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Abstract

Drug-target interaction (DTI) prediction sits at the very heart of modern drug discovery. Identifying
which molecular compounds bind effectively to which protein targets is a problem that has traditionally
demanded enormous time, financial resources, and years of experimental validation. In this paper, we
present a graph neural network-based framework that treats both drug molecules and protein structures
as graphs, allowing the model to learn rich, context-aware representations directly from their topology.
Our approach combines Graph Isomorphism Network (GIN) layers with attention-driven readout
mechanisms, trained on three widely used benchmark datasets — BindingDB, Davis, and KIBA.
Experimental results demonstrate that our method achieves an AUROC of 0.921 on BindingDB,
outperforming state-of-the-art baselines including GraphDTA, DeepDTA, and AttentionDTI by a
meaningful margin. Ablation studies confirm the individual contribution of each architectural
component. Beyond benchmarks, we discuss the practical relevance of graph- structured molecular
representations, the limitations of current formulations, and the road ahead toward three-dimensional
geometric deep learning for molecular binding.

Keywords: Graph Neural Networks, Drug-Target Interaction, Deep Learning, Bioinformatics, Drug
Discovery, GIN, Attention Mechanism, Molecular Graphs, Protein Contact Graphs, Computational
Pharmacology. treating atoms as graph nodes and chemical bonds as edges,

I. INTRODUCTION

Drug discovery is one of the most demanding scientific endeavors humanity undertakes. On average, it
takes more than a decade and over a billion dollars to bring a single new drug from laboratory benches to
a patient’s bedside. A significant portion of that enormous cost comes from the early task of identifying
which drug candidates might interact meaningfully with a biological target — typically a protein deeply
implicated in a disease pathway. Predicting drug-target interactions (DTIs) computationally, rather than
testing them one by one through slow and expensive wet-lab experiments, has therefore become a
central research priority across pharmaceutical science and computational biology.

Early computational approaches leaned heavily on hand-crafted molecular descriptors combined with
traditional machine learning techniques such as random forests and support vector machines [1]. These
methods offered a reasonable starting point but struggled to capture the full structural complexity of
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molecules. The arrival of deep learning brought convolutional neural networks (CNNs) and recurrent
architectures into the picture, treating molecular SMILES strings or protein sequences as one-
dimensional inputs and learning useful representations end-to-end [2]. Results improved considerably
over descriptor-based methods, yet something fundamentally important was being left on the table —
molecules are inherently graph-structured entities, and flattening them into sequences discards a great
deal of chemically meaningful information about local bonding environments and three-dimensional
topology.

Graph Neural Networks (GNNs) emerged as a natural and elegant solution to this representation
problem. By GNNs can propagate information across a molecular graph in a way that directly mirrors
how electrons and interaction forces actually behave in chemical systems. Several studies demonstrated
early on that GNN-based DTI models outperform their sequence-based counterparts on standard
benchmarks [3][4]. Our work builds on this growing body of evidence and introduces an enhanced
architecture that combines Graph Isomorphism Network (GIN) layers — which are provably as
expressive as the Weisfeiler- Lehman graph isomorphism test — with a multi-head attention readout
mechanism. We train this architecture jointly on drug molecular graphs and protein contact graphs,
enabling the model to capture structural signals from both sides of the interaction.

The primary contributions of this work are: (1) a dual- graph framework that encodes both drugs and
proteins as graphs and learns from them jointly; (2) the use of GIN convolutions for their superior
theoretical expressiveness compared to standard graph convolutional networks; (3) an attention-based
pooling mechanism that selectively weights graph nodes when forming global representations;

(4) comprehensive evaluation on three benchmark datasets with ablation studies confirming each
component’s contribution; and (5) an extended discussion of limitations and future directions including
3D geometric deep learning and multi-target polypharmacology.

The remainder of this paper is organized as follows. Section II reviews related work across three
categories. Section III describes our proposed methodology in detail. Section IV presents the
experimental setup and results. Section V covers an ablation study. Section VI contains an extended
discussion of findings, limitations, and future work. Section VII concludes the paper.
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II. RELATED WORK

A.Traditional and Similarity-Based Methods

The earliest DTI prediction systems relied on molecular and sequence similarity reasoning — if two
drugs share structural similarity and one is known to bind a target, the other is likely to bind as well [5].
Collaborative filtering methods borrowed from recommendation systems extended this idea by learning
latent factors from known interaction matrices. While these approaches are computationally lightweight
and interpretable, they fail to generalize meaningfully to entirely new drug or target families that were
not encountered during training, which is precisely the scenario that matters most in real-world drug
discovery campaigns [6].

B.Sequence-Based Deep Learning

DeepDTA [2] represented a major step forward by applying convolutional neural networks directly to
raw SMILES strings and amino acid sequences, learning useful drug and protein representations without
manual feature engineering. This end-to-end approach showed that deep learning from sequence data
could match or surpass descriptor-based methods. Subsequent work explored attention mechanisms,
transformer architectures, and bidirectional recurrent networks to better capture long- range
dependencies in protein sequences [7]. Molecular Transformer models pretrained on large chemical
databases using masked language modeling objectives have also shown strong performance on affinity
prediction tasks [8].

C.Graph-Based Models

GraphDTA [4] was among the first models to represent drug molecules as graphs while keeping the
protein encoded as a sequence, demonstrating clear gains from graph-based drug representations.
Attentive graph networks subsequently extended this by applying attention both within the molecular
graph and across the drug- protein interface [9]. More recently, heterogeneous graph models have been
proposed that encode drug-drug similarities, target-target similarities, and DTI labels simultaneously in a
single unified graph framework, allowing the model to leverage rich relational structure in the biological
knowledge graph [10]. Our model differs from all of these in that it applies graph-based representations
to both drugs and proteins, introduces GIN as the graph encoder for its provably superior expressiveness,
and uses a multi-head attention readout layer that was not present in GraphDTA.

Table I below summarizes representative prior work and highlights the key differences from our
proposed approach.

TABLE I. Comparison of Representative DTI Prediction Approaches

Method  Drug Repr. Protein Repr. Model Type Limitati on
DeepDTA [2] SMILE S Sequen ce CNN No graph
structure
Mol- Transform er SMILE S Sequen ce Transformer High compute
[8] cost
GraphDTA [4] Graph (GCN) | Sequen ce GNN+CNN Protein not
graphed
AttentionD TI [9] SMILE S Sequen ce Attn. CNN No molecula r
graph
Our GNN | Graph (GIN)  Contact Graph = GIN+Attenti on Binary only
(now)
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ITII. PROPOSED METHODOLOGY

A.Problem Formulation

Let D={di, d>, ..., ds} denote the set of drug compounds and T={t, tz, ..., tn} denote the set of protein
targets. Each drug d; is represented as a molecular graph G¢=(VY, E9), where nodes correspond to atoms
and edges correspond to chemical bonds. Similarly, each protein t; is represented as a contact graph
G,=(V,, E;) derived from its amino acid sequence and predicted secondary structure. A known
interaction is a binary label y € {0, 1} indicating whether drug d; binds to target t;. The task is to learn a
function f(GY, G,) — y that generalizes well to previously unseen drug-target pairs.

B.Drug Graph Encoder

Each atom serves as a node in the drug molecular graph. Every node is initialized with a feature vector
that encodes: atom type (one-hot over 44 element types), hybridization state (sp, sp2, sp3, sp3d, sp3d2),
aromaticity (binary), formal charge (integer), and the number of attached hydrogen atoms. Edge features
encode bond type (single, double, triple, aromatic), whether the bond lies in a ring structure, and
stereochemistry flags. We apply L= 3 layers of Graph Isomorphism Network (GIN) convolutions:
hy"'=MLP((1+€)- hy+) +EN(\) hu)

where ¢ is a learnable scalar parameter and N(v) denotes the first-order neighborhood of node v. The
MLP uses two linear layers with ReLU activations and batch normalization between them. After three
rounds of message passing, a multi-head attention pooling layer (four heads, hidden dimension 64 per
head) aggregates all node embeddings into a fixed-size graph-level vector hRVS.

C.Protein Graph Encoder

We construct a protein contact graph from AlphaFold2-predicted 3D structures [11]. Two amino acid
residues are connected by an edge if their Co atoms lie within a spatial distance threshold of 8A — a
threshold widely used in the protein graph literature as a good proxy for functional contact. Each node
encodes the amino acid type (one-hot over 20 standard residues), secondary structure label (helix, strand,
or coil, predicted by DSSP), and relative solvent accessibility. The identical three-layer GIN architecture
applied to drug graphs is used for protein graphs, yielding a graph-level embedding hpRO¢b.
D.Interaction Prediction Head

The drug embedding and protein embedding are concatenated into a single vector of dimension 512 and
passed through a fully connected classification head: two dense layers of sizes [512, 256] with ReLU
activations and a 0.3 dropout probability between them, followed by a sigmoid output neuron that
produces the interaction probability. During training we minimize binary cross- entropy loss using the
Adam optimizer with an initial learning rate of 1x1072. A cosine learning rate schedule with a 10-epoch
linear warm-up is applied to stabilize early training and prevent the large gradient steps that can occur
when random initializations meet real data.

IV.EXPERIMENTS AND RESULTS

A.Datasets

We evaluate our method on three widely used benchmark datasets for DTI prediction. Table II
summarizes their key statistics. BindingDB [12] is a large, publicly available repository of measured
binding affinities between proteins and drug-like molecules, covering a diverse range of target families
and chemical scaffolds. The Davis dataset [13] focuses specifically on kinase inhibitor selectivity
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profiles measured across 442 kinase targets, making it a useful benchmark for understanding selectivity
prediction. KIBA [14] combines kinase inhibitor bioactivity values from multiple assay sources (Ki, Kd,
IC50) into a unified, standardized dataset through a scoring scheme that accounts for assay differences.
All three datasets are split randomly into 80% training, 10% validation, and 10% test with stratified
sampling to preserve interaction ratios across splits.

TABLE II. Benchmark Dataset Statistics

Dataset Drugs Targets Interactions Split Ratio

BindingDB 10,665 1,413 39,747 80/10/
10

Davis 68 442 30,056 80/10/
10

KIBA 2,111 229 118,254 80/10/
10

B.Baseline Models

We compare our GNN framework against four established baselines: GraphDTA [4], which uses a GCN
encoder for drugs and a CNN for proteins; DeepDTA [2], which encodes both modalities as raw
sequences with CNN; DTI-CNN, a purely convolutional model that applies CNNs to concatenated
SMILES and amino acid sequence representations; and AttentionDTI [9], which augments the sequence-
based encoders of DeepDTA with a cross- attention module. All baselines are trained with their
originally reported hyperparameters applied to the same dataset splits to ensure a fair comparison.
C.Implementation Details

Our model is implemented in PyTorch Geometric [15]. All GIN layers use a hidden dimension of 256.
The interaction head has layer sizes [512, 256, 1]. Dropout probability is set to 0.3. We train for up to 200
epochs with early stopping patience of 20 epochs, monitoring AUPRC on the validation set.
Experiments are conducted on an NVIDIA A100 40GB GPU. Each full training run on BindingDB takes
approximately 4 hours. We report mean metrics across three independent runs with different random
seeds to account for training variance.

D.Comparative Performance

Table III presents the performance of all models across four standard evaluation metrics on BindingDB.
Our proposed model consistently achieves the best results on every metric. The improvement in
AUROC over the next- best model, AttentionDTI, is 4.2 percentage points — a gap that is both
statistically significant across three runs and practically meaningful for real-world virtual screening,
where ranking quality directly determines which compounds get tested in the laboratory.

TABLE III. Performance Comparison on BindingDB (Mean over 3 Runs)

AUPRC Accuracy
DTI-CNN . 0.795 0.763 0.774
DeepDTA [2] : 0.812 0.779 0.791
GraphDTA [4] : 0.831 0.798 0.809
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AttentionDTI [9] 0.879 0.854 0.821 0.836
Our GNN Model 0.921 0.897 0.874 0.886

Bold row (Our GNN Model) indicates best performance. All improvements over AttentionDTI are
statistically significant (p < 0.05, paired t-test across runs).

Fig. 1. AUROC Score Compurison Across Models

and Datasets

2y
g o1 B
Z qes0 o H g B
Model Variant AUROC AUPRC Key Observation
w/o Attention Readout 0.884 0.861 Largest single drop; pooling
matters
w/o Edge Features 0.876 0.849 Bond encoding adds structural
context
GCN Only (no GIN) 0.863 0.831 GIN expressiveness is beneficial
No Pre- training 0.851 0.819 Pretrained init provides a helpful

(random init)

prior
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Fig. 1. AUROC Score Comparison Across All Models and Datasets

Fig. 2. Truining Convergence on BindingDB Dataset

AL

Bpoch Epoch

Fig. 2. Training Loss and Validation AUPRC Convergence on BindingDB

Fig. 1 shows that the gains from our model are consistent across all three benchmark datasets, not
limited to a single dataset or split. Fig. 2 reveals that our model converges faster and to a better plateau
than AttentionDTI, reaching stable validation AUPRC around epoch 120 compared to epoch 160 for the
baseline. This faster convergence is likely attributable to the richer structural initialization provided by
GIN with edge features.

V. ABLATION STUDY

To understand exactly how much each architectural component contributes to the overall performance,
we conducted a systematic ablation study on the BindingDB dataset. Five model configurations were
evaluated: the full model; the model with the attention readout layer replaced by mean pooling; the
model trained without edge features (bond type, ring membership, stereochemistry); a version using
standard Graph Convolutional Network (GCN) layers instead of GIN; and a version trained with
randomly initialized embeddings rather than the pretrained atom and residue embeddings. Table IV and
Fig. 3 present the results.

TABLE IV. Ablation Study Results (BindingDB)

Model Variant AUPRC Key Observation
Full Model (Proposed) 0.921 0.897 Best overall configuration

Full wio Nu Pre
Model Atteation Features INN tmn ng

Fig. 3. Ablation Study: AUROC and AUPRC for Each Model Variant (BindingDB)

wio Edge GCN only

The ablation results reveal a clear and interpretable story. Removing the attention readout layer causes
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the largest single-component drop in performance (AUROC falls from 0.921 to 0.884), underscoring
how important selective, weighted aggregation of node embeddings is when forming a global graph
representation. Removing edge features causes a similar but slightly smaller degradation, confirming
that bond-type encoding adds meaningful structural context beyond what atom features alone can
provide. Replacing GIN layers with standard GCN layers reduces the model’s theoretical expressiveness
and hurts performance noticeably, validating the architectural choice of GIN. Finally, removing
pretrained initialization reduces the model to a random starting point, which leads to the worst ablated
performance — confirming that pretrained molecular embeddings provide a genuinely helpful inductive
bias.

VI. DISCUSSION

A.Why Graph Representations Help

The success of our GNN-based approach can be understood by thinking about what chemical
interactions actually are. Hydrogen bonding, van der Waals forces, hydrophobic packing, and steric
hindrance are fundamentally local and relational phenomena. Whether an atom is likely to participate in a
binding interaction depends critically on the identities and arrangements of its immediate neighbors and
their neighbors. GNNs are precisely architected to aggregate local neighborhood information over
multiple hops, making them a structurally appropriate inductive bias for this task. Contrast this with
sequence-based models, which must learn spatial relationships indirectly from positional encodings in a
linear string representation that discards most geometric information.

B.Cross-Dataset Generalization

Fig. 4 demonstrates that our model’s advantages are consistent across F1-score and accuracy metrics on
all three benchmark datasets. The gains are smallest on Davis (a kinase-only dataset with limited
chemical diversity) and largest on KIBA (a large, heterogeneous dataset with many drug scaffolds). This
pattern makes intuitive sense: graph representations provide the most benefit when the chemical space is
diverse and sequence-based similarity reasoning is least reliable. As computational drug discovery
increasingly targets novel target families and underexplored chemical space, this advantage is likely to
become more pronounced.

Fg. 4, FI-Sooew and Accuraey Acresy Datasels amd Model

w Campermn 18} Acrerory Camgar

wll il

Fig. 4. F1-Score and Accuracy Across All Datasets and Evaluated Models

C.Practical Implications for Drug Discovery

The performance improvements we report translate directly into practical value for virtual screening
pipelines. In a typical screen of millions of drug candidates, even a 45 percentage point improvement in
AUROC means that significantly more true binders appear in the top-ranked candidates sent for
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experimental testing. This reduces the number of false leads that consume expensive wet-lab resources
and shortens the iterative cycle between computational prediction and experimental validation.
Furthermore, because our model operates directly on graph-structured inputs, it is well positioned to
produce interpretable outputs — for example, attention weights over molecular graph nodes can
highlight which atoms are most important for predicted binding, providing hypotheses for medicinal
chemists to act on [16].

D.Limitations and Open Challenges

Several meaningful limitations must be acknowledged. First, our protein contact graph construction
currently relies on AlphaFold2 structural predictions [11]. While AlphaFold2 achieves impressive
accuracy for many protein families, its predictions for intrinsically disordered regions — which are
common in signaling proteins and transcription factors — may not produce reliable contact graphs.
Second, our formulation treats DTI as binary classification; in practice, binding affinity is a continuous
physical quantity, and regression formulations may better support downstream decisions about lead
optimization. Third, class imbalance in DTI datasets — where non-interactions vastly outnumber
interactions — remains a challenge even with stratified sampling and warrants explicit treatment via
focal loss or class-weighted sampling in future work [17].

E.Future Directions

The most exciting near-term extension is the incorporation of three-dimensional geometric deep
learning. Equivariant GNNs such as SE(3)-Transformers and EGNN [18] operate directly on atomic
coordinates and are invariant to rotations and translations, allowing the model to capture full 3D
geometry without the distance- threshold approximation used by contact graphs. Multi- task learning
across multiple binding datasets simultaneously may also yield better generalization by forcing the
model to learn representations that are useful across diverse biological contexts. Finally, federated
learning frameworks could enable training on private pharmaceutical datasets distributed across multiple
institutions without requiring raw data sharing — potentially unlocking far richer training signals than
publicly available benchmarks alone can provide [19].

VII. CONCLUSION

We have presented a graph neural network framework for drug-target interaction prediction that treats
both drug molecules and protein structures as graphs, learns rich structural representations through GIN
layers and multi- head attention-based pooling, and achieves state-of-the-art performance across three
benchmark datasets. Our ablation study confirms that each architectural component — GIN
expressiveness, edge feature encoding, attention-based readout, and pretrained initialization —
contributes meaningfully to the final model performance.

The core message of this work is straightforward: molecules are graphs, proteins are graphs, and treating
them as graphs rather than sequences is not just a technical choice but a scientifically motivated one that
pays real dividends in predictive accuracy. We hope this work encourages the broader computational
biology and cheminformatics communities to embrace graph- structured thinking for molecular
interaction problems, and we look forward to extending this framework toward three- dimensional
structural encoding, continuous affinity regression, and multi-target polypharmacology in future
research.
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