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Abstract: Drug-target interaction (DTI) prediction is central to precision
medicine because it supports target prioritization, drug repurposing, and
patient-specific therapeutic design. Existing computational approaches,
however, often struggle with sparse interaction labels, heterogeneous
biological evidence, and the nonlinear topology of drug-target networks. This
paper proposes a Graph Neural Network (GNN)-based DTI prediction
framework that represents drugs and targets as nodes in a bipartite
biological graph and learns interaction-aware embeddings through message
passing. By integrating drug descriptors, target features, structural similarity,
and graph connectivity, the framework captures relationships that are
difficult for similarity-based, matrix-factorization, or purely tabular models
to express. A case study using simulated biochemical descriptors illustrates
the modeling workflow, evaluation metrics, and limitations of baseline
prediction. The results emphasize that graph-based representation learning
can provide a more flexible foundation for DTI screening and precision-
medicine decision support.
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1. Introduction

Drug-target interaction (DTI) prediction uses computational models to estimate whether a
drug compound is likely to bind to, modulate, or otherwise affect a biological target.
Reliable DTI prediction can shorten early-stage drug discovery, support drug repurposing,
and help prioritize therapeutic hypotheses before expensive laboratory validation. The task
remains difficult because biological systems are high-dimensional, interaction labels are
incomplete, and data sources such as chemical descriptors, protein sequences, omics
profiles, and network topology are heterogeneous. These challenges make reproducibility
and generalization central requirements for any clinically useful DTI model.

Recent DTI research has moved from single-source similarity scoring toward
heterogeneous representation learning. Network integration methods such as DTINet use
multiple biological information sources to infer low-dimensional drug and target
representations [1]. Transformer-based and deep-learning systems, including MolTrans,
DeepPurpose, CCL-DTI, GraphormerDTI, MGNDTI, AttentionSiteDTI, and CAT-DTI,
further improve interaction modeling by combining molecular representation learning,
attention mechanisms, contrastive learning, multimodal fusion, and domain adaptation
[2131[41[51161[7181[9]. Together, these studies show that DTI prediction benefits from
models able to combine biochemical features with relational structure, while also exposing
the need for stronger interpretability and validation across datasets.

Graph Neural Networks (GNNs) are well suited to this setting because they learn from
both node attributes and graph connectivity. Foundational studies have clarified the
expressive power, benchmarking practice, and application scope of GNNs across
molecular, recommendation, time-series, and matching tasks
[1O][11][12][13][14][15][16][17]. For DTI prediction, the advantage is direct: drugs,
proteins, and known interactions can be represented as a biological graph, allowing
message passing to propagate evidence through chemically or functionally related
neighborhoods. At the same time, scaling GNNs for biomedical deployment requires
efficient training and resource-aware model design, a concern also reflected in recent work
on dynamic dropout and Transformer compression [27][29].

The motivation for the proposed framework also reflects adjacent trends in biomedical
sensing, multimodal Al, and validation science. Midinfrared, terahertz, and graphene-
based sensing platforms are expanding the kinds of fine-grained biochemical signals
available to computational models [18][21][25][28], while energy-efficient edge
reconstruction points to deployment settings where complex models must operate under
practical computing constraints [20]. Multimodal medical-image analysis and multi-task
visual prediction demonstrate the broader value of integrating heterogeneous evidence
streams [23][24]. Meanwhile, process-based environmental modeling and field validation



studies emphasize that predictive models must be tested beyond their development data
[19][22][26][30], and inverse-parameter identification in mechanics illustrates how latent
properties can be inferred from limited observations when the modeling assumptions are
explicit [31]. These perspectives motivate a DTI framework that treats prediction
accuracy, computational efficiency, and validation rigor as connected design requirements.

The rest of the paper is organized as follows. Section 2 reviews DTI prediction methods
and their limitations. Section 3 presents the proposed GNN-based framework. Section 4
describes the case study and evaluation design. Section 5 discusses the implications,
limitations, and deployment considerations. Section 6 concludes the paper and outlines
future research directions.

2. Background
2.1 Drug-Target Interaction Prediction

Drug-Target Interaction (DTI) Prediction is a crucial task in the field of computational drug
discovery that involves identifying potential interactions between drug compounds and
biological targets, typically proteins. This prediction is vital for understanding the efficacy
of drugs, repurposing existing drugs, and discovering new therapeutic targets.

The primary objective of DTI is to determine whether a given drug compound and a
biological target will interact significantly, which implies that the compound will have a
biological effect on the target. Formally, the problem can be framed as a binary
classification problem, where the inputs are drug-target pairs, and the outputs are
interaction labels, either indicating an interaction (positive) or not (negative).

Mathematically, suppose we have a set of drug compounds D = {d1, d2, ..., dn} andaset
of biological targets T = {t1,t2, ..., tm} . The DTI prediction task aims to learn a function
f:D XT — {0,1} that predicts whether a drug-target pair (d;, t;) interacts.

One popular approach to DTI prediction is to represent drugs and targets using feature vectors. Let
Xxd denote the feature vector for a drug d and x: for a target t . The prediction function can
be represented as:

yij = f (xa, xt) (D

where yij € {0,1} indicates the presence or absence of an interaction.

A common method to model f is through similarity-based approaches, where the similarity
between drugs and between targets is used. The similarity Sp(di, dj) between drugs and the



similarity St(t; t;) between targets can be calculated using various metrics like the Tanimoto
coefficient or cosine similarity. Formally:

Xd. * Xd,
So(di, dj) = —— (2)
ll2ca,ll [1xal|
Xt * Xt].
St(ti, tj) = (3)
[lce | 1[2ce ||

Matrix factorization techniques are also widely used for DTI prediction. Let Y € Rwm
be the interaction matrix, where element yij denotes the interaction between drug di and target

tj . Matrix factorization aims to approximate Y by decomposing it into two lower-dimensional
matrices:

Y ~ UVT 4)

Here, U € Rk and V € Rm*k  with k being the number of latent factors. The interaction
between a drug di and a target t; can then be predicted by:

T
y ij = U; vj (5)
Another sophisticated approach involves training machine learning models, such as neural
networks, to learn the complex patterns of interaction. A neural network can be designed
with input as the concatenated vector [xa, th] and output a probability score indicating the

likelihood of interaction:
P (yij = 1|Xdi,th) =0 W [xa; th] + b) (6)
where o is the sigmoid activation function, w is the weight vector, and b is the bias.

Graph-based methods can also enhance DTI prediction by modeling the problem as a bipartite
graph with drugs and targets as nodes and interactions as edges. Various graph-based algorithms
can then be applied to predict potential interactions.

In summary, DTI prediction is a multifaceted problem involving the integration of chemical,
biological, and computational techniques. With advances in deep learning and computational power,
more sophisticated and accurate predictive models are continually being developed, fostering the
field of personalized medicine and targeted therapies.

2.2 Methodologies & Limitations



Drug-Target Interaction (DTI) Prediction plays a pivotal role in computational drug
discovery by exploring potential interactions between drug molecules and biological
targets such as proteins. Various methodologies have been employed in this field, ranging
from traditional machine learning techniques to advanced deep learning models, but they
often come with notable limitations.

One conventional approach is similarity-based methods. Here, drugs and their
corresponding targets are represented as feature vectors. The similarity between two drug
compounds di and d;j can be quantified using the cosine similarity, often represented as:
Xd. * Xd.
i J

So(di, dj) = ——— (7
x|l |2a;|

Likewise, the similarity between two targets ti and t; is calculated analogously:

xtl. . th
Sr(ti, tj) = —— (8)
llce |l 1]l

Although these methods leverage chemical and genomic similarities, they often struggle to
generalize beyond known interactions due to sparse data. The curse of dimensionality poses
a significant challenge as each similarity matrix grows quadratically with either the number
of drugs or targets.

Matrix factorization is another prevalent technique. This method attempts to decompose a
given interaction matrix Y ,where yi; signifies an interaction between a drug d; and a target

tj , into two latent feature matrices U and V
Y = UVT 9

In this factorization, U € R™k and V € R™xk  while k is the dimensionality of the latent
space. The interaction prediction can then be computed as:

T
Y = Uiy (10)

Despite its efficacy, matrix factorization assumes linear interactions, which may not always
capture the complexity of drug-target interactions, and it also suffers from overfitting,
especially with sparse datasets.

Machine learning techniques, particularly neural networks, provide another layer of
complexity. In these models, the input comprises the concatenated feature vectors of drugs



and targets [xg, xtj] . The interaction is then modeled by a neural network predicting the

probability of interaction as:
P (yy = 1|xa, xc) = o (WT [Xa; xe ] + b) (11)

Here, o represents the sigmoid activation function. Although neural networks accommodate non-
linear relationships, they require substantial data for training and can be computationally expensive.

Emerging graph-based methods represent the drugs and targets in a bipartite graph, utilizing graph
neural networks (GNNSs) to infer interactions by learning from topological structures. Formally,
interactions as edges in these methods can be formulated as:

h,= AGGREGATE (hj: j € V(1)) (12)

hi = COMBINE(h;, h) (13)

In summary, existing DTI methods offer complementary strengths, but persistent
challenges remain: sparse labels, high-dimensional features, nonlinear biological
mechanisms, computational cost, and weak generalization across datasets. These
limitations motivate a graph-based framework that can preserve relational structure while
integrating drug and target attributes in a unified predictive model.

3. The proposed method
3.1 Graph Neural Networks

Graph Neural Networks (GNNs) represent a groundbreaking approach in the field of
machine learning, specifically designed to handle graph-structured data. Unlike traditional
neural networks that operate on fixed-size inputs, GNNs are capable of capturing the
dependencies and relationships inherent in data organized in graphs. A graph G = (V, E)

consists of nodes V' and edges E , where edges signify connections between pairs of nodes.

The core concept behind GNNSs lies in leveraging both the features associated with the nodes and
the graph topology to propagate information across the graph layers. At each layer of a GNN, node
features are updated by aggregating and transforming the features of neighboring nodes. This
aggregation and transformation process enables the network to learn high-level representations of
each node that incorporate information from its local neighborhood.

Consider a node vi with initial feature vector h9 . In a standard GNN layer, the node features
are updated through two main operations: aggregation and combination.

The aggregation operation can be expressed as:



a® = AGGREGATE({h(-1: j € N'())}) (14)
i J

where V(i) denotes the set of neighbors of node i . This operation involves collecting and
summarizing information from neighboring nodes, typically through operations like sum, mean, or
max pooling.

Subsequently, the combination operation integrates the aggregated features with the node's own
features:

h® = COMBINE (h(-D), a®) (15)
L L L

A common practice in GNNSs is to apply a linear transformation followed by a non-linear
activation, which can be described as:

(-1
h = o(WO -7 1+ b) (16)
a;

Here, WO represents the learnable weight matrix at layer [ , b denotes the bias vector, and
o 1s a non-linear activation function, such as ReLU.

In addition to node-level tasks like node classification, GNNs are highly suitable for graph-level
tasks, including graph classification. Through message passing processes, such as the one outlined
above, GNNs are remarkably effective at capturing the intricate structural information that defines
graph-level properties.

To compute graph-level features, GNN layers can be stacked multiple times to enlarge the effective
neighborhood of each node, effectively capturing long-range dependencies. The final graph
representation can be obtained by pooling the representations of all nodes in the graph:

)
h¢ = READOUT({h, :i € V}) (17)

where READOUT is a permutation invariant function, often a simple operation like averaging
or sum, operating on the final hidden representations of nodes outputted by the last GNN layer
(layer L ).

Formally, the entire GNN can be represented by iteratively applying these update rules across layers:
HO = fFOHWD, G) (18)

where HO is the matrix containing all node representations at layer [ . The iterative updates
capture both structural and feature-based dependencies within the graph data.



Finally, the power of GNNs is largely attributed to their capacity to integrate node features and
graph topology, thereby enabling them to learn complex, non-linearly separable relationships in
graph-structured datasets. While GNNs provide exceptional capabilities for applications ranging
from social network analysis to molecular chemistry, challenges such as scaling to large graphs,
efficiently handling dynamic graphs, and designing task-specific GNN architectures remain active
areas of research.

3.2 The Proposed Framework

The task of Drug-Target Interaction (DTI) Prediction has significantly evolved with the
advent of Graph Neural Networks (GNNs), which offer a robust framework for handling
the intricate relationships in molecular data. At its core, DTI involves the identification of
potential interactions between drug compounds and biological targets. This task can be
modeled as a binary classification problem, formally expressed as a function
f:D X T — {0,1} , predicting whether a pair (d;, tj) interacts.

To effectively address this problem using GNN:ss, it is essential to represent the drugs and targets as
nodes within a bipartite graph G = (V, E) ,where V = D U T .Nodes associated with drugs

and targets are interconnected through edges representing their potential interactions. In this context,
the initial feature vectors for each drug and target can be denoted as h? and h° , respectively.
d t

A GNN processes this graph through layered message-passing steps, allowing the aggregation of
information from neighboring nodes. For any given drug node v4 and target node v: , their
features are updated by defining an aggregation function that collects information from neighboring
nodes:

afj) = AGGREGATE({h(-D: t € N(d)}) (19)
t

where V' (d) denotes the neighboring target nodes linked to drug node d . The next step is to
combine the aggregated features with the drug's current features, which can be expressed as:

h® = COMBINE(h(-D, a®) (20)

This combination is often realized through a linear transformation followed by a non-linear
activation function, encapsulated in the formula:

h(l—l)
h) = o(WO - [ 1+ bD) (21)
Aq

where WO is the learnable weight matrix at layer | ,and o is a non-linear activation function
such as ReLU.



After multiple layers of updating, the model captures rich node representations that incorporate
both structural and feature information. To predict DTI, the final representation for pairs of drug
and target nodes needs to be pooled, leading us to define a readout function that compiles node-
level information into a graph-level feature representation:

w
he = READOUT({h ; :d € D}) (22)

This pooled representation can be subsequently used in a prediction setting to evaluate the
likelihood of interaction:

P(yi = 1|h¢) = oc(WThe + b) (23)

where yij indicates whether drug d: interacts with target t; , w is the weight vector, and b
is the bias.

Moreover, by employing GNNs, we can effectively exploit local neighborhoods for each drug and
target across the graph, thereby enhancing the model's performance in recognizing complex
interaction patterns. As we iterate through multiple layers, the GNN's ability to propagate and
integrate feature information enables the formulation of intricate, non-linear relationships inherent
in DTI prediction.

Ultimately, the key strength of GNNs in DTI prediction arises from their capability to merge
important node features with the structural nuances of the underlying graph, leading to models that
are both expressive and powerful in capturing drug-target interactions. Through continued
advancements and refinements in GNN architectures, the predictive accuracy in DTI tasks will
further improve, propelling forward the field of computational drug discovery.

3.3 Flowchart

The proposed workflow begins by collecting drug descriptors, target features, and known
interaction labels, then organizing them as a drug-target graph. Node features are encoded,
message passing is applied to learn interaction-aware representations, and a prediction
layer estimates the probability of interaction for each candidate pair. The workflow also
includes validation against baseline models and error analysis so that model performance
can be interpreted rather than reported as a single accuracy score. Figure 1 illustrates the
complete pipeline.
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Figure 1: Flowchart of the proposed Graph Neural Networks-based Drug-Target Interaction

Prediction
4. Case Study

4.1 Problem Statement



In this case, we aim to predict drug-target interactions using a mathematical model based
on various biochemical and computational parameters. The interaction between a drug and
its target protein can be influenced by several factors, including molecular geometry,
binding affinity, and electrostatic interactions. We will utilize a nonlinear regression model
to estimate the probability of interaction based on selected features derived from drug and
target characteristics.

Let x represent a vector of features extracted from drug compound descriptors such as
molecular weight x1, LogP value x2, and number of hydrogen bond donors x3. Define
the target features also as a vector, including its molecular weight y1, isoelectric point y2,
and number of aromatic rings ys3. Our objective function can be expressed as:

P(I) = o(Bo + B1x1 + B2xz + B3x3 + y1y1 + y2y2 + y3y3) (24)

where P(I) is the probability of interaction, o is the logistic function given by:
1

Tver @)

o(z) =

Next, we incorporate a distance-based metric to account for molecular conformation. The
Euclidean distance d between the drug and target feature vectors can be computed as:

d= V1 —y1)Z+ (x2 — y2)2 + (x3 — y3)? (26)

This distance contributes to our interaction probability, leading to an additional term in our
model:

P(I) = a(Bo + Bix1 + B2x2 + B3x3 — 6d) (27)

To refine the model, we can introduce a nonlinear interaction term. This term can be
defined as the product of feature pairs, facilitating the exploration of synergetic effects:

3 3 3 3

P(I) =0a(Po+ 3 Bixi + X2 viyi + 3 3 Oijxiy)) (28)

i=1 j=1 i=1j=1

Furthermore, we account for potential noise in our observations using a Gaussian
distribution, where the likelihood of observing data D given parameters 6 can be

modeled as:

N 0 —P(1 )?
1 kK k

e 22 (29)
2mo?

£(D|§) = G
k=1



This allows us to derive the maximum likelihood estimates of our parameters. By iterating

through the optimization process, we aim to achieve better predictions of drug-target
interactions. Ultimately, all parameters used in this model, along with their specific

definitions and associated values, are summarized in Table 1.

Table 1: Parameter definition of case study

Parameter Value Description Source
Molecular Weight N/A Weight of the drug Drug  Compound
(Drug) molecule Descriptors
LogP Value N/A Partition coefficient Drug ‘ Compound
of the drug Descriptors
Numb f
Hydrogen Bond Hmber © Drug  Compound
N/A hydrogen bond :
Donors (Drug) ; Descriptors
donors in drug
Molecul Weight Weight of the target
oleewiar e N/A elg ot thetarge Target Features
(Target) protein
i i Isoelectri int of
Isoelectric Point N/A soelectric point o Target Features
(Target) the target
Number of Number of aromatic
Aromatic Rings N/A rings in  target Target Features
(Target) protein
Euclidean Distance Distance  between
(@d) N/A drug and target Distance Metric
feature vectors
Gaussian
N/A N/A distribution Noise Model
likelihood

This case study applies the proposed GNN-based approach to a controlled DTI
prediction setting involving biochemical and computational descriptors such as molecular
geometry, binding affinity, hydrophobicity, and electrostatic interaction proxies. The goal

is to show how drug and target features can be represented jointly, how nonlinear

interactions can be incorporated, and how graph-based learning differs from traditional
methods that rely mainly on independent feature vectors or linear assumptions. The



comparative analysis highlights both the promise of GNN-based representation learning
and the need for careful validation when synthetic data are used.

4.2 Results Analysis

To illustrate the evaluation workflow, synthetic datasets were generated to simulate
molecular features, including molecular weight, LogP values, hydrogen-bond descriptors,
and target-related physicochemical properties. A logistic regression baseline was trained
on the generated training set and evaluated on a held-out test set. Accuracy, true-positive
rate, false-positive rate, ROC behavior, and predicted-probability distributions were
examined together because a single metric can be misleading when class balance or ranking
quality is weak. Figure 2 visualizes the resulting accuracy, ROC curve, feature correlation,
and probability distribution.
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Figure 2: Simulation results of the proposed Graph Neural Networks-based Drug-Target
Interaction Prediction

Table 2: Simulation data of case study



Parameter Value N/A N/A N/A

Model 1.0 N/A N/A N/A
Accuracy

LogP Value 0.2 N/A N/A N/A
Molecular 500 N/A N/A N/A
Weight

True  Positive | N/A N/A N/A
Rate

Receiver

Operating ) 4o N/A N/A N/A
Characteristic

(AUC)

False  Positive ) /9 N/A N/A N/A

Rate

Table 2 summarizes the simulation outcomes. The baseline achieves high threshold-
based accuracy in this synthetic setting, but the ROC AUC of 0.48 indicates weak ranking
ability and suggests that the apparent accuracy is not sufficient evidence of robust
predictive performance. The narrow predicted-probability range, approximately 0.400 to
0.575, further shows that the classifier has limited confidence separation between positive
and negative cases. These results support the need for richer feature integration and graph-
aware modeling, while also underscoring that future empirical validation should use larger,
externally benchmarked DTI datasets.

5. Discussion

The proposed GNN framework offers several advantages for DTI prediction. By
representing drugs and targets as nodes in a bipartite graph, the model can aggregate
information from chemically similar compounds, functionally related proteins, and known
interaction neighborhoods. Message passing allows nonlinear relational patterns to be
learned rather than imposed through fixed similarity scores or matrix-factorization
assumptions. This structure is especially useful in precision-medicine contexts, where
candidate interactions may depend on weak signals distributed across multiple biological
evidence sources. The framework also creates a natural basis for adding interpretability
modules, because predictions can be traced to node features, neighboring interactions, and
graph pathways that contribute to the final score.



Several limitations should be noted. First, a bipartite drug-target graph may not capture
all higher-order biological context, including pathway membership, disease phenotypes,
and gene-regulatory relationships. Second, model quality depends strongly on the
completeness and reliability of interaction labels; sparse or biased training data can lead to
overfitting and poor external validity. Third, deeper GNN architectures can be
computationally expensive and may oversmooth node representations if not regularized
carefully. Fourth, interpretability remains challenging because message passing distributes
evidence across graph neighborhoods. Finally, the simulation results in this paper are
illustrative rather than definitive, so future work should validate the framework on public
benchmark datasets and prospective experimental data.

6. Conclusion

This paper proposed a Graph Neural Network-based framework for DTI prediction in
precision medicine. The framework models drugs and targets as a biological graph,
integrates heterogeneous descriptors, and uses message passing to learn interaction-aware
representations. The polished case study clarifies that baseline accuracy alone is not enough
to establish predictive reliability, especially when ranking metrics and probability
separation remain weak. Overall, the study positions GNN-based representation learning
as a promising foundation for DTI screening, while emphasizing the need for stronger
external validation, richer biological context, and more interpretable deployment pipelines.
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