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ABSTRACT: The mu-opioid receptor (MOR), a member of the G-protein-
coupled receptor superfamily, is pivotal in pain modulation and analgesia.
Biased agonism at MOR offers a promising avenue for developing safer opioid
therapeutics by selectively engaging specific signaling pathways. This study
presents a comprehensive analysis of biased agonists using a newly curated
database, BiasMOR, comprising 166 unique molecules with annotated activity
data for GTPγS, cAMP, and β-arrestin assays. Advanced structure−activity
relationship (SAR) analyses, including network similarity graphs, maximum
common substructures, and activity cliff identification, reveal critical molecular
features underlying bias signaling. Modelability assessments indicate high
suitability for predictive modeling, with RMODI indices exceeding 0.96 and SARI indices highlighting moderately continuous SAR
landscapes for cAMP and β-arrestin assays. Interaction patterns for biased agonists are discussed, including key residues such as D3.32,
Y7.43, and Y3.33. Comparative studies of enantiomer-specific interactions further underscore the role of ligand-induced conformational
states in modulating signaling pathways. This work underscores the potential of combining computational and experimental
approaches to advance the understanding of MOR-biased signaling, paving the way for safer opioid therapies. The database provided
here will serve as a starting point for designing biased mu opioid receptor ligands and will be updated as new data become available.
Increasing the repertoire of biased ligands and analyzing molecules collectively, as the database described here, contributes to
pinpointing structural features responsible for biased agonism that can be associated with biological effects still under debate.

■ INTRODUCTION
Opioid receptors (OR) belong to the superfamily of G-protein-
coupled receptors (GPCRs). OR are essential for modulating
pain and mediating analgesia. Among the four subtypes, the
mu-opioid receptor (MOR) is the primary target of morphine
and most opioid-based analgesics. Biased agonism at MOR,
which refers to the selective activation of specific signaling
pathways, has emerged as a critical area of research in the
pursuit of safer opioid therapeutics.1−4 Predictive models of
bioactivity are indispensable tools for discovering new
molecules with optimized pharmacological properties. These
models are widely utilized in both academic and industrial
settings. However, their predictive accuracy hinges on multiple
factors, particularly the quality and scope of the data used for
model development.5,6 This makes the creation, maintenance,
and documentation of molecular databases a foundational step
in the modeling process.
Several publicly available molecular databases exist, with

their selection often dictated by the specific goals of a study.
Table 1 provides an overview of commonly used libraries in
the GPCR field, detailing their content and data types. General
libraries are versatile, supporting virtual screening and

cheminformatics studies, while focused libraries cater to
specific diseases or molecular types. A notable example is
BiasDB,7,8 a manually curated database containing 727 cases of
biased ligands. These ligands are categorized into four signaling
pathways: G protein, G protein-selective, extracellular signal-
regulated kinases (ERK), and β-arrestin. BiasDB is particularly
relevant to this work, as it includes molecules that
preferentially induce certain signaling effects, such as G-protein
recruitment over β-arrestin, a phenomenon known as func-
tional selectivity.
For the predictive modeling of biased agonism, it is essential

that the database encompasses a wide range of activity,
including both biased and unbiased (balanced) ligands. Before
developing predictive models, a comprehensive qualitative
analysis of structure−activity relationships (SAR) and
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exploratory data analysis is critical. In this study, we conducted
a scaffold analysis, identified maximum common substructures,
assessed modelability, and examined activity cliffs. Finally, we
present an interactive pattern analysis of MOR-biased agonists
as a strategy to guide the design of novel biased ligands.

■ MATERIALS AND METHODS
Database Preparation. The initial set of ligands was

obtained from the BiasDB database7,8 using the following
criteria: receptor family (opioid receptor), receptor subtype
(mu-opioid receptor), and bias category (G protein). Applying
these criteria, BiasDB yielded a total of 68 compounds, all of
which induce bias toward either G protein or β-arrestin
signaling pathways. For these molecules, the following
information was provided: name, SMILES representation,
type of bias, and bibliographic references. However,
information on potency (EC50) and maximum efficacy (Emax)
was not included. Consequently, a manual search was
conducted to annotate the potency and efficacy values.
Molecules were selected if they included relevant activity
data against the MOR, such as affinity values (EC50, pEC50, or
log EC50) or functional information.
The chemical structures were verified against the original

references. Ambiguous and erroneous data were corrected, and
missing data were added. Name and structural information in
SMILES format were updated, and additional details�such as
the type of assay, reference ligands used, and activity reported
in experiments�were incorporated.
Regarding assay types, three primary assays for opioid

receptors were considered: binding ([35S]GTPγS), cAMP
accumulation, and β-arrestin recruitment. These are referred to
as GTPγS, cAMP, and barr2 throughout this work. If the assay
type was not explicitly mentioned, the original sources were
consulted to confirm the information. Data on reference
ligands used in the experiments were also added.
Activity values were reported as EC50, pEC50, log EC50, or

pIC50 and documented as found in the original sources before
unit standardization. Where possible, EC50 values were derived
from pEC50 and log EC50 values. Molecules with activity
reported in pIC50 were excluded due to the difficulty of
conversion. Units were standardized to nanomolar (nM). A
total of 36 molecules with undefined stereochemistry were
recorded as racemic mixtures. This finalized database is
referred to as BiasMOR in this work. BiasMOR is made
available in the Supporting Information and contains the
chemical structure in SMILES format and the activity values
collected from the literature.
For comparative purposes, a data set of 201 molecules with

binding affinity to MOR was downloaded from ChEMBL. This
data set is referred to as BindingMOR. Additionally, a data set
containing 10,885 approved drugs was downloaded from
DrugBank for comparison.
Structure−Activity Relationship (SAR) Analysis. The

SAR analysis involved the generation of network similarity
graphs (NSG) and the identification of the maximum common
substructure (MCS) within clusters defined by Morgan
fingerprints and a Tanimoto similarity cutoff of 0.9.
A systematic analysis of structure−activity relationships

within the databases was performed by identifying the most
frequently used scaffolds and comparing them with potency
differences. Then, an NSG analysis was conducted.9 In NSG,
compounds are represented as nodes connected by edges if
their similarity exceeds the threshold (0.9). Nodes are color-T
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coded and sized to indicate potency and activity, respectively.
This approach helps identify structural features responsible for
potency and highlights critical compounds or modifications.
The structure−activity relationship index (SARI)10 was

calculated to quantify the continuity or discontinuity of the
activity landscape. SARI categorizes SARs as continuous (low
structural diversity with similar potency), discontinuous
(activity cliffs, where structurally similar compounds show
large potency differences), or heterogeneous. Using 2D
structural similarities and potency data, continuity and
discontinuity scores, normalized between 0 and 1, were
calculated. High SARI values indicate continuous SARs,
while low values denote discontinuous SARs. Intermediate
scores suggest heterogeneous SARs. High continuity implies
gradual activity changes across structurally diverse compounds.
High discontinuity indicates sharp potency shifts among
similar compounds.

The modelability of the databases was assessed using the
RMODI index.11,12 which estimates the likelihood of achieving
good predictive model performance based on neighbor and
cluster dependencies and correlation coefficients. These
metrics collectively provide insights into the suitability of the
databases for developing predictive models.

■ RESULTS AND DISCUSSION
In this work, we developed and analyzed a curated database
named BiasMOR, which includes MOR agonists measured for
bias signaling, encompassing both biased and unbiased
molecules. As a reference, we compared BiasMOR with
another database, BindingMOR, which includes molecules
with known MOR binding affinity. Following the structural
and activity relationship analyses, we conclude this section by
discussing interaction patterns of MOR-biased agonists
developed over the years, comparing them to relevant
literature models.

Figure 1. Distribution of activity values. (a) BiasMOR database. (b) Binding affinities for the BindingMOR database.

Figure 2. Two-dimensional representation of the chemical space of BiasMOR (green), BindingMOR(blue), and drug bank (red).
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Database Characterization and Distribution of
Activity Values. The distribution of activity values for
BiasMOR is shown in Figure 1. Panel a displays the EC50
distributions for the GTPγS, cAMP, and β-arrestin (barr2)
assays, each skewed to the left, with the barr2 assay showing
slightly less skewness. For comparison, Panel b illustrates the
distribution of EC50 values for BindingMOR, which is similarly
skewed.
A broad comparison of physicochemical properties across

BiasMOR, BindingMOR, and DrugBank-approved drugs is
presented in Figure 2. The 2D chemical space visualization,
based on Lipinski’s Rule of Five properties, reveals that biased
ligands are concentrated within densely populated chemical
space regions. Importantly, no significant physicochemical
differences were observed between biased and opioid ligands,
necessitating additional analyses to distinguish them.
BiasMOR Database Curation and SAR Analysis.

BiasMOR initially contained 203 MOR agonists, reduced to
166 unique molecules after duplicate removal. Activity values
were available for 62, 142, and 175 molecules in the GTPγS,
cAMP, and barr2 assays, respectively. The network similarity
graph (NSG) for the whole BiasMOR database compressed
123 nodes grouped into 20 clusters based on maximum
common substructures (MCS), with 43 singletons. Figure 3
shows the NSG for the molecules with cAMP and barr2
activity values, panels A and B, respectively. Each node
corresponds to one molecule. Similar molecules, based on their
MCS, are connected with a line, and a group of connected
nodes form a cluster. The smaller the node, the higher the
potency. Thus, connected nodes with different sizes corre-
spond to similar molecules with different activity values, known
as activity cliffs.13 Clusters with even nodes are formed by
similar molecules approximately equipotent; therefore, the
activity landscape in that region is continuous. Panel a
corresponds to molecules with measured cAMP value. It
contains highly potent molecules (small nodes) but evenly
distributed molecules with moderate activity. In turn, Panel b,
barr2 data, contains small nodes, one large node, and the
majority of the nodes are approximately evenly sized.
Interestingly, the larger node is connected to a small node,
which corresponds to an activity cliff. Also, notice that one
cluster is highly populated with similar node sizes. This node
shows a scaffold that has been heavily explored and has
rendered molecules with similar potency.
The qualitative analysis described above can be comple-

mented with modelability metrics shown in Table 2. The SARI
values for the GTPγS, cAMP, and barr2 assays are 0.329,
0.577, and 0.534, respectively, suggesting a discontinuous
activity landscape for GTPγS and moderately predictable SARs
for cAMP and barr2 assays, coinciding with the qualitative
analysis provided by the NSG. The RMODI values (>0.96 for
all assays) indicate high modelability, making the data set well-
suited for predictive model development.
The presence of activity cliffs largely depends on the end

point under study. In the biasDB, there are three end points;
however, not all compounds were evaluated in each of these,
preventing a direct comparison of which assay is more prone to
activity cliffs. Furthermore, it is unlikely that the same pair of
molecules will constitute an activity cliff in more than one
assay. Nonetheless, it is possible to identify activity cliffs in
each end point and find coincidences. Exemplary cases are
illustrated in Table 3. Note that subtle differences, such as
stereochemistry and ring size, lead to activity cliffs in different

Figure 3. Network similarity graph of the BiasMOR database for the
subsets (a) cAMP and (b) barr2. The smaller the node, the higher the
potency.

Table 2. SARI and RMODI Values for the
ChEMBL_opioids and biasMOR Datasets Using 1024-bit
Morgan Fingerprints, Radius 2, and the Tanimoto Metric

BiasMOR

ChEMBL_opioids GTPγS cAMP barr2

SARIa 0.582 0.329 0.577 0.534
RMODIb 0.892 0.967 0.973 0.987

aStructure−activity relationship index. bRegression modelability
index.
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assays. Since the design of biased agonists depends on both
biological activities, the propensity of each assay to exhibit
activity cliffs must be considered.
BindingMOR Database Analysis. The curated Bind-

ingMOR database contained 197 MOR ligands, reduced to
121 after removing compounds with incomplete activity data.
The NSG for BindingMOR (Figure 4) comprises 58 nodes
across 14 clusters, with 63 singletons. The SARI index (0.582)
suggests moderately predictable SARs. Interestingly, some of
the clusters with fewer nodes, contain active molecules,
suggesting that further analysis of those scaffolds might
provide active molecules in the binding affinity assay.
Additionally, less active molecules (larger nodes) are grouped
together, indicating a homogeneous inactive landscape for
those scaffolds. Thus, a scaffold-based SAR analysis looks
suitable. The RMODI (0.893) further supports the database’s
suitability for robust predictive modeling.
Being bias signaling the result of the interaction between

GPCRs and a particular group of agonists, analyzing
interaction patterns is crucial. In the next section we

summarize key interactions that are relevant for inducing
bias agonism in MOR.
Interaction Patterns for MOR-Biased Agonists. Build-

ing on our previous work on MOR-biased agonists,14−16 we
characterized ligand−receptor interaction patterns using
molecular docking, molecular dynamics (MD) simulations,
and experimental validation. Key residues such as W3187.35 and
W2936.48 were identified as critical for G protein signaling,
while Y3267.43 contributed to both G protein and β-arrestin
pathways. The allosteric sodium site (N1505.35 and D1142.56)
was implicated in receptor regulation. Ligand-induced
conformations were shown to vary based on ligand properties,
stabilizing distinct receptor states.
Recent studies have validated these findings and expanded

on enantiomer-specific interactions. For example, S-enan-
tiomers preferentially interact with Y7.43 and D3.32, favoring
β-arrestin signaling, while R-enantiomers engage differently,
influencing G protein pathways. Comparative analysis high-
lights the significance of D3.32, Y7.43, and Y3.33 in biased
signaling. This finding aligns with our previous computational
models.

Table 3. Exemplary Activity Cliffs Identified in the Different Assays, with Red and Blue Colors Indicating Commonalities and
Differences in the Structures, Respectively
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The SAR analysis indicated that binding affinity values could
be explored based on scaffolds, and that biased ligands and
enantiomers are prone to activity cliffs. These findings support
the notion that biased agonism can be better understood
through the analysis of binding recognition patterns. Thus,
predictive models that incorporate interactive patterns are
better prospects compared to those relying solely on ligand-
based descriptors.

■ CONCLUSIONS
This study integrates computational and experimental
approaches to explore biased agonism at MOR. The curated
BiasMOR database, with 166 unique agonists, provides a
valuable resource for understanding structural and functional
determinants of signaling bias. SAR analyses underscore the
role of scaffold diversity and molecular features in modulating

activity, with modelability indices confirming the database’s
suitability for predictive modeling. Key residues such as D3.32,
Y7.43, and Y3.33 are identified as critical for biased signaling,
offering insights for designing next-generation opioid ther-
apeutics. Collectively, these findings highlight the potential of
integrated methodologies to advance the understanding of
MOR biased agonism opening new avenues for the design of
safer opioid drugs.

■ ASSOCIATED CONTENT

*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.biochem.4c00885.

Chemical structures, in SMILES format, of 166 unique
MOR ligands, annotated with GTPγS, cAMP, and barr2

Figure 4. Network similarity graph of the BindingMOR database. The size and color of the nodes vary depending on the activity value of the
compound. The most active compounds are represented by the smallest red nodes, while the less potent compounds are depicted as larger blue
nodes.
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activity values for 62, 142, and 175 molecules,
respectively (XLSX)
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