BBA - General Subjects 1862 (2018) 2779–2787

Contents lists available at ScienceDirect

BBA - General Subjects
journal homepage: www.elsevier.com/locate/bbagen

Quantiﬁcation of kinetic rate constants for transcytosis of polymeric
nanoparticle through blood-brain barrier
Aminul Islam Khan, Qian Lu, Dan Du, Yuehe Lin, Prashanta Dutta

T

⁎

School of Mechanical and Materials Engineering, Washington State University, Pullman, WA 99164-2920, United States

A R T I C LE I N FO

A B S T R A C T

Keywords:
Blood-brain barrier
Polymeric nanoparticle
Drug delivery
Artiﬁcial neural network
Parameter estimation

Background: Polymeric nanoparticles (PNP) have received signiﬁcant amount of interests for targeted drug
delivery across the blood-brain barrier (BBB). Experimental studies have revealed that PNP can transport drug
molecules from microvascular blood vessels to brain parenchyma in an eﬃcient and non-invasive way. Despite
that, very little attention has been paid to theoretically quantify the transport of such nanoparticles across BBB.
Methods: In this study, for the ﬁrst time, we developed a mathematical model for PNP transport through BBB
endothelial cells. The mathematical model is developed based on mass-action laws, where kinetic rate parameters are determined by an artiﬁcial neural network (ANN) model using experimental data from in-vitro BBB
experiments.
Results: The presented ANN model provides a much simpler way to solve the parameter estimation problem by
avoiding integration scheme for ordinary diﬀerential equations associated with the mass-action laws.
Furthermore, this method can eﬃciently deal with both small and large data set and can approximate highly
nonlinear functions. Our results show that the mass-action model, constructed with ANN based rate parameters,
can successfully predict the characteristics of the polymeric nanoparticle transport across the BBB.
Conclusions: Our model results indicate that exocytosis of nanoparticles is seven fold slower to endocytosis
suggesting that future studies should focus on enhancing the exocytosis process.
General signiﬁcance: This mathematical study will assist in designing new drug carriers to overcome the drug
delivery problems in brain. Furthermore, we anticipate that this model will form the basis of future comprehensive models for drug transport across BBB.

1. Introduction
The blood-brain barrier (BBB) is a distinct and highly selective
barricade formed by the microvascular endothelial cells together with
the other neurovascular elements such as astrocytes, pericytes, and
microglial cells [1,2] to protect the brain against harmful agents. The
endothelial cells in the BBB are connected to each other through tight
junctions. These tight junctions preclude paracellular transport of solutes across BBB except some water-soluble substances. Several transcellular routes, such as transporter protein mediated, receptor-mediated, adsorptive mediated, cell-mediated transcytosis etc. are available
for transportation of metabolites and other essential components for
proper functioning of brains [3]. However, these transport routes
cannot be used for delivering large-molecule drugs and > 98% of smallmolecule drugs across the BBB [4]. To enhance the eﬃcacy of therapeutic delivery through the BBB, several techniques have been tested
with varying degrees of success. Among various techniques, tight
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junction disruption, drug molecules modiﬁcation and carrier-mediated
transportation have dominated the drug delivery research.
Tight junction opening is reported using biological, chemical, and
physical stimuli [3]. Biologics such as virus, macrophage, cereport,
zonula occludens toxin etc. can increase paracellular transport by either
opening tight junctions or using Trojan horse eﬀect [3]. Selected chemicals such as cyclodextrin and poloxamers can extract water and other
substances (e.g. cholesterol) from endothelial cells, which lead to
opening of gaps between cells for paracellular transport. Physical mechanisms such as ultrasound, microwave, and electromagnetic ﬁeld can
also open tight junctions by protein translocation, which enhance the
BBB permeability. Although various stimuli can potentially increase the
penetration of drugs to the brain, high concentration of these stimuli
compounds can compromise the BBB.
Drug delivery across BBB through modiﬁcation of drugs is attempted either by direct conjugation of drugs to a BBB transporter (such
as glucose transporter) or by targeting lipid-mediated transport of
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considered the transcytosis of poly[Triphenylamine-4-vinyl-(Pmethoxy-benzene)] (TEB)-based nanoparticles through BBB. We speciﬁcally selected TEB-polymeric nanoparticles because TEB nanoparticles
exhibit excellent ﬂuorescence properties which eliminates the necessity
of tagging with additional ﬂuorescence markers. Thus, this type of
nanoparticles can potentially be used in both imaging and drug delivery. Moreover, TEB nanoparticles can be synthesized as small as
20 nm. It has been reported that smaller size (~20 nm) nanoparticles
yield higher transcytosis across BBB [13,25,26]. In addition, the TEB
nanoparticles are highly biocompatible. Controlled transcytosis experiments of TEB nanoparticles across BBB are performed on an in vitro
BBB model which is constructed based on mouse cerebral endothelial
cells (bEnd.3).
Rest of the paper is organized as follows. In the following section,
mathematical model for nanoparticle transport through BBB endothelial cells is presented. Next, an ANN model is presented for estimation of kinetic parameters. In section 4, we describe the in-vitro experiments of both endocytosis and exocytosis to determine the
nanoparticle transport rate across the BBB. In section 5, we present
important results such as estimated rate parameters for nanoparticle
transcytosis and time required for nano-carrier penetration. Finally, we
present our conclusions and future research outlook.

drugs. However, because of highly selective nature of transporters,
drugs transport by direct conjugation to a transporter is only possible if
drug molecules meet all criteria of endogenous ligands [5]. Lipidization
is done by attaching lipid-like molecules on the drug structure by
modifying hydrophilic moieties. Although high lipophilicity favored
higher permeability of drugs, this lipidization does not ensure targeted
drug delivery because the permeability of lipidized-drugs increases
across all biological membranes in the body [6]. Moreover, this approach is only suitable for drugs having molecular weight < 500 Da
since higher molecular weight compounds cannot cross BBB through
passive lipid soluble mechanism.
Another promising avenue for drug transport across BBB is through
carriers such as liposomes, nanoparticles, nanospheres, nanosuspensions, polymer micelles, and nanogels [7]. Among them, nanoparticlebased therapeutic delivery is extensively studied because of their noninvasiveness and targeted drug delivery capability [8]. As a results,
several nanoparticle-based system such as mesoporous silica [9,10],
silver [11], superparamagnetic iron oxide [12], gold [13], polymeric
[14] nanoparticle have been developed and tested as a drug delivery
mechanism through BBB with diﬀerent levels of success. Polymeric
nanoparticles oﬀer several advantages over non-polymeric ones because of their similarity with natural carriers such as serum lipoproteins
and viruses. Moreover, they can be targeted not only to the particular
organ/tissue, but also to a particular cell or even an intracellular
compartment [7]. In addition, polymeric nanoparticles increase drug
solubility, improve bio-distribution of drugs, and can potentially decrease side eﬀects [14].
Although signiﬁcant eﬀorts have been made to study the nanoparticle transport through BBB experimentally, not much attention has
been paid to theoretically quantify the transport mechanism.
Mathematical modeling is a powerful tool to understand the biological
processes such as transport across BBB, where experiments are intricate,
costly and sometimes ethically wrong. Hinow et al. [15] developed a
mathematical model to describe the transport of free drugs from blood
to brain once drugs get released from liposomes under the application
of focused ultrasound. However, their model neglects drug accumulation by the endothelial cell and active eﬄux of drugs from brain to
blood. The quantiﬁcation of accumulated drugs is very important because accrual of particles can increase the toxicity in endothelial cells
which may alter the BBB integrity. Loeser [16] modeled the drug release from a temperature-sensitive liposome and the diﬀusion of drugs
in a brain cancer cell, but their model does not include the transport of
liposomes from blood to targeted brain cancer cells. Recently, Khan
et al. [17] developed a mathematical model for receptor-mediated
transcytosis of iron across BBB. Although our previous model addresses
the transcytosis, it can't be used to predict the nano-carrier based drug
transport across the BBB because of diﬀerence in mechanisms and
pathways between iron molecule and nanoparticles.
The goal of the current research is to develop a mathematical model
for nanoparticle transport across the BBB using the laws of mass-action.
Mass action laws can generally be formed as a set of ordinary or partial
diﬀerential equations. The estimation of parameters is the crucial step
in the development of these type of models. Several methods are developed and used for the parameter estimation such as least square
[18], Bayesian approach [19], incremental approach [20], artiﬁcial
neural network approach [21], preprocessing method [22] etc. Among
these methods, least square is the oldest, simplest and widely used for
parameter estimation. However, this method suﬀers from convergence
problems. In addition, this approach may get trapped into the local
optimal solution instead of the global one [21,23]. In this work, an
artiﬁcial neural network (ANN) based model is presented for parameter
estimation. Our ANN based parameter estimation method is much
simpler to solve since it does not require an integration scheme for
diﬀerential Eqs. [21]. In addition, ANN can deal with large data sets,
can eﬃciently approximate highly nonlinear functions, and can be used
for multi input-output variables [24]. To train our ANN model, we have

2. Mathematical model
A mass-action based mathematical model is presented to study the
transcytosis of nanoparticle from the upper (luminal) chamber to lower
(abluminal) chamber as shown in Fig. 1. Endocytosis of nanoparticles
can occur by various active transport mechanisms. At the same time,
endocytosed nanoparticles may recycle back from cell to upper compartment due to the presence of active eﬄux pumps in BBB endothelium. The endocytosis and recycling of nanoparticles can be expressed with the following reversible kinetic equation.
k1

Nup ←→ Ncl
k−1

(1)

where Nup and Ncl represent the number of TEB nanoparticles in upper
compartment and cell, respectively, k1 and k−1 are the overall rate of
endocytosis and recycling of nanoparticles, respectively. The fusion
machinery of BBB endothelium transports the nanoparticles from cell to
lower compartment of transwell through basolateral membrane by an
exocytosis mechanism [27,28]. Like recycling process through the
apical membrane in the luminal side, transported nanoparticles can be
internalized from abluminal side (lower compartment) to endothelial
cell through basolateral membrane. This process is termed as reendocytosis in the literature [29]. The exocytosis and reendocytosis of
nanoparticles can be expressed by the following reversible ﬁrst order
kinetic equation.
k2

Ncl ←→ Nlo
k−2

(2)

Fig. 1. Schematic of nanoparticle (ﬁlled circle) transcytosis through a transwell
BBB model. At time t = 0, nanoparticles are introduced on the upper chamber
for transcytosis.
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where Nlo represents the number of TEB nanoparticles in lower compartment, k2 and k−2 are the overall rate of exocytosis and reendocytosis of nanoparticles, respectively.
By applying the mass-action laws, the ﬁrst order reversible reactions
(Eq. 1–2) can be converted into the following ﬁrst order ODEs:

d nup
dt

= −k1 nup + k−1 ncl

(3)

d ncl
= k1 nup − (k−1 + k2 ) ncl + k−2 nlo
dt

(4)

d nlo
= k2 ncl − k−2 nlo
dt

(5)

where nup, ncl and nlo represents concentration of nanoparticles in upper
compartment, cells and lower compartment, respectively at any time t.
Eqs. (3–5) can be solved if the initial concentrations (nup,0, ncl,0 and
nlo,0) and various rate constants (k1, k−1, k2 and k−2) are known.
Nanoparticle concentrations in the upper compartment, cell, and lower
compartment at the start of experiment (incubation) can be taken as
initial conditions. Obviously, at the start of transport study, nanoparticle concentration in the upper compartment, nup,0, can be found by
dividing the amount of nanoparticle placed in upper compartment with
the volume of medium placed in the upper compartment. On the other
hand, nanoparticle concentrations both inside the cell, ncl,0, and in the
lower compartment, nlo,0, are zero at the start of transport assay. For the
sake of simplicity, all variables are normalized as.

nup =

nup
nup,0

, ncl =

ncl
n
t
, nlo = lo and τ =
nup,0
nup,0
T

Fig. 2. Schematic of an artiﬁcial neural network (ANN), consisting of one input,
one hidden and one output layer, for a system of ODEs presented in Eqs. (7–9).
Input layer has only one node, while the hidden layer and the output layer are
made of I and J nodes, respectively. The cap in the node sums up all the
weighted inputs and feeds as total activation. For details about the ANN,
readers are referred to [24,30].

by following the work of Dua [21].
The general architecture of the ANN used in this work is shown in
Fig. 2, where only fundamental steps are presented for parameter estimation related to a system of ordinary diﬀerential equations (ODEs).
The ANN model shown in Fig. 2 has only one node in the input layer
because in our ODE-based model time is the only independent variable.
The number of nodes in the output layer must be equal to the number of
outputs (J). The number of hidden layers and the number of nodes in
each hidden layer can be arbitrary. In our model, we have considered a
single hidden layer with I number of nodes.
For a linear transfer function and no threshold in the input layer, the
output of the input layer is exactly equal to the input (τ). Thus, the total
activation for the hidden layer, xi can be given as

(6)

where T can be any appropriate time scale for normalization purpose.
Using these non-dimensional variables, Eqs. (3–5) can be reduced to

d nup
dτ

= −k1 nup + k−1 n cl

(7)

d ncl
= k1 nup − (k−1 + k2) ncl + k−2 nlo
dτ

(8)

d nlo
= k2 ncl − k−2 nlo
dτ

(9)

x i = vi τ + qi

where qi is the threshold in the ith node of hidden layer and vi is the
weight factor between the node of input layer and the ith node of hidden
layer. Considering a sigmoid transfer function in the hidden layer,
output of hidden layer, yi can be given as

where k1 = k1 T , k−1 = k−1 T , k2 = k2 T and k−2 = k−2 T . Although nanoparticle concentration at the beginning of the experiments can be found
readily (nup,0 = 1.0 ; ncl,0 = 0.0 and nlo,0 = 0.0 ), determination of appropriate rate constant parameters (k1, k−1, k2 and k−2 ) is extremely important for completeness of this type of model. In next section, we
describe our method for ﬁnding the rate constant parameters, which is
the primary objective of this work.

yi =

Traditionally, the rate constant parameters are determined by solving the following optimization problem [21]:

min
∑ ∑ (nj (τp) − nj (τp ))2
k , n (τ )
pϵP jϵJ

1
1 + e−xi

(12)

Here, we choose a sigmoid transfer function because, in general, this
function yields well-behaved networks [30]. Thus, the total activation
for the output layer, (zj) can be expressed as

3. Parameter estimation

ε=

(11)

I

zj =

∑ wij yi + rj
i=1

(10)

(13)

where rj is the threshold in the jth node of output layer and wij is the
weight factor between the ithnode of hidden layer and the jth node of
output layer for the input yi. Similar to hidden layer, considering a
sigmoid transfer function in the output layer, output of this layer can be
written as

where n is a J dimensional vector of state variables, k is the vector of
j (τp) are the experimentally observed values of the state
parameters, n
variables at time τp, and nj (τp) are the corresponding model prediction.
In our model, J = 3 for variables nup , ncl and nlo and k = [k1 , k−1 , k2 , k−2]
as presented in Eqs. (7–9). The k must be estimated such that the objective function (ε) is minimized.
Although traditional method described above is simple to implement, it suﬀers from convergence problems. More importantly, the
traditional method is get trapped into the local optimal solution instead
of the global one [23]. To circumvent these concerns, we present an
artiﬁcial neural network (ANN) based model to estimate parameters (k )

n jANN =

1
1 + e−zj

(14)

Thus, for our ANN model, unknowns are the threshold vectors (qi
and rj) and the weight factor matrices (vi and wij). Values of the
threshold vectors and the weight factor matrices can be determined by
solving the following optimization problem:
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δ=

min
n ANN , q, r , v, w

∑ ∑ (nj (τp) − n jANN (τp ))2
(15)

pϵP jϵJ

A number of eﬃcient algorithms, such as backpropagation algorithm [31], generalized delta rule, radial bias algorithm [30], etc. are
available in the literatures for solving the aforementioned optimization
problem (Eq. 15). Once the threshold vectors and weight factor matrices are found, the derivative of the state variables can be determined
by diﬀerentiating Eq. (14) with respect to nondimensional time, τ as

dn jANN
dτ

=

e−zj
(1 + e−zj )2

I

e−xi

∑ wij (1 + e−xi )2 vi

(16)

i=1

Note that this will provide the rate of change of state variables (lefthand side of Eqs. 7–9). Thus, one can estimate the required parameters
for the model by solving the following optimization problem [21]:
ANN

Fig. 3. UV–vis absorption spectra (black line) and photoluminescence (blue
line) of TEB-NPs.

2

dn j
(τp )
min
⎞
ε=
− f j (n ANN (τp ), k , τp ) ⎟
∑ ∑ ⎛ dτ
k pϵP jϵJ ⎜
⎝
⎠

(17)

concentrated, the ﬂuorescent TEB-based nanoparticles were obtained
by co-precipitation from the solution.

subject to: k > 0 .
Here f j (n ANN (τp ), k , τp) represents the right-hand side of Eqs. (7–9).
This optimization problem is much simpler to solve because this does
not require an integration scheme. The ﬁrst term on the right-hand side
of Eq. (17) can be easily obtained from Eq. (16), while the second term
can be calculated from the right-hand side terms of Eqs. (7–9) using the
artiﬁcial neural network (n jANN ) solution of state variables (Eq. 14).
Here, it is noted that traditional method (Eq. 10) minimizes error between observed and model predicted values of state variables, whereas,
our model (Eq. 17) minimizes error between the derivatives of the state
variables. This derivative based optimization method is used in other
work [22], however, in their work, derivatives are determined using a
preprocessing method.

4.3. Physical and chemical characterization of TEB-based nanoparticles
Previous studies suggest that the nanoparticle transport eﬃciency
across the BBB decreases with the increase of particle size. For instance,
several studies reported that the maximum transport eﬃciency is
achieved for particle size ranging between 20–30 nm [10,13,25]. Thus,
the synthesis steps are controlled to form nanoparticles in that ballpark.
The size and morphology of TEB-based nanoparticles are characterized
by transmission electron microscopy (TEM, Philips CM200 UT, Field
Emission Instruments, USA).
The ultraviolet-visible absorption spectra of TEB-based nanoparticles are measured with a Genesys 10s Bio UV/Visible
Spectrophotometer (Thermo Scientiﬁc, Waltham, MA, USA), while the
ﬂuorescence spectra are analyzed with FluoroMax-4 spectroﬂuorometer
(Horiba, Japan). The optical characteristics of these nanoparticles are
shown in Fig. 3. The UV–vis absorption spectra of TEB-NPs in aqueous
solution exhibits an absorption-band maximum at wavelength 435 nm,
which corresponds to excitation wavelength for ﬂuorescence spectra
analysis. The emission peak of TEB nanoparticles is centered around
520 nm. The TEB nanoparticles have a zeta potential of −53.0 mV
which illustrates their shear plane charge. The zeta potential is measured by a Malvern Zetasizer Nano ZS90 (Malvern Instruments Ltd.,
UK).

4. Experimental section
4.1. Materials and reagents
Transwells (Polycarbonate membrane 0.4 μm) were purchased from
Fisher Scientiﬁc (Waltham, MA, USA). Biological reagents, such as born
calf serum, gentamycin, penicillin, streptomycin, fetal bovine serum
(FBS), and ATCC® 30–2002™ Dulbecco's Modiﬁed Eagle's Medium
(DMEM) were obtained from ATCC (Manassas, VA, USA). All other
chemicals and solvents were obtained from Sigma-Aldrich (St. Louis,
MO, USA).
4.2. Preparation of poly-[Triphenylamine-4-vinyl-(P-methoxy-benzene)]
(TEB)-based nanoparticles

4.4. Construction of in vitro BBB model

In order to obtain TEB-based nanoparticles, the TEB polymer was
ﬁrst synthesized from the reaction of two intermediates: intermediate1
[4,4′-diformyl-triphenylamine], and intermediate2 [2,5-di- (ethoxyphosphorylene) -1,4-dimethoxybenzene (phospholipid)]. The intermediate1 was prepared through a series of chemical reactions of N, Ndimethylformamide, phosphorus oxychloride and triphenylamine. The
obtained ﬁnal product was puriﬁed for further use. The intermediate2
was obtained from the ﬁnal product of a series of chemical reactions of
1,4-dioxane, 1,4-dimethoxybenzene, hydrochloric acid, formaldehyde,
and triethyl phosphite. The obtained product was re-crystallized with
acetone to gain intermediate2. Both intermediate1 and intermediate2
were solid powders. Finally, the TEB polymer was synthesized through
Wittig-Horner reaction of intermediate1 and intermediate2. All chemical products during the synthesis process were characterized and
conﬁrmed using the nuclear magnetic resonance (NMR). The obtained
TEB polymer was dissolved in the solution of tetrahydrofuran, poly
(styrene-co-maleic anhydride) and water. Nitrogen gas was then bubbled through the solution to evaporate the solvent. As the solution was

In our experiment, the mouse brain cell line (bEnd.3) is used for
construction of transwell BBB model. Yuan et al. [32] reported that the
cultured bEnd3 monolayer is able to maintain many characteristics of
the BBB: low (paracellular) permeability, fairly well-formed tight
junctions; comparable thickness and the charge density of surface glycocalyx layer to that of the intact BBB. In addition, Brown et al. [33]
found that bEnd.3 cell line expresses the BBB tight junction proteins
ZO-1 and ZO-2, the transmembrane proteins occludin and claudin-5,
the cytoskeletal protein actin. These and many other similar studies
concluded that bEnd3 cells are an attractive candidate for BBB model
due to their rapid growth, maintenance of BBB characteristics over
repeated passages, amenability to numerous molecular interventions
and formation of functional barriers.
The in vitro model construction starts with the placement of polycarbonate membrane insert (0.4 μm) inside the well of a 6-well plate.
Each well is then seeded with 1 × 105 bEnd.3 cells. Next, 2.00 ml and
2.75 ml of DMEM medium are added to the luminal side (upper compartment) and the abluminal side (lower compartment) of the
2782
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Fig. 5. Cytotoxicity of TEB-NPs in bEnd.3 cells. Values are mean of triplicate
experiments and the error bars represent the standard derivations.

Fig. 4. The trans-endothelial electrical resistance (TEER) values of the BBB
models during cell culture. The error bars show the standard deviation of TEER
values. The tight junctions between neighboring endothelial cell are demonstrated by extremely high electric resistance (> 200 Ω x cm2) within 10 days of
culturing.

However, > 90% of the bEnd.3 cells survived in the TEB-NP concentration range (50 to 800 ng/mL) studied here. This manifests that
TEB-NPs can be used to develop safe nanoprobes for BBB model.

transwell, respectively. Then, the cells are cultured inside the transwell
in a humidiﬁed incubator at 37 °C with 5% CO2. The culture medium is
changed every day for cell growth.
The development of tight junctions and the integrity of the BBB
model are evaluated with the trans-endothelial electrical resistance
(TEER). The TEER values are calculated by measuring resistance across
the membrane using an EVOM voltohmmeter (10 μA current at 12.5 Hz)
as.

TEER = (Rt − Rb) × A

4.6. Transport eﬃcacy of TEB based nanoparticles across BBB monolayer
To estimate the uptake and transcytosis of nanoparticles across BBB,
a speciﬁc amount of TEB nanoparticles is added into the luminal side of
the BBB model. The progressive transfer of TEB nanoparticles, from
upper (luminal) compartment to lower (abluminal) compartment, is
followed for 12 h at an interval of 2 h. The medium (with nanoparticles)
from the upper and lower compartments is collected separately at different times (2, 4, 6, 8, 10, 12 h) and its ﬂuorescent intensity is measured. At the same time, the ﬂuorescent intensity of pure DMEM
medium (without any TEB nanoparticles) is also determined. These
ﬂuorescence intensity data are used to quantify the time-dependent
nanoparticles transport process across the BBB endothelial cells. The
BBB transport eﬃciency (TE) of TEB nanoparticles is calculated as:

(18)

where Rt is the total resistance of the cell culture medium with cells and
Rb refers to the resistance of polycarbonate membrane placed in the
culture without any cells, and A is the area of transwell. The TEER value
is directly correlated with the permeability of BBB for transport of extracellular molecule and a TEER value over 200 Ω x cm2 can conﬁrm
the conﬂuence of in vitro model [34]. Fig. 4 shows the TEER value of
cultured bEnd.3 cells at diﬀerent days of incubation. As shown in Fig.4,
a TEER value of around 240 Ω x cm2 is detected on day 14 in our model.
This illustrates that cultured bEnd.3 cell monolayer is conﬂuent and can
adequately serves as an in vitro model for evaluating the transport of
TEB nanoparticles. The observed TEER values are in line with previous
studies. Liu et al. has reported a TEER value upward of 300 Ω x cm2
with a monolayer culture of bEnd.3 cells on day 12 [25]. Gao et al. [35]
and Sharma et al. [36] also reported a TEER value above 200 Ω x cm2
for similar BBB model. Therefore, bEnd.3 monolayers with TEER value
above 200 Ω x cm2 are selected for subsequent experiments.

TE =

5. Results and discussion
5.1. Calibration curve for determining nanoparticle concentration
Since we measured the ﬂuorescence intensity as an indication of
nanoparticle concentration, the relationship between the nanoparticle
concentration and the ﬂuorescence intensity needs to be established. To
achieve that several known sample solutions have been prepared by
mixing TEB nanoparticles with DMEM medium. Fluorescence spectra of
each sample solution is measured with FluoroMax-4 spectroﬂuorometer
(Horiba, Japan). Fig. 6a presents the ﬂuorescence spectra of TEB nanoparticles at a concentration ranging between 0 and 2 μg . Similar to
ml
other nanoparticles such as gold nanoparticles [37], the ﬂuorescence
intensity of the synthesized TEB nanoparticle increases with the increasing concentration of nanoparticles as indicated in Fig. 6a. This
ﬁgure also reveals that the maximum ﬂuorescence intensity occurs at a
speciﬁc wave length which is around 520 nm. As shown in Fig. 6b, a
linear relationship (R2 = 0.995) exists between maximum ﬂuorescence
intensity and concentration of nanoparticle. From experimental data, a
relationship between nanoparticle concentration and maximum ﬂuorescence intensity can be expressed as

In vitro cytotoxicity of the TEB nanoparticles against bEnd.3 cells is
evaluated by a standard 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium (MTT) assay. The optical density is recorded at 540 nm by
synergy H1 microplate reader (BioTeK, Winooski, VT). The relative cell
viability can be estimated as

Atest
× 100
Acontrol

(20)

where Flo is the ﬂuorescence intensity in the lower compartment at
various time, Fup,0 is ﬂuorescence intensity in the upper compartment at
the start of incubation and Fb is the background (pure medium) ﬂuorescence intensity.

4.5. Cytotoxicity of the TEB-based nanoparticles

Cell Viability =

Flo − Fb
× 100
Fup,0 − Fb

(19)

where Atest is the UV signal of cells with diﬀerent nanoparticle concentration and Acontrol is the UV signal of the cells without any nanoparticles. In this study, diﬀerent concentration of TEB-NPs (0, 50, 100,
250, 500, 800 ng/ml) are incubated with bEnd.3 cells for 24 h, and cell
viability is calculated with aforementioned formula. As shown in Fig. 5,
as the concentration of TEB nanoparticles increases, the percentage of
cell viability decreases slightly from control (no nanoparticle).
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Fig. 6. (a) Fluorescence response for various concentration of TEB nanoparticle in the medium. All ﬂuorescence values are mean of triplicate experiments. The data
are obtained after excitation of suspended TEB nanoparticles at 435 nm. (b) The relation between nanoparticle concentration and maximum ﬂuorescence intensity.

n (t ) =

F (t ) − 4145.3
12056

lower compartment.
Our results clearly demonstrate that TEB nanoparticle can cross the
in-vitro BBB. Initially (ﬁrst couple of hours) the rate of internalization of
nanoparticle is relatively high, but later nanoparticle internalization
rate is reduced greatly (Fig. 7a). On the other hand, nanoparticle
transport rate across BBB is initially very low, but later (after 8 h of
incubation) this rate is increased (Fig. 7b). Our results show that 15% of
initial number of nanoparticles are transported across the bEnd.3 cell
monolayer (i.e. a transport eﬃciency of 15%) after 12 h incubation. Our
reported transport eﬃciency is signiﬁcantly higher than those reported
in some other studies [38,39]. The main reasons for large diﬀerence in
transport eﬃciency between current study and those reported in previous works [38,39] are due to diﬀerent particle sizes (as well as materials) and BBB systems. It has been reported that the particle size has a
negative correlation for transport across the BBB [10]. In other words,
as the particle size decreases, the transport eﬃciency across BBB increases. In addition, for the same solute, permeability across monolayer-BBB (monoculture of endothelial cells) is considerably higher
than that of multilayer-BBB (coculture of endothelial cells and astrocytes), although both models are good for studying the transport of
solutes across the BBB [40]. Here it is noteworthy that one study [38]
used immunoliposomes of size around 140 nm, while the other study

(21)

where F(t) is the maximum ﬂuorescence intensity at any time t and n(t)
is the nanoparticle concentration in μg at that time.
ml

5.2. Transcytosis of nanoparticles through in vitro BBB
The time-dependent nanoparticle concentrations (solid line) in
upper (luminal) and lower (abluminal) compartments are shown in
Fig. 7a and Fig. 7b, respectively for an initial luminal TEB nanoparticle
concentration of 0.77 μg . From Fig. 7a (solid line) it is seen that naml
noparticle concentration in upper compartment is decreasing with increasing incubation time. This indicates that the nanoparticles are internalized by the cells; with increasing incubation time, more
nanoparticles are internalized. Internalization of nanoparticles results
in a reduction of nanoparticle concentration in the upper compartment,
and hence, a decrease in ﬂuorescence intensity. The nanoparticle concentration in the lower compartment is increasing with increasing incubation time as shown in Fig. 7(b). This point out that the nanoparticles are transported from cells to lower compartment. The
continuous transportation of nanoparticles from cells to lower compartment results in an increase in concentration of nanoparticles in the

Fig. 7. Fluorescence intensity (symbol) and nanoparticle concentration (solid line) in (a) upper compartment and (b) lower compartment at various incubation time.
All ﬂuorescence intensity values are mean of triplicate experiments ± standard error (bars) under identical experimental conditions. Nanoparticle concentration is
calculated using Eq. (21) from the ﬂuorescence intensity data. In our study, the TEB nanoparticles diameter is ~25 nm.
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[39] is based on gold nanoparticles of overall size between 70 and
100 nm. Moreover, in both studies, BBB is established by co-culture of
brain endothelial cells and astrocytes. On the other hand, in our study,
monolayer BBB is formed with bEnd.3 cell and transport assay is carried
out with TEB nanoparticles of size ~ 25 nm. Since, the particle size is
very low and BBB is formed with bEnd.3 monolayer, current study
yields higher transport eﬃciency. This observed transport eﬃciency is
in line with previous works having similar BBB system and comparable
particle size. For instance, Liu et al. [25] reported a transport eﬃciency
of 26.1 ± 8.9% across the BBB (formed by bEND.3 cell monolayer)
after 12 h incubation with poly(ethylene glycol) (PEG) coated silica
nanoparticles (25 nm diameter). Qiao et al. [41] also showed that
transport eﬃciency of PEG-coated Fe3O4 nanoparticles across monolayer BBB (formed by porcine brain capillary endothelial cells) can be
as high as 22.5 ± 1.4%. Here it is noteworthy to mention that even
with three layer BBB system (co culture of bEND.3 cell line, pericytes
and astrocytes), 25 nm silica nanoparticle yields a much higher transport eﬃciency [10].
Next, we determined the nanoparticle accumulation inside the cell.
Considering negligible degradation of TEB nanoparticles inside the cell,
the mass balance equation can be given as follows:

dnup
dt

dncl
dnlo
+
+
=0
dt
dt

Fig. 9. Comparison of ANN model output with experimental data for diﬀerent
number of nodes in the hidden layer. For a tolerance limit of 10−3,the number
of iterations needed for 3 and 4 nodes are 1203 and 1409, respectively. On the
other hand, with 2 nodes in the hidden layer, a convergence cannot be achieved
even with 12,000 iterations.

(22)

Integrating this equation from starting time (t = 0) to any time t
with initial conditions, nup,0 = 0.77, ncl,0 = 0 and nlo,0 = 0, we get following mass balance equation for nanoparticle accumulation inside the
endothelial cells:

ncl = 0.77 − nup − nlo

5.3. Estimation of kinetic rate constant
The primary focus of this study is to ﬁnd the rate constants for
model equations using experimental data. For simplicity, the analysis
was performed for normalized governing equations presented in Eqs.
(7–9). Thus, the experimental data of nanoparticle concentrations are
normalized with nup,0 = 0.77 μg , while the time is normalized with =10
ml
h. Using these normalized experimental data, the optimization problem
given in Eq. (15) is solved by applying a generalized delta rule algorithm [30] with an error of 10−3. In this optimization scheme, all the
available data points are fed for the training of artiﬁcial neural networks given by Eqs. (11–14) because of limited number of experimental
data points. A single hidden layer with 3 nodes is considered in our
ANN model because we have found that, for this particular problem, 3
nodes in the hidden layer provide faster convergence (as shown in
Fig. 9). Although the ﬁnal weight factors and thresholds depend on the
initial guess of these parameter, for the sake of completeness, the
weight factors and thresholds are listed in Table 1 with 3 nodes in the
hidden layers.
Next, the derivatives of the state variables at diﬀerent time are
calculated by using Eq. (16). Finally, optimization problem given by Eq.
(17) is solved by an incremental search technique [17] to ﬁnd the
parameters vector, k . In brief, one of the parameter value is selected
and then its value is changed by a random amount. If this change decreases the error (ε) as presented in Eq. (17), then the new value is kept.
Otherwise, previous value is maintained and checked for the other
parameters until the error becomes smaller than the tolerance limit. For
the tolerance limit 1 × 10−3, the estimated parameter values are given
in Table 2.

(23)

The progressive accumulation of TEB nanoparticles inside the endothelial cell is shown in Fig. 8. During the ﬁrst 4 h, there is a rapid
accumulation of nanoparticles inside the cell because of high endocytosis and low exocytosis. Fig. 8 indicates that TEB nanoparticle
accumulation gets saturated after 4 h. This kind of saturation characteristics is quite common for other particles such as iron transport
across BBB [42]. The saturation in nanoparticle accumulation is due to
the fact that cells have a limiting capacity to hold nanoparticles. This
saturation in nanoparticle accumulation also indicates that endocytosis
is in equilibrium with exocytosis [42].

5.4. Validation of artiﬁcial neural network model
To check the accuracy of the estimated parameters, the mass action
model is solved with the estimated parameters using 4th order RungeKutta method [43,44]. A comparison of model results (obtained with
estimated parameters) and experimental data, as shown in Fig. 10, indicates that our artiﬁcial neural model is very eﬀective in estimating
the kinetic rate parameters. Our model results show that, after 12 h of
incubation, around 42% of nanoparticles remain in the upper

Fig. 8. Accumulation of nanoparticles inside the endothelial cells at various
incubation time. Data are calculated by material balance using Eq. (23).
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Table 1
Weight factors and thresholds for 3 nodes in the hidden layer.
Weight factors

Thresholds

Input layer to hidden layer
⎡− 2.0135 ⎤
vi = ⎢− 3.7871⎥
⎣ 0.7535 ⎦

Hidden layer to
⎡ 0.0024
wij = ⎢ 1.3696
⎣− 2.1600

output layer
− 0.5279 − 2.4777 ⎤
− 0.2309 − 3.4750 ⎥
− 1.0718 − 0.8926 ⎦

Table 2
Estimated parameters (nondimensional form) using artiﬁcial neural network.
Nondimensional parameters

k1

k−1

k2

k−2

Estimated value

3.684

3.425

0.489

0.992

Hidden layer
⎡1.0 ⎤
qi = ⎢1.0 ⎥
⎣1.0 ⎦

Output layer
⎡1.0 ⎤
r j = ⎢1.0 ⎥
⎣1.0 ⎦

Table 3
Estimated parameters (dimensional form).
Parameters

k1
(s−1)

k−1
(s−1)

k2
(s−1)

k−2
(s−1)

Estimated
value

1.023 × 10−4

9.514 × 10−5

1.358 × 10−5

2.756 × 10−5

t1 2 =

ln 2
k

(24)

where k is the rate constant of that process. Using our estimated rate
constants, the half times for endocytosis and exocytosis are 1.9 h and
14.2 h, respectively. This indicates that the exocytosis of nanoparticle
through the basolateral membrane of BBB endothelial cells is much
slower than the endocytosis of nanoparticles through the apical membrane of the same endothelial cells.
6. Conclusions
An artiﬁcial neural network (ANN) model, consisting of one input,
one hidden and one output layer, is presented to estimate the kinetic
rate constants for transcytosis of polymeric nanoparticles through an in
vitro BBB. The BBB model is created by culturing bEND.3 cells in a
controlled environment for 12–14 days. TEB nanoparticles (diameter ~
25 nm) are allowed to pass through the BBB endothelial cells, and
concentration of nanoparticle are measured at diﬀerent times both at
the luminal and abluminal sides from their ﬂuorescent intensities. The
artiﬁcial neural network-based optimization problem is solved using
experimental data for diﬀerent number of nodes in the hidden layer,
while maintaining one and three nodes in the input and output layers,
respectively.
The kinetic rate parameters obtained from the ANN model, in
conjunction with the mass-action mathematical model, can eﬀectively
reproduce the experimental results for nanoparticle concentrations at
diﬀerent compartments including the accumulation of nanoparticles
inside the endothelial cells. Quantiﬁcation of nanoparticle accumulation is very important because high concentration of nanoparticle can
increase the toxicity which may reduce the integrity of BBB. Our results
show that the endocytosis of nanoparticle by BBB endothelial cells is a
faster process than exocytosis of nanoparticles from BBB endothelial
cells. Although the endocytosis rate is reasonably high, the accumulation of nanoparticles inside the cell and low exocytosis rate make the
overall transcytosis process very challenging. The BBB penetration efﬁciency of TEB nanoparticles is roughly 15% in 10 h, which can be
enhanced by modifying the nanoparticles with suitable chemistry. For
TEB nanoparticles, the half time of endocytosis and exocytosis becomes
1.9 h and 14 h, respectively.
Our current model is developed for in vitro scenario and appropriate
modiﬁcations are needed for in vivo applications. However, this rate
determination scheme/model can be used for transport of any type of
nanoparticle across any kind of cells. In addition, this model can be
used as a back bone for other similar problems such as receptor-mediated transcytosis of drugs and their carriers. Unfortunately, time series
data is not available for this type of analysis, and we will address that in
near future once reliable time series data are available for diﬀerent
processes.

Fig. 10. Comparison of (normalized) nanoparticle concentration predicted by
mass-action model using the estimated kinetic rate parameters (Table 2) with
experimental data for upper compartment, lower compartment and inside the
cell at various normalized incubation time. Experimental results for diﬀerent
compartments are shown by diﬀerent symbols (red circle: upper compartment,
blue diamond: lower compartment and pink square: cell), while model results
for diﬀerent compartments are shown by diﬀerent lines (red solid line: upper
compartment, blue dashed line: lower compartment and pink line: cell).

compartment (red solid line), whereas in experiments approximately
40% nanoparticles remain in the upper compartment (red circular
symbols) during the same time. Model results also show that nearly
14.6% of nanoparticles are transported to the lower compartment
(dashed blue line) while experimental results indicate ~ 15% nanoparticles are transported to the lower compartment (blue diamond
symbols). In addition, model results show that a large fraction of nanoparticles (~ 44%) are accumulated inside the endothelial cells
(purple line). Overall, our model results capture the experimental trend
very well. This justify that our estimated kinetic rate parameters are
suitable to capture the nonlinear behavior of nanoparticle uptake, accumulation and transport across the BBB.
The dimensional parameters are calculated from nondimensional
values using their relationship (k1 = k1 T , k−1 = k−1 T , k2 = k2 T and
k−2 = k−2 T ) and these kinetic rate parameters are listed in Table 3.
From the estimated rate constants, we can determine two important
parameters: the half time of internalization or endocytosis and the half
time of exocytosis. Half time is deﬁned as the time required for any
speciﬁed property (e.g. concentration or radioactivity) to decrease by
half of its initial value [45]. Thus, the half time of a ﬁrst order process
can be calculated as [45,46]:
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