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Abstract: Accurate prediction of drug-target interactions (DTTIs) is a fundamental task in computational
drug discovery, as it can effectively reduce the cost and time required for experimental screening.
However, although most existing methods consider both sides of an interaction, they still focus mainly
on the intrinsic features of drugs and proteins and are therefore insufficient to capture higher-order
behavioral context and complementary interaction patterns in DTIs. To address this issue, we propose a
novel DTI prediction framework that integrates drug molecular structure, protein sequence information,
and behavior-aware contextual representations within a unified architecture. Specifically, drug com-
pounds are encoded by a graph neural network (GNN) to capture molecular topology, protein sequences
are modeled to learn semantic features, and a protein-centric behavioral sequence is introduced to
characterize pharmacological interaction patterns. In addition, an attention-based fusion mechanism is
introduced to model dependencies within the behavioral sequence and selectively aggregate informative
behavioral contextual signals. Extensive experiments on three benchmark datasets demonstrate that the
proposed method consistently outperforms representative baseline models. These results indicate that
the proposed framework provides an effective computational solution for DTI prediction.
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1. Introduction

Drug discovery is widely recognized as an expensive, time-consuming, and high-risk process.
Bringing a single new drug from initial discovery to clinical approval typically requires more than
a decade of development and an investment exceeding one billion US dollars, while the failure rate
across clinical trial phases remains above 90% [1-3]. One of the major bottlenecks in this pipeline
is the identification of drug-target interactions (DTIs), which aims to determine whether a small-
molecule compound can selectively bind to a specific protein target and thereby modulate its biological
activity. Traditionally, this process has relied heavily on high-throughput screening and biochemical
binding assays. Although experimentally rigorous, these approaches are limited by substantial reagent
costs, relatively low throughput relative to the vast chemical space, and the practical impossibility of
exhaustively testing all candidate compound-protein pairs [4,5]. Meanwhile, the number of known
bioactive compounds and sequenced proteins has grown rapidly in recent years, with databases such as
ChEMBL [6] and UniProt [7, 8] now cataloging millions of entries. As a result, the combinatorial scale
of potential interactions makes purely wet-lab-based approaches fundamentally inadequate. Therefore,
developing accurate and scalable computational methods for DTI prediction has become an indispensable
component of modern drug discovery, as such methods can prioritize the most promising candidates
before costly experimental validation [9].

Early computational approaches to DTI prediction can be broadly categorized into structure-based
and similarity-based methods. Structure-based methods, most notably molecular docking, estimate
binding affinity by simulating the physical interaction between a ligand and a protein binding site, and
they have achieved considerable success in well-characterized target families [10]. However, these
methods are fundamentally constrained by their reliance on high-resolution three-dimensional protein
structures, which remain unavailable for a large proportion of therapeutically relevant targets. In
addition, their substantial computational cost makes large-scale virtual screening impractical. Similarity-
based methods, by contrast, operate under the assumption that chemically similar compounds tend to
interact with similar protein targets, and they exploit known interaction profiles to infer novel associa-
tions [11]. Although conceptually straightforward, these approaches suffer from limited generalizability
because they are inherently unable to predict interactions involving compounds or proteins that are
structurally dissimilar to those already present in existing databases. To address these shortcomings,
machine learning methods, including matrix factorization [12], random forests [13], and support vector
machines [14-16], were subsequently introduced. These methods leverage handcrafted molecular
fingerprints and physicochemical descriptors to model DTI patterns. Nevertheless, their predictive
performance remains heavily dependent on the quality and coverage of manually engineered features,
and their ability to capture the complex nonlinear relationships underlying molecular recognition is
fundamentally limited. In recent years, deep learning has emerged as a transformative paradigm for
DTI prediction, offering the ability to automatically learn hierarchical representations directly from raw
molecular data and substantially reducing reliance on domain-specific feature engineering.

Building on the strong representational power of deep learning, a substantial body of work has
explored neural architectures tailored to the structural properties of drugs and proteins. On the drug side,
graph neural networks (GNNs) have become a dominant paradigm for molecular representation learning,
as they naturally encode atoms as nodes and chemical bonds as edges, thereby enabling models to
capture both local chemical environments and global topological properties of molecular graphs [17,18].

Electronic Research Archive Volume 34, Issue 11, 7914-7936.



7916

Representative methods such as graph convolutional networks (GCNs) [19], graph attention networks
(GATs) [20], and their domain-adapted variants have demonstrated strong performance in molecular
property prediction tasks and have been widely adopted in DTI frameworks [21]. On the protein side,
convolutional neural networks (CNNs) [22] applied to integer-encoded amino acid sequences have
proved effective in extracting local motif patterns from raw sequence data without requiring explicit
structural annotations. More recently, transformer-based architectures and pretrained protein language
models such as evolutionary scale modeling (ESM) have further improved protein representation learning
by capturing long-range residue dependencies through self-attention mechanisms. By integrating these
two streams of representation, a number of end-to-end DTI models have been proposed that jointly
encode drug and protein features and then fuse them through concatenation, bilinear interaction, or
cross-attention modules to generate interaction predictions. Despite these advances, a fundamental
limitation shared by the vast majority of existing approaches is that they model each drug—protein pair
in isolation, relying primarily on the intrinsic physicochemical properties of the individual molecule and
the target sequence. This pairwise paradigm fails to exploit the rich relational context embedded in the
broader interaction network and, in particular, overlooks the behavioral profile of a protein, namely the
set of known binding partners with which it interacts and the corresponding interaction strengths. Such
collective interaction patterns are highly informative for characterizing a protein’s binding preferences
and selectivity, yet they remain systematically underutilized by current deep learning methods, leaving
clear room for further improvement.

To address the aforementioned limitation, we propose a novel deep learning framework for DTI
prediction that explicitly incorporates the historical interaction behavior of proteins as a complementary
source of contextual information. Our approach is inspired by collaborative filtering in recommender
systems, where a user’s preference profile, constructed from past interactions with items, provides strong
predictive signals for future behavior. Analogously, we argue that a protein does not exist in isolation
within the biochemical interaction landscape. Rather, the set of compounds to which it has previously
been observed to bind, together with the corresponding interaction strengths, constitutes a rich and
informative behavioral fingerprint that reflects its underlying binding preferences and selectivity in a
data-driven manner. From this perspective, DTI prediction can be reframed from a pairwise matching
problem into a context-aware reasoning task, in which the relational history of the target protein serves
as a form of soft prior knowledge that guides the model toward more informed and generalizable
interaction predictions. Building on this motivation, we design a framework that jointly encodes drug
molecular structure, protein sequence, and protein behavioral context, and integrates them through an
attention-based fusion mechanism that adaptively weights historical interaction partners according to
their observed binding strengths.

The main contributions of this work are summarized as follows. First, we introduce a collaborative-
filtering-inspired behavioral modeling strategy into the DTI prediction framework, which, to our
knowledge, has not been systematically explored in prior DTT studies. Second, we design an attention-
based behavior fusion module that incorporates interaction strength as an explicit weighting signal,
enabling adaptive aggregation of protein behavioral context. Finally, extensive experiments conducted
on benchmark datasets demonstrate that our proposed model achieves competitive performance against
state-of-the-art baselines across multiple evaluation metrics.
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2. Related work

Deep learning, driven by large-scale data, has revolutionized many fields [23-26] and has also
made significant progress in DTI prediction. Deep learning models can automatically learn rich feature
representations of drugs and proteins from data, achieving performance that far surpasses that of
traditional DTI methods. For drug and protein representation learning, CNN-based and attention-
based methods have been widely adopted. Deep Drug-target affinity (DeepDTA) [27] employs two
independent one-dimensional CNN (1D-CNN) modules to process drug simplified molecular input
line entry system (SMILES) strings and protein amino acid sequences, respectively, extracting local
patterns that are subsequently concatenated and fed into a fully connected layer for prediction. Deep
convolutional DTI (DeepConv-DTTI) [28] uses a CNN to extract features from protein sequences and a
fully connected network to process drug features for DTI prediction. Specifically, it employs a CNN
followed by a global max-pooling layer to capture local patterns of varying lengths within protein
sequences, while a fully connected layer is used to process drug fingerprints. Deep drug-target binding
affinity (DeepDTAF) [29] proposes a deep learning framework that integrates local and global features.
The model consists of three independent modules: a global protein sequence module, a local binding
pocket module, and a ligand module. The protein and pocket features incorporate secondary structure
elements and physicochemical properties. In addition, the model introduces dilated convolutions with
varying dilation rates in the protein and ligand modules to capture multiscale long-range interaction
information within the sequences. Molecular interaction transformer (MolTrans) [30] develops a
knowledge-inspired algorithm for substructure pattern mining and designs a biomimetic interactive
modeling module based on an enhanced transformer encoder to capture semantic relationships between
substructures from large amounts of unlabeled biomedical data for DTI prediction. Hyper attention
DTI (HyperAttentionDTI) [31] takes drug SMILES strings and protein amino acid sequences as input,
extracts a feature matrix using stacked 1D-CNNs, and then employs a custom-designed HyperAttention
module to simultaneously model complex non-covalent interactions between drugs and proteins in both
spatial and channel dimensions, assigning an independent attention vector to each atom—amino acid pair.
Drug bilinear attention network (DrugBAN) [32] proposes an interpretable bilinear attention network
that combines domain adaptation techniques to model local interactions between drug molecules and
target protein sequences.

Because GNNs can naturally represent drug molecules as graphs composed of atomic nodes and
chemical bonds, GNN-based methods can directly encode molecular topology and have recently
achieved remarkable progress in biologically relevant association-prediction tasks [33]. Graph early
fusion affinity (GEFA) [34] integrates drug molecular graphs into the representation learning of protein
graphs through an attention mechanism. Specifically, it uses GCNs to process the drug molecular graph
and the protein graph constructed from contact maps separately, and then concatenates the fused outputs
for prediction through a fully connected layer. Drug bilinear attention network (DrugBAN) [32] uses
GCNs and CNNs to process drug molecular graphs and 1D protein sequences, respectively, and proposes
a deep bilinear attention network that combines domain-adaptive techniques to explicitly learn pairwise
local interactions between drugs and targets. Bi-directional intention network for (BINDTI) [35]
proposes a hybrid model for protein feature encoding that integrates convolutional and self-attention
mechanisms. It uses a GCN to extract drug graph features and employs a bidirectional attention network
to fuse drug and protein features through multi-head attention. General, powerful, and scalable DTI
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(GPS-DTI) [36] combines a graph isomorphism network with edge features (GINE) and a multi-head
attention mechanism (MHAM); the former aggregates local structural information from neighboring
nodes and edges, whereas the latter models global dependencies between atoms. Protein features
are extracted using the pretrained language model ESM-2 and further refined via a CNN. Finally, a
cross-attention module is introduced to dynamically fuse drug and protein features. Recent studies
have further explored ensemble learning and global—-local representation strategies for DTI prediction.
Efficient deep model ensemble Framework for DTI (EADTI) [37] introduces an efficient deep model
ensemble framework with feature adaptation and clustering-enhanced parameter fine-tuning to improve
prediction performance and interpretability. A global-local framework [38] integrates local and global
features of drugs and proteins, using graph-based similarity measures and a diffusion mechanism to
capture global dependencies.

Although DTI methods based on GNNs have achieved substantial progress, relying solely on graph-
based representations still entails several inherent limitations. First, the dependence of GNNs on known
association information constrains their expressive capacity. Existing GNN-based methods rely heavily
on network topology, yet biomedical networks themselves are often incomplete and noisy. Moreover,
these graph structures depend strongly on known associations from both the drug and target sides; when
such information is missing, model performance can deteriorate markedly. To address these limitations,
bidirectional behavior learning for drug repositioning (BiBLDR) [39] reformulates drug repositioning
as a behavioral sequence learning task. By constructing behavioral sequences from both drug-side and
disease-side data and introducing a two-stage learning strategy, it captures the interactive relationships
between drug and disease features within these bidirectional sequences more precisely. Motivated
by this idea, we introduce behavioral sequence modeling into the DTI prediction task and propose a
drug-target interaction prediction framework that incorporates the behavioral sequence of target proteins.
Specifically, our method constructs a protein-centric behavioral sequence for each target protein to
characterize its pharmacological interaction patterns. Unlike BIBLDR, which constructs bidirectional
drug—disease behavioral sequences and relies on a two-stage learning strategy, our framework is
designed specifically for DTI prediction and models the drugs that have historically interacted with
each target protein as a protein-centric behavioral context. Rather than representing behavioral relations
through predefined similarity information, the query drug and behavioral drugs are encoded by a shared
GCN, while interaction-strength weighting and multi-head attention are used to adaptively aggregate
structurally informative historical interactions into the target representation.

3. Methodology

3.1. Overall framework

As illustrated in Figure 1, given a drug—protein pair, the model takes three types of input: the
SMILES string of the candidate drug compound, the amino acid sequence of the target protein, and
the behavioral sequence of the target protein constructed from the dataset. The behavioral sequence
of a protein is defined as the ordered collection of drug compounds with which the protein has been
observed to interact in the dataset, along with their corresponding experimentally measured interaction
labels, which serve as a proxy for binding strength.

The framework proceeds through four sequential stages. In the first stage, the candidate drug is
represented as a molecular graph and processed by the drug encoder, which is implemented as a GCN,
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Figure 1. Schematic overview of the proposed framework for drug-target interaction pre-
diction, integrating drug molecular encoding, protein sequence encoding, behavior-aware
contextual modeling, and attention-based feature fusion within a unified architecture.

to produce a graph-based molecular representation. Concurrently, the target protein is processed from
its amino acid sequence by the protein encoder, which is implemented as a three-layer CNN, to extract
a sequence-based protein representation. In the second stage, each drug compound in the behavioral
sequence of the target protein is independently encoded through the same GCN-based drug encoder,
yielding a set of behavior-aware drug representations that collectively reflect the interaction context of
the target protein. In the third stage, these behavioral representations are weighted by their associated
interaction strengths and passed through a multi-head attention mechanism, which adaptively aggregates
the behavioral context by attending to the most informative interaction partners. In the fourth stage, the
refined behavioral representation, the drug representation, and the protein representation are projected
into an embedding space through alignment layers and concatenated to form a unified interaction
feature vector, which is subsequently fed into a classification network to produce the final binary
interaction prediction.

The key design principle of this framework is that the behavioral sequence of a target protein
encodes implicit pharmacological preferences that cannot be inferred from the protein sequence alone.
By explicitly modeling this behavioral context and integrating it with pairwise drug—protein features,
the proposed framework enables more informed and context-aware interaction prediction beyond the
conventional pairwise matching paradigm. In addition, unlike BiBLDR [39], we do not explicitly
introduce predefined similarity scores during behavioral sequence construction. Instead, the query drug
and behavioral drugs are encoded by the same GCN encoder, which preserves richer molecular structural
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features than a single handcrafted similarity value. These structural representations carry more semantic
information for DTI prediction, while the attention-based fusion module further learns the relevance of
historical behavioral drugs in a task-adaptive manner. This design avoids relying on fixed, manually
defined similarity functions and is more suitable for our protein-centric DTI prediction setting.

3.2. Drug and target representation

Each drug is represented as a molecular graph G = (V, &), where nodes denote atoms, edges denote
chemical bonds, and each atom v; has a physicochemical feature vector x; € R%. For mini-batch
processing, graphs are padded to Ny,.x nodes using distinguishable virtual nodes, and self-loops are
added to support information propagation. A GNN iteratively aggregates neighboring features through
message passing, enabling each atom representation to capture both its local bonding environment and
increasingly long-range molecular dependencies. To implement this process, we adopt a GCN as the
molecular encoder and first project the initial atomic features into a d-dimensional embedding space, as
shown in Eq (3.1):

b = Wiix;, 3.1

where x; € R% is the initial node feature and W,,;, € R%% is a learnable projection matrix. The
virtual-node dimension is fixed at zero to prevent padding from affecting the learned representations.
The embeddings are then refined through L degree-normalized GCN layers, producing HY € RNmxxd,
which captures local and long-range molecular structural information and is retained without global
pooling for subsequent interaction modeling.

Each target protein sequence is truncated or padded to a fixed length L, and mapped to d-dimensional
residue embeddings, with index zero reserved for padding. A three-layer 1D- CNN, composed of
convolution, rectified linear unit (ReLU), and batch-normalization blocks with progressively smaller
kernels and strided compression, is then used to capture local sequence motifs at multiple scales. The
resulting position-wise protein representation has shape L), X d, where L, is the compressed sequence
length, and is retained without global pooling for subsequent feature fusion.

3.3. Protein behavioral sequence modeling

The central hypothesis of this work is that the binding preferences of a target protein can be
characterized not only by its amino acid sequence but also by the collection of drug compounds with
which it has been observed to interact in known interaction data. Motivated by this intuition, we define
the behavioral sequence of a target protein as the set of drug compounds in the training set that share
the same target protein, together with their corresponding experimentally measured interaction labels.
Formally, let D,,.;, denote the training set consisting of triplets (d;, p;, y;), where d; is a drug compound,
pi 18 a target protein, and y; € {0, 1} is the binary interaction label. For a query sample (d,, p,,y,), the
sample-specific behavioral record of protein p, is defined in Eq (3.2).

B(pq9dq) ={(d;,yi) | (di, pi» yi) € Dirain, pi = Pyg> d; # dq}- (3.2)

To prevent label leakage, the query interaction (d,, p,, y,) 1s excluded from the behavioral record of
Pq- Since the number of historical interactions varies across proteins, the remaining record 8(p,, d,) is
divided into non-overlapping chunks of fixed length K, each forming a behavioral sequence instance.
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This strategy enables fixed-size modeling and exposes the model to diverse subsets of interaction history
without revealing the query label.

3.3.1. Behavioral drug encoding

Given a behavioral sequence chunk Bi(p,, d,) = {(d1,y1),(d2,y2), ..., (dk,yk)} associated with target
protein p,, each behavioral drug d; is independently encoded into a node-level feature matrix using the
same GCN module as that used for the query drug. By encoding both the query drug and the behavioral
drugs with a unified molecular encoder, the resulting representations lie in the same embedding space,
ensuring that structural similarities between the query compound and historical binding partners are
geometrically meaningful. For each behavioral drug d;, the output of the GCN is a node-level feature
matrix H; € RVm4_which is then flattened into a vector h;. The compact behavioral embedding of the
J-th behavioral drug, denoted by b;, is obtained by projecting its flattened molecular representation h j
through a shared ReduceLayer.

The interaction labels y; associated with each behavioral drug carry important pharmacological infor-
mation, with a positive label indicating confirmed binding and a negative label indicating non-interaction.
To enable the model to learn effective behavioral supervision signals from historical interactions, we
incorporate the interaction labels as explicit weighting signals to modulate the contribution of each
behavioral embedding. Specifically, the interaction label y; is passed through an exponential function to
produce a non-negative scalar weight, as shown in Eq (3.3).

Vi =exp(y)). (3.3)

The exponential transformation is preferred over direct binary multiplication because it does not
completely eliminate the representations associated with non-interacting drugs. Thus, confirmed
interactions are emphasized, while non-interacting drugs are retained as useful contrastive context for
characterizing the behavioral profile of the target. The positive and smooth weighting scheme also
avoids abrupt information loss before feature aggregation. The behavioral embedding b is then scaled
by its corresponding weight, as shown in Eq (3.4):

b,=9 b, (3.4)

This weighting mechanism assigns higher importance to behavioral drugs with confirmed interac-
tions while preserving the complementary information provided by non-interacting compounds. The
behavioral context matrix B = [by,b,,...,bx]” is subsequently passed to the attention-based fusion
module described in the following section.

3.4. Behavior-aware feature fusion

Given the weighted behavioral context matrix B € R¥*% produced by the preceding module, the goal
of this stage is to refine the behavioral representations by modeling the interdependencies among the K
behavioral drugs and selectively aggregating the most informative contextual signals. To this end, we
design a behavior-aware feature fusion module that employs a multi-head self-attention mechanism to
capture dependencies among behavioral representations.

The multi-head attention mechanism allows the model to jointly attend to information from different
representation subspaces at different positions and has demonstrated strong performance in capturing
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relational dependencies in sequential data. In our framework, the K weighted behavioral embeddings
are treated as a sequence, and self-attention is applied so that each behavioral drug can attend to all
other behavioral drugs within the same behavioral context. Formally, the multi-head attention output is
computed as in Eq (3.5), where each attention head is defined in Eq (3.6) and the attention operation is
given in Eq (3.7).

MHA(B) = Concat(head,, . .., head;)W?, (3.5)

where each attention head is computed as:

head,, = Attention BW?, BWX, BW)), (3.6)
Attention(Q,K, V) = softmax( QK )V 3.7
’ ’ ,—db/H . .

where B € R¥*% denotes the weighted behavioral context matrix and H is the number of attention heads.
Here, W denotes the output projection matrix, while WQ, Wff , and WZ denote the learnable query,
key, and value projection matrices for the /-th head, respectively. Accordingly, Q, K, and V denote the
query, key, and value matrices obtained from these linear projections, head; denotes the output of the
h-th attention head, and MHA (B) denotes the concatenated multi-head attention output.

To preserve the behavioral signals produced by the preceding stage, a residual connection is intro-
duced so that the weighting information is not lost during attention-based aggregation, and the resulting
representation is normalized by a batch normalization layer to obtain M. The normalized attention
output is then fed into a position-wise feed-forward layer for further transformation, yielding an inter-
mediate representation Z through a linear mapping, as shown in Eq (3.8). After that, a second residual
connection combines the feed-forward output with the multi-head attention branch, and the combined
representation is further normalized by another batch normalization layer, as shown in Eq (3.9).

Z=W; M+c,, (3.8)
R = BN, (MHA(B) + Dropout,(Z)). (3.9)

To generate the final interaction prediction, the drug molecular and protein sequence representations
are independently mapped to a common d;,,-dimensional space through two-layer alignment networks
with batch normalization, ReLU activation, and dropout, producing a4, a, € Rz The attention-
refined behavioral representation R € R¥*% is flattened as a, € RX%, and the three representations
are concatenated into a unified feature vector. This vector is passed through a multilayer classifier
with progressively decreasing hidden dimensions, batch normalization, ReLU activation, and dropout,
followed by a softmax layer that outputs the binary interaction probability.

4. Results

4.1. Datasets and evaluation metrics

We evaluated the performance of the proposed method on three widely used public benchmark
datasets for DTI prediction: BindingDB [40], BioSNAP [30], and Human [41]. These datasets consist
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of small-molecule drugs and proteins, and each drug—protein pair is annotated with a binary interaction
label (0 or 1). BindingDB is an experimentally validated database of drug—protein binding affinities, and
we adopted the low-bias preprocessed version described in [32]. BioSNAP is derived from DrugBank
and contains 4510 drugs and 2181 proteins, in which the confirmed positive pairs are balanced by an
equal number of randomly sampled negative pairs. Human contains highly credible negative samples
constructed through a physicochemical dissimilarity-based screening protocol, and we used its balanced
version with equal numbers of positive and negative interactions. The statistics of the three datasets are
summarized in Table 1.

Table 1. Statistics of the three benchmark datasets.

Dataset Drugs Proteins Interactions
BindingDB 14,643 2623 49,199
BioSNAP 4510 2181 27,464
Human 2726 2001 6728

To comprehensively evaluate the predictive performance of the proposed model on the binary DTI
classification task, we adopted four widely used evaluation metrics: the area under the receiver operating
characteristic curve (AUROC), the area under the precision—recall curve (AUPRC), accuracy (ACC),
and the Fl-score. ACC measures the overall proportion of correctly classified samples among all
predictions, whereas the F1-score provides a balanced assessment of precision and recall, making it
particularly informative when the class distribution is imbalanced. AUROC evaluates the model’s ability
to distinguish positive and negative samples across different classification thresholds, while AUPRC
focuses on the precision—recall trade-off and is especially informative for assessing positive-interaction
prediction performance. Let true positives, true negatives, false positives, and false negatives be denoted
by TP, TN, FP, and FN, respectively. The ACC is defined in Eq (4.1):

TP+TN

ACC = 4.1
cC TP+TN+ FP+FN’ 1

where a higher ACC indicates that the model correctly predicts a larger proportion of drug-target pairs.
However, ACC alone may be insufficient when the class distribution is imbalanced.

Precision reflects the reliability of predicted positive interactions, that is, the proportion of drug-
target pairs predicted to interact that are truly positive. Recall reflects the coverage of actual positive
interactions, that is, the proportion of truly interacting drug-target pairs that are correctly identified by
the model. Based on these two complementary perspectives, the F1-score is defined as the harmonic
mean of precision and recall. Precision, recall, and the F1-score are given in Eqgs (4.2)-(4.4):

TP
Precision = ——— “4.2)
TP+ FP
’ TP
Recall = ——, 4.3)
TP+ FN

Precision - Recall
Fl1=2

. — . “4.4)
Precision + Recall
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A higher Fl-score indicates a better balance between precision and recall, reflecting stronger
overall performance of the model in identifying drug-target interactions. Higher AUROC and AUPRC
values further indicate stronger threshold-independent discrimination ability and more reliable positive-
interaction ranking performance, respectively. Therefore, the combination of AUROC, AUPRC, ACC,
and the F1-score enables a more comprehensive and reliable evaluation of model performance.

4.2. Implementation details

All experiments were implemented in Python using the PyTorch deep learning framework and were
conducted on a single NVIDIA RTX 4070 GPU. The maximum number of nodes per molecular graph
was set to Ny = 290, and protein sequences were truncated or zero-padded to a fixed length of
L, = 1200. The GCN encoder consisted of L = 3 graph convolutional layers with a hidden embedding
dimension of d = 128. The number of attention heads in the multi-head self-attention module was set to
H = 8, the behavioral embedding dimension was set to d, = 512, and the behavioral sequence chunk
size was set to K = 4. The intermediate hidden dimension of the ReduceLayer was set to d,,;; = 4096,
and the alignment layers projected the drug and protein representations into a shared space of dimension
daiign = 1024. A dropout rate of 0.2 was applied consistently across all modules.

The model was optimized using the Adam optimizer with an initial learning rate of 1 x 1073, A
step-based learning rate decay schedule was adopted, reducing the learning rate by a factor of 0.1 every
10 epochs. All models were trained for 100 epochs with a mini-batch size of 32. For each dataset,
we randomly split the samples into a training set and a test set at a ratio of 8:2. All reported results
represent the average performance over five independent runs with different random seeds to ensure
statistical reliability. To further assess whether the observed improvements are statistically significant,
we conducted two-sided Welch’s t-tests based on the five independent runs. For each dataset and
evaluation metric, the proposed method was compared with the strongest-performing baseline, and
p < 0.05 was considered statistically significant.

4.3. Comparison with baseline methods

To evaluate the effectiveness of the proposed framework, we compared it against nine representative
baseline methods on three benchmark datasets under a random-split setting. These methods were
selected to cover distinct paradigms in DTI prediction. Specifically, support vector machine (SVM) [42]
and random forest (RF) [43] were included as classical machine-learning baselines based on handcrafted
features. Graph drug-target affinity (GraphDTA) [44] employs GNNs to encode drug molecular struc-
tures together with sequence-based protein representations. Transformer compound-protein interaction
(TFCPI) [45] introduces transformer-based self-attention to model compound—protein interactions, while
MolTrans [30] captures interactions between drug and protein substructures through a Transformer
architecture. DrugBAN [32] uses bilinear attention to explicitly model local drug-target interactions,
CAT-DTI [46] further exploits cross-attention and Transformer modules for feature interaction, and
hyper graph convolutional network for DTI (HyperGCN-DTI) [47] uses graph convolutional networks
to integrate multimodal drug and protein features for DTI prediction. In addition, graph transformer
for DTI (GraphormerDTI) [48] was included as a recent graph-transformer-based method that captures
both molecular topology and long-range structural dependencies. Together, these baselines provide
a comprehensive comparison across classical machine learning, GNNs, attention-based models, and
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modern transformer architectures. All results are reported in terms of AUROC, AUPRC, ACC, and the
Fl1-score and are averaged over five independent runs. The complete results are presented in Table 2.

Table 2. Comparison with baseline methods on three benchmark datasets in terms of AUROC,
AUPRC, ACC, and F1-score. The number in parentheses denotes the number of trainable
parameters. * and ** indicate that the improvement of our method over the strongest baseline
for the corresponding metric is statistically significant at p < 0.05 and p < 0.01, respectively,
according to a two-sided Welch’s #-test.

Dataset Method AUROC AUPRC ACC F1
SVM 0.904 + 0.009 0.865 + 0.012 0.824 £ 0.015 0.785 + 0.018
RF 0.942 + 0.011 0.923 + 0.016 0.871 £ 0.018 0.844 + 0.021
GraphDTA (4.75M) 0.944 + 0.009 0.923 = 0.012 0.874 = 0.017 0.880 = 0.019
TFCPI (0.47M) 0.947 = 0.008 0.932 + 0.011 0.888 = 0.014 0.888 = 0.016
BindingDB MolTrans (62.86M) 0.947 £ 0.010 0.927 £ 0.013 0.884 = 0.018 0.886 = 0.017
DrugBAN (1.07M) 0.961 + 0.008 0.948 £ 0.010  0.901 =0.012 0.903 £ 0.014
CAT-DTI (2.37M) 0.960 + 0.009 0.947 £ 0.011 0.896 + 0.016 0.900 = 0.013
HyperGCN-DTI (0.85M)  0.958 + 0.007 0.950 = 0.012 0.892 + 0.015 0.897 = 0.016
GraphormerDTI (6.92M)  0.962 + 0.008 0.949 = 0.010  0.900 = 0.013 0.902 = 0.015
Ours (8.32M) 0.983* £ 0.006 0.966* = 0.008 0.947* + 0.009 0.957* = 0.007
SVM 0.819 = 0.021 0.839 + 0.019 0.750 + 0.026 0.827 £ 0.024
RF 0.857 £ 0.018 0.872 £ 0.021 0.793 +£ 0.024 0.787 = 0.028
GraphDTA (4.75M) 0.871 £ 0.019 0.870 + 0.022 0.800 + 0.025 0.807 £ 0.023
TFCPI (0.47M) 0.876 = 0.020 0.881 = 0.018 0.797 = 0.029 0.803 = 0.024
BioSNAP MolTrans (62.86M) 0.895 = 0.013 0.899 = 0.016 0.820 = 0.021 0.825 = 0.019
DrugBAN (1.07M) 0.902 = 0.011 0.905 = 0.014 0.836 = 0.018 0.838 = 0.017
CAT-DTI (2.37M) 0.909 + 0.010 0.907 = 0.013 0.836 = 0.019 0.840 = 0.016
HyperGCN-DTI (0.85M) 0.911 + 0.013 0.914 £ 0.010  0.842 +0.015 0.848 +0.012
GraphormerDTI (6.92M)  0.906 + 0.012 0.908 + 0.011 0.838 + 0.017 0.841 + 0.015
Ours (8.32M) 0.932* + 0.008  0.929* +0.009 0.868* = 0.011 0.923* + 0.010
SVM 0.913 = 0.015 0.905 = 0.018 0.838 + 0.022 0.811 = 0.025
RF 0.939 = 0.012 0.927 £ 0.014 0.866 = 0.019 0.848 + 0.021
GraphDTA (4.75M) 0.965 + 0.009 0.955 £ 0.011 0.908 = 0.014 0.907 = 0.016
TFCPI (0.47M) 0.954 +£0.011 0.941 £ 0.013 0.879 +£ 0.018 0.891 + 0.017
Human MolTrans (62.86M) 0.981 + 0.007 0.976 = 0.009 0.941 = 0.012 0.943 + 0.011
DrugBAN (1.07M) 0.981 = 0.008 0.969 = 0.010  0.940 = 0.013 0.940 = 0.012
CAT-DTI (2.37M) 0.983 = 0.006 0.976 = 0.008 0.942 + 0.011 0.944 + 0.010
HyperGCN-DTI (0.85M)  0.980 + 0.010 0.977 = 0.011 0.938 = 0.015 0.941 = 0.012
GraphormerDTT (6.92M)  0.982 + 0.007 0.974 + 0.009 0.941 £ 0.012 0.943 £ 0.011
Ours (8.32M) 0.992* + 0.004  0.986 + 0.006 0.975* £ 0.007  0.986** + 0.005

The results in Table 2 demonstrate that the proposed method achieves the strongest overall perfor-
mance across all three benchmark datasets in terms of AUROC, AUPRC, ACC, and the F1-score. On
BindingDB, our method obtains an AUROC of 0.983, an AUPRC of 0.966, an ACC of 0.947, and an
F1-score of 0.957. GraphormerDTI provides the strongest baseline AUROC, HyperGCN-DTI achieves
the best baseline AUPRC, and DrugBAN achieves the best baseline ACC and F1-score. Compared with
the best baseline result for each metric, the proposed model improves AUROC, AUPRC, ACC, and the
Fl1-score by 0.021, 0.016, 0.046, and 0.054, respectively. Compared specifically with GraphormerDTI,
our method yields improvements of 0.021, 0.017, 0.047, and 0.055 in the four metrics, respectively.
These improvements indicate that the proposed framework not only enhances classification accuracy but
also provides better threshold-independent discrimination and more reliable positive-interaction ranking
performance on large-scale DTI data.
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On BioSNAP, our method also consistently outperforms all baselines, achieving an AUROC of 0.932,
an AUPRC of 0.929, an ACC of 0.868, and an F1-score of 0.923. HyperGCN-DTTI is the strongest base-
line across all four metrics. Compared with its results, the proposed model improves AUROC, AUPRC,
ACC, and the F1-score by 0.021, 0.015, 0.026, and 0.075, respectively. Relative to GraphormerDTI,
the corresponding improvements are 0.026, 0.021, 0.030, and 0.082. The particularly clear gain in the
F1-score, together with the improvements in AUROC and AUPRC, suggests that the model is more
effective at identifying positive interactions while maintaining strong overall discrimination ability
across decision thresholds. On the Human dataset, our method achieves the best performance, with an
AUROC of 0.992, an AUPRC of 0.986, an ACC of 0.975, and an F1-score of 0.986. CAT-DTI provides
the strongest baseline AUROC, ACC, and F1-score, whereas HyperGCN-DTI achieves the best baseline
AUPRC. Compared with the best baseline result for each metric, these values represent improvements
of 0.009 in AUROC, 0.009 in AUPRC, 0.033 in ACC, and 0.042 in the F1-score. Moreover, our method
outperforms GraphormerDTI by 0.010, 0.012, 0.034, and 0.043 in AUROC, AUPRC, ACC, and the
F1-score, respectively. Since the Human dataset contains highly credible negative samples and is
generally considered more challenging, the consistent improvements across all four metrics further
verify the robustness and generalization capability of the proposed framework.

In addition to predictive performance, Table 2 also reports the trainable parameter counts of the deep
learning baselines. Our model contains 8.32M parameters, which is larger than lightweight models
such as TFCPI (0.47M), HyperGCN-DTI (0.85M), DrugBAN (1.07M), and CAT-DTI (2.37M), but
substantially smaller than MolTrans (62.86M). GraphormerDTI contains 6.92M parameters, making its
model size the closest to that of our method among the compared baselines. Despite using only 1.40M
additional parameters, our method consistently outperforms GraphormerDTTI across all datasets and
metrics, indicating that the gains cannot be attributed solely to increased model size. Compared with
Mol Trans, our method also achieves consistently better results while using only a small fraction of its
parameters, suggesting a more favorable balance between model capacity and predictive effectiveness.
The additional parameters in our framework mainly support behavior-aware contextual modeling, which
provides richer interaction features rather than merely increasing model complexity.

Overall, the experimental results show that our method outperforms both traditional machine-
learning baselines and recent deep learning approaches across all datasets and evaluation metrics
while maintaining a moderate parameter scale. Classical machine-learning methods such as SVM
and RF achieve relatively limited performance, indicating that shallow handcrafted representations
are insufficient for modeling complex drug-target relationships. Deep learning baselines, including
GraphDTA, TFCPI, MolTrans, DrugBAN, CAT-DTI, HyperGCN-DTI, and GraphormerDTI, achieve
stronger results by learning task-oriented representations from molecular graphs and protein sequences,
but they remain inferior to our method. In particular, the consistent improvements over HyperGCN-DTI
and GraphormerDTI demonstrate that multimodal feature integration or the modeling of molecular
topology and long-range dependencies alone is insufficient to fully capture the contextual interaction
patterns of target proteins. We attribute the advantage of our method to the effective integration of drug
molecular information, protein sequence semantics, and behavior-aware contextual representations,
which enables the model to learn more comprehensive and informative interaction features. Therefore,
the proposed framework demonstrates strong effectiveness, robustness, and generalization capability in
DTI prediction.

Statistical testing further supports the above comparisons. On BindingDB, the improvements
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over the strongest baseline are significant for AUROC (p = 0.0019), AUPRC (p = 0.0423), ACC
(p < 0.001), and Fl-score (p < 0.001). On BioSNAP, significant differences are also observed for
AUROC (p = 0.0191), AUPRC (p = 0.0377), ACC (p = 0.0157), and Fl-score (p < 0.001). On
the Human dataset, the improvements are significant for AUROC (p = 0.0270), ACC (p < 0.001),
and Fl-score (p < 0.001). These results indicate that most of the observed gains over the strongest
competing methods are statistically supported, while also avoiding an overstatement of the AUPRC
improvement on the Human dataset.

4.4. Ablation study

To further investigate the contributions of the key modules in the proposed framework, we conducted
ablation experiments on the BindingDB, BioSNAP, and Human datasets. Specifically, we evaluated
four simplified variants: one without the behavioral sequence, one without the attention mechanism,
one without exponential label transformation, and one in which multi-head attention was replaced with
mean pooling. The corresponding results are presented in Table 3.

Table 3. Ablation study on three benchmark datasets. BS denotes behavioral sequence, AM
denotes attention mechanism, ELT denotes exponential label transformation, and MX denotes
replacing multi-head attention with mean pooling.

BindingDB BioSNAP Human
AUROC AUPRC ACC Fl AUROC AUPRC ACC F1 AUROC AUPRC ACC F1
w/o BS (0.95M) 0.957 0.943 0.904 00912 0.886 0.891 0.821 0.829 0.970 0.963 0.928 0.941

Variant

w/o AM 0.973 0.958 0912 0.938 0.898 0.903 0.833 0.835 0.982 0.978 0.940 0.967
w/o ELT 0.980 0.962 0.943 0953 0.928 0.925 0.863 0918 0.989 0.983 0971 0.982
MX 0.971 0.955 0910 0.934 0.895 0.899 0.829 0.831 0.979 0.975 0.936 0.963

Full model (8.32M) 0.983 0.966 0.947 0957 0.932 0.929 0.868 0.923 0.992 0.986 0.975 0.986

The ablation results in Table 3 show consistent performance trends across the three datasets. Despite
substantially reducing the parameter count by eliminating the behavioral modeling branch, removing
the behavioral sequence causes the largest overall performance degradation, confirming that this branch
provides essential contextual information beyond the intrinsic features of drugs and proteins rather than
merely increasing model capacity. Removing the attention mechanism also reduces all evaluation metrics,
indicating that selectively modeling dependencies among behavioral representations is important for
effective feature aggregation. Notably, MX performs even worse than the variant without the attention
mechanism. This suggests that average pooling compresses all behavioral representations into a uniform
summary, which may discard interaction-specific features and dependencies among behavioral drugs. In
contrast, multi-head attention preserves more informative contextual signals by adaptively modeling
and weighting different behavioral representations.

The variant without exponential label transformation remains close to the full model but performs
consistently worse. This result suggests that directly using binary labels preserves useful interaction
information, while exponential transformation provides a more expressive weighting of behavioral
representations. Overall, the full model achieves the best results by jointly exploiting behavioral context,
label-aware weighting, and attention-based aggregation, demonstrating that these components play
complementary roles in DTI prediction.
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4.5. Cold-start evaluation

To further assess the generalization ability of the proposed framework, we conducted an unseen-target
cold-start evaluation on the BindingDB dataset, in which the target proteins in the test set do not appear
in the training set. The results are summarized in Table 4.

Table 4. Performance comparison under the unseen-target cold-start setting on the Bind-
ingDB dataset.

Method AUROC AUPRC ACC Fl
GraphDTA (4.75M) 0752+0.021 08210023 0701 0023  0.798 = 0.021
TFCPI (0.47M) 0.662+0.030 07490033  0.628+0.031  0.651 +0.039
MolTrans (62.86M) 0.816+0.018  0.853+0.020 0747 +0.020  0.836+0.019
DrugBAN (1.07M) 0.875+0.016 0918+ 0017  0.794+0.018  0.821 +0.020
CAT-DTI (2.37M) 0.851 £0.018  0.889+0.020 07730020  0.807 = 0.019
GraphormerDTI (6.92M)  0.829 £0.019  0.870 £0.021  0.756 £ 0.021  0.796 + 0.022
Ours (8.32M) 0.861 +0.017 0901 +0019 0.798+0.019 08160018

As shown in Table 4, the performance of our method decreases under the unseen-target cold-start
setting compared with the conventional random-split setting. The main reason is that the test targets do
not appear in the training set and therefore lack historical interaction records, making their behavioral
sequences unavailable and preventing the behavior-aware module from fully exploiting interaction-
context information. Nevertheless, our method ranks second in both AUROC and AUPRC, achieves the
best ACC, and maintains a competitive F1-score. Compared with GraphormerDTI, our method improves
AUROC, AUPRC, ACC, and the F1-score by 0.032, 0.031, 0.042, and 0.020, respectively. These results
demonstrate that, even without the behavioral sequence, the complementary drug molecular structure
and protein sequence representations still enable the proposed framework to retain strong predictive
performance and exhibit good generalization ability for previously unseen targets. They also suggest
that constructing informative behavioral priors for targets without interaction histories is an important
direction for future improvement.

4.6. Hyperparameter sensitivity analysis

To examine the robustness of the proposed framework, we analyzed the influence of two key
hyperparameters, namely the behavioral sequence chunk size K € [2,4,6,8] and the behavioral
embedding dimension d;, € [64, 128,256, 512]. Their effects on AUROC and AUPRC are illustrated in
Figure 2.

0.96 0.96
AUROC AUROC
AUPRC i AUPRC
0.94- 0.94
0.924
0.924
0.904
0.904 0.88
0.88 T T T T 1 0.86 T T T T 1
0 2 4 6 8 10 32 64 128 256 512 1024
K Dim

Figure 2. Sensitivity of AUROC and AUPRC to the behavioral sequence chunk size K (left)
and behavioral embedding dimension (right).
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As shown in Figure 2, both AUROC and AUPRC improve as K increases, with a substantial
gain from 2 to 4 and progressively smaller improvements beyond 6. This indicates that a longer
behavioral sequence provides richer interaction context, although its benefit gradually saturates as
additional historical drugs contribute less complementary information. A similar trend is observed for
dp: Performance increases markedly from 64 to 128 and then improves more gradually up to 512. These
results show that sufficient embedding capacity is important for preserving behavioral information,
while excessively large settings offer limited additional gains and increase computational cost.

4.7. Real-world scenario validation

To evaluate the applicability of the proposed model in real-world scenarios, we further analyzed its
predictions for unannotated drug-target pairs, with particular attention to pairs assigned high predic-
tion scores. In practical drug discovery, many potential drug-target combinations have not yet been
experimentally characterized. Therefore, these unannotated samples may include true but previously
undiscovered biological interactions, and the high-scoring pairs identified by our model may provide
useful candidates for subsequent experimental validation.

Specifically, we selected the 10 unannotated drug-target pairs with the highest prediction scores and
queried them against PubChem BioAssay. We then examined whether existing experimental bioactivity
records or curated evidence supported the predicted associations. In PubChem BioAssay, records
labeled as Active or Probe were treated as supporting evidence for the predicted interactions. The Active
label indicates a clear experimentally observed response, whereas Probe denotes a compound with
experimentally confirmed activity against the target that has been curated as a useful chemical probe
for investigating its biological function. The validation results for the 10 highest-ranked unannotated
drug-target pairs are summarized in Table 5.

Table 5. PubChem BioAssay validation results for the 10 highest-ranked unannotated drug—
target pairs. Gray-shaded rows indicate predicted pairs supported by PubChem BioAs-
say records.

Rank Drug Target BioAssay ID  Type Evidence
1 3076090 P21396 125713 Probe  [49]
2 122182317 Q02127 1234866 Probe  [50]
3 10383508 Q12884 265517 Probe  [51]
4 78322705  P07339 - - -

5 135400189 000408 735486 Active  [52]
6 118979215 060674 1798284 Active  [53]
7 86288088 Q01469 - - -

8 5281614 PODUB6 404692 Probe  [54]
9 176155 P00533 624997 Active  [55]
10 90415325  P07339 - - -

As shown in Table 5, seven of the 10 highest-ranked unannotated drug-target pairs are supported by
PubChem BioAssay records, including both Active and Probe annotations. This result indicates that the
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high-confidence predictions generated by our model are not merely numerical artifacts but are consistent
with external experimental or curated bioactivity evidence. In particular, the presence of multiple
supported pairs among the highest-ranked candidates suggests that the proposed framework can prioritize
biologically meaningful drug-target associations from the unannotated candidate space. Although
several predicted pairs remain unsupported by current PubChem records, they may still represent
plausible candidates for future experimental investigation because the absence of database evidence
does not necessarily imply the absence of a true interaction. Overall, this real-world validation further
demonstrates the practical potential of the proposed model for discovering previously unannotated DTIs.

5. Discussion

Several methodological and practical issues of the proposed framework warrant further discussion.
First, the use of historical interaction labels should be distinguished from information leakage. In
behavior-sequence learning, historical interactions are commonly used as contextual information to
characterize entity preferences and predict unseen interactions [56-58]. Our framework follows this
paradigm: The query drug—target pair is explicitly excluded from the behavioral sequence, and the
behavioral context is constructed exclusively from interactions available in the training set. Therefore,
neither the query label nor any test-set labels are exposed to the model. The retained historical
interaction labels instead represent prior behavioral information of the target protein, analogous to
historical interactions used in sequential recommendation and behavior-based association-prediction
methods such as BIBLDR [39]. Nevertheless, such prior information may provide stronger predictive
signals for targets with richer interaction histories. Accordingly, the reported performance should
primarily be interpreted under a context-aware warm-start setting in which historical interactions of the
target protein are available.

Second, our framework adopts a lightweight three-layer CNN rather than a pretrained protein
language model for protein representation. Although pretrained models such as ESM and ProtT5 can
provide more expressive protein representations, they generally introduce substantially larger parameter
counts and higher computational and memory costs. The CNN encoder keeps the overall framework
computationally tractable and allows the contribution of the proposed behavior-aware modeling strategy
to be evaluated without relying heavily on large-scale pretrained representations. This design therefore
reflects a trade-off between representation capacity and computational efficiency.

Finally, the practical value of computational DTT prediction depends not only on benchmark per-
formance but also on whether high-confidence predictions are supported by independent biological
evidence. Retrospective validation using public bioactivity databases is commonly employed in com-
putational drug discovery to assess the biological plausibility of predicted associations and prioritize
candidates for subsequent investigation [59, 60]. PubChem BioAssay, in particular, contains experi-
mentally derived bioactivity records from large-scale screening and medicinal chemistry studies and
therefore provides an independent source of supporting evidence [61]. The agreement between our
top-ranked predictions and PubChem BioAssay records provides additional support for the reliability of
the proposed framework as a candidate-prioritization tool. Nevertheless, such retrospective database
confirmation should be interpreted as external supporting evidence rather than prospective prediction or
direct experimental validation.
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6. Conclusions

In this work, we propose a novel framework for drug-target interaction prediction that integrates drug
molecular structure, protein sequence information, and behavior-aware contextual representations within
a unified learning architecture. By combining graph-based drug encoding, sequence-based protein
representation learning, interaction-guided behavioral modeling, and attention-based feature fusion, the
proposed framework captures complementary information from multiple perspectives and generates
more discriminative representations for DTI prediction. Experiments on the BindingDB, BioSNAP,
and Human datasets demonstrate that the proposed framework consistently outperforms representative
baseline methods, while the ablation study confirms the effectiveness of the behavioral sequence and
attention modules.

Overall, the proposed framework provides an effective computational solution for DTI prediction and
offers promising support for accelerating early-stage drug discovery. Future DTI research is expected to
move toward multimodal foundation models that integrate molecular structures, protein sequences, three-
dimensional conformations, omics data, and biomedical knowledge, as well as trustworthy prediction
systems with calibrated uncertainty and mechanistic explanations. We will continue to refine and
extend our framework toward these goals. Another practical challenge is the severe imbalance between
known and unknown DTTIs. Validated interactions represent only a small fraction of possible drug-target
pairs, while most pairs remain unannotated and cannot be treated as true negatives. Because balanced
benchmarks do not fully reflect this sparse real-world distribution, future work will explore positive-
unlabeled learning, improved negative sampling, and training methods for imbalanced data in large-scale
candidate screening. In addition, inspired by recent computational studies on small-molecule-miRNA
associations [62—64], we plan to extend the framework to predict small-molecule-miRNA interactions
by incorporating miRNA-specific sequence and structural representations and their interaction history.
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