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ABSTRACT: Graph neural networks (GNN) have shown strong performance in node classification tasks, yet most
existing models rely on uniform or shared weight aggregation, lacking flexibility in modeling the varying strength
of relationships among nodes. This paper proposes a novel graph coupling convolutional model that introduces
an adaptive weighting mechanism to assign distinct importance to neighboring nodes based on their similarity to
the central node. Unlike traditional methods, the proposed coupling strategy enhances the interpretability of node
interactions while maintaining competitive classification performance. The model operates in the spatial domain,
utilizing adjacency list structures for efficient convolution and addressing the limitations of weight sharing through
a coupling-based similarity computation. Extensive experiments are conducted on five graph-structured datasets,
including Cora, Citeseer, PubMed, Reddit, and BlogCatalog, as well as a custom topology dataset constructed from the
Open University Learning Analytics Dataset (OULAD) educational platform. Results demonstrate that the proposed
model achieves good classification accuracy, while significantly reducing training time through direct second-order
neighbor fusion and data preprocessing. Moreover, analysis of neighborhood order reveals that considering third-order
neighbors offers limited accuracy gains but introduces considerable computational overhead, confirming the efficiency
of first- and second-order convolution in practical applications. Overall, the proposed graph coupling model offers a
lightweight, interpretable, and effective framework for multi-label node classification in complex networks.

KEYWORDS: GNN; social networks nodes; multi-label classification model; graphic convolution neural network;
coupling principle

1 Introduction

Social network node classification is an important direction in social network research [1-3]. The
research on social network node label classification can bring many benefits to social network applications,
such as publicity, recommendation, and other common social network applications [4]. As for the number
of labels on social network nodes, it is divided into single-label classification and multi-label classification.
Single-label classification focuses solely on determining whether a node possesses a single label, whereas
multi-label classification requires determining which of the N labels a node belongs to [5]. As social neworks
continue to grow, the nodes in social networks have more information about their own attributes and
connections between nodes, and it is difficult for single-label classification methods to meet the classification
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requirements of social network nodes [6]. For example, a movie may contain horror, suspense, action, love,
etc. It is inaccurate to classify it as only one of them. Obviously, a more reasonable multi-label classification
of social network nodes is more suitable for today’s social network research [7,8]. There are many successful
research projects of multi-label classification of interconnected social network nodes in a bipartite graph
based on their own attributes [5,9,10] or based on the connection information between nodes [11,12].

Early approaches to multi-label classification in social networks primarily relied on traditional statistical
methods such as Naive Bayes, decision trees, and support vector machines [13]. These methods typically
treated each node independently, focusing solely on node attributes while ignoring the inherent relational
structure of social networks. As a result, they often suffered from low accuracy and poor scalability, especially
when applied to large-scale, complex networks.

Subsequent efforts incorporated inter-node connections using models like Bayesian networks [1,14] to
enhance classification performance. However, these methods still faced critical limitations: they assumed
directionality in inherently undirected networks and struggled with interpretability and computational
efficiency [15,16].

Given these challenges, recent studies have advanced social network node classification through
inductive and multi-perspective learning frameworks. Benedetti et al. [17] proposed IMMENSE (Induc-
tive Multi-perspective User Classification in Social Networks), which integrates graph structural context,
semantic embeddings, and behavioral signals to detect malicious or discriminative users in large-scale social
networks. Their work highlights the importance of modeling multiple relational perspectives and dynamic
connectivity, providing strong interpretability for real-world social media applications. Similarly, Xia
etal. [18] introduced a hierarchical message-passing framework for social network analysis that dynamically
adapts neighborhood aggregation across heterogeneous relation types. This approach emphasizes multi-
level structural attention and adaptive neighbor selection to capture both local and global dependencies.
Furthermore, Lin et al. [19] proposed a label-aware graph convolutional network, which incorporates label
information into the convolution process to enhance text classification performance, further validating the
effectiveness of optimizing graph convolution by introducing adaptive mechanisms. Together, these studies
illustrate the growing trend toward adaptive, interpretable, and multi-view graph models for social network
understanding. Building upon this trend, the present work introduces a graph coupling convolutional
model that further enhances interpretability by assigning explicit, similarity-based coupling weights to each
neighboring node.

In this paper, we propose a novel graph coupling convolutional model (MGCN-Coupling) for multi-
label classification of nodes in social networks. The proposed approach integrates node attributes and
topological connectivity through an adaptive coupling mechanism that dynamically adjusts the weight of
each neighboring node based on its similarity to the central node. Unlike traditional graph convolutional
networks (GCNs) that employ shared or fixed convolution parameters, our model learns node-specific cou-
pling coeflicients, thereby capturing the heterogeneous influence of neighbors and improving interpretability
in complex graph structures.

The novelty of this work is reflected in several essential aspects that distinguish it from existing GNN and
coupling-based models. First, rather than relying on homogeneous aggregation, the proposed model directly
encodes both node attributes and structural relationships within a unified topological graph representation.
This formulation reduces matrix complexity and dimensional redundancy while preserving critical structural
information. The resulting framework efficiently performs multi-label classification on large-scale networks
such as BlogCatalog and Reddit, where nodes represent users or posts and edges represent social connections
or shared interactions.
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Second, we introduce an adaptive coupling mechanism that replaces static convolutional weights with
learnable, similarity-driven parameters obtained through a neural collaborative filtering (NCF) module. This
mechanism computes a distinct coupling coefficient for each node pair, reflecting their relational strength in
both attribute and structural spaces. By integrating this adaptive weighting into the convolutional process,
the model ensures that the central node receives the most relevant information from its neighbors while
maintaining a high level of interpretability in the learned representations.

Third, the proposed model fuses connection information with intrinsic node attributes to generate
a comprehensive node embedding that captures both semantic and topological dependencies. This fused
representation serves as the input for multi-label classification tasks, enabling the model to predict complex
node categories that often overlap in real-world social networks.

Finally, we validate the effectiveness and generalizability of the proposed MGCN-Coupling model
through extensive experiments on multiple benchmark datasets, including BlogCatalog, Reddit, Cora,
Citeseer, PubMed, and a custom-constructed topology dataset derived from the Open University Learning
Analytics Dataset (OULAD). The experimental results demonstrate that the proposed model achieves
comparable or superior performance to existing methods such as GraphSAGE and standard GCNs, while
offering greater interpretability and reduced computational overhead. Overall, this work provides a unified
and interpretable framework for graph-based multi-label classification that advances the current state of
graph neural network design.

2 Dataset

To experimentally verify the graph coupling model proposed in this paper, the experiment uses the
public social network dataset BlogCatalog and Reddit as the research data. The BlogCatalog dataset [20] is
a social relationship network. The topology map is composed of bloggers and his or her social relationships.
The number of nodes in the BlogCatalog dataset is 10,312, the number of edges is 333,983, and the label
dimension is 39. There are mainly two files, one is used to store the properties of the user node itself, and the
other is used to store the connection relationship between the user node and the adjacent nodes. The label of
the node is also composed of the node’s own attributes and the connection information between the nodes.
Whether there is a connection between the nodes is determined by whether the nodes are friends. Reddit is
a social news site where users can browse and post discussion threads. Other users can rate, comment on, or
reply to posted content. (https://doi.org/10.6084/m9.figshare.11923611.v3, accessed on 01 June 2025).

The Reddit dataset [21] is the discussion posts published by different users, as well as the user’s comments
and replies obtained from the site, and the discussion posts will belong to different forum sub-sections. These
discussion posts constitute the nodes in the topology graph. The features on the nodes are represented by
the vectors obtained after the title and content of the discussion posts are processed by the natural language
processing model. The labels of the nodes are the sub-sections to which the discussion posts belong. The
connection depends on whether the same user has posted comments on both nodes. The task of node
categorization is to categorize the sections of the Reddit site where posts appear. Specifically, the information
constituting the node feature vector includes the title, comments, ratings, and reply to the post. The title of
the post and user comments are text information, and the text vectorization operation is performed on the
above information through the 300-dimensional GloVe Common Cral word vector library. Its label vector
is represented by one-hot encoding. (https://snap.stanford.edu/graphsage/, accessed on 01 June 2025).
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The statistics of the above two datasets are summarized in Table 1.

Table 1: Dataset statistics

Dataset Nodes Edges Feature length Average node degree Labels
Blog Catalog 10,312 333,983 438 272 39 (Multiclass)
Reddit 232,965 57,309,390 602 492 41 (Multiclass)

The dataset is classified into a labeled node set and a test set, and the labeled set is divided into a training
set and a validation set, as shown in Table 2.

Table 2: Experimental dataset division

Dataset Training set nodes Validation set nodes Test set nodes
Blog Catalog 6121 1199 2886
Reddit 152,410 23,699 55,334

To validate the rationality of the model design, this study conducts experiments on three public citation
network datasets, Cora, Citeseer, and PubMed, as well as one custom-built topology dataset derived from
the OULAD educational data.

In the citation datasets, each document is treated as a node, and its content is represented by a one-hot
encoded bag-of-words vector. The feature vector length corresponds to the total number of distinct words
across all documents, with entries marked as 1 if the word appears in the document and 0 otherwise.

Connections between nodes are based on citation links, forming the graph’s adjacency matrix A, where
Ajj = Aj; = lindicates a citation between documents. Labels denote the research domain of each document
and are also encoded using one-hot vectors.

The self-constructed dataset uses the publicly available Open University Learning Analytics Dataset
(OULAD) to build a student-based topology graph. Nodes represent students, features include demographic
and behavioral attributes, and edges are formed based on shared course registrations. Details of this dataset
are illustrated in Fig. 1.

Stulclents) [ Curficulum |

Performance information Access information
Registration o .
r g . Basie information
information
Access

information

Basie
information

Figure 1: Composition of OULAD dataset
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The student information used in this study is composed of four main components: (1) basic demo-
graphic attributes such as gender, age, and highest education level; (2) course registration records; (3)
online course usage data; and (4) academic performance data. In the constructed topological graph, each
student is represented as a node. The node feature vector is built using all student information except course
registration data and includes both categorical and numerical attributes. All attributes are encoded using
one-hot encoding to form the final feature vector for each node.

The course registration information is used to establish connections between students. Specifically, if
two students are enrolled in the same course, an edge is created between their corresponding nodes. The
resulting adjacency matrix derived from these connections is identical to the previously defined matrix
A, used to represent the graph topology. The final evaluation scores of students are used as node labels.
These scores fall into four categories—Fail, Pass, Good, and Excellent, which are also encoded using one-hot
encoding. The encoding process for both node features and label vectors is illustrated in Fig. 2.

Node characteristics | | | I ...... I

Highest level
of education

gender Number of courses

The final score of
the course

Figure 2: Encoding method of feature vector and label vector

3 Methods
3.1 Graph Convolution and Spatial Representation

The graph convolution model is designed to extract topological information by integrating each node’s
intrinsic attributes with the structural connections to its neighbors. This process transforms the raw graph
data into a feature representation that reflects both local and global dependencies within the network.
Mathematically, the connection information between nodes can be expressed as a weighted summation of
their attributes, while the updated node representation is obtained by fusing this aggregated information
with the node’s original features, as shown in Eqs. (1) and (2).

h= Z F(xi,xj)G(xj) (1
JjEN,
x'=U(h,x) (2)

where F represents the weighting coefficient between the central node and each adjacent node, and the G
function represents the attribute of each adjacent node. In Eq. (2), h obtained from Eq. (1) is the connection
information between nodes, x is the node’s own attribute, and x’ represents the updated feature information
of the node.

The adjacency linked list of topological graph data is defined by the search strategy of Fig. 3a, and the
result is shown in Fig. 3b.
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Figure 3: The adjacency liking to a list of topological graph data: (a) search strategy; (b) result

To implement this process efficiently in the spatial domain, the adjacency relationships of the topological
graph are organized as linked lists. The search strategy for constructing these adjacency lists is illustrated
in Fig. 3a, while the corresponding adjacency results are shown in Fig. 3b. This structure ensures that
each node can directly access its neighbors without repeatedly traversing the entire graph, improving the
computational efficiency of feature aggregation. However, as can be observed from Fig. 3, the number of
neighboring nodes for each central node varies significantly, which poses a challenge to weight sharing in
convolutional computation. When the total weights of a node and its neighbors are constrained to sum to one,
the number of neighbors directly influences the assigned weights. For instance, if node 1 has two neighbors
and node 2 has three, the coeflicients between node 1 and node 2 cannot be shared consistently across both
cases. Such inconsistencies may lead to conflicts in the learning process.

To address this issue, a fixed number of neighboring nodes is specified for each node [22]. When the
actual number of neighbors exceeds this value, redundant ones are randomly pruned; when the number is
smaller, virtual neighbors are sampled to maintain uniformity. The adjacency linked list obtained after this
operation can be conveniently transformed into a matrix representation, facilitating vectorized convolution
operations and ensuring consistency across the graph.

The feature updating process for a central node is illustrated in Fig. 4, where the similarity measure is
set to 2 and the number of adjacent nodes is 1. In this example, the information from first-order neighbors
is first aggregated to enhance the central node’s feature representation. Then, the second-order neighbors
propagate their updated information to the central node through the previously selected first-order nodes.
This hierarchical propagation allows the model to capture multi-level relational dependencies in the graph.

Figure 4: Schematic diagram of central node feature update
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Although this spatial-domain approach effectively standardizes the neighborhood structure, several
issues remain to be solved. The similarity measure and the number of neighboring nodes must be appropri-
ately chosen to balance performance and computational cost. If too few neighbors are included, the model
may lose contextual information; if too many are included, redundancy and noise may arise. Additionally,
the shared-weight assumption neglects the varying strength of relationships between nodes, reducing the
interpretability of the learned representations. These limitations motivate the development of the graph
coupling convolution model introduced in the following section, which incorporates an adaptive weighting
mechanism to overcome these challenges.

3.2 Graph Coupling Convolution Model

To address the limitations identified in Section 3.1, this section introduces a graph coupling convolution
model built upon the spatial-domain convolution framework. The model is designed to enhance the
flexibility and interpretability of node feature learning by refining how information is aggregated and fused
within graph structures. Specifically, the following discussion elaborates on four key components of the
proposed approach.

First, we establish a robust similarity measurement strategy that quantifies the relational strength
between the central node and its neighbors, forming the foundation for adaptive weight assignment.
Second, we define an appropriate neighbor selection mechanism that determines both the number and
the order of neighboring nodes involved in the aggregation process, ensuring computational efficiency
while maintaining representational accuracy. Third, we describe the fusion process through which each
node’s intrinsic attributes are integrated with its connection information, allowing the model to capture
both structural and semantic correlations. Finally, we explain the classifier training procedure, where the
fused representations are utilized to predict multi-label categories for social network nodes. Together, these
components constitute a unified modeling framework that effectively couples node similarity, neighborhood
topology, and feature integration to achieve improved performance in multi-label node classification.

3.2.1 Determination of Similarity Measures

This section will introduce and analyze the similarity measures of different algorithms and obtain
the value of the similarity measure of the graph coupling convolution model proposed in this paper. The
most convenient way to use connection information in topological graph data is the graph embedding
model. In feature extraction, the data is represented by dimensionality reduction and the connection
information is completely preserved. It is required that similar nodes in the original graph are still close in
the low-dimensional representation. It mainly includes three algorithms: Deep Walk [23], Line [24], and
Node2Vec [25]. Since Node2Vec is an extension of the Deep Walk algorithm, these two algorithms are almost
identical in the selection of similar measures.

The Deep Walk algorithm constructs a similar measure determined by the number of walks K of the
central node and obtains a K-dimensional vector. Each item corresponding to this K-dimensional vector is
set to 1 if the central node is related to the node, otherwise it is 0.

The depth walk algorithm completes the k-order similarity measurement through the k walk of the
central node, but at the same time does not consider the node’s own attributes. The Line algorithm is an
algorithm that uses both the attributes of the node itself and the connection relationship between nodes. The
first-order similarity is used to measure the two nodes directly connected in the topology graph, and the
second-order similarity is used for the two nodes that have a common connection node. order similarity,
and so on. The following Eqs. (3)-(5) represent the first-order similarity, the second-order similarity and the
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overall loss function, respectively.

n
A A |12
Loss;s; = Z Sij Hx,- - %, (3)
i,j=1
$ 2
Lossyaa = ) |xi = sil; (4)
i=1
Lioss = Lossisy + L0ssypg + L0SSyeq (5)

where Loss,.g stands for a regularization term. This method of directly selecting similarity measures through
connection information can ensure that similar nodes in the original social network graph still retain
the same similarity after the dimensionality reduction operation. The graph coupling convolution model
proposed in this paper selects first-order and second-order similarity, as shown in Fig. 5.

Figure 5: Similarity metric selection diagram

The first-order similarity indicates that two nodes are directly connected, and the second-order
similarity indicates that the two nodes have a commonly connected node. Firstly, the above is consistent with
the description of the similarity between nodes. Secondly, when the similarity is excessively high, it leads to
a significant increase in computational workload, resulting in prolonged processing times.

3.2.2 Determination of the Number of Neighbor Nodes

Since the graph-coupling-based convolution model proposed in this paper is also implemented in the
spatial domain, of course, there will also be problems such as weight coefficients cannot be shared and the
central node may use itself as a neighbor node for node feature update operations. Due to the selection of
similarity measures, this section proposes to construct two adjacency lists based on the selection of adjacent
nodes, which are the first-order adjacency list A;5; of N * degree;s; and the second-order adjacency list A,,,4
of N x degree;, . Firstly, since the number of selected neighbor nodes is fixed, the introduction in Section 3.1
can solve the problem that weights cannot be shared; secondly, since an additional second-order neighbor
table is created, the central node can be prevented from searching for itself when searching for second-
order neighbors. Finally, to reduce the amount of computation, the adjacent nodes on both the first order
and second-order neighborhoods directly update the connection information to the central node, as shown
in Fig. 6.



Comput Model Eng Sci. 2026;146(2):44 9

Figure 6: Graph coupling convolution model center node update policy

3.2.3 The Fusion Method of the Node’s Own Attributes and Connection Information

The fusion method of the node’s own attributes and connection information is shown in Eq. (6), in which
the G function is used to obtain the connection information between the central node and each adjacent
node:

G(x)=Wyx (6)

where W is the d + d’-order feature extraction matrix, x is the eigenvector of the d-dimensional original
node, and d’ represents the dimension of the node feature vector after feature extraction and dimen-
sion reduction.

Feature extraction in convolutional neural networks is traditionally applied to image data, where the
discrete convolution operation functions as a weighted summation of neighboring pixel values. Extending
this concept to graph-structured data, the proposed graph coupling convolution model assigns each node
a distinct weighting coefficient that governs how its attributes contribute to the aggregated representation.
These coefficients are initially randomized and subsequently optimized through backpropagation, enabling
the model to learn meaningful relational strengths during training. Within this framework, the weight
function F must satisfy three essential conditions. First, it should support continuous updating through
backpropagation to ensure that coupling relationships evolve adaptively as learning progresses. Second, the
weighting coeflicients assigned to neighboring nodes should vary according to the degree of their connection
or similarity to the central node, thereby reflecting heterogeneous relational intensities. Third, the overall
formulation of the weight parameters should remain interpretable, allowing the learned coefficients to be
understood as indicators of each neighbor’s relative influence on the central node’s representation.

Existing definitions of convolution-layer weight coefficients can be grouped into two main categories.
The first category comprises polynomial-based and homogenized schemes such as Chebyshev filters, in
which the weights of all neighboring nodes are identical or shared. Although computationally simple,
such uniform schemes fail to meet the above requirements for adaptive and interpretable weighting. The
second category includes sequence-based and pooling-based methods, such as LSTM networks [26] and
graph pooling operators. However, these methods are either designed for temporally ordered data or spatial
transformations, which are irrelevant in the context of social networks where node connections are not
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temporally or geometrically constrained. Consequently, neither approach provides the interpretability or
adaptive weighting desired in multi-relational social graphs.

To address these shortcomings, we introduce a coupling mechanism. This mechanism computes the
similarity between each neighboring node and the central node to determine individual weight coeflicients.
These coeflicients are then used to perform a weighted aggregation of neighboring node features. The
coupling mechanism satisfies all three requirements: First, the weights are learnable and can be optimized
via backpropagation; Second, they reflect the varying degrees of connectivity or similarity between nodes;
And third, the mechanism offers strong interpretability, making it well-suited for graph-based learning tasks
in social networks.

Graph Coupling Networks (GCNs) are convolutional models designed to operate on graph-structured
data by leveraging graph coupling mechanisms. In this framework, the input consists of the raw node
feature matrix X = (x1, %2, ...,xy),x; € R%, which represents the social network topology. The model aims
to generate an updated and dimensionally reduced feature matrix X' = (x{,x5,...,xy),x} € R?, where
d' <d.

The coupling function coup(xceme,,x;’;e ; gh) introduced in Eq. (7) defines the similarity-dependent
interaction strength between a central node and its neighboring node. To formalize this process, we employ
a Neural Collaborative Filtering (NCF) architecture [27] that learns pairwise coupling coefficients through
a trainable mapping function. The integration of NCF into the graph convolution framework is motivated
by its proven ability to model nonlinear interactions between paired entities, a property that aligns well with
the objective of capturing complex, heterogeneous relationships among nodes in social networks. While
traditional GCNS typically rely on linear transformations or inner-product similarity, NCF enables the model
to learn high-order latent correlations between node attributes and structural contexts.

& = coup (xcenter’ x;eigh) = O'(W2¢(Vvl[xcenter ” x;eigh] + bl) + bZ) (7)
where [Xcenter | x;eigh
ReLU activation, and o(-) is a Sigmoid function ensuring the coupling coefficient lies within (0, 1). W;, W,
and by, b, are trainable parameters of the NCF subnetwork. The architecture contains two fully connected
layers (input dimension 2d, hidden layer dimension d/2), optimized jointly with the graph model through
gradient backpropagation.

] denotes the concatenation of the central and neighboring node features, ¢(-) is the

In this work, the similarity values are not precomputed but are dynamically obtained during each
training iteration. The initial similarity structure follows the first- and second-order connectivity derived
from Node2Vec principles, providing a structural prior. During training, these similarity scores are further
refined jointly with model parameters through the NCF component, which learns nonlinear mappings
between node pairs. As a result, the similarity function evolves adaptively with network optimization,
allowing the coupling coeflicients to represent both the structural closeness and feature-based relationships
between nodes.

Compared with standard attention or correlation-based weighting methods, NCF offers greater flex-
ibility in modeling nonlinear and asymmetric relationships between nodes. Attention mechanisms, such
as those used in GATs, mainly rely on dot-product similarity and softmax normalization, which capture
only linear dependencies and can become unstable in large or dense graphs. In contrast, NCF learns a
nonlinear mapping between node pairs through a small neural network, allowing the coupling coeflicient
to represent more complex interaction patterns. It also models each pair of nodes independently, reducing
sensitivity to neighborhood size. Therefore, NCF provides a more expressive and stable way to estimate
pairwise connection strength while maintaining interpretability.
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Based on these similar values, a weight coefficient 9; is assigned to each neighboring node, normalized
across all neighbors to ensure their contributions are comparable, as shown in Eq. (8):

&

Y&

i (®)

Although many attention-based GNNs adopt softmax normalization with a temperature parameter,
this study employs simple sum normalization to ensure numerical stability and interpretability. Because the
similarity scores €; are bounded in [0, 1] by the sigmoid in Eq. (7), sum normalization preserves their linear
proportionality as relative coupling strengths without the exponential distortion introduced by softmax. This
approach follows the design rationale of GraphSAGE [21], which demonstrated that mean or sum aggregation
provides stable performance on sparse social graphs with small neighborhood sizes.

Using these learned weights, the updated representation of the central node h.yse, is computed as a
weighted aggregation of its neighbors’ features, as shown in Eq. (9):

hcenter = Zaixileigh (9)
i

Finally, this aggregated feature is fused with the central node’s original attributes to produce the final
output feature, enabling the model to simultaneously capture structural and feature-based relationships in
the graph.

In this paper, the NCF is used to realize the assignment of weight coefficients corresponding to each
adjacent node of the central node. When it comes to node feature inter-action, NCF uses neural structures to
replace the inner product operation of Matrix Factorization, so that any function can be learned from data.

The characteristic of NCF is that it can better mine the relationship between nodes. Therefore, firstly, the
attributes of the central node itself and the connection information between nodes are extracted separately,
and then the weight coefficients corresponding to each adjacent node of the central node are obtained
through NCE At the same time, this paper optimizes the process of NCEF, increases the activation function
and only outputs the corresponding weight coefficient matrix, as shown in Fig. 7.

Central node Adjacent node

. Concatenation
Element-wise product

MLP 1 1 Rel
GMF layer ayer_ o

y
MLP layer 2 Relu

Concatenation

NeuMF layer Tanh

'

Coupling probability

Figure 7: Coupling probability mining process realized by neural collaborative filtering
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Each pair of node features (xcenter xfm gh) is fed into the NCF subnetwork, which applies a two-layer
MLP with ReLU and Sigmoid activations to compute the raw coupling score €;. These scores are subsequently
normalized via Eq. (8) to produce the final coupling weights «;. During training, the loss function combines
the node classification cross-entropy with an L, regularization term on the coupling parameters ensuring
stable convergence and smooth coupling distributions, as shown in Eq. (10):

L=Lep+A | Wi, Wa |I3 (10)

The introduction of the coupling mechanism is mainly to solve the explanatory problem of the
determination of the weight coeflicient. The larger the weight parameter is, the closer the relationship
between the leader node and the central node is, and the greater the influence on the label classification of the
central node. At the same time, due to the introduction of the coupling mechanism, the feature extraction
of nodes is more accurate. The weight coeflicient corresponding to the last adjacent node can be updated by
back-propagation after each iteration of the node multi-label classification operation is completed to ensure
better classification results.

Since the central node will accept the weighted summation result of the feature information of all its
neighbor nodes, when accepting the connection information between the nodes, the central node and its
own attributes are often forgotten. To integrate all the feature information to update the central node, the
central node’s own attributes and the connection information between nodes are spliced together to form
new feature information of the central node, as shown in Fig. 8.

[ i et |

U(h, x) = concat(h, Wyx)

Figure 8: Schematic diagram of node new feature information

3.2.4 Classifier Training

The new feature information of the node can be obtained from the previous section, and the next
step is to train the classifier through the mapping relationship between the new feature information of the
existing node label. The new feature information of the node is fused from the node’s own attributes and the
connection information between the nodes. The new feature information of the node is used as the input,
and the label classification result of the node is obtained through the classifier.

The classifier for the single-label classification task is shown in Eq. (11).
yi = sigmoid (f (x},x} all vj in N;)) (11)
The classifier for the multi-label classification task is shown in Eq. (12).

yi = softmax (f (xf,x; all vj in N,-)) (12)
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In Eqs. (11) and (12), the function f represents the convolutional layer operation, x; and x| represent the
updated feature vector of the node, N; represents the neighborhood of the node V;, and y; represents the
label vector of the node V;. The classifier training is shown in Fig. 9.

| Y=oy - ve] |

sigmoid/softmax

OO00

| x' = [x1, X2, ..., Xq7, Ry, R3, ..., Rgr] |

Figure 9: Classifier training diagram

3.2.5 Loss Function and Gradient Descent

After the classifier training in the previous section is completed, the results obtained by the classifier
are compared with the real results to calculate the loss function. To avoid a decrease in model classification
accuracy and prevent overfitting, the error is backpropagated to adjust the central node. The weight
coefficients of neighbor nodes are updated to minimize the difference between the classification outcome
and the ground truth. To train and update the weight coefficient of the adjacent nodes of the central node
more conveniently, the gradient descent method is used for research.

The gradient descent method is also called the batch gradient descent method, that is, only a certain
batch of nodes is trained. It does not make much difference to study the part alone when order similarity
is used. The feature information of a node only includes its own attributes and the connection information
of adjacent nodes, which also ensures that the in-fluence in local training will not be too satisfying. The
advantage of the gradient descent method is that the speed is significantly improved after the number
of research objects is reduced, and a locally trained classifier can also be applied to other homogeneous
topological graphs. The algorithm flow framework is shown in Fig. 10.

To improve the clarity and reproducibility of the proposed model, the overall training procedure of
the MGCN-Coupling is summarized in Algorithm 1. This pseudocode outlines the main stages of the
training pipeline, including input/output definitions, coupling coeflicient computation, feature fusion, and
classifier optimization.
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Figure 10: Overall framework of the model

Algorithm 1: Training pipeline of the MGCN-coupling model

Step Description
Input Graph G(V, E); node feature matrix X; label matrix Y; learning rate 7; number of epochs T
Output  Trained model parameters ® and predicted node labels ¥

1 Initialize model parameters and construct adjacency lists for first- and second-order
neighborhoods.

2 For each training epoch:

3 Sample a batch of central nodes from the training graph.

4 For each node, retrieve its neighboring features and compute pairwise coupling scores
using the NCF subnetwork.

5 Normalize the coupling coefficients to obtain adaptive weights for neighborhood
aggregation.

6 Fuse each node’ intrinsic attributes with the aggregated neighborhood information to
generate updated node representations.

7 Feed the fused representations into the classification layer to predict multi-label outputs.

8 Compute the total loss combining classification error and regularization terms.

9 Update all model parameters through backpropagation using an optimizer.

10 End for, output the final trained parameters and predicted labels.

4 Results

4.1 Validation Experiment of Graph Coupling Model

4.1.1 Selection of Comparative Models

To compare with the graph coupling model proposed in this paper, three other models are selected in

the experiment.
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The first type is a classification model that does not consider the connection information between nodes,
such as random classification model and multilayer perceptron model; the second type is a classification
model that does not consider the connection information between nodes. The graph convolution model
GraphSAGE [21] is chosen. GraphSAGE (Graph Sample and Aggregation) is a powerful graph representation
learning algorithm that aims to learn node embeddings in a graph. It leverages the neighborhood information
of nodes to generate informative and context-aware node representations. And it is then divided into four
algorithm models according to the different aggregation functions: the third type is the graph coupling model
proposed in this paper, which removes the coupling mechanism and distributes the weights equally.

4.1.2 Model Parameter Selection and Setting

Since the random classification model obtains the node classification results in a completely random
way, no parameters need to be set. Next, we will focus on the parameter settings of the graph convolution
model GraphSAGE, and construct two matrices My, M»,4 under the premise of considering the second-
order similarity, the first-order similarity considers 15 nodes, the second-order similarity considers a matrix
of 15 x 10 order adjacency list, the number of neural network nodes in the hidden layer is 32, and the dropout
ratio is set to 0.7.

The general steps of the graph coupling neural network model have been explained clearly in the above
chapters. Here is the selection of the number of nodes with given first-order and second-order similarity. The
number of first-order similarities is 50% of the node degree, and the number of second-order similarities is
half of the first order. The above node degree sizes are given in Table 1. At the same time, the convolutional
network model MGCN-Mean with shared weights and the model MGCN-Coupling with different weights
introduced by the coupling mechanism are experimentally verified to compare the influence of the coupling
mechanism on the classification results.

4.1.3 Model Performance Test Evaluation Index

F;-Score is often used to represent the excellence of the model, and it can be calculated as Eq. (13):

precision x recall
F1 =2x

13
precision + recall )

In the Eq. (13), precision refers to proportion of true positive samples among the samples that are
predicted to be positive, and recall refers to the proportion of correctly predicted positive examples among
all positive examples. Eqs. (14) and (15) are the calculation for precision and recall:

.. TP (14)
recision = ———
P TP+ FP
TP
recall= ————— (15)
TP+ FN

TP (True Positive): Positive samples that are correctly predicted; FP (False Positive): Negative samples
predicted as positive samples; FN (False Negative): Positive samples predicted as negative samples; TN (True
Negative): Negative samples that are correctly predicted. F; can only represent the classification result of a
single label, so there is one last step: Score is equal to the average value of F; values for each label. Therefore,
in the end, the value of Score is used to represent the classification results of each model.
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4.1.4 Model Performance Comparison Experimental Results

The graph coupling model proposed in this paper and several other mature algorithm models are clas-
sified and tested on the above data sets, and the advantages and disadvantages of graph coupling density are
obtained through the analysis of the results. To ensure the reliability of the reported results, all experiments
were conducted five times under identical conditions, and the average performance is presented in Table 3.

Table 3: F,-scores indicators of each model

Dataset

Model BlogCatalog Reddit
Random 0.396 0.342
MLP 0.488 0.643
GraphSAGE-GCN 0.902 0.930
GraphSAGE-Mean 0.938 0.950
GraphSAGE-Pool 0.957 0.948
GraphSAGE-LSTM 0.952 0.954
MGCN-Mean 0.935 0.946
MGCN-Coupling 0.951 0.953

4.2 Experiments to Verify the Rationality of the Model

This part of the experiment will verify the model using only the first-order similarity and second-order
similarity through the public datasets Cora, Citeseer and Pubmed provided by the literature, and use the
self-built dataset OULAD to explain the vector splicing operation using skip connections. The statistics of
the datasets are shown in Table 4.

Table 4: Statistics of each dataset

Dataset Number of nodes Number of edges Feature length Number of labels

Cora 2708 5429 1433 7
Citeseer 3327 4732 3703 6
PubMed 19,717 44,338 500 3
OULAD 5299 5,632,330 40 4

It can be observed from the table that the OULAD data is very dense, which corresponds to the degra-
dation of the graph convolution model. This model used in this part of the experiment is the GCN model
proposed in literature. The learning rate of the model is set to 0.01, the number of hidden layers is set to
64, and the dropout is set to 0.5. For the verification experiment of similarity selection, the experiment
will compare the node classification accuracy and single training time considering different order neighbor-
hoods. The experimental results are shown in Table 5, and the topology map data composed of the OULAD
dataset is shown in Fig. 11.

Since the criterion for the existence of connection information is whether the student represented by
the node is enrolled in the same course, there is a connection between these nodes. The graph convolution
model and its settings used in the experiment are consistent with the previous experiment, in which GCN is
the original algorithm model and GCN-skip is an algorithm model that uses a skip connection mechanism
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for feature splicing. The structure of the GCN model and the GCN-skip model is similar. The main differ-
ences are shown in Fig. 12. The left picture is the structure of the GCN model, and the right picture is the
structure of the GCN-skip model.

Table 5: Node classification accuracy and single training time in different domains

Dataset First-order domain Second-order domain Third-order domain

Cora 79.1% (0.03 s) 78.9% (0.08 s) 78.7% (0.24 s)
Citeseer 68.6% (0.07 s) 68.8% (0.09 s) 68.2% (0.15 s)
PubMed 75.2% (0.59 s) 77.6% (1.17 s) 75.8% (4.86 s)

Figure 11: Schematic diagram of topology map data in the case of degradation
Input feature X1, X2,X3 ..., Xgq X1,X2,X3 ..., Xg

Linear transformation

X1,%X9,X3 -'-;xd’ X1, X2, X3 e, Xg! ]
Graphic convolutional Graphic convolutional
layer layer

concatenation

' '

Hidden feature h Hidden feature h
(a) GCN (b) GCN-skip

Figure 12: Schematic diagram of GCN and GCN-skip models

The comparison model of the experiment is Multi-Layer Perceptron (MLP) and Support Vector Ma-
chine algorithm (SVM). The MLP consists of two fully connected layers, the hidden layer units are 64 and
32, respectively, and the dropout is set to 0.5, the learning rate is set to 0.01. The support vector machine uses
a linear kernel. Accuracy is used to evaluate the classification results. The results are shown in Table 6.
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Table 6: OULAD dataset node classification accuracy results

Model Training set (%) Validation set (%) Test set (%)

GCN 67.0 65.0 65.9
GCN-skip 68.8 65.6 66.3
MLP 70.7 70.7 69.7
SVM 70.0 69.3 68.8

To verify the rationality of the model structure in utilizing the similarity between nodes, the following
experiments are designed in this section: the models for experimental comparison are MGCN-Mean and
GraphSAGE-Mean, and the parameter settings of the two models are the same as described above.

The data used in the experiment is the PPI data set. The experiment compares the batch size of different
training sample data batch = [8, 16, 32, 64, 128, 256, 512] and different learning rates learning rate = [0.5, 0.1,
0.05, 0.01, 0.005]. Batch training time, by taking the average training time of the same training batch size
with different learning rate settings as a comparison. The blue column corresponds to the training time of
the MGCN-Mean model, and the orange corresponds to the training time of the Graph SAGE model. The
comparison results between the two are shown in Fig. 13.

Time Complexity comparison results
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Figure 13: Comparison results of single batch training time

5 Discussion

The experimental results demonstrate that the proposed graph coupling model outperforms tradi-
tional classification algorithms, particularly in multi-label node classification tasks within social networks.
Compared to the MLP model, which relies solely on node attributes, the graph coupling model achieves
nearly 50% higher classification scores. This performance gain highlights the critical role of topological
connectivity in improving classification accuracy, underscoring the importance of incorporating relational
information between nodes in graph-based tasks. Moreover, the adaptive neighbor-weighting mechanism
explored in this work conceptually resonates with recent developments in distributed intelligence and
networked decision-making.

In comparison to a weight-sharing graph convolutional model (MGCN-Mean), the coupling-based
model yields a slightly better performance. Although the improvement is marginal, it suggests that the
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adaptive weighting mechanism introduced by the coupling strategy offers a more expressive modeling of
node interactions than uniform aggregation. When evaluated against established GraphSAGE variants on
the BlogCatalog dataset, the proposed model performs comparably across different implementations. This
indicates that while the overall classification performance is close to that of mature graph neural networks, the
interpretability brought by the learned coupling weights presents a notable advantage, as it enables the model
to explain the importance of neighbor nodes based on their similarity to the central node. Interpretability
in this context is inherently derived from the model’s structure rather than post-hoc analysis. The learned
coupling coefficients «; explicitly represent the relative influence of neighboring nodes on a central node,
allowing direct inspection of node-to-node relationships. Similar to attention coefficients in Graph Attention
Networks [28], these coupling weights can be visualized or analyzed to identify dominant neighbors and
community-level influence patterns, providing qualitative.

The experiments also reveal that incorporating third-order neighbors does not significantly improve
classification accuracy but results in a substantial increase in training time, up to threefold on datasets
such as Cora and Pubmed. Therefore, a trade-off between computational efficiency and modeling capacity
suggests that aggregating first- and second-order neighbor features is a more effective and eflicient choice.
The model further benefits from a preprocessing strategy that avoids redundant neighbor extraction and
directly integrates second-order neighbor features, which significantly reduces the training time per batch.

Although the proposed coupling mechanism introduces an interpretable and adaptive weighting
process, the observed performance improvements over strong baselines such as GraphSAGE and MGCN-
Mean remain relatively modest. This outcome can be attributed to several inherent factors in both the datasets
and the model design. First, datasets such as Cora, Citeseer, and PubMed exhibit strong homophily, meaning
that neighboring nodes tend to share similar labels. In such scenarios, uniform or mean aggregation—as used
in GraphSAGE—already provides near-optimal results, thereby limiting the marginal benefit of adaptive
coupling. Second, the coupling mechanism primarily enhances interpretability rather than introducing
new representational capacity; the learned coupling coefficients refine the weight distribution among
neighbors but do not alter the underlying feature propagation pattern. Consequently, its improvements
are more evident in heterogeneous or weakly homophilic graphs such as Reddit and BlogCatalog, where
node connectivity is more diverse. Furthermore, the model’s reliance on precomputed similarity measures
introduces potential sources of bias when the graph contains noisy or incomplete edges. In these cases, the
learned coupling coefficients may emphasize misleading relationships, leading to minor degradations in
classification accuracy. Another limitation arises from computational trade-ofts: while the coupling process
reduces overfitting by imposing structure-aware weighting, it also increases parameterization and slows
convergence slightly during early training epochs. These trade-offs explain why the overall accuracy gains
are moderate, despite the conceptual and interpretive advantages of the coupling design.

Despite its promising results, the proposed approach presents certain limitations. First, its performance
depends heavily on hyperparameters such as neighborhood order and similarity functions, and a unified
tuning strategy across datasets is lacking. Second, the model’s generalization ability in cross-graph or
inductive learning scenarios remains untested, as the current experiments are limited to single-graph training
and evaluation. Third, although the model introduces an adaptive weighting mechanism, the additional
computational cost may become a bottleneck when scaling large-scale graphs. Moreover, while the coupling
mechanism enhances interpretability by capturing node-wise interaction strength, a quantitative assessment
of this interpretability is still absent and needs further investigation.

Future research can address these issues by exploring sparse graph representations or low-rank ap-

proximations to reduce computational complexity. Incorporating attention mechanisms could improve
interpretability and enable dynamic feature selection among neighbors. The current model could also be



20 Comput Model Eng Sci. 2026;146(2):44

extended to heterogeneous or temporal graphs to improve its adaptability in more complex real-world
scenarios. In addition, integrating self-supervised pretraining strategies may enhance the model’s robustness
in low-label or transfer learning settings, further broadening its applicability.

In summary, the proposed graph coupling convolutional model demonstrates good performance
and interpretability in node classification tasks, but further improvements in scalability, generalization,
and interpretability evaluation are necessary to advance its practical deployment in real-world graph
learning systems.

6 Conclusions

This paper investigates the limitations of traditional multi-label classification algorithms that overlook
the varying strengths of relationships between node attributes. To address this, a graph convolutional
framework is introduced, and three key challenges related to incorporating node attributes and connection
information are analyzed. Emphasis is placed on the implementation of graph convolution in the spatial
domain, where node feature updates are derived from adjacent lists. The issue of weight sharing is explored
in depth, leading to the development of a novel graph coupling convolution mechanism.

The proposed coupling mechanism enables adaptive weighting of neighboring nodes based on their
similarity to the central node, thereby enhancing the model’s expressiveness and interpretability. The design
rationale and operation of the graph coupling model are systematically introduced, highlighting how the
coupling strategy avoids uniform weight assignments and supports meaningful feature aggregation. Building
upon this framework, a set of node classification experiments is conducted on the public Blog-Catalog dataset
and the Reddit dataset. Experimental procedures include the definition of model hyperparameters and the
use of the F,-score as the evaluation metric. The results indicate that while the graph coupling model does
not significantly outperform state-of-the-art classification models in terms of raw accuracy;, it offers clear
advantages in interpretability, as it allows the learned weight coefficients to reflect the relative importance of
different neighbors.

In summary, the graph coupling model provides a valuable extension to standard graph convolutional
approaches by incorporating interpretable, node-specific weight assignments. Although further improve-
ments in scalability and generalization are needed, the proposed mechanism offers a promising direction for
future research in interpretable graph learning.
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