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Abstract: G protein-coupled receptors (GPCRs) are amongst the most pharmaceutically relevant
and well-studied protein targets, yet unanswered questions in the field leave significant gaps in our
understanding of their nuanced structure and function. Three-dimensional pharmacophore models
are powerful computational tools in in silico drug discovery, presenting myriad opportunities for the
integration of GPCR structural biology and cheminformatics. This review highlights success stories in
the application of 3D pharmacophore modeling to de novo drug design, the discovery of biased and
allosteric ligands, scaffold hopping, QSAR analysis, hit-to-lead optimization, GPCR de-orphanization,
mechanistic understanding of GPCR pharmacology and the elucidation of ligand–receptor interac-
tions. Furthermore, advances in the incorporation of dynamics and machine learning are highlighted.
The review will analyze challenges in the field of GPCR drug discovery, detailing how 3D pharma-
cophore modeling can be used to address them. Finally, we will present opportunities afforded by 3D
pharmacophore modeling in the advancement of our understanding and targeting of GPCRs.

Keywords: ligand-based pharmacophores; structure-based pharmacophores; virtual screening; drug
design; machine learning; molecular dynamics; de novo design; GPCR

1. Introduction

G protein-coupled receptors (GPCRs) are a functionally and topologically diverse
superfamily of heptahelical transmembrane receptors heavily involved in a variety of phys-
iological cellular processes. Due to this family’s rich assortment of sub-branches, GPCR
ligands can comprise almost any chemical entity: peptides (such as angiotensin, glucagon,
and endothelin), amino acids and their derivatives such as biogenic amines (including
glutamate, norepinephrine, and histamine) and eicosanoids (such as prostaglandins and
leukotrienes), to name but a few. GPCRs are of great pharmaceutical relevance in that their
ligands account for 35% of currently marketed drugs [1]. Drugs targeting GPCRs are impli-
cated in myriad disorders, from cardiovascular [2] and metabolic diseases [3] to cancer [4].

Based on their phylogenetic relation, GPCRs are commonly divided into the six groups
A–F, or, more recently, into the five glutamate-like, rhodopsin-like, adhesion, frizzled
and secretin-like (GRAFS) families [5]. Well-studied GPCRs such as the β-adrenergic or
dopamine receptors possess a multitude of known ligands. On the other hand, there are also
several GPCRs that essentially lack their endogenous ligands and are therefore referred to
as orphan GPCRs. Considerable effort is being made to bring about their deorphanization
as these GPCRs might prove to be viable targets in combating emerging diseases.

GPCR activation involves the binding of extracellular ligands and subsequent confor-
mational changes, which allosterically favors intracellular binding of so-called transducers
such as G proteins or β-arrestins by the mechanism of allosteric coupling. Transducer
binding in turn sets off a spatio-temporally regulated cascade of changes in second messen-
ger concentrations, including cyclic adenosine monophosphate (cAMP), diacetylglycerole
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(DAG) or calcium ions. The cooperation of ligands, receptors and transducers results in the
activation or modulation of multiple signaling pathways, orchestrated by GPCRs [6].

Certain ligands activate only a part of the available signaling pathways, preferentially
activating one pathway over the other, a process which has been coined biased agonism [6].
The activation of a GPCR by a biased agonist can induce a so-called functional selective
receptor response. Since the activation of signaling pathway subsets can result in enhanced
therapeutic efficacy, this still somewhat recent discovery is one of the factors drenching
the field of GPCRs with opportunities for therapeutic breakthroughs and places GPCRs
at the cutting edge of contemporary medicinal research. There is a sustained need in
pharmaceutical sciences for novel drug entities with improved binding attributes to take
on challenges in contemporary medicine, such as polypharmacy and orphan diseases [7].

One powerful tool to address this unmet need for novel GPCR ligands is the use of 3D
pharmacophores. The pharmacophore concept has been developed and matured over the
20th century [8]. The International Union of Pure and Applied Chemistry (IUPAC) defines a
pharmacophore as “the ensemble of steric and electronic features that is necessary to ensure
the optimal supramolecular interactions with a specific biological target structure and to
trigger (or to block) its biological response” [9]. Three-dimensional pharmacophore models
represent comprehensive, intuitive and easy-to-use scaffolds that unveil novel active chem-
ical entities and structure–activity relationships (SAR). Three-dimensional pharmacophores
are frequently used for virtual screening (VS) campaigns in the identification of novel
ligands. Other applications for 3D pharmacophores include the mechanistic elucidation of
proteins, modeling their functionality, or characterizing distinct protein conformations.

Three-dimensional pharmacophores have helped in understanding how a ligand can
influence the conformation of a GPCR. Exemplary ligand–protein interactions of active and
inactive GPCR conformations described via 3D pharmacophores are compared in Figure 1.
The M2 muscarinic acetylcholine receptor serves as a good example to illustrate distinct
interaction patterns for agonists and antagonists. The ligands in this case exhibit different
interaction patterns with the same residues at the same binding site indicating distinct
binding properties for agonists compared to antagonists and portraying GPCR shape flexi-
bility. Other advanced techniques to combat challenges in the prediction of GPCR ligand
performance include machine learning (ML) methods with usage of pharmacophore-based
descriptors [10] or the composition of dynamic pharmacophores (also termed dynophores);
the advantages afforded by the use of 3D pharmacophores become even more blatant when
analyzed in combination with molecular dynamics (MD) simulations.
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Figure 1. M2 muscarinic acetylcholine receptor in an (A) active-like conformation bound to orthosteric
agonist iperoxo (adapted from PDB code 4MQS [11]) and (B) an inactive-like conformation bound to
an orthosteric antagonist (adapted from PDB code 3UON [12]). Yellow spheres = hydrophobic contacts,
blue bursts = positive ionizable areas, red arrows = hydrogen bond acceptor positions, green ar-
rows = hydrogen bond donor positions. Binding site conformation representations were created
using LigandScout v. 4.4.3 (Inte: ligand, Vienna, Austria) [13]. Residue numbers in superscript
follow the Ballesteros–Weinstein numbering system for the conformational numbering of class
A GPCR residues [14].

Three-dimensional pharmacophores are distinguished into ligand-based 3D pharma-
cophores and structure-based pharmacophores. The respective associated methods are
classed as ligand-based drug design (LBDD) and structure-based drug design (SBDD).
Ligand-based pharmacophores are generated by a set of known active ligands (such as
small molecules or peptides). Ligand-based pharmacophores can be derived from the
structure of a single ligand, or from a set of ligands, in which case the features that all the



Pharmaceuticals 2022, 15, 1304 4 of 31

ligands have in common are synthesized into a so-called shared-feature pharmacophore.
The consolidation of pharmacophore features stemming from multiple ligands is termed a
merged feature pharmacophore. Structure-based 3D pharmacophores on the other hand
are derived from apo structures of the target (macromolecules such as proteins or nucleic
acids) or ligand–target complexes [15]. The main advantage of ligand-based 3D pharma-
cophores is the possibility of handling targets that proven to be evasive to date; they are
powerful tools when target sites are unknown or unstudied. When an atomistic model
of the target is available, structure-based 3D pharmacophores can be generated from apo
binding sites or from structures of ligand–target complexes for more accurate drug design.
Such models are usually derived from X-ray crystallography, nuclear magnetic resonance
(NMR) spectroscopy, cryo-electron microscopy (cryo-EM), homology modeling or machine
learning prediction algorithms such as AlphaFold [16].

GPCRs have been subject to experimental testing for at least 50 years [17] and a
plethora of drugs targeting GPCRs were available long before the relatively recent start of
the elucidation of their 3D structures. GPCR 3D structure determination had long been
obstructed by their hydrophobicity and attachment to the membrane. These obstacles were
overcome for the first time with the pioneering resolution of the 3D structure of inactive
rhodopsin bound to 11-cis-retinal in 2000 [18] (Figure 2). This led to the release of the crystal
structure of human β2 adrenoceptor in an inactive-like conformation in 2007 [19–21], the
first 3D X-ray crystal structure of a protein of pharmaceutical relevance. The first active-like
crystal structure of β2 adrenoceptor was released four years later [22] and paved the way
for the resolution of many more GPCR crystal structures. It was in 2012 that the first case
of ligands retrieved from structure-directed drug design based on a GPCR crystal structure
was reported [23,24]. The long-awaited advent of cryo-EM-derived structures deposited in
the PDB was kicked off with the resolution of the structure of the Calcitonin receptor in
2017 [25]. In 2018 the unliganded Frizzled 4 receptor structure was resolved, representing
the first ever GPCR structure of medicinal relevance in its apo conformation [26].

Figure 2. GPCR research milestones related to CADD, * = pharmaceutically relevant.

Since these ground-breaking successes, a total of over 300 GPCR 3D structures repre-
senting over 60 targets has been made publicly available [27]. Each GPCR can assume a
notoriously wide variety of conformations corresponding to different intracellular effects.
Their conformational spectrum spans a wide range of conformations between active-like
and inactive-like. All these conformations are necessary to account for the full flexibility
of a specific GPCR, therefore the persistent lack of active-like 3D structures for orphan
GPCRs [28] continues to hamper their mechanistic elucidation.

Our literature search revealed the most common applications of 3D pharmacophores
in the field of GPCRs to be 3D pharmacophore-based VS (PBVS) (Section 2), the generation
of quantitative structure–activity relationship (QSAR) models (Section 3), and hit-to-lead
optimization and scaffold hopping (Section 4).

The successful application of 3D pharmacophore modeling to GPCRs started in the 1990s
with studies such as those illuminating the binding of dopamine D2 and serotonin 5-HT1A



Pharmaceuticals 2022, 15, 1304 5 of 31

ligands to their respective receptors on a molecular level [29]. The boom in structural GPCR
elucidation greatly boosted the opportunities for innovation and creativity in computational
investigations into GPCRs, such as the use of 3D pharmacophores. This review aims to
re-frame a well-established class of pharmacological targets through the unique lens of
3D pharmacophore modeling. We will summarize and analyze the existing wealth of
studies in which 3D pharmacophore-guided computer-aided drug design (CADD) is
applied to GPCRs.

Furthermore, we will highlight exciting advancements in the incorporation of 3D
pharmacophore modeling into dynamic investigations, ML, and artificial intelligence (AI).
Challenges in the field will be addressed and solutions suggested, and potential avenues
for future research will be explored.

2. Virtual Screening

Three-dimensional pharmacophores can be used as filters in VS to determine new
ligands for therapeutic targets by investigating a library of chemical compounds for their
ability to exhibit a desired interaction pattern to the target [30–54]. Compounds capable
of fulfilling the interaction features specified in the screening pharmacophore are termed
‘hits’. In most cases a small number of hits are chosen for subsequent experimental testing
to confirm pharmacological effects. Thus, VS serves as a filter to enrich the hit rate for
experimental testing and significantly reduces the costs compared to high-throughput
screening (HTS) [55].

PBVS is often complemented by molecular docking, a method by which the bind-
ing modes of compounds within the target binding site are predicted [56]. Docking can
either be used to identify hits via docking-based VS (DBVS), or as a subsequent filter
for VS hits derived by another query [56,57]. In fingerprint-based VS, hits are defined
by physicochemical properties shared between known actives and potential drug candi-
dates [58,59]. This review focuses on PBVS as a valuable and promising tool to investigate
new drug candidates.

In cases where active or inactive compounds for the binding site in question are already
known, the screening pharmacophore can be validated by its ability to distinguish between
true active and inactive decoy molecules. For more information on 3D pharmacophore
validation the reader is referred to our previously published review [15] or that of Braga
and Andrade [60].

PBVS allows efficient investigation of the pharmacological space of orphan receptors,
for which no or little structural data are known [39,41,42,44,48]. This approach can also be
used in scaffold hopping, whereby new chemical scaffolds distinct to the already known
ligands of a protein target are determined, which may exhibit increased pharmacological
potency [33–36,39,48]. The range of applications of PBVS extends to the detection of ligands
capable of activating distinct signaling pathways, such as biased ligands [35,61–63] or of
binding to distinct sites, such as allosteric modulators [39,64]. Furthermore, this approach
enables the efficient exploration of the therapeutic potential of medicinal plant compounds,
which are often difficult to isolate or synthesize in reasonable amounts for HTS [35]. In
this section, we aim to characterize PBVS as a valuable and promising tool to identify new
drug candidates for GPCRs, highlighting recent breakthroughs in GPCR research within
this methodology.

2.1. Orthosteric Ligands
2.1.1. Bombesin Receptor 1

Rasaeifar et al. [53] constructed a homology model of the human bombesin receptor
(BB1) with the use of the rat neurotensin receptor NTS1 (PDB ID: 4GRV) [49] as a template.
The homology model was refined through MD simulations with the antagonist PD176252
bound to the orthosteric binding site of the receptor, an approach which is discussed further
in Section 6. Known BB1 antagonists were docked into the orthosteric site. The binding
hypotheses were ranked according to scoring functions and the selected hypothesis with the
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highest score underwent energy minimization. The analysis of the ligand–receptor complex
in conjunction with available SAR and mutagenesis studies allowed the authors to propose
plausible binding hypotheses of the antagonists bound to the BB1 orthosteric binding site.
The binding hypothesis of PD176252 was used to generate a 3D pharmacophore, which was
used in VS to identify a set of small molecules with high affinity toward the BB1 receptor.

2.1.2. Bradykinin Receptors

Lupala et al. used the X-ray crystal structures of the CXCR4 chemokine receptor and
bovine rhodopsin receptor (PDB ID: 3ODU [65] and 1GZM [66], respectively) as templates in
the construction of a homology model of the human Bradykinin B1 receptor (hBKBR1) [51],
as discussed further in Section 7.1. The authors then performed molecular docking of
known hBKB1R antagonists. They superimposed the docked ligand–receptor complexes
and derived shared-feature pharmacophores of the ligands in complex with the receptor.
Thus, this 3D pharmacophore model described the features associated with hBKB1R an-
tagonism. This pharmacophore was used to screen for novel hBKB1R antagonists, four of
which displayed antagonism at the hBKB1R. A similar workflow was implemented for the
structure-based VS for antagonists of the human Bradykinin B2 receptor (B2R) [52].

2.1.3. β3-Adrenergic Receptor

The β3-adrenergic receptors (β3-AR) are an appealing target for novel pharmacolog-
ical therapies for metabolic, cardiovascular, urinary, and ocular diseases. Ujiantari et al.
conducted a prospective ligand-based pharmacophore-based VS for the sake of identifying
β3-AR agonists that do not elicit adverse effects [67]. In total, 93 unique compounds show-
ing β3-AR agonism were retrieved from databases and further split into two subsets that
were used for pharmacophore generation. The 3D pharmacophore models were generated
based on the training set which contains 11 known selective β3-AR agonists and validated by
a testing set that includes 72 active compounds, four inactive compounds and 6229 decoys.
The pharmacophore model that matched all query features was used in VS against the
Specs [68] and Drugbank databases [69]. After physicochemical property filtering and
homology-modeled structure-based docking evaluation, 35 compounds were selected for
an in vitro assay that measured cAMP levels at the β3-AR. Finally, four compounds were
shown to display agonist activity at the human β3-AR.

2.1.4. Cannabinoid Receptor 2

Hu and colleagues constructed homology models of the active and inactive cannabi-
noid receptor 2 (CBR2) [33]. The group performed molecular docking of a known agonist
into the active-state model and a known inverse agonist into the inactive state. They
created one ligand-based 3D pharmacophore each from an agonist and an inverse agonist
for VS. The agonist and inverse agonist hits were filtered via molecular docking into the
active or inactive model, respectively. Binding to CBR2 was confirmed via radioligand
binding assays and agonist or inverse agonist activities were tested in a cAMP assay. Of
the inactive hits, one acted as an inverse agonist. One other hit acted as neutral antagonist
at concentrations below 10 µm and as an inverse agonist above 10 µm in concentration.

2.1.5. G Protein-Coupled Bile Acid Receptor 1

The G protein-coupled bile acid receptor 1 (GPBAR1), also known as TGR5, is impli-
cated in diseases including atherosclerosis, type 2 diabetes, and obesity [70]. Kirchweger
et al. constructed two separate merged feature 3D pharmacophores out of the structures of
known GPBAR1 ligands and used them in VS of databases comprising natural products
and synthetic small molecules [47]. The resulting hits were filtered in silico via clustering
by physicochemical properties and by performing a shape-based comparison of the hit
compounds to the structure of one of the known GPBAR1 antagonists used in 3D pharma-
cophore model generation. The remaining hits were tested experimentally in a reporter
gene-based assay for the determination of their GPBAR1 activation ability. Two natural
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compounds displayed activity comparable to that of the natural GPBAR1 ligand lithocholic
acid and seven further compounds featuring novel natural as well as chemical scaffolds
showed moderate receptor activation [47].

Zhao and coworkers used the chemical structures of known TGR5 agonists to create
a ligand-based pharmacophore [43]. The identification of novel TGR5 agonists was per-
formed with a multi-step workflow, consisting of ligand-based pharmacophore screening,
molecular docking of the hits into the receptor (PDB ID: 7CFM [71]) and further filtering
via visual inspection. This resulted in the selection of 20 compounds for in vitro biologi-
cal evaluation by their ability to activate TGR5 as per the assessed intracellular levels of
cAMP. Two of the tested compounds displayed TGR5 agonist activity. These are potential
TGR5 agonist candidates and can additionally be used as starting structures in hit-to-lead
optimization in developing novel TGR5 agonists.

2.1.6. G Protein-Coupled Estrogen Receptor

O’Dea et al. also made use of hybrid VS in their study on the G protein-coupled
estrogen receptor (GPER) [44]. The researchers generated a 3D pharmacophore model
derived from the binding pockets of both agonists and antagonists at the GPER and
screened for molecules with similar pharmacophoric features. After the first round of VS
and visual inspection, the selected hits were docked into the GPER homology models of
the active and inactive states, respectively. One compound was found to be selective for
GPER over the α and β estrogen receptors and to inhibit breast cancer cell proliferation.

2.1.7. Histamine H3 Receptor

The histamine H3 receptor (H3R) is activated by the biogenic amine histamine. Mul-
tiple central nervous system (CNS)-related disorders, including Alzheimer’s disease and
schizophrenia, are affected by intracellular histamine levels, prompting efforts to identify
H3R inhibitors [72]. Ghamari and coworkers combined structure-based and ligand-based
approaches to identify H3R antagonists [32]. The group used the X-ray crystal structure
of the muscarinic acetylcholine receptor M3 (M3R) as a template to generate a homology
model of the H3R. They then generated a structure-based 3D pharmacophore from the H3R
model in complex with the clinically approved antagonist pitolisant. A focused library of
H3R antagonist-like structures was generated by performing a ligand-based screening of
the ZINC database [73] using pitolisant and identifying compounds with 50% chemical sim-
ilarity as defined by the Tanimoto similarity index [74]. This library was screened using the
3D pharmacophore, and hit compounds were scored by their ability to fulfill the features of
the query pharmacophore, then filtered in-silico according to drug-likeness, pharmacoki-
netic profiles and potential toxicity. The remaining compound was tested for its affinity
at the human H3R by a displacement assay using radiolabeled [3H]-Nα-methylhistamine,
showing H3R affinity in the micromolar to submicromolar range. This compound can now
be utilized for the development of novel CNS-selective H3R antagonists [32].

Frandsen et al. [75] constructed a 3D pharmacophore for the H3R orthosteric binding
site using a fragment-based method and a reference library of moiety-residue pairs from
X-ray crystal structure fragments, which is available through the GPCRdb [28,76]. The
resulting 3D pharmacophore was used in VS, generating 44 hits, of which four were
identified as having affinity and potency in the micromolar range via pharmacological
evaluation. Subsequent pharmacological assaying of a series of analogues of the initial
four active hits identified four further antagonists. Of these hits, six were finally identified
as truly active; five antagonists and one inverse agonist. Of these, three were not only
structurally distinct from the other three ligands and from known H3R ligands, but also
amongst each other.

2.1.8. Melanin-Concentrating Hormone Receptor-1

The melanin concentrating hormone receptor-1 (MCH-R1) is a promising target in
the treatment of obesity [77,78]. In their search for MCH-R1 antagonists, Helal and co-
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workers applied PBVS of a commercial compound database to discover nine compounds
that showed a displacement of the radiolabeled endogenous ligand MCH by more than
50% at a concentration of 20 µM [40]. Two ligand-based pharmacophore models based on
reported MCH-R1 antagonists were developed and validated for their predictive ability
using a different set of MCH-R1 antagonists. Hit compounds underwent visual inspection
with respect to their toxicity and chemical stability and subsequent biological evaluation.
We were thus able to identify novel MCH-R1 antagonists eligible for further optimization
and use in the treatment of obesity [40].

2.1.9. Neurotensin Receptor Type 1

In their search for antagonists against the class A GPCR neurotensin receptor type 1
(NTR1), Zhang et al. conducted a PBVS. The authors extracted compounds with reported
NTR1 antagonistic activity from the BindingDB [79] to generate a ligand-based 3D pharma-
cophore, which was used to screen a focused library of NTR1 ligands. The resulting hits
were tested for their biological effect on NRT1 using a calcium flux assay, identifying one
compound with micromolar NRT1 affinity and significant NRT1 inhibitory effects [49].

2.1.10. Protease-Activated Receptor 2

The protease-activated receptor 2 (PAR2) is implicated in pain as well as inflammation,
prompting investigations into novel PAR2 antagonists. Cho et al. constructed a shared-
feature pharmacophore from a set of experimentally determined PAR2 antagonists and used
this in VS of commercially available compound databases [45]. Hits were filtered in silico
by drug-likeness and physicochemical properties. Experimental testing of the remaining
compounds using a Ca2+ mobilization assay, a cytotoxicity assay and measurement of nitric
oxide levels in CHO cells overexpressing PAR2 identified hits displaying PAR2 antagonism
and anti-inflammatory effects.

2.2. Medicinal Plants in Virtual Screening

For many centuries, medicinal plants have been used in traditional medicine, and the
herbal ingredients of medicinal plants provide a rich source of potential hits in VS.

2.2.1. TGR5

The Farnesoid X receptor (FXR) is a bile receptor belonging to the nuclear receptor
subfamily and is highly expressed in the liver, kidney and adrenal gland [80]. Activation
of FXR is an effective treatment of hyperlipidemia [81,82].The FXR agonist 6-ethyl-CDCA,
known as obeticholic acid (OCA), additionally activates the GPBAR1/TGR5 [83] and
is responsible for unwanted effects of synthetic FXR ligands such as itching. For the
discovery of selective FXR agonists, Chen and coworkers used three approaches to the
VS of the Traditional Chinese Medicine Database (TCMD, version 2009) for selective
FXR agonists [30]. Firstly, a ligand-based 3D pharmacophore was derived from known
FXR agonists. Secondly, molecular docking was performed, and the compounds were
ranked by their docking scores to evaluate their fit into the FXR binding site. Thirdly,
a ligand-based 3D pharmacophore was constructed from known GPBAR1 agonists or
the screening of selective FXR agonists with no GPBAR1 activity. Only compounds that
matched the FXR pharmacophore, scored well in molecular docking and did not match the
GPBAR1 pharmacophore were selected for further investigation. Bioactivity of these hits
was detected in HepG2 cells and MD simulations were performed for the elucidation of
interactions between the receptor and the ligand. This research displays the use of natural
products and provides a new approach to design novel selective FXR agonists.

2.2.2. µ-Opioid Receptor

Morphinans are a class of opioid drugs clinically used to manage severe pain by
targeting opioid receptors (OR) [84–86]. Kaserer and coworkers [34] performed molecular
docking of known agonists, antagonists, and inactive compounds into the µ opioid receptor
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(µOR) binding site to analyze the important protein–ligand interactions responsible for
µOR activity before 3D pharmacophore generation and subsequent VS. The differences
in receptor–ligand patterns between the ligand classes indicated that certain interactions
(namely, a charged interaction to D1473.32 and a hydrogen bond to Y1493.33) are necessary
for ligand binding to the µOR, and additional pharmacophore features determine whether
the ligand acts as an agonist or an antagonist [34]. Subsequently, they generated five ligand-
based 3D pharmacophores based on a subset of the initial dataset, and one structure-based
3D pharmacophore based on the inactive µOR crystal structure (PDB-ID: 4DKL [87]). Out
of these 3D pharmacophores three represent agonist pharmacophores while the remaining
three represent antagonist pharmacophores. The top four ranked hits from the agonist
screening and the top two hits from the antagonist screening were experimentally tested for
their binding to µOR using competitive binding assays at the µOR and for their analgesic
effects using thermal and chemical nociception assays, with one compound displaying
µOR antagonist activity. These results in turn facilitated the design of new µOR agonists, as
discussed in Section 2.3.1 [35]. Due to high sequence identities between the opioid receptor
subfamilies several ligands can modulate either subsets or all of the opioid receptors. One
of the aforementioned found hits, acting as a µOR antagonist, was later found to be a novel
scaffold κ-opioid receptor (κOR) antagonist and was evaluated in in vitro, in vivo and in
silico experiments [88] as κOR antagonists act as promising new treatments for certain
mood disorders [89].

2.3. Biased Ligands

GPCRs can recruit different signaling proteins after ligand-dependent activation, such
as G proteins and arrestins [90,91]. Each allosteric coupling process of the ternary complex
of ligand, receptor and transducer results in the activation of distinct downstream signaling
pathways, causing different cellular effects [6,91,92]. Ligands that activate downstream
signaling cascades to different extents are called ‘biased’ or ‘functionally selective’. The
concept of functional selectivity gained a lot of attention as, for some targets, the desired
effects are mediated through a signaling pathway that is different to one that leads to the
unwanted side effects. Biased ligands that only or predominantly activate the desired
pathway are likely to exhibit an improved side effect profile along with retaining their
therapeutic effect [61–63]. The complexity of ligand-dependent bias is demonstrated by
the sustained research into appropriate quantification systems since it must be segregated
from system bias, and reproducibility must be ensured by avoiding observational bias.
System bias takes all molecules involved in a signaling process into account except the
ligand. Recently published community guidelines by Kolb et al. propose the differentiation
of ligand bias into benchmark, pathway, or physiology bias, depending on the reference
ligand [91,93,94]. For instance, in ligand physiology bias, the endogenous ligand of a
receptor is usually defined as ‘unbiased’, meaning that its ratio in activating the different
pathways is set as the standard for this receptor [91,93]. To quantify ligand pathway bias, a
pathway-balanced ligand can be chosen as reference.

2.3.1. Opioid Receptors

In the field of OR agonists in particular, many efforts have been undertaken to design
biased agonists, as G protein-biased ligands have been proposed to act as potent analgesics
with reduced side effects [95]. Kaserer and coworkers [35] performed a PBVS against the hu-
man µOR by using the six 3D query pharmacophore models described in Section 2.2.2 [34]
in parallel to the screening of an in-house library comprising naturally occurring alkaloids
and their synthetic derivatives [35]. Five of the models were generated from the chemical
structures of a set of experimentally tested µOR agonists and antagonists, and one was
derived from a ligand–target complex. The screening process resulted in 15 hit compounds
from which eight compounds were chosen for experimental investigation.

Firstly, binding to the orthosteric µOR binding pocket was established via a com-
petitive radioligand binding assay using the known µOR agonist [3H]DAMGO. As the
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compounds corydine and corydaline showed the highest affinities, their recruitment profiles
of downstream mediators were assessed via a GTPγS assay and the PathHunter β-arrestin2
recruitment assay. The [35S]GTPγS assay evaluates the capability of a ligand–receptor
complex to induce G protein recruitment, and the PathHunter β-arrestin2 recruitment
assay measures β-arrestin2 recruitment. Both compounds showed full MOR agonism in
the [35S]GTPγS assay, but no β-arrestin2 recruitment was detectable for either compound.
Thus, corydine and corydaline exhibit G protein bias at the µOR. The two biased µOR
agonists were finally tested in vivo for their effect against visceral pain and were found to
induce antinociceptive effects in mice. In agreement with the idea that G protein-biased
µOR agonists can show improved unwanted-effect profiles, neither sedation nor major
alterations in locomotor activity were observed in mice at the concentrations tested. The
newly discovered biased ligands corydine and corydaline therefore represent valuable
starting points for further optimization and the development of new, safer analgesics. The
complete VS workflow is depicted in Figure 3.

Figure 3. VS workflow carried out by Kaserer et al. [35].
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2.4. Allosteric Modulators

Allosteric ligands bind to a binding site distinct from the orthosteric endogenous
ligand binding site, influencing the conformation of the receptor to modulate its affinity for
orthosteric ligands. Positive allosteric modulators (PAMs) increase orthosteric ligand affin-
ity, negative allosteric modulators (NAMs) decrease affinity, and silent allosteric modulators
(SAMs) exert no effect on the orthosteric binding site themselves but act as competitive
antagonists for other allosteric ligands. As GPCR orthosteric sites show higher evolutionary
sequence conservation than other receptor regions, allosteric sites provide opportunities
for ligand selectivity, especially among subtypes of a receptor family that bind the same
endogenous ligand. Allosteric modulators reduce the risk of unwanted effects, along with
enabling the fine-tuning of receptor activity and downstream signaling, and reducing the
risk of potential overdose. Reviews such as those by Wu and colleagues [96] and Wold and
coworkers [97] provide a comprehensive overview of GPCR allosteric modulation.

2.4.1. Chemokine Receptors

The chemokine (CC) receptor family consists of 19 class A GPCRs [98], and ligands
capable of inhibiting CCR5 activity are popular candidates in treating cancer [99]. El-
Zohairy and coworkers [31] based their investigations on the X-ray crystal structure of
CCR5 bound to the NAM Maraviroc (PDB ID: 4MBS [100]). They retrieved compounds with
experimentally known CCR5 inhibitory activity from the BindingDB [79] to generate several
ligand-based pharmacophore models. These were validated by their ability to distinguish
between known actives and inactives at the CCR5 allosteric site, and the best-performing
pharmacophore model was used in VS. Molecular docking was applied for the binding
mode examination of the obtained VS hits. The generated poses were filtered according
to their protein–ligand interaction fingerprint (PLIFs) and the top-scoring compounds
underwent biological evaluation. Three compounds showed activity against colorectal
cancer cells equivalent to or higher than that of Maraviroc.

2.4.2. Metabotropic Glutamate Receptor 1

The class C metabotropic glutamate receptor 1 (mGluR1) is a popular target in the
treatment of neuropathic pain. Jang et al. [39] generated a set of known mGluR1 NAMs and
clustered them by chemical similarity. A shared-feature 3D pharmacophore was generated
from each cluster, and the models were ranked by their ability to identify true active
compounds from a separate set of mGluR1 NAMs. The most successful model was used
in PBVS. The resulting hits were further filtered using an ML model, which is described
in further detail in Section 6. Finally, the hits were docked into the allosteric site of an
mGluR1 homology model and filtered by Lipinksi and ADME/Tox filters. The remaining
35 compounds were tested experimentally for their ability to inhibit mGluR1 activity. This
study resulted in the identification of four NAMs that are structurally distinct to existing
mGluR1 antagonists [39].

3. Structure-Activity Relationships and QSAR
3.1. Parathyroid Hormone-1 Receptor

Zhong and coworkers [101] generated a representative 3D pharmacophore agonist
model from a set of parathyroid hormone-1 receptor (PTHR1) agonists, and a representative
antagonist 3D pharmacophore from a set of antagonists. Comparing the two models, they
surmised that an extra hydrogen bond feature in the agonist-derived 3D pharmacophore
determines the activity of PTHR1 ligands as agonists or antagonists. The authors retrieved
two compounds from a virtual database that share a parent chemical structure but differ
in their hydrogen bonding capabilities. They tested the activities of the compounds at the
PTHR1 via a calcium flux assay, determining that CPU01 displays antagonistic activity at
the PTHR1, and CPU03 displays agonistic activity. CPU01 mapped to the antagonist-based
3D pharmacophore and CPU03 mapped to the agonist-based 3D pharmacophore. CPU03
showed much greater affinity to PTHR1 than CPU01, which was attributed to the fact
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that CPU03 fulfilled the agonist-based 3D pharmacophore model features to a greater
extent than CPU01 was able to fulfill the antagonist-based model. Thus, these findings
demonstrate the ability of 3D pharmacophore modeling to rationalize SARs by defining
characteristics of PTHR1 agonists and antagonists [101].

3.2. Dopamine D2 Receptor

The majority of orthosteric dopamine D2 receptor (D2R) ligands contain a protonat-
able nitrogen that is a key element of the classical pharmacophore model and the model
constructed by Ekhteiari Salmas et al. [102]. The protonatable nitrogen is able to interact
with the conserved residue Asp3.32, a proposed key anchor for basic moieties of aminergic
ligands [103–105]. Xiao et al. obtained D2R antagonists that did not possess a basic pro-
tonatable nitrogen [106]. The compounds were utilized by Kaczor et al. [107] to perform
molecular docking to a homology model of the inactive conformation of D2R, based on the
crystal structure of the dopamine D3 receptor (D3R) (PDB ID: 3PBL) [108]. The molecular
docking of the compounds was followed by MD simulations. The compounds were used
to create 3D-QSAR comparative molecular field analysis (CoMFA) models, whereby the
compounds are placed into a grid and their interactions with other molecules are calculated.
The created models were validated by an external test set of compounds.

3.3. Serotonin 5-HT7 Receptor

Kelemen et al. [109] applied a pharmacophore, proposed by Lopez-Rodriguez et al. [110,111]
and modified by Medina et al. [112] consisting of three hydrophobic regions (HYD),
one positive ionizable atom (PI) and an H-bonding acceptor group (HBA) to design
Spiro[pyrrolidine-3,3′-oxindoles] as selective 5-HT7R ligands. Based on this pharma-
cophore, multiple derivatives of Spiro[pyrrolidine-3,3′-oxindoles] with varying linker
lengths, substitution patterns and connectivity types were synthesized and biologically
evaluated, which allowed the team to perform an SAR analysis of the compounds [109].

3.4. TGR5

Sindhu et al. [54] used a novel compound series of 5-phenoxy-1,3-dimethyl-1H-
pyrazole-4-carboxamides, which were identified as TGR5 agonists to generate pharma-
cophores. The three best-performing pharmacophores as scored by the PHASE pro-
gram [113] were selected for 3D-QSAR development. The partial least square regression
(PLS) factors that allow projection of the activity of compounds and the predictivity of
each of the three best pharmacophore hypotheses were analyzed with a test set, which
was aligned with the hypotheses. The best post-validation hypothesis was utilized for
the creation of contour maps, which depict favorable and unfavorable regions regarding
the activity of the compounds for specific properties, such as electron withdrawing and
hydrophobic features of the compounds. The analysis of the contour maps was used to
determine features for the interaction between the ligand and the receptor. Molecular
docking was performed to predict the binding mode of the novel TGR5 agonists. These
contour maps can now be used to develop novel and more potent TGR5 agonists.

3.5. G Protein-Coupled Receptor 40

Nath et al. [50] employed a dataset of compounds featuring a 3-aryl-3-ethoxy-
propanonic acid scaffold and displaying G protein-coupled receptor 40 (GPR40) agonistic
activity for the development of pharmacophore hypotheses. The pharmacophore hypothe-
ses were validated by two different methods. The first method of validation was based on
survival score. For the second method, a training set and a test set of compounds were
used for 3D QSAR generation, which was used for the validation of the pharmacophore.
The pharmacophore was used for PBVS alongside structure-based VS. Common hits be-
tween the screenings were further inspected and the top five hits were selected based on
multiple criteria, including pharmacophore fit score, key interactions, lipophilicity and
favorable blood-brain barrier (BBB) penetrability. MD simulations were performed with
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one of the five best compounds for further studies. Hence, the application of 3D-QSAR
and pharmacophores allowed the generation of a robust workflow for the discovery of
novel drugs.

4. Scaffold Hopping and Hit-to-Lead Optimization
4.1. Histamine H4 Receptor

The histamine H4 receptor (H4R) has been implicated in atopic dermatitis (AD),
spurring interest in the development of H4R antagonists. Ko et al. [36] generated eight
distinct shared-feature 3D pharmacophore models from known H4R antagonists. These 3D
pharmacophores were used for VS of a library of structurally diverse chemical structures
generated from the ZINC database of commercially available compounds, resulting in
291 hit compounds. One compound showed an IC50 value below 10 µM in a competitive
radioligand binding assay at the H4R, which bore a tricyclic scaffold not featured in
previously known H4R antagonists. This compound also showed selectivity for H4R over
the histamine 3 receptor (H3R), whose activation is implicated in H4R antagonist-induced
unwanted effects. Molecular docking of this initial compound into a homology model of
the H4R based on the template X-ray crystal structure of the histamine H1 receptor (PDB ID:
3RZE [114]) allowed structure-based hit-to-lead optimization resulting in the identification
of compound with a novel chemical scaffold which showed an improved inhibition and
selectivity profile compared to the initial VS hit. The compound of interest also showed
significant anti-pruritic and anti-inflammatory effects in a mouse model of AD.

4.2. Somatostatin Receptor Subtype-2

Ishida et al. [115] set out to identify nonpeptidic orally available small molecule
somatostatin receptor subtype-2 (SSTR2) agonists. The group decided on a quinoline
scaffold and synthesized a series of derivatives, testing their SSTR2 agonist activity by
an intracellular cAMP concentration measurement assay. A 4-aminopiperidine derivative
displayed the highest agonist potency, as measured by EC50, and its structure was used
as the basis for scaffold hopping. The authors created a ligand-based 3D pharmacophore
from the structures of two known SSTR2 agonists and aligned it with the structure of
the 4-aminopiperidine derivative hit. They identified a hydrophobic feature of the 3D
pharmacophore not occupied by this initial hit compound, prompting them to synthesize a
5-phenyl pyridine derivative. This second compound was able to fulfill the hydrophobic
feature and showed a 42-fold increase in potency over the initial hit.

4.3. Serotonin 5-HT2B Receptor

Serotonin 5-HT2B receptor (5-HBT2BR) antagonists are under investigation for the
treatment of migraine, cardiac failure, and pulmonary arterial hypertension. However,
clinical approval of 5-HT2BR antagonist candidates is hampered partly by insufficient
selectivity of the compounds over other 5-HT2 receptor subtypes. Gabr et al. [116] used a
modeled complex of the 5-HT2BR (PDB ID: 4IB4 [117]) in complex with the known 5-HT2
receptor family antagonist doxepin to generate a ligand-induced model of the receptor
inactive state [118]. From this, the authors generated a structure-based 3D pharmacophore
of the inactive 5-HT2BR orthosteric binding site. Mapping of this 3D pharmacophore to
the chemical structure of a known 5-HT2BR antagonist [119] guided the synthesis of a
compound featuring a novel biphenyl amide–tryptamine hybrid scaffold that showed
greater fulfilment of the 3D pharmacophore features than the known antagonist. The
authors synthesized a series of derivatives featuring this new scaffold, testing their 5-HT2BR
inhibition via cellular functional assays and their selectivity by measuring antagonistic
activity against seven other 5-HTR subtypes. This elucidated the potency and selectivity
determinants of the novel compound series, which will be useful in guiding future design
of 5-HT2BR-selective antagonists.
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4.4. G Protein-Coupled Receptor 139

Shehata and colleagues [120] had previously generated a ligand-based 3D pharma-
cophore model from known G protein-coupled receptor 139 (GPR139) agonists. They
used this model for VS and assayed 12 of the resulting hits for GPR139 agonist activity.
This resulted in the identification of 12 novel GPR139 agonists, featuring novel aromatic
bioisosteres and differing linker lengths compared to previously published agonists. They
also worked with three distinct series of structurally related known GPR139 agonists. They
took all four sets of analogues and generated SARs to determine the moieties responsible
for GPR139 activity. The SAR of all of the combined agonists was used to refine the origi-
nal 3D pharmacophore model. The refined 3D pharmacophore showed good retrieval of
actives and non-identification of inactives, confirming their selectivity and sensitivity, and
matched all the agonists described in the study. Thus, the 3D pharmacophore screening
firstly resulted in the identification of structurally novel agonists, and then a refined 3D
pharmacophore model was generated, which showed higher specificity and selectivity than
the original screening pharmacophore. This 3D pharmacophore model could therefore be
used in prospective VS for novel GPR139 agonists.

5. Dynamics in GPCR-Based Pharmacophore Modeling

MD simulations describe the motion of molecular systems such as biomolecules
or ligand–target complexes in atomic resolution. Their use provides insight into the
conformational plasticity and flexibility of biomolecules and ligand–protein complexes,
aiding the study of functional protein mechanisms. The analysis of dynamic binding pocket
characteristics and the investigation of dynamic ligand interactions via MD simulations
plays an important role in the design and optimization of small molecules. Furthermore,
MD simulations can be used to elucidate cryptic pockets in target structures, which are
not visible in the static structure, but open and increase in volume throughout the course
of a simulation [121].

In an MD simulation, interactions between atoms are estimated by a force field, also
termed the potential energy function. Each atom is represented as a point in space with
mass, charge and van der Waals parameters, and the dynamics of the system are then
computed by solving Newton’s equation of motion as a function of time. The potential
energy function consists of bonded or covalent terms, which describe bond stretching, bond-
angle bending, dihedral-angle torsion as well as non-bonded Coulomb and van der Waals
interactions. The major families of fixed charge atomistic force fields are AMBER [122],
CHARMM [123], GROMOS [124] and OPLS [125]. These all share the same functional
form and are parametrized for biomolecules. During the simulation, the movement and
interactions of the atoms are analyzed for a user-defined time, resulting in time-resolved
trajectories which represent possible conformations of molecular systems [126]. The exten-
sive open-source software OpenMM [127] provides an MD simulation toolkit, including
a tool for the preparation of the molecular system, which allows free development of
new simulation protocols or novel functional forms of interactions. It also enables the
freely available and user-friendly usage of the major force fields mentioned above, and the
combination of file formats of other popular molecular modeling tools [128].

In recent years, it has become possible to run all-atom MD simulations on graphical
processing units (GPUs), allowing parallelization of the simulation workload, distributed
by the central processing units (CPUs) of a high performing computing system. This
development has facilitated the simulation of membrane-embedded proteins such as
GPCRs on the microsecond timescale [129]. The GPCRmd database is an open access
scientific platform which can be used to visualize, analyze and share GPCR-related MD-
derived trajectories. The community project aims at exploring and analyzing key aspects
of GPCR dynamics and contains simulations of all known GPCR classes known to date.
An array of tools including distance plots, water density maps and interaction networks
allows the study of molecular interaction patterns. Furthermore, the GPCRmd database
links the simulations to pharmacological or biochemical data such as mutations or electron
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density maps of X-ray structures. This feature enables the elucidation of mechanistic
models of GPCRs and related diseases. A protocol for common system preparation is
available on Github [130].

Together with the quickly growing number of structural GPCR data, 3D pharma-
cophores derived from and refined by MD simulations could be a quantum leap in provid-
ing deeper and refined insights into GPCR pharmacology and drug design. This section
will highlight the advances of the combination of these two techniques in the GPCR field.

5.1. Dynamic Pharmacophores

The dynamic pharmacophore, or dynophore, method allows the unique combination
of 3D pharmacophore models with MD simulations (Figure 4A). Dynophore is a fully auto-
mated application which generates chemical feature-based interaction patterns of the ligand
and its interacting residues throughout MD trajectories [15,131]. Single protein–ligand
interaction points generated sequentially for every timestep of the MD simulation are then
grouped into so-called ‘superfeatures’ which are represented by point density clouds. This
method allows statistical analysis of ligand–target interaction frequency and occurrence
and provides an easily accessible dynamic view of interactions. The dynophore method
has been successfully applied to GPCRs to describe complex phenomena of GPCR pharma-
cology such as partial agonism and has helped to elucidate ligand-dependent mechanistic
understanding of GPCR function [92,132,133]. Complicated signaling events such as biased
agonism can be difficult to capture via static models, so the incorporation of dynamics into
3D pharmacophores afforded by the dynophore method allows a deeper understanding of
how pharmacophore interaction patterns relate to downstream signaling events.

Figure 4. (A) Dynamic interaction pattern of the β-arrestin-biased ligand Ergotamine within the
5-HT2B receptor, derived via MD simulation and subsequent application of the dynophore method
(https://github.com/wolberlab/dynophores, accessed on 8 July 2022). The interaction pattern indi-
cates a stable binding pose within the orthosteric binding pocket, visualized as spherical distribution
of the point density clouds, and a more flexible interaction pattern within the extracellular receptor
region [133]. Yellow = lipophilic contact, red = hydrogen bond acceptor, green = hydrogen bond
donor, blue = positive ionizable area. (B) Time frame snapshot of the 5-HT2B receptor (grey) derived
from MD simulation within a box of water molecules (light blue surface) and embedded into a mem-
brane (yellow). The movement of water molecules within the receptor binding site (cyan spheres)
during MD simulations can be traced by the open-source software Pyrod [134] which analyzes their
interaction patterns to derive 3D pharmacophore features (https://github.com/wolberlab/pyrod,
accessed on 24 June 2022).

https://github.com/wolberlab/dynophores
https://github.com/wolberlab/pyrod
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5.1.1. M1 Receptor

Volpato and co-workers used the dynophore method to investigate dynamic interac-
tion patterns of the potent bitopic ligand 5-C8 which simultaneously targets the orthosteric
and allosteric binding sites of the muscarinic M1 receptor (M1R). As the allosteric bind-
ing site is less conserved than orthosteric acetylcholine binding site within muscarinergic
GPCRs, it is of interest in the design of M1 subtype-selective ligands. A toolbox of benzyl
quinolone carboxylic acid derivatives (BQCAd) with diverse orthosteric building blocks
was pharmacologically evaluated for their potency and efficacy at the allosteric and or-
thosteric sites in terms of G protein signaling and β-arrestin recruitment. The dynophore
method allowed the analysis of the residues interacting with 5-C8 within both binding
sites, highlighting Y179 and W4007.35 within the allosteric vestibule as key interacting
residues for the BQCAd moiety. This study provides a blueprint for the mechanistic under-
standing of allosteric modulation at the M1R, paving the way for M1R subtype-selective
ligand design [133].

5.1.2. 5-HT2B Receptor

The serotonergic receptor 5-HT2BR served as a model system to gain detailed mech-
anistic understanding of ligand-dependent biased signaling via MD simulations and
dynophores. The study revealed that conformational interference of the β-arrestin bi-
ased ligands ergotamine and lysergic acid diethylamide within the extracellular vestibule
restricts the signaling repertoire of the 5-HT2BR in a manner relating the degree of ligand
bias to the degree of closure of the extracellular loop region. Dynophores of serotonin,
lysergic acid diethylamide and ergotamine revealed common as well as distinct interaction
patterns of the three ligands, revealing specific conformations of biased ligands within the
5-HT2BR. This study also highlights the importance of considering distinct ligand-bound
receptor conformations during VS campaigns aiming to find hits for biased GPCR ligands
at aminergic receptors [133].

5.2. PyRod

The free and open-source software PyRod has also recently been developed by Schaller
et al. [134]. PyRod analyzes the movement of water during MD simulation with respect
to the protein environment, since ligands usually compete with water molecules within
binding sites for binding events (Figure 4B). The information derived from these interaction
analyses is then represented in so-called dynamic molecular interaction fields (DMIFs)
which can then be translated into corresponding 3D pharmacophore features. These can be
applied to prospective VS campaigns. Since no ligand information is necessary to derive the
3D pharmacophores, PyRod is a promising tool to identify new drugs for orphan GPCRs.
Supported chemical feature types comprise hydrogen bonds, ionizable and hydrophobic
features, and aromatic interactions. PyRod was applied to the MCHR1 receptor for a
retrospective screening of active ligands. The generated 3D pharmacophores performed
better in discriminating active ligands compared to ligand-based pharmacophores since
they incorporated information on protein structure as well as dynamics [135].

5.3. Dopamine D2/D3 Receptor

Ferruz and coworkers used a combination of molecular dynamics and Markov state
models to investigate the dynamic interaction patterns and binding modes of the dual
dopamine D2R/D3R antagonists GSK598809 and PF-4363467. They compared these to the
interactions of the known antagonists haloperidol and eticlopride bound to D3R after per-
forming molecular docking of the ligands. PF-4363467 shows a different 3D pharmacophore
feature arrangement compared to the other three ligands. Each binding hypothesis was
rationalized via point mutation studies, measurement of binding affinity and radioligand
binding assays. Extensive MD simulations revealed a novel binding pose for PF-4363467
as well as a cryptic pocket which opened up through the displacement of F3466.52, that is
situated between helices V and VI [121].
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Besides the aforementioned applications, MD simulations have been combined with
PBVS to establish the stability of agonist-GPR40 complexes as well as ligands at the D2R
obtained via in silico screening [101,108]. Furthermore, MD simulations are involved in
binding free energy calculations, such as the MM-PBSA/GBSA method which has also
been applied after 3D pharmacophore or docking-based VS campaigns [32,37].

6. Machine Learning and 3D Pharmacophore Models in GPCR Drug Discovery

3D pharmacophore and ML methods [136–138] are widely used in the GPCR drug
discovery community. In this review we have shown that 3D pharmacophores can be
utilized at different stages of the drug discovery pipeline for GPCRs, e.g., in SBDD and
LBDD strategies as a VS method (Section 2), guiding the selection of plausible molecular
docking results, or in SAR studies to highlight interaction patterns important for affinity
to the target. These different stages in GPCR drug discovery, especially the prediction of
bioactive ligands (VS), can also be performed with ML methods, as has been reviewed
several times [136–138]. Furthermore, methods, such as HS-pharm [139], Pharm-IF [10],
and DeepSite [140], that combine ML with 3D pharmacophore methods have been briefly
discussed in a review on 3D-pharmacophore modeling by Schaller et al. [15]. This section
will highlight the combined use of machine learning methods with pharmacophores to
elevate GPCR drug discovery.

Beyond pharmacophore-based approaches, state-of-the-art ligand-based predictions
utilize general molecular properties of ligands (e.g., molecular weight, log P, and topolog-
ical polar surface area), graph-based methods, and fingerprints (Figure 5) representing
ligand information in a machine readable form [136]. In order to be comparable, molecular
property data from different sources must first be normalized to standard activity types
and units. To this end, the Chembl database features a p-chembl value, defined as: −log10
(molar IC50, XC50, EC50, AC50, Ki, KD or potency) [141]. The p-chembl value allows the
comparison of approximately standardized measures of ligand potency and affinity. When
implemented in ligand-based ML methods, pharmacophores are represented as finger-
prints [10,142–145]. Each of these pharmacophore-based fingerprints differ in their method
of encoding the relationship between pharmacophore feature points of a ligand. Two-point
pharmacophore fingerprints (e.g., Chemaxon PF fingerprint [142]) encode ligands based on
combinations of two feature points with their measured pairwise topological distance (as
space or molecule bonds) (Figure 5). Three-point pharmacophores describe three features in
a triangular relationship connected through three topological distances between the features
(e.g., Gobbi2D [143], 2D-FTP [144]), while 4-point fingerprints (Pharm-IF) consist of four
feature points connected via six inter-feature distances (Figure 5). Distances are normally
encoded as defined ranges leading to less constrained models. The use of 4-point finger-
prints can be more computationally demanding compared with 2- and 3-point fingerprints
due to the larger binary bit length needed to encode 4-point fingerprints [10,145].

A new pharmacophoric fingerprint (Pharmacoprint) has been developed recently by
Warszycki et al. utilizing a combinatorial 2- and 3-point fingerprint [145]. To evaluate the
discriminative performance between active and inactive ligands of Pharmacoprint, Warszy-
cki et al. collected ligand datasets for 15 targets, including serotonin 5-HT2A/2C/6, dopamine
D2, and µ/δ/κ-opioid receptors, and compared the prediction performance to that of 11
other fingerprints (e.g., Estate [146], MACCS [147], PubChem [148], ChemAxon PF [142],
extended-connectivity fingerprint diameter 4 (ECFP4) [149], and functional-connectivity
fingerprint diameter 4 (FCFP4 [149]) using three different supervised ML classification
algorithms; support vector machine (SVM), linear SVM, and logistic regression. Each
dataset consists of true actives and inactives retrieved from the ChEMBL database as well
as putative inactives from the ZINC library. Based on the calculated average and median
Mathew correlation coefficient (MCC) of the ML models trained with only true active and
inactives, Pharmacoprint outperformed all other fingerprints with an average MCC of 0.736
and a median MCC of 0.766 (range of metric −1 to 1, in which 1 is the best performance
value). It is worth mentioning that the ECFP4 (average MCC 0.729 and median MCC
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0.754) and FCFP4 (average MCC 0.722 and median MCC 0.749) performed similarly to
Pharmacoprint.

Figure 5. Ligand-based pharmacophore fingerprints encode the relationship between feature points
based on the number of features and the measured topological distance between the features.

The authors also revealed a more detailed comparison between Pharmacoprint and
the ChemAxon PF fingerprint. Pharmacoprint models outperformed all probed GPCR
datasets with every used ML algorithm with an MCC difference ranging between 0.010
and 0.241. Only 5-HT2A and 5-HT2C in combination with SVM showed a similar prediction
performance using the ChemAxon PF (MCC difference of −0.001 and −0.008, respec-
tively). Further ML optimization with neural networks, feature reduction/engineering
methods, and ligand preparation yielded an MCC of up to 0.962. Even though these
results are solely retrospective, the Pharmacoprint fingerprint might show a reasonable
performance enhancement for ligand- and pharmacophore-based ML methods in GPCR
drug discovery pipelines.

The utilization of structural information for 3D pharmacophore and ML-based GPCR
drug discovery inherits the same challenges as for classical SBDD without ML (Section 7).
Another interesting approach, besides the direct use of pharmacophore data for ML models,
is the hierarchical implementation of VS via ML methods and 3D pharmacophore-based
VS as described in the following case studies.

Jang et al. identified novel mGlu1R receptor negative allosteric modulators by ap-
plying ligand-based pharmacophore models, Naïve Bayesian ML and structure-based
methods in their VS campaign [39]. A performance comparison of standalone and different
combinations of each VS step revealed that the hierarchical VS combining all steps had the
lowest yield (81 compounds, 5.66%) with the highest hit rate (3.70%).

Two recent studies from the lab of Jianping Lin also implemented a multi-stage VS
method using ML, pharmacophore models and molecular docking for the discovery of
novel adenosine A1 receptor (A1R) antagonists [150] and novel dual adenosine A1/A2A
receptor (A1R/A2AR) antagonists [151]. The first study by Wei et al. [150] trained three
random forest ML classification models with three datasets of known actives and inactives
with different Ki thresholds (actives thresholds Ki < 20 nM or Ki < 100 nM, inactives
thresholds Ki > 200 nM, Ki > 1000 nM, and Ki > 2000 nM). The model with an actives
threshold of <20 nM and an inactives threshold of >2000 nM yielded the best performance
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and was subsequently used for further model optimization with feature extraction methods,
which reduced the number of features from 484 to 31 while enhancing the initial model
performance. The optimized model was then used as the first VS step filtering the ChemDiv
library with 1,492,362 compounds yielding 141,916 compounds. Subsequent VS steps include
the use of a combined ligand- and structure-based pharmacophore model (e-Pharmacophore)
validated with a set of 37 known A1R antagonists and 1332 generated decoys based on the
structures of the known antagonists followed by molecular docking for screening, clustering
compounds based on the chemotype, and visual inspection. Finally, 22 compounds were
selected and experimentally tested, of which 18 showed binding affinity in a radioligand
binding assay leading to a hit rate of 82%. Six of the 18 compounds were further evaluated
with a cAMP assay revealing pIC50 between 5.51 to 6.38. Three of these six compounds also
showed good affinity (pKi 6.11–7.13) while having >100-fold selectivity against A2AR.

The second study by Wang et al. [151] utilized two deep learning classification meth-
ods (deep neural network (DNN) and convolutional neural network (CNN)) with two
fingerprints (ECFP4 and neural fingerprint (NFP)) for feature generation as the first step
of the VS campaign. The dataset used to train the deep learning models consists of 310
known active dual A1R/A2AR antagonists with a threshold of Ki < 40 nM and 405 inactive
compounds with a threshold of Ki > 1000 nM. The DNN and CNN classification models
were then used to screen the ChemDiv library (1178506 compounds). Only compounds
predicted by both models simultaneously as hits were retained (58,886 compounds). The
next VS step utilized 1 out of 11 ligand-based pharmacophore models generated from 14
chemically diverse compounds selected from the dataset of 310 active ligands. To validate
the pharmacophore model a set of 42 known dual antagonists (Ki < 40 nM) and 913 gen-
erated decoys based on the structures of the known actives were used. Further steps in
the VS campaign include molecular docking screening and visual inspection. Finally, 19
selected compounds were experimentally evaluated with a cAMP functional assay and
radioligand binding assay evaluated for A1R and A2AR. Eight compounds showed dual
antagonistic activity and binding affinity for A1R/A2AR leading to a hit rate of 42%. From
these hits five compounds showed good antagonistic dual A1R/A2AR activity in the cAMP
functional assay (pIC50 4.20–6.78) from which two compounds also showed the highest
binding affinity of the 19 tested compounds towards both receptors (pKi 7.16–7.49).

In sum, the combined use of 3D pharmacophore-based models and ML methods can
greatly benefit GPCR VS campaigns through information enrichment from the underlying
data used, better performance and high hit rates. It must be noted that the prediction
methods discussed are primarily used to filter newly designed molecules and are not able
to suggest novel chemical scaffolds or substitutions.

7. Discussion
7.1. Challenges: LBDD Is Favored over SBDD in GPCR Research

As evidenced by the case studies in this review, the research so far on computational
GPCR drug design has focused largely on ligand-based over structure-based methods; more
studies generated the 3D pharmacophores via ligand-based than structure-based methods
(Figure 6). The lack of solved GPCR 3D structures remains a major hurdle in the field.
Membrane-bound proteins are particularly difficult to crystallize, and receptor flexibility
has further hindered the generation of atomistic structures of GPCRs [152]. This problem is
amplified by the significant differences between active, inactive and intermediate receptor
states; the 3D pharmacophores of various ligand types (such as antagonist or agonist) bound
to their respective receptor structures will differ significantly. Hence, in the absence of an
X-ray crystal structure of a receptor in a certain state, it may prove difficult to derive a 3D
pharmacophore for retrieval of a desired ligand class via purely structure-based methods.
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Figure 6. A phylogenetic tree representing all the receptors discussed in this review, and their as-
sociated applications of pharmacophore modeling in GPCR drug discovery. Node labels indicate
the Uniprot gene name of the receptor and are colored according to the method used to gener-
ate the 3D pharmacophore (red, ligand-based; yellow, structure-based; blue, both methods). The
shape of the node implies the ligand type studied in each case (circle, orthosteric ligand; triangle,
allosteric ligand; star, biased ligand). Circles, triangles, and stars are colored according to the origin
of the 3D receptor structure (black, experimentally solved structure; purple, modeled structure;
white, no structure involved). The GPCR tree was produced as follows. First, canonical fasta files
of all human GPCR receptors (826 receptors in total, but olfactory receptors are not shown on
the tree for simplicity and aesthetics) were downloaded from the Uniprot database [153]. Then,
the above fasta files were used to generate a phylogenetic tree file by Clustal Omega (default set-
ting) [154]. Finally, the tree was displayed and annotated with iTOL [155]. The tree layout was
designed according to [156]. Uniprot gene names of the receptors are as follows: NMBR = Bombesin
Receptor 1; BKBRB1 and BKBRB2 = Bradykinin Receptors 1 and 2, respectively; ADRB3 = β3-
adrenergic Receptor; CNR2 = Cannabinoid Receptor 2; TGR5 = G Protein-Coupled Bile Acid Receptor;
GPER = G Protein-Coupled Estrogen Receptor; H3 = Histamine H3 Receptor; MCHR1 = Melatonin-
Concentrating Hormone Receptor-1; NTR1 = Neurotensin Receptor type 1; PAR2 = Protease-activated
Receptor 2; OPRM = µ-Opioid Receptor; CCR5 = Chemokine Receptor 5; GRM1 = Metabotropic
Glutamate Receptor 1; PTH1R = Parathyroid Hormone-1 Receptor; DRD2 = Dopamine D2 Receptor;
5HT7R = Serotonin 5-HT7 Receptor; FFAR1 = G Protein-Coupled Receptor 40; H4 = Histamine H4

Receptor; SSR2 = Somatostatin Receptor Subtype-2; 5HT2B = Serotonin 5-HT2B Receptor; GPR139 = G
protein-Coupled Receptor 139; ADORA1 and ADORA2 = Adenosine A1 and Adenosine A2A Recep-
tors, respectively; GABABR1 = GABAB Receptor.

In the absence of structural information, ligand-based approaches present valuable
techniques in 3D pharmacophore modeling. The basic principle of ligand-based methods is
that similar compound structures are likely to confer similar properties [157]. The aim of
ligand-based pharmacophore modeling is to identify the 3D pattern of chemical features of
receptor ligands, which is highly correlated with the input molecule.
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A major challenge in the field of LBDD remains the prediction of the bioactive confor-
mation of a ligand from its 2D structure [43]. Thus, the degree of complication involved in
3D pharmacophore generation increases as the number of input ligands and their flexibili-
ties increase. Furthermore, ligand-based methods often rely on bioactivity data deposited
in databases—these must be checked for accuracy, and data obtained via different assays
or systems are not necessarily comparable [38]. Hence, the conformational search and
bioactive data retrieval of small molecules should be carefully considered when preparing
ligand libraries.

Interestingly, a 2016 study aiming to identify agonists for the A2AR discovered that
the ZINC database contained more chemical structures similar to classical adenosine
antagonists than agonists. This was postulated to be due to the higher molecular complexity
of A2AR agonists, which may be the case for agonists of other receptors, such as the P2Y12
receptor. The authors also determined a majority of agonist-like compounds for the β2-
adrenoceptor and 5-HT1B receptors, which tend to have less complex structures. This led to
the conclusion that database bias against molecules may increase in accordance with their
molecular complexities [158].

Castleman et al. recently performed an in silico benchmarking study in which they
evaluated the performance of various ligand training sets in the generation of 3D pharma-
cophore models for GPCR ligand discovery [159]. The results indicate that mixed-function
ligand sets, consisting of both agonists and antagonists, are the most successful in pro-
ducing pharmacophore models capable of identifying active compounds. This is most
beneficial in the discovery of hits for targets with few known ligands.

As LBDD depends on the structure of the known active compound, it is not optimally
suited to the discovery of novel active compound structures. On the contrary, SBDD pro-
vides clear opportunities for scaffold hopping and structural diversification. A further
advantage of structure-based 3D pharmacophores is their incorporation of exclusion vol-
ume spheres, which represent space occupied by the protein. Hit structures overlapping
with exclusion volume spheres will be sterically hindered from fitting into the binding
site [160]. This constraint can be useful in filtering out false positives whose structures
may be identified as hits by a ligand-only pharmacophore model, but do not show shape
complementarity within the binding site.

In cases of sparse structural information, in silico modeling methods present valuable
opportunities for generating 3D models of GPCRs to fill this gap. In brief, modeling
generates a 3D structural model of a receptor based on a template of a known receptor
structure with a certain degree of sequence similarity to the target receptor. Proteins within
the expansive GPCR family share sequence similarity to various extents, which provides a
large number of sequence templates for in-silico modeling methods. The GPCRM [161],
GPCRdb [28,76,114] and the GPCR-SSFE [162] are freely accessible online databases for the
storage and prediction of GPCR structural models. Historically, hit rates of VS campaigns
based on X-ray crystal structures tend to be higher than those of screenings based on
homology models [163]. Possible explanations include the unavailability of solved protein
structures with sufficient sequence similarity, or inaccuracy introduced by the alignment
and structure prediction processes. However, advances in in-silico protein modeling hold
promise for addressing these issues.

Threading and ab initio modeling are the methods of choice if the target sequences
have low sequence identity compared to their template. Threading involves the alignment
of the template sequence to 3D structures of homologous proteins retrieved from the
PDB [164]. Ab initio modeling relies on protein prediction conformation from a template
sequence guided by energy functions in force fields [165]. Kaushik et al. used ab initio
modeling to predict the 3D structure of the G protein-coupled receptor 142 (GPR142) for
subsequent ligand-based 3D pharmacophore generation [41].

For template–target pairs with higher sequence identity (empirically >40%), homology
modeling is the 3D structure prediction method of choice. Jang et al. constructed a
homology model of the mGluR1 based on the X-ray crystal structure of the dopamine D3
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receptor (D3R) (PDB ID: 3PBL [108]). The mGluR1 and D3R share an active site identity
and similarity of 37.5% and 62.5%, respectively. The homology model was used in a
hybrid structure-based and ligand-based VS campaign, as described in Section 2.4.2. After
five hits had been identified via this method, the X-ray crystal structure of the mGluR1
in complex with the NAM FITM was published (PDB ID: 4OR2 [166]). Comparison of
the homology model to the X-ray crystal structure revealed structural differences in the
target pocket, resulting in the ligands docked into the homology model adopting different
conformations to the co-crystallized NAM. However, ligands in both structures were able
to recapitulate these hydrogen bond interactions to T8157.32 × 33 and N7605.47 × 47 (numbers
in superscript denote residue numbers according to the Ballesteros–Weinstein conventional
numbering scheme for class A GPCRs [14]) that are reported to be important for mGluR1
antagonist binding [39]. Thus, the authors postulated that, although the structure-based
studies were performed on an inaccurate receptor homology model, hit compounds were
still able to display mGluR1 antagonistic activity due to their ability to fulfill the necessary
3D pharmacophore features.

Ligand-guided homology modeling enables structural models to be optimized further
through incorporation of knowledge on the binding of existing ligands, such as was done
by Lupala et al., who used the structure of a known binder to hBKB1R to guide homology
modeling [51]. Guided by information on the necessary receptor–ligand interactions, the
authors of these studies were able to select a receptor model capable of fulfilling the
necessary interaction patterns with the docked compound into the relevant binding site of
the model.

It must be emphasized that the accuracy of input structural models is vital to the
success of VS. Studies based on poor quality homology models run an increased risk
of retrieving false positive or negative hits. Higher accuracy can be incorporated into
models via MD simulations, as performed by Rasaiefar et al. [53], as well as during the
investigations into the hBKB1R receptor [51]; the aforementioned receptor–ligand complex
was further refined via MD simulation, and the final model was composed of an average of
the conformations generated over the final 100 ns of the simulation. Similar methods for
ligand-guided homology model generation and refinement via molecular dynamics were
carried out on the BkB2R [52], BB1R [53], H3R [32], CB2R [33], and H4R [36].

Besides the aforementioned in-silico methods, the recent boom in AI-based structure
modeling methods, such as AlphaFold [16] and RoseTTAFold [167], represent powerful
tools for future use in 3D structure prediction.

In the fortunate case of sufficient available data, it has been proven beneficial to
perform both ligand and structure-based techniques, termed a hybrid approach, in a sin-
gle study for GPCR drug discovery. Such a strategy was applied to the discovery of
H3R ligands [32], where the synergistic combination of methods allowed mutual compen-
sation for their respective limitations and exploitation of their respective strengths. In
their retrospective evaluation of different in silico methods for orthosteric GABAB recep-
tor (GABABR) ligand discovery, Evenseth and colleagues conducted both ligand-based
and structure-based pharmacophore VS for the prospective identification of orthosteric
GABABR ligands [38].

7.2. Evaluating PBVS and DBVS in GPCR Ligand Discovery

When discussing the application of SBDD to the computational investigation of GPCRs,
it must be noted that literature definitions of SBDD often merely include docking-based
screening methods [168,169], whereas PBVS is usually classified under LBDD. Hence,
certain challenges arising during studies classed as SBDD could be overcome via structure-
based pharmacophore modeling.

A particular issue concerning the analysis of molecular docking results is the accuracy
of the scoring functions used to rank docking poses [152,170,171]. Three-dimensional phar-
macophore modeling enables the evaluation of binding hypotheses based on ligand–target
interaction patterns, which can be invaluable in prioritizing ligand binding hypotheses
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based on known obligate interactions. This method was recently employed to filter docking
hypotheses of three serotonin receptor agonists at the 5-HT2BR in order to rationalize their
differing degrees of biased agonism at the receptor [133]. Further examples of this use of
3D pharmacophores in the filtering of putative ligand binding conformations can be found
in the studies detailed in Section 2 [30,32,50,101].

In hierarchical VS, PBVS is often used as an initial filter to pare down the number of
molecules before molecular docking is performed [31,37,39,42,43,49]. The main reason for
this is that PBVS is less computationally expensive than DBVS. Furthermore, PBVS can,
to some extent, address the problems arising from the use of inappropriately designed or
optimized scoring functions or insufficient consideration of target flexibility in DBVS by
introducing a tolerance radius for pharmacological features. The study performed by Jang
et al., on the mGluR1 is an example of such a hierarchical VS approach [39].

Pharmacophore modeling could avoid false positive VS results obtained via DBVS.
Rodriguez et al. determined three receptor–ligand interactions necessary for A2AR acti-
vation and performed DBVS for A2AR agonists using multiple active-state X-ray crystal
structures of the A2AR [158]. The compounds were ranked by docking score and whether
they were able to fulfill at least two of the three receptor-activating polar interactions. Of
the nine compounds showing affinity for the receptor, none of them were able to activate
the receptor. The authors hypothesized that this could be because none of the compounds
were able to fulfill all three interactions, an attribute which could have been defined by
screening with a 3D pharmacophore model.

7.3. Comparing Different Studies on the Same Receptor

The publication of multiple different models of the same GPCR has seen a variety of
computational methods employed in investigations of the same receptor. For example,
the 5-HT2BR is examined in two different case studies. Gabr et al. [116] generated an
antagonist-induced model of the inactive-state receptor (Section 4.3). From this model, they
derived an optimal pharmacophore to guide the synthesis of novel antagonists displaying
improved potency and selectivity. Such studies are time-efficient and do not require
significant computational resources. However, the use of a single, static structure does
not allow the insight into receptor flexibility provided by analyses incorporating receptor
dynamics. Denzinger et al. [133] investigated three distinct active-state conformations of the
5-HT2BR, each in complex with a different biased ligand (Section 5.1.2). MD simulations and
dynophore analysis elucidated the ligand–receptor conformations and interaction patterns
underlying biased signaling. Although the incorporation of dynamics indisputably allows
a deeper understanding of GPCRs, these investigations require more computational power
and time. Ultimately, the choice of receptor model and in-silico methods depends on the
scope and nature of the research question.

8. Future Perspectives
De-Orphanizing GPCRs

One of the main advantages of 3D pharmacophore modeling is the opportunity to
derive a template for VS for the identification of ligands for any apo-state binding site. The
independence of structure-based 3D pharmacophore modeling from available ligand data
could prove useful in the search for ligands for orphan GPCRs. Structure-based VS could
either aid in determining the endogenous ligand, or in identifying pharmacological tool
compounds to elucidate the function of orphan GPCRs [163].

The opportunities in GPCR de-orphanization afforded by 3D pharmacophore model-
ing are exemplified by the study of Pillaiyar et al. on the GPR84 [172]. They constructed
a ligand-based 3D pharmacophore model based on known GPR84 ligands, identifying
differences in the models between low- and high-potency agonists and thus constructing a
3D pharmacophore describing high-affinity GPR84 surrogate agonists. This could be used
in prospective VS to identify further surrogate agonists, or even the endogenous agonist.
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For orphan GPCRs whose sequence is known yet whose 3D structure remains un-
solved, the structure prediction techniques mentioned in Section 7.1 present viable options
for 3D model generation. In their comprehensive overview of structure-based investiga-
tions into orphan GPCRs, Ngo et al. present success stories in identifying orphan GPCR
ligands using homology models, as well as an iterative workflow for the ligand-guided
optimization of homology models of orphan GPCRs [163].

Even at well-studied receptors, binding site prediction tools such as FTMap [147] and
FTSite [173] can be used to identify binding sites outside of those already known, even in
the absence of co-crystallized ligands. Binding site prediction technology has also been
successfully applied to the identification of allosteric GPCR binding sites, amongst them
orphan sites, in studies such as that recently described by Hedderich et al. [174].

As scarcity of ligand information and accurate 3D receptor structures present signifi-
cant obstructions in computational GPCR research; X-ray crystal structures of ligand-GPCR
complexes are valuable sources of their associated receptor–ligand interactions. Methods
such as Pharmacophore-Map-Pick analyze X-ray crystal structures of GPCR–ligand com-
plexes to facilitate the generation of 3D pharmacophores in the absence of both ligand-based
and structural information [46].

9. Conclusions

The case studies presented in this review illustrate how 3D pharmacophores serve to
bridge the gap between lingering questions in the field of GPCRs and the ever-expanding
techniques found in the toolbox of CADD. The power of 3D pharmacophores is multi-
faceted and far-reaching; retrospective 3D pharmacophore modeling has been used to
rationalize ligand bias and potency, to visualize ligand–target interaction patterns, and
to build SARs. Prospectively, 3D pharmacophores serve as starting points for hit-to-lead
development and de novo drug discovery through methods including VS and scaffold
hopping. Structure- and ligand-based techniques combined allow researchers to tackle
historically difficult topics such as de-orphanization. Furthermore, combining 3D phar-
macophore modeling with sophisticated methods such as ML and MD simulations allows
even deeper mechanistic and pharmacological understanding of GPCRs. Altogether, 3D
pharmacophore-guided computational investigations into GPCRs provide a fresh perspec-
tive on a long-established field and are well-suited to propel GPCR research along bright
new avenues of inquiry.

Author Contributions: Conceptualization, T.N. and K.D.; investigation, T.N., K.D., Y.C., V.T., K.P.,
S.L., C.A.W. and T.N.N; writing—original draft preparation, T.N., K.D., Y.C., V.T., K.P., S.L., C.A.W.
and T.N.N; writing—review and editing, T.N., K.D., Y.C., V.T., K.P., S.L., C.A.W., T.N.N. and G.W;
visualization, K.D., Y.C., K.P., S.L., C.A.W. and T.N.N.; data curation, Y.C.; resources, G.W.; supervi-
sion, G.W.; project administration, T.N. All authors have read and agreed to the published version
of the manuscript.

Funding: K.P. was funded by the Deutsche Forschungsgemeinschaft (grant number DFG 435233773);
T.N. was funded by the Sonnenfeld Stiftung; Y.C. was funded by the China Scholarship Council
(grant number CSC NO. 202006240081); S.L. was funded by the China Scholarship Council (CSC).

Institutional Review Board Statement: Not applicable.

Data Availability Statement: Data sharing not applicable.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

References
1. Sriram, K.; Insel, P.A. G Protein-Coupled Receptors as Targets for Approved Drugs: How Many Targets and How Many Drugs?

Mol. Pharmacol. 2018, 93, 251–258. [CrossRef] [PubMed]
2. Capote, L.A.; Mendez Perez, R.; Lymperopoulos, A. GPCR signaling and cardiac function. Eur. J. Pharmacol. 2015, 763, 143–148.

[CrossRef] [PubMed]

http://doi.org/10.1124/mol.117.111062
http://www.ncbi.nlm.nih.gov/pubmed/29298813
http://doi.org/10.1016/j.ejphar.2015.05.019
http://www.ncbi.nlm.nih.gov/pubmed/25981298


Pharmaceuticals 2022, 15, 1304 25 of 31

3. Andersen, A.; Lund, A.; Knop, F.K.; Vilsbøll, T. Glucagon-like peptide 1 in health and disease. Nat. Rev. Endocrinol. 2018, 14,
390–403. [CrossRef] [PubMed]

4. Lappano, R.; Maggiolini, M. G protein-coupled receptors: Novel targets for drug discovery in cancer. Nat. Rev. Drug Discov. 2011,
10, 47–60. [CrossRef]

5. Fredriksson, R.; Lagerström, M.C.; Lundin, L.G.; Schiöth, H.B. The G-protein-coupled receptors in the human genome form five
main families. Phylogenetic analysis, paralogon groups, and fingerprints. Mol. Pharmacol. 2003, 63, 1256–1272. [CrossRef]

6. Bock, A.; Bermudez, M. Allosteric coupling and biased agonism in G protein-coupled receptors. FEBS J. 2021, 288, 2513–2528.
[CrossRef]

7. Hauser, A.S.; Attwood, M.M.; Rask-Andersen, M.; Schiöth, H.B.; Gloriam, D.E. Trends in GPCR drug discovery: New agents,
targets and indications. Nat. Rev. Drug Discov. 2017, 16, 829–842. [CrossRef]

8. Güner, O.F.; Bowen, J.P. Setting the Record Straight: The Origin of the Pharmacophore Concept. J. Chem. Inf. Model. 2014, 54,
1269–1283. [CrossRef]

9. Wermuth, C.G.; Ganellin, C.R.; Lindberg, P.; Mitscher, L.A. Glossary of terms used in medicinal chemistry (IUPAC Recommenda-
tions 1998). Pure Appl. Chem. 1998, 70, 1129–1143. [CrossRef]

10. Sato, T.; Honma, T.; Yokoyama, S. Combining machine learning and pharmacophore-based interaction fingerprint for in silico
screening. J. Chem. Inf. Model. 2010, 50, 170–185. [CrossRef]

11. Kruse, A.C.; Ring, A.M.; Manglik, A.; Hu, J.; Hu, K.; Eitel, K.; Hübner, H.; Pardon, E.; Valant, C.; Sexton, P.M.; et al. Activation
and allosteric modulation of a muscarinic acetylcholine receptor. Nature 2013, 504, 101–106. [CrossRef]

12. Haga, K.; Kruse, A.C.; Asada, H.; Yurugi-Kobayashi, T.; Shiroishi, M.; Zhang, C.; Weis, W.I.; Okada, T.; Kobilka, B.K.; Haga, T.;
et al. Structure of the human M2 muscarinic acetylcholine receptor bound to an antagonist. Nature 2012, 482, 547–551. [CrossRef]

13. Wolber, G.; Langer, T. LigandScout: 3-D pharmacophores derived from protein-bound ligands and their use as virtual screening
filters. J. Chem. Inf. Model. 2005, 45, 160–169. [CrossRef]

14. Ballesteros, J.A.; Weinstein, H. Integrated methods for the construction of three-dimensional models and computational probing
of structure-function relations in G protein-coupled receptors. Methods Neurosci. 1995, 25, 366–428. [CrossRef]

15. Schaller, D.; Šribar, D.; Noonan, T.; Deng, L.; Nguyen, T.N.; Pach, S.; Machalz, D.; Bermudez, M.; Wolber, G. Next generation 3D
pharmacophore modeling. Wiley Interdiscip. Rev.-Comput. Mol. Sci. 2020, 10, e1468. [CrossRef]

16. Jumper, J.; Evans, R.; Pritzel, A.; Green, T.; Figurnov, M.; Ronneberger, O.; Tunyasuvunakool, K.; Bates, R.; Žídek, A.; Potapenko,
A.; et al. Highly accurate protein structure prediction with AlphaFold. Nature 2021, 596, 583–589. [CrossRef]

17. Black, J.W.; Duncan, W.A.M.; Shanks, R.G. Comparison Of Some Properties Of Pronethalol And Propranolol. Br. J. Pharmacol.
Chemother. 1965, 25, 577–591. [CrossRef]

18. Palczewski, K.; Kumasaka, T.; Hori, T.; Behnke Craig, A.; Motoshima, H.; Fox Brian, A.; Trong Isolde, L.; Teller David, C.;
Okada, T.; Stenkamp Ronald, E.; et al. Crystal Structure of Rhodopsin: A G Protein-Coupled Receptor. Science 2000, 289, 739–745.
[CrossRef]

19. Cherezov, V.; Rosenbaum, D.M.; Hanson, M.A.; Rasmussen Søren, G.F.; Thian, F.S.; Kobilka, T.S.; Choi, H.-J.; Kuhn, P.; Weis, W.I.;
Kobilka, B.K.; et al. High-Resolution Crystal Structure of an Engineered Human β2-Adrenergic G Protein–Coupled Receptor.
Science 2007, 318, 1258–1265. [CrossRef]

20. Rasmussen, S.G.F.; Choi, H.-J.; Rosenbaum, D.M.; Kobilka, T.S.; Thian, F.S.; Edwards, P.C.; Burghammer, M.; Ratnala, V.R.P.;
Sanishvili, R.; Fischetti, R.F.; et al. Crystal structure of the human β2 adrenergic G-protein-coupled receptor. Nature 2007, 450,
383–387. [CrossRef]

21. Rosenbaum Daniel, M.; Cherezov, V.; Hanson Michael, A.; Rasmussen Søren, G.F.; Thian Foon, S.; Kobilka Tong, S.; Choi, H.-J.;
Yao, X.-J.; Weis William, I.; Stevens Raymond, C.; et al. GPCR Engineering Yields High-Resolution Structural Insights into
β2-Adrenergic Receptor Function. Science 2007, 318, 1266–1273. [CrossRef] [PubMed]

22. Rosenbaum, D.M.; Zhang, C.; Lyons, J.A.; Holl, R.; Aragao, D.; Arlow, D.H.; Rasmussen, S.G.F.; Choi, H.-J.; DeVree, B.T.; Sunahara,
R.K.; et al. Structure and function of an irreversible agonist-β2 adrenoceptor complex. Nature 2011, 469, 236–240. [CrossRef]
[PubMed]

23. Congreve, M.; Andrews, S.P.; Doré, A.S.; Hollenstein, K.; Hurrell, E.; Langmead, C.J.; Mason, J.S.; Ng, I.W.; Tehan, B.; Zhukov, A.;
et al. Discovery of 1,2,4-Triazine Derivatives as Adenosine A2A Antagonists using Structure Based Drug Design. J. Med. Chem.
2012, 55, 1898–1903. [CrossRef] [PubMed]

24. Langmead, C.J.; Andrews, S.P.; Congreve, M.; Errey, J.C.; Hurrell, E.; Marshall, F.H.; Mason, J.S.; Richardson, C.M.; Robertson, N.;
Zhukov, A.; et al. Identification of Novel Adenosine A2A Receptor Antagonists by Virtual Screening. J. Med. Chem. 2012, 55,
1904–1909. [CrossRef] [PubMed]

25. Liang, Y.-L.; Khoshouei, M.; Radjainia, M.; Zhang, Y.; Glukhova, A.; Tarrasch, J.; Thal, D.M.; Furness, S.G.B.; Christopoulos, G.;
Coudrat, T.; et al. Phase-plate cryo-EM structure of a class B GPCR–G-protein complex. Nature 2017, 546, 118–123. [CrossRef]

26. Yang, S.; Wu, Y.; Xu, T.-H.; de Waal, P.W.; He, Y.; Pu, M.; Chen, Y.; DeBruine, Z.J.; Zhang, B.; Zaidi, S.A.; et al. Crystal structure of
the Frizzled 4 receptor in a ligand-free state. Nature 2018, 560, 666–670. [CrossRef]

27. Congreve, M.; de Graaf, C.; Swain, N.A.; Tate, C.G. Impact of GPCR Structures on Drug Discovery. Cell 2020, 181, 81–91.
[CrossRef]

28. Pándy-Szekeres, G.; Munk, C.; Tsonkov, T.M.; Mordalski, S.; Harpsøe, K.; Hauser, A.S.; Bojarski, A.J.; Gloriam, D.E. GPCRdb in
2018: Adding GPCR structure models and ligands. Nucleic Acids Res. 2018, 46, D440–D446. [CrossRef]

http://doi.org/10.1038/s41574-018-0016-2
http://www.ncbi.nlm.nih.gov/pubmed/29728598
http://doi.org/10.1038/nrd3320
http://doi.org/10.1124/mol.63.6.1256
http://doi.org/10.1111/febs.15783
http://doi.org/10.1038/nrd.2017.178
http://doi.org/10.1021/ci5000533
http://doi.org/10.1351/pac199870051129
http://doi.org/10.1021/ci900382e
http://doi.org/10.1038/nature12735
http://doi.org/10.1038/nature10753
http://doi.org/10.1021/ci049885e
http://doi.org/10.1016/S1043-9471(05)80049-7
http://doi.org/10.1002/wcms.1468
http://doi.org/10.1038/s41586-021-03819-2
http://doi.org/10.1111/j.1476-5381.1965.tb01782.x
http://doi.org/10.1126/science.289.5480.739
http://doi.org/10.1126/science.1150577
http://doi.org/10.1038/nature06325
http://doi.org/10.1126/science.1150609
http://www.ncbi.nlm.nih.gov/pubmed/17962519
http://doi.org/10.1038/nature09665
http://www.ncbi.nlm.nih.gov/pubmed/21228876
http://doi.org/10.1021/jm201376w
http://www.ncbi.nlm.nih.gov/pubmed/22220592
http://doi.org/10.1021/jm201455y
http://www.ncbi.nlm.nih.gov/pubmed/22250781
http://doi.org/10.1038/nature22327
http://doi.org/10.1038/s41586-018-0447-x
http://doi.org/10.1016/j.cell.2020.03.003
http://doi.org/10.1093/nar/gkx1109


Pharmaceuticals 2022, 15, 1304 26 of 31

29. Homan, E.J.; Wikström, H.V.; Grol, C.J. Molecular modeling of the dopamine D2 and serotonin 5-HT1A receptor binding modes
of the enantiomers of 5-OMe-BPAT. Bioorg. Med. Chem. 1999, 7, 1805–1820. [CrossRef]

30. Chen, X.; Lu, F.; Luo, G.; Ren, Y.; Ma, J.; Zhang, Y. Discovery of selective farnesoid X receptor agonists for the treatment of
hyperlipidemia from traditional Chinese medicine based on virtual screening and in vitro validation. J. Biomol. Struct. Dyn. 2020,
38, 4461–4470. [CrossRef]

31. El-Zohairy, M.A.; Zlotos, D.P.; Berger, M.R.; Adwan, H.H.; Mandour, Y.M. Discovery of Novel CCR5 Ligands as Anticolorectal
Cancer Agents by Sequential Virtual Screening. ACS Omega 2021, 6, 10921–10935. [CrossRef]

32. Ghamari, N.; Zarei, O.; Reiner, D.; Dastmalchi, S.; Stark, H.; Hamzeh-Mivehroud, M. Histamine H3 receptor ligands by hybrid
virtual screening, docking, molecular dynamics simulations, and investigation of their biological effects. Chem. Biol. Drug Des.
2019, 93, 832–843. [CrossRef]

33. Hu, J.; Feng, Z.; Ma, S.; Zhang, Y.; Tong, Q.; Alqarni, M.H.; Gou, X.; Xie, X.-Q. Difference and Influence of Inactive and Active
States of Cannabinoid Receptor Subtype CB2: From Conformation to Drug Discovery. J. Chem. Inf. Model. 2016, 56, 1152–1163.
[CrossRef]

34. Kaserer, T.; Lantero, A.; Schmidhammer, H.; Spetea, M.; Schuster, D. µ Opioid receptor: Novel antagonists and structural
modeling. Sci. Rep. 2016, 6, 1–15. [CrossRef]

35. Kaserer, T.; Steinacher, T.; Kainhofer, R.; Erli, F.; Sturm, S.; Waltenberger, B.; Schuster, D.; Spetea, M. Identification and
characterization of plant-derived alkaloids, corydine and corydaline, as novel mu opioid receptor agonists. Sci. Rep. 2020, 10,
1–12. [CrossRef]

36. Ko, K.; Kim, H.-J.; Ho, P.-S.; Lee, S.O.; Lee, J.-E.; Min, C.-R.; Kim, Y.C.; Yoon, J.-H.; Park, E.-J.; Kwon, Y.-J.; et al. Discovery of
a Novel Highly Selective Histamine H4 Receptor Antagonist for the Treatment of Atopic Dermatitis. J. Med. Chem. 2018, 61,
2949–2961. [CrossRef]

37. Wang, J.; Shu, M.; Wang, Y.; Hu, Y.; Wang, Y.; Luo, Y.; Lin, Z. Identification of potential CCR5 inhibitors through pharmacophore-
based virtual screening, molecular dynamics simulation and binding free energy analysis. Mol. Biosyst. 2016, 12, 3396–3406.
[CrossRef]

38. Evenseth, L.M.; Warszycki, D.; Bojarski, A.J.; Gabrielsen, M.; Sylte, I. In silico methods for the discovery of orthosteric GABAB
receptor compounds. Molecules 2019, 24, 935. [CrossRef]

39. Jang, J.W.; Cho, N.C.; Min, S.J.; Cho, Y.S.; Park, K.D.; Seo, S.H.; No, K.T.; Pae, A.N. Novel Scaffold Identification of mGlu1
Receptor Negative Allosteric Modulators Using a Hierarchical Virtual Screening Approach. Chem. Biol. Drug Des. 2016, 87,
239–256. [CrossRef]

40. Helal, M.A.; Chittiboyina, A.G.; Avery, M.A. Identification of a new small molecule chemotype of Melanin Concentrating
Hormone Receptor-1 antagonists using pharmacophore-based virtual screening. Bioorg. Med. Chem. Lett. 2019, 29, 126741.
[CrossRef]

41. Kaushik, A.C.; Kumar, S.; Wei, D.Q.; Sahi, S. Structure based virtual screening studies to identify novel potential compounds for
GPR142 and their relative dynamic analysis for study of type 2 diabetes. Front. Chem. 2018, 6, 23. [CrossRef] [PubMed]

42. Jabeen, A.; Vijayram, R.; Ranganathan, S. A two-stage computational approach to predict novel ligands for a chemosensory
receptor. Curr. Res. Struc. Biol. 2020, 2, 213–221. [CrossRef] [PubMed]

43. Zhao, S.; Li, X.; Peng, W.; Wang, L.; Ye, W.; Zhao, Y.; Yin, W.; Chen, W.-D.; Li, W.; Wang, Y.-D. Ligand-based pharmacophore
modeling, virtual screening and biological evaluation to identify novel TGR5 agonists. RSC Adv. 2021, 11, 9403–9409. [CrossRef]
[PubMed]

44. O’Dea, A.; Sondergard, C.; Sweeney, P.; Arnatt, C.K. A series of indole-thiazole derivatives act as GPER agonists and inhibit
breast cancer cell growth. ACS Med. Chem. Lett. 2018, 9, 901–906. [CrossRef] [PubMed]

45. Cho, N.-C.; Seo, S.-H.; Kim, D.; Shin, J.-S.; Ju, J.; Seong, J.; Seo, S.H.; Lee, I.; Lee, K.-T.; Kim, Y.K. Pharmacophore-based virtual
screening, biological evaluation and binding mode analysis of a novel protease-activated receptor 2 antagonist. J. Comput. Aided
Mol. Des. 2016, 30, 625–637. [CrossRef] [PubMed]

46. Dai, S.X.; Li, G.H.; Gao, Y.D.; Huang, J.F. Pharmacophore-Map-Pick: A Method to Generate Pharmacophore Models for All
Human GPCRs. Mol. Inform. 2016, 35, 81–91. [CrossRef]

47. Kirchweger, B.; Kratz, J.M.; Ladurner, A.; Grienke, U.; Langer, T.; Dirsch, V.M.; Rollinger, J.M. In silico workflow for the discovery
of natural products activating the G protein-coupled bile acid receptor 1. Front. Chem. 2018, 6, 242. [CrossRef]

48. Shiri, F.; Teymoori, M. In silico approaches to explore structure of new GPR 119 agonists for treatment of type 2 diabetes mellitus.
Med. Chem. Res. 2017, 26, 947–961. [CrossRef]

49. Zhang, G.; Wang, K.; Li, X.-D.; Zhang, D.-L.; Xu, F. Discovery of novel antagonists of human neurotensin receptor 1 on the basis
of ligand and protein structure. Biomed. Pharmacother. 2016, 84, 147–157. [CrossRef]

50. Nath, V.; Ahuja, R.; Kumar, V. Identification of novel G-protein-coupled receptor 40 (GPR40) agonists by hybrid in silico-screening
techniques and molecular dynamics simulations thereof. J. Biomol. Struct. Dyn. 2019, 37, 3764–3787. [CrossRef]

51. Lupala, C.S.; Gomez-Gutierrez, P.; Perez, J.J. New insights into the stereochemical requirements of the bradykinin B1 receptor
antagonists binding. J. Mol. Graph. Model. 2016, 68, 184–196. [CrossRef]

52. Lupala, C.S.; Gomez-Gutierrez, P.; Perez, J.J. New insights into the stereochemical requirements of the bradykinin B2 receptor
antagonists binding. J. Comput. Aided. Mol. Des. 2016, 30, 85–101. [CrossRef]

http://doi.org/10.1016/S0968-0896(99)00134-0
http://doi.org/10.1080/07391102.2019.1695665
http://doi.org/10.1021/acsomega.1c00681
http://doi.org/10.1111/cbdd.13471
http://doi.org/10.1021/acs.jcim.5b00739
http://doi.org/10.1038/srep21548
http://doi.org/10.1038/s41598-020-70493-1
http://doi.org/10.1021/acs.jmedchem.7b01855
http://doi.org/10.1039/C6MB00577B
http://doi.org/10.3390/molecules24050935
http://doi.org/10.1111/cbdd.12654
http://doi.org/10.1016/j.bmcl.2019.126741
http://doi.org/10.3389/fchem.2018.00023
http://www.ncbi.nlm.nih.gov/pubmed/29492402
http://doi.org/10.1016/j.crstbi.2020.10.001
http://www.ncbi.nlm.nih.gov/pubmed/34235481
http://doi.org/10.1039/D0RA10168K
http://www.ncbi.nlm.nih.gov/pubmed/35423434
http://doi.org/10.1021/acsmedchemlett.8b00212
http://www.ncbi.nlm.nih.gov/pubmed/30258538
http://doi.org/10.1007/s10822-016-9937-9
http://www.ncbi.nlm.nih.gov/pubmed/27600555
http://doi.org/10.1002/minf.201500075
http://doi.org/10.3389/fchem.2018.00242
http://doi.org/10.1007/s00044-017-1808-y
http://doi.org/10.1016/j.biopha.2016.09.025
http://doi.org/10.1080/07391102.2018.1527255
http://doi.org/10.1016/j.jmgm.2016.06.010
http://doi.org/10.1007/s10822-015-9890-z


Pharmaceuticals 2022, 15, 1304 27 of 31

53. Rasaeifar, B.; Gomez-Gutierrez, P.; Perez, J.J. New Insights into the Stereochemical Requirements of the Bombesin BB1 Receptor
Antagonists Binding. Pharmaceuticals 2020, 13, 197. [CrossRef]

54. Sindhu, T.; Srinivasan, P. Pharmacophore modeling, comprehensive 3D-QSAR, and binding mode analysis of TGR5 agonists. J.
Recept Signal Transduct. Res. 2017, 37, 109–123. [CrossRef]

55. Jenkins, J.L.; Kao, R.Y.; Shapiro, R. Virtual screening to enrich hit lists from high-throughput screening: A case study on
small-molecule inhibitors of angiogenin. Proteins Struct. Funct. Genet. 2003, 50, 81–93. [CrossRef]

56. Morris, G.M.; Lim-Wilby, M. Molecular docking. Mol. Model. Proteins 2008, 433, 365–382.
57. Jaiteh, M.; Rodríguez-Espigares, I.; Selent, J.; Carlsson, J. Performance of virtual screening against GPCR homology models:

Impact of template selection and treatment of binding site plasticity. PLoS Comput. Biol. 2020, 16, e1007680. [CrossRef]
58. Moffat, K.; Gillet, V.J.; Whittle, M.; Bravi, G.; Leach, A.R. A comparison of field-based similarity searching methods. J. Chem. Inf.

Model. 2008, 48, 719–729. [CrossRef]
59. Hähnke, V.; Todoroff, N.; Rodrigues, T.; Schneider, G. Significance estimation for sequence-based chemical similarity searching

(PhAST) and application to AuroraA kinase inhibitors. Future Med. Chem. 2012, 4, 1897–1906. [CrossRef]
60. Braga, R.C.; Andrade, C.H. Assessing the performance of 3D pharmacophore models in virtual screening: How good are they?

Curr. Top. Med. Chem. 2013, 13, 1127–1138. [CrossRef]
61. DeWire, S.M.; Yamashita, D.S.; Rominger, D.H.; Liu, G.; Cowan, C.L.; Graczyk, T.M.; Chen, X.-T.; Pitis, P.M.; Gotchev, D.; Yuan, C.

A G protein-biased ligand at the µ-opioid receptor is potently analgesic with reduced gastrointestinal and respiratory dysfunction
compared with morphine. J. Pharmacol. Exp. Ther. 2013, 344, 708–717. [CrossRef] [PubMed]

62. White, K.L.; Scopton, A.P.; Rives, M.-L.; Bikbulatov, R.V.; Polepally, P.R.; Brown, P.J.; Kenakin, T.; Javitch, J.A.; Zjawiony, J.K.;
Roth, B.L. Identification of novel functionally selective κ-opioid receptor scaffolds. Mol. Pharmacol. 2014, 85, 83–90. [CrossRef]
[PubMed]

63. Gesty-Palmer, D.; Chen, M.; Reiter, E.; Ahn, S.; Nelson, C.D.; Wang, S.; Eckhardt, A.E.; Cowan, C.L.; Spurney, R.F.; Luttrell, L.M.
Distinct β-arrestin-and G protein-dependent pathways for parathyroid hormone receptor-stimulated ERK1/2 activation. J. Biol.
Chem. 2006, 281, 10856–10864. [CrossRef] [PubMed]

64. Ragle, L.E.; Palanisamy, D.J.; Joe, M.J.; Stein, R.S.; Norman, D.D.; Tigyi, G.; Baker, D.L.; Parrill, A.L. Discovery and synthetic
optimization of a novel scaffold for hydrophobic tunnel-targeted autotaxin inhibition. Bioorg. Med. Chem. 2016, 24, 4660–4674.
[CrossRef] [PubMed]

65. Wu, B.; Chien, E.Y.; Mol, C.D.; Fenalti, G.; Liu, W.; Katritch, V.; Abagyan, R.; Brooun, A.; Wells, P.; Bi, F.C. Structures of the CXCR4
chemokine GPCR with small-molecule and cyclic peptide antagonists. Science 2010, 330, 1066–1071. [CrossRef]

66. Li, J.; Edwards, P.C.; Burghammer, M.; Villa, C.; Schertler, G.F. Structure of bovine rhodopsin in a trigonal crystal form. J. Mol.
Biol. 2004, 343, 1409–1438. [CrossRef]

67. Ujiantari, N.S.O.; Ham, S.; Nagiri, C.; Shihoya, W.; Nureki, O.; Hutchinson, D.S.; Schuster, D. Pharmacophore-guided Virtual
Screening to Identify New β3-adrenergic Receptor Agonists. Mol. Inform. 2021, 41, 2100223. [CrossRef]

68. Specs. Available online: www.specs.net (accessed on 18 July 2022).
69. Wishart, D.S.; Knox, C.; Guo, A.C.; Shrivastava, S.; Hassanali, M.; Stothard, P.; Chang, Z.; Woolsey, J. DrugBank: A comprehensive

resource for in silico drug discovery and exploration. Nucleic Acids Res. 2006, 34, D668–D672. [CrossRef]
70. Takaharu, M.; Tanaka, K.; Suzuki, J.; Miyoshi, H.; Harada, N.; Nakamura, T.; Miyamoto, Y.; Kanatani, A.; Tamai, Y. Targeted

disruption of G protein-coupled bile acid receptor 1 (Gpbar1/M-Bar) in mice. J. Endocrinol. 2006, 197, 197–205. [CrossRef]
71. Yang, F.; Mao, C.; Guo, L.; Lin, J.; Ming, Q.; Xiao, P.; Wu, X.; Shen, Q.; Guo, S.; Shen, D.-D. Structural basis of GPBAR activation

and bile acid recognition. Nature 2020, 587, 499–504. [CrossRef]
72. Gemkow, M.J.; Davenport, A.J.; Harich, S.; Ellenbroek, B.A.; Cesura, A.; Hallett, D. The histamine H3 receptor as a therapeutic

drug target for CNS disorders. Drug Discov. Today 2009, 14, 509–515. [CrossRef]
73. Irwin, J.J.; Shoichet, B.K. Zinc–A Free Database of Commercially Available Compounds for Virtual Screening. J. Chem. Inf. Model.

2005, 45, 177–182. [CrossRef]
74. Bajusz, D.; Rácz, A.; Héberger, K. Why is Tanimoto index an appropriate choice for fingerprint-based similarity calculations? J.

Cheminform. 2015, 7, 20. [CrossRef]
75. Frandsen, I.O.; Boesgaard, M.W.; Fidom, K.; Hauser, A.S.; Isberg, V.; Bräuner-Obsorne, H.; Wellendorph, P.; Gloriam, D.E.

Identification of Histamine H3 Receptor Ligands Using a New Crystal Structure Fragment-based Method. Sci. Rep. 2017, 7, 4829.
[CrossRef]

76. Munk, C.; Isberg, V.; Mordalski, S.; Harpsøe, K.; Rataj, K.; Hauser, A.S.; Kolb, P.; Bojarski, A.J.; Vriend, G.; Gloriam, D.E. GPCRdb:
The G protein–coupled receptor database–An introduction. Br. J. Pharmacol. 2016, 173, 2195–2207. [CrossRef]

77. Sabetghadam, A.; Grabowiecka-Nowak, A.; Kania, A.; Gugula, A.; Blasiak, E.; Blasiak, T.; Ma, S.; Gundlach, A.L.; Blasiak, A.
Melanin-concentrating hormone and orexin systems in rat nucleus incertus: Dual innervation, bidirectional effects on neuron
activity, and differential influences on arousal and feeding. Neuropharmacology 2018, 139, 238–256. [CrossRef]

78. Kawata, Y.; Okuda, S.; Hotta, N.; Igawa, H.; Takahashi, M.; Ikoma, M.; Kasai, S.; Ando, A.; Satomi, Y.; Nishida, M. A novel and
selective melanin-concentrating hormone receptor 1 antagonist ameliorates obesity and hepatic steatosis in diet-induced obese
rodent models. Eur. J. Pharmacol. 2017, 796, 45–53. [CrossRef]

79. Gilson, M.K.; Liu, T.; Baitaluk, M.; Nicola, G.; Hwang, L.; Chong, J. BindingDB in 2015: A public database for medicinal chemistry,
computational chemistry and systems pharmacology. Nucleic Acids Res. 2016, 44, D1045–D1053. [CrossRef]

http://doi.org/10.3390/ph13080197
http://doi.org/10.1080/10799893.2016.1189564
http://doi.org/10.1002/prot.10270
http://doi.org/10.1371/journal.pcbi.1007680
http://doi.org/10.1021/ci700130j
http://doi.org/10.4155/fmc.12.148
http://doi.org/10.2174/1568026611313090010
http://doi.org/10.1124/jpet.112.201616
http://www.ncbi.nlm.nih.gov/pubmed/23300227
http://doi.org/10.1124/mol.113.089649
http://www.ncbi.nlm.nih.gov/pubmed/24113749
http://doi.org/10.1074/jbc.M513380200
http://www.ncbi.nlm.nih.gov/pubmed/16492667
http://doi.org/10.1016/j.bmc.2016.08.004
http://www.ncbi.nlm.nih.gov/pubmed/27544588
http://doi.org/10.1126/science.1194396
http://doi.org/10.1016/j.jmb.2004.08.090
http://doi.org/10.1002/minf.202100223
www.specs.net
http://doi.org/10.1093/nar/gkj067
http://doi.org/10.1677/joe.1.06546
http://doi.org/10.1038/s41586-020-2569-1
http://doi.org/10.1016/j.drudis.2009.02.011
http://doi.org/10.1021/ci049714+
http://doi.org/10.1186/s13321-015-0069-3
http://doi.org/10.1038/s41598-017-05058-w
http://doi.org/10.1111/bph.13509
http://doi.org/10.1016/j.neuropharm.2018.07.004
http://doi.org/10.1016/j.ejphar.2016.12.018
http://doi.org/10.1093/nar/gkv1072


Pharmaceuticals 2022, 15, 1304 28 of 31

80. Huo, X.-K.; Liu, J.; Yu, Z.-L.; Wang, Y.-F.; Wang, C.; Tian, X.-G.; Ning, J.; Feng, L.; Sun, C.-P.; Zhang, B.-J. Alisma orientale extract
exerts the reversing cholestasis effect by activation of farnesoid X receptor. Phytomedicine 2018, 42, 34–42. [CrossRef] [PubMed]

81. Lambert, G.; Amar, M.J.; Guo, G.; Brewer, H.B.; Gonzalez, F.J.; Sinal, C.J. The farnesoid X-receptor is an essential regulator of
cholesterol homeostasis. J. Biol. Chem. 2003, 278, 2563–2570. [CrossRef] [PubMed]

82. Zhang, Y.; Lee, F.Y.; Barrera, G.; Lee, H.; Vales, C.; Gonzalez, F.J.; Willson, T.M.; Edwards, P.A. Activation of the nuclear receptor
FXR improves hyperglycemia and hyperlipidemia in diabetic mice. Proc. Natl. Acad. Sci. USA 2006, 103, 1006–1011. [CrossRef]

83. Carino, A.; Biagioli, M.; Marchianò, S.; Scarpelli, P.; Zampella, A.; Limongelli, V.; Fiorucci, S. Disruption of TFGβ-SMAD3 pathway
by the nuclear receptor SHP mediates the antifibrotic activities of BAR704, a novel highly selective FXR ligand. Pharmacol. Res.
2018, 131, 17–31. [CrossRef]

84. Spetea, M.; Faheem Asim, M.; Wolber, G.; Schmidhammer, H. The µ opioid receptor and ligands acting at the µ opioid receptor,
as therapeutics and potential therapeutics. Curr. Pharm. Des. 2013, 19, 7415–7434. [CrossRef] [PubMed]

85. Fürst, S.; Hosztafi, S. The chemical and pharmacological importance of morphine analogues. Hung. Acta Physiol. 2008, 95, 3–44.
[CrossRef] [PubMed]

86. Schmidhammer, H.; Spetea, M. Synthesis of 14-alkoxymorphinan derivatives and their pharmacological actions. Top. Curr. Chem.
2011, 299, 63–91. [CrossRef]

87. Manglik, A.; Kruse, A.C.; Kobilka, T.S.; Thian, F.S.; Mathiesen, J.M.; Sunahara, R.K.; Pardo, L.; Weis, W.I.; Kobilka, B.K.; Granier, S.
Crystal structure of the µ-opioid receptor bound to a morphinan antagonist. Nature 2012, 485, 321–326. [CrossRef]

88. Puls, K.; Olivé-Marti, A.-L.; Pach, S.; Pinter, B.; Erli, F.; Wolber, G.; Spetea, M. In Vitro, In Vivo and In Silico Characterization of a
Novel Kappa-Opioid Receptor Antagonist. Pharmaceuticals 2022, 15, 680. [CrossRef]

89. Jacobson, M.L.; Browne, C.A.; Lucki, I. Kappa Opioid Receptor Antagonists as Potential Therapeutics for Stress-Related Disorders.
Annu. Rev. Pharmacol. Toxicol. 2020, 60, 615–636. [CrossRef]

90. Glukhova, A.; Draper-Joyce, C.J.; Sunahara, R.K.; Christopoulos, A.; Wootten, D.; Sexton, P.M. Rules of Engagement: GPCRs and
G Proteins. ACS Pharmacol. Transl. Sci. 2018, 1, 73–83. [CrossRef]

91. Ehlert, F.J. Quantifying GPCR allostery and biased signaling. In GPCRs; Jastrzebska, B., Park, P.S.H., Eds.; Academic Press:
London, UK, 2020; pp. 143–169.

92. Bock, A.; Bermudez, M.; Krebs, F.; Matera, C.; Chirinda, B.; Sydow, D.; Dallanoce, C.; Holzgrabe, U.; De Amici, M.; Lohse, M.J.;
et al. Ligand Binding Ensembles Determine Graded Agonist Efficacies at a G Protein-coupled Receptor. J. Biol. Chem. 2016, 291,
16375–16389. [CrossRef]

93. Kenakin, T.; Watson, C.; Muniz-Medina, V.; Christopoulos, A.; Novick, S. A simple method for quantifying functional selectivity
and agonist bias. ACS Chem. Neurosci. 2012, 3, 193–203. [CrossRef]

94. Kolb, P.; Kenakin, T.; Alexander, S.P.H.; Bermudez, M.; Bohn, L.M.; Breinholt, C.S.; Bouvier, M.; Hill, S.J.; Kostenis, E.; Marte-
myanov, K.A.; et al. Community guidelines for GPCR ligand bias: IUPHAR review 32. Br. J. Pharmacol. 2022, 179, 3651–3674.
[CrossRef] [PubMed]

95. Conibear, A.E.; Kelly, E. A Biased View of µ-Opioid Receptors? Mol. Pharmacol. 2019, 96, 542–549. [CrossRef] [PubMed]
96. Wu, Y.T.; Tong, J.; Ding, K.; Zhou, Q.; Zhao, S. GPCR Allosteric Modulator Discovery. Protein Allostery Drug Discov. 2019, 1163,

225–251.
97. Wold, E.A.; Chen, J.; Cunningham, K.A.; Zhou, J. Allosteric Modulation of Class A GPCRs: Targets, Agents, and Emerging

Concepts. J. Med. Chem. 2019, 62, 88–127. [CrossRef]
98. Bachelerie, F.; Ben-Baruch, A.; Burkhardt, A.M.; Combadiere, C.; Farber, J.M.; Graham, G.J.; Horuk, R.; Sparre-Ulrich, A.H.; Locati,

M.; Luster, A.D. International Union of Basic and Clinical Pharmacology. LXXXIX. Update on the extended family of chemokine
receptors and introducing a new nomenclature for atypical chemokine receptors. Pharmacol. Rev. 2014, 66, 1–79. [CrossRef]

99. Pervaiz, A.; Zepp, M.; Mahmood, S.; Ali, D.M.; Berger, M.R.; Adwan, H. CCR5 blockage by maraviroc: A potential therapeutic
option for metastatic breast cancer. Cell. Oncol. 2019, 42, 93–106. [CrossRef]

100. Tan, Q.; Zhu, Y.; Li, J.; Chen, Z.; Han, G.W.; Kufareva, I.; Li, T.; Ma, L.; Fenalti, G.; Li, J. Structure of the CCR5 chemokine
receptor–HIV entry inhibitor maraviroc complex. Science 2013, 341, 1387–1390. [CrossRef]

101. Zhong, Y.; Li, X.; Zhu, D.; Zhao, N.; Yao, H.; Lin, K. Characteristics of parathyroid hormone-1 receptor agonists and antagonists.
Future Med. Chem. 2019, 11, 817–831. [CrossRef]

102. Salmas, R.E.; Stein, M.; Yurtsever, M.; Seeman, P.; Erol, I.; Mestanoglu, M.; Durdagi, S. The signaling pathway of dopamine D2
receptor (D2R) activation using normal mode analysis (NMA) and the construction of pharmacophore models for D2R ligands. J.
Biomol. Struct. Dyn. 2017, 35, 2040–2048. [CrossRef]

103. Shi, L.; Javitch, J.A. The binding site of aminergic G protein-coupled receptors: The transmembrane segments and second
extracellular loop. Annu. Rev. Pharmacol. Toxicol. 2002, 42, 437. [CrossRef]

104. Surgand, J.S.; Rodrigo, J.; Kellenberger, E.; Rognan, D. A chemogenomic analysis of the transmembrane binding cavity of human
G-protein-coupled receptors. Proteins 2006, 62, 509–538. [CrossRef]

105. Kooistra, A.J.; Kuhne, S.; De Esch, I.; Leurs, R.; De Graaf, C. A structural chemogenomics analysis of aminergic GPCRs: Lessons
for histamine receptor ligand design. Br. J. Pharmacol. 2013, 170, 101–126. [CrossRef]

106. Xiao, J.; Free, R.B.; Barnaeva, E.; Conroy, J.L.; Doyle, T.; Miller, B.; Bryant-Genevier, M.; Taylor, M.K.; Hu, X.; Dulcey, A.E.; et al.
Discovery, optimization, and characterization of novel D2 dopamine receptor selective antagonists. J. Med. Chem. 2014, 57,
3450–3463. [CrossRef]

http://doi.org/10.1016/j.phymed.2018.03.017
http://www.ncbi.nlm.nih.gov/pubmed/29655695
http://doi.org/10.1074/jbc.M209525200
http://www.ncbi.nlm.nih.gov/pubmed/12421815
http://doi.org/10.1073/pnas.0506982103
http://doi.org/10.1016/j.phrs.2018.02.033
http://doi.org/10.2174/13816128113199990362
http://www.ncbi.nlm.nih.gov/pubmed/23448479
http://doi.org/10.1556/APhysiol.95.2008.1.1
http://www.ncbi.nlm.nih.gov/pubmed/18389996
http://doi.org/10.1007/128_2010_77
http://doi.org/10.1038/nature10954
http://doi.org/10.3390/ph15060680
http://doi.org/10.1146/annurev-pharmtox-010919-023317
http://doi.org/10.1021/acsptsci.8b00026
http://doi.org/10.1074/jbc.M116.735431
http://doi.org/10.1021/cn200111m
http://doi.org/10.1111/bph.15811
http://www.ncbi.nlm.nih.gov/pubmed/35106752
http://doi.org/10.1124/mol.119.115956
http://www.ncbi.nlm.nih.gov/pubmed/31175184
http://doi.org/10.1021/acs.jmedchem.8b00875
http://doi.org/10.1124/pr.113.007724
http://doi.org/10.1007/s13402-018-0415-3
http://doi.org/10.1126/science.1241475
http://doi.org/10.4155/fmc-2018-0508
http://doi.org/10.1080/07391102.2016.1206487
http://doi.org/10.1146/annurev.pharmtox.42.091101.144224
http://doi.org/10.1002/prot.20768
http://doi.org/10.1111/bph.12248
http://doi.org/10.1021/jm500126s


Pharmaceuticals 2022, 15, 1304 29 of 31

107. Kaczor, A.A.; Zuk, J.; Matosiuk, D. Comparative molecular field analysis and molecular dynamics studies of the dopamine D2
receptor antagonists without a protonatable nitrogen atom. Med. Chem. Res. 2018, 27, 1149–1166. [CrossRef]

108. Chien, E.Y.; Liu, W.; Zhao, Q.; Katritch, V.; Won Han, G.; Hanson, M.A.; Shi, L.; Newman, A.H.; Javitch, J.A.; Cherezov, V. Structure
of the human dopamine D3 receptor in complex with a D2/D3 selective antagonist. Science 2010, 330, 1091–1095. [CrossRef]
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145. Warszycki, D.; Struski, Ł.; Śmieja, M.; Kafel, R.; Kurczab, R. Pharmacoprint: A Combination of a Pharmacophore Fingerprint and

Artificial Intelligence as a Tool for Computer-Aided Drug Design. J. Chem. Inf. Model. 2021, 61, 5054–5065. [CrossRef]
146. Hall, L.H.; Kier, L.B. Electrotopological State Indices for Atom Types: A Novel Combination of Electronic, Topological, and

Valence State Information. J. Chem. Inf. Comput. Sci. 1995, 35, 1039–1045. [CrossRef]
147. Kozakov, D.; Grove, L.E.; Hall, D.R.; Bohnuud, T.; Mottarella, S.E.; Luo, L.; Xia, B.; Beglov, D.; Vajda, S. The FTMap family of web

servers for determining and characterizing ligand-binding hot spots of proteins. Nat. Protoc. 2015, 10, 733–755. [CrossRef]
148. Yap, C.W. PaDEL-descriptor: An open source software to calculate molecular descriptors and fingerprints. J. Comput. Chem. 2011,

32, 1466–1474. [CrossRef]
149. Rogers, D.; Hahn, M. Extended-connectivity fingerprints. J. Chem. Inf. Model. 2010, 50, 742–754. [CrossRef]
150. Wei, Y.; Wang, M.; Li, Y.; Hong, Z.; Li, D.; Lin, J. Identification of new potent A1 adenosine receptor antagonists using a multistage

virtual screening approach. Eur. J. Med. Chem. 2020, 187, 111936. [CrossRef]
151. Wang, M.; Hou, S.; Wei, Y.; Li, D.; Lin, J. Discovery of novel dual adenosine A1/A2A receptor antagonists using deep learning,

pharmacophore modeling and molecular docking. PLoS Comput. Biol. 2021, 17, e1008821. [CrossRef] [PubMed]
152. Basith, S.; Cui, M.; Macalino, S.J.Y.; Park, J.; Clavio, N.A.B.; Kang, S.; Choi, S. Exploring G Protein-Coupled Receptors (GPCRs)

Ligand Space via Cheminformatics Approaches: Impact on Rational Drug Design. Front. Pharmacol. 2018, 9, 128. [CrossRef]
153. UniProt: A worldwide hub of protein knowledge. Nucleic Acids Res. 2019, 47, D506–D515. [CrossRef]
154. Sievers, F.; Wilm, A.; Dineen, D.; Gibson, T.J.; Karplus, K.; Li, W.; Lopez, R.; McWilliam, H.; Remmert, M.; Söding, J.; et al. Fast,

scalable generation of high-quality protein multiple sequence alignments using Clustal Omega. Mol. Syst. Biol. 2011, 7, 539.
[CrossRef] [PubMed]

155. Letunic, I.; Bork, P. Interactive Tree Of Life (iTOL) v5: An online tool for phylogenetic tree display and annotation. Nucleic Acids
Res. 2021, 49, W293–W296. [CrossRef] [PubMed]

156. Stevens, R.C.; Cherezov, V.; Katritch, V.; Abagyan, R.; Kuhn, P.; Rosen, H.; Wüthrich, K. The GPCR Network: A large-scale
collaboration to determine human GPCR structure and function. Nat. Rev. Drug Discov. 2013, 12, 25–34. [CrossRef] [PubMed]

157. Johnson, M.A.; Maggiora, G.M. Concepts and Applications of Molecular Similarity; Wiley: Hoboken, NJ, USA, 1990.
158. Rodríguez, D.; Gao, Z.-G.; Moss, S.M.; Jacobson, K.A.; Carlsson, J. Molecular Docking Screening Using Agonist-Bound GPCR

Structures: Probing the A 2A Adenosine Receptor. J. Chem. Inf. Model. 2015, 55, 550–563. [CrossRef] [PubMed]
159. Castleman, P.; Szabowski, G.; Bowman, D.; Cole, J.; Parrill, A.L.; Baker, D.L. Ligand-based G Protein Coupled Receptor

pharmacophore modeling: Assessing the role of ligand function in model development. J. Mol. Graph. Model. 2022, 111, 108107.
[CrossRef]

160. Seidel, T.; Ibis, G.; Bendix, F.; Wolber, G. Strategies for 3D pharmacophore-based virtual screening. Drug Discov. Today Technol.
2010, 7, 221–228. [CrossRef]

161. Miszta, P.; Pasznik, P.; Jakowiecki, J.; Sztyler, A.; Latek, D.; Filipek, S. GPCRM: A homology modeling web service with triple
membrane-fitted quality assessment of GPCR models. Nucleic Acids Res. 2018, 46, W387–W395. [CrossRef]

162. Worth, C.L.; Kreuchwig A Fau-Kleinau, G.; Kleinau G Fau-Krause, G.; Krause, G. GPCR-SSFE: A comprehensive database of
G-protein-coupled receptor template predictions and homology models. BMC Bioinform. 2011, 12, 185. [CrossRef]

http://doi.org/10.3390/ijms21249728
http://doi.org/10.1021/acs.jcim.9b00281
http://www.ncbi.nlm.nih.gov/pubmed/31117512
http://doi.org/10.1002/minf.202000020
http://doi.org/10.1016/j.sbi.2019.03.022
http://www.ncbi.nlm.nih.gov/pubmed/31005679
http://doi.org/10.1016/j.ymeth.2020.06.016
http://www.ncbi.nlm.nih.gov/pubmed/32645448
http://doi.org/10.1016/j.sbi.2019.02.011
http://www.ncbi.nlm.nih.gov/pubmed/30909105
http://doi.org/10.1021/ci800064z
http://doi.org/10.1093/bioinformatics/btx350
http://doi.org/10.1093/nar/gkt1031
http://doi.org/10.3390/50700987
http://doi.org/10.1002/(SICI)1097-0290(199824)61:1&lt;47::AID-BIT9&gt;3.0.CO;2-Z
http://doi.org/10.1021/ci3000776
http://doi.org/10.1021/acs.jcim.1c00589
http://doi.org/10.1021/ci00028a014
http://doi.org/10.1038/nprot.2015.043
http://doi.org/10.1002/jcc.21707
http://doi.org/10.1021/ci100050t
http://doi.org/10.1016/j.ejmech.2019.111936
http://doi.org/10.1371/journal.pcbi.1008821
http://www.ncbi.nlm.nih.gov/pubmed/33739970
http://doi.org/10.3389/fphar.2018.00128
http://doi.org/10.1093/nar/gky1049
http://doi.org/10.1038/msb.2011.75
http://www.ncbi.nlm.nih.gov/pubmed/21988835
http://doi.org/10.1093/nar/gkab301
http://www.ncbi.nlm.nih.gov/pubmed/33885785
http://doi.org/10.1038/nrd3859
http://www.ncbi.nlm.nih.gov/pubmed/23237917
http://doi.org/10.1021/ci500639g
http://www.ncbi.nlm.nih.gov/pubmed/25625646
http://doi.org/10.1016/j.jmgm.2021.108107
http://doi.org/10.1016/j.ddtec.2010.11.004
http://doi.org/10.1093/nar/gky429
http://doi.org/10.1186/1471-2105-12-185


Pharmaceuticals 2022, 15, 1304 31 of 31

163. Ngo, T.; Kufareva, I.; Coleman, J.L.; Graham, R.M.; Abagyan, R.; Smith, N.J. Identifying ligands at orphan GPCRs: Current status
using structure-based approaches. Br. J. Pharmacol. 2016, 173, 2934–2951. [CrossRef]

164. Lemer, C.M.; Rooman Mj Fau-Wodak, S.J.; Wodak, S.J. Protein structure prediction by threading methods: Evaluation of current
techniques. Proteins 1995, 23, 337–355. [CrossRef]

165. Hardin, C.; Pogorelov, T.V.; Luthey-Schulten, Z. Ab initio protein structure prediction. Curr. Opin. Struct. Biol. 2002, 12, 176–181.
[CrossRef]

166. Wu, H.; Wang, C.; Gregory, K.J.; Han, G.W.; Cho, H.P.; Xia, Y.; Niswnder, C.M.; Katritch, V.; Meiler, J.; Cherezov, V.; et al. Structure
of a Class C GPCR Metabotropic Glutamate Receptor 1 Bound to an Allosteric Modulator. Science 2014, 344, 58–64. [CrossRef]

167. Baek, M.; DiMaio, F.; Anishchenko, I.; Dauparas, J.; Ovchinnikov, S.; Lee, G.R.; Wang, J.; Cong, Q.; Kinch, L.N.; Schaeffer, R.D.;
et al. Accurate prediction of protein structures and interactions using a three-track neural network. Science 2021, 373, 871–876.
[CrossRef]

168. Ballante, F.; Kooistra, A.J.; Kampen, S.; de Graaf, C.; Carlsson, J. Structure-Based Virtual Screening for Ligands of G Protein–
Coupled Receptors: What Can Molecular Docking Do for You? Pharmacol. Rev. 2021, 73, 1698. [CrossRef]

169. Lee, Y.; Basith, S.; Choi, S. Recent Advances in Structure-Based Drug Design Targeting Class A G Protein-Coupled Receptors
Utilizing Crystal Structures and Computational Simulations. J. Med. Chem. 2018, 61, 1–46. [CrossRef]

170. Warren, G.L.; Andrews, C.W.; Capelli, A.-M.; Clarke, B.; LaLonde, J.; Lambert, M.H.; Lindvall, M.; Nevins, N.; Semus, S.F.; Senger,
S.; et al. A Critical Assessment of Docking Programs and Scoring Functions. J. Med. Chem. 2006, 49, 5912–5931. [CrossRef]

171. Ferreira, L.G.; Dos Santos, R.N.; Oliva, G.; Andricopulo, A.D. Molecular Docking and Structure-Based Drug Design Strategies.
Molecules 2005, 20, 13384–13421. [CrossRef]

172. Pillaiyar, T.; Köse, M.; Namasivayam, V.; Sylvester, K.; Borges, G.; Thimm, D.; von Kügelgen, I.; Müller, C.E. 6-(Ar)Alkylamino-
Substituted Uracil Derivatives: Lipid Mimetics with Potent Activity at the Orphan G Protein-Coupled Receptor 84 (GPR84). ACS
Omega 2018, 3, 3365–3383. [CrossRef]

173. Ngan, C.-H.; Hall, D.R.; Zerbe, B.; Grove, L.E.; Kozakov, D.; Vajda, S. FTSite: High accuracy detection of ligand binding sites on
unbound protein structures. Bioinformatics 2012, 28, 286–287. [CrossRef]

174. Hedderich, J.B.; Persechino, M.; Becker, K.; Heydenreich, F.M.; Gutermuth, T.; Bouvier, M.; Bünemann, M.; Kolb, P. The pocketome
of G-protein-coupled receptors reveals previously untargeted allosteric sites. Nat. Commun. 2022, 13, 2567. [CrossRef]

http://doi.org/10.1111/bph.13452
http://doi.org/10.1002/prot.340230308
http://doi.org/10.1016/S0959-440X(02)00306-8
http://doi.org/10.1126/science.1249489
http://doi.org/10.1126/science.abj8754
http://doi.org/10.1124/pharmrev.120.000246
http://doi.org/10.1021/acs.jmedchem.6b01453
http://doi.org/10.1021/jm050362n
http://doi.org/10.3390/molecules200713384
http://doi.org/10.1021/acsomega.7b02092
http://doi.org/10.1093/bioinformatics/btr651
http://doi.org/10.1038/s41467-022-29609-6

	Introduction 
	Virtual Screening 
	Orthosteric Ligands 
	Bombesin Receptor 1 
	Bradykinin Receptors 
	3-Adrenergic Receptor 
	Cannabinoid Receptor 2 
	G Protein-Coupled Bile Acid Receptor 1 
	G Protein-Coupled Estrogen Receptor 
	Histamine H3 Receptor 
	Melanin-Concentrating Hormone Receptor-1 
	Neurotensin Receptor Type 1 
	Protease-Activated Receptor 2 

	Medicinal Plants in Virtual Screening 
	TGR5 
	-Opioid Receptor 

	Biased Ligands 
	Opioid Receptors 

	Allosteric Modulators 
	Chemokine Receptors 
	Metabotropic Glutamate Receptor 1 


	Structure-Activity Relationships and QSAR 
	Parathyroid Hormone-1 Receptor 
	Dopamine D2 Receptor 
	Serotonin 5-HT7 Receptor 
	TGR5 
	G Protein-Coupled Receptor 40 

	Scaffold Hopping and Hit-to-Lead Optimization 
	Histamine H4 Receptor 
	Somatostatin Receptor Subtype-2 
	Serotonin 5-HT2B Receptor 
	G Protein-Coupled Receptor 139 

	Dynamics in GPCR-Based Pharmacophore Modeling 
	Dynamic Pharmacophores 
	M1 Receptor 
	5-HT2B Receptor 

	PyRod 
	Dopamine D2/D3 Receptor 

	Machine Learning and 3D Pharmacophore Models in GPCR Drug Discovery 
	Discussion 
	Challenges: LBDD Is Favored over SBDD in GPCR Research 
	Evaluating PBVS and DBVS in GPCR Ligand Discovery 
	Comparing Different Studies on the Same Receptor 

	Future Perspectives 
	Conclusions 
	References

