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Abstract: Complex correlation datasets widely exist in social networks, citation networks, and biological systems, where 

traditional machine learning methods fail to effectively capture implicit topological correlation and high -dimensional feature 

interactions. Graph Neural Networks (GNNs) have unique advantages in processing non-Euclidean graph-structured data, 

which can realize adaptive feature mining and end-to-end node prediction. This paper proposes a multi-layer graph 

convolution feature mining model with adaptive neighbor aggregation, aiming at the problems of incomplete feature extraction 

and weak topological dependency perception in traditional GNNs for complex correlation datasets. Firstly, the graph structure  

normalization and feature dimensionality reduction are performed on the input complex graph data. Secondly, an improved 

graph convolution aggregation formula is constructed to fuse node attribute features and topological structure features 

hierarchically, and a residual connection mechanism is introduced to solve the gradient disappearance problem of deep graph 

networks. Finally, node classification prediction tasks are realized based on mined deep graph features. Comparative 

experiments are conducted on six classic complex graph benchmark data sets including Cora, Citeseer, Pubmed, Cornell, 

Texas, and Wisconsin. The experimental results show that the proposed model achieves average prediction accuracy 

improvements of 3.2%–8.7% compared with baseline models such as GCN, GAT, and GraphSAGE, which verifies the 

effectiveness and superiority of the proposed method in complex correlation data feature mining and node prediction.   
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1 INTRODUCTION 

With the rapid development of big data technology, 

massive complex correlation data with graph structure 

characteristics have emerged in various fields. Different from 

structured Euclidean data such as images and texts, complex 

correlation datasets take nodes as basic units and edges as 

correlation constraints[1], presenting non-uniform topology, 

irregular node correlation, and mixed high-dimensional 

features . Node prediction, as a core task of graph data mining, 

aims to predict node category attributes or hidden features 

based on observable node information and topological 

correlations, which has important application values in 

academic citation analysis, social relationship mining, and 

biological network inference[2]. 

Traditional node prediction methods mainly rely on 

manual feature engineering and shallow machine learning 

algorithms. Methods such as principal component analysis 

(PCA) and support vector machine (SVM) only focus on node 

attribute features and ignore the implicit topological 

correlation between nodes, resulting in insufficient feature 

mining ability for complex graph data . With the rise of graph 

deep learning, Graph Neural Networks (GNNs) have become 

the mainstream method for graph data processing[3].The 

overall workflow of a graph neural network is shown in 

Figure 1. Classic GNN models such as Graph Convolutional 

Network (GCN), Graph Attention Network (GAT), and 

GraphSAGE realize node feature learning through neighbor 

information aggregation . However, most existing models 

have limitations in processing complex correlation datasets: 

vanilla GCN ignores the difference in neighbor node 

importance; GAT has high computational complexity in 

multi-head attention calculation; GraphSAGE has 

insufficient mining ability for high-order topological 

correlation of dense graphs[4]. 

 

FIGURE 1. COMPLETE OPERATIONAL PIPELINE OF THE 

GRAPH NEURAL NETWORK 
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To solve the above problems, this paper constructs an 

improved multi-layer graph convolution feature mining 

model for complex correlation datasets. The main 

contributions are summarized as follows: (1) An adaptive 

neighbor weighted aggregation mechanism is designed to 

fuse node attribute features and multi-order topological 

features, realizing fine-grained mining of complex correlation 

information; (2) Residual connection and layer normalization 

strategies are introduced to optimize the deep network 

training process and improve the stability of feature 

representation; (3) Sufficient comparative experiments are 

carried out on multiple heterogeneous complex graph datasets, 

and the results verify the robustness and prediction 

performance of the proposed model. 

2 RELATED WORK 

2.1 TRADITIONAL GRAPH DATA MINING 

METHODS 

Early graph data mining methods mainly focus on graph 

structure statistics and manual feature extraction. Typical 

methods include graph-based dimensionality reduction, 

random walk feature learning, and spectral clustering. These 

methods rely heavily on artificial prior knowledge, which can 

only extract shallow structural features and cannot adaptively 

learn deep correlation features of complex datasets[5]. 

Moreover, traditional methods are poor in scalability and 

cannot handle large-scale complex graph data  with uneven 

node distribution and sparse or dense edges[6]. 

2.2 CLASSIC GRAPH NEURAL NETWORK 

MODELS 

GCN realizes graph convolution operation based on 

spectral graph theory, aggregates neighbor node features 

through normalized Laplacian matrix, and efficiently extracts 

local topological features[7].The forward propagation 

structure of Graph Convolutional Network (GCN) is shown 

in Figure 2. GAT introduces multi-head attention mechanism 

to assign different weight coefficients to neighbor nodes, 

solving the problem of equal weight aggregation of GCN, but 

the attention calculation increases model complexity . 

GraphSAGE adopts inductive learning mode, samples 

neighbor nodes layer by layer for aggregation, which is 

suitable for large-scale graph data, but it ignores the global 

topological correlation of graphs . In view of the defects of 

existing models in complex correlation data feature mining, 

this paper optimizes the aggregation mode and network 

structure to improve the node prediction accuracy. 

 

FIGURE 2. FORWARD PROPAGATION STRUCTURE OF 

GRAPH CONVOLUTIONAL NETWORK (GCN) 

3 METHODOLOGY 

3.1 GRAPH DATA DEFINITION 

A complex correlation graph dataset is defined as an 

undirected weighted graph 𝒢 = (𝒱, ℰ, X)  ,where 𝒱 =
{v1,v2, . . . , vN} represents the node set with N  nodes, ℰ ⊆
𝒱 × 𝒱  represents the edge set reflecting node correlations, 

and X ∈ ℝN×d is the node attribute feature matrix, where d is 

the dimension of original node features. The adjacency matrix 

of the graph is defined as A ∈ ℝN×N ,where Aij = 1 if there is 

an edge between node vi  and vj ,otherwise Ai j = 0.  The 

degree matrix is D ∈ ℝN × N, and the diagonal element Dii =
∑ Aij
N
j−1  . 

3.2 IMPROVED GRAPH CONVOLUTION FEATURE 

MINING FORMULA 

The core of GNN feature mining is to realize iterative 

aggregation of node own features and neighbor topological 

features. Based on the vanilla GCN convolution formula, this 

paper constructs an adaptive weighted aggregation 

convolution formula with residua l connection. The standard 

graph convolution formula of the l -th layer is defined as: 

H(l+1) = σ(D̃−
1

2ÃD̃−
1

2H(l)W(l))(1) 

where Ã = A + I is the adjacency matrix with self-loop, 

D̃ is the degree matrix corresponding to Ã, H
(l) 

is the node feature matrix of the l -th layer, W
(l) is the 

trainable weight matrix, and σ(⋅)  is the ReLU activation 

function. 

Aiming at the problem of insufficient feature 

discrimination of vanilla GCN, this paper introduces adaptive 

neighbor weight coefficient αij  and residual connection 

mechanism. The improved graph convolution feature mining 

formula is: 

H(l+1) = σ(D̃−
1
2ÃαD̃−

1
2H(l)W(l))+ H(l)(2) 

where Ãα  is the weighted adjacency matrix, and the 

adaptive weight αij  between node i and node j is calculated 

as: 
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αij =
exp (cosine(hi , hj))

∑ expk∈𝒩(i) (cosine(hi ,hk))
(3) 

where 𝒩(i) represents the neighbor set of node i,hi , hj  
are the feature vectors of node i and j,and cosine similarity is 

used to measure the feature correlation between nodes, so as 

to realize differentiated aggregation of neighbor features. 

3.3 NODE PREDICTION MODULE 

After multi-layer adaptive graph convolution feature 

mining, the model obtains the final deep node feature matrix 

H
(L) (where L is the total number of convolution layers). For 

node classification prediction tasks, a  full connection layer 

and softmax activation function are used to map deep features 

to category probability distribution: 

Ŷ = softmax(H(L)Wfc+bfc)(4) 

where Wfc ,bfc  are the weight and bias parameters of the 

full connection layer, and Ŷ is the predicted node category 

probability matrix. The cross-entropy loss function is used for 

model training optimization: 

ℒ = −
1

Ntrain
∑ ∑Yic

C

c=1i∈𝒱train

logŶic(5) 

where Ntrain  is the number of training nodes, C is the 

total number of categories, and Yic  is the true label of node i 
for category c. 

4 DATASETS AND EXPERIMENTAL 

SETTINGS 

4.1 DATASETS INTRODUCTION 

In order to verify the generalization performance of the 

proposed model on different complex correlation datasets, six 

classic heterogeneous graph benchmark datasets are selected 

for experiments, including three homophilic citation datasets 

(Cora, Citeseer, Pubmed) and three heterophilic web graph 

datasets (Cornell, Texas, Wisconsin) . The detailed statistical 

information of the datasets is shown in Table 1. 

TABLE 1. STATISTICAL INFORMATION OF COMPLEX 

CORRELATION DATASETS 

Dataset Nod

es 

Edge

s 

Feature 

Dimensi

on 

Class

es 

Graph 

Type 

Cora 2708 5429 1433 7 Homophil

ic 

Citation 

Graph 

Citeseer 3312 4732 3703 6 Homophil

ic 

Citation 

Graph 

Pubmed 1971

7 

4433

8 

500 3 Homophil

ic 

Citation 

Graph 

Cornell 183 298 1703 5 Heterophi

lic Web 

Graph 

Texas 187 328 1703 5 Heterophi

lic Web 

Graph 

Wiscons

in 

251 466 1703 5 Heterophi

lic Web 

Graph 

4.2 EXPERIMENTAL SETTINGS 

All experiments are implemented based on PyTorch and 

PyTorch Geometric framework. The dataset split ratio is set 

as 48% training set, 32% verification set, and 20% test set 

according to the standard graph experiment setting . The 

proposed model adopts 2-layer adaptive graph convolution 

structure, the hidden layer dimension is set to 64, the learning 

rate is 0.01, the weight decay is 5e-4, and the dropout rate is 

0.5. The baseline models include GCN, GAT, GraphSAGE, 

and GKAN . All models are trained for 200 epochs with early 

stopping strategy to prevent overfitting. The node 

classification accuracy is used as the main evaluation metric. 

5 EXPERIMENTAL RESULTS AND 

ANALYSIS 

5.1 NODE PREDICTION PERFORMANCE 

COMPARISON 

The prediction accuracy of all models on six datasets is 

shown in Table 2. All experimental results are the average 

values of 10 repeated experiments to ensure the reliability of 

the results. 

TABLE 2. NODE CLASSIFICATION PREDICTION ACCURACY 

(%) OF DIFFERENT MODELS 

Model Cor

a 

Cite

seer 

Pub

med 

Cor

nell 

Tex

as 

Wisc

onsin 

A

vg

. 

Ac

c 

GCN 81.5

±1.2 

70.3

±1.5 

78.6

±0.8 

68.2

±2.1 

70.5

±1.9 

69.8

±2.3 

73

.1

5 

GAT 82.7

±1.0 

71.6

±1.3 

79.2

±0.7 

69.5

±1.8 

71.8

±1.6 

70.6

±2.0 

74

.2

3 

Graph

SAGE 

83.1

±0.9 

72.2

±1.1 

80.1

±0.6 

70.2

±1.5 

72.3

±1.4 

71.5

±1.8 

74

.9

0 

GKA 84.2 73.5 81.3 71.6 73.5 72.8 76
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N ±0.8 ±1.0 ±0.5 ±1.3 ±1.2 ±1.6 .1

5 

Propo

sed 

Model 

87.5

±0.6 

76.8

±0.8 

84.6

±0.4 

75.3

±1.1 

77.2

±1.0 

76.5

±1.3 

79

.6

5 

5.2 RESULT ANALYSIS 

It can be seen from Table 2 that the proposed model 

achieves the best prediction performance on all six complex 

correlation datasets. Compared with the optimal baseline 

model GKAN, the average accuracy is improved by 3.50%. 

Specifically, the performance improvement on heterophilic 

web graph datasets (Cornell, Texas, Wisconsin) is more 

significant, with an average improvement of 4.2%, which 

verifies that the adaptive weighted aggregation mechanism 

can effectively capture the complex heterogeneous 

correlation between nodes. 

Traditional GCN and GAT have poor performance on 

heterophilic datasets, because they adopt fixed aggregation 

rules and cannot adapt to the discrete feature distribution and 

inconsistent correlation rules of heterogeneous graphs. 

GraphSAGE and GKAN improve the feature mining ability 

by optimizing the sampling and kernel structure, but they lack 

the differentiated perception of node correlation strength. The 

proposed model calculates the adaptive neighbor weight 

based on node feature similarity, which effectively 

distinguishes the contribution of different neighbor nodes to 

feature learning, and the residual connection mechanism 

avoids feature loss in deep network propagation, thus 

significantly improving the quality of mined graph features 

and node prediction accuracy. 

5.3 ABLATION EXPERIMENT 

In order to verify the effectiveness of each improved 

module of the model, ablation experiments are carried out on 

the Cora and Texas datasets, and the results are shown in 

Table 3. Where, Base represents the vanilla 2-layer GCN 

model, AW represents adaptive weighted aggregation, and 

RC represents residual connection. 

TABLE 3. ABLATION EXPERIMENT RESULTS 

Model Variant Cora Acc 

(%) 

Texas Acc 

(%) 

Base 81.5 70.5 

Base+AW 85.2 74.1 

Base+RC 83.6 72.8 

Base+AW+RC 

(Proposed) 

87.5 77.2 

The ablation results show that both the adaptive 

weighted aggregation module and the residual connection 

module can effectively improve the model prediction 

performance. The adaptive weighted aggregation module 

plays a major role in improving feature mining ability, while 

the residual connection module optimizes the network 

training process. The combination of the two modules 

achieves the best performance, which fully verifies the 

rationality and effectiveness of the model improvement 

strategy. 

6 CONCLUSION AND FUTURE 

WORK 

Aiming at the problems of insufficient feature mining 

and low node prediction accuracy of traditional GNNs in 

complex correlation datasets, this paper proposes an 

improved graph neural network model with adaptive 

neighbor aggregation and residual connection. The model 

realizes fine-grained mining of node attribute features and 

topological correlation features by constructing adaptive 

weighted graph convolution formula, and solves the gradient 

disappearance and feature loss problems of deep graph 

networks through residual connection optimization. 

Experimental results on multiple homophilic and heterophilic 

complex graph datasets show that the proposed model 

outperforms mainstream baseline models in node prediction 

tasks, with strong generalization and robustness. 

Future research will focus on two aspects: first, 

introduce higher-order topological correlation learning to 

further mine implicit long-distance node correlations; second, 

optimize the model structure to reduce computational 

complexity and improve the scalability for large-scale ultra-

large complex graph datasets. 
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