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ABSTRACT: Accurate prediction of protein−ligand binding
affinities (PLAs) is essential for drug discovery and development.
Recent advancements suggest that transforming protein−ligand
complexes into heterogeneous graph representations may offer a
viable solution. However, existing methods ignore the importance
of heterogeneous graph augmentation and the complementary
information provided by sequence and protein−ligand complex
structure modalities, which are crucial for enhancing generalization
and robustness. In this study, we propose a multimodal data fusion
approach GIF-PLA (meta-path-based enhanced heterogeneous
information fusion framework for protein-ligand binding affinity prediction). Protein−ligand binding complexes are represented as
heterogeneous graphs with meta-paths, in parallel with protein sequences and ligand simplified molecular input line entry system
(SMILES) strings, which are fed into cascaded deep neural networks, respectively. GIF-PLA effectively captures structure-oriented
information, encompassing topological interactions and high-order nonlinear relationships, as well as sequence-oriented information.
Finally, a late fusion module is used to integrate multilevel information. Comprehensive evaluations demonstrate that GIF-PLA
surpasses state-of-the-art methods, achieving a Pearson’s correlation coefficient (Rp) of 0.784 and a root-mean-square error (RMSE)
of 1.157 on benchmark data sets. Ablation studies highlight the critical contributions of meta-paths and multimodal fusion. Overall,
GIF-PLA shows significant promise in predicting protein−ligand interactions with enhanced reliability.

1. INTRODUCTION
Protein−ligand binding affinity (PLA) prediction is pivotal for
drug discovery, bridging computational models and therapeutic
development.1 While experimental assays remain the gold
standard, their scalability limitations have spurred computa-
tional alternatives2,3 Molecular docking tools like AutoDock
Vina4 and GOLD5 exemplify this shift, offering rapid virtual
screening through binding mode simulations, though con-
strained by computational cost-accuracy trade-offs.
In the pursuit of more efficient and accurate predictive

models, deep learning has emerged as a promising avenue. It
offers two primary methodologies for predicting protein−ligand
binding affinity: complex-free and complex-based methods.
Complex-free methods circumvent 3D structural dependencies
by directly learning from protein sequences and ligand simplified
molecular input line entry system (SMILES) representations.
For example, DeepDTA6 employs convolutional neural net-
works (CNNs) to process sequential data, whereas GraphDTA7

integrates graph nerual networks (GNNs) to capture ligand
topological features. In contrast, complex-based methods
explicitly exploit 3D structural data through divergent
architectures: 3D CNNs (e.g., Pafnucy8) spatially encode
atomic density grids, while GNN-based frameworks such as
IGN9 and EHIGN10 construct heterogeneous graphs modeling
geometric interactions at molecular interfaces. Notably, GNN
approaches demonstrate superior predictive accuracy compared

to 3D CNNs, attributed to their inherent capacity to represent
non-Euclidean molecular geometries and dynamic atomic
contacts, as evidenced by EHIGN’s performance benchmarks.10

Despite the encouraging outcomes observed in previous
methodologies, several obstacles and difficulties remain that
impede further development. Here, we summarize three
fundamental challenges that remain to be solved with regard
to complex-based methods for predicting protein−ligand
binding affinities:
First, despite the promising potential of transforming

complexes into heterogeneous graphs for structure-based
protein−ligand binding affinity prediction tasks, existing
methods fail to recognize the importance of enhancing these
graphs. The prevailing methodologies typically consider only
first-order neighbors (i.e., directly connected nodes), thereby
neglecting information from more distant nodes.9,11 This
limitation might impair the model’s ability to effectively capture
complex structural features and semantic relationships. Meta-
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paths, which are a significant concept within heterogeneous
graphs, may potentially address this issue; they represent
ordered sequences of node types and edge types that describe
composite relationships between node types.12−14 Meta-paths
can be viewed as higher-order proximities between two nodes,
capturing semantic relationships by specifying sequences of
node and edge types.15,16 For example, in PLA prediction tasks, a
meta-path could be “protein node-ligand node-protein node,”
indicating the relationship where two protein atoms jointly
interact with a ligand atom. This ability to capture higher-order
proximities and semantic relationships has led to the widespread
application of meta-paths in various fields.17,18 However,
existing heterogeneous graph-based methods often neglect to
integrate the critical information extracted from meta-paths
when addressing PLA tasks.9,10

Second, current research suffers from an underestimation of
the importance of multimodal information fusion, particularly
the integration of sequence modality and complex structure
modality, in predicting PLAs. Additionally, existing multimodal
methods mostly focus on the independent multimodal
information on ligands and proteins separately, such as
integrating protein sequences with their 3D structures, and
ligand sequences with their molecular structures.19−21 While
leveraging multimodal information to improve PLA prediction
performance has become a core research direction, and some
methods have achieved notable progress in integrating structural
and sequential information, how to efficiently fuse molecular
modal information from different sources and at different
abstraction levels remains an open question in this field.22,23

This results in the fact that the potential of existing methods to
fully explore and synergistically utilize the multidimensional
features of proteins, ligands, and their complexes has not been
fully unleashed.
Third, current PLA prediction methods exhibit significant

limitations in their generalization performance, which hinders
their direct application in practical virtual drug screening.
Generalization performance refers to a model’s ability to
perform well on unseen data, which is crucial for practical
applications.24,25 The development of protein−ligand binding
affinity prediction models is significant for tasks such as drug
scoring, ranking, and screening.
To address these challenges, we developed GIF-PLA (meta-

path-based enhanced heterogeneous information fusion frame-
work for protein-ligand binding affinity prediction), which
utilized heterogeneous graphs with meta-paths and the
representations of both sequence and complex structure
modalities to predict PLAs. Specifically, we first modeled the
protein−ligand complexes as heterogeneous graphs, with nodes
representing protein and ligand atoms and edges representing
both covalent and noncovalent bonds. The graph convolutional
layers were used to learn the complex interactions within the
graphs. Next, two meta-paths were defined for these
heterogeneous graphs: protein atom-ligand atom-protein atom
and ligand atom-protein atom-ligand atom, which generated
enhanced graphs for proteins and ligands. We employed graph
isomorphism networks (GINs) coupled with a dynamic fusion
strategy to capture the long-range dependencies and semantic
relationships from these two types of graphs. In addition, protein
sequences and ligand SMILES strings were encoded and
analyzed with CNNs to extract fundamental composition.
Finally, we integrated the multimodal information to predict
PLAs, leveraging the complementary strengths of both sequence

and complex structure data. The primary contributions of this
study are summarized as follows:

1. We introduce a novel graph-based heterogeneous
information fusion framework for protein−ligand binding
affinity prediction, which integrates multimodal data
features to capture global dependencies and semantic
information.

2. For affinity prediction, we are the first to integrate meta-
paths into the heterogeneous graph representation of
protein−ligand complexes, thereby leveraging this mech-
anism to enhance the model’s ability to capture higher-
order proximities and relevant semantic relationships.

3. We effectively combine sequence and complex structure
modalities, providing a more comprehensive and robust-
ness prediction of PLAs.

The rest of this paper is organized as follows: Section 2
reviews related studies on PLA predictionmethods. In Section 3,
we introduce the details of the network structure and its
modules. Section 4 details the experimental settings employed.
The results and subsequent discussion are presented in Section
5. Finally, conclusions are drawn in Section 6.

2. RELATED WORK
The swift progression of deep learning technologies has marked
a significant leap in the prediction of PLA. The unique
advantages of deep learning in processing complex data
structures and feature extraction have solidified its role as an
essential tool in the field of drug discovery. Current PLA
prediction methods are primarily categorized into two
approaches: complex-free methods and complex-based meth-
ods.
2.1. Complex-Free Methods. Complex-free methods do

not rely on the three-dimensional structures of specific protein−
ligand complexes. Instead, these methods utilize alternative
types of data, such as protein sequence information, the
chemical structure of ligands, and protein features (e.g.,
physicochemical properties, evolutionary information). The
advantage of this approach lies in its ability to make effective
predictions even in the absence of detailed structure
information.
Many studies employed neural network frameworks to extract

the features of protein sequences and drug molecules. For
instance, the pioneering deep learning model DeepDTA,6 which
utilizes integer encoding for drug SMILES and protein amino
acid sequences, followed by feature learning through a three-
layer CNN. WideDTA26 is an improved version of DeepDTA.
To capture the latent features of drug and protein sequences for
affinity prediction, Co-VAE27 employs variational autoencoding
technology.
Recently, transforming drug strings into molecular graphs has

become a common practice. For example, GraphDTA7 employs
molecular graphs within GNNs, including graph convolutional
networks (GCNs), graph attention networks (GATs), or GINs,
to extract high-level features. For proteins, CNNs are adopted to
learn hidden features. Both DeepGLSTM28 and GDGRU-
DTA29 apply long short-term memory (LSTM) networks to
learn hidden features for protein processing. For the molecular
graphs, DeepGLSTM28 combines multiple GCNs to learn
various drug features, while GDGRU-DTA not only employs
GNNs but also utilizes bidirectional gated recurrent units
(GRUs) to extract drug features. TDGraphDTA30 model
integrates a multiscale information interaction module with a
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diffusion-driven graph optimization module that refines
molecular graph representations and uncovers additional
structural features. Taking drug molecular graphs and protein
sequences as input, TDGraphDTA achieves accurate DTA
prediction. MDCT-DTA,31 based on multiscale diffusion and
interaction learning, mines the node associations and structural
features of drug molecular graphs through the multiscale graph
diffusion convolution module, extracts the local and global
features of protein sequences by means of the CNN-Trans-
former network module, and integrates the feature associations
between drugs and proteins relying on the local interlayer
information interaction structure, thereby constructing an
efficient DTA prediction framework. Similarly, the Rotary
Retention Graph Drug−Target Affinity network (RRGDTA32)
is a DTA prediction model that integrates three core modules:
MSI, which fuses multiscale drug-target information via
multihead cross-attention to generate joint representations;
ROE, which focuses on adjacent contexts to enhance structural
features; and APM�containing IMR and SSG�which max-
imizes the retention of drug-target information.
Some studies utilize not only drug molecular graphs but also

protein graphs to predict the binding affinities between proteins
and ligands. For example, DGraphDTA33 processes protein
sequences to generate a contact map, which is then used to
construct a graph. The protein graphs and ligand molecular
graphs are then input into a GNN for feature learning. However,
DGraphDTA33 requires extensive database scanning due to its
lengthy processing time, which significantly reduces the overall
prediction accuracy. Therefore, WGNN-DTA34 leverages
evolutionary scale modeling (ESM) and extracts a protein
graph from the model, enabling a more efficient prediction
process with improved results. In addition, GEFA35 transfers a

drug molecule graph to a protein graph for learning and
prediction through an attention mechanism.
2.2. Complex-Based Methods. Complex-based methods

have long been a significant approach in PLA prediction.36,37

These methods utilize the 3D structure of the protein−ligand
complex to estimate binding affinity based on physical
interactions and scoring functions. Benchmark data sets such
as CASF38 and CSAR39 have been crucial for evaluating the
performance of these methods. The advancements in protein
structure prediction through AlphaFold40,41 have enhanced the
accessibility of structural data, particularly for targets without
experimentally resolved structures.
The 3D CNNs have become a routine usage where a 3D

rectangular grid encoded with various pieces of chemical
information was used as the inputs of the 3D-CNN. For
instance, Pafnucy8 transforms drug-target complexes into fine-
grained three-dimensional grid representations, processed by
3D CNNs to generate rich feature maps, which are then
integrated by fully connected layers to predict affinity values.
TopologyNet42 introduced topological concepts, constructing a
multichannel topological neural network for predicting
protein−ligand binding affinity and protein mutation stability
changes. OnionNet-243 uses the logarithm of contacts between
protein residues and ligand atoms as features, achieving higher
predictive accuracy than previous scoring functions. Hy-
draScreen44 employs a 3D CNN in an end-to-end manner: it
first samples up to 20 protein−ligand docking poses with Smina,
grids the complexes, and then simultaneously outputs pose
confidence and binding affinity. A differentiable PLIE ensemble
score reweights the pose landscape, enabling joint optimization
of pose selection and affinity prediction without requiring
experimental structures. Furthermore, PointTransformer45

Figure 1. The overall architecture of the proposed GIF-PLA. (A) Data collection: Collect data from three databases: PDBbind for structure modal
data, and UniProt and PubChem for sequence modal data. (B) Graph construction: Construct heterogeneous graphs for the input pocket-ligand
complex and define two meta-paths in the graph. (C) Graph encoding module: Introduce graph convolutional network (GCN) layers, graph
isomorphism network (GIN) layers, and a gated fusion layer to encode the heterogeneous graphs and meta-path-based homogeneous graphs. (D)
Sequence encoding modal: Construct convolutional neural networks to capture the local attributes of protein sequences and ligand SMILES strings
separately. (E) Prediction module: Predict binding affinities with feed-forward layers.
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converts the three-dimensional structure of protein−ligand
complexes into point cloud data, with each point representing an
atom or group of atoms, including spatial coordinates and
chemical properties, and then uses point cloud-based neural
network structures, PointNet and PointTransformer, to learn
data features and predict protein−ligand binding affinity.
Recently, several algorithms leveraging protein−ligand

complex graphs with embedded 3D structural information
have been developed, as molecular graphs effectively represent
the connectivity between atoms in a molecule. For example,
TopBP46 introduces a topological feature extraction method
that integrates multicomponent, multilevel, and electrostatic
persistent homology, transforming molecular structures into
topology-based images that retain chemical and biological
information. These images are used bymachine learningmodels,
specifically, deep convolutional neural networks (CNNs) and
ensemble tree models, for protein−ligand binding prediction
and virtual screening. PLANET47 builds a multiobjective graph
neural network: it first extracts features from the 3D protein
pocket graph and the 2D ligand graph, respectively, then lets the
two representations interact via cross-attention while jointly
predicting binding affinity, residue-atom contact maps, and
intraligand distance matrices. ConBAP48 employs EGNN,
MPNN, and GVP-GNN to extract multimodal information
from 3D complexes, 2D ligands, and coarse-grained protein
pockets, respectively, and enhances the accuracy and general-
izability of protein−ligand binding affinity prediction through a
triplet contrastive learning strategy. IGN9 converts the three-
dimensional structure of protein−ligand complexes into graph
representations, with atoms as nodes and interactions as edges,
stacking two graph convolutional modules to learn intra- and
intermolecular interactions within the protein−ligand complex
graph. GIGN11 uses 3D structures of protein−ligand complexes
to generate molecular interaction representations and intro-
duces a heterogeneous interaction layer to integrate both
covalent and noncovalent interactions during the message-
passing phase. Furthermore, EHIGN10 processes graph-
represented data through geometric interaction graph neural
networks, introducing interaction-based inductive biases to
better capture the complex interactions between proteins and
ligands. The continuous emergence of high-quality biological
structural data has ushered in new opportunities for structure-
based drug-target interaction prediction research, making more
precise and reliable predictions a tangible possibility.

3. MATERIALS AND METHODS
3.1. GIF-PLA Architecture. The overall flowchart of the

framework is displayed in Figure 1. We first collect the data from
threemain databases: PDBbind49 (the source of structure modal
data), UniProt50 and PubChem51 (the source of sequence
modal data) (Figure 1A). These data are divided into two
branches. In the first branch, which handles structure modal
data, the heterogeneous graph is constructed for the input
pocket-ligand complex and two meta-paths in the graph are
defined (Figure 1B). Subsequently, we introduce graph
convolutional network (GCN) layers, and graph isomorphism
network (GIN) layers and a gated fusion layer as the encoder
module for the heterogeneous graph and meta-path-based
homogeneous graphs, respectively (Figure 1C). Furthermore, a
prediction module with a feed-forward layer (Figure 1D) is
added to learn the representations. In the second part, which
processes sequence modal data, a convolutional encoder is
constructed to capture the local attributes of protein sequences

and ligand SMILES strings separately (Figure 1E). These two
features are then concatenated, and fully connected layers are
employed to produce the final sequence prediction output.
Finally, the results from both parts are averaged to estimate the
binding affinity of the protein−ligand pair. In PLA prediction,
the task is to evaluate the interaction strength between a ligand
and a target protein, which is typically treated as a regression
problem. Given a group of data sets containing binding affinities
(X, Y), the goal is to develop a model F capable of accurately
predicting the binding affinity ŷ for each protein−ligand pair,
where ŷ ∈ R1. This can be mathematically expressed as ŷ = F(x1,
y1), where x1 ∈ X, y1 ∈ Y.
3.2. Feature Extraction Module. We calculated both

sequence and structural high-dimensional features for each
sample. These feature vectors will be employed as input for a
deep learning model to predict binding affinity.

3.2.1. Sequence Features. Due to the variable lengths of
protein and SMILES sequences, it is necessary to ensure fixed
lengths in order to create an effective representation form.
Hence, we decided on fixed maximum lengths of 1200 for
protein sequences and 90 for SMILES strings based on the
distribution shown in Supplementation Figure S1 so that the
maximum lengths cover at least 90% of the proteins and the
ligands in the data sets.6 The sequences that are longer than the
fixed length were truncated, whereas shorter sequences are
padded with zeros.
The protein sequence Sp = (p1, ···, pn), where pi denotes an

amino acid, and the ligand SMILES strings Sd = (d1, ···, dm), di
denotes a ligand SMILES character, are utilized as the 1D
representation inputs for another part of the model, which were
encoded using label encoding. Each amino acid type is assigned a
unique integer based on its associated alphabetical symbol [e.g.,
Alanine (A) is 1, Cystine (C) is 3, Aspartic Acid (D) is 4 and so
on], allowing the protein to be represented as an integer
sequence. Similarly, SMILES strings were also encoded using
label encodings. For instance, the label encoding for the SMILES
string “CN = C�O” would be [C N = C = O], which would
correspond to [1 3 63 1 63 5] in the encoded form.

3.2.2. Complex Structure Features. We defined the protein
pocket structure surrounding the ligand within 5 Å as a pocket-
ligand complex, represented by a heterogeneous graph. This
graph encompasses a protein graph and a ligand graph, as
depicted in the upper half of Figure 1B (where green nodes
represent the ligand atoms and orange nodes represent the
protein pocket atoms). The nodes and edges in the graph are
characterized by initial 2D and 3D features. Pocket nodes and
ligand nodes share a set of 2D features spanning 35 dimensions,
while pocket edges and ligand edges share a set of 2D features
with 6 dimensions. Additionally, a set of 3D geometric features,
totalling 11 dimensions and including distances, angles, and area
statistics, were introduced as supplementary 3D edge features
for pocket edges, ligand edges, as well as the edges from the
pocket to the ligand and from the ligand to the pocket.
Furthermore, two meta-path-based homographs were con-
structed to enhance the feature representation, as shown in
the lower half of Figure 1B. We utilized two specific meta-paths:
“protein atom-ligand atom-protein atom” and “ligand atom-
protein atom-ligand atom” to generate homogeneous graphs for
both protein and ligand. Nodes and edges retain the features
from the original graph. Detailed information on all features for
nodes and edges can be found in Supplementary Table S1.
3.3. Graph Encoding Module. 3.3.1. Heterogeneous

Graph Encoder. The heterogeneous graph encoder forms the
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foundation of the GIF-PLA model, processing the protein−
ligand complex as a graphG = (V, E). Here, the node set V = (Vl
∪ Vp) consists of the ligand node set Vl and the pocket node set
Vp. The edge set E = El ∪ Ep ∪ Elp ∪ Epl, where El and Ep are the
sets of ligand and protein covalent edges (i.e., covalent bonds/
interactions), respectively; Elp and Epl are the sets of noncovalent
edges (i.e., noncovalent bonds/interactions). A noncovalent
edge exists when the distance between ligand atom vi ∈ Vl and
protein atom vk ∈ Vp satisfies the condition dik < θ, where the
distance is defined as dik = ∥ri − rk∥2, with a threshold set to 5 Å.
This encoder begins by transforming initial node and edge
features using type-specific feedforward networks:

h v x v V( )( ),v t v
(0) = (1)

e v u v x u v E( , )( ), ( , )u r uv
(0) = (2)

where φt(v) and ψr(u, v) are neural networks specific to node
types and edge relations, respectively. Specifically, φt(v) is a
feedforward neural network that takes the initial feature vector xv
of a node v and transforms it into an embedding space suitable
for graph convolution operations. Similarly, ψr(u, v) is a
feedforward neural network that processes the initial feature
vector xuv of an edge (u, v), encoding the relationship between
the connected nodes.
Following this initial encoding, the model employs L layers of

heterogeneous graph convolution to update node features:

i

k
jjjjjjj

y

{
zzzzzzzh W h b l L, 0, 1, , 1GCN v

l

r R u N v
r

l
u

l
r

l
( )

( 1)

( )

( ) ( ) ( )

r

= + = ···+

(3)

where Nr(v) denotes the neighbors of node v under relation r,
Wr
(l) and br(l) are learnable parameters, and σ is a nonlinear

activation function.
Notably, the model utilizes separate convolution operations

for different relation types. For intramolecular interactions and
intermolecular interactions, we employ a standard graph
convolution operation. The key operations are defined as
follows:
The message passing mechanism computes the messages sent

from source nodes to destination nodes by combining the source
node features and edge features. Specifically, the message mv is
computed using the ReLU activation function on the sum of the
source node feature hn and the edge feature he:

m h hReLU( )v n e= + (4)

In the forward pass, the layer updates the node features by
aggregating messages from neighboring nodes. The updated
feature hnew(v)(l+1) for node v at layer l+1 is given by

i

k
jjjjjjj

y

{
zzzzzzzh h mMLPnew v

l
v

l

u N v
u( )

( 1) ( )

( )

= ++

(5)

whereN(v) is the set of neighboring nodes andMLP(.) denotes
a multilayer perceptron that processes the aggregated features.

3.3.2. Meta-Path Graph Encoder. To capture higher-order
interactions mediated by the protein or ligand, GIF-PLA
introduces a novel meta-path graph encoder. This encoder
operates on a meta-path graph Gm = (Vm, Em), representing
ligand atom-protein atom-ligand atom paths or protein atom-
ligand atom-protein atom paths. The meta-path encoder
employs a series of GIN layers:

h MLP h h l

L

((1 ) ),

0, 1, , 1

GIN v
l l l

v
l

u N v u
l

m

( )
( 1) ( ) ( ) ( )

( )
( )= + · +

= ···

+

(6)

where ε(l) is a learnable parameter and MLP(l) is a multilayer
perceptron.
To effectively integrate the outputs from the two meta-path

encoders, a gated fusion mechanism is employed. This
mechanism dynamically weights the contributions of each
input feature based on their relevance. The dynamic weightWd
is computed as follows:

w W h h( ( ))d d input1 input2= · + (7)

In this equation, hinput1 and hinput2 represent the outputs from
the two meta-path encoders, while Wd is a learnable weight
matrix, and σ denotes the sigmoid activation function.
The fused output houtput is then calculated using the dynamic

weight:

h w h w h(1 )d doutput input1 input2= · + · (8)

This equation illustrates how the contributions from each
input are weighted according to their importance. The final
representation is further processed through a linear trans-
formation and normalization:

h LayerNorm P h( )final output= · (9)

where P is another learnable weight matrix that facilitates the
final linear transformation.
3.4. Sequence Encoding Module. To characterize the

protein amino acid sequences Sp and drug SMILES strings Sd.
These layers meticulously extract local hidden attributes,
generating representationse sequences H(p) and H(d).

f f SH ( ( ))CNN CNN
(p)

p= (10)

f f SH ( ( ))CNN CNN
(d)

d= (11)

These enriched representations are then concatenated and fed
into a fully connected layer, generating a prediction value that
encapsulates the intricate interplay between protein sequences
and drug structures:

y w b( (H , H ) )seq
(p) (d)= · + (12)

where w and b are learnable parameters. σ denotes the ReLU
activation function.
3.5. Prediction Module. The prediction module of GIF-

PLA synthesizes information from both the heterogeneous
graph and the meta-path graph representations to generate the
final binding affinity prediction. This module incorporates edge-
based predictions, node-based predictions, and meta-path
predictions. Edge-based predictions aggregate intermolecular
edge features and apply linear transformations:

h Pool e u v E r u v intermax ( : ( , ) , ( , ) )lp uv l p2= { = } (13)

h Pool e u v E r u v intermax ( : ( , ) , ( , ) )pl uv p l2= { = } (14)

y Linear h y Linear h( ), ( )lp edge pledge1 2= = (15)

Node-based predictions aggregate node features separately
for ligand and protein:

h Pool h v V t v pocketmax ( : , ( ) )p v= { = } (16)
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h Pool h v V t v ligandmax ( : , ( ) )l v= { = } (17)

y Linear Concat h h( ( , ))p lnode = (18)

The meta-path prediction utilizes the output of the meta-path
graph encoder:

y Linear h( )Gmeta m
= (19)

The final prediction is an average of these diverse signals and
the prediction from sequences (equal 12):

y y y y y y( )/5final edge1 edge2 node meta seq= + + + + (20)

3.6. Loss Function. The model is trained by minimizing a
mean-squared error (MSE) loss function as follows:

n
yMSE

1
( y)i

n
i i1

2= = (21)

where yi represents the true binding affinity, ŷi represents the
predicted binding affinity, and n is the number of samples.

4. EXPERIMENTAL SETTINGS
4.1. Data Set Preparation. 4.1.1. Construction of the

Benchmark Data Set. The benchmark data set is primarily
derived from the PDBbind database (version 2020), encompass-
ing the general set and refined set. This comprehensive data set
includes high-quality protein−ligand complexes, each accom-
panied by detailed structural information and experimentally
determined binding affinity data.49 The biological unit of each
complex is divided into a protein molecule (in PDB format) and
a ligand molecule (in Mol2 and SDF formats). Binding affinities
are reported using standard measurement types, including
inhibition constants (Ki), dissociation constants (Kd), and half-
maximal inhibitory concentrations (IC50).
We downloaded a total of 19,443 complexes with

experimentally determined binding affinities from the general
set and refined set of PDBbind (http://www.pdbbind.org.cn/),
where the binding affinities are represented as -logKd or -logKi
(with larger values indicating stronger binding). The entries
were filtered based on two criteria. First, compounds should
have available and valid graph representations that can be
processed by RDKit, and can be successfully linked to PubChem
database (https://pubchem.ncbi.nlm.nih.gov/) Chemical Iden-
tifiers (CIDs) with available SMILES data, resulting in the
removal of 2,748 samples that could not be processed. Second,
proteins can be successfully mapped to UniProt database
(https://www.uniprot.org/) IDs with available sequence data,
which led to the removal of 354 protein−ligand pairs. We
utilized UniProt sequences instead of the protein sequences
directly extracted from the PDB structures for the following two
reasons: 1) one protein may have different sequence variations
in different PDB structures; 2) the protein sequences present in
the PDB structures might be incomplete, such as only including
some domains or lacking some flexible regions. In total, we
obtained 15,726 compound-protein pairs that satisfied these
criteria. The remaining samples were randomly divided into
training (11,008), validation (3,145), and test (1,573) sets in a
ratio of 7:2:1 for model training, testing, and optimal model
preservation. Data statistics, including overlap with the training
set, are summarized in Table 1.

4.1.2. Construction of the Additional Test Data Set. To
rigorously evaluate model generalizability, we constructed an
independent external test set (Test21) by systematically

deduplicating and filtering the CSAR-HiQ39 and PL-REX52

data sets against the PDBbind data. The initial combined data
set contained 507 protein−ligand complexes. We retrieved
amino acid sequences and SMILES strings from the UniProt and
PubChem databases, respectively, based on protein and ligand
names. To ensure dissimilarity from the PDBbind training data,
we calculated pairwise Tanimoto similarity between all ligands
in the external sets and those in the PDBbind training set using
Morgan fingerprints (radius = 3, 2048 bits) in RDKit.53 Ligands
with a similarity score of 0.6 or higher were excluded. For
proteins, we used CD-HIT-2D54 with a 60% sequence identity
threshold to remove proteins with significant sequence similarity
to those in the PDBbind training set. These filters ensured that
no compound-protein pair in the final Test21 set had greater
than 60% similarity in either compound structure or protein
sequence to any pair in the training set. Furthermore, structural
similarity assessment via TM-score revealed minimal structural
similarity between Test21 and training set proteins, with the
maximum observed TM-score being only 0.425 (e.g., between
Test21’s 2dm5 and the training set’s 4kii).
The resulting Test21 set comprises 21 unique compound-

protein interactions (detailed in Table 1), with 20 unique
compounds and 14 nonredundant proteins.
4.2. Clustering-Based Data Splitting Validation. We

conducted clustering-based data splitting with the aim of
assessing the model’s generalizability by controlling the
similarity among data sets.55,56 This approach ensures that
compound-protein pairs with compounds or proteins belonging
to the same cluster are either all assigned to the training set, the
validation set, or the test set.
We calculated theMorgan fingerprints for all ligands using the

RDKit,53 which were utilized to construct a similarity matrix
where each element represents the similarity between
corresponding ligands. The Tanimoto similarity coefficient
was employed to measure the similarity among ligands. To
compute the similarity between proteins, we applied the Smith-
Waterman algorithm,57 based on dynamic programming
principles, which identifies the optimal local alignment between
two sequences. By constructing the similarity matrix, we
quantified the degree of similarity between each pair of ligands
or proteins, as illustrated in Figure S2.
Based on the similarity matrices, the single-linkage clustering

algorithm58 was employed to group ligands and proteins with
high similarity into clusters. A clustering threshold of 0.3 was
selected for both ligands and proteins. This threshold was
chosen because distances below 0.3 are insufficient for effective
separation and may lead to data redundancy, while distances
above 0.3 indicate lower similarity, potentially resulting in overly
dispersed clusters and reducing the representativeness and
information content of the entities within the clusters. Thus, a
threshold of 0.3 provides a balance, ensuring similarity within
clusters without causing excessive dispersion.

Table 1. Detailed Data Statistics for Each Dataset

Data set Interactions Proteins Ligands

Protein
overlap
rate

Ligand
overlap
rate

Training set 11,008 2,340 8,946 - -
validation
set

3,145 1,164 2,833 31.95% 32.53%

Test set 1,573 793 1,468 24.39% 24.82%
Test21 set 21 20 14 0% 0%
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Data splitting was then performed based on the generated
ligand and protein clusters, according to three distinct scenarios:

1. Ligand-clustering setting: Protein−ligand pairs with
compounds from the same cluster cannot be shared
across training, validation, and test sets. That is, for any
two protein−ligand pairs from different sets, the
compounds must come from different clusters.

2. Protein-clustering setting: Protein−ligand pairs with
proteins from the same cluster cannot be shared across
training, validation, and test sets. That is, for any two
protein−ligand pairs from different sets, the proteins must
come from different clusters.

3. Both-clustering setting: Both compound clusters and
protein clusters cannot be shared across training,
validation, and test sets. That is, for any two protein−
ligand pairs from different sets, the compounds must
come from different clusters, and the proteins must also
come from different clusters.

All partitioning scenarios maintained a 7:2:1 ratio (training:
validation: test) through cluster-wise stratified splitting,
ensuring proportional representation of molecular diversity
across partitions. This rigorous separation protocol creates
progressively challenging evaluation scenarios, with the dual-
constraint setting representing the most stringent generalization
test.
4.3. Baselines. To comprehensively evaluate the perform-

ance of GIF-PLA and demonstrate its advantages, we compared
it to a range of established baseline models using different
modalities. These baselines are categorized into complex-free
and complex-based methods, as described below:

1. Complex-free methods: These methods rely on protein
sequence information, ligand SMILES strings, or 2D
graph representations, without requiring 3D structural
information on the protein−ligand complex.

2. DeepDTA:6 This model employs convolutional neural
networks to process protein sequences and ligand
SMILES strings, offering a deep learning solution that
does not require interaction data.

3. GraphDTA:7 This model includes GCN, GAT, GIN, and
GAT-GCN, each utilizing unique graph neural network
configurations to encode molecular structures into
predictive models.

4. Complex-based methods: These methods utilize the 3D
structure of the protein−ligand complex to estimate
binding affinity. Following the comparative methods used
by EHIGN,10 we included the following complex-based
baselines:

5. RF-Score:37 A random forest-based scoring function
designed to predict protein−ligand binding affinities.

6. IGN:9 A deep graph representation learning framework to
learn protein−ligand interaction patterns from 3D
structures, utilizing independent graph convolution
modules for intramolecular and intermolecular inter-
actions.

7. SchNet:59 A deep learning architecture that allows for
spatially and chemically resolved insights into quantum-
mechanical observables of atomistic systems.

8. EGNN:60 An E(3)-equivariant graph neural network to
learn graph neural networks equivariant to rotations,
translations, reflections and permutations, used for
predicting molecular properties.

9. GIGN:11 A geometric interaction graph neural network,
which designs a heterogeneous interaction layer that
unifies covalent and noncovalent interactions into the
message passing phase to learn node representationsmore
effectively. The heterogeneous interaction layer follows
fundamental biological laws, including invariance to
translations and rotations of the complexes, thus avoiding
expensive data augmentation strategies.

10. EHIGN:10 An innovative approach for protein−ligand
binding affinity prediction that incorporates an inter-
action-based inductive bias, representing protein−ligand
complexes as heterogeneous graphs and modeling
binding affinity as the sum of pairwise atom−atom
interactions.

4.4. Evaluation Metrics. To comprehensively evaluate the
performance of the GIF-PLA model, we employ two primary
metrics: Root Mean Square Error (RMSE) and Pearson
Correlation Coefficient (Rp). These metrics provide a robust
framework for assessing the accuracy and correlation of the
predicted binding affinities against the true values.
RMSE is a widely used metric for measuring the average

magnitude of the prediction errors. It is particularly useful in
regression tasks where the goal is to minimize the difference
between predicted and actual values. RMSE is defined as

n
yRMSE

1
( y)i

n
i i1

2= = (22)

where yi represents the true binding affinity, ŷi represents the
predicted binding affinity, and n is the number of samples.
RMSE provides a measure of how well the predicted values
match the actual values, with lower RMSE indicating better
model performance.
The Pearson Correlation Coefficient measures the linear

correlation between the predicted and actual binding affinities. It
ranges from −1 to 1, where 1 indicates a perfect positive linear
relationship, −1 indicates a perfect negative linear relationship,
and 0 indicates no linear relationship. Rp is defined as

y

y

Rp
( y)(y y)
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= =

= = (23)

where yi and ŷi are the true and predicted binding affinities,

respectively, and y̅ and y are their respective means. A higher PR
value indicates a stronger linear relationship between the
predicted and actual values, reflecting better model perform-
ance.
4.5. Implementation of GIF-PLA. The implementation of

the GIF-PLAmodel is carried out using the Deep Graph Library
(DGL) with PyTorch as the backend. Experiments were
conducted on an NVIDIA A800 GPU with 80 GB of memory,
ensuring ample computational resources for training and
inference.
GIF-PLA contains 73,337,800 trainable parameters, reflecting

a balanced architecture that provides sufficient capacity to
capture complex molecular interactions without excessive
redundancy. The computational complexity of a single forward
pass is 845.386 GFLOPs, which quantifies the per-prediction
computational cost. During inference, the model achieves high
throughput: on the aforementioned NVIDIA A800 GPU, it
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processes a batch of 128 samples in an average of 127.39 ms,
corresponding to just 0.9952 ms per sample.
During each training epoch, the model processes batches of

data and computes the loss using the MSE criterion. The
parameters are then updated through backpropagation. We
continuously monitor the trainingMSE throughout this process,
providing real-time insights into the model’s learning progress.
After each epoch, the model’s performance is evaluated on the
validation set, calculating the RMSE and Rp to assess the
accuracy and correlation of the predicted binding affinities. The
best-performing model, based on validation RMSE, is saved for
use. In Table S2, we list the finally optimal hyperparameters used
in the model.

5. RESULTS AND DISCUSSION
5.1. Cutoff Distance Optimization for Pocket-Ligand

Boundary Definition. To determine the optimal spatial range
for including protein pocket atoms around the ligand, we
performed a sensitivity analysis on three cutoff distances (4 Å, 5
Å, and 6 Å) while keeping all other model parameters consistent.
The performance metrics across these thresholds are summar-
ized in Table 2, with the 5 Å configuration emerging as the
optimal choice.

Empirically, the 4 Å cutoff yielded the weakest predictive
performance (RMSE = 1.185 ± 0.013, Rp = 0.773 ± 0.006),
likely due to its inability to capture long-range noncovalent
interactions essential for binding (e.g., hydrophobic contacts
extending up to 5 Å). In contrast, the 6 Å threshold introduced
greater variance (SD = 0.014 in Rp vs 0.002 at 5 Å) and
increased computational burden, despite marginal improve-
ments in individual runs. The 5 Å cutoff balanced accuracy and
stability, achieving the lowest RMSE (1.157 ± 0.004) and
highest Rp (0.784 ± 0.002) with minimal fluctuation across
replicates.
This selection aligns with biophysical principles: 5 Å

effectively encompasses key interaction ranges, including
hydrogen bonds (2.5−3.5 Å), van der Waals forces (3−4 Å),
and hydrophobic contacts (3−5 Å).61−65 It also aligns with
established practices in structure-based modeling, where 5 Å is
widely adopted to capture essential binding interfaces without
including irrelevant solvent-exposed atoms.10,66−68

5.2. Meta-Path Selection for Graph Construction. To
enhance feature representation, we evaluated meta-path designs
for constructing graphs from the original heterogeneous graph.
Two candidate meta-paths were compared: short paths
(“protein atom-ligand atom-protein atom” [P-L-P] and “ligand
atom-protein atom-ligand atom” [L-P-L]) versus extended
paths (“protein atom-ligand atom-ligand atom-protein atom”
[P-L-L-P] and “ligand atom-protein atom-protein atom-ligand
atom” [L−P-P-L]).

As shown in Table 3, the PLP/LPL paths outperformed
extended paths in stability, with significantly lower variance in

RMSE (SD = 0.004 vs 0.019) and Rp (SD = 0.002 vs 0.007).
While extended paths occasionally showed marginal gains in
individual runs (e.g., Run 3 RMSE = 1.144 for PLLP/LPPL),
their performance was inconsistent due to noise amplification
and redundant interaction patterns in longer paths, which
obscured critical binding signals.69−71

Notably, PLP/LPL paths retained equivalent predictive
accuracy (ΔRMSE = −0.004, ΔRp = +0.002) while preserving
first-order proximity relationships�direct indicators of physical
binding interactions. Their shorter length ensured computa-
tional efficiency and minimized extraneous information
aggregation, striking an optimal balance between interaction
fidelity and model robustness. These findings validate the utility
of meta-paths in distilling essential features from heterogeneous
graphs for binding affinity prediction.
5.3. Performance Comparison with State-of-the-Art

on Binding Affinity Prediction. The performance of GIF-
PLA was rigorously evaluated using benchmarking test set. GIF-
PLA was compared against two complex-free models: Deep-
DTA and GraphDTA (including GCN, GAT, GIN, and GAT-
GCN), as well as six complex-based models: RF-Score, IGN,
SchNet, EGNN, GIGN, and EHIGN (See section 4.3.). All
baseline models were implemented using the source code
provided in their original publications and evaluated on the same
training, validation, and test sets. Each experiment was
conducted three times with different random seeds, and the
final performance metrics were reported as the average and
standard deviation of these three independent runs, as shown in
Figure 2A. Tables S3 and S4 summarize the quantitative results.
The results demonstrate that GIF-PLA achieved state-of-the-

art performance, exhibiting the lowest RMSE of 1.157 ± 0.004
and a maximum Rp of 0.784 ± 0.002. Notably, GIF-PLA
outperformed the nearest complex-based competitor (EHIGN)
by 1.4% in Rp (Δ=0.011). The data points closely clustered
along the identity line (corresponding to ideal predictive
performance) in Figure 2B demonstrate the model’s effective-
ness and validity. This superior performance of GIF-PLAmay be
attributed to its unique design that integrates structural topology
and sequence patterns. This capability appears to be lacking in
models that depend solely on either geometric structures or
sequence information.
5.4. Performance Evaluation on an External Test Set.

The model’s predictive power was further challenged using the
Test21 external validation set, which was designed to control
protein and ligand similarity with the training data and is derived
from non-PDBbind data sets (see Figure 2C and Supplementary
Table S5 for results). Despite this stringent challenge, GIF-PLA
maintained strong performance (Rp = 0.794, RMSE = 1.174).
The Rp value of GIF-PLA surpasses that of other models, such as
EHIGN and EGNN, which have Rp values of 0.763 and 0.722,
respectively. This finding suggests that GIF-PLA relies less on

Table 2. Evaluation of Model Performance At Different
Thresholds

Metric Threshold Run 1 Run 2 Run 3 Mean SD

RMSE 4 Å 1.172 1.198 1.184 1.185 0.013
5 Å 1.162 1.155 1.155 1.157 0.004
6 Å 1.153 1.150 1.209 1.171 0.033

Rp 4 Å 0.778 0.767 0.773 0.773 0.006
5 Å 0.783 0.785 0.785 0.784 0.002
6 Å 0.787 0.790 0.765 0.781 0.014

Table 3. Evaluation of Model Performance across Different
Meta-Paths

Meta-path Metric Run 1 Run 2 Run 3 Average SD

L−P-P-L & P-
L-L-P

RMSE 1.181 1.159 1.144 1.161 0.019
Rp 0.776 0.785 0.791 0.784 0.007

L-P-L & P-L-P RMSE 1.162 1.155 1.155 1.157 0.004
Rp 0.783 0.785 0.785 0.784 0.002
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memorizing training data and may suggest its ability to learn
generalizable features.
5.5. Performance Evaluation in the Clustering-Based

Data Splitting. In real-world drug discovery, PLA prediction
models are frequently used to identify novel drugs or targets that
are structurally distinct from those in the training data.55 To
mimic this scenario, clustering-based data splitting was
employed for both ligands and proteins, as detailed in Section
4.2. This approach evaluates the model’s ability to generalize to
unseen chemical space.72

We performed three independent experiments for each of the
three clustering-based data splitting strategies namely the ligand-
clustering setting, protein-clustering setting, and both-clustering
setting. The detailed results for each experiment are provided in
Supplementary Tables S6−S8, with the average results
summarized in Table 4. In the unseen Ligand scenario, our
model improved average RMSE and Rp by 0.060 and 0.019 over

the second-best method EHIGN. For the unseen protein
scenario, GIF-PLA achieves an average RMSE of 1.285 and an
Rp of 0.752. In the most challenging all unseen scenario, our
model shows improvements of 0.018 in RMSE and 0.08 in Rp
compared to the second-best model. These results highlight the
superior performance of our model relative to other models
under more realistic generalization testing conditions.
5.6. Ablation Study of Main Strategies. We conducted

ablation studies on GIF-PLA to explore the effects of different
graph types and fusion methods. Under the same experimental
setup, we implemented four simplified variants of GIF-PLA on
the benchmark data set to understand the contribution of each
component and assess their individual impact on the model’s
performance.

1. GIF-PLA_α: by only retaining the complex heteroge-
neous graph.

2. GIF-PLA_β: by only retaining the complex heteroge-
neous graph and the homogeneous graphs, which are
constructed based on the meta-paths.

3. GIF-PLA_γ: by modifying the standard concatenation
approach of the two homogeneous graphs to a gated
fusion method.

4. GIF-PLA_δ: by only retaining the sequence modal data
for proteins and ligands.

For each model, we performed three runs, recording the
average values and standard deviations in Table 5, with
individual run results detailed in Table S9. The results
demonstrate that the GIF-PLA model, which simultaneously
considers both sequence and structure modalities and employs
dynamic weights for the two homogeneous graphs, demon-
strates the best performance among all architectures.
The GIF-PLA_α variant, retaining only the complex

heterogeneous graph architecture, exhibited substantial pre-
dictive capability (RMSE = 1.240, Rp = 0.752), confirming the
fundamental importance of heterogeneous graph representa-
tions for PLA tasks. This performance stems from the graph’s
capacity to encode multimodal node features (atomic proper-
ties, bond types) and edge interactions, enabling comprehensive
modeling of molecular topology through graph convolutional
operations.
Incorporating meta-path enhanced architectures (GIF-

PLA_β) yielded significant improvements, reducing RMSE by

Figure 2. Performance evaluation. (A) RMSE and Rp results for GIF-
PLA and baseline models on the test set. (B) Scatter plot illustrating the
predicted binding affinities by GIF-PLA (y-axis) compared to
experimentally measured affinities (x-axis) for the test set. (C)
Performance evaluation for the models on the Test21 set.

Table 4. RMSE and Rp Values of GIF-PLA and Baseline Models under the Different Clustering-Based Data Splitting Settingsa

Ligand-clustering setting Protein-clustering setting Both-clustering setting

Model RMSE Rp RMSE Rp RMSE Rp

DeepDTA 1.463 (0.006) 0.690 (0.004) 1.324 (0.052) 0.728 (0.028) 1.343 (0.081) 0.692 (0.047)
GINConvNet 1.573 (0.019) 0.621 (0.021) 1.329 (0.011) 0.712 (0.007) 1.482 (0.024) 0.627 (0.020)
GATNet 1.653 (0.012) 0.568 (0.006) 1.477 (0.021) 0.630 (0.012) 1.572 (0.085) 0.578 (0.023)
GAT_GCN 1.666 (0.017) 0.561 (0.010) 1.327 (0.014) 0.722 (0.005) 1.450 (0.055) 0.622 (0.040)
GCNNet 1.667 (0.014) 0.559 (0.012) 1.323 (0.008) 0.718 (0.002) 1.485 (0.027) 0.609 (0.017)
RF-Score 1.500 (0.003) 0.660 (0.002) 1.385 (0.001) 0.700 (0.001) 1.290 (0.002) 0.713 (0.001)
PotentialNet 1.660 (0.049) 0.598 (0.047) 1.612 (0.064) 0.580 (0.005) 1.516 (0.022) 0.619 (0.026)
IGN 1.397 (0.050) 0.728 (0.015) 1.393 (0.016) 0.688 (0.009) 1.316 (0.054) 0.696 (0.031)
SchNet 1.656 (0.033) 0.573 (0.012) 1.537 (0.015) 0.604 (0.010) 1.426 (0.024) 0.643 (0.010)
EGNN 1.366 (0.017) 0.731 (0.007) 1.382 (0.023) 0.699 (0.007) 1.317 (0.062) 0.712 (0.027)
GIGN 1.374 (0.020) 0.736 (0.007) 1.363 (0.042) 0.717 (0.019) 1.300 (0.078) 0.708 (0.042)
EHIGN 1.354 (0.008) 0.744 (0.005) 1.303 (0.019) 0.745 (0.005) 1.255 (0.019) 0.735 (0.007)
GIF-PLA 1.294 (0.010) 0.763 (0.004) 1.285 (0.009) 0.752 (0.010) 1.237 (0.035) 0.743 (0.012)

aBold indicates the best result.
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0.057 and increasing Rp by 0.022. This enhancement
demonstrates meta-paths’ critical role in resolving long-range
dependency limitations - a fundamental constraint in conven-
tional graph networks. Specifically, meta-paths establish indirect
connectivity between nonadjacent atoms through shared
intermediaries, effectively modeling multihop chemical inter-
actions essential for accurate affinity prediction.
For the third model variant GIF-PLA_γ, we implemented a

dynamic fusion approach that replaced the standard concate-
nation between the two homogeneous graphs, resulting in a
marginal improvement in performance. Although this enhance-
ment was not statistically significant, it contributed to the
model’s stability, as evidenced by the reduced standard deviation
of the results. This increased stability is particularly beneficial in
practical applications, as it minimizes the model’s variability
when confronted with new data, thereby enhancing its reliability.
The variant GIF-PLA_δ, which utilizes only sequence

modality, exhibits the lowest performance among the models,
yet it still demonstrates a certain level of predictive capability.
GIF-PLA_δ may not achieve the same level of accuracy as its
counterparts that utilize structure modal, it has the potential to
provide crucial biological functional information within the
sequence.
In summary, these results highlight the importance of

integrating both sequence and structure information for
accurate binding affinity prediction. The ablation studies also
demonstrate the importance of meta-paths for capturing long-
range dependencies between atoms and the potential benefits of
dynamic fusion methods for improving model stability. From
the biological perspective, heterogeneous graphs encode atomic
and bonding structures as the structural foundation of binding,
meta-paths capture long-range chemical dependencies akin to
cooperative and allosteric effects, gated fusion reflects the
adaptive nature of molecular recognition, and sequence
modality carries evolutionary functional signals. These inter-
pretations further justify the necessity of integrating both
structural and functional perspectives in protein−ligand affinity
modeling.
5.7. Analysis of Model Interpretability in Ligand Pose

Differentiation. A systematic quantitative assessment of pose
differentiation capabilities was performed using the CASF-2016
benchmark data set,73 a widely recognized resource for
evaluating protein−ligand complex prediction methods. The
benchmark contains approximately 100 generated docking
poses per complex with RMSD values spanning 0−10 Å,
providing a rigorous testbed for distinguishing native-like
conformations (defined as RMSD < 2 Å) from decoy structures.
Following CASF-2016 evaluation protocols, model perform-

ance was quantified through success rate metrics calculated as
(Number of successful recognitions/Sample size). A successful
identification was defined as the presence of at least one native-
like pose within the top-ranked N predictions (N = 1, 2, 3). As

summarized in Table 6, GIF-PLA demonstrated notable
generalization capability in discriminating relevant poses despite

never encountering decoy samples during training. Among
complex-based models, GIF-PLA ranks among the top perform-
ers, achieving the highest or second-highest success rates.
While this demonstrated pose differentiation capability shows

promise, it should be noted that current implementations
primarily optimize for binding affinity prediction rather than
explicit pose discrimination. Strategic enhancements such as
incorporating physics-based energy terms or expanding training
data sets with carefully curated decoy poses [16] could further
improve this capability.
To complement our quantitative analysis, we conducted an

in-depth case study examining GIF-PLA’s performance on
apigenin binding to two distinct protein targets (PDB code:
5AUZ and 1 × 7R). The results are illustrated in Figure 3A,B.
On the left, the structural overview provides a comprehensive
view of the complex and a three-dimensional pocket perspective.
The protein is shown in green, the ligand in orange, and the
surrounding protein atoms within 5 Å in blue. This visualization
was achieved using PyMOL software (PyMOL | pymol.org).
The central part of the figure shows the two-dimensional
interaction, with solid lines representing covalent bonds and
dashed lines indicating noncovalent bonds. The 2D diagram is
based on the 3D structure of the protein−ligand complex and
was created using the PoseView function of ProteinPlus
(https://proteins.plus/).74 On the right side of the figure, the
prediction advantages of GIF-PLA are clearly presented. The
predicted values are prominently highlighted in red, with deeper
colors indicating higher importance assigned by themodel to the
respective atoms. From the figure, it is evident that our model
has learned to assign varying levels of importance to different
atoms within the same ligand across different binding poses.
This nuanced understanding enhances our ability to interpret
the interaction between the protein and the ligand.

Table 5. Performance Comparison of GIF-PLA Variants in Ablation Study on the Test Seta

RMSE Rp

Model Heterogeneous Graph Meta-paths Sequences Gated fusion Mean SD Mean SD

GIF-PLA_α √ × × × 1.240 0.032 0.752 0.012
GIF-PLA_β √ √ × × 1.183 0.011 0.774 0.005
GIF-PLA_γ √ √ × √ 1.179 0.007 0.776 0.003
GIF-PLA_δ × × √ × 1.324 0.003 0.713 0.008
GIF-PLA √ √ √ √ 1.157 0.004 0.784 0.002

aBold indicates the best result.

Table 6. Pose Differentiating Power in Terms of Success Rate
(%) between the Predicted Binding Affinity and RMSDValue
for Different Complex-based Methodsa

Success rateb (%) Success ratec (%)

Model Top 1 Top 2 Top 3 Top 1 Top 2 Top 3

PotentialNet 19.65 43.16 53.68 19.30 42.11 52.28
IGN 26.67 42.81 49.82 26.32 42.11 49.82
SchNet 34.74 49.12 57.89 34.74 48.77 57.89
EGNN 39.30 58.25 66.67 38.25 57.19 64.91
EHIGN 41.40 53.68 61.40 41.40 53.68 60.70
GIF-PLA 43.50 57.60 63.70 40.50 55.30 61.50

aBold indicates the best result. Underlined results indicate the
second-best result. bWith native pose. cWithout native pose.
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5.8. Evaluation of Ranking Power. To evaluate the ability
of our model to prioritize ligands by binding affinity for
individual target proteins, a key requirement in virtual screening,
we assessed its ranking power using the CASF-2016 bench-
mark.73 Following the official protocol, ranking power is
quantified as the average Spearman’s rank correlation coefficient
(Rs) between predicted and experimentally measured binding
affinities across the 57 protein targets in the test set.
As shown in Figure 4, the proposed method, GIF-PLA,

achieves an Rs of 0.712, demonstrating robust ranking
performance. This result places GIF-PLA among the top-
performing scoring functions currently available. Specifically,
our model significantly outperforms several established
approaches, including AutoDock Vina4 (Rs = 0.528), Glide-
Score-SP75 (0.419), KDEEP76 (0.528), and DeepDock77

(0.425), as well as more recent machine learning methods
such as△VinaRF2078 (0.635),△VinaXGB79 (0.647),△-AE-
Score80 (0.590), and△Lin_F9XGB81 (0.704). Moreover, GIF-
PLA achieves performance that is either superior or comparable
to state-of-the-art deep learning models, including PIGNet82

(0.682), GT83 (0.684), GatedGCN84 (0.686), AKScore85

(0.670), and AK-score-ensemble85 (0.698). Additional com-
pared methods are summarized in Figure 4, such as ChemPLP@
GOLD86 (0.633), AEScore80 (0.640), RTMScore87 (0.529),
OnionNet-SFCT + Vina88 (0.393), and KORP-PL89 (0.570).
These results indicate that our structure-aware heterogeneous

information fusion strategy effectively captures the critical
structural features governing relative binding affinity. The strong
and consistent ranking performance of GIF-PLA across diverse
protein targets highlights its excellent generalization capability

and practical utility in real-world drug discovery, particularly in
lead identification and optimization, where accurate prioritiza-
tion of candidate compounds is essential.
5.9. Virtual Screening Performance across Diverse

Targets. To validate the practical utility of GIF-PLA in real-
world drug discovery applications, we conducted systematic
virtual screening evaluations using seven pharmaceutically
relevant targets (FEN1, KAT2A, PKM2, ALDH1, GBA,
MAPK1, and VDR) from the LIT-PCBA benchmark data set
(http://drugdesign.unistra.fr/LIT-PCBA). Distinctively, our
evaluation protocol consolidated the original training and
validation sets into a unified assessment framework, intention-
ally omitting target-specific parameter optimization to rigor-
ously test the model’s inherent generalization capacity. This
design philosophy contrasts with conventional complex-based
methods, such as GIGN11 and EHIGN10 that require extensive
retraining for each new screening task. By eliminating the need
for target-specific retraining, this measure enhances operational
efficiency and enables the validation of the model’s applicability
across various drug discovery pipelines.
We benchmarked GIF-PLA against three state-of-the-art

complex-based models (GIGN,11 EGNN,60 and EHIGN10)
using enrichment factor (EF) analysis. The EF metric quantifies
the ratio of active compounds identified in the top-ranked
predictions versus random selection,90 with higher values
indicating superior early recognition capability critical for lead
optimization. Following established practices in virtual screen-
ing validation, we computed EF values at three clinically relevant
thresholds: EF0.005 (top 0.5%), EF0.01 (top 1%), and EF0.05
(top 5%), enabling multiscale assessment of model performance
under varying stringency conditions.

Figure 3. Binding-mode visualizations of the protein−ligand complexes
with PDB IDs 5AUZ (A) and 1 × 7R (B). This figure presents the
binding interactions in three panels: the left panel shows a 3D structural
overview generated using PyMOL, where the protein is colored green,
the ligand orange, and surrounding protein atoms within 5 Å in blue;
the center panel displays a 2D interaction diagram created with
PoseView, with solid lines representing covalent bonds and dashed lines
indicating noncovalent interactions; the right panel illustrates the
prediction outputs of the GIF-PLA model, where ligand atoms are
color-coded in red, and deeper red hues reflect higher importance as
assigned by the model.

Figure 4.Comparison of ranking power on the CASF-2016 benchmark
core set.
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As detailed in Table 7, GIF-PLA demonstrates remarkable
consistency in prioritizing active compounds across all targets

and EF thresholds. For instance, in PKM2 screening, the model
achieved EF values of 1.47 (EF0.005), 1.65 (EF0.01), and 1.36
(EF0.05), maintaining robust performance regardless of
selection stringency. Notably, while comparator models occa-
sionally failed to identify actives (EF = 0), GIF-PLA consistently
delivered positive enrichment factors across all experimental
conditions.

6. CONCLUSIONS
In this work, we present GIF-PLA, a complex structure-based
deep learning framework for PLA prediction. Our approach aims
to enhance the generalization of PLA prediction by seamlessly
integrating both heterogeneous protein−ligand graphs, derived
from complex structural and sequence data. In addition to
extracting topological interaction details from the heteroge-
neous graph, GIF-PLA strives to acquire a nuanced under-
standing of high-order relationships. This is achieved through
the definition of meta-paths within the graph and the
comprehensive integration of sequences with structures,
enabling the prediction of PLA based on both graph-based
and sequence-based information.
Compared with state-of-the-art methods, including both

complex structure-free and complex structure-based models,
experimental results demonstrate that GIF-PLA achieves higher
accuracy and lower error in predicting PLA across several
benchmark data sets. The model also exhibits optimal

performance on data with controlled sequence similarity as
well as on new data sources, highlighting the generalizability and
superior scoring capability of GIF-PLA. Visualizations of the
learned graphs demonstrate the model’s ability to discern key
interaction atoms.
Overall, GIF-PLA is a novel tool for PLA prediction based on

multimodal data. Its role extends beyond merely improving
prediction accuracy; it stands as a potential source of invaluable
insights for drug discovery. Despite our success, there is still
room for improvement. First, the model’s dependency on
experimentally determined protein−ligand complex structures
restricts its application in scenarios where such structural
information is unavailable. Second, the predictions have not
been validated through prospective wet-lab experiments, leaving
their practical utility in real-world drug screening contexts to be
further established.
To address these limitations, several promising research

directions could be explored. Future work may focus on
developing streamlined pipelines that integrate rapid structure
prediction tools with affinity assessment to reduce reliance on
experimental structures. Additionally, establishing a framework
for iterative feedback between computational predictions and
experimental validation would help build a more robust and
continuously improving evaluation system. The integration of
affinity prediction modules with generative models also presents
an interesting opportunity to advance structure-informed
compound design. Pursuing these directions could significantly
enhance GIF-PLA’s applicability and practical value, potentially
transforming it into a more versatile tool for drug discovery.
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