pubs.acs.org/chemneuro

Research Article

Molecular Mechanism for the Allosteric Inhibition of the Human
Serotonin Transporter by Antidepressant Escitalopram
Weiwei Xue,* Tingting Fu, Shengzhe Deng, Fengyuan Yang, Jingyi Yang, and Feng Zhu*
Cite This: ACS Chem. Neurosci. 2022, 13, 340−351

Downloaded via ZHEJIANG UNIV on February 8, 2022 at 13:43:07 (UTC).
See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

ACCESS

Metrics & More

Read Online

Article Recommendations

sı Supporting Information
*

ABSTRACT: Human serotine transporter (hSERT) is one of the most inﬂuential drug
targets, and its allosteric modulators (e.g., escitalopram) have emerged to be the nextgeneration medication for psychiatric disorders. However, the molecular mechanism
underlying the allosteric modulation of hSERT is still elusive. Here, the simulation strategies
of conventional (cMD) and steered (SMD) molecular dynamics were applied to investigate
this molecular mechanism from distinct perspectives. First, cMD simulations revealed that
escitalopram’s binding to hSERT’s allosteric site simultaneously enhanced its binding to the
orthosteric site. Then, SMD simulation identiﬁed that the occupation of hSERT’s allosteric
site by escitalopram could also block its dissociation from the orthosteric site. Finally, by
comparing the simulated structures of two hSERT−escitalopram complexes with and without
allosteric modulation, a new conformational coupling between an extracellular (Arg104Glu494) and an intracellular (Lys490-Glu494) salt bridge was identiﬁed. In summary, this
study explored the mechanism underlying the allosteric modulation of hSERT by collectively
applying two MD simulation strategies, which could facilitate our understanding of the allosteric modulations of not only hSERT but
also other clinically important therapeutic targets.
KEYWORDS: serotonin transporter, allostery, escitalopram, molecular dynamics, drug design
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at the S1 site,32 which represent a milestone in the ﬁeld of
membrane transport and provide blueprints for future drug
design.1,33−39
In addition to the S1 site, the recently solved X-ray structure
of SERT conﬁrmed the existence of an allosteric site (S2) in
the transport.1,31,40,41 The S2 site was found residing at the
periphery of the extracellular vestibule in human SERT (Figure
1), which opens up a new way of designing novel allosteric
medicines to overcome the delayed onset of action and serious
side eﬀects of conventional antidepressants targeting the S1
site of SERT.42−48 Furthermore, biochemical and structural
biology data indicated that the fast onset of action and high
eﬃcacy of escitalopram (SSRI) were related to the allosteric
mechanism of action.1,40,49−51 The crystal structures provide
glimpses of escitalopram in complex with the SERT.1
However, the biophysical, thermodynamic, and kinetic properties, as well as critical conformational coupling underlying the
allosteric modulation that is essential for the clinical eﬃcacy
are still not fully understood.52 Moreover, the lack of allosteric
compounds with high binding aﬃnity limited the pharmaco-

INTRODUCTION
Serotonin (5-hydroxytryptamine, 5-HT) signaling in the brain
inﬂuences sleep, mood, cognition, and pain.1−3 Imbalances of
serotonin homeostasis can lead to psychiatric disorders that
seriously aﬀect the normal life of people.4−6 Serotonin
transporter (SERT) plays an essential role in the reuptake of
serotonin from extracellular space into neurons.7 Particularly, it
is an important target of FDA-approved antidepressants such
as selective serotonin reuptake inhibitors (SSRIs).6,8 SERT
belongs to the family of Na+/Cl− neurotransmitter transporters
(NTTs)9 and is composed of 12 transmembrane domains
(TMs) connected by intracellular and extracellular loops (ILs
and ELs).7 X-ray crystal structure of human SERT showed that
it contains 5 + 5 inverted-topological repeats, formed by TM1
to TM5 and TM6 to TM10.1
Although SSRIs are the most prescribed class of drugs used
for the treatment of many psychiatric disorders,4 the delayed
onset of action and adverse eﬀects such as sexual dysfunction
limit patient acceptance of these medications.10−17 To discover
novel therapeutics, several eﬀorts toward the structure and
function of SERT were performed.6,18−20 Based on the crystal
structures of SERT,1 bacterial leucine transporter (LeuT),21
and Drosophila dopamine transporter (dDAT),21 site mutagenesis22−26 and computational modeling27−31 revealed SSRI
binding at the orthosteric site (S1) formed by TM1, 3, 6, 8,
and 10. The models were conﬁrmed by the cocrystal structures
of human SERT complexed with SSRIs with diverse scaﬀolds
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Figure 1. Protein and ligand structures and related information used in this study. (A) X-ray crystal structure of human SERT bound to two
escitalopram molecules simultaneously at the orthosteric (S1) and allosteric (S2) sites (PDB code: 5I73). The protein is shown in a purple cartoon
surface. Binding of two escitalopram molecules at the S1 and S2 sites is represented in green and orange sticks, respectively. The orientation of the
protein in membrane was calculated on the OPM server, and the x, y, and z dimensions of the studied complex coordinates are shown in the top
left of the graph. Chemical structures and binding aﬃnities of two clinically used antidepressants escitalopram (B) and paroxetine (C) with and
without allosteric eﬀect.

simulation (Figure S1). The ﬂexibility of the extracellular and
intracellular loops (ELs and ILs) is the main cause of the
relatively signiﬁcant RMSD ﬂuctuations in each system, which
is further monitored by the per-residue RMSF of the protein
(Figure S2). As expected, the average RMSD values of the
systems indicated that the conformations of ligand as well as
residues located at the S2 site are more ﬂexible than that of the
S1 site (Table S1). For example, the RMSD of ligand (1.75 Å)
and binding residues (1.40 Å) refering to the S2 site were
larger than that of the S1 site (the values for ligand and binding
residues were 0.71 and 0.67 Å, respectively). Moreover, when
escitalopram is simultaneously bound to S1 and S2 sites, the
decreased conformational ﬂexibilities of the two binding sites
(Figure S2 and Table S1) suggest a cooperative binding
mechanism.
Unbinding Processes of Drugs from SERT. To provide
quantitative estimation of the nonequilibrated unbinding
processes of drugs, the pathways of escitalopram and
paroxetine dissociated from the S1 or S2 site of SERT along
the deﬁned reaction coordinate (RC) of the z-axis direction
(Figure 1) were investigated by SMD simulation. The
convergence of SMD simulation can be judged by the amount
of sampling controlled by the number of simulation trajectories
and the pulling velocity.59 In this work, 10 randomized SMD
trajectories were collected for each system to eﬃciently sample
the conformations of the unbinding processes of drugs.60 For a
simulation, the slower the velocity, the closer the process is to
being reversible.59 Here, a pulling velocity of 0.001 Å/ps was
adopted to pull escitalopram and paroxetine out from their
binding sites in SERT, which was 10 times slower than that
used in several other research systems.61 Therefore, the
simulation trajectories were run for 40 ns for the S1 site
ligand and for 30 ns for the S2 site ligand because of the
lengths for diﬀerent pathways (Figure 2).

logical implications of the SERT allosteric inhibition.44,53 To
better understand the allosteric inhibition mechanism of the
SERT by escitalopram, experimental data should well complement computational modeling approaches such as molecular
dynamics (MD),6 which has a widespread application in
determining how a stimulus at one site on a protein causes
eﬀects in other sites at an atomistic level.54−57
In this study, comprehensive molecular dynamics (MD)
simulations were performed to investigate the molecular
mechanism of allosteric regulation in the SERT. Starting
from the crystal structures, the pharmacodynamics proﬁles of
SERT complexed with two clinically used antidepressants were
characterized by the conventional MD (cMD) approach. The
two clinically used antidepressants are escitalopram and
paroxetine. Escitalopram cooperatively binds to orthosteric
and allosteric sites of SERT, while paroxetine only binds to the
orthosteric site of SERT.1 The estimated binding free energies
in the equilibrated states indicated that simultaneous binding
of escitalopram in the S2 will enhance the binding aﬃnity of
the drug in the S1 site of the protein. Furthermore, the
pathways of the two drugs dissociated from the SERT were
predicted by the steered MD (SMD) method. Compared with
paroxetine that only binds to the S1 site, the calculated
potentials of mean force (PMFs) showed that there are two
energy platforms along the drug unbinding pathway of
escitalopram from the S1 site of SERT.

■

RESULTS AND DISCUSSION
Equilibrium States of Drugs’ Binding in SERT.
Recently, co-crystallized structures of human SERT bound to
escitalopram and paroxetine have been solved.1 They provided
good starting points to sample the conformations of each
complex in an explicit membrane environment by the cMD
simulation.58 As shown in Figure S1, all of the studied systems
reached converged after a relatively short time (∼20 ns)
341
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Figure 2. Potentials of mean force (PMF) proﬁles of drugs dissociated from S1 and S2 sites of SERT. (A) The value of escitalopram dissociated
from the S1 site (111.97 kcal/mol) was lower than that of paroxetine (119.54 kcal/mol), and the PMF of escitalopram dissociated from the S1 site
increased to 136.23 kcal/mol when the S2 site was occupied by a second escitalopram. (B) The PMF value of escitalopram dissociated from the S2
site (33.72 kcal/mol) was higher than the case that the S1 site was occupied by another escitalopram (17.25 kcal/mol).

Thermodynamics and Kinetics Proﬁles for the (Un)binding States of Drugs. Free Energies of Drug Binding to
SERT at the Equilibrium States. The binding free energy is
generally used in drug design to characterize the binding
strength of a drug to its target. Based on MD equilibrium
trajectory, endpoint binding free energy calculated by the
MM/GBSA method62 has been widely used to explore the
details of diverse protein−ligand interactions. To further
understand the interactions between the two studied drugs
(escitalopram and paroxetine) and SERT, the binding free
energies (ΔGcalc) of the designed four diﬀerent complexes were
estimated by the MM/GBSA method. As shown in Table 2,
the ΔGcalc values of escitalopram and paroxetine at the S1 site
were −48.85 and −49.97 kcal/mol, respectively, corrected well
with the trend of the experimental values (−10.23 and −10.40
kcal/mol for escitalopram and paroxetine, respectively).
Moreover, the decomposed energy terms (Table S2) can
help us to understand the features of complex formation:63−65
the gas-phase energies (ΔEvdW and ΔEele) mainly contribute to
the interactions, and the polar solvation energy (ΔGpol) was
unfavorable for the formation of the complexes, which is
consistent with previous studies.28,48,57,66

In Table 2, the binding free energies of escitalopram to S1 or
S2 sites in the other two designed simulation systems were also
obtained, which is a good complement to the current
experimental result. The values of ΔGcalc indicated that the
binding of escitalopram at the S1 site was more tight when the
S2 site was occupied. In contrast, for the S2 site, ΔGcalc
suggested that escitalopram bound to the S2 site more tightly
when there is no ligand bound at the S1 site. Those estimated
binding free energies of diﬀerent systems not only elucidated
the experimental phenomena that the binding aﬃnity of
escitalopram at S1 could be enhanced by the binding of the
second escitalopram at the S2 site,1 but also showed that
escitalopram has a higher binding selectivity to the S1 site.44
Nevertheless, the estimated higher binding aﬃnity of
escitalopram at the S2 site of SERT when the S1 site was
empty implied that the S2 site has the potential of strong
plasticity to be targeted by small molecules.
Potential of Mean Forces along the Unbinding Pathways
of Drugs from SERT. For each system, the PMF involved in
the unbinding pathway of drug from SERT was reconstructed
(Figure 2). As shown in Figure 2, the PMF of escitalopram
dissociated from the S1 site (111.97 kcal/mol) was lower than
342
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Table 1. Designed Systems for Conventional and Steered Molecular Dynamics Simulations
drugs

targets

escitalopram

SERT (S1S2)
SERT (S1)
SERT (S2)

paroxetine

SERT (S1)

PDB code

environment

5I73 with T110A, I91A, and T439S mutated back to native structure
5I71 with T110A, I91A, and T439S mutated back to native structure
5I71 with the S1 site escitalopram removed and T110A, I91A, and T439S mutated back
to native structure
5I6X with T110A, I91A, and T439S mutated back to the native structure

POPC, TIP3P
water
POPC, TIP3P
water
POPC, TIP3P
water
POPC, TIP3P
water

sMD
(ns)

SMD
(ns)

100

10 × 40

100

10 × 40

100

10 × 30

100

10 × 40

Figure 3. Conformations coupling of the two salt bridges located at extracellular and intracellular accessible regions of SERT. The conformations of
SERT bound to (A) escitalopram or (B) paroxetine in orthosterically inhibited state (light blue) were superimposed to the structure of SERT
bound to escitalopram in the allosterically inhibited state (light pink). The monitored distances of the two salt bridges are listed in the inserted
table. OE1, NH1, and NZ represent the types of atoms used for measuring the salt bridge distance.

previous study that SMD simulation of the substrate
translocation pathway of LeuT (the prototype for SERT)
identiﬁed a second substrate-binding site (refers to S2 in this
study) targeted by tricyclic antidepressants.71 SERT is a 12transmembrane protein and the S1 and S2 sites located at the
middle and extracellular vestibule of the protein, respectively.
Compared to the PMFs of escitalopram dissociated from the
S2 site (17.25 and 33.72 kcal/mol with and without the S1 site
occupied, respectively), the higher value for escitalopram
dissociated from the S1 site (111.97 kcal/mol) could be
understood by the relative positions of the two sites in SERT.
Hence, all of the evidence from thermodynamics and
kinetics analysis, as well as the homologous protein suggested
that the S2 site of SERT could be considered as a target for
novel drug design, and this new target had been conﬁrmed by
the recently developed escitalopram analogues.44
Molecular Mechanism for the Allosteric Inhibition of
SERT by Escitalopram. Conformational Coupling of SERT
from Orthostericcally to Allosterically Inhibited States. After
structural reﬁnements of the designed complexes (Table 1) by
cMD in a mimicked physiological environment,72 the
representative conformation of each complex was derived
from the equilibrium trajectory (Figure S3). For the drugs
binding at the S1 site (Figure S3A−C), the binding modes
were consistent with the reported crystallographic and
computational studies.28,32 For example, the salt bridge
between the negatively charged oxygen atom of Asp98 and
the positively charged nitrogen atoms of escitalopram and

that of paroxetine (119.54 kcal/mol), and the trend of the
values is consistent with their activities in SERT.67 However,
when the S2 site was occupied by a second escitalopram, the
PMF of escitalopram dissociated from the S1 site increased to
136.23 kcal/mol, which is 7.57 and 16.69 kcal/mol higher than
escitalopram and paroxetine, respectively, in the case S2 site
was empty. As a result, the calculated PMFs provide a good
illustration of the drug eﬃcacy data from clinical cases.49,50,68,69
In addition, as the value of PMF is inversely proportional to
the drug dissociation rate (koff),70 the kinetics proﬁles of drugs
unbinding from SERT can be estimated using the PMFs
obtained by SMD simulation trajectories. The PMF values of
the three systems in Figure 2A demonstrated that escitalopram
exhibited the slowest dissociation rate from the S1 site when
the S2 site was occupied by a second escitalopram. Meanwhile,
the estimated dissociation time of escitalopram and paroxetine
from the S1 site was veriﬁed by the available experimental
data.44 Thus, it can propose that a second escitalopram binds
at the S2 site and leads to the longer residence time (1/koff) of
escitalopram at the S1 site, which is the main reason for its
higher therapeutic eﬃcacy.
Moreover, the PMFs of escitalopram dissociated from the S2
site are shown in Figure 2B. In consistence with the trend of
estimated binding strength (Table 2), the PMF value of
escitalopram dissociated from the S2 site was higher when the
S1 site was empty. In other words, the escitalopram exhibited a
relatively longer residence time at the S2 site in the absence of
escitalopram at the S1 site. This ﬁnding was similar to a
343
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Table 2. Calculated and Experimental Binding Free Energies of Studied Drugs to Targets
drugs
escitalopram

paroxetine

ΔGcalc (kcal/mol)a

targets
c

SERT (S1)
SERT (S2)d
SERT (S1-S2)e

S1
S2

SERT(S1)c

−48.85
−38.57
−50.38
−36.91
−49.97

±
±
±
±
±

2.46
3.07
2.71
2.35
2.59

ΔGexp (kcal/mol)b
−10.23

Ki (nM)b
32

f

−7.16
−10.40

5800 (IC50)
24

a

Estimated MM/GBSA binding free energy (ΔGcalc) with standard deviations. bExperimental binding free energy (ΔGexp) based on Ki67 or IC5044
values using ΔG = RT ln(Ki) or ΔG ≈ RT ln(IC50). cDrug binding to the orthosteric (S1) site of SERT. dDrug binding to the allosteric (S2) site of
SERT. eDrug simultaneously binding to the S1 and S2 sites of SERT. fNo experimental data reported.

Figure 4. Interaction energy coupling analysis. The residues contributed diﬀerently to escitalopram binding from orthosterically to allosterically
inhibited states were mapped to the (A) S1 and (B) S2 binding sites of SERT.

the paroxetine-bound complex (Figure 3). The OE1, NH1 and
NZ represent the atoms types of the residues used for
calculating the salt bridge distance.
Therefore, the identiﬁed binding modes as well as
conformational coupling here provided useful information for
deeply understanding the two sites at diﬀerent states, which
could be used for the design of compounds having higher
binding selectivity toward the S2 site.44
Interaction Energy Coupling from Orthosterically to
Allosterically Inhibited States of SERT. In addition to the
conformational coupling of the residues forming salt bridges at
the extracellular and intracellular region,50,73 it is valuable to
explore the energy coupling of residues in the S1 and S2 sites
of SERT. Compared with paroxetine, ΔGcalc estimated from
cMD showed that escitalopram at the S2 site enhanced its
binding aﬃnity to the S1 site, while the activity of escitalopram
at the S2 site decreased when the S1 site was occupied (Table
2). To understand this coupling eﬀect, ΔGcalc was further
decomposed into per-residue of the transporter (Table S3).
The residues contributed diﬀerently to escitalopram binding
were mapped to the topology structure of SERT (Figure 4). In
the inset table of Figure 4, residues Asp98, Arg104, Phe335,
Ser336, Phe341, Glu493, and Val501 at the S1 or S2 sites were
identiﬁed to be involved in the interaction energy coupling.
Therefore, complementary to the previous structural and site
mutagenesis studies,50,73 the detailed interaction energy data at
the per-residue level in this work provided quantitative
characterization of S1 and S2 site residues by comparing the
orthosterically to allosterically inhibited states of SERT by
escitalopram, enabling the rational design of new compounds
with similar or diﬀerent eﬀects.54

paroxetine played a crucial role in the recognition of the drugs
in the S1 site of SERT. For the S2 site located at the
extracellular vestibule of the transporter, escitalopram mainly
interacted with 12 residues around the pocket: Asp98, Arg104,
Ala331, Gln332, Phe335, Ser336, Glu493, Glu494, Pro499,
Leu502, Ile552, and Phe556 (Figure S3D,E), and 50% of them
have been veriﬁed by site mutagenesis experiment,50,73,74 such
as the residues Glu494 and Phe556 formed hydrogen bond
and hydrophobic interactions with escitalopram. Recently,
vilazodone was found to be an allosteric inhibitor of SERT,74
and the allosteric site residues Arg104, Gln332, Phe335,
Glu493, Glu494, Tyr495, Glu497, Pro499, Phe556, Ser559,
Pro560, Pro561, and Tyr579 were discovered to interact with
vilazodone. Although there are seven common residues
(Arg104, Gln332, Phe335, Glu493, Glu494, Pro499, and
Phe556), the extensive hydrophobic site (Tyr495, Pro499,
Ser559, Pro560, Pro561, and Tyr579) was not found in our
study due to the molecular size diﬀerence between
escitalopram and vilazodone.
To further characterize the allosteric eﬀect of escitalopram
on the conformational behaviors of SERT, those derived from
representative conformations of complexes in orthosterically
and allosterically inhibited states are aligned in Figure 3. A
closer view of the binding modes shows the conformational
coupling of the two binding sites. In allosterically inhibited
state, the measured distances of the two salt bridges at
extracellular (Arg104 (OE1)−Glu494 (NH1)) and intracellular (Lys490 (NZ)−Glu494 (NH1)) accessible regions
were 7.9 and 6.5 Å, respectively, while in orthosterically
inhibited states, the corresponding distances were 3.3 and 4.0
Å for the escitalopram-bound complex, and 5.7 and 2.7 Å for
344
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Figure 5. Applied force and intermediate snapshots of each system during the simulation. (A) Force vs time of escitalopram and paroxetine
dissociated from the S1 site of SERT during SMD simulations. The drugs were pulled at 0.001 Å/ps using a time step of 2 fs. (B−D) Extracted
snapshots for the relative positions of drug and transporter along the unbinding pathways for escitalopram (red boxes a−d), escitalopram (S2
bound) (black boxes a−e), and paroxetine (blue boxes a−e). The SERT and drugs are displayed in cartoon and stick representation, respectively.
The salt bridge and hydrogen bond are shown in blue and green dashed lines, respectively.

Dissociation of Escitalopram from the S1 Site of SERT
Was Blocked by the Allosteric Inhibition. The PMF curve
from SMD illustrated the diﬀerent pathways of escitalopram
and paroxetine dissociating from the S1 site or the S2 site of
SERT (Figure 2). According to the force proﬁles applied
during the simulation (Figure 5A), several speciﬁc snapshots
were derived to show the crucial steps along the reaction
coordinates (Figure 5B−D), which is useful for understanding
the biological process of drugs dissociating from proteins.60,75
Figure 5A shows that the applied force in all systems had a
steady increase and reached a maximum when pulling the drug
from the equilibrium state (in the ﬁrst 4 ns). At this stage,
escitalopram or paroxetine formed strong contacts with
residues in the S1 site, such as the salt bridge between
Asp98 and the drugs (box a in Figure 5B−D) and other
hydrophobic interactions (Figure S3A−C). The maximum

force for escitalopram (S2 bound) and paroxetine is apparently
higher than that of escitalopram, which elucidated that the
former were more tightly conﬁned within the S1 site.1
On the other hand, the variation of the typical force proﬁles
(Figure 5A) demonstrated that the drugs unbinding from the
S1 site in diﬀerent ways. In the allosterically inhibited
simulation, escitalopram dissociated from S1 skirted around
the S2 site and enters the solvent (boxes b−d in Figure 5B). In
the case of orthosterically inhibited simulation, the S2 site was
identiﬁed (box c in Figure 5C), which was consistent with the
identiﬁed second binding site along the substrate translocation
pathway of LeuT (the prototype for SERT) by SMD
simulations.71 Moreover, the ﬂat energy basin of PMF curve
for escitalopram in orthosterically inhibited simulation (Figure
2A) suggested that escitalopram dissociated from SERT by a
two-step mechanism: (i) escitalopram moved away from the
345
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Figure 6. Structure and energy proﬁles of escitalopram bound to the S2 site of SERT in the cases of (A) empty and (B) occupied S1 site. The
SERT and drug are displayed as cartoon and stick representation, respectively. Hydrogen bond is shown in the green dashed line.

binding free energies of escitalopram to SERT showed that the
drug bound more tightly at the S2 site when the S1 site was
empty (Table 2), which implies that the S2 site has the
potential of strong plasticity to be targeted by small molecules.
In addition, the PMF values of escitalopram dissociated from
the S2 site of SERT revealed that the drug had a relatively
longer residence time at the S2 site in the absence of
escitalopram at the S1 site (Figure 2B). Nevertheless,
compared with the drugs binding at the S1 site, both the
thermodynamics and kinetics proﬁles of the compound
binding at the S2 site should be further improved.44,73 The
simulation results indicated that there are 12 important
residues contributed to escitalopram binding to SERT in the
S2 site (Table S3). The analysis of binding modes as well as
key residues’ energy contributions demonstrated that Glu494
in TM11 and Phe556 in TM10 played an important role in the
recognition of escitalopram with the S2 site (Figure 6).
Therefore, we proposed that an extended S2 site including the
escitalopram binding site and the TM10 and TM11 segments
near the S2 site could be considered to design more potent
allosteric inhibitors of SERT. And the structurally and
sequentially distinctive TM11 segment in MATs could be
exploited for the structure-based design of selective compounds toward the S2 site.80 SMD simulation showed that a
large force (Figure S5A) was needed to break the hydrogen
bond between Gln562 and cyano group of escitalopram during
the drug dissociation from the S2 site (box a in Figure S5B,C),
which was conﬁrmed by the conclusion that the group is
absolutely essential for the escitalopram and its analogues to
carry an allosteric potential.44 Although several compounds
binding to S2 were reported in recent years, most of them were
based on the scaﬀold of escitalopram, which had low aﬃnity

S1 site and entered the S2 site (boxes a−c in Figure 5C) and
(ii) the drug formed new hydrogen bonds with Glu493 and
Pro560 in the S2 site; however, the hydrogen bonds were
broken with the movement of escitalopram from the S2 site to
the solvent (boxes c and d in Figure 5C). Thus, it can be
learned from the simulations that the relative stability of
escitalopram in the S2 site prevented its dissociation from the
S1 site, which was in good consistence with experimental
observation.44 Compared with escitalopram, paroxetine
basically dissociated from the S1 site through a one-step
mechanism (Figures 2 and 5D), which helped us to further
understand the biochemical test that paroxetine has no binding
aﬃnity to the S2 site of SERT.76
Potential of the S2 Site in SERT as a Therapeutic
Target for Novel Drug Design. In vivo studies show that
escitalopram interacting with the S2 site in SERT has higher
eﬃcacy and faster onset of action.77 However, whether the S2
site of SERT could be used as a potential therapeutic target for
novel drug design, two questions should be addressed: (i) how
to increase the binding aﬃnities of compounds to the S2 site
and (ii) how to modify the compounds’ selective binding
between S1 and S2 sites.48,78,79
The structural alignment of escitalopram binding at SERT
S2 site before and after MD simulation is shown in Figure S4.
As the initial structure of escitalopram bound to the S2 site of
SERT was constructed based on the crystal structure of SERT
complexed with escitalopram simultaneously at the S1 and S2
sites, except for the eight common interaction residues (Ile108,
Asp328, Gln332, Glu494, Pro499, Ser555, Phe556, and
Pro560), signiﬁcant conformational changes occurred for
escitalopram and the corresponding binding site residues
(Tyr495, Ile553, and Gln562). Interestingly, the estimated
346
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and poor selectivity to the S2 site of SERT.44,79,81 To solve
these challenging problems, current computer-assisted drug
design approaches such as in silico high-throughput screening
and machine learning82 are expected to discover a novel
scaﬀold based on the speciﬁc conformation of the S2 site as
well as the known compounds such as escitalopram and
vilazodone.46,74,83

and equilibration simulations were carefully accomplished in three
segments before production simulation. First, except for the lipid tail,
all atoms were ﬁxed to minimize 100 ps and equilibrate 500 ps.
Second, each system with ligand heavy atoms, protein Cα atoms, and
ﬁxed ions was further minimized for 100 ps and equilibrated for 500
ps. Third, the entire system was all released to carry out 5 ns
equilibrated simulation. Finally, a 100 ns production simulation
without any restraints was conducted in the NPT ensemble at a
temperature of 310 K and a pressure of 1 bar.
Steered Molecular Dynamics Simulation. Starting from the
representative snapshots of the last 10 ns equilibrated cMD trajectory,
one of the most popularly used enhanced sampling MD methods
SMD was employed to sample the drug unbinding pathways from
SERT using the constant velocity approach along the deﬁned reaction
coordinate of the z-axis direction (Figure 1). The pulling force was
applied directly to the drugs, and the residues around 12 Å of the
ligand were restrained by a harmonic potential with a constant force
of 5 kcal/(mol·A2). To ensure the validity of the stiﬀ-spring
approximation, the spring constant (k) was set to 500 pN/Å,59 and
a slow pulling velocity (v) of 0.001 Å/ps was used. For SMD
simulations, pulling was stopped when the drugs were separated ∼25
Å from the edges of protein along the z-dimension, and 10 times
replicated simulations were conducted for each system.
All MD simulations were carried out with GPU-accelerated NAMD
software. During simulations, periodic boundary conditions were
employed and electrostatic calculations were based on the particlemesh Ewald (PME) method with a 10 Å nonbonded cutoﬀ. An
integration step of 2 fs was used and the coordinates of trajectory
were saved every 10 ps. Hydrogen atoms were constrained using the
SHAKE algorithm.
Thermodynamics Analysis. Endpoint Binding Free Energy.
Molecular mechanics/generalized Born surface area (MM/GBSA)
method88 was employed to calculate the endpoint binding free energy
(ΔGMM/GBSAcalc) between SERT and escitalopram or paroxetine. The
method has been successfully applied to rank the relative binding free
energy of small molecules in membrane proteins.26,28,48,89,90 In this
work, using the 1000 snapshots extracted from the last 30 ns
equilibrium MD trajectory, ΔGcalc was estimated as below.

■

CONCLUSIONS
In this work, the detailed molecular mechanism of the binding
and unbinding of two clinically used antidepressants
(escitalopram and paroxetine) against S1 or S2 sites in
human SERT was carefully characterized by comprehensive
MD simulation. Results showed that escitalopram was able to
bind to the S2 site of SERT and prevent the dissociation of the
drug from the S1 site. Furthermore, comparison of the PMFs
of the two antidepressants along their unbinding pathways as
well as the binding free energies at the equilibrium states
demonstrated the druggability of the S2 site in SERT.
Moreover, the identiﬁcation of key residues Glu494 and
Phe556 is important for the recognition of escitalopram in the
S2 site. These results provide detailed thermodynamics, kinetic
properties, and critical conformational and energetic coupling
insights into the molecular mechanism for the allosteric
inhibition of SERT by escitalopram, which can be used to
facilitate the discovery and design of novel drug for the
treatment of mood disorders.

■
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MATERIALS AND METHODS

Systems Preparation. Preparation of the Crystallographic
Structures. Escitalopram and paroxetine are the ﬁrst two drugs in
which the binding modes of SSRIs in the SERT were revealed by
crystallographic experiments.1 Compared with paroxetine, the
allosteric eﬀect of escitalopram to SERT was discovered at a high
concentration.49,50 In this study, to explore the molecular mechanism
of the allosteric regulation of escitalopram to SERT, four simulation
complexes were designed (Table 1). There were the crystal structures
of SERT complexed with escitalopram simultaneously at the S1 and
S2 sites (PDB code: 5I73), escitalopram at the S1 site (PDB code:
5I71), paroxetine at the S1 site (PDB code: 5I6X), and escitalopram
at the S2 site by removing the S1 site escitalopram in 5I73. Three
mutations (T110A, I291A, and T439S) in the crystal structure of
SERT were mutated back to its native state using the mutagenesis tool
in PyMOL.
Construction of Protein−Ligand/Membrane Systems. The
prepared four complexes were then preoriented in OPM and inserted
into an explicit POPC lipid bilayer by means of Membrane Builder
module in CHARMM-GUI. The TIP3P water of 40 Å thickness was
placed above and below the constructed bilayer. The Na+ and Cl−
counterions were used to neutralize the systems at an environmental
salt concentration of 0.15 M. For each system, a periodic box with
dimensions of ∼102 Å × 102 Å × 160 Å was generated, resulting in a
system size of ∼130 000 atoms.
Force Field Parameters. LEaP was used to assign force ﬁeld
parameters for each partner of the complex, and the SERT protein,
POPC liquids, Na+ and Cl− ions, and TIP3P waters were described
using AMBER ﬀ14SB,84 Lipid14,85 and monovalent ion parameters
for TIP3P water, respectively. The parameters for escitalopram and
paroxetine were created by Antechamber using general AMBER force
ﬁeld (GAFF)86 and restrained electrostatic potential (RESP) partial
charges.87 Geometric optimization and the electrostatic potential
calculations of ligands were performed at the HF/6-31G* level of
Gaussian09 suite.
Molecular Dynamics Simulations. Conventional Molecular
Dynamics Simulation. For each system, to remove bad contacts
between the solute and solvent water molecules, energy minimization

ΔGcalc = ΔEvdW + ΔEele + ΔGpol + ΔGnonpol

(1)

The terms ΔEvdW and ΔEele represent the van der Waals and
electrostatic interaction energies in the gas phase, respectively. ΔGpol
and ΔGnonpol are the polar and nonpolar solvation energies,
respectively. ΔEvdW and ΔEele were calculated using the AMBER
force ﬁeld ﬀ14SB.84 The free energy of polar solvation (ΔGpol) was
calculated by the modiﬁed GB model (igb = 2), and solute and
solvent dielectric constants were set to 2 and 80, respectively. The free
energy of nonpolar solvation (ΔGnonpol) was calculated by ΔGnonpol =
0.0072 × ΔSASA, and ΔSASA was estimated by the LCPO method
with 1.4 Å Probe radii.
Per-Residue Basis Energy Contribution. To quantitatively
investigate the contribution of each residue to the binding free
energy and energetic coupling between the S1 and S2 sites, energy
decomposition analysis was performed on a per-residue basis. Perresidue decomposition calculates the energy contribution of single
residues by summing its interactions over all residues in the system.
Except for the nonpolar solvation energy determined by the ICOSA
method, the calculation of the gas-phase interactions and the solvation
energies was similar to that in eq 1.
Potential of Mean Force. Based on the 10 replicated trajectories
from SMD simulations, the PMFs for drugs dissociated from proteins
were calculated using the second-order cumulant expansion formula
of Jarzynski’s equality according to eq 2.
⟨e−βW ⟩ = e−βΔF

(2)

where β = 1/kBT is the inverse temperature and kB is the Boltzmann
constant, w is the external work done on the system during the
process, and ΔF is the Helmholtz free energy diﬀerence. The average
⟨·⟩ is over repeated realizations of the process.59
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