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Abstract

Existing drug-target interaction (DTI) prediction methods still face challenges caused by
sparse interaction data, complex multi-source relationships, and imbalanced information
contributions among different nodes. In this study, we propose NAFF-DTI, a node-level
adaptive feature fusion network based on multi-view graphs. The model uniformly
represents drug similarity, target similarity, and known drug-target interactions as
multiple relational views, and learns node representations through graph encoding and
cross-view representation learning. To more effectively utilize heterogeneous relational
information, NAFF-DTI introduces cross-view feature discrepancy modeling and a node-
level adaptive fusion mechanism to dynamically adjust the contribution of different views
according to node structural characteristics. Experimental results show that NAFF-DTI
achieves the best AUC and AUPR on all five benchmark datasets. Compared with the
strongest baseline for each dataset and metricc NAFF-DTI achieves average relative
improvements of 3.81% in AUC and 3.23% in AUPR. It can also improve the utilization of
multi-source information, maintain relatively stable prediction under different data
distributions, and prioritize biologically plausible candidate drug-target associations
from the unannotated candidate space. These results indicate that NAFF-DTI can provide
computational support for DTI candidate prioritization and repurposing-oriented
hypothesis generation.

Keywords: drug-target interaction prediction; multi-view graph; node-level adaptive
fusion; graph representation learning

1. Introduction

Drug-target interaction (DTI) prediction is a key step in linking drug molecules with
biological targets, and plays an important role in drug screening, mechanism
investigation, and drug repurposing. Accurately identifying potential drug-target
associations can help shorten the drug development cycle and reduce experimental costs.
However, conventional experimental methods usually rely on costly and time-consuming
biological assays, making it difficult to meet the demand for large-scale candidate drug
screening. In this context, computational model-based DTI prediction has gradually
become an important research direction [1]. In recent years, drug development has

Biomolecules 2026, 16, 908

https://doi.org/10.3390/biom16060908


https://doi.org/10.3390/biom16060908
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Biomolecules 2026, 16, 908

2 of 26

remained active, with the FDA Center for Drug Evaluation and Research (CDER)
approving 46 novel drugs in 2025, further highlighting the continuing demand for
efficient target identification, mechanism investigation, and computational DTI prediction
support [2,3].

Existing DTI prediction methods have evolved from traditional feature modeling to
network inference, and then to deep learning-based representation learning. Early studies
mainly used ligand similarity, drug chemical structure similarity, prior drug-target
features, or three-dimensional target structures for prediction and molecular docking
analysis [4,5]. Subsequently, network-based methods modeled drug-target relationships
as bipartite graphs or heterogeneous networks, and inferred potential interactions
through network topology, random walks, or network diffusion [6,7]. These methods can
capture high-order relational information, but their performance is usually affected by
network completeness, propagation mechanisms, and existing connection patterns.

With the development of deep learning methods, DTI prediction has gradually
shifted from approaches relying on hand-crafted features and fixed propagation rules to
representation learning-based modeling. Debnath et al. [8] systematically reviewed deep
learning-driven drug-target binding prediction studies, and pointed out that related
methods have evolved from early heterogeneous network and sequence modeling to
graph structure modeling, attention mechanisms, and multimodal fusion. They also
summarized existing models in terms of commonly used datasets, evaluation metrics, and
application cases. Sun et al. [9] proposed iNGNN-DTI, which combines a pretrained
molecular model with nested graph neural networks to learn representations on drug-
and protein-related graph structures, thereby enhancing the modeling of local structural
information. Zhao et al. [10] proposed EviDTI based on evidential deep learning,
integrating drug two-dimensional graphs, three-dimensional conformations, and target
sequences into a unified framework to improve the predictive ability and reliability of DTI
prediction. Qiao et al. [11] proposed CE-DTI, which models potential associations between
drugs and targets through graph generation and multi-source information fusion, further
demonstrates the importance of multi-source information fusion in DTI prediction. On
this basis, Li et al. [12] proposed HGCML-DTI, which combines multi-view heterogeneous
graph modeling with contrastive learning and learns drug and target node
representations from different relational views, thereby improving the utilization of
multi-source relational information. Liao et al. [13] proposed ContraDTL, which uses the
molecular graph of a drug as the main view and the SMILES sequence as an auxiliary
view. By introducing multi-view contrastive loss and cross-view alignment constraints,
ContraDTI alleviates the influence of insufficient labeled data on model training, further
showing the application value of contrastive learning in sparse DTI prediction scenarios.

The above studies show that deep learning methods have improved the
representation learning ability of DTI prediction. However, existing methods still have
limitations in multi-source relation modeling and feature fusion. Some methods cannot
simultaneously characterize multi-source relationships such as drug similarity, target
similarity, and known interactions. Existing multi-source fusion and multi-view
contrastive learning methods usually integrate information at a global level, while
insufficiently considering that different nodes may receive unequal contributions from
different relational views. Related studies also indicate that data imbalance, insufficient
cross-view information utilization, and limited model generalization remain important
challenges in DTI prediction [14]. Therefore, how to achieve adaptive fusion by combining
node structural characteristics with cross-view representation discrepancies is a key issue
for improving the predictive performance and stability of DTI models.

To address these issues, we propose Node-level Adaptive Feature Fusion for Drug-
Target Interaction Prediction (NAFF-DTI), a node-level adaptive feature fusion network

https://doi.org/10.3390/biom16060908


https://doi.org/10.3390/biom16060908

Biomolecules 2026, 16, 908

3 of 26

based on multi-view graphs. NAFF-DTI is designed for the complex relational

information, sparse interaction data, and imbalanced node-level information

contributions in DTI prediction. It uniformly models drug similarity, target similarity, and
known drug-target interactions as a multi-view graph structure, and extracts node
features from different relational spaces during graph representation learning. On this
basis, NAFF-DTI further models cross-view representation discrepancies and learns
adaptive fusion weights by incorporating node structural information, allowing the
model to dynamically adjust the feature fusion strategy according to the information
status of different drugs or targets in each view. Compared with fixed or global fusion
strategies, this approach can make fuller use of multi-source relational information and
reduce the influence of redundant or noisy views on node representations, thereby
improving the stability and discriminative ability of DTI prediction.

The main contributions of this paper are as follows:

e  NAFF-DTI constructs a multi-view graph from drug similarity, target similarity, and
known drug-target interactions, enabling node representation learning across
multiple relational spaces and alleviating information insufficiency caused by sparse
interactions.

e  NAFF-DTI introduces cross-view feature discrepancy modeling and node-level
adaptive fusion to capture the inconsistent contributions of different views and
dynamically adjust fusion weights according to node structural characteristics.

e NAFF-DTI is systematically evaluated on multiple datasets through overall
performance comparison, ablation experiments, hyperparameter sensitivity analysis,
repeated holdout validation, cold-start and long-tail scenario analyses, and case
studies.

2. Materials and Methods

To address the data sparsity and complex relational information in DTI prediction,
we propose NAFF-DTI, a node-level adaptive feature fusion network based on multi-view
graphs. In DTI data, drug similarity, target similarity, and known interactions describe
potential drug-target associations from different perspectives. Therefore, relying on a
single relationship type is insufficient for comprehensive representation learning. NAFF-
DTI uniformly models these multi-source relationships as a multi-view graph structure
and learns drug and target representations from different relational spaces.

As shown in Figure 1, NAFF-DTI consists of three main components: multi-view
graph construction, graph encoding and multi-view representation learning, and node-
level adaptive feature modeling and fusion. The prediction and optimization module is
then used to calculate interaction scores and train the model. Specifically, NAFF-DTI first
constructs graph views according to different relationships and performs representation
learning on each view. It then integrates multi-view representations through aggregation
and cross-view interaction. Finally, cross-view representation discrepancies and node
structural degree information are used to learn adaptive fusion weights, enabling NAFEF-
DTI to adjust the fusion strategy for different nodes and provide stable representations
for DTI prediction.
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Figure 1. Overall framework of the proposed NAFF-DTI model.
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2.1. Problem Definition

In the DTI prediction task, the known drug set and target set are usually represented
as two node sets. In this paper, targets mainly refer to protein targets, and this distinction
is not repeated hereafter. Let the drug set be denoted as D = {d;,d,, ..., dy 4 and the
targetsetas T = {ty,t;, ..., tNt}. The known interaction relationships can be represented as
a bipartite graph or an adjacency matrix Y € R¥¢*Nt, where Y;; = 1 ifdrug d; and target
t; have a verified interaction, and Y;; = 0 otherwise. It should be noted that, in existing
DTI datasets, Y;; = 0 does not necessarily indicate that the corresponding drug-target
pair has been experimentally verified as non-interacting, but usually means that no related
evidence has been observed so far [15]. Following this common setting, we sample
negative examples from unobserved drug-target pairs during model training, validation,
and testing for model optimization, model selection, and performance evaluation. The
goal of DTI prediction is to learn a function f:D X T — R based on the partially observed
matrix Y, so as to estimate the probability or confidence of interactions between unknown
drug-target pairs.
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Different from traditional methods that only rely on the interaction matrix, practical
DTI prediction is usually accompanied by multi-source auxiliary information, such as the
drug similarity network S; € R¥@*Na and the target similarity network S, € RNt*Ne,
These types of information characterize potential association structures among drugs or
targets from different perspectives, and can help alleviate the learning difficulty caused
by sparse interaction data. Therefore, DTI prediction can be formulated as a multi-view
graph-based data modeling problem. Specifically, node representations are jointly learned
on multiple relational views {gG (”)}:zl, and the fused representations are then used for

interaction prediction.

For each type of relationship, such as drug—drug similarity, target-target similarity,
and known drug-target interactions, a corresponding graph structure & = (V®,£®)
is constructed. Here, the node set V(™ contains drug or target nodes, and the edge set
E® represents the relational connections under the corresponding view. Based on this
formulation, the model needs to learn node embeddings H® in each view and obtain a
unified representation H through an effective cross-view fusion strategy, so as to
describe the comprehensive characteristics of nodes.

Therefore, the problem studied in this paper can be summarized as follows: given a
multi-view graph structure and partially known interaction supervision signals, the aim
is to design a representation learning method that can fully exploit different relational
information and perform adaptive fusion, thereby improving the prediction ability for
unknown drug-target relationships. This problem can be regarded as a combination of
multi-view graph representation learning and bipartite graph link prediction. Its core
challenge lies in how to achieve effective feature representation and fusion under sparse
information and heterogeneous relationships.

2.2. Multi-View Graph Construction

Based on the above problem definition, we construct a multi-view graph structure to
sufficiently characterize multi-source relational information between drugs and targets,
and uniformly model different types of associations. Around the drug set D, the target
set T, and the known interaction matrix Y, multiple relational views are introduced from
two aspects: similarity relationships among homogeneous nodes and interaction
relationships between heterogeneous nodes.

Based on the target similarity matrix S, € RV*Nt  the target similarity view is
constructed as G® = (7, E®). When two target nodes have a similarity association, an
edge is established between them. Self-loops are also introduced into the graph structure
to enhance the retention of node self-information. This view is used to characterize
structural or functional similarity among targets, allowing NAFF-DTI to propagate
neighborhood information at the target level and alleviate the influence of sparse
interaction data.

At the drug level, the drug similarity view is constructed based on the drug similarity
matrix S; € RVa*Na | denoted as G@® = (D,E@W). If a similarity relationship exists
between two drug nodes, an edge is built between them. Meanwhile, node self-
connections are retained in the graph structure, so that node representations can preserve
both self-features and neighborhood information during propagation. This view reflects
potential associations among drugs from the perspectives of chemical structure or
functional properties, and provides complementary information for drug representation
learning.

For the known interaction relationships between drugs and targets, the drug—target
bipartite graph view is constructed based on the interaction matrix Y4, in the training
set, denoted as G40 = (D U T,£D). When Y;; = 1, an edge is established between drug
node d; and target node t;. This view directly reflects the observed interaction
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relationships and serves as the core structural basis for NAFF-DTI to learn potential
association patterns.

During graph construction, the original data are filtered for consistency. Only nodes
that appear in the training set and have neighborhood relationships in the similarity
networks are retained, so as to avoid interference from isolated nodes during
representation learning. Meanwhile, the interaction graph structure is constructed based
on the training data. For the validation and test sets, negative examples are sampled from
unobserved drug-target pairs to form positive and negative sample pairs for model
selection and performance evaluation, whereas negative examples in the training stage
are dynamically sampled during model optimization.

The resulting multi-view graph structure consists of the target similarity view, the
drug similarity view, and the drug-target interaction view. These views characterize
association patterns among nodes from different perspectives, providing a unified data
basis for subsequent graph representation learning and node-level adaptive feature
fusion.

2.3. Graph Encoding and Multi-View Representation Learning

After constructing the multi-view graph, NAFF-DTI performs graph representation
learning on each view to obtain node embeddings in different relational spaces. Since the
target similarity view, drug similarity view, and drug-target interaction view describe
different association patterns, a single view is insufficient to fully represent node
characteristics. Therefore, multi-view representations need to be jointly modeled and
integrated. Specifically, graph convolutional encoding is first performed on each view to
learn view-specific node embeddings. Then, cross-view interaction and representation
aggregation are introduced to integrate homogeneous similarity information and
heterogeneous interaction information. Through this process, NAFF-DTI preserves the
structural characteristics of each view while exploiting complementary cross-view
associations, thereby providing unified node representations for subsequent adaptive
feature fusion.

2.3.1. Multi-View Graph Convolutional Encoding

Before graph convolutional encoding, we first apply a lightweight self-gating
operation to the initial node embeddings. This operation recalibrates feature dimensions
and highlights information related to relational modeling, so that the gated node
embeddings can serve as the initial inputs for subsequent graph convolutional
propagation.

Based on the multi-view graph structure, graph convolutional encoding is performed
on the target similarity view, the drug similarity view, and the drug-target interaction
view, respectively, to learn node representations in different relational spaces. Let the
graph structure corresponding to the v-th view be denoted as G = (V®), ™), with its
adjacency matrix denoted as A®), and the initial node representation denoted as H®. In
each graph convolutional layer, node representations are updated through neighborhood
information aggregation. The graph convolutional propagation used in NAFF-DTI is
formulated as follows:

1 1
H(+D) = AH®,A = D2AD 2 M

where A is the adjacency matrix of the corresponding view, D is its degree matrix, and
A denotes the symmetrically normalized adjacency matrix. This propagation form does
not introduce additional nonlinear transformations, but preserves collaborative
information in the graph structure through neighborhood aggregation [16].
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The above propagation is performed separately on different views. In the target
similarity view and drug similarity view, information is propagated among homogeneous
nodes to characterize local structural similarity. In the drug-target interaction view,
information is propagated between heterogeneous nodes to encode observed interaction
patterns. Through multi-layer propagation, NAFF-DTI obtains node representations at
different levels and in different relational spaces, which are further integrated in the
subsequent representation aggregation and cross-view interaction process.

2.3.2. Representation Aggregation and Cross-View Interaction

After multi-view graph convolutional encoding, each node obtains embedding
representations from different views and different propagation layers. Since different
views focus on different relational patterns, and node features gradually incorporate
neighborhood information during multi-layer propagation, these representations need to
be further integrated to obtain stable node representations.

During each propagation layer, the node representations in the interaction view are
split according to node type and then interact with the corresponding homogeneous-view
representations. For target nodes and drug nodes, the cross-view fusion process at the -
th layer can be formulated as:

1 1
o _ (O3] (0} o _ O) ()
H;” = 2 (Ht,S+Ht,ui)’ H,” = 2 (Hd,s+Hd,ui) (2)

where Hgls) and Hg’)s denote the node representations obtained from the target similarity

view and the drug similarity view at the [-th layer, respectively. H" and HY, denote

tui d,ui
the target node representations and drug node representations split from the interaction
view, respectively. Through this process, information from the similarity relationships
and interaction relationships of the same node can be fused during layer-wise
propagation.

To comprehensively utilize the initial representations and the multi-layer
propagation results, we adopt simple averaging to aggregate node representations from
different layers, thereby obtaining stable node representations. For any node, its multi-
layer aggregated representation can be formulated as:

L
1
H=pog ) HO ®)
=0

where L denotes the number of graph convolutional layers, H is the initial node
representation, and H® is the node representation after the I-th propagation layer. This
aggregation strategy can preserve both shallow neighborhood structural information and
higher-order neighborhood information, avoiding information loss caused by relying
only on the final-layer representation.

Through representation aggregation and cross-view interaction, NAFF-DTI obtains
basic node representations from the similarity views and the interaction view. These
representations are then used for subsequent node-level adaptive feature modeling and
fusion.

2.4. Node-Level Adaptive Feature Modeling and Fusion

Based on multi-view representation learning, nodes have obtained embeddings that
integrate different relational information. However, the contribution of each view varies
across nodes, especially under data sparsity or long-tail distributions. Directly treating
multi-view representations in a unified manner may introduce redundant information or
weaken key structural features. To address this issue, we introduce a node-level adaptive
feature modeling and fusion mechanism. This module takes the multi-view node
representations as inputs, models cross-view representation discrepancies, and
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incorporates node structural properties to learn adaptive fusion weights. Specifically,
discrepancy modeling and feature reweighting are first used to enhance useful auxiliary
information, and node-level adaptive fusion is then performed to generate more stable
and discriminative node representations.

2.4.1. Cross-View Feature Discrepancy Modeling

Based on multi-view representation learning, different views often characterize the
same node in different ways. The similarity views focus on structural associations among
homogeneous nodes, whereas the interaction view directly reflects interaction
relationships between heterogeneous nodes. Therefore, the embeddings of the same node
in different views may exhibit certain semantic shifts. Relying on a single view or simple
fusion is insufficient to fully capture such discrepancies.

To characterize the differences between node representations in different relational
spaces, inspired by the discrepancy feature modeling and feature adaptation ideas in
existing graph representation adaptation methods [17], we explicitly model cross-view
features. Based on the multi-view node representations obtained in Section 2.3.2, the
representations are further separated and characterized at the node level. For any node,
its representation in the interaction view is denoted as h,;, and its auxiliary-view
representation is denoted as hg,,,. The representation difference between them is used to
characterize the cross-view shift, and the discrepancy feature is defined as:

hdiff =hy; — hgyx (4)

This discrepancy representation describes the representation shift in a node in
different relational spaces, and reflects the inconsistency between similarity information
and interaction information. On this basis, task-related feature reweighting is introduced
to adjust the importance of different feature dimensions, thereby strengthening
informative features and suppressing irrelevant or noisy information.

Subsequently, the discrepancy feature is concatenated with the reweighted auxiliary-
view representation and projected through a linear mapping to obtain the adapted
incremental representation. The incremental representation is further combined with the
original auxiliary representation to form the enhanced auxiliary representation. For
simplicity, the enhanced auxiliary representation is still denoted as hg,, in the
subsequent node-level fusion process. This process provides a structured expression of
cross-view discrepancy information and more discriminative input features for adaptive
fusion.

2.4.2. Node-Level Adaptive Fusion Mechanism

After cross-view feature discrepancy modeling, each node obtains an enhanced
auxiliary representation that integrates the original representation with discrepancy
information. However, the contributions of different views still vary across nodes.
Therefore, an adaptive mechanism is introduced at the node level to dynamically fuse the
interaction-view representation and the enhanced auxiliary representation.

The node-level adaptive weight a is automatically learned by the model according
to node features. Specifically, the representation of a node in the interaction view, the
enhanced auxiliary representation, the representation difference between them, and the
structural degree information of the node in different views are jointly used as inputs. The
fusion weight is calculated through feature concatenation and nonlinear mapping, as
follows:

a= U(MLP([h—ui' haux' hui - haux' dui' daux])) (5)
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where h,; denotes the node representation in the interaction view, hg,, denotes the
auxiliary representation enhanced by discrepancy modeling, and d,; and d,,, denote
the structural degree information of the node in the interaction view and the auxiliary
view, respectively. In the implementation, the two structural degree scalars are
transformed by log(1l +x) and max-normalization before being fed into the gating
network, so as to reduce the numerical bias caused by high-degree nodes. If the node
embedding dimension is d, the input dimension of the MLP in Equation (5) is 3d + 2.

The MLP in Equation (5) is implemented as a lightweight two-layer gating network.
The first layer maps the 3d + 2-dimensional input to a d-dimensional hidden space and
uses LeakyReLU as the activation function; the second layer outputs a one-dimensional
node-level fusion weight, which is further restricted to the range of (0,1) by the Sigmoid
function. It should be noted that the fusion weight in this study is a node-level scalar
weight rather than a feature-wise weight, and therefore controls the overall contribution
ratio between the interaction-view representation and the auxiliary-view representation
at the node level. No additional dropout, Batch normalization, or Layer normalization is
used in this gating network. The linear-layer parameters are initialized using the default
initialization strategy of the deep learning framework and are optimized end-to-end
together with the other model parameters.

The final node representation is obtained by weighted fusion of information from
different views:

h=a-h,;+(1—-a) hgy (6)

This mechanism adaptively adjusts the contribution of each view according to node
representation differences and structural characteristics. When the interaction view
provides more reliable structural information, a higher weight is assigned to h,;. When
the auxiliary view is more informative, the role of h,,, is strengthened. In this way,
NAFF-DTI can flexibly integrate multi-view information and obtain more stable and
discriminative node representations for DTI prediction.

In terms of computational complexity, the node-level adaptive fusion module only
performs feature concatenation, two linear mappings, and weighted fusion at the node-
representation level, without introducing an additional graph propagation process. For
each node, the additional computational cost mainly comes from the linear mapping from
the 3d + 2-dimensional input to the d-dimensional hidden space, with a complexity of
approximately 0(d?). For all drug and target nodes, the additional complexity is
approximately O((ID | +| T 1)d*) . Therefore, this module mainly introduces a
lightweight node-representation transformation cost and does not change the overall
computational process of multi-view graph propagation.

2.5. Training and Optimization of NAFF-DTI

After obtaining the final representations of drug nodes and target nodes, we calculate
the association score of each drug-target pair through representation matching. For drug
node d; and target node t;, their final representations h,; and ht]. are used,

respectively, and the prediction score is calculated by vector inner product:
ij = hghy, )

where 9;; denotes the predicted confidence score of the drug-target pair (dy¢;). This
score measures the matching degree between the two types of nodes in the unified
representation space. A higher score indicates a greater possibility that the two nodes have
a potential interaction.

During training, NAFF-DTI is optimized based on a pairwise ranking strategy [18].
For each known interaction pair (d; t;), a negative drug d, is sampled from drugs that
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have no observed interaction with target ¢; in the training set, and the model is expected
to assign a higher score to the positive pair (dyt;) than to the negative pair (d’t;).
Based on this, the ranking loss is defined as:

[’bpr == Z 10g O-(yij - yk}) (8)
(dityde)

where 9;; and J,; denote the prediction scores of the positive and negative sample
pairs, respectively, and ¢(-) is the Sigmoid function. This loss enables NAFF-DTI to focus
more on the relative ranking relationship between positive and negative samples during
training.

To further enhance the consistency of drug representations, we introduce a drug-side
contrastive learning constraint during training, aligning the drug representations from the
interaction view with the fused drug representations. For the drug node set J involved
in the current training batch, the contrastive learning loss is formulated as:

I 1 2 l exp (sim(zi(l),zi(z))/r)
ssl = — T w; log -
VA < Zjej exp (51m(zl.(1), z}@)/r)

©)

¢!
i
spaces, sim(:) denotes the similarity calculation, 7 is the temperature coefficient, and w;

where z" and zgz) denote the embeddings of the same drug in different representation
is the weight derived from the popularity of the drug node. This term corresponds to the
alignment constraint for drug nodes across different representation spaces. Since the drug
side contains richer structural similarity information, whereas the target-side similarity
information is relatively sparse, we only introduce the contrastive learning constraint on
drug nodes to provide an auxiliary constraint for drug representation alignment.
Meanwhile, to prevent node representations from becoming excessively large and to
improve training stability, an embedding regularization term is introduced. An L2
constraint is imposed on the representations of target nodes, positive drug nodes, and
negative drug nodes involved in each training batch, which can be formulated as:

Lyeg =X 110117 (10)

where 6 denotes the node embedding representations involved in the current training
batch.

In addition, for the node-level adaptive fusion module, we introduce a lightweight
gate regularization term to constrain the distribution of adaptive fusion weights and
prevent them from rapidly or excessively leaning toward a single view during training.
This regularization term penalizes the deviation between the fusion weight and the
middle value, allowing the model to maintain a certain degree of fusion flexibility during
learning. It is formulated as:

1
Lgate = mZ(O-S - a;)? (11)

iev
where a; denotes the adaptive fusion weight of node i. This regularization term does
not fix the fusion weight, but constrains overly polarized weight distributions during
optimization.

The final optimization objective is defined as:

1
L= E (prr+/1r‘£reg) + Assl*cssl + Angate (12)
where B is the batch size, and 4,, Ay, and 4, control the weights of the regularization

term, contrastive learning loss, and gate regularization term, respectively. The overall
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optimization objective consists of the BPR loss, embedding regularization term, drug-side
contrastive learning loss, and adaptive gate regularization term.

The parameters of NAFF-DTI are updated using the Adam optimizer [19]. During
training, model selection is performed according to the AUC and AUPR on the validation
set. If the validation performance does not show an obvious improvement for several
consecutive epochs, training is stopped early, and the model with the best validation
performance is loaded for test set evaluation. In the testing stage, the learned target and
drug representations are directly used to calculate prediction scores, and AUC and AUPR
are further computed as performance metrics.

2.6. Experimental Settings
2.6.1. Datasets

To comprehensively evaluate the performance of the proposed model, we first
construct a multi-source heterogeneous information fusion dataset to describe interaction
relationships between drugs and protein targets [20]. To avoid ambiguity with the concept
of drug—target interaction (DTI), this dataset is denoted as the IDTI (Integrated Drug-
Target Interaction) dataset in this paper. In addition, commonly used benchmark datasets
in the DTI prediction field are selected for comparative experiments, including the Luo
dataset [21] and three subsets proposed by Yamanishi, namely GPCR (G protein-coupled
receptors), Enzyme, and IC (ion channels) [22]. It should be noted that the nuclear
receptors subset in the Yamanishi dataset is not used in this paper because of its relatively
small sample size and limited application. The descriptive statistics of each dataset are
shown in Table 1. The differences in dataset scale help evaluate model performance from
different data-size perspectives. These datasets have been widely used in related studies
and have good representativeness and comparability. In terms of data processing, we
follow the preprocessing procedure used in previous work, including sample filtering,
data splitting, and negative sample construction, to ensure the comparability and fairness
of experimental results [20].

Table 1. Descriptive statistics of the datasets.

Yamanishi Dataset

IDTI Dataset Luo Dataset GPCR Enzyme IC
Drug 1269 549 223 445 210
Protein 1565 421 95 664 204
Known Interaction 5222 1920 635 2926 1476
Sparsity 99.737% 99.170% 97.003% 99.010% 96.555%

2.6.2. Baseline Methods

We selected NeoDTI [23], GENNIUS [24], DDGAE [25], NASNet-DTI [26], FGScrve
[27], MKDTI [28], and MGACL [20] as baseline methods and compared them with the
proposed NAFF-DTI. These baselines cover several representative modeling strategies in
DTI prediction, including heterogeneous network- and graph neural network-based
representation learning, similarity fusion- and multiple kernel learning-based prediction,
and graph contrastive learning-based representation enhancement. Therefore, they
provide complementary perspectives for evaluating the predictive performance of NAFF-
DTIL

Specifically, NeoDTI learns drug and target representations through neighborhood
information aggregation and topology-preserving learning in heterogeneous networks.
GENNIUS generates drug and protein node embeddings using graph neural networks
and predicts potential interactions with a neural network classifier. DDGAE enhances
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heterogeneous network representation using dynamically weighted residual graph
convolution and a graph convolutional autoencoder. NASNet-DTI adjusts the graph
information propagation depth according to local node structures to alleviate the over-
smoothing problem caused by fixed propagation layers. FGScrvr integrates multi-source
similarity information through fine-grained selective similarity fusion and performs DTI
prediction with GRMF, whereas MKDTI extracts multi-layer node embeddings using a
graph attention network and performs prediction through multiple kernel fusion and a
dual Laplacian regularized least squares framework. MGACL enhances drug and target
representations through meta-graph association-aware contrastive learning and
personalized knowledge transfer.

2.6.3. Evaluation Metrics and Implementation Details

We adopt AUC (Area Under the ROC Curve) and AUPR (Area Under the Precision-
Recall Curve) as evaluation metrics. AUC reflects the overall ranking ability of the model,
while AUPR is more informative under sparse and imbalanced biological network
settings where non-interaction pairs greatly outnumber interaction pairs [29].

In the experimental setting, we evaluate the model using 5-fold cross-validation. In
each fold, the data are divided into a training set and a test set, with the test set accounting
for 20%. A further 10% of samples from the training set are used as the validation set for
model selection, and the final performance is reported on the test set. To ensure evaluation
stability, the final performance is reported as the mean and standard deviation over the
five folds.

To ensure comparability among different methods, we did not directly cite the
experimental results reported in the original baseline papers. Instead, all baseline methods
were rerun or adapted under the same datasets, five-fold splits, and evaluation protocol.
In each fold, only the known interactions in the training set were used to construct the
training interaction matrix or training graph, the validation set was used for model
selection, and the test set was used only for final performance evaluation. For all methods,
AUC and AUPR were calculated on the same test positive and test negative samples, and
the final results were reported as the mean and standard deviation over the five folds.

In terms of implementation, NAFF-DTI is implemented using the PyTorch
framework (version 2.7.1+cul28), and the Adam optimizer is used for parameter updating.
Model parameters are tuned within candidate ranges, and the final settings are
determined according to validation performance. The node embedding dimension d is
set to 128, the learning rate is set to 0.0001, the batch size is set to 16, the number of graph
neural network layers is set to 3, the maximum number of training epochs is set to 400,
and the early stopping patience is set to 5. The gate regularization weight in the node-
level adaptive fusion module is set to 0.001, the cross-view feature adaptation weight is
set to 1.0, and the weight of the contrastive learning loss in the overall objective fu