBB dataset shows a
separation of BBB-impermeable compounds (gray; Figure 4A)
and BBB-permeable compounds (red).

When highlighting all MACCS8-positive compounds, these
all appear to be molecularly similar (Figure 4B) in the BBB-
impermeable group (Figure 4A,B), suggesting that this
particular four-membered ring with one heteroatom is of
value in separating a large group of putative BBB-permeable
versus -impermeable compounds in the dataset. This structure
overlaps with the β lactam group, present in penicillin and its
derivative antibiotics (158 out of 164 MACCS8-positive
compounds, 96%), fitting the observation that β lactam-
containing hydrophilic antibiotics are commonly excluded
from the brain.51,52 Consistently, the decision tree of the BBB
MACCS model (Figure S5A) shows that the majority of
MACCS8 positive compounds are BBB-impermeable, 154
(94%) impermeable and 10 (6%) BBB-permeable. Concerning
the other branches of the decision tree, the separation of the
model outcome is less apparent. To conclude, MACCS8 is
associated with the exclusion of drugs from the brain, in the
context of BBB permeability via endothelial cells. This is

consistent with previous work, where a method using MACCS
fingerprints and a support vector machine algorithm for BBB-
permeable and -impermeable compounds found an important
substructure for BBB-impermeable compounds.53,54

To independently validate the above-described findings, we
performed the same tSNE analysis based on ECFP4 circular
fingerprints, which captures higher levels of molecular
complexity by describing more atom-to-atom relations within
the molecule.55 We used an ECFP bitstring of 1024 binary
features. A tSNE visualization based on ECFP4 fingerprints for
the BBB dataset is given in Figure 5A (left), wherein a similar
pattern of putative BBB-permeable and impermeable com-
pounds is found. Next, we took two subgroups of BBB-
permeable and -impermeable compounds (Figure 5A, right)
and determined the similarity of the compounds by calculating
the Tanimoto similarity score, resulting in two major clusters
(e.g., subgroups; Figure 5B).

Within these subgroups, compounds with a Tanimoto
similarity score of ≥0.7 were analyzed in ChemMine Tools56

to identify structural similarities between the compounds
(Figure S6A). Similarities within subgroups A and B are shown
in Figure 5C. A molecular substructure that was found earlier
in the fingerprint analysis (i.e., MACCS8) was found again for
the BBB-impermeable subgroup (Figure 5C, left figure; Figure
S6A, subgroup A). BBB-permeable compounds were found to
have a common structure consisting of aromatic rings (Figure
5C, right figure; Figure S6A, subgroup B1-3), consistent with
earlier observations.57,58 This latter group of molecules is
similar to corticosteroids, known to enter the brain.59 The
BBB-impermeable compounds (Figure S6A, subgroup A)

Figure 4. Specific molecular substructures predict putative BBB permeation and impermeation. (A) tSNE plot of compounds based on the
MACCS key BBB dataset, with BBB-permeable compounds in red and BBB-impermeable compounds in gray. (B) tSNE plot of compounds of (C)
with compounds containing MACCS 8, which is a four-membered ring with one heteroatom shown in blue. (C) Illustration of three compounds
containing MACCS 8, a four-membered ring with one heteroatom of the BBB dataset, which are all BBB-impermeable. (D) tSNE plot of
compounds based on the MACCS key Influx dataset, with putatively BBB-permeable compounds in red and BBB-impermeable compounds in gray.
(E) tSNE plot of compounds of (F) with compounds containing MACCS43, which is one of any atoms bound to two other atoms except carbon or
hydrogen, whereof each possesses one hydrogen, and MACCS36, a sulfur heterocycle shown in red, which are all putatively BBB-permeable. (F)
Three examples of the structures of compounds containing MACCS43, which is one of any atoms bonded to two of the same atom each possessing
one and only one hydrogen, and MACCS36, a sulfur heterocycle of the Influx dataset.
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contain a beta-lactam structure, known to poorly permeate the
BBB.52,60

Next influx (i.e., SLC substrate)-associated features were
analyzed for Tanimoto similarity. The chemical space of influx
data based on MACCS fingerprints is illustrated (Figure 5D),
showing a group of compounds associated with no influx in
gray (group C) and a group with influx shown in red (group
D). Per subgroup, compounds with a Tanimoto similarity
score of ≥0.7 (Figure 5E) were analyzed on the substructure
level with ChemMine Tools. Similarities within the subgroups

are shown in Figure 5F (all compounds are visualized in Figure
S6B). Group C contains a structure similar to SLC22A12
solute carrier inhibitor61 hURAT1,61,62 which might be
explained through both being a transport inhibitor as well as
a transport substrate. For influx permissive compounds, the
same molecular substructures as identified with the MACCS
XGBoost model were found, containing MACCS43 and
MACCS36 (Figure 5F). MACCS43 contains two HBDs,
correlating with the previous results seen in the property
model. The chemical structure containing MACCS43 consists

Figure 5. Prediction models based on ECFP4 fingerprints show identical results compared with MACCS fingerprint models. (A) tSNE plot of
compounds of the BBB dataset based on ECFP4 fingerprints, with BBB-permeable compounds (red) and impermeable (gray). tSNE on the left
shows a subset of the influx compounds, categorized into groups A (impermeable) and B (permeable). (B) Heat map showing Tanimoto similarity
of compounds used in the BBB model, respectively, divided into groups A and B. For the molecular substructure search, group B was divided into
three groups, respectively, B1, B2, and B3. For similarity search, one random compound of, respectively, group A, B1, B2, and B3 was taken and
structures with a similarity of 0.7 or higher were used to find similarity structures between compounds. (C) Examples of compound-structure
similarity for the BBB model for the impermeable group A (left) and permeable group B (right). The identified structure in group A contains the
MACCS8 feature that was independently identified using the XGBoost BBB model based on MACCS keys (see Figure 3B,C). (D) tSNE plot of
compounds present in the Influx dataset based on ECFP4 fingerprints, with BBB-permeable compounds (red) and impermeable (gray). tSNE on
the left shows a subset of the influx compounds, categorized into groups A (impermeable) and B (permeable). (E) Heat map showing the
Tanimoto similarity of, respectively, groups C and D. For molecular substructure search, group B was divided into three groups, respectively, B1,
B2, and B3. For similarity search, one random compound of, respectively, groups C, D1, D2, and D3 was taken and structures with a similarity of
0.7 or higher were used to find similarity structures between compounds. Again, the substructure similarity for, respectively, compounds in group C
(left) and group D (right). (F) As shown, a common structure that resembles hURAT1 inhibitors was found not to be associated with the influx.
Interestingly, compounds positively associated with the influx contained common elements overlapping with substructures MACCS43 and
MACCS36, previously identified using the XGBoost BBB model based on MACCS keys (see Figure 4D).
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in 90.6% (58/64 compounds) of the cases of two amino
groups connected by a carbon and is directly attached to the
MACCS36 structure, a sulfur heterocycle (in 98%, 63/64 of
the compounds). In addition, the carbon atom of MACCS43
predominantly had a double bond with oxygen in 98% (63/64
compounds) of the cases. Of the MACCS43- and MACCS36-
containing compounds, 64 are BBB-permeable (85%) and 11
are BBB-impermeable (15%; Figure S5C, including a detailed
overview of these compounds on a molecular level in Figure
S8). In conclusion, with this dataset, we found a large subset of
SLC substrates that can be distinguished from SLC non-
substrates by containing the MACCS43 and MACCS36
substructures in their molecule.

BBB Permeability Predictions Based on Properties
and Molecular Substructures Can Improve Model
Performance. Eventually, we created a final model per
dataset with the physicochemical properties and the three
highest-ranked MACCS keys combined. In addition, we
compared the result for all three models individually for either
properties or fingerprints and their combination (Figure 6A).

The combined models showed an accuracy ranging from 87
to 97% (Figure S4A−E). The test sets (i.e., accuracy 69−90%)
and validation sets (i.e., accuracy 71−91%) gave less well-
predicted outcomes compared with the training sets. For most
datasets, e.g., BBB, Efflux, PAMPA, and CNS, the phys-

icochemical properties are the most important features for
predicting the permeability (Figure 6B). On the contrary, for
the Influx dataset, the MACCS43 key was found to be of
greater importance than the properties. When looking at the
AUCs of the validation sets for the influx datasets of,
respectively, the property model (87%), fingerprint model
(87%), and combined model (91%), the combined model of
influx resulted in a better prediction compared with properties
only and the fingerprint model only (Figure 6C). This is in
agreement with the feature importance list (Figure 6B), where
the MACCS43 substructure is of greater importance than any
of the properties, suggesting that molecular substructures are
important for active or passive influx transport. Improved
performance of the prediction models with properties and
MACCS fingerprints combined was seen for Influx (from 87 to
91%), Efflux (from 70 to 72%), and PAMPA (from 88 to 90%)
datasets, although the improvement was limited (Figure 6C).
For both BBB (from 87 to 87%) and CNS (from 78 to 78%)
datasets, adding fingerprints did not improve the models,
probably since TPSA is a dominant predictor in both models
overruling the relative weight of other predictive features.

Endothelial BBB Model Most Accurately Predicts the
CNS Benchmark Data. In our final analysis, we aimed to
determine the potential contribution of each model to the
process of actual drug delivery to the brain. For this, we used

Figure 6. Combined prediction models of respective properties and the top three MACCS3 key fingerprints can improve prediction in
comparison with properties only. (A) Schematic overview of the experiment. Physiochemical properties and the top three MACCS key
fingerprints were used to train all five models separately, resulting in a list of features important for predicting the outcome that were tested on test
and validation data within the same dataset. The results of the validation sets of both the XGBoost property model and fingerprint model and
combined model were compared for prediction quality. (B) Histograms showing the relative feature importance of combined properties and the
top three MACCS key fingerprint models per dataset. (C) Responder operator curve (ROC) containing, respectively, the properties, fingerprints,
and combined AUCs of the validated datasets (i.e., BBB, Efflux, Influx, PAMPA, and CNS). For, respectively, the efflux, influx, and diffusion, the
combination of properties and MACCS fingerprints in the model gives a slight improvement in the prediction compared with properties alone,
whereas for the BBB and CNS, the prediction is similar/worse compared with properties alone. Pearson’s chi-squared test was used to rule out false
positivity because of the overrepresentation of properties or fingerprints within each subset (p value <0.05; computed by Monte Carlo simulation).
N.S., nonsignificant.
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an experimental CNS benchmark dataset, whose compounds
are known to have activity in the brain and hence need to
reach this target organ via one of the mechanisms available for
crossing the BBB. Again, we used the combined models (i.e.,
based on properties and top three MACCS keys) of,
respectively, BBB, Influx, Efflux, and PAMPA (Figure 7A)
and tested them on the unseen CNS data set.

Comparisons of the models are illustrated in Figure 7B. The
level of correspondence of each drug of the CNS dataset is
shown as a tSNE visualization in Figure 7C, also showing
commonly observed patterns as seen over the different
prediction models. Interestingly, a number of non-CNS-
penetrating drugs were consistently predicted to be non-
penetrant for all models (shown as dark green in the schematic

overlay plot). These non-CNS-penetrating compounds (209
out of 1442 nonpenetrating drugs; 14%) have a significantly
larger MW, hydrophilicity, number of HBDs and HBAs, as well
as a larger TPSA, all matching previous reports3 (average
values shown in Figure 4C, and statistical analysis is shown in
Figure S7). For the remaining compounds, different modes of
action might apply to subgroups of compounds. This implies
that BBB penetrance can for a large part be ascribed to a blend
of different transport mechanisms. The BBB model resulted in
the highest sensitivity (89.78%) with 258 out of 411 TPs
(Figure 7B,C). Given the similarity between the results (Figure
7B,C) of the BBB and PAMPA datasets, this suggests that
passive diffusion can account for an important part of the BBB
permeability of CNS compounds, see also the schematic

Figure 7. Benchmarking the individual BBB models using an unseen CNS benchmark dataset. (A) Schematic overview experiment. The
combined models of, respectively, BBB, Influx, Efflux, and PAMPA were used to predict the CNS dataset. (B) Contingency table showing the
overview results of predicted CNS data with, respectively, the BBB, Efflux, Influx, and PAMPA models. The BBB model appeared to predict the
CNS drugs (i.e., drugs penetrating the brain) of the CNS dataset best. CI, confidence interval; PPV, positive predicted value; NPV, negative
predicted value. (C) tSNE plot showing the overview of true positive (TP), true negative (TN), false positive (FP), and false negative (FN)
predicted CNS compounds per prediction model (i.e., BBB, Efflux, Influx, and PAMPA) and an overlay of all prediction models. The schematic
overlay plot shows the different areas that are either true-positively predicted (gray) or true-negatively predicted (shades of green). The average
properties of TN (n = 209) and the non-TN drugs (n = 1987) are shown in the inset, showing that TN drugs have a higher MW, higher
hydrophilicity, higher amounts of H-bond acceptors and donors, and a higher polar surface area (TPSA). See Figure S7 for details. Predicted. (D)
ROC of CNS data predicted with, respectively, BBB, Influx, Efflux, and PAMPA models. The dashed black line represents the ROC curve of the
CNS combined model on the CNS dataset (benchmark).
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overlay plot. Still, around 25% (102 out of 411) of the
PAMPA-predicted CNS drugs are not identified as BBB-
positive compounds, showing that other transport mechanisms
play a role as well. In addition, most CNS compounds do not
appear to be Efflux substrates as 258 compounds (63%) are
correctly predicted as nonsubstrates with the Efflux model. The
overlap between the models is also shown in Figure 7C, again
highlighting that the most consistent true positive outcomes of
the sum of the models resemble the BBB and PAMPA models.

The comparisons between the model performance can also
be assessed through AUC analysis, showing that the BBB
model has the best retrieval of CNS compounds at 71.5%
compared with the other models (Figure 7D) and is closest to
the AUC of the model of the CNS itself (89.7%, Figure 7D).
This can in other words also be described as similarities
between both machine learning models (and the underlying
datasets) of both the CNS and BBB, containing a generally
similar ranking of features important for prediction of their
outcome (Figure 6B). Together, by evaluating the role of each
transport model onto a benchmark CNS dataset, our data
suggest that the BBB model most accurately predicts the CNS
benchmark data and that all models together correctly predict
compounds as non-CNS penetrant based on a large MW,
hydrophilicity, proton donors and acceptors, as well as a high
TPSA. When looking at each transport mechanism individu-
ally, i.e., passive diffusion, influx, and efflux, most CNS
compounds seem to permeate through the BBB by passive
diffusion, based on the data and analysis performed in this
work.

■ DISCUSSION AND CONCLUSIONS
The pharmacological activity of CNS therapeutics depends on
the ability to cross the BBB as well as on its availability for
target engagement in the brain. Limited BBB permeation is
one of the most important factors that limit the effectivity of
CNS drugs,5 and it restricts most repurposing options of non-
CNS drugs for CNS indications such as brain tumors.
Experimental models to assess BBB permeation for therapeu-
tics are expensive and time-consuming, limiting the successful
development of drugs against neurological diseases.63 As an
attractive alternative, computational prediction models could
complement these efforts with a significantly lower cost. In this
work, we were able for the first time to assemble datasets for
different transport mechanisms, match them to BBB
permeation measurements, and distinguish which parts of
chemical space are likely to be translated to transport
mechanisms to the brain. For this, we assembled several
large, publicly available bioassay datasets from previously
published as well as from self-curated data sets to enable a
computational assessment of BBB barrier crossing based on
different transport mechanisms. Our approach indicates that
integrating all types of BBB transport in a one-fits-all prediction
model is not likely to work since different features of
compounds contribute to different transport mechanisms,
with some exceptions. Instead, we think that an exclusive
assessment of CNS transport mechanisms has more meaning
and is consistent with the debate in the field, which shows
complementary and sometimes conflicting contributions of
different transport mechanisms.13,49,64−67

We identified several physicochemical and structural
features, of which some have been identified before in the
literature as being important for BBB permeation.43−46,53,57,65

Interestingly, we found a submolecular group (i.e., MACCS43)

that was top-ranking for both Influx and PAMPA models,
favoring putative BBB permeation. The combination of this
subgroup with MACCS36, also a top-ranking feature for the
Influx model, might provide compounds with the possibility to
act amphiphilically through conformationally masking HBDs
consisting of two carbon-linked amino groups by a thiolane
group, which has been identified as HBA (i.e., thiolane group
in MACCS36),68 similar to those observed in other contexts.69

This new mechanism might open up several possibilities for
the design of new compounds where HBDs and HBA are
placed in close vicinity. Conformational states as proposed to
exist here can translate to unexpected physical properties70

which might help to identify such compounds.
In general, the relative contribution of features within each

model could be skewed due to imbalances and complexity
differences within and between datasets. To overcome this
kind of bias, we tried to create sufficient statistical power by
extracting compounds from large curated databases (e.g.,
ChEMBL, Metrabase, and Drugbank), although the increased
power of these datasets comes with a cost due to possible
biases that inherently arise upon their assembly. In addition,
some compounds are only tested for one transporter, e.g.,
being an SLC22 substrate for the Influx dataset, and therefore,
not all SLCO substrates are represented. The substructure
analysis depends on the existence of the respective fragments
in the training set of a model; for instance, penicillin
derivatives represented by MACCS8 are twofold more often
present in the BBB dataset when compared to the other sets.
To take potential disbalances into account, we assessed
potential false positivity using a Chi2 test to identify major
disbalances within datasets, which applied to some features
shown as not significant (N.S.) in the histograms. Imbalances
between the BBB and CNS datasets might account for a
limited predictive value of 23.84% for the BBB prediction
model based on physicochemical and structural features, which
can be ascribed to the high number of BBB-permeable
compounds in the BBB dataset compared with the low number
of BBB-permeable compounds in the CNS dataset, resulting in
a “skewed” model.

In conclusion, our study shows that different and sometimes
exclusive transport mechanisms are expected to be involved in
the BBB permeation of small-molecule drugs and which parts
of physicochemical property and chemical substructure space
are more likely to be involved in which type of mechanism
depends on the respective context. All models correctly
predicted non-CNS penetrance based on physicochemical
properties such as size and charge. The individual model
trained on data of transport across endothelial cells provided
the most accurate BBB transfer model. This model showed the
most resemblance to passive diffusion as compared to influx or
even to a lesser extent, drug efflux mechanisms. Our assembled
data, provided scripts, and models could therefore be used as
relevant guidance to medicinal chemists, to discover potential
BBB-permeating compounds across mechanisms and more
easily rapidly reject or modify compounds with poor BBB
permeability to become more effective in treating CNS
diseases.

■ EXPERIMENTAL SECTION
Generation of Datasets. BBB Dataset. For the BBB dataset (i.e.,

endothelial essay), we used the biggest publicly available data set for
BBB permeation.34 The dataset combines four other data
sets,36,53,71,72 which are categorized as BBB-permeable (LogBB ≥
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−1, with LogBB defined as the logarithmic ratio between the
concentration of a compound in the brain and blood) and BBB-
nonpermeable (LogBB < −1). Duplicates and self-contradictory
compounds were removed, resulting in a dataset of 2277 compounds,
containing, respectively, 1769 permeable and 508 impermeable
compounds. The BBB dataset was used to investigate BBB
permeation by an in vitro-grown CNS endothelial monolayer
mimicking the BBB, wherein compounds can pass the endothelial
cells via diffusion, influx, or efflux transporters.
Efflux Dataset. The Efflux dataset focuses on ABC transporters,

also present in endothelial cells where compounds with ABC
substrates can bind, resulting in the efflux of a compound out of
the brain. For the Efflux dataset, we used previously published data73

with human P-gp as a target, extracted from the ChEMBL database
(version 25).74 Based on the efflux ratio (ER), the compounds were
classified into substrates (ER ≥ 5) and nonsubstrates (ER ≤ 1), and
compounds with an ER between 1 and 5 were discarded. This
stringent criterion was also used by Esposito et al. to obtain the most
sufficient results.73 Compounds that were tested in Caco-2 or MDCK
cell lines were included, resulting in a binary data set of 1082
compounds with 701 substrates and 381 nonsubstrates.75

Additionally, data was extracted from Metrabase75 containing
information on P-gp as well as on ABC transporters located at the
BBB. We chose the targets MDR1 (also known as P-gp; ABCB1) with
448 substrates and 355 nonsubstrates, BCRP1 (ABCG2) with 277
substrates and 131 nonsubstrates, MRP1 (ABCC1) with 57 substrates
and 52 nonsubstrates, MRP2 (ABCC2) with 65 substrates and 53
nonsubstrates, MRP3 (ABCC3) with 23 substrates and 86 non-
substrates, and MRP4 (ABCC4) with 18 substrates and 5 non-
substrates, which are the efflux transporters located at the BBB.76−78

This resulted in a total set of 1570 compounds, respectively, with 888
substrates and 682 nonsubstrates. The combined datasets with
deletion of overlapping compounds in both datasets resulted in an
Efflux dataset of 2474 compounds in total, whereof 1515 were
substrates and 959 were nonsubstrates.
Influx Dataset. The Influx dataset focuses on SLC transporters that

are present in CNS endothelial cells, where specific compounds with
SLC substrates can bind to pass the BBB. Transporter data was
collected from ChEMBL74 and Metrabase.75 In Metrabase, the
keywords “SLC22” and “SLCO” resulted in 240 compounds, whereof
140 were classified as substrates and 100 as nonsubstrate. In the
ChEMBL database, we searched for compounds from the subfamilies
“SLC22” and “SLCO” and filtered for “Homo sapiens” as the target
organism and “single protein” as the target type. Next, we performed
text mining in the provided description of each bioassay using the
keywords: “inhibition”, “substrate”, “binding affinity”, “displacement”,
“TP transporter”, “activity”, “potency”, “transport”, and “induction”,
grouping together the biological activities of compounds which in
their assay description include the same keyword. We manually
examined the corresponding scientific publications describing the
bioassays and defined if the biological activities are related to the
permeation of the compounds in the transporter or not in order to
classify the bioactivities into “uptake” and “nonuptake”. The
bioactivities were annotated as “active” based on the following
criteria: pChEMBL >5 or bioactivity <10,000 nM or alternatively the
comment section in ChEMBL containing the keywords “active”,
“permeable”, “substrate”, or “inhibitor”. Data points with a pChEMBL
<5, or a bioactivity >10,000 nM, or alternatively their comment
section in ChEMBL containing the keywords “inactive” or “not
active” were annotated as “inactive”. In conclusion, the compounds
with the corresponding SLC transporters were classified into four
groups: “active uptake”, “inactive uptake”, “active nonuptake”, and
“inactive nonuptake”. In order to achieve a binary classification of
“substrate” and “nonsubstrate”, “active uptake” was relabeled to
“substrate” for 17 compounds because there is evidence that these
compounds are substrates under a particular set of conditions, and the
remaining categories were relabeled to “nonsubstrate” for 629
compounds. With now matching classifications, the data from
Metrabase and ChEMBL were combined. Compounds with contra-
dictory data from either the same subfamily were deleted, resulting in

a data set with 886 compounds with a binary classification according
to whether they are a substrate (157 compounds) or a nonsubstrate
(729 compounds) of SLC22 or SLCO transporters.

PAMPA Dataset. The PAMPA dataset is a strongly simplified
representation of the BBB looking only at passive transcellular
diffusion by using the PAMPA.79 Transcellular diffusion (i.e., passive
membrane permeability) can be measured by usage of the PAMPA.9

The test compound is placed in a container (i.e., donor well) that is
connected to another solution without any test compound molecules
present (i.e., acceptor well) via the artificial membrane where, after a
specific time, the UV absorption of both the donor solution and the
acceptor solution is measured to quantify the molecules that diffused
from the donor well to the acceptor well.34,80,81 The main drawback of
cell-free methods is that PAMPA experiments can observe passive
permeability only, neglecting special characteristics such as the active
transporters acting at the BBB. For retrieving a data set containing
PAMPA measurements, the ChEBML database was screened for
entries containing the keyword “PAMPA”. In the next step, these
results were again filtered for the keywords “BBB”, “brain”, or “pH 7”.
Only those compounds were selected where information on the
permeation rate Pe was included. Molecules with a Pe > 4 × 106 cm·
s−1 were considered permeable, and whole molecules with a Pe <
2×106 cm × s−1 were considered nonpermeable.34 All other
compounds were discarded. This resulted in a dataset of 1484
compounds, with 1235 PAMPA permeable and 249 PAMPA
impermeable compounds.

CNS Dataset. For the CNS (i.e., benchmark) dataset, we used
Drugbank, an online database for drug molecules and approved drugs,
both small molecules and biopharmaceuticals.82 We extracted all
approved small-molecular drugs and classified them according to the
presence or absence of the label “central nervous system agent”,
resulting in a total of 2195 compounds, with 412 CNS compounds
and 1783 non-CNS compounds.1,84−87

For subsequent analysis, all compounds were classified in binary
outcomes, all relating to a putative BBB permeable status (e.g., BBB-
permeable, influx substrate, efflux nonsubstrate, and CNS-active small
molecules), a putative BBB impermeable status (e.g., BBB-
impermeable, influx nonsubstrate, efflux substrate, and non-CNS-
active small molecules).

Computation of Physicochemical Properties. Physicochem-
ical properties such as the number of hydrogen bond donors (HBDs),
number of hydrogen bond acceptors (HBAs), number of RBs, and
MW were calculated using the RDKit package83 in Python. ACD Labs
Percepta (Advanced Chemistry Developments Inc., 2021, Toronto,
ON, Canada, www.acdlabs.com) was used to predict P-gp probability,
LogP, TPSA, polarizability, LogS (at pH 7.4), and LogD (at pH 7.4).

Fingerprints and Tanimoto Similarity Assessment. For the
generation of MACCS fingerprints and extended-connectivity finger-
prints 4 (ECFP4), the rcdk package84 version 3.6.0 in R (version
4.0.3) 85 was used. MACCS keys could be translated with the RDKit
package86 in Python by the usage of a predefined dictionary (i.e.,
MDL keys87) containing a SMARTS list of substructure patterns.
There was a one-to-one correspondence between each SMARTS
pattern and the bit in the fingerprint. If the specified substructure was
present in a compound, the corresponding bit was set to “1”;
conversely, it was set to “0” once the substructure was absent in the
compound. For the visualization of MACCS keys, by using the
SMARTS patterns, the RDKit package in Python was used. To
calculate Tanimoto’s similarities of fingerprints, the fingerprint
package version 3.5.7 in R was used. ChemMine Tools56 was used
for the visualization of compound substructure similarities based on
ECFP4.

XGBoost Models. For the generation of prediction models, the
XGBoost package37 version 1.5.0.2 in R was used. When top-
predicting features were extracted, potential positively or negatively
enriched features in the datasets were filtered using a chi-square test.

Computational Details. Datasets were split into a training (65%
data), test (17.5% data), and validation (17.5% data) set. The sets
were split by a data splitting function (caret package version 6.0)88 to
generate sets with equal binary outcomes (status 0 or 1). The training,
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test, and validation sets for each dataset were identical for all three
XGBoost models, namely, the property, fingerprint (MACCS), and
combined (property and fingerprint) models.

For the XGBoost models based on properties, TPSA, MW, LogD,
LogS, LogP, HBD, and HBA were used. The settings for the XGBoost
function were a maximum depth of 7, a number of threads of 1, and a
number of rounds of 3, which were found to be appropriate settings in
preliminary model performance explorations. The model output
ranged from 0 to 1, and a cutoff of ≥0.5 was used to classify the
predictions into 0 (no BBB permeation) and 1 (BBB permeation).

For the XGBoost models based on fingerprints (MACCS keys or
ECFP4), all 166 keys or 1024 bits were used as a predictor for the
outcome. To identify the most important MACCS keys to predict
BBB permeation per dataset, the XGBoost settings were set to a
maximum depth of 5 and a number of rounds of 1.

For the combined XGBoost models, the property data in
combination with the three most important MACCS keys based on
feature importance (XGBoost package) were used. XGBoost model
settings were identical to the settings used for the models based on
properties to obtain the best comparability (i.e., a maximum depth of
7, a number of threads of 1, and a number of rounds of 3).
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