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A B S T R A C T   

Permeability assessment of small molecules through the blood-brain barrier (BBB) plays a significant role in the 
development of effective central nervous system (CNS) drug candidates. Since in vivo methods for BBB perme-
ability estimation require a lot of time and resources, in silico and in vitro approaches are becoming increasingly 
popular nowadays for faster and more economical predictions in early phases of drug discovery. In this work, 
through application of in vitro parallel artificial membrane permeability assay (PAMPA-BBB) and in silico 
computational methods we aimed to examine the passive permeability of eighteen compounds, which affect 
serotonin and dopamine levels in the CNS. The data set was consisted of novel six human dopamine transporter 
(hDAT) substrates that were previously identified as the most promising lead compounds for further optimisation 
to achieve neuroprotective effect, twelve approved CNS drugs, and their related compounds. Firstly, PAMPA 
methods was used to experimentally determine effective BBB permeability (Pe) for all studied compounds and 
obtained results were further submitted for quantitative structure permeability relationship (QSPR) analysis. 
QSPR models were built by using three different statistical methods: stepwise multiple linear regression (MLR), 
partial least square (PLS), and support-vector machine (SVM), while their predictive capability was tested 
through internal and external validation. Obtained statistical parameters (MLR- R2

pred=-0.10; PLS- R2
pred=0.64, 

r2
m=0.69, r/2

m=0.44; SVM- R2
pred=0.57, r2

m=0.72, r/2
m=0.55) indicated that the SVM model is superior over 

others. The most important molecular descriptors (H0p and SolvEMt_3D) were identified and used to propose 
structural modifications of the examined compounds in order to improve their BBB permeability. Moreover, 
steered molecular dynamics (SMD) simulation was employed to comprehensively investigate the permeability 
pathway of compounds through a lipid bilayer. Taken together, the created QSPR model could be used as a 
reliable and fast pre-screening tool for BBB permeability prediction of structurally related CNS compounds, while 
performed MD simulations provide a good foundation for future in silico examination.   

1. Introduction 

Discovery of central nervous system (CNS) drugs that can success-
fully penetrate through blood-brain barrier (BBB) and reach desired 
therapeutic target is one of the most challenging tasks. Many CNS drug 
candidates failed to reach the market due to lack of the ability to cross 
the BBB. Therefore, getting early information about the compounds BBB 
permeability is of great importance in all drug discovery processes 
(Kerns and Di, 2002; Nielsen et al., 2011). 

BBB is highly selective barrier which separates the brain from the 
rest of the body. It is made of specialized tight junctions between brain 
endothelial cells. For this reason, BBB is a major obstacle in the dis-
covery of new drugs for efficient treatment of CNS-related diseases, since 
they are required to penetrate the barrier in order to reach their inten-
ded brain targets. Contrary, drugs with targets in peripheral tissues also 
need to be investigated for their BBB permeability to avoid CNS side 
effects (Abbott et al., 2006; Nielsen et al., 2011). The two main mech-
anisms are available for a molecule to pass through BBB: passive and 
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active. Passive diffusion is the most common way of passing through 
barrier, while active transport involves transport proteins (Clark, 2003). 

Direct measurement of brain permeability is the most reliable 
method. However, this is a costly and time-consuming process. In order 
to avoid technically challenging processes for obtaining in vivo data, 
several in vitro and in silico methods are widely used in drug discovery 
(Abbott, 2004; Bicker et al., 2014; Nielsen et al., 2011). The most 
common methods for prediction of in vitro BBB permeability are parallel 
artificial membrane permeability assay (PAMPA-BBB) (Kansy et al., 
1998), immobilized artificial membrane (IAM) chromatography (Yoon 
et al., 2006) and cell based assays (bovine brain microvessel endothelial 
cells (BBMEC), Madin-Darby canine kidney (MDCK) and Caco-2) (Gar-
berg et al., 2005). 

The PAMPA-BBB is high-throughput technique which is extensively 
used for predicting BBB permeability. Generally, it is based on the 
determination of the passive diffusion of molecules through artificial 
membrane that is made of polar brain lipids (PBL) in dodecane, which 
precisely mimic physicochemical microenvironment of the BBB 
(Avdeef, 2005; Di et al., 2003). A limitation of PAMPA is that neither 
active transport nor efflux by P-glycoprotein (P-gp) is modelled by the 
artificial membrane (Sugano, 2007; Sun et al., 2017). Despite this lim-
itation, PAMPA method provides information about passive perme-
ability through BBB, which is especially advantageous in early stages of 
drug discovery processes. 

In addition, with continual increases in computer power, different in 
silico approaches have already been used for BBB-permeability predic-
tion as viable alternatives for laborious experimental methods. Quanti-
tative structure permeability relationship (QSPR) analysis plays an 
important role in elucidating the influence of different molecular 
properties on the penetration through BBB (Subramanian and Kitchen, 
2003). In addition, molecular dynamics (MD) represents one of the most 
powerful in silico techniques to simulate the molecular process of 
diffusion at the atomic level (Carpenter et al., 2014; Thai et al., 2020). 

Great efforts have been made in the field of treatment Parkinson’s 
disease (PD) which is a neurodegenerative disorder characterized by the 
loss of dopaminergic neurons in the substantia nigra and corpus striatum 
(Dickson, 2012). Currently available drugs alleviate motor and 
non-motor symptoms but do not possess neuroprotective effect (Bales-
trino and Schapira, 2020). New drugs which target dopaminergic neu-
rons through the dopamine transporter may provide a promising 
therapeutic strategy for establishing neuroprotective effect. Human 
dopamine transporter (hDAT) is expressed in dopaminergic neurons of 
the CNS. It is a main modulator of intrasynaptic dopamine levels and 
therefore provides normal neurological function (McHugh and Buckley, 
2015). In our previous study, we have reported in silico approach for 
identification of promising hDAT substrates that were subsequently 
analysed in vitro (Djikic et al., 2019). Six compounds out of ten turned 
out to be substrates of hDAT (AO854/40003386, AM879/11741391, 
AG205/05879010, AO854/12910145, AP124/41027793, 
AP263/40017925) (Djikic et al., 2019). Besides, twelve other CNS drugs 
and their related compounds were included in this study. All selected 
compounds modulate activity of serotonergic or dopaminergic neurons 
in CNS, which are deeply involved in physiology and pathophysiology of 
various brain disorders. Substrates of hDAT, pramipexole and ropinirole 
are known to be effective in treatment of PD, while other studied CNS 
drugs are used as antidepressants or antipsychotics. Moreover, impu-
rities of ziprasidone (Imp Z1 and Imp Z2) as well as aripiprazole im-
purity (Imp A1) were included in this data set. It is noteworthy that the 
Imp Z2 due to the presence of alkyl halide group possesses genotoxic 
potential which may affect drug’s safety (Szekely et al., 2015). 

The main aim of the current study was to determine BBB perme-
ability of the above described eighteen structurally diverse compounds 
using PAMPA technique and to perform QSPR analysis in order to find 
out the most reliable and predictable in silico models for permeability 
prediction of related CNS compounds or their impurities. Additionally, 
work described herein is based on application of steered molecular 

dynamics (SMD) method as relatively fast pre-screening tool for BBB 
permeability prediction. 

2. Materials and methods 

2.1. Chemical and reagents 

In this study analytical grade reagents: acetonitrile (J.T. Baker, 
Deventer, Netherlands), methanol (Merck, Darmstadt, Germany), acetic 
acid ≥ 99.8% (Sigma-Aldrich, St. Louis, MO, USA), ortho-phosphoric 
acid 85% (Merck, Darmstadt, Germany), ammonia solution 25% 
(Carlo Erba, Milano, Italy), and distilled water (TCA Purfication System, 
Neiderelbert, Germany) were used for the preparation of the mobile 
phase. 

The porcine polar brain lipid (catalogue no. 141101C) was pur-
chased from Avanti Polar Lipids, Inc. (Alabaster, AL). Also, dimethyl 
sulfoxide (DMSO) (Sigma-Aldrich, St. Louis, MO, USA), and dodecane 
(Sigma-Aldrich, St. Louis, MO, USA) were used throughout the study. 
The physiological buffer was prepared by using the sodium chloride (J. 
T. Baker, Deventer, Netherlands), sodium hydrogen phosphate, and 
potassium dihydrogen phosphate (Merck, Darmstadt, Germany). 

The hDAT substrates were purchased from Specs (Zoetermeer, 
Netherlands). The following CNS standards: pramipexole dihydro-
chloride, citalopram hydrobromide, ropinirole hydrochloride, mirtaza-
pine, risperidone, quetiapine fumarate, ziprasidone hydrochloride, 
olanzapine, Imp Z1 (3-(1-Piperazinyl)− 1,2-benzisothiazole), Imp Z2 
(6‑chloro-5-(2-chloroethyl)− 1,3-dihydro-2H-indol-2-one), Imp A1 
(7,7′-(butylenedioxy)di-3,4-dihydroquinolin-2(1H)-one) and haloper-
idol were provided from Sigma-Aldrich (St. Louis, MO, USA). 

All solutions prepared for HPLC analysis were passed through a 0.45 
µm filter before use. The PAMPA 96-well plates (MultiScreen-HV, 0.45 
lm, clear, non-sterile, cat. no. MAHVN4510) were purchased from the 
Millipore, Inc. (Bedford, MA). 

2.2. Artificial membrane permeability assay 

The eighteen structurally diverse neuroactive compounds (Fig. 1) 
were used for assessing the effective permeability at pH=7.40 with 
PAMPA-BBB model, as previously described in literature (Di et al., 2003; 
Vucicevic et al., 2015). The lipid membrane for PAMPA assay was pre-
pared by dissolving 20 mg of porcine polar brain lipid (PBL) in 1 mL 
dodecane and 4 μL of prepared solution was used for coating the filter 
membrane. All examined compounds were dissolved in DMSO (5 
mg/ml) and were subsequently diluted in physiological phosphate 
buffer (pH = 7.40) in order to obtain final concentration of 25 μg/ml. 

The donor plates were filled with 300 μl of test solution, while the 
acceptor plate contains 300 μl of acceptor solution (physiological 
phosphate buffer). Then the acceptor plate was carefully placed on the 
top of the donor plate and created “sandwich” was left for 18 h incu-
bation. After the incubation time the sandwich was disassembled and 
HPLC with UV detector was used for determination of the concentration 
of all examined compounds in each donor and acceptor wells, as well as 
in starting solutions. All compounds were analysed in triplicate and 
results are presented in mean values. Effective permeability of com-
pounds was calculated using following Eqs. (1) and (2) (Avdeef, 2003): 

VaCa(t) + VdCd(t) = VdCd(0)(1 − R) (1)  

Pe = −
2.303Vd

A
(
t − τlag

)

(
1

1 + rv

)

log10

[

1 −
(

1 + r− 1
v

1 − R

)
Ca(t)
Cd(0)

]

(2)  

where Va is the volume of acceptor wells (cm3)− 300 μL; Vd (300 μL) is 
the volume of donor wells (cm3); A (25 cm3) is the filtration area (cm2); t 
is time of incubation (s); Cd(t) and Ca(t) are the concentration of com-
pound in donor and acceptor wells at time t (μM), respectively; Cd(0) is 
the concentration of compound in donor well at time 0 (μM); τlag is the 
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time needed to saturate the membrane (approximately 20 min) (Avdeef 
et al., 2001); R is mole fraction of compound retained by membrane; and 
parameter rv is calculated from the formula rv =Vd / Va. 

2.3. HPLC analysis for PAMPA assay 

The HPLC analysis was carried out using previously developed 
method (Di et al., 2003; Vucicevic et al., 2015) with some mobile phase 
modification in order to achieve better separation. It was performed at 

Fig. 1. The chemical structures of compounds used in the study.  
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the room temperature using the Agilent Technologies 1200 HPLC system 
(Santa Clara, CA, USA) consisting of the UV detector. Chromatographic 
analysis was performed on Zobrax Eclipse Plus C18 column, 250 × 4.6 
mm, with particle size 5 μm (Agilent Technologies, Waldbronn, Ger-
many). The samples were injected through the Rheodyne injector valve 
with a 20 µL sample loop. The flow rate was set to 1 mL min− 1. The UV 
detection was carried out at 254 nm. A mobile phase of 
acetonitrile-ammonium acetate buffer (pH=3.9, 25 mM) at various 
percentages was used for hDAT substrates, while mixture of 
methanol-ammonium acetate buffer at various percentages was used for 
the CNS drugs and their related compounds (Kirchherr and Kuhnvelten, 
2006; Vucicevic et al., 2015). 

2.4. Computational method 

For all examined compounds selection of dominant forms at physi-
ological pH = 7.40 was performed in Marvin Sketch 5.5.1.0 programme 
(ChemAxon, 2011). Subsequently, dominant forms of all compounds 
were preoptimized by use of Gaussian (Frisch et al., 2009) semiempirical 
PM3 (Parameterized Model revision 3) method (Stewart, 1989a, 1989b), 
included in ChemBio3D Ultra 13 programme (CambridgeSoft Corpora-
tion, 2013), while Hartree-Fock / 3–21 G method (Wiberg, 1986) was 
used for more precise geometry minimisation. 

2.5. Calculated molecular descriptors 

Every QSPR approach requires diverse data set of molecular de-
scriptors which contains chemical information about molecular struc-
ture in numeric form. They represent most significant features that are 
used in QSPR study for structure-property correlations. Reliable pre-
diction of molecular descriptors is important for developing predictable 
models (Danishuddin and Khan, 2016). In the present work, we have 
created QSPR models using a set of geometrical, topological, elec-
tronical and physicochemical descriptors of the optimized structures, 
calculated using Dragon 6.0 (TALETE Srl., 2010) and ADMET Predictor 
9.5 programmes (Simulation Plus Inc, 2019). Descriptors with zero or 
near zero variance were not included in model building. Additionally, 
Dragon software was used to select descriptors with intercorrelation 
lower than 0.99 (for partial least squares regression (PLS) model) or 
lower than 0.90 (for support-vector machines (SVM) and multiple linear 
regression (MLR) models) for model building (Dobričić et al., 2014; 
Vucicevic et al., 2015). Pairs of descriptors with intercorrelation higher 
than 0.90 for MLR and SVM and 0.99 for PLS were selected and those 
with stronger influence on dependant variable were kept for model 
development. The unit variance (UV) scaling was used as scaling pro-
cedure, and final set of 1484 calculated molecular descriptors was 
further used for model development. The SMILES structures of studied 
ligands along with PAMPA results and calculated descriptors are pro-
vided in the supplementary file. 

2.6. QSPR modelling 

The QSPR method can be described as an application of mathemat-
ical and statistical methods in order to find empirical relationship (QSPR 
models) between effective BBB permeability (logarithm of effective 
permeability - logPe) and calculated structural parameters (molecular 
descriptors) of examined compounds. 

The dependant variable (Y) represents the response being modelled, 
logPe, while X1, X2, X3 … Xn are the independent variables denoting 
different structural features or physicochemical properties of examined 
compounds. In this study, predictive QSPR models were developed using 
three different statistical methods: stepwise MLR, PLS, and SVM. Arti-
ficial neural network (ANN) analysis was not performed due to the 
relatively small size of the data set because it can affect the quality of the 
created model. 

Two components which are the most important for obtaining the 

quantitative data are the dependant and independent variables. PLS and 
stepwise MLR are the representative techniques which are used for 
developing the linear regression model, whereas non-linear approaches 
include SVM analysis. The PLS study was performed in the Soft inde-
pendent Modelling of Class Analogy SIMCA P + 12.0 programme 
(Umetrics AB, 2008) and variable importance in projection (VIP) score 
was used for variable selection, while stepwise MLR and SVM models 
were built using STATISTICA 13.6 (StatSoft Inc., 2019). 

Initially, the whole data set (n = 18) was divided into training set of 
twelve compounds (pramipexole, citalopram, ropinirole, risperidone, 
AP263/40017925, AM879/11741391, AG205/05879010, AO854/ 
12910145, ziprasidone, olanzapine, Imp Z2, haloperidol) and test set of 
six compounds (mirtazapine, AO854/40003386, AP124/41027793, 
quetiapine, Imp Z1, Imp A1) based on a PCA score plot, obtained using 
SIMCA P + 12.0. Compounds for the test set were selected from the PCA 
plot so that every test set compound remains near at least one of the 
training set compounds considering that logPe values were homoge-
neously distributed in the whole range (Roy et al., 2015b). In order to 
provide relevant comparison between developed QSPR models, the 
same training and test set were used for all of them. 

2.7. Model validation 

The main aim of every QSPR study is development of validated 
model, so it can be used for predictive purposes. OECD principles (http 
://www.oecd.org/chemicalsafety/risk-assessment/37849783.pdf) give 
the best guideline for developing reliable and reproducible QSPR model. 
Therefore, different validation techniques were applied to check the 
predictivity of the created models. 

The robustness and internal predictivity of the created models was 
examined by calculating parameters of internal validation such as 
RMSEE and Q2

LOO Eqs. (3), ((4) and (5)). The calculation of these pa-
rameters is based on the compounds used in the model development 
(training set) according to following relationships: 

PRESS =
∑n

i=1
e2
(i) (3)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
PRESS

n

√

(4)  

Q2 = 1 −
PRESS

∑(
Yobs(training) − Ytraining

)2 (5)  

where validation parameters PRESS (Predicted Sum of Squares) and 
RMSE (RMSEE and RMSEP) are defined with parameter e(i). The e(i) 
represents the difference between observed and the predicted Y values, 
while n is the number of compound in training/test set. 

From Eq. (5), the parameter Yobs(training) is an observed logPe value 
for the compounds in training set, while Ytraining is average logPe value of 
compounds from training set. For Q2 > 0.50, it can be assumed that 
obtained QSPR model has a good predictivity power (Ojha and Roy, 
2011; Roy et al., 2015b; Tropsha, 2010). 

Even though, created models have high value of Q2, it is insufficient 
condition for model to have high predictive power (Golbraikh and 
Tropsha, 2002; Tropsha, 2010). Prediction of the BBB permeability for a 
new set of compounds is one of the most important objectives. There-
fore, it is crucial to emphasize that the real predictive capability of each 
created model can be verified only through external model validation 
which is employing the test set molecules. 

External validation parameter R2
pred is used for assessing the pre-

dictive power of the obtained models and reflects the degree of corre-
lation between the observed and predicted data of the test set. It is 
calculated according to the following Eq. (6): 
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R2
pred = 1 −

PRESS
∑(

Yobs(test) − Ytraining

)2 (6)  

where Yobs(test) is an observed logPe value for the test set compounds and 
Ytraining is average logPe value of the training set compounds. The PRESS 
value is calculated for test set according to Eq. (3). High predictive po-
tential of QSPR model could be expected if R2

pred is higher than 0.50 
(Golbraikh and Tropsha, 2002; Ojha and Roy, 2011; Roy et al., 2015b). 
Even though R2

pred parameter has been used for clarifying external 
predictivity of the model, there are some novel validation parameters 
which better reflect external predictive power such as r2

metric. 
In this study, due to small test set size, r2

metrics (r2
m, r/2

m, r‾2m, and 
Δr2

m) was applied on the entire data set for overall validation (rm
2
overall) 

Ojha and Roy, 2011). This analysis is based on predicted values of test 
set and LOO predicted values of training set. Calculation of r2

m and r/2
m 

is presented in following Eqs. (7) and ((8): 

r2
m = r2

(

1 −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

|r2 − r2
0|

√ )

(7)  

r/2
m = r2

(

1 −
⃒̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
⃒
⃒r2 − r/2

0

⃒
⃒
⃒

√ )

(8)  

where r is the correlation between predicted and experimentally ob-
tained data, while the intercept r0 is obtained by swiching the coordinate 
axes in the system. The values of correlation coefficients r2

m, and r/2
m 

should be close and greater than 0.50 for an acceptable QSPR model, so 
as their average value (r‾2m), while the difference between r2

m, and r/2
m 

(Δr2
m) should be lower than 0.20 (Golbraikh and Tropsha, 2002; Ojha 

et al., 2011; Ojha and Roy, 2011). 
As Ojha and Roy in 2011 introduced in their study, the advantages of 

overall rm analysis is statistics based on prediction of larger number of 
compounds, which is really helpful for data sets with small test size. 
Another advantage is possibility of use this r2

moverall statistics for 
selecting the final model amongst comparable (Ojha and Roy, 2011). 

Additionally, the model reliability was checked by calculating the 
Concordance correlation coefficient (CCC) according to this Eq. (9):  

where the parameters xobs(test) and ypred(test) present observed and pre-
dicted values of the test compounds respectively, and n is the number of 
chemicals. The ideal value of CCC value should be equal to 1 (Gramatica 
and Sangion, 2016; Roy et al., 2015b). 

2.8. Applicability domain (AD) 

The applicability domain (AD) must be defined in order to build 
reliable and acceptable QSPR model. It plays a critical role in the pre-
diction of new molecules based on how similar they are to the com-
pounds that were used for building the model (i.e. training set). 
Williams’s plot of standardized residuals versus leverages values (hi) 
(Gramatica, 2007) was used to examine whether the compounds falls 
within the AD or outside of it (Roy et al., 2015a). The value of warning 
leverage h* was calculated as follows 

h∗ = 3(p+ 1)/n (10)  

where p presents the number of model variables and n is the number of 
compounds in training set (Eq. (10)). If the leverage value (h) of a 
molecule is higher than the threshold value (h*) the prediction should be 
considered potentially unreliable because it is out of the AD domain of 
the training set. SPSS v.18.0 software was used for this process (SPSS 
Inc., 2009). 

2.9. SMD simulation 

The use of molecular simulation to optimize lead compounds, 
accelerating the discovery of new drugs, remains a field of significant 
growth. Actually, several innovative computational techniques are 
nowadays available to predict the transport properties of molecules 
through membranes (Bemporad et al., 2004; Darve et al., 2008; Deng 
and Roux, 2009; Sotomayor and Schulten, 2007; Thai et al., 2020). In 
order to provide molecular insight into drug penetration through BBB, 
we have used a steered molecular dynamics method (Suan Li and Khanh 
Mai, 2012). All simulations were run using Nano Scale Molecular Dy-
namics (NAMD) software version 2.8 (Phillips et al., 2005), while the 
system was prepared with Visual Molecular Dynamics (VMD) (Hum-
phrey et al., 1996). CHARMM-GUI Membrane Builder was used to 
generate a lipid bilayer (1,2-Dioleoyl-sn glycero‑3-phosphocholine 
(DOPC)) for the simulation (Jo et al., 2008). The CGENFF web service 
(Vanommeslaeghe et al., 2009; Yu et al., 2012) was used to generate the 
topology file for the ligands. The system contained 3299 water mole-
cules placed above and below the lipid bilayer, 72 DOPC molecules and 
one small compound. The complete system contained a total of ~ 19,890 
atoms. The single molecule was inserted around 30 Å from the bilayer 
centre of mass, in the normal (z) direction. The Fig. 2 shows the sche-
matic representation of the process studied in this article. The equili-
brated system was used as the starting point for the SMD simulation. The 
pressure was 1 atmosphere, and the temperature was kept constant at 
310 K. The pulling velocity was set to 10 Å/ns, while the force constant 
was set to 5 kcal/molÅ2. The time step was set as 1 fs. The time of SMD 
simulations was different (13–20 ns), based on the exit route of the 
ligand. In order to prevent the system from drifting under the applied 
force, we have applied restraints to lipid heads, while the motion of 

molecule was limited to a cylinder within 8 Å of the central axis of the 
membrane. For each simulation, the molecule was pulled from bulk 
water, through the entire DOPC membrane, and out into bulk water 
again, in the direction of the z axis (Fig. 2) (Thai et al., 2020). 

3. Results and discussion 

3.1. PAMPA results 

This study involved PAMPA-BBB technique for the determination of 
passive permeability through BBB. A set of six novel potential hDAT 
substrates and twelve CNS standards was examined in order to deter-
mine their effective permeability (logPe), which was calculated using the 
measured concentration. High logPe values correspond to high perme-
ability through barrier and opposite. PAMPA results and available 
experimental logBB values from literature are shown in Table 1. Based 
on the obtained results it can be seen that ropinirole has a lower 
experimental BBB permeability (logBB = − 0.30) which is consistent 

ρc =

2
∑n

i=1

(

Xobs(test) − Xobs(test)

)(

Ypred(test) − Ypred(test)

)

∑n
i=1

(

Xobs(test) − Xobs(test)

)2

+
∑n

i=1

(

Ypred(test) − Ypred(test)

)2

+ n
(

Xpred(test) − Ypred(test)

) (9)   
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with lower logPe value (− 4.44), comparing to other molecules. Oppo-
site, the citalopram and mirtazapine have a higher experimental logBB 
(citalopram = 0.99, mirtazapine = 0.53) and also a higer logPe value 
(citalopram = − 3.57; miratazapine = − 3.54). 

Following classification schemes reported in the literature (Bennion 
et al., 2017), molecules could be classified into four groups, using 
calculated experimental permeability rates (logPe): impermeable com-
pounds (logPe < − 6.14), low permeability compounds (− 6.14 < logPe <

− 5.66), medium permeability compounds (− 5.66 < logPe < − 5.33) and 
high permeability compounds (logPe > − 5.33). 

Using these cut-offs, we can conclude that all new potential neuro-
protective drugs for Parkinson’s disease, as well as all examined CNS 
drugs and related compounds, except ziprasidone, showed high BBB 
permeability due to high logPe values (logPe > − 5.33). Ziprasidone was 
the only compound classified as low permeable (− 6.14 < logPe (− 5.88) 
< − 5.66). 

In order to predict the potential effect of P-gp upon brain exposure to 
the studied drug candidates, an analysis was performed employing 
ADMET Predictor software (Simulation Plus Inc, 2019). Table S1 shows 
obtained results which indicate that neither hDAT substrates nor some 
CNS standards (pramipexole, risperidone, haloperidol, ziprasidone im-
purities) were identified as a substrates for P-gp. On the other hand, 
three compounds (citalopram, quetiapine and ziprasidone) were pre-
dicted as P-gp inhibitors, while the others were identified as substrates 
and not inhibitors (ropinirole, mirtazapine, olanzapine, Imp A1). 
Although it was predicted that efflux by P-gp may contribute to the 
limited penetration through BBB of some compounds, their intrinsic 
passive permeability may be sufficient for a satisfactory unbound con-
centration of drug in the brain (Summerfield et al., 2015). Moreover, to 
validate our PAMPA method, levodopa was used as control compound. 
Samples were analysed in triplicate and obtained results showed that 
levodopa was not detected in any of three acceptors cells, while it was in 
donor cells. On the whole, this indicates that PAMPA method could be 
used to effectively examine passive BBB permeability of examined 
compounds as well as to predict their potential efficiency in CNS. 

Since selected hDAT ligands were not identified as substrates for P- 
gp, and showed remarkable results in PAMPA assay, logPe ≥ − 4.45, we 

Fig. 2. Schematic representation of BBB penetration employing SMD method.  

Table 1 
Obtained PAMPA results.  

Compound logBBexp Pe logPe 

Pramipexole – 5.19E-05 − 4.29 
Citalopram 0.99 (Uhr and Grauer, 2003) 2.68E-04 − 3.57 
Ropinirole − 0.30 (Garg and Verma, 2006) 2.97E-05 − 4.44 
Mirtazapine 0.53 (Kelder et al., 1999) 2.42E-04 − 3.54 
Risperidone − 0.02 (Garg and Verma, 2006) 2.15E-04 − 3.67 
AP263/40017925 – 3.28E-04 − 3.66 
AO854/40003386 – 4.10E-04 − 3.47 
AM879/11741391 – 3.69E-04 − 3.38 
AG205/05879010 – 3.21E-05 − 4.45 
AO854/12910145 – 3.45E-04 − 3.46 
AP124/41027793 – 3.69E-04 − 3.43 
Quetiapine – 1.67E-05 − 4.78 
Ziprasidone – 1.08E-06 − 5.88 
Olanzapine 0.33 (Wang et al., 2004) 1.22E-04 − 3.85 
Imp Z1 – 4.67E-05 − 4.42 
Imp Z2 – 1.04E-04 − 3.98 
Imp A1 – 1.64E-04 − 3.79 
Haloperidol 1.34 (Sunderland and Cohen, 1987) 1.70E-04 − 3.65  
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may conclude that these compounds could effectively penetrate BBB to 
achieve their neuroprotective effect in CNS. 

3.2. Stepwise MLR, PLS and SVM modelling 

Results obtained through PAMPA study were further employed for 
QSPR modelling with the aim of creating predictable in silico models for 
BBB permeability. In this study, a set of descriptors was calculated for 
each selected compound using ADMET predictor and Dragon pro-
grammes. Choosing the most significant molecular parameters is very 
important because they are a unique characterisation of the molecular 
structure with influence on BBB permeability. 

Three different statistical methods: stepwise MLR, PLS and SVM were 
employed to create predictable and reliable QSPR models in order to 
find the most significant molecular parameters (descriptors) for BBB 
permeability. 

Firstly, stepwise MLR analysis was employed to estimate the linear 
relationship between calculated molecular parameters and coefficient of 
effective permeability (logPe) of examined compounds. Stepwise pro-
cedure was applied for descriptor selection. This method presents a 
combination of the forward and backward selection techniques and al-
lows moving in both directions (Chowdhury and Turin, 2020). Forward 
selection was used to start the process where independent variables were 
added to the model and evaluated at each step based on their statistical 
significance. If variable was found to be nonsignificant, it was removed 
from the model. Basically, this selection method evaluates variables at 
each step, adding or deleting them based on F to enter and F to remove 
criteria. In order to avoid over-fitting of the created MLR model, the 
predictive capabilities were examined by applying LOO cross-validation 
and obtained statistical parameters are shown in Table 2. 

PLS is also a widely used method for determination of linear rela-
tionship between two sets of variables. Unlike MLR, PLS method can 
analyse numerous independent variables with stronger collinearity. VIP 
parameter was used to measure the importance of each molecular 
parameter. The variables with higher value of VIP coefficient show that 
they are more relevant to predict dependant variable and explain BBB 
permeability. The independent variables with VIP score larger than 1 are 
the most relevant for explaining Y value. Those X variables with 1.0 >
VIP > 0.5 are moderately influential while variables which have VIP 
value smaller than 0.5 are irrelevant for the model (Eriksson et al., 
2006). Therefore, independent variables with lowest VIP score values 
were successively removed from the model. For every new PLS model 
statistical parameters were recalculated and procedure was repeated 
until best model was created. Reliability and robustness of formed PLS 
model was evaluated by permutation testing (Y scrambling). Y matrix 
was randomly reordered 100 times, while X matrix was kept unchanged. 
New model was recalculated and two separate intercepts were obtained, 
R2

int = - 0.0024 and Q2
int = − 0.24. Reliable model should have R2

intercept 
< 0.40 and Q2

intercept < 0.05 (Eriksson et al., 2006). The optimal 
QSPR-PLS model with one significant component (A = 1), relating two 
variables (SolvEMt_3D and H0p) was selected. Calculated statistical 
parameters are shown in Table 2. 

Since PLS model showed better reliability and predictability 
compare to stepwise MLR model (Table 2), the descriptors previously 
selected by PLS method were introduced as input variables to establish 

SVM modelling. 
SVM is machine learning technique which can solve problems of 

small samples and nonlinearity (Golmohammadi et al., 2017). The SVM 
performance depends on several factors, such as the capacity parameter 
C, Kernel parameter γ, the epsilon ε and Kernel function. In this 
non-linear regression model, radial bias function (RBF) was selected as 
Kernel function. For optimization of C, ε and γ parameters their values 
were changed in the range of 10–45 for C, 0.01–0.10 for ε and 0.10–1.00 
for γ to reach the less possible RMSE of 10-fold cross validation (Gol-
mohammadi et al., 2017). According to the obtained results the best 
values for C, ε and γ were: 43, 0.09 and 0.125 respectively, and the 
number of support vectors in final model was 5. Parameters of statistical 
validation are listed in Table 2. 

3.3. Interpretation of QSPR modelling 

Calculated statistical parameters of different QSPR models (PLS, 
stepwise MLR and SVM) are presented in Table 2. The comparison of 
predictive abilities of created QSPR models indicated that SVM model is 
superior over PLS and MLR models due to better internal and external 
statistical parameters. The results showed that non-linear SVM model 
provides the best predictive capability and could be used to explain the 
relationship between BBB permeability and structural parameters of the 
examined compounds. 

Stepwise MLR method was used for variable selection and prediction 
of linear relationship between molecular parameters and logPe of tested 
compounds. It was found that lipophilicity (ALOGP2, squared Ghose- 
Crippen octanol-water partition coefficient) and solvation energy (Sol-
vEMt_3D, length of the solvation energy moment vector) have a signif-
icant influence on BBB permeability. A negative coefficient of 
lipophilicity expressed as ALOGP2 implies that the parabolic relation 
between this descriptor and logPe values opens downward. The analysis 
revealed that decrease in permeability was observed for the compounds 
with very high (ziprasidone) but also with very low (pramipexole, 

Table 2 
QSPR models and statistical parameters.  

Model Regression equation Q2 R2 RMSEE R2
pred RMSEP r2

m r/2
m r‾2m Δr2

m k’ CCC 

MLR logPe = − 2.78 − 0.04 SolvEMt_3D − 0.06 
ALOGP2 

0.86 0.86 0.26 − 0.10 0.55 / / / / / / 

PLS logPe = f(SolvEMt_3D, H0p) 0.58 0.73 0.39 0.64 0.32 0.69 0.44 0.57 0.25 0.99 0.86 
SVM logPe = f(SolvEMt_3D, H0p) 0.78 0.81 0.32 0.57 0.35 0.72 0.55 0.63 0.12 0.98 0.98 
Criteria  >

0.50 
>

0.70  
> 0.50  ≤

2*RMSEE 
>0.50 >0.50 >0.50  <0.20 0.85 ≤ k’≤

1.15 
≈ 1  

Table 3 
The calculated values of selected descriptors with MLR method and predicted 
logPe for the training and test set (*).  

Compound ALOGP2 SolvEMt_3D logPepredicted 

Pramipexole 0.02 36.99 − 4.12 
Citalopram 4.67 24.99 − 3.97 
Ropinirole 1.96 37.81 − 4.27 
Risperidone 3.09 21.62 − 3.74 
AP263/40017925 7.65 12.90 − 3.70 
AM879/11741391 8.25 2.26 − 3.35 
AG205/05879010 8.27 20.07 − 4.01 
AO854/12910145 4.48 9.57 − 3.38 
Ziprasidone 18.14 54.51 − 5.90 
Olanzapine 10.34 10.77 − 3.79 
Imp Z2 5.78 36.07 − 4.44 
Haloperidol 15.11 5.11 − 3.88 
Mirtazapine* 9.58 2.27 − 3.43 
AO854/40003386* 5.60 9.50 − 3.45 
AP124/41027793* 2.26 13.24 − 3.38 
Quetiapine* 10.01 29.23 − 4.45 
Imp Z1* 4.69 7.20 − 3.31 
Imp A1* 8.88 34.81 − 4.59  
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ropinirole) values of this parameter (Table 3). Nevertheless, created 
MLR model showed a very poor prognostic capability for external data 
set (Table 2), because of unsatisfied R2

pred value (R2
pred < 0.50) and very 

high error of prediction (RMSEP: 0.55). 
The PLS model was created of two descriptors: H0p (H autocorrela-

tion of lag 0 / weighted by polarizability) and SolvEMt_3D. H0p is 
Dragon descriptor, while SolvEMt_3D presents ADMET predictor 
descriptor. Calculated values of these descriptors are shown in Table 4. 
VIP values are 1.05 for SolvEMt_3D and 0.95 for H0p (Fig. 3). According 
to the coefficient plot, both descriptors had negative influence on Y 
value (Fig. 4). Therefore, decreases in H0p and SolvEMt_3D values of 
chemicals will increase the rate of brain penetration. Subsequently, 

descriptors selected by PLS model have been used for non-linear SVM 
model building. 

The developed QSPR-SVM model (Table 5) was evaluated by internal 
and external validation parameters. Internal predictability of the created 
model was confirmed with high values of Q2 and R2 for training set 
compounds, while test set compounds were used to verify external 
predictability. Values of R2

pred, r2
m, r/2

m, and r‾2m greater than 0.50 and 
Δr2

m lower than 0.20 specified that developed QSPR model had good 
predictive capability and could be used for the permeability prediction 
of new compounds. Due to better statistical values of external validation 
parameters, R2

pred and rmetrics, SVM model has been selected as superior 
over PLS, as could be seen from Table 2. Choosing non-linear SVM model 

Table 4 
The calculated values of selected descriptors with PLS method and predicted 
logPe for the training and test set (*).  

Compound H0p SolvEMt_3D logPepredicted 

Pramipexole 1.25 36.99 − 4.27 
Citalopram 1.33 24.99 − 4.14 
Ropinirole 1.16 37.81 − 4.13 
Risperidone 1.27 21.62 − 3.97 
AP263/40017925 1.21 12.90 − 3.67 
AM879/11741391 1.13 2.26 − 3.30 
AG205/05879010 1.28 20.07 − 3.95 
AO854/12910145 1.05 9.57 − 3.32 
Ziprasidone 1.79 54.51 − 5.56 
Olanzapine 1.37 10.77 − 3.90 
Imp Z2 1.49 36.07 − 4.65 
Haloperidol 1.33 5.11 − 3.69 
Mirtazapine* 1.24 2.27 − 3.48 
AO854/40003386* 1.11 9.50 − 3.42 
AP124/41027793* 1.27 13.24 − 3.77 
Quetiapine* 1.31 29.23 − 4.21 
Imp Z1* 1.51 7.20 − 4.05 
Imp A1* 1.15 34.81 − 4.05  

Fig. 3. VIP values of selected descriptors in created PLS model.  

Fig. 4. Coefficient plot of selected descriptors in created PLS model.  

Table 5 
Results of QSPR- SVM model for the training and test set (*).  

Compound logPe observed logPe predicted 

Pramipexole − 4.29 − 4.19 
Citalopram − 3.57 − 3.40 
Ropinirole − 4.53 − 4.10 
Risperidone − 3.67 − 3.84 
AP263/40017925 − 3.48 − 3.60 
AM879/11741391 − 3.43 − 3.39 
AG205/05879010 − 4.49 − 3.82 
AO854/12910145 − 3.46 − 3.39 
Ziprasidone − 5.97 − 5.85 
Olanzapine − 3.91 − 3.80 
Imp Z2 − 3.98 − 4.57 
Haloperidol − 3.77 − 3.67 
Mirtazapine* − 3.62 − 3.51 
AO854/40003386* − 3.39 − 3.44 
AP124/41027793* − 3.43 − 3.68 
Quetiapine* − 4.78 − 4.08 
Imp Z1* − 4.33 − 4.00 
Imp A1* − 3.79 − 4.00  
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as the best means that relation between significant descriptors (H0p and 
SolvEMt_3D) and permeability (logPe) is not absolutely linear. The plot 
of observed versus predicted logPe values for the whole data set is shown 
in Fig. 5. 

Interpretation of statistically significant descriptors could provide 
insight into molecular characteristics that are most important for BBB 
permeation and help us to understand which structural characteristics 
play an essential role in that process. 

The H0p belongs to H-GETAWAY descriptors (Consonni et al., 2002). 
It is calculated from molecular influence matrix H and contains 
geometrical and topological information expressed as a function of 
molecular weight, polarizability, VdW volume, and electronegativity, 
Eq. (11) (Consonni et al., 2002; Todeschini and Consonni, 2009a): 

H0(w) =
∑A

i=1
hii × w2

i (11) 

where hii are the off-diagonal elements of the molecular influence 
matrix H and w defines an atomic weighting scheme. In this case H0p is 
3D descriptor which takes into account the position of atoms and as-
sesses their weight by polarizability at topological distance 0 in the 3D 
molecular space. 

Compounds with highest values of this descriptor are ziprasidone 
and its impurities 1 and 2, so as olanzapine, due to presence of sulphur 
and chlorine atoms. These atoms have highest polarizability values 
(Todeschini and Consonni, 2009b) and because of that highest impact on 
decreasing BBB permeability. The lowest values of this descriptor have 
compounds with highest permeability through BBB (AO854/12910145, 
AO854/40003386, AM879/11741391). It could be concluded that 
introduction of fluorine atom instead of chlorine and absence of sulphur 
atom in molecule will improve permeability through BBB. Also, 
replacement of sulphonamide functional group with amide group show 
positive influence on permeability. The descriptor H0p takes into ac-
count 3D structure of molecules, and not just their polarity character. 
Moreover, ligand with methyl group on aromatic ring (molecule 
AG205/05879010) have lower logPe and higher H0p values than 
molecule which have methyl group on saturated heterocyclic ring 

(AP263/40017925) due to different conformation of molecules. 
SolvEMt_3D is 3D molecular descriptor calculated by ADMET pre-

dictor programme. As it has negative influence on Y value, the increase 
of the value of this descriptor will cause the decrease of permeability 
through BBB. This can be explain that compounds which have more 
polar groups and protonated nitrogen atom have higher values of Sol-
vEMt_3D and lower BBB permeation (ziprasidone, ropinirole), but also 
3D geometry of molecule should be considered. 

In the current study, novel CNS drugs candidates were investigated 
and so far there is no QSPR study available for the selected data set in the 
literature. Presence of SolvEMt_3D and H0p descriptors in created model 
revealed that topological aspects, 3D geometry, and polarizability of 
investigated compounds have significant influence on their BBB 
permeability. These categories of descriptors are important for devel-
oping predictable and reliable QSPR model. Suggested structural mod-
ifications presented above could be used for further optimisation of 
examined ligands in order to improve their BBB permeability. Besides, 
by using developed QSPR-SVM model permeability of structurally 
related CNS compounds or their impurities may be predicted if they are 
placed in the applicability domain of the created model. Furthermore, 
comparison between the created model and the models in the literature 
has been described on the basis of molecular descriptors that play a 
critical role in defining BBB permeability. Zhang et al. through appli-
cation of combinatorial quantitative structure activity relationship 
(QSAR) approach revealed that despite lipophilicity, hydrogen-bonding 
properties and polar surface area, E-state and van der Waals surface 
areas (VSA) also show significant influence on permeability through BBB 
(Zhang et al., 2008). Additionally, Subramanian et al. reported that 
electrotopological descriptors are of significant interest (Subramanian 
and Kitchen, 2003), while Nikolic et al. highlighted the importance of 
hydrophilicity and GETAWAY descriptors (Nikolic et al., 2013). Also, 
some other descriptors have been described to be important in pre-
dicting the BBB permeability of drugs, such as polarizability and elec-
tronegativity (Abraham et al., 1995; Vucicevic et al., 2015). These 
results are in agreement with our observations when comparing which 
descriptors mainly affect the BBB permeability. 

Fig. 5. The plot of observed versus predicted pKi values for the whole data for QSPR- SVM model.  
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3.4. Applicability domain of developed QSPR models 

The most important variables from created PLS and SVM models 
were used for defining their domain of applicability. Based on the pre-
viously mentioned Eq. (10) the warning leverage value was calculated 
(h* = 0.75). The Williams Plot is presented in Fig. 6. The obtained results 
indicated that neither training nor test set compounds deviated from the 
defined AD. Therefore, we can conclude that created SVM model could 
be further used for predicting the BBB permeability of new, structurally 
similar compounds. In particular, it can be of great importance for 
optimisation of selected hDAT ligands in order to rationally design 
novel, more potent compounds. 

3.5. SMD simulations 

SMD methodology has been widely applied to the study of various 
processes, including ligand-protein binding, transport of compounds 
through membrane channels, ligands unbinding pathways, as well as 
exploring the permeability of ligands through membranes (Izrailev 
et al., 1999; Pakdel et al., 2020; Patel et al., 2014; Pedram et al., 2015; 

Shen et al., 2012; Thai et al., 2020). However, SMD technique in this 
article was employed to gain qualitative picture of the BBB permeation 
pathway for studied compounds. The system was set up as described in 
methodology section. Snapshots from the SMD simulation of the 
AM879/11741391 molecule at different positions relative to the DOPC 
bilayer are shown in Fig. 7. Correlation between force peaks and simu-
lation time was studied using Excel for graph building and VMD for 
visualization of process. 

In Figs. S1-S3, we reported the force profiles as a function of time 
obtained from SMD simulations for all studied compounds. At the 
beginning of each simulation the ligand is placed in the water which is 
represented by force peaks below 150 pN. After the ligand enters the 
lipid bilayer (t1) force peaks are becoming higher and increases to 
maximum 385.88 pN for ropinirole. This increasing tendency in the 
force magnitude may be associated with the entering of the ligand in the 
hydrophobic tails of the lipid bilayer, and it is retained until the ligand 
comes out again to water phase. Consequently, the last high peak of the 
force–time curve (t2) could be observed as the ligand leaves the polar 
heads of the second DOPC monolayer. After crossing the bilayer and 
entering to water again, force magnitude significantly decreases and 

Fig. 6. Applicability domain of the created QSPR-SVM model.  

Fig. 7. SMD simulation of the AM879/11741391 molecule at different positions.  
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becomes more stable. Moreover, examined ligands were inspected in 
terms of time needed to cross the DOPC bilayer, calculating the time 
difference between two peaks selected on graphs (t2 and t1). Obtained 
results are presented in Table 6 and were compared with logPe values 
from PAMPA study. Calculated value of correlation coefficient (rtime/ 

logPe=0.66) indicates strongly negative correlation between examined 
values. Nevertheless, based on performed simulations it may be 
concluded that ziprasidone took the longest time (17 ns) to pass through 
the barrier (Fig. S3) while AM879/11741391 took the least time (6 ns) 
(Fig. S1), which is in concordance with logPe values for these com-
pounds. Since the force is the main output of the simulation, values of 
maximum force, Fmax, applied on each compound are also reported in 
Table 6. Obtained results indicated moderately negative correlation 
(rFmax/logPe=- 0.50) between Fmax and logPe values from PAMPA study. 
Notably, as the maximum force increases the logPe values decrease. This 
is the most evident in the examples of ropinirole, ziprasidone and que-
tiapine which possess the lowest logPe values. Following these findings 
we can observed that the larger force have to be exerted on the low 
permeable compounds (logPe < 5.66) to pass through the membrane. 

The performed SMD simulations enabled us to gain deeper insight 
into BBB permeation pathway of studied compounds, providing infor-
mation about the forces exerted on the compounds during the trans-
location process. Compared to the QSPR modelling which quantitative 
prediction of logPe is limited to a narrow set of training-like compounds, 
MD simulations can be used as a reliable pre-screening method for 
relative permeability prediction of structurally different compounds. 
However, both of them present promising tools for a rapid and inex-
pensive permeability assessment of newly designed CNS compounds 
before synthesis and in vitro testing. Moreover, the main potential of this 
methodology is to be expanded in the future by utilization of performed 
SMD simulations as starting states for more complex free-energy cal-
culations, such as umbrella sampling (Bennion et al., 2017). 

4. Conclusion 

In presented study, in vitro PAMPA technique was used for the pre-
diction of BBB penetration of eighteen compounds, six novel potential 
hDAT substrates, twelve CNS approved drugs and their related com-
pounds. Experimentally obtained permeability values (logPe) and 
calculated molecular descriptors were used for performing QSPR anal-
ysis. Three different statistical methods (PLS, stepwise MLR, and SVM) 
were employed to develop linear and non-linear QSPR models for suc-
cessful prediction of BBB permeability. The limitation of data set was 
solved with extensive statistical validation of the created models. The 
results emphasised that created SVM model showed great predictive 

capability based on the obtained values of Q2, R2
pred, rmetrics and CCC 

parameters. Therefore, it can be effectively used to explain the rela-
tionship between selected structural descriptors and BBB permeability 
with high accuracy, as well as to predict the permeability of new 
designed analogues that are within of the defined applicability domain. 
H0p and SolvEMt_3D are descriptors with the strongest influence on 
logPe values. A decrease in their values will lead to an increase in logPe, 
and consequently better permeability through BBB. Selected descriptors 
define topological aspects and 3D geometry of molecules and could be 
used to describe structural modifications in order to improve BBB 
permeability. Modifications such as replacement of the fluorine with 
chlorine, introduction of amide group instead of sulphonamide func-
tional group and removal of sulphur atom in molecule could enhance 
BBB penetration of examined compounds. Furthermore, our future work 
will be based on the rational drug design of new hDAT ligands, while 
created QSPR model will be used not only to guide structural modifi-
cations, but also to offer some reference for experimental study in order 
to reduce the workload and save resources. In addition, SMD simulations 
have been carried out to visualize and explain an entire BBB permeation 
pathway therefore laying a good foundation for future in silico testing. 
Overall, consistency between results obtained through the integration of 
in vitro PAMPA technique with in silico computational methods enabled 
us to provide reliable, relatively quick and inexpensive methodology for 
assessment of brain penetration. Structural diversity of the data set 
compounds and external predictability of the created model provide the 
potential utility of these methods for permeability assessment through 
BBB of related CNS candidates and theirs impurities. Results obtained 
through this study demonstrated that novel hDAT substrates most likely 
cross the BBB by passive diffusion, which is very important for further 
studies of their neuroprotective effect in Parkinson’s disease. 
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Österberg, T., 2005. In vitro models for the blood–brain barrier. Toxicol. Vitr. 19, 
299–334. https://doi.org/10.1016/j.tiv.2004.06.011. 

Garg, P., Verma, J., 2006. In Silico Prediction of Blood Brain Barrier Permeability: an 
Artificial Neural Network Model. J. Chem. Inf. Model. 46, 289–297. https://doi.org/ 
10.1021/ci050303i. 

Golbraikh, A., Tropsha, A., 2002. Beware of q2! J. Mol. Graph. Model. 20, 269–276. 
https://doi.org/10.1016/S1093-3263(01)00123-1. 

Golmohammadi, H., Dashtbozorgi, Z., Khooshechin, S., 2017. Prediction of Blood-to- 
Brain Barrier Partitioning of Drugs and Organic Compounds Using a QSPR Approach. 
Acta Physico-Chimica Sin 33, 1160–1170. https://doi.org/10.3866/PKU. 
WHXB201704051. 

Gramatica, P., 2007. Principles of QSAR models validation: internal and external. QSAR 
Comb. Sci. 26, 694–701. https://doi.org/10.1002/qsar.200610151. 

Gramatica, P., Sangion, A., 2016. A Historical Excursus on the Statistical Validation 
Parameters for QSAR Models: a Clarification Concerning Metrics and Terminology. 
J. Chem. Inf. Model. 56, 1127–1131. https://doi.org/10.1021/acs.jcim.6b00088. 

Humphrey, W., Dalke, A., Schulten, K., 1996. VMD: visual molecular dynamics. J. Mol. 
Graph. 14, 33–38. https://doi.org/10.1016/0263-7855(96)00018-5. 

Izrailev, S., Stepaniants, S., Isralewitz, B., Kosztin, D., Lu, H., Molnar, F., Wriggers, W., 
Schulten, K., 1999. Steered Molecular Dynamics BT - Computational Molecular 
Dynamics: challenges, Methods, Ideas, in: Deuflhard, P., Hermans, J., Leimkuhler, 
B., Mark, A.E., Reich, S., Skeel, R.D. (Eds.), Springer Berlin Heidelberg, Berlin, 
Heidelberg, pp. 39–65. 

Jo, S., Kim, T., Iyer, V.G., Im, W., 2008. CHARMM-GUI: a web-based graphical user 
interface for CHARMM. J. Comput. Chem. 29, 1859–1865. https://doi.org/10.1002/ 
jcc.20945. 

Kansy, M., Senner, F., Gubernator, K., 1998. Physicochemical High Throughput 
Screening: parallel Artificial Membrane Permeation Assay in the Description of 
Passive Absorption Processes. J. Med. Chem. 41, 1007–1010. https://doi.org/ 
10.1021/jm970530e. 

Kelder, J., Grootenhuis, P.D.J., Bayada, D.M., Delbressine, L.P.C., Ploemen, .J..-P., 1999. 
Polar Molecular Surface as a Dominating Determinant for Oral Absorption and Brain 
Penetration of Drugs. Pharm. Res. 16, 1514–1519. https://doi.org/10.1023/A: 
1015040217741. 

Kerns, E., Di, L., 2002. Multivariate Pharmaceutical Profiling for Drug Discovery. Curr. 
Top. Med. Chem. 2, 87–98. https://doi.org/10.2174/1568026023394470. 

Kirchherr, H., Kuhnvelten, W., 2006. Quantitative determination of forty-eight 
antidepressants and antipsychotics in human serum by HPLC tandem mass 
spectrometry: a multi-level, single-sample approach. J. Chromatogr. B 843, 
100–113. https://doi.org/10.1016/j.jchromb.2006.05.031. 

McHugh, P.C., Buckley, D.A., 2015. The Structure and Function of the Dopamine 
Transporter and its Role in CNS Diseases. pp. 339–369. https://doi.org/10.1016/bs. 
vh.2014.12.009. 

Nielsen, P.A., Andersson, O., Hansen, S.H., Simonsen, K.B., Andersson, G., 2011. Models 
for predicting blood–brain barrier permeation. Drug Discov. Today 16, 472–475. 
https://doi.org/10.1016/j.drudis.2011.04.004. 
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