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Background
G-protein coupled receptors (GPCRs) constitute the largest family of membrane 
proteins in human body and serve as highly prevalent signaling hubs, transmitting 
numerous extracellular signals and drugs into intracellular pathways [1]. The identi-
fied 826 GPCRs can be classified into 5 classes, including classes A (rhodopsin), B 

Abstract 

G-protein coupled receptors (GPCRs), the largest family of membrane proteins 
in human body, involve a great variety of biological processes and thus have become 
highly valuable drug targets. By binding with ligands (e.g., drugs), GPCRs switch 
between active and inactive conformational states, thereby performing functions 
such as signal transmission. The changes in binding pockets under different states are 
important for a better understanding of drug-target interactions. Therefore it is criti-
cal, as well as a practical need, to obtain binding sites in human GPCR structures. We 
report a database (called GPCR-BSD) that collects 127,990 predicted binding sites 
of 803 GPCRs under active and inactive states (thus 1,606 structures in total). The 
binding sites were identified from the predicted GPCR structures by executing three 
geometric-based pocket prediction methods, fpocket, CavityPlus and GHECOM. The 
server provides query, visualization, and comparison of the predicted binding sites 
for both GPCR predicted and experimentally determined structures recorded in PDB. 
We evaluated the identified pockets of 132 experimentally determined human GPCR 
structures in terms of pocket residue coverage, pocket center distance and redock-
ing accuracy. The evaluation showed that fpocket and CavityPlus methods performed 
better and successfully predicted orthosteric binding sites in over 60% of the 132 
experimentally determined structures. The GPCR Binding Site database is freely acces-
sible at https://​gpcrbs.​bigda​ta.​jcmsc.​cn. This study not only provides a systematic 
evaluation of the commonly-used fpocket and CavityPlus methods for the first time 
but also meets the need for binding site information in GPCR studies.
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(secretin and adhesion), C (glutamate), F (Frizzled) and T (Taste) [2], and approxi-
mately 34% of FDA-approved drugs target GPCRs [3].

GPCR structures are characterized by seven transmembrane helices (TMHs) that 
generate moderately high levels of hydrophobicity, and three extracellular and three 
intracellular loops that are flexible and participate in ligand identification and G-pro-
tein attachment [4]. GPCRs exist in two interconvertible conformations: active (R*) 
and inactive (R) states, which are driven by extracellular stimuli, such as the binding 
of an agonist, and result in the release of coupled G-protein [5–7].

The characteristic structure of GPCRs and the conformation changes with states 
make it crucial to understand their precise structures. However, it is challenging 
to obtain experimentally determined crystal structures of GPCRs due to their high 
hydrophobicity and low thermostability. As of September 2023, only 156 human 
GPCRs, less than 20% of all 826 GPCRs, have their structures experimentally resolved 
and archived in the Protein Data Bank (PDB). As a result, most of the current studies 
on the characteristics of GPCR binding sites were conducted based on their experi-
mental structures [8–11].

In 2021, AlphaFold2 (AF2) achieved remarkable advancements in predicting the struc-
tures of human proteins, including the unresolved GPCRs [12, 13]. Since then, a vari-
ety of progress has been achieved in the recognition of novel active compounds based 
on AF2-predicted GPCR structures [14–16]. In 2022, Heo, et al. [17] predicted GPCR 
structures in both R and R* states using state-specific input templates and developed an 
AlphaFold-Multistate dataset, which compensates the lack of multi-state conformations 
in the original AlphaFold2 database.

Gaining insights into the specific ligand binding sites of GPCRs is essential for under-
standing drug-target interactions and serves as a foundation for structure-based drug 
design. Taking human muscarinic acetylcholine receptor M2 as an example, it is a repre-
sentative class A GPCR with an orthosteric binding site in the middle of the seven TMHs 
and an allosteric binding site near the third extracellular loop (Fig. 1), and the hallmark 
feature of the activation process is the outward movement and rotation of TMH6 on the 
cytosolic side, which leads to a significant change of both the orthosteric and the allos-
teric binding pocket surfaces between the two states. For the orthosteric pocket, repack-
ing of residues W400 and Y403 leads to a change on the pocket surface. For the allosteric 
site, by comparing the distance between the two pairs of amino acids (W422-Y177 and 
A414-E172) that make up the surface of the pocket, it can be seen that the pocket in the 
active state narrows and thus forms good contacts with positive allosteric modulators 
[18], whereas the inactive state does not.

Recognition of the binding sites of GPCRs is a prerequisite for learning drug-target 
interactions. For proteins having experimentally resolved structures, if they are bound 
with ligands, the binding site is usually recognized based on the position of the ligand. 
For proteins lacking bound ligands in the PDB structures or those with predicted struc-
tures, the recognition of binding sites continues to pose a challenge. GPCRs possess 
unique structural characteristics, making traditional methods for identifying binding 
sites heavily reliant on aligning subfamilies or homologous members. However, when 
dealing with GPCRs lacking such loosely related members, a more generalized tech-
nique for detecting binding sites becomes necessary.
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Over the years, several approaches have been developed to predict the binding sites 
of protein structures. Currently, these methods can be classified into two types: geo-
metric-based methods such as PocketPicker [19], fpocket [20], GHECOM [21–23] and 
CavityPlus [24, 25], and machine learning-based methods such as P2Rank [26], Deep-
Pocket [27] and MaSIF-site [28]. In geometry-based methods, the detection of cavities 
within the protein surface is typically performed either by generating alpha spheres 
from Voronoi tessellation or by scanning through the protein surface or vacuum spaces 
with probes in different radii. Following cavity detection, various scoring functions are 
applied to each detected cavity based on their geometric and physicochemical proper-
ties [20]. Deep learning-based methods use neural networks to extract features from 
both sequence and structural information of proteins, enabling them to learn the intri-
cate relationship between protein structures and ligand binding sites [27]. However, 
these methods usually rely on the results of geometric-based pocket detection as inputs 
and primarily focus on pocket evaluation or scoring.

Existing GPCR and binding pocket related databases each have their limitations. 
Based on the recent advancements of AlphaFold-MultiState, the GPCRdb database now 
contains a total of 1,102 PDB structures and incorporates state-specific predicted struc-
tures of 432 human GPCRs [29, 30]. The GPCRdb provides binding site analysis tools 
based on sequence and structure alignments. However, as mentioned above, it is difficult 
to cope with situations where GPCR subfamily members are small. Wang, et.al devel-
oped a CavitySpace [31] binding site library based on the AlphaFold2 prediction and the 
CAVITY algorithm [32]; however, AlphaFold2 only provides predicted structures in one 

Fig. 1  Comparison of muscarinic acetylcholine receptor M2 receptor structure in active (PDB: 4MQT) and 
inactive (PDB: 5YC8) states: a shifting in TM6 backbones; b orthosteric and allosteric binding sites in the 
active state; c orthosteric and allosteric binding sites in the inactive state; d shifting of the orthosteric binding 
pocket residues and surfaces e shifting of the allosteric binding pocket surfaces, f pocket width of the 
allosteric binding site measured in the active state, g pocket width of the allosteric binding site measured in 
the inactive state
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state. The GPCRmd [33] database contains 1,814 simulation trajectories and analyzes 
pockets using the mdpocket tool from the fpocket method. However, this database only 
includes experimentally resolved structures. Thus, it is necessary to develop a compre-
hensive binding site analysis for all human GPCR-predicted structures that consider dif-
ferent states.

In this study, we predicted the potential binding sites of 803 human GPCR predict 
structures in both R and R* states using the most representative binding pocket predic-
tion tools fpocket, CavityPlus and GHECOM, and presented the GPCR-BSD database. 
Users can visualize the binding sites, compare binding pocket profiles between different 
states or between predicted and resolved structures, and download binding site informa-
tion. We also comprehensively evaluated their performance with a test dataset of 132 
human GPCR experimentally determined structures (referred as PDB structures). The 
evaluation included pocket center distance, key residue coverage and redocking. This 
work will bridge a critical gap in the study of binding pockets on predicted GPCR struc-
tures. The resulting resource will serve as a valuable tool for various applications, includ-
ing molecular simulations, drug design, and related fields, ultimately advancing our 
understanding of GPCR-ligand interactions and facilitating the development of thera-
peutics targeting these important receptors.

Construction and contents
Our work included collecting and preparing data, predicting binding pockets, evaluating 
binding pockets, and building the database (Fig. 2).

Datasets

All predicted structures used for pocket prediction and database construction were 
obtained from public databases and datasets. The active and inactive state-predicted 
structures of human non-olfactory GPCRs were downloaded from GPCRdb (https://​
gpcrdb.​org, accessed on 1 September 2023), which contains 846 active and inactive 
predicted models of 423 human GPCRs. The predicted structures of human olfactory 
GPCRs were downloaded from the AlphaFold-Multistate GitHub repository dataset 
(https://​huhlim.​github.​io/​odora​nt_​recep​tors, accessed on 1 September 2023), which 
contains 814 active and inactive predicted models of 407 human GPCRs. We combined 
the two datasets with a list of 826 human GPCR entries. After data cleaning and dedu-
plication, we selected 1606 predicted structures for 803 GPCRs, which excluded unde-
fined GPCRs annotated by UniProt [34].

To evaluate the effectiveness of predicted binding sites on the predicted structure, a 
testing set of 132 experimental resolved structures of GPCR-small molecule complexes 
was collected. The testing set consists of 121 class A, 3 class B, 6 class C, one class F, 
and one taste receptor (Supplementary Table S1). All crystal structures have small mol-
ecule ligands near the center of 7 TMHs’ extracellular side, which is the orthosteric site 
for class A, B, F, and T GPCRs and the allosteric site for class C. To test the prediction 
accuracy for allosteric binding sites that deviate from the center of the seven TMHS, 
we also evaluated an additional testing set consisting of 18 class A and 3 class B GPCRs 
with allosteric ligands binding (Supplementary Table S2). All predicted structures were 
aligned to the corresponding PDB structures.

https://gpcrdb.org
https://gpcrdb.org
https://huhlim.github.io/odorant_receptors


Page 5 of 16Liu et al. BMC Bioinformatics          (2024) 25:343 	

Predicting binding pockets

We applied fpocket, CavityPlus and GHECOM tools to detect potential binding 
pockets for all predicted GPCR structures. To accommodate most GPCR cases, all 
programs were run with default parameters. Fpocket and GHECOM successfully 
processed all the 1606 predicted GPCR structures while CavityPlus failed on 40 pre-
dicted structures of 20 GPCRs that have longer sequences and many irregular loops.

Fig. 2  The flowchart of building the GPCR binding site database and evaluating the pocket prediction results
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Evaluating binding pocket results

Evaluations were performed based on comparisons between the original and predicted 
pockets and the redocking of original ligands into predicted pockets.

Considering both contacts and distance interactions, the original binding site residues 
are defined by all protein residues within 5 Å from any ligand atoms. The center of the 
original binding site is defined by the center of the ligand. After neglecting all other het-
eroatoms except the protein and the selected ligand, the original binding site residues 
and the coordinates of the original pocket centers are extracted from mmCIF files using 
the Biopython [35, 36] package.

Previous research provided many effective metrics for evaluating the predicted bind-
ing pockets [20, 26, 27, 32]. To compare different methods, we adapted three classical 
metrics: binding site residue coverage, binding site residue Jaccard index, and binding 
site center distance.

The residue coverage is defined as the ratio between the number of original binding 
site residues found in the predicted binding site and the number of original binding site 
residues:

A successfully predicted binding pocket is defined as successfully predicted more than 
70% of the residues around the original binding pocket.

The Jaccard index is defined as the ratio between the number of original binding site 
residues found in the predicted binding site and the number of the union of the original 
binding site residues and predicted binding site residues:

A Jaccard index closer to 1 implies that the predicted binding pocket is better over-
lapped with the original binding pocket. According to previous studies, a Jaccard index 
higher than 0.3 was set as a valid overlap for two pockets.

The pocket center distance is defined as the distance between the predicted pocket 
center and the center of the original binding site, which is defined by the center of the 
ligand. In molecular docking applications, ligand center sampling is typically done 
within a radius of 10 Å, therefore, we introduced an additional criterion where the dis-
tance between the predicted pocket center and the original ligand center should be 
within 5 Å.

To further compare the difference between the predicted pockets of different methods 
and analyze the factors affecting pocket prediction results for GPCRs, we additionally 
calculated two metrics: the pocket volume fold change and the pocket RMSD between 
the PDB structure and the corresponding predicted structure. The pocket volume fold 
change describes the comparison of spatial range between the predicted pocket and the 
original pocket. It is defined as the ratio between predicted pocket volume and original 
pocket volume. The volume of the predicted pocket is given by the output of the pre-
diction software or server. The volume of the original pocket is calculated by dpocket 
[20] with a specified ligand. The pocket RMSD is calculated in PyMOL command script 

coverage =
predicted binding site residues

⋂
original binding site residues

original binding site residues

Jaccard =

predicted binding site residues
⋂

original binding site residues

predicted binding site residues
⋃

original binding site residues
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under the following pipeline: First, the original PDB structure and predicted structure 
are aligned, then the full atom RMSD is calculated with all the original pocket residues 
defined.

For each prediction, we calculated the coverage of all predicted binding sites and 
selected the binding site with the highest coverage. Then for each selected binding site 
prediction result of the test structures, we calculated all the other metrics for further 
analysis.

To evaluate the performance of predicted pocket positions in real-world dock-
ing applications, 121 Class A (Rhodopsin) GPCRs in the testing set were chosen for 
Schrödinger Induced Fit Docking (IFD) [37–39] experiments using ligands extracted 
from the original crystal structures. The ligands were prepared using the Ligprep module 
with no change in ionization, chirality or tautomers. To ensure versatility across various 
scenarios, the docking protocol employed the Schrödinger IFD’s default parameters. For 
experimentally resolved structures, the criterion of successful docking is the ligand root 
mean square deviation (RMSD) < 2 Å. Considering the deviation of the predicted struc-
ture would affect the RMSD and the center distance between the post-docked ligand 
poses and the ligand poses in the original crystal structures, we calculated the coverage 
of pocket residues interacting with the ligand redocking pose in the predicted pocket. 
The redocking is considered a success when the redocking pose retains more than 50% 
of the original interacting key residues.

Utility and discussion
The GPCR‑BSD database

We developed a publicly accessible web server that allows users to conveniently access 
the pocket information of all human GPCRs (Fig. 3). The server collected 57,904, 21,901 
and 43,355 pockets predicted by fpocket, CavityPlus and GHECOM tools respectively 
for the 1,606 active and inactive GPCR predicted structures, allowing users to query, 
display, compare, and download data for human GPCRs’ predicted pockets. Users can 
query the database using UniProt Accession numbers, protein names, or gene names 
and retrieve predicted structures or PDBs of the corresponding proteins in differ-
ent states as well as their pocket prediction results. The database provides an intuitive 
interface for visualizing protein structures and binding sites, along with displaying their 
vacant pocket surfaces (Fig.  3b). Each predicted pocket includes a list of neighboring 
residues displayed in a snake plot, pocket property parameters provided by the predic-
tion methods, as well as the coordinates of the docking grid center and box parameters 
(Fig. 2c). Users can rank the pockets by any property parameter or filter pockets by man-
ually inputting the residue list. The database also provides aligned comparisons between 
predicted and PDB structures in different states (Fig. 3d, e). All pocket prediction results 
can be downloaded for research uses.

Evaluating the predicted GPCR binding sites

To compare the changes in the binding pocket of GPCRs between active and inactive 
states, we compared 30 experimentally resolved structures in the testing set that had 
both states (Figure S1). The result suggests although the RMSD of binding site atoms 
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between two states is not significant, their interacting residues can be quite different, 
which illustrates the potential value of the multi-state binding pocket prediction.

To evaluate the prediction performance and adaptability of the three methods on 
GPCRs, comprehensive assessments were performed based on the testing set with both 
pocket comparison metrics and redocking.

The results of pocket prediction based on the testing set are shown in Table  1. For 
experimentally determined structures, under the threshold of pocket residue cover-
age > 70%, GHECOM successfully predicted 98% of the testing cases and CavityPlus 
successfully predicted 92% of the testing cases, while fpocket had 71% successful predic-
tions. However, under the criterion of Jaccard index > 0.3, fpocket had 95% successful 

Fig. 3  The GPCR Binding Site database features: a The statistics of all structures and pocket data; b 3D 
visualization of surfaces of predicted binding pockets; c snake plot visualization of pocket residues and 
docking grid parameters; d comparison of different structures; e comparison of predicted pockets in different 
structures
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testing cases which outperformed the other two methods by 50% and 79% respectively. 
This indicates that CavityPlus and GHECOM tend to predict larger pockets. In terms of 
the predicted pocket center distance, fpocket outperformed CavityPlus by 7% under the 
threshold of center distance < 5 Å.

For the experimentally determined structures, both residue coverage and center dis-
tance criteria were considered, and the fpocket and CavityPlus methods successfully 
predicted over 60% of the testing cases, CavityPlus outperforming fpocket by 3%, while 
GHECOM only succeeded in 30% of the testing cases.

For the predicted structures, since the structural deviation would bias against the pre-
dicted pocket center distance and the residue coverage criterion would also bias towards 
larger pockets, the Jaccard index criterion should be considered alongside the residue 
coverage criterion. As a result, fpocket successfully predicted 55% of the testing cases 
and outperformed CavityPlus and GHECOM by 23% and 35% respectively.

These results showed that both fpocket and CavityPlus with default parameters were 
effective methods in identifying binding sites of experimentally determined structures, 
while GHECOM prediction results had a lower Jaccard index and higher center distance. 
The three methods had a  better general performance on the experimentally resolved 
structures than on the predicted structures, and fpocket outperformed the other two 
methods.

To further investigate the difference in residue coverage and center distance of the pre-
diction results, we compared the predicted versus the real pocket volume fold change in 
the experimentally determined structures.

As shown in Fig. 4, the pocket volume fold change of fpocket predicted results is 
more concentrated around 1 than that of CavityPlus, while for pocket volume fold 
change over 1.5, CavityPlus had more cases than fpocket. The predicted pocket 

Table 1  Statistics of pocket prediction results by both pocket prediction methods under different 
criteria

Prediction 
method

Structure 
type

Coverage > 70% Jaccard 
index > 0.3

Center 
distance < 5 Å

Both 
coverage 
and center 
distance 
criteria

Both 
coverage and 
Jaccard index 
criteria

fpocket Experi-
mentally 
determined 
structure

94/132 (71%) 125/132 
(95%)

102/132 (77%) 81/132 (61%) 93/132 (70%)

CavityPlus Experi-
mentally 
determined 
structure

121/132 (92%) 60/132 (45%) 84/132 (64%) 84/132 (64%) 60/132 (45%)

GHECOM Experi-
mentally 
determined 
structure

130 (98%) 21/132 (16%) 40/132 (30%) 40/132 (30%) 21/132 (16%)

fpocket Predicted 
structure

77/132 (58%) 108/132 
(82%)

86/132 (65%) 58/132 (44%) 73/132 (55%)

CavityPlus Predicted 
structure

105/132 (80%) 47/132 (36%) 53/132 (40%) 49/132 (37%) 42/132 (32%)

GHECOM Predicted 
structure

118/132 (89%) 28/132 (21%) 20/132 (15%) 19/132 (14%) 26/132 (20%)
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volume fold change of GHECOM is generally larger compared with the other two 
methods. The results are consistent with the findings from the Jaccard index of each 
predicted pocket, indicating that fpocket tends to predict pockets of smaller volumes, 
leading to a narrow range of pocket residues, while CavityPlus and GHECOM gener-
ate larger pockets with more residues.

To further analyze the factors that affected GPCR pocket prediction results, we 
compared the percentage of predicted pockets with both residue coverage > 70% and 
Jaccard index > 0.3 against the pocket RMSD between different states of GPCR.

The pocket RMSD is calculated by all atoms of the original binding pocket residues 
of experimentally determined structures and the corresponding aligned residues of 
the predicted structure. Given the distribution of pocket RMSD values of the testing 
set’s pocket RMSD (Figure S4a), the testing set was divided into six groups by differ-
ent pocket RMSD ranges (Figure S4b).

Figure  5 shows the difference in successful pocket prediction cases between six 
groups. Generally, fpocket has a better performance than CavityPlus and GHECOM 
in every group. In the RMSD 0–0.5 Å group, all three methods did not perform well 
and the acceptance was generally lower than that in other groups. For CavityPlus, the 
success ratio was below 30%, and for GHECOM the success ratio was below 10%. In 
other groups (pocket RMSD more than 1  Å), the accepted cases percentage of pre-
dicted structures for fpocket went down as the pocket RMSD increased. For Cavity-
Plus, the accepted case percentage reached 40% in the pocket RMSD > 2.5 Å group, 
and the highest acceptance for GHECOM was in the 1 to 1,5 Å RMSD group.

Fig. 4  Comparison of predicted and actual pocket volume fold change distribution between three methods 
in experimentally determined structures
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The result indicates that the deviation of predicted structures may not be the key fac-
tor that affects pocket prediction for these methods, and it depends more on the features 
of GPCRs.

Table 2 shows the results of acceptance differences between different states. For GPCR 
PDB structures, both fpocket and CavityPlus methods showed better prediction perfor-
mance for the inactive state than the active state by 2% or 3% while GHECOM performed 
equally between the two states. For predicted structures, however, the acceptance of the 
active state was higher than the inactive state by 19% for fpocket and 1% for GHECOM, 
while for CavityPlus, the acceptance of active structures went lower than before. Since 
the inactive predicted structures generally had pocket RMSDs concentrated at a lower 
range than active ones (Figure S5), the multi-state protein structure prediction method 
AlphaFold-MultiState fixed the problem that the original AlphaFold2 had, that Alpha-
Fold2 prefers to predict the inactive state GPCRs, and resulted in a better pocket predic-
tion for GPCRs at the active states.

Table  3 shows the redocking result of the selected 121 Class-A GPCRs with the 
accepting criterion of interacting residue coverage above 50%. Seven testing cases failed 
in redocking with one of the predicted pockets (Supplementary Table S4). For experi-
mentally determined structures, 66.96% of fpocket predicted pocket redocking cases 

Fig. 5  Comparison between pocket RMSD and pocket prediction results of predicted structures

Table 2  Pocket prediction result comparison for different GPCR states

Prediction method Structure type Active Inactive Total

fpocket Experimentally determined structure 51/74 (69%) 42/58 (72%) 93/132 (70%)

CavityPlus Experimentally determined structure 33/74 (45%) 27/58 (47%) 60/132 (45%)

GHECOM Experimentally determined structure 12/74 (16%) 9/58 (16%) 21/132 (16%)

fpocket Predicted structure 47/74 (64%) 26/58 (45%) 73/132 (55%)

CavityPlus Predicted structure 21/74 (28%) 21/58 (36%) 42/132 (32%)

GHECOM Predicted structure 15/74 (20%) 11/58 (19%) 26/132 (20%)
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were considered a success under the criterion of ligand RMSD < 2 Å, while CavityPlus 
and GHECOM had 57.39% and 66.09% of success respectively. For predicted structures, 
48.70% of the fpocket predicted pocket redocking cases were successful, and Cavity-
Plus and GHECOM had 39.47% and 38.94% successful cases. The result suggests that 
on both experimentally determined and predicted structures, it is hard to restore the 
original poses using predicted pockets by these methods, and although CavityPlus and 
GHECOM showed better residue coverages compared with the fpocket results, their 
docking performance was no better.

Discussion
During the database construction and evaluation process, considerations emerged in 
both the pocket prediction and the docking process.

Because of the different algorithms and strategies employed by different pocket predic-
tion tools, the output results can vary significantly. For instance, fpocket tends to predict 
pockets with smaller binding pocket regions and more concentrated pocket residues, 
while CavityPlus and GHECOM tend to scan larger pocket spaces. For GPCRs that pos-
sess special structural characteristics, this issue is accentuated, as the varying ranges and 
positions of the predicted binding sites could have a substantial impact on subsequent 
studies, e.g. molecular docking and other related research. Therefore, caution should be 
exercised when incorporating predicted binding sites.

Although the primary objective of pocket detection in GPCR structures is to accu-
rately identify the orthosteric binding sites, current pocket recognition tools may not 
guarantee this goal. For example, in the case of the human GPR35 crystal structure 
(PDB: 8H8J), CavityPlus failed to identify the orthosteric binding site but identified 
another intracellular site with a high score, which is likely to be an allosteric binding 
site. (Fig. 6a). However, in a previous study, CavityPlus managed to detect the orthos-
teric binding pocket of hGPR35 in the AlphaFold predicted structure and that pocket 
was confirmed through experimental validation [40]. Therefore, it is necessary to use 
more than one pocket prediction tool and more than one set of prediction results, and 
also refer to any reported key residues for accurate binding site prediction. Allosteric 
binding sites have become increasingly popular as new drug targets in recent years. In 
GPCRs, allosteric binding sites are typically located outside the center of the TMH, most 
likely near the intracellular and extracellular loop regions. Due to the high variability of 
these loop regions, predicting allosteric sites presents a significant challenge. Currently, 
experimentally resolved GPCR allosteric complexes primarily focused on a limited num-
ber of Class A and Class B1 receptors. In our tests, the recognition performance for 
these sites showed a slight disparity compared to the identification of orthosteric sites 

Table 3  Accuracy of redocking original ligand into predicted binding sites

Experimentally determined 
structures (ligand 
RMSD < 2.0)

Experimentally determined 
structures (key residue 
coverage > 50%)

Predicted structures (key 
residue coverage > 50%)

fpocket 77/115 (66.96%) 64/115 (55.65%) 56/115 (48.70%)

CavityPlus 66/115 (57.39%) 58/115 (50.43%) 45/114 (39.47%)

GHECOM 76/115 (66.09%) 60/115 (52.17%) 44/113 (38.94%)
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(Supplementary Table S3). For the sub-family of the muscarinic acetylcholine receptors 
that have an allosteric modulator binding site around the third extracellular loop, such 
as hCRM2 (PDB: 4MQT), fpocket predicted an elongated binding site that turned out to 
be a fusion of the orthosteric and allosteric binding sites (Fig. 6b). For similar predicted 
pocket regions, setting a single docking grid may lead to misalignment of a desired 
ligand. For some class B1 (secretein) GPCRs, the known negative allosteric modulator 
binding sites may not be accurately predicted. Hence, in practical docking applications, 
it is necessary to manually inspect the predicted pockets to ensure consistency with the 
existing conclusions. For pockets with larger predicted ranges, it is advisable to divide 
them into multiple sub-regions for further application.

Although AlphaFold provides state-of-the-art structure predictions, confidence 
between different structural domains may vary, especially for extracellular and intra-
cellular loop regions of GPCRs. Therefore, receptor flexible docking methods such as 
induced fit docking are recommended to ensure sufficient flexibility of the pocket region 
to therefore accommodate ligands effectively.

Conclusion
In this study, we developed a novel GPCR pocket database, which encompasses 
various GPCR states, and systematically compared three commonly used pocket 
prediction methods. The state-specific GPCR structures predicted by AlphaFold-
MultiState offer new opportunities to analyze the variations in binding sites under 
different states. This, in turn, facilitates a deeper understanding of GPCR activation 

Fig. 6  Two representative examples of pocket prediction results: a CavityPlus prediction (cyan) on PDB 8H8J 
did not detect the original orthosteric binding site (yellow), b fpocket prediction (cyan) on PDB 4MQT found 
a large pocket region that includes both orthosteric and allosteric ligand



Page 14 of 16Liu et al. BMC Bioinformatics          (2024) 25:343 

mechanisms and opens up possibilities for further research into the allosteric regula-
tion mechanisms of GPCRs. Our database serves multiple purposes, including molec-
ular docking and virtual screening based on given binding sites, comparative analysis 
of binding site shapes across different GPCR states, and the identification of potential 
allosteric sites.

Despite the progress made in the current work, there is still room for improvement 
in several aspects, which will help to improve the accuracy and confidence of the 
predictions.

First, more pocket prediction tools should be compared. Currently, we mainly rely on 
three geometry-based pocket prediction methods, fpocket, CavityPlus and GHECOM, 
but we plan to extend this aspect in the future. We will consider comparative studies 
using pocket prediction results from other tools, especially those methods that utilize 
cutting-edge technologies such as deep learning. That will provide a better understand-
ing of the advantages and limitations of each method, thus broadening our knowledge of 
GPCR pockets.

Second, more accurate pocket description methods and scoring strategies should be 
established to better evaluate and compare pocket results generated by different tools, 
which will more objectively assess the characteristics and properties of pockets and 
allow us to compare the outputs of different tools. That will help to determine which 
pockets are biologically significant and how pocket information can be better utilized to 
guide drug design and biomolecular interaction studies.

Next, parameter optimization strategies should be applied. Although the results of the 
currently used default parameters are already acceptable, there is still room for improve-
ment. Future work will focus on establishing appropriate parameter optimization strat-
egies to accommodate different types of GPCRs and pocket characteristics. Through 
careful parameter tuning, we can better adapt to various GPCR structures and proper-
ties and improve the consistency and reliability of predictions.

Finally, the prediction of binding pockets should be combined with other in-silico 
research methods, such as performing blind docking [10] on predicted structures in dif-
ferent states or using molecular dynamics simulation to obtain a broader set of protein–
ligand conformations. By utilizing data from multiple perspectives, we will gain a more 
comprehensive understanding of the changes in binding pockets and the mechanisms of 
GPCR-ligand interactions.

We continue to strive to improve the accuracy and utility of GPCR pocket prediction 
in the future to better meet the needs of biomedical research.
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