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The glucagon receptor (GCGR) is a critical target for the treatment of metabolic disorders such
as Type 2 Diabetes Mellitus (T2DM) and obesity. Activation of GCGR enhances systemic in-
sulin sensitivity through paracrine stimulation of insulin secretion, presenting a promising
avenue for treatment. However, the discovery of effective GCGR agonists remains a challen-
ging and resource-intensive process, often requiring time-consuming wet-lab experiments to
synthesize and screen potential compounds. Recent advances in artificial intelligence techno-
logies have demonstrated great potential in accelerating drug discovery by streamlining
screening and efficiently predicting bioactivity. In the present work, we propose DeepGCGR, a
two-layer deep learning model that leverages graph convolutional networks (GCN) integrated
with a multiple attention mechanism to expedite the identification of GCGR agonists. In the
first layer, the model predicts the bioactivity of various compounds against GCGR, efficiently
filtering large chemical libraries to identify promising candidates. In the second layer, Deep-
GCGR classifies high bioactive compounds based on their functional effects on GCGR signaling,
identifying those with potential agonistic or antagonistic effects. Moreover, DeepGCGR was
specifically applied to identify novel GCGR-regulating compounds for the treatment of T2DM
from natural products derived from traditional Chinese medicine (TCM). The proposed meth-
od will not only offer an effective strategy for discovering GCGR-targeting compounds with
functional activation properties but also provide new insights into the development of T2DM
therapeutics.

1. Introduction

ase ’. Metformin, a widely used biguanide, serves as the first-line
therapy for T2DM by suppressing hepatic gluconeogenesis and

Type 2 Diabetes Mellitus (T2DM), accounting for nearly 90%
of diabetes cases globally, affects an estimated 537 million indi-
viduals and poses a major global health challenge '. T2DM is char-
acterized by elevated blood glucose levels due to insulin resist-
ance in target cells combined with insufficient insulin secretion *.
Persistent hyperglycemia can cause microvascular damage, lead-
ing to complications such as diabetic nephropathy, retinopathy,
and neuropathy **.

Numerous pharmaceuticals have been utilized for managing
T2DM, including insulin, biguanides, insulin secretagogues,
thiazolidinediones, and other types of drugs >°. Insulin and its
analogs are the cornerstone of diabetes treatment, functioning as
a key regulator of blood glucose, lipid, and protein metabolism to
maintain glucose homeostasis and effectively control the dise-
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activating AMP-activated protein kinase (AMPK), thereby enhan-
cing insulin sensitivity . Thiazolidinediones, another class of an-
tidiabetic agent, activate peroxisome proliferator-activated re-
ceptor gamma (PPAR-y) and enhance PPAR signaling in skeletal
muscle, thereby mitigating insulin resistance and improving in-
sulin responsiveness in individuals with T2DM °. Agonists of the
glucagon-like peptide-1 receptor (GLP-1R), commonly employed
as insulin secretagogues, exert their effects by binding to GLP-1R
and promoting insulin secretion through activating protein
kinase A (PKA) or stimulating cyclic AMP (cAMP) signaling path-
ways ‘. Although GLP-1 based therapies have demonstrated sig-
nificant efficacy in lowering glycated hemoglobin (HbA1lc), their
dose-dependent adverse effects have limited the clinical use of
higher doses '". Preclinical studies have shown that incorporat-
ing glucagon receptor (GCGR) agonists with GLP-1R agonists, or
even combining the three agonists for GCGR, GLP-1R, and glucose-
dependent insulinotropic polypeptide receptor (GIPR), into a
single molecule can significantly enhance therapeutic outco-

mes '“**. Moreover, these dual or triple agonists have maintained

Copyright © 2025, China Pharmaceutical University. Published by Elsevier B.V. All rights reserved.
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high efficacy while offering a more favorable efficacy-safety pro-
file . Consequently, the use of combination regimens has be-
come a prevalent clinical practice in T2DM management .

While combination therapies involving GCGR agonists have
shown promising clinical benefits, the discovery of novel and se-
lective GCGR agonists remains crucial to fully harness the thera-
peutic potential of this receptor. As a member of the GPCR family,
GCGR regulates glucose homeostasis through its interaction with
glucagon . Upon glucagon binding, GCGR activates G proteins,
leading to cAMP production that promotes hepatic glycogen
breakdown and subsequently elevates blood glucose concentra-
tions '°. Under both hyperglycemic and normoglycemic condi-
tions, GCGR activation has been shown to enhance systemic in-
sulin sensitivity "’. Glucagon also exerts paracrine effects by stim-
ulating insulin secretion via activation of B-cell GCGR and GLP-
1R *, a synergistic mechanism that can be reproduced by coup-
ling GCGR agonists with existing insulin secretagogues *'.
Moreover, GCGR agonism not only alleviates metabolic dysfunc-
tion-associated steatotic liver disease (MASLD) and metabolic
dysfunction-associated steatohepatitis (MASH), butalso
proves insulin sensitivity and activates brown adipose tissue via
dual GLP-1R/GCGR agonism, thereby reducing insulin require-
ments and facilitating the functional restoration of p-cells **. Con-
sequently, discovering and developing novel GCGR modulators,
including both orthosteric agonists and positive allosteric modu-
lators (PAMs), holds substantial promise as an innovative thera-
peutic strategy for diabetes.

In addition to modern medicine, traditional Chinese medi-
cine (TCM) provides unique benefits for managing T2DM.
Through its multi-mechanistic pharmacological effects, TCM can
reduce reliance on conventional medications and mitigate dia-
betes-related complications **. TCM formulas, which are integral
to TCM, contain a large number of ingredients, most of which are
natural products. A recent review demonstrated that at least 16
FDA-approved drugs targeting GPCRs are derived from natural
products or their derivatives **. These natural products are chem-
ically diverse and multi-targeted **, making them an excellent re-
source for screening GCGR targeting compounds for T2DM treat-
ment. However, conventional experimental approaches in drug
development remain resource-intensive and time-consuming *°.
Artificial Intelligence (AI), with its advanced data analysis and
pattern recognition capabilities, has emerged as a transformative
tool in drug discovery. By screening and analyzing extensive
chemical libraries, Al algorithms can quickly identify drug mo-
lecules with potential activity, thereby improving development
efficiency of drug development and reducing costs *” **. For in-
stance, Mizera et al. developed a QSAR model for predicting the
PECs, values of GLP-1R compounds and the pICs, values of GCGR
compounds, providing a methodology for identifying potential
dual-action compounds *°. Similarly, Puszkarska et al. designed a
novel GCGR/GLP-1R dual agonist using a deep multitask neural
network, demonstrating the potential of Al in drug discovery *.

Inspired by these works, we presented DeepGCGR, a two-lay-
er deep learning model that integrates graph-based feature rep-
resentations with Graph Attention Network (GAT) and Graph
Convolutional Network (GCN) architectures to predict
pounds with potential agonistic activity toward GCGR. To en-
hance interpretability, we conducted feature attribution analyses
to identify key chemical properties and structural motifs driving
the model’s predictions, thereby elucidating its decision-making
process. Leveraging DeepGCGR, we screened a natural product
library and identified candidate compounds with agonistic activ-
ity. One top-ranked candidate was subsequently validated experi-
mentally and, notably, found to function as a PAM of GCGR. All
source code and datasets for DeepGCGR are publicly available at
https://github.com/GreatChenLab/DeepGCGR.

im-
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2. Materials and methods

2.1. Benchmark datasets

The datasets used for the GCGR compound activity predic-
tion model (P-model) and the GCGR compound classification
model (C-model) were obtained from the GPCRdb database (ht-
tps://gpcrdb.org/) *'. The data collection process is depicted in
Fig. 1A. Compounds with SMILES (Simplified Molecular Input
Line Entry System) for human GPCR were retrieved using the
keyword “<id>_human”. In the data cleaning phase, duplicate
entries were removed based on their SMILES. Subsequently, the
dataset was standardized using RDKit (http://www.rdkit.org/)
by transforming SMILES into isomeric SMILES representations.
Non-GCGR compounds and those lacking ICs,, ECsq, or K; values
were removed, resulting in a final dataset (GCGR_P) of 1 708
compounds. For the C-model, compounds without agonist/antag-
onist labels were excluded.The resulting dataset (GCGR_C) was
composed of a pre-training dataset and a fine-tuning dataset. The
pre-training dataset contained 37,764 compounds targeting GP-
CRs other than GCGR, including 20,112 agonists and 17,652 ant-
agonists, while the fine-tuning dataset consisted of 53 agonists
and 270 antagonists targeting GCGR.

2.2. Model construction

2.2.1. Feature representation

Each molecule in the dataset was represented as a molecular
graph ** (Fig. 1B). In the molecular graph, atoms and edges are
defined by feature v € {0,1}"°and e € {i,j}* using RDkit (http://
www.rdkit.org/), respectively. The elements in v is the presence
(indicated by 1) or absence (indicated by 0) of the 78 atomic fea-
tures (Table S1). The elements in e indicate the atom-to-atom re-
lationships, the first one is the index of the starting atom i and the
second is that of target atom j. Accordingly, the atom feature mat-
rix V€ {0,1}™"” and edge indices matrix E € {i,j}"** can be ob-
tained, with n, indicating the total count of atoms and n, signify-
ing the number of edges. Finally, the PyTorch Geometric library
was employed to convert these two matrices into tensors.

2.2.2. Graph attention network (GAT) layer

We constructed the GAT using CustomGATConv, which is a
variant of GATConv that allows for flexible model configuration.
The GAT layer integrates a multi-head attention mechanism to
compute attention weights between neighboring features. The at-
tention score between node i and its neighbor j is calculated as
follows:

ey = LeakyReLU (a”[ Wh; || Wh;)) (1)
where h; and h; denote the input feature vectors for nodes i and
j, respectively. The calculation involves a linear transformation
(W), a vector concatenation operation (||), and a learnable atten-
tion weight vector (a). LeakyReLU is used as the activation func-
tion for the process to mitigate the issue of “dead neurons”.

The attention scores for neighbors are normalized using the
Softmax function:

exp (ey)
ZkeN, exp (ex)

N; is the set of neighbors of node i, The exponential function
exp (-) is applied to the attention scores to transform them into
non-negative values, which amplifies the relative importance of
higher scores.

GAT employs multiple independent attention heads to learn
diverse attention distributions. Each attention head has its own

a; = softmax; (e;) =

(2)
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Fig. 1 Architecture of DeepGCGR. (A) Construction of the GCGR compound activity prediction model dataset and the GCGR compound classification model dataset. (B)
Scheme of feature representation. (C) Development of the GCGR compound activity prediction model and the GCGR compound classification model. The molecular graph
edge weights in the GAT layers were computed using e; = LeakyReLU (aT[ Wh; || Wh; D

weight matrix W* and computes an attention coefficient af./.") . The
output representation of node i from the k-th attention head is
computed as:

¥ = (Y al Wen;) 3)
where N (i) represents the set of neighbors of node i,h; is the fea-
ture vector of neighbor node j, and W* represents the trainable
weight matrix corresponding to the k-th attention head. ¢ stands
for an activation function. The ReLU ** was used as the activation
function to construct the P-model, defined as:

ReLU (x) = max(0,x) “@
the output is x when the input x is greater than 0, and the output
is 0 when x is less than or equal to 0.

The final feature representation h; is obtained by concatenat-
ing the outputs of all K attention heads:

K (k)
h; = ||k:1hi
In this study, the number of attention heads K is set to 4.

(5

2.2.3. Graph convolutional network (GCN) layer

We constructed a GCN utilizing GCNConv. The GCN layer em-
ploys an update rule based on the aggregation of the adjacency
matrix, enabling each node’s representation to incorporate both
its own features and those of its neighbors. To stabilize training,
the adjacency matrix is first normalized as follows:

A=A+1Iy
A=D24p2

where A denotes the symmetric adjacency matrix, Iy represents

(6)
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the identity matrix, and j is the degree matrix of 7.
The formula for a single-layer GCN is:

H) =0 (2XW°>) @)

where X is the feature matrix, W is the weight matrix of the
first layer.
The formula for a multi-layer GCN is:

) = o (AW ®

where W is the weight matrix of layer I and H'*V is the output
of layerl. o denotes the activation function. In this study, the C-
model was constructed using 4 layers.

2.2.4. Fully connected layer

Following feature extraction by the GCN or GAT layers, node
representations were aggregated across the entire graph using
global max pooling. The resulting feature vectors were then
passed through a series of dense layers to facilitate deeper fea-
ture integration and representation learning. To capture complex
and nonlinear patterns, each layer was followed by a ReLU activa-
tion function. To reduce overfitting, dropout regularization was
implemented to randomly discard neurons during training. The P-
model outputs the predicted compound activity value from its fi-
nal fully connected layer, while the C-model outputs classifica-
tion probability scores from its final layer.

2.2.5. The training processes
During P-model training, a data batch size of 64 was em-
ployed. In the three-layer GAT architecture, the output feature di-
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mensions for each layer were set to 312, 624, and 1248, respect-
ively. To minimize the mean squared error (MSE), the adaptive
moment estimation (Adam) * optimizer was applied. Model per-
formance was evaluated using five-fold cross-validation, where
the dataset was randomly and evenly divided into five subsets; in
each iteration, one subset served as the test set and the remain-
ing four as the training set. This process was repeated for five
folds, each trained for 200 epochs. To account for the wide range
of GCGR compound potencies, input features were scaled using
min-max normalization.

For the C-model training process, separate data partitioning
and training strategies were adopted for pre-training and fine-
tuning. During pre-training, the GCGR_C dataset was split into
training and validation subsets (8 : 2 ratio), using a batch size of
64. For fine-tuning, the GCGR subset was re-split into the same
training and test sets using the same ratio, with a reduced batch

Table 1 The hyperparameter values of DeepGCGR during training.

Chinese Journal of Natural Medicines 23 (2025) 1301-1309

size of 32. The model architecture comprises a shared feature ex-
traction module of four GCN layers with output dimensions of
256, 128, 64, and 32, respectively. Features obtained after global
max pooling are passed to a GCGR-specific classification head and
subsequently to the final output layer. We employed the Adam
optimizer with a learning rate of 1e-4. For the loss function, we
chose nn.BCEWithLogitsLoss, a numerically stable formulation
that combines a sigmoid activation with the binary cross-entropy
loss. To mitigate overfitting, L2 regularization was introduced
with a weight decay coefficient of 1e-4. The model was trained for
up to 200 epochs, incorporating an early stopping mechanism
that would stop training if performance plateaued. Additionally,
the shared GCN layers could be optionally frozen during fine-tun-
ing to exploit pretrained representations. A comprehensive sum-
mary of all hyperparameters for both models is provided in Ta-
ble 1.

Setting Attention head Batch size Dropout rate Learning rate Weight decay
P model 4 64 0.2 le-4 /
Pre-training / 64 0.5 le-4 le-4
C model
Fine-tuning / 32 0.5 le-4 le-4

2.3. Model validation

In this study, the evaluation metrics for the P-model include
mean squared error (MSE), mean absolute error (MAE), and coef-
ficient of determination (R?), as defined in equation (9):

1 ~
MSE =Y (v -y)

1n ~
MAE = HZi—lLVi =i 9)
2 27:10/" _5/\")2
RE=1-SF"——F
Zi:l(yi -¥)

where y is the mean of the actual values, y; is real value, y; is the
predicted value, and, n is the number of samples.

The evaluation metrics for the C-model include accuracy
(ACC), recall, precision, and F1 score, as defined in equation (10):

TP+ TN
ACC = _ TP+IN
TP+ TN+ FP+FN
TP
Recall = TP+ FN
(10)
Precisi TP
recision =
TP+ FP
Precision - Recall
F1 =2
score Precision + Recall

where TP is the true positive, TN is true negatives, FP is false
positives, and FN is false negatives. In addition to these, the C-
model evaluates performance using extra metrics, including the
area under the precision-recall curve (AUPRC) and the area un-
der the ROC curve (AUROC).

2.4. Molecular docking

Molecular docking simulations were carried out employing
the AutoDock Vina *. The human GCGR (PDB ID: 4L6R) *°, repres-
enting the compound-free (apo) conformation of the receptor,
was obtained from the RCSB Protein Data Bank (RCSB PDB) (ht-
tps://www.rcsb.org/) *. Candidate compounds with predicted
agonistic effects on GCGR were retrieved from PubChem
(https://pubchem.ncbinlm.nih.gov/) *. The protein structure
was prepared using AutoDock Tools (version 1.5.7) by removing

1304

water molecules, adding nonpolar hydrogens, and calculating
Gasteiger charges. Subsequently, OpenBabel *’ was used to con-
vert the molecular structures into the convenient pdbqt format.

2.5. In vitro cellular assays for GCGR activation

Phorbol 12-myristate 13-acetate (PMA) was purchased from
MedChemExpress (compound purity >90%), and glucagon (GCG)
was obtained from Shanghai Apeptide Co., Ltd. Cells were seeded
in 96-well plates at a density of 35 000 cells per well in 100 pL of
medium. Upon 80%-90% confluence, cells were co-transfected
with the GCGR-expressing vector and a luminescent cAMP bio-
sensor (GloSensor, Promega) using Lipofectamine 3000 reagent
(Thermo Fisher Scientific). After 24 hours transfection, cells were
incubated with 80 pL of equilibration medium containing 2%
(V/V) GloSensor cAMP reagent for 90 minutes at 37 °C. Sub-
sequently, experimental treatments were applied: cells were in-
cubated with 10 pL of test compounds for 30 minutes at room
temperature. Ten baseline points for each well were measured
before the addition of GCG in a final assay volume of 100 pl, and
GCG-induced changes in bioluminescence measurements were
then obtained for additional 30 min. Luminescence signals were
measured using a BioTek Synergy Neo2 microplate reader (Agi-
lent). Statistical analyses and graphical presentations were per-
formed using GraphPad Prism 10 (GraphPad Software, Inc., San
Diego, CA, USA).

3. Results

3.1. Architecture of DeepGCGR

Fig. 1C illustrates the architecture of DeepGCGR, which con-
sists of two layers of deep learning models. The P-model is de-
signed to predict GCGR compound activity, while the C-model
serves as a transfer learning model for GCGR compound classific-
ation. The P-model’s architecture comprises a three-layer GAT
network, which is then followed by global max pooling and a
three-layer fully connected layer. In the C-model, a four-layer
GCN network serves as a shared feature extractor, which is fol-
lowed by a global max pooling layer. The resulting graph-level
representations are then forwarded to a GCGR-specific classifica-


https://www.rcsb.org/
https://www.rcsb.org/
https://pubchem.ncbi.nlm.nih.gov/

X. Tang et al.

tion head composed of three fully connected layers, followed by a
final output layer for prediction.

3.2. Evaluation of DeepGCGR

The training process for the P-model consisted of 200
epochs, with stabilization occurring around the 100th epoch (Fig.
S1 A). The model’s performance was evaluated using five-fold
cross-validation, achieving MAE and MSE values below 0.5 and an
R? up to 0.8. A correlation analysis between the predicted and ac-
tual values was shown in Fig. 2. The plots reveal a strong correla-
tion, demonstrating that the model is well-suited for regression
tasks. To further assess the efficacy of the P-model, we replaced
the GAT layer with a GCN layer and compared their performance.
We first visualized the results of both models across five-fold
cross-validation using scatter plots (Fig. S2). The plots indicate
that there is no significant difference between the two models, as
both exhibit similar regression trends. We then performed a
quantitative comparison. As shown in Table 2, the GAT-based
model consistently outperformed the GCN-based model. While
the difference was modest, it was consistent, suggesting that GAT
provides a more accurate and reliable prediction of GCGR com-
pound activity. Moreover, the P-model was also validated by us-
ing the dataset from Mizera et al. ’, which was employed to con-
struct a QSAR model for GCGR activity prediction. The P-model
demonstrated superior predictive performance, achieving a MAE
of 0.4, which was better than the QSAR model’s MAE of 0.44.

1.04

0.94

e o
90 >

Predictions
<
[=)

0.5
0.4
gC
0341 o -
0.2 0.4 0.6 0.8 1.0
True values

Fig. 2 Performance of the compound activity prediction model. The horizontal
axis of the scatterplot represents the real values and the vertical axis represents
the predicted values.

The training process for the C-model comprised both a pre-
training and a fine-tuning stage. During pre-training, the model

Table 2 Performance comparison of the GCGR compound activity prediction models ™.
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performance stabilized around the 170th epoch, with training
terminating at the 198th epoch (Fig. S1 B). In the fine-tuning
stage, stabilization occurred earlier, around the 40th epoch, with
training concluding at the 95th epoch (Fig. S1 C). Throughout
both stages, key performance metrics including ACC, F1 score,
precision, and recall were tracked to monitor learning dynamics.
As shown in Figs. S3 and S4, these metrics steadily improved and
plateaued in later epochs. At the final evaluation, the model
achieved an ACC of 0.98 and an F1 score of 0.99. For a compre-
hensive assessment of the C-model’s predictive capability during
fine-tuning, AUROC and AUPRC were plotted (Fig. 3). On the
training set, the model’s AUROC and AUPRC were 0.96 and 0.99,
respectively. Its performance on the test set was even better, with
both metrics reaching 0.99. Despite the imbalanced fine-tuning
dataset (negative to positive sample ratio of 1 : 5), the C-model
maintained strong predictive performance, demonstrating ro-
bust generalization and stability. To further illustrate classifica-
tion performance on the imbalanced dataset, a confusion matrix
was generated (Fig. S5), showing the distribution of true posit-
ives (TP), false positives (FP), true negatives (TN), and false neg-
atives (FN), providing detailed insight into the model’s accuracy
in classifying compounds.

To investigate whether using GCN outperforms GAT, we com-
pared the performance of the GCN-based model and the GAT-
based model. Hence, we replaced the GCN layers with GAT layers
and fine-tuned key hyperparameters of the GAT model, including
the number of attention heads and the dropout rate. As shown in
Table S2, incorporating the attention mechanism and tuning
these parameters did not lead to significant performance im-
provements. This suggests that the GCN model is more suitable
for classification tasks.

3.3. Interpretability analysis of the GCGR compound activity predic-
tion model

To gain deeper insights into the chemical properties, types,
and distribution of functional groups in the GCGR_P, we per-
formed a comprehensive statistical analysis of key chemical char-
acteristics. Various properties were calculated and analyzed, in-
cluding the octanol-water partition coefficient (Log P) *°, molecu-
lar weight (MW), number of hydrogen bond donors (HBD), num-
ber of hydrogen bond acceptors (HBA), number of rotatable
bonds (Rotatable Bonds), topological polar surface area
(TPSA) *', number of aliphatic rings (Aliphatic Ring), and number
of nitrogen-containing aliphatic rings (Fig. S6).

The analysis revealed that the molecules in the P-model

Fold number Model MSE MAE R
GCN 0.0051 0.0520 0.7724
! GAT 0.0050 0.0486 0.7774
GCN 0.0063 0.0578 0.7500
’ GAT 0.0066 0.0580 0.7394
GCN 0.0053 0.0520 0.7515
’ GAT 0.0044 0.0463 0.7934
GCN 0.0044 0.0464 0.7970
! GAT 0.0039 0.0454 0.8211
GCN 0.0040 0.0445 0.8099
° GAT 0.0040 0.0433 0.8126
GCN 0.0050 + 0.0008 0.0505 + 0.0047 0.7762 + 0.0240
Hean GAT 0.0048 + 0.0010 0.0483 + 0.0051 0.7888 + 0.0290

#MAE: mean absolute error; MSE: mean squared error.
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Fig. 3 Performance evaluation of the GCGR compound classification model. (A) Area under the ROC curves for the training and validation sets during the pre-training phase.
(B) Precision-recall curves for the training and test sets during the fine-tuning phase.

training set generally conformed to Lipinski’s rule of five **, indic-
ating favorable physicochemical properties indicative of drug-
likeness. These molecules predominantly exhibited structural
features such as nitrogen-containing aliphatic rings, aliphatic
rings and halogen atoms. As reported in the literature, nitrogen-
containing aliphatic rings are well-established pharmacophore
elements commonly found in active small molecules targeting GP-
CRs *. In medicinal chemistry, fluorine and chlorine are fre-
quently incorporated to improve a drug’s ADME (absorption, dis-
tribution, metabolism, and excretion) profile, while bromine and
iodine are generally employed to increase selectivity ****. For in-
stance, Zhang et al. found that replacing hydrogen atoms with flu-
orine enhanced the binding affinity of compounds to their targ-
ets *. Furthermore, halogen atoms can facilitate protein-com-
pound interactions by acting as halogen bond donors, hydrogen
bond acceptors, or by participating in nonpolar interactions
through  holes */.

Based on the analysis of chemical properties, we selected two
molecules with the highest and lowest ICs, values, along with two
randomly selected molecules, to visualize attention weights. As
shown in Fig. 4, the attention weight visualizations prominently
highlight features such as nitrogen-containing aliphatic rings,
aliphatic rings, and halogen atoms. These features align with es-
tablished pharmacophore elements of active small molecules,
supporting that the P-model can effectively identify critical phar-
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0.0075

- 0.0025
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\ /’ - 0.020

0.015
0.010

0.005

Fig. 4

Attention weight

Attention weight

macophore components in small molecules targeting GCGR. In ad-
dition to the attention mechanism, we further employed SHAP
(SHapley Additive exPlanations) ** analysis to quantify the im-
portance of molecular features. The top 20 most influential fea-
tures, as ranked by their SHAP values, are summarized in a
statistical plot (Fig. S7). In addition to atom type features, SHAP
analysis further highlighted the role of other features during
training, including the number of neighboring atoms attached
to a given atom (Degree), the total number of explicit and impli-
cit hydrogen atoms for atomic linkages (Hs), the implied elec-
tronic valence states of atoms (Valence), and whether an atom
belongs to an aromatic ring system (Aromatic). These findings
collectively indicate that the P-model’s decision-making proc-
ess is grounded in fundamental chemical and structural proper-
ties, providing an interpretable basis for its predictive perform-
ance.

3.4. Feature distribution visualization of the GCGR compound clas-
sification model

To visualize the spatial distribution of features at different
stages of model training, we used t-distributed stochastic neigh-
bor embedding (t-SNE). Features were examined before and after
both pre-training and fine-tuning phases. The Davies-Bouldin In-
dex (DBI) was used to quantitatively assess clustering quality, of-
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0.014
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Interpretability analysis based on attention score visualization. (A) Molecule with the smallest IC5,: CHEMBL3957356. (B) Molecule with

CHEMBL431650. (C-D) Random molecule: CHEMBL2381847 and CHEMBL3675901. The darker color in the graph represents a higher attention score.
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fering additional insight into the C-model’s classification per-
formance. As shown in Figs. 5A and 5B, the feature representa-
tions in the pre-training stage exhibited a disorganized distribu-
tion before training, with a DBI of 13.28. After training, the fea-
tures became more compact and structured, and the DBI de-
creased to 3.74. Similarly, during fine-tuning (Figs. 5C and 5D),

Chinese Journal of Natural Medicines 23 (2025) 1301-1309

the DBI improved significantly from 5.83 before training to 0.35
after training, indicating enhanced clustering. These results
demonstrate that both pre-training and fine-tuning stages pro-
gressively improve the model’s ability to discriminate between
GCGR agonists and antagonists through more distinct feature rep-
resentations.

A DBI score: 13.28 B DBI score: 3.74
80 o Antagonist 80 o Antagonist
o Agonist o Agonist
60 5 60
40 40
Sl LY Sl
=] a £ 20
e LX) H g
? 0 ° .(% g 0
=} o
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2 20 £ 20
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40 —40
—60 —60
-80 80 o
-80 —-60 —40 20 0 20 40 60 80 -80 —-60 —-40 20 0 20 40 60 80
t-SNE component 1 t-SNE component 1
C DBI score: 5.83 D DBI score: 0.35
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£ ]
2 E
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t-SNE component 1

Fig. 5 Feature distribution analysis of the GCGR compound classification model. (A) Spatial distribution of the original features before pre-training. (B) Spatial distribution
of the final-layer features after pre-training. (C) Spatial distribution of the original features before fine-tuning. (D) Spatial distribution of the final-layer features after fine-

tuning.
3.5. Discovery of natural products with agonistic effects on GCGR

We applied the DeepGCGR model to virtually screen natural
products derived from TCM for potential GCGR agonists target-
ing T2DM treatment. Initially, a natural products library consist-
ing of 9 109 compounds was compiled from the TCM formulas
used for T2DM treatment, which were obtained from the TCM
knowledge discovery database (TCMKD, https://cbcb.cdutem.
edu.cn/TCMKD/) *. The P-model was then employed to predict
the activity of these natural products against GCGR. As a result,
1 847 candidates with activity predicted values below 300
nmol-L™" *° were identified as high-activity GCGR compounds.
These candidates were further refined by the C-model to 1 822
natural products with predicted agonistic effects. Subsequent mo-
lecular docking narrowed the selection to 1 065 compounds ex-
hibiting docking scores below -7 kcal/mol, a threshold indicative
of strong binding affinity *'. The top 10 candidates ranked by
their predicted activity values are illustrated in Fig. 6.

3.6. Functional validation of candidate natural products

To validate the virtual screening results, PMA (compound
CID: 27924), a commercially available molecule from the top 10
candidates were selected for functional validation. The cAMP con-
centration-response curves of GCG were generated in the ab-
sence and presence of increasing concentrations of PMA. The ad-
dition of PMA induced a concentration-dependent enhancement
of the cAMP response (Fig. 7A). Compared with the untreated
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control (normalized to 100%), Emax values of cAMP response in-
creased to 125%, 150%, and 170% for the 0.1 pmol-L™,
1 pmol-L™", and 10 pmol-L™ PMA-treated groups, respectively.
This enhancement was primarily mediated by an increase in the
maximum cAMP accumulation of GCG, with no significant change
observed in the EC5, values, indicating that PMA may act as a pos-
itive allosteric modulator that increases the intrinsic efficacy of
GCGR.

To investigate the molecular basis for this allosteric modula-
tion, molecular docking was conducted to investigate the binding
mode of PMA. Visualization using PyMOL (https://pymol.org/)
revealed that PMA forms hydrogen bonds with key GCGR
residues HIS-361 and GLN-392, located near the transmembrane
domain (Fig. 7B). To further support this observation, the LogP of
PMA was calculated using RDKit (http://www.rdkit.org/), yield-
ing a value of 5.75, consistent with favorable binding within the
hydrophobic transmembrane environment. These findings, to-
gether with the cAMP assay results, support the conclusion that
PMA adopts a favorable binding conformation to enhance GCGR
activation as a PAM.

4. Discussion

GCGR agonists have shown promising therapeutic potential
for obesity and T2DM **. Natural products, with structural di-
versity and potential bioactivity, serve as an ideal reservoir for
the discovery of GCGR-targeting agonists °* *. However, tradi-
tional drug discovery methods often face challenges, including


https://cbcb.cdutcm.edu.cn/TCMKD/
https://cbcb.cdutcm.edu.cn/TCMKD/
https://pymol.org/
http://www.rdkit.org/
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Fig. 6 Top ten compounds ranked by activity from virtual screening.
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Fig. 7 Functional validation of natural products. (A) Effect of Phorbol 12-
myristate 13-acetate (PMA) on glucagon-induced cAMP accumulation in HEK293T
cells. Data are presented as mean * standard deviation from three independent
replicates. (B) Molecular docking visualization of PMA binding to GCGR. The GC-
GR structure is shown in blue-gray; PMA’s carbon atoms are colored cyan, oxygen
atoms in red, and hydrogen bonds are indicated by yellow dashed lines. Amino
acid residues lining the binding pocket are depicted with purple carbons and blue
nitrogens.

high costs and lengthy timelines “°. To address these issues, we

developed a two-layer deep learning model, DeepGCGR, to effi-
ciently screen potential compounds with GCGR agonistic activity
from a vast natural product library.

We constructed two datasets, GCGR_P for compound activity
prediction and GCGR_C for compound classification, to train the P-
model and C-model, respectively. The GCGR compound activity
prediction model is based on the GAT. Its performance was evalu-
ated using standard regression metrics, yielding a MAE and MSE
below 0.5 and an R® of 0.8. Scatter plot analysis of predicted
versus experimental activity values revealed a strong linear cor-
relation, confirming the predictive accuracy of the model. For
compound classification, we developed a GCGR-specific classifica-
tion model (C-model) based on a graph convolutional network .
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Performance evaluation demonstrated that the C-model effect-
ively addressed the inherent class imbalance in the dataset while
maintaining high classification accuracy.

The statistical analysis of the P-model training set revealed
that the molecules generally followed Lipinski’s rule of five, indic-
ating favorable drug-like properties. The molecules mainly fea-
tured nitrogen-containing aliphatic rings, aliphatic rings, and
halogen atoms, which are known pharmacophore elements for
active GPCR-targeting molecules. The attention weight visualiza-
tions, generated from selected molecules, highlight these key
structural features, confirming that the P-model is capable of
identifying critical pharmacophore elements in small molecules
targeting GCGR.

By using DeepGCGR, we screened a library of 9 109 TCM-de-
rived natural products and identified 1 065 candidates exhibiting
GCGR agonism. This approach offers a substantial improvement
over traditional methods, providing a more efficient and resource-
conscious path toward novel T2DM therapeutics. Among the top-
ranked candidates from virtual screening, PMA (compound CID:
27924), one of the top-ranked candidates from virtual screening,
was selected for functional validation. Consistent with model pre-
dictions, PMA enhanced glucagon-induced cAMP responses in
HEK293T cells in a concentration-dependent manner, support-
ing its role as a potential positive allosteric modulator of GCGR.
While these findings provide encouraging initial evidence for the
predictive power of DeepGCGR, additional functional assays in-
volving diverse signaling pathways, and different cellular con-
texts will be required to further confirm the biological relevance
and generalizability of the results.

Overall, DeepGCGR not only demonstrates the feasibility of
leveraging deep learning for accurate prediction and classifica-
tion of GCGR ligands but also marks an important advance in har-
nessing natural products as a valuable source of novel GCGR ag-
onists. This integrative strategy may accelerate the discovery of
next-generation therapeutics for T2DM and other GCGR-related
diseases.
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