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1 Introduction

The computational prediction of drug-target interactions (DTIs)
significantly enhances drug discovery, reducing the high costs
and long timelines associated with traditional methods. In 2024,
the U.S. Food and Drug Administration (FDA) approved 50 new
drugs [1]. As clinical trials are expensive and the experimental
approaches for potential drug-target interactions remain challeng-
ing, computational prediction methods are needed to address this
issue. Computational prediction of DTIs provides a scalable al-
ternative, enabling the early filtering of candidate interactions to
prioritize for lab experiments, thus significantly reducing both fi-
nancial and temporal costs [2]. A rich spectrum of computational
strategies has been explored. Ligand-based methods [3, 4] infer
interactions from molecular similarity, whereas structure-based
docking techniques [5, 6] estimate binding affinity using three-
dimensional protein-ligand configurations. Meanwhile, machine
learning and deep learning models [7, 8] have gained prominence,
reframing DTI prediction as a link prediction or classification task.
These approaches leverage network topology, molecular represen-
tations, and sequence-based features to learn complex interaction
patterns from annotated data. Despite these advances, many exist-
ing methods are limited by reliance on handcrafted features, shallow
heuristics, or abundant labeled data. Similarity-based and kernel
methods capture only local or first-order interactions, while deep
learning models may struggle to generalize when training data are
scarce or incomplete [10] To address these limitations, we introduce
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BG-6-K-WLNM, a novel framework grounded in bipartite graph
modeling and local §-K-dimensional Weisfeiler-Lehman neural
machinery for DTI prediction. Our method builds a semi-bipartite
graph combining known drug-target interactions with drug-drug
and protein—protein similarity links. We generate positive samples
from known interactions and infer likely negative samples from
unlabeled pairs. From each candidate drug-target pair, we pool
k tuples and apply §-K-dimensional Weisfeiler-Lehman labeling
to consistently order nodes, a crucial step for preserving struc-
tural motifs across subgraphs. These ordered subgraphs are then
embedded and processed by deep neural networks to learn rich,
nonlinear topological features. Finally, prediction performance is
evaluated via AUROC against both similarity-based heuristics and
graph-based baselines.

2 Methods

2.1 Similarity indices

Similarity indices are heuristics used for link prediction, as shown in
the Table. 1, They can be categorized into: first-order, second-order,
and higher-order heuristic methods, based on the most distant node
necessary for computing the heuristic [12]. Also, it shows the WL-
based methods for link prediction. The similarity indices used in
this section, for the purpose of comparing our approach, are listed
as follows:

Common Neighbors (CN): This measure evaluates the likelihood
of a connection between two nodes x and y by counting how many
direct neighbors they share. Formally, it is defined as Sg\] =Tl(x)
NT(y), where I (x) represents the set of nodes within i-hop from x.
A larger overlap in their 1-hop neighborhoods indicates a greater
chance of a link between x and y.

Adamic-Adar (AA): This index estimates the similarity between
two nodes x and y by considering their shared neighbors, while
giving less weight to neighbors that are very common in the net-
work. Specifically, each shared neighbor contributes inversely to
the logarithm of its degree, which reduces the influence of highly
connected nodes [13]. Mathematically, the score is expressed as
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Jaccard: The Jaccard measure evaluates the likelihood that two
nodes x and y share a common feature by comparing the overlap of
their neighborhoods relative to the union of those neighborhoods
[14]. In essence, it can be viewed as a normalized variant of the
Common Neighbors (CN) index, since it adjusts for the overall size
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of each node’s neighbor set and accounts for their relative influence
in the network. The formula is given as
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Resource Allocation (RA): The RA index measures the similar-
ity between two nodes x and y by simulating the distribution of
resources through their shared neighbors. In this model, each com-
mon neighbor z of x and y receives one unit of resource from x
and then distributes it evenly among all its neighbors [15]. The
total amount of resources that reaches y reflects the strength of the
similarity between the two nodes. Formally, the score is defined as

sy = Y ﬁ 3)
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Preferential Attachment (PA): This metric is grounded in the
principle that nodes with higher connectivity are more likely to
form new links. In other words, the probability of a link emerging
between two nodes x and y depends directly on their degrees,
regardless of whether they share neighbors. Thus, nodes with
many connections tend to attract even more [16]. The PA score is
computed as

Spa (x,9) =Ilx|- Iy @

The CN, Jaccard, and PA indices are categorized as first-order
heuristics [15] because they only rely on the immediate neighbors
of the two nodes under consideration. However, in drug—target
interaction (DTI) networks, which are inherently bipartite, the
neighbors of drug nodes are exclusively proteins, and the neighbors
of protein nodes are only drugs. As a result, drugs and targets do
not share common neighbors, making the values of CN and Jaccard
equal to zero. To address this, we apply modified versions of CN
and Jaccard, defined as:
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These modifications turn CN and the Jaccard index into second-
order heuristics. Unlike these, PA only depends on the degree of
the nodes x and y and, therefore, can be applied to a bipartite graph.

Katz: The Katz measure evaluates the similarity between two
nodes by counting all possible paths that connect them. To avoid
overemphasizing long paths, each path of length [ is weighted by
a damping factor ﬂl, where fis a constant attenuation parameter
(0<p<1). This ensures that shorter paths contribute more to the sim-
ilarity score, while longer paths are progressively downweighted.
Because it considers paths of arbitrary length across the entire
graph, Katz is classified as a high-order heuristic. The formulation

1S:
sk = 3 (4),, 0
=1

Random Walk (RW): This similarity index estimates the likeli-
hood of a connection between two nodes by simulating a stochastic
process that moves through the network. Starting from a given
node, a walker randomly transitions to one of its neighbors at each
step, according to predefined probabilities. The probability that a
walker starting from node x eventually reaches node y serves as
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the similarity score between the two nodes. Unlike local indices
such as CN or Jaccard, RW exploits path information of varying
lengths, thereby capturing both local and global structural patterns
within the network [17].

(o)
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Weisfeiler-Lehman Neural Machine (WLNM): is a framework
for link prediction that combines local subgraph extraction, the
Weisfeiler Lehman (WL) algorithm for graph labeling, and neural
networks. The goal is to automatically learn structural patterns
that indicate whether a link should exist, instead of relying on
fixed heuristics. For each candidate link, it extracts a fixed-size
enclosing subgraph that captures its local structure. The subgraph
is then encoded into an adjacency matrix using a custom graph
labeling method called Pallete-WL, which orders vertices based on
their distance to the link and their structural roles. The resulting
matrices are fed into a neural network to learn nonlinear patterns
indicative of link existence [18].

Bipartite-Graph-Weisfeiler-Lehman Neural Machine (BG-
WLNM): This framework predicts drug-target interactions using
deep learning. It contains enclosing subgraphs that are then
encoded into adjacency matrices. A graph labeling algorithm,
Pallete-WL, is used to impose a consistent node ordering based on
geometric proximity and structural role within the graph [19].

3 PREDICTION METHODOLOGY
3.1 DTI problem formulation

To capture the topological structure of drug-target relationships, we
represent the interaction network as a semi-bipartite graph defined
as G =<D, T,E, F, H > Where D and T denote the sets of drug and
target (protein) nodes, respectively. The set E C D x T contains
observed drug-target interactions, while F C D x D and H C TxT
represent similarities among drugs and targets, respectively. This
structure facilitates the integration of both inter-class interactions
and intra-class similarities into a unified framework. The parame-
ter k defines the size of the node tuples used to explore the graph
structure. We predefine k=2, meaning the algorithm operates over
2-tuples of nodes. This choice is both intuitive and optimal for DTI
prediction, as each 2-tuple directly corresponds to a candidate drug-
target pair, enabling the model to align naturally with the binary
link prediction task. Furthermore, the inclusion of drug-drug and
target-target similarities ensures that first-order neighborhoods
provide sufficient biological context for each pair, making 2-tuples
expressive enough to capture relevant structural and relational
patterns. This configuration strikes a balance between model ex-
pressiveness and computational feasibility, especially given the
size and sparsity typical of real-world DTI graphs. While higher-
order settings (e.g., k>2) theoretically offer access to more complex
interactions, they introduce significant computational overhead
with complexity scaling. Moreover, in sparse interaction graphs,
higher-order tuples are more prone to overfitting and may encode
redundant or noisy relationships. As a result, in this work, we
utilize 2-tuples as the core structural unit for neighborhood-based
refinement algorithms. Formally, a 2-tuple is defined as an ordered
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Algorithms

Common Neighbors (CN)
Preferential Attachment (PA)
Jaccard Index

Adamic-Adar (AA)

Resource Allocation (RA)

Katz

Random Walk (RW)

Weisfeiler-Lehman neural machine (WLNM)
Bipartite-graph-Weisfeiler-Lehman neural machine (BG-WLNM)

Order  Approach Input Req Reference
First Local 1-hop neighbors [20]
First Local Degree of nodes [16]
First Local 1-hop neighbors [14]
Sec- Local 1-hop neighbors [13]
ond
Sec- Local 1-hop neighbors [15]
ond
High Global All paths [21]
High Global Transition matrix [17]
High Local 1-hop neighbors [18]
High Local 1-hop neighbors [19]

! Popular Heuristic for link prediction.

pair of nodes from the combined set of drugs and targets:

(v, () e(DuUT’ )

This definition yields four possible categories of 2-tuples: (i)
drug-drug (d;.d)), (ii) target-target (t,.t;), (iii) drug—target (d;;), and
(iv) target-drug (t;,d;). While drug-target tuples constitute the
primary candidates for interaction prediction, all 2-tuple types are
preserved to support the learning of high-order patterns through
the incorporation of topological and similarity-based context. Each
2-tuple is treated as a potential link in the graph and serves as a
unit of analysis for downstream refinement. Even if a specific tuple
does not correspond to a known edge in E, F, or H, it may encode
meaningful structural information based on its neighborhood and
is therefore retained in the learning process. This design enables
the algorithm to leverage both direct associations and the broader
graph topology in distinguishing interacting from non-interacting
pairs.

3.2 Data formatting

A key challenge in training models on drug-target interaction (DTT)
networks is the scarcity of known interactions (positive samples).
For most drug-target pairs, the interaction status remains unknown,
corresponding to missing edges in the network. Therefore, most ap-
proaches often address this by selecting negative samples randomly
[22, 23] from the unobserved pairs, but such random sampling can
introduce noise and distort the classifier’s decision boundary. A
study by Liu et. al. [24] introduces a strategy to identify reliable
negative samples to overcome this challenge. The underlying as-
sumption is that a drug with little or no similarity to any of the
known binders of a target is unlikely to interact with that target,
and the same holds in the reverse case. To construct this set, we
first generate a pool of candidate drug—-target pairs, excluding all
known positives. Each candidate is represented as a triplet (d;, #j, S;;)
where 5;; denotes the similarity-based score between the drug d
and target #;. This score is calculated in two parts:

DT _ T
ST =), Sy, (10)
T e TD,-

which aggregates the similarity of the target t; With all targets
already interacting with the drug d;; and

™D _ D
Sy~ = Z 5D, D, (11)
D Dy,

which aggregates the similarity of the drug d; with all drugs known
to interact with the target f;. The final similarity measure is then
defined as
Sij = e_(55T+ Sll;D (12)
Candidate pairs are ranked in descending order of this score,
and those with the highest values are selected as reliable negative
samples. These negatives, combined with randomly sampled posi-
tives from known interactions, form the training set for the neural
network classifier.

3.3 Workflow

The local §-K-dimensional Weisfeiler—Leman algorithm [26], abbre-
viated - KWL, is a refinement [27, 28] procedure that generalizes
the 1-dimensional WL method for graph learning, but modifies
it in two important ways: it works with k-tuples of vertices in-
stead of single vertices, and it restricts the neighborhood aggre-
gation process to local neighborhoods only. The §-K-dimensional
Weisfeiler-Leman uses an improved approach of color refinement.
In this paper, we take advantage of the KWL algorithm to com-
bine it with a bipartite graph approach to tackle the limitation of
the existing methods for DTI prediction by using a neural network.
We define the operation ¢;(v, w) as the substitution of the jth com-
ponent of tuple V with a new vertex w. Furthermore, a j-neighbor
v is categorized as “local” if the substituted vertex v; is adjacent
to w in the original graph; otherwise, it is designated as a “global”
neighbor. This distinction is captured by an adjacency function
adj((v, w)), which outputs L or G, respectively, meaning that Local
or Global. Starting from C;, the colors are updated at each step i
according to the following relation:

G (V) = (G, M;(V) (13)

M;(V) represents the sequence of multisets containing the colors
of all neighbors at step i.

M) = {Glei (V. W) [w € N)}}
o HGilpk (V. W) [w € N}} (14)
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Figure 1: Model workflow
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bipartite Graph G
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Figure 2: Example of the 5-KWL algorithm for an undirected semi-bipartite graph of size 6.

The ”§” in the name of the algorithm refers to the classification
of local and global neighbors. An example of the §-KWL color
refinement process is shown in Figure 2.

As shown in Figure 1, the proposed link prediction framework
consists of four steps: (1) Pooling k-Tuples, (2) Pattern Encoding,
(3) Aggregate Tuple Features, and (4) Learning phase by neural
network. The model begins by constructing a semi-bipartite graph
combining drug-target interactions and intra-type similarities. For
each drug-target pair, all possible k-tuples (Figure 2). of fixed size
k = 2 that the drug d; or target t; is included in a pool. 5-KWL is
applied to the k-tuples, each of which is labeled through an iterative
refinement process. Unlike 1-dimensional WL, 6-KWL constrains

updates to the k-tuple’s local region, improving efficiency and
preserving structural specificity.

3.3.1  Pooling k-Tuples. In the semi-bipartite DTI network, tuples
naturally yield three categories: (1) Drug—Target tuples (d, t), which
represent potential or known interactions. (2) Drug-Drug tuples (d,
d), derived from drug-drug similarity or co-neighborhood relations.
(3) Target-Target tuples (¢, t), derived from target similarity or
shared neighborhoods. All three tuple types are pooled because
the 5-KWL refinement algorithm recolors a tuple based on the
multiset of colors of its local neighbors, which are obtained by
replacing one component of the tuple with an adjacent vertex in
the graph. If we restrict pooling only to drug-target pairs, much of
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this neighborhood structure would be truncated. By including (d,
d) and (t, t) tuples alongside (d, t), the refinement step propagates
similarity information within drug and target spaces, enabling the
algorithm to distinguish subtler structural motifs and learn higher-
order relationships. The total number of possible 2-tuples in the
system with v vertices by excluding self-loops (v, v) is:

viv—1)

2
For each candidate drug—target pair (d, t;) in the semi-bipartite
graph G = (D, T E, F, H), A set of tuples is pooled to represent the
local relational patterns around the pair. Each tuple captures an

interaction motif between the drug node, the target node, and their
neighbors. For an example graph of G with 6 vertices, the number

(15)

of pooled tuples excluding inner loops is @ = 15. The list of
pooled tuples is:

{(v, m), (v, v3), (v, va), (v, ), (Vs W), (v, 13),
(v, v, (g, v5), (v, W), (3, vy), (3, v5), (13, %),
(vg v5), (Vg5 V)5 (5, V)

3.3.2  Pattern Encoding. We applied -KWL as the refinement al-
gorithm on pooled k-tuples for pattern encoding purposes. For a
fixed positive integer k = 2, let P(G)? denote the set of 2-tuples of
vertices of G. The coloring of P(G)* is a mapping C: P(G)* — N, i.e.,
we assign a color to every tuple in P(G)Z. The initial coloring Cjy of
P(G)* is specified by the isomorphism types of the tuples, i.e., two
tuples v and w in P(G)* get a common color if the mapping v—
w; induces an isomorphism between the labeled subgraphs G[v]
and G[w]. A color class corresponding to a color c is the set of all
tuples colored ¢, i.e., the set C™! (C). For j in [2], let @j(v, w) be
the 2-tuple obtained by replacing the jth component of v with the
vertex w. That is, (pj(v, w) = (v, . Ve 1o Wy Vig o v). fw= qoj(v,
w) for some w in P(G), call w a j-neighbor of v (and vice-versa).
The neighborhood of v is then defined as the set of all tuples w
such that w = ¢;(v, w) for some j in [2] and w in P(G). For each j in
[2], collect the colors of the j-neighbors of v as a multiset S; = {{C
(¢j(v, w)) | w € P (G)}}. Then, for a tuple v, define C(v) = (C(v), M(v)),
where M(v) is the 2-tuple (v;, w;). To complete the color refinement
process in a local setting, let w = @;(v, w) be a j-neighbor of v. Call
v a local j-neighbor of w if w is adjacent to the replaced vertex v;.
Otherwise, call v a global j-neighbor of w. For nodes v and w in
P(G)Zlet the function adj (v, w)) evaluate to L or G, depending on
whether w is a local or a global neighbor, respectively, of v.

3.3.3 Aggregate Tuple Features. Labeled 2-tuples are translated to
an adjacency matrix of size V x V, including final labels to represent

the features. As the matrix is symmetric, only the upper-triangle
v(v—1)

part is used and vertically converted to
vertices, the matrix size is 6 x 6, and each entry (i, j) represents the
final label of the relationship between vertex i and vertex j to train
the classifier.

. For a graph with 6

3.3.4 Learning phase by neural network. After we encode 2-tuples
and identify embedding vectors for positive pair samples and nega-
tive samples, we feed the information into a deep neural network to
learn the non-linear topological patterns. After the training phase,
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interaction for any given drug-target pair can be predicted by the
trained neural network. The output of the neural network would
give us a probability estimate to predict the interaction between
the testing drug-target pair (i.e., positive or negative).

4 EXPERIMENTAL RESULTS
4.1 Evaluation Metrics

A 10-fold cross-validation protocol was employed to evaluate the
predictive performance of the proposed framework. The dataset
was partitioned into ten mutually exclusive subsets, with nine sub-
sets used for model training and the remaining subset reserved for
testing in each fold. A neural network architecture was used with
three fully-connected layers with 32, 32, and 16 neurons, respec-
tively, each employing the Rectified Linear Unit (ReLU) activation
function. The output layer consisted of a Softmax classifier, which
produced the predicted probability of interaction for each candidate
pair. Model performance was quantified using the Area Under the
Receiver Operating Characteristic Curve (AUROC), which evalu-
ates the trade-off between the true positive rate (TPR) and the false
positive rate (FPR):

TPR = — 2 (16)
TP+ PN

FPR = —LL (17)
FP+TN

where TP, T, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively. AUROC was selected
due to its robustness to class imbalance and its widespread adoption
as a standard metric in drug—target interaction prediction.

4.2 Dataset

For this study, we employed a publicly available benchmark dataset
encompassing four major categories of protein targets: nuclear
receptors (NR), G protein-coupled receptors (GPCR), ion channels
(IC), and enzymes (E)[25]. The dataset statistics, including the num-
ber of drugs, number of targets, observed interactions, maximum
possible interactions, and calculated sparsity, are summarized in
the accompanying table. Sparsity is defined as:

. Number o f known interactions

Sparsity =1— — - (18)
Max possible intreaction

A sparsity value approaching 1 (or 100%) indicates that only a

small fraction of possible interactions is known, which increases

the difficulty of prediction due to limited training information. Con-

versely, smaller sparsity values imply denser interaction networks,
providing richer structural information for learning.

4.3 Results

We comprehensively compared our approach with heuristic
similarity-based methods [29] for drug-target interaction predic-
tions reported in the literature, namely the performance of our
method (BG-0-K-WLNM) compared with CN, Jaccard Index, Katz
Index, Adamic-Adar (AA), Random Walk (RA), and PA in terms
of AUROC on NR, GPCR, IC, and E datasets. In addition, we also
compared our model with deep-learning-based methods namely
Weisfeiler-Lehman neural machine (WLNM) and Bipartite-graph-
Weisfeiler-Lehman neural machine (BG-WLNM).
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Statistics Drugs Targets Known Interactions Max possible interactions Sparsity
Nuclear receptor (NR) 54 26 90 1404 93.5%
GPCR 223 95 635 21185 97%
Ion channel (IC) 210 204 1476 4284 96.5%
Enzyme 445 664 2926 295480 99%
2 Dataset Specification.
I NR 1 Enzyme ! GPCR ! 1c
0.8 ] 08 (] LR 0 ]
0.6 06+ 0.6 0.6
‘AUA 04 F 04r 04
[t} 02 0.2 02
[} — 0 — ra— [t} 0 —
- N PA NN A N RA N Jiccicd N Koz Random Walk I BG-J-K-WLNM

Figure 3: Comparing the AUROC performance metric of our method (BG-5-K-WLNM) with others for four datasets.

All methods exhibited relatively lower performance on the NR
dataset, primarily due to insufficient positive training samples (Fig-
ure 3). In this dataset, CN achieved nearly identical results across
all cases, as it relies solely on the common-neighbors metric. In
contrast, higher-order heuristics, such as Katz and RW, performed
better by leveraging longer paths. For the Enzyme dataset, the
graphs were highly sparse, resulting in minimal neighbor overlap.
Figure 4 presents the results of a 10-fold cross-validation com-
parison between our proposed BG-8-K-WLNM and two WL-based
baselines (WLNM and BGWLNM) across four benchmark datasets
(NR, Enzyme, GPCR, and IC). The evaluation was performed under
three sampling conditions: balanced (¢ = 50%), moderately imbal-
anced (¢ = 10%), and extremely imbalanced (@ = 0.11%). Under
balanced conditions, BG-0-K-WLNM consistently outperformed the
baseline methods, achieving AUROC improvements of 18.5% in the
NR dataset, 4.6% in the Enzyme dataset, 6.3% in the GPCR dataset,
and 4.6% in the IC dataset. These results demonstrate that our model
effectively captures discriminative structural features when at least
one of the drug or target nodes has known interactions. In contrast,
performance declined when both the drug d; and target #; were
novel. This limitation could potentially be mitigated by incorporat-
ing auxiliary information, such as drug-drug and protein-protein
similarity networks, to enrich the representation of novel pairs.
The robustness of BG-6-K-WLNM is further highlighted under im-
balanced scenarios, which better reflect the sparsity of real-world
DTI networks. When negative pairs were sampled at ten times
the number of positives (¢ = 10%), AUROC values decreased for
all methods; however, our model consistently maintained superior
performance over the baselines. Even in the most challenging case,
where all unknown interactions were considered as negatives (o =
0.11%), BG-6-K-WLNM continued to outperform other WL-based

approaches. Overall, these results confirm that BG-6-K-WLNM suc-
cessfully learns higher-order structural patterns beyond immediate
neighbors by systematically encoding local tuple structures. Its
adaptive graph labeling ensures that nodes with similar topolog-
ical roles receive consistent representations, thereby enhancing
discriminative power and achieving robust predictive performance
across varying levels of class imbalance.

To evaluate the impact of negative sampling on model perfor-
mance, we conducted experiments using the Ion Channel (IC)
dataset. Among the four benchmark datasets, IC offers the most
balanced trade-off between size and complexity: it contains a suffi-
ciently large number of known interactions (1,476) to ensure robust
statistical evaluation, while remaining computationally manage-
able compared to the much larger Enzyme dataset. This makes
IC particularly suitable for assessing the effect of sampling strate-
gies. We compared two approaches: random sampling of unknown
drug-target pairs and the reliable negative sampling technique
described in Subsection “Data formatting” The AUROC results are
presented in Figure. 5. As expected, training with reliable negatives
consistently outperformed random sampling, and the advantage
became more pronounced under imbalanced conditions (e.g., when
the positive-to-negative ratio &« = 10%). This highlights the ne-
cessity of carefully selecting negative samples to improve model
robustness in sparse drug-target interaction networks.

5 Future works

The present study demonstrates that our framework moves be-
yond handcrafted features by enabling the neural network to learn
structural information directly from the DTI graph. Central to
this approach is the representation of local neighborhoods through
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Figure 4: 10-fold cross-validation performance evaluation of our approach compared with the WL-based method in terms of
AUROC. A: AUROC scores in which all methods are trained and tested on balanced datasets, B: AUROC scores in which the
number of negative samples was 10 times more than the number of positive samples (¢ = 10%), C: AUROC scores in which all
unknown drug-target interacting pairs are considered (@ = 0.11%). All results were summarized over 10 trials and expressed as

mean=SD.
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Figure 5: Comparison of the performance of our model with
random negative samples and reliable negative samples in
terms of AUROC

k-tuples, which effectively capture the topology surrounding can-
didate drug-target pairs. While simple first-order measures such
as Common Neighbors can be derived from 1-hop subgraphs, prior
work has shown that higher-order heuristics, including Katz, gener-
ally yield stronger predictive performance [15]. This observation is
consistent with our comparative experiments (Figure 3). A natural
assumption is that modeling higher-order relationships requires en-
larging the hop size h indefinitely. In practice, however, increasing
h inflates tuple size (K) and leads to prohibitive computational costs.
As highlighted by Zhang et al. [7], High-order graph patterns can
often be captured within relatively small neighborhoods, mitigat-
ing the need for overly large subgraphs. Our method follows the
same principle: by employing the 5-K-WL refinement, we preserve
both structural roles and directional topological information [7, 18],
while keeping computations manageable. Despite these strengths,
the current framework still has room for improvement. Since the
model encodes k-tuples through fixed-size vectors, this can result
in the loss of potentially useful structural information. Future work
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could explore integrating graph neural networks (GNN) [30] that
naturally handle variable-size subgraphs and directly leverage node
and edge features. Another direction is the incorporation of hetero-
geneous biological networks. Recent studies emphasize the added
value of integrating drug—drug, protein—protein, drug-disease, and
drug-side effect associations for improving DTI prediction [31-33].
Extending our pipeline to jointly model these relations may pro-
vide a richer biological context and improve prediction robustness.
Lastly, while our evaluation confirms strong AUROC performance
on benchmark datasets, the most decisive test of predictive util-
ity lies in practical drug discovery. A crucial step forward will
be to assess whether the framework can successfully re-identify
FDA-approved drug-target pairs and uncover drug repositioning
opportunities. Although our model can already prioritize high-
confidence candidates for follow-up, a systematic validation against
comprehensive FDA data and case studies of novel predictions will
be essential to demonstrate clinical relevance [34, 35].

6 Conclusion

We introduced BG § K WLNM, a deep learning framework for drug-
target interaction prediction that combines a semi-bipartite graph
representation with local K-dimensional Weisfeiler-Lehman refine-
ment. By imposing a consistent node ordering and encoding local
K-tuple structure, the model learns discriminative higher-order pat-
terns directly from topology rather than hand-engineered features.
Across the Yamanishi benchmarks under both balanced and imbal-
anced protocols, BG-5-K-WLNM demonstrated consistently strong
AUROC performance relative to heuristic similarity indices and
WL-based baselines. Our analysis also showed that training with
reliable negative samples instead of randomly chosen unknown
pairs yields more robust classifiers, an effect that is especially clear
on the Ion Channel (IC) dataset, which offers a practical balance of
scale and sparsity for evaluating sampling strategies. Altogether,
these results indicate that localized WL refinement with tuple-based
encoding is an effective and scalable approach for DTI link predic-
tion.
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