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Abstract: With the rapid development of the Internet industry, the problem of information overload

has arisen due to the abundance of information available online. Recommendation algorithms,

as the core of recommendation systems, have been attracting much attention and are a hot topic

of research for many experts and scholars. The classical recommendation algorithms are mainly

divided into three major categories: collaborative filtering recommendation algorithms, content-based

recommendation algorithms, and hybrid-based recommendation algorithms. Although these

algorithms are widely used in various fields, with the proliferation of information, these traditional

recommendation algorithms are no longer able to meet the needs of the times. To address this issue,

recommendation systems have been developed to provide users with personalized and relevant

information or products. Despite the wide use of recommendation algorithms, such as collaborative

filtering, content-based filtering, and hybrid approaches, traditional recommendation algorithms

have limitations and are no longer suitable for meeting the demands of the times. This paper proposes

a new recommendation algorithm, SFRRG, that fuses structure and feature information in graph

neural networks to improve the performance of the recommendation system in rating prediction. The

effectiveness of the proposed algorithm is demonstrated through experiments on various data sets

and compared with existing recommendation algorithms.

Keywords: recommendation; GNN; information; feature; structure

1. Introduction

In recent years, with the development of science and the progress of society, the Internet industry

has developed at a high speed. Although the proliferation of information has opened up people’s

horizons and improved their standard of living, it has also caused the problem of information

overload. Faced with such a huge amount of information, it is difficult for people to find the part they

want quickly and accurately [1]. Therefore, the development of the Internet is like a double-edged

sword, which not only brings people opportunities but also makes them face great challenges [2].

In order to solve the above problems, recommendation systems are created. A recommendation

system is to provide the target users with products or information that they may be interested in. A

recommendation system, also known as a recommender system, is a subclass of information filtering

systems that seeks to predict the "rating" or "preference" a user would give to an item. Recommendation

systems are utilized in a variety of areas and are most commonly recognized as playlist generators for

video and music services, product recommenders for online stores, or content recommenders for social

media platforms. There are several algorithms used for building recommender systems, including

content-based filtering, collaborative filtering, and hybrid approaches. The goal of recommendation

systems is to provide personalized and relevant suggestions to users, increasing their satisfaction and

engagement with the product or service.

Recommendation algorithms, as the core of recommendation systems, have been attracting

much attention and are a hot topic of research for many experts and scholars. The classical

recommendation algorithms are mainly divided into three major categories: collaborative

filtering recommendation algorithms, content-based recommendation algorithms, and hybrid-based

recommendation algorithms [3]. Although these algorithms are widely used in various fields, with
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the proliferation of information, these traditional recommendation algorithms are no longer able to

meet the needs of the times. For example, collaborative filtering recommendation algorithms not only

suffer from the problem of data sparsity, but the most successful matrix decomposition algorithm of

collaborative filtering recommendation algorithms, the learned embedding is inherently transductive.

This means that potential feature embeddings learned for a user or item cannot be generalized to new

users or new items. When a new user or a new item enters the system or a new rating is performed, it

usually needs to be retrained [4]. This feature makes the matrix decomposition algorithm not suitable

for certain application scenarios that require timely recommendations, such as news recommendations.

Although content-based recommendation algorithms can alleviate this problem by using the content

features of users or items [5], this capability is not always present and sometimes the content features

of users or items may be difficult to extract. These problems are the reasons for poor recommendation

results.

Deep learning has achieved remarkable results in the image and text domains, but it is still

in its infancy in the graph data domain. In 2017, Kipf et al. [6] first migrated deep learning to the

graph domain with powerful characterization capabilities, breaking the bottleneck of many graph

computation tasks, and also laying the corresponding theoretical foundation for the subsequent field

of graph deep learning. After that, the research on graph convolutional neural networks has been

flourishing, and a large number of scholars have improved and optimized the original first-generation

graph convolutional neural networks from different perspectives. However, the existing research

on graph neural networks mainly focuses on the redefinition of the convolutional aggregation layer

and the optimization of the network structure, and few models integrate the learning ability of

a single classifier to improve the generalization ability of the final model from the perspective of

integration. Graph neural networks complement the topological relationships between nodes and

enrich the representational capabilities of the model, achieving remarkable results in various tasks. Its

essence can be seen as an aggregation process of neighboring nodes, relying on the prior assumption

that neighboring nodes on the graph usually have the same label, and it is difficult for graph neural

networks to effectively characterize and predict isolated nodes or groups of nodes when presented with

their states on the graph [7–9]. In such scenarios, which have little structural information, weakening

the structural information and enhancing the node feature information can better improve the overall

effectiveness of the model [10,11].

In this paper, we conduct an in-depth study on the above problems for the task of rating prediction

in recommender systems. The purpose of this paper is to explore the performance of improving the

existing model for node classification on graphs and to combine the characteristics of graph data

structure to supplement the topological structure information among nodes based on the model

prediction. In addition, the structure and feature information of nodes are unified and fused. The

graph neural network model with fused structure and feature information is proposed termed SFRRG.

The relationship between feature-similar nodes is captured by feature similarity calculation and feature

graph reconstruction, which in turn enhances feature and structure information in the integration

strategy. The model is used to learn its deep-level features from the rating matrix and to accomplish

the rating prediction task of the recommendation system. Finally, experiments are conducted on data

sets and compared with several existing recommendation algorithms to demonstrate the effectiveness

and feasibility of the proposed algorithm in this paper.
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Figure 1. Recommender Systems Based on a Graph Neural Network.

2. Related Work

2.1. Recommender System

The recommendation algorithm of collaborative filtering has been widely followed and is one

of the most popular recommendation algorithms today. This algorithm essentially collects groups

of users with similar interest preferences as the target user and recommends items of interest to

that group to the target user. In short, it is a predictive recommendation by collecting the history

of user groups, connecting users and items, and mining the similarity in potential characteristics

between users or items. Collaborative filtering recommendation algorithms can be subdivided into

user-based collaborative filtering recommendation algorithms, project-based collaborative filtering

recommendation algorithms, and model-based collaborative filtering recommendation algorithms.

The earliest collaborative filtering recommendation algorithm is the user-based collaborative filtering

recommendation algorithm. This algorithm was first used in email filtering systems and showed good

performance at that time. However, the requirements of this type of algorithm are more demanding,

and the user group with similar interests and preferences as the target user must be known in advance.

In this way, the whole system needs to know the interest preferences of all users before it can make

the next recommendation. Therefore, this type of algorithm can only be applied to small groups

and is obviously inappropriate in the face of today’s Internet with a large user base. To address

this shortcoming, automated recommendation systems have emerged [12]. This system uses the

ratings collected from all users of the item to determine the user’s liking level. By calculating the

similarity between users, a group of users with similar preferences to the target user is found, and the

ratings of this group are used as a basis to make recommendations to the target user. The automated

recommendation system has high performance, and it does not require the target user to specify users

with similar preferences in advance, nor does it require users to know each other well, nor does it

require knowledge of the content of all items in the whole system, so that it can spontaneously find user

groups with similar preferences to the target user and thus discover the potential interest preferences

of the target user. The emergence of automated recommendation systems has made collaborative

filtering recommendation algorithms a hot topic at that time and widely followed [13].

Content-based recommendation algorithms do not require data from users other than the target

user, and can accurately capture the user’s interest preferences, and the recommendation effect is

relatively accurate. With the continuous development of science and technology, information retrieval

technology and text processing technology are becoming more and more mature, and content-based

recommendation algorithms have certain advantages in the recommendation of text-based content,

but there are certain limitations in their application [14,15].

Along with the development of various recommendation algorithms, many hybrid-based

recommendation algorithms emerged later. The hybrid-based recommendation algorithms combine
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the advantages of various algorithms to avoid the disadvantages and complement the strengths [16].

Specifically, they can be divided into two types according to the point in time when they are

mixed in each hybrid recommendation algorithm. Pre-mix, and post-mix, which is a direct mix

of several recommendation algorithms, is a mix at the method level. The hybrid strategies can be

broadly classified into three types: hierarchical hybrid, inclusive hybrid, and complementary hybrid.

Hierarchical blending is to use the results of one recommendation algorithm as the input of the

next recommendation algorithm to obtain more accurate recommendation results by following the

order of the processing flow. An inclusion hybrid is to integrate one recommendation algorithm into

the framework of another recommendation algorithm. For example, in order to solve the sparsity

problem of collaborative filtering recommendation algorithms, feature extraction is performed by

content-based recommendation algorithms, which in turn enrich the preference model of users, as a

way to calculate the similarity between users [17]. The last complementary mixture is obtained by

selecting one recommendation algorithm to obtain the initial points or parameters, etc., necessary for

another recommendation algorithm, such as the parameters of a Bayesian mixed-effects regression

model through a Markov chain Monte Carlo approach [18]. This type of approach is to mix the

recommendation results generated by different recommendation algorithms in different ways to

provide comprehensive recommendation results to the target user. This hybrid approach improves the

performance of the recommender system and satisfies the user’s needs.

2.2. Graph Neural Networks

A graph neural network (GNN) is a type of neural network for non-Euclidean data. The difference

between a graph neural network and a traditional neural network is that a graph neural network

targets non-Euclidean data, while a traditional neural network targets Euclidean data. Euclidean data,

while traditional neural networks target Euclidean data, and graph neural networks can represent

information of arbitrary depth from its neighborhood.

Spectral convolutional neural networks mainly rely on spectral graph theory [19–21] to act the

convolutional kernel directly on the input signal in the spectral space. For example, Bruna et al. [22]

made a breakthrough from the spectral space by spectrally decomposing the Laplacian matrix of the

graph and using the obtained eigenvalues and eigenvectors to define convolutional operations in the

spectral space. Kipf et al. [6] established a graph convolutional neural network (GCN) with the help of

a first-order Chebyshev polynomial expansion. The spectral method will involve the calculation of

eigenvalues and eigenvectors of the Laplacian matrix, and the eigendecomposition will greatly enhance

the complexity of the model. On the basis of GCN, Wu et al. [23] proposed the SGC model, which

removes the nonlinear transformation in the network layer. Klicpera et al [24] proposed the PPNP

model by fusing the personalized PageRank algorithm and graph neural network, which decouples

the feature transformation and feature propagation.PPNP and SGC, although starting from first-order

graph convolutional neural networks, can be seen as a way to analyze the propagation of node features

by aggregating functions to analyze the propagation of node features, which can be seen as a bridge

between spectral and spatial methods [25]. Spatial convolutional neural networks discard the spectral

decomposition operation of Laplacian matrices and define convolutional operations directly on the

graph, i.e., for spatially similar neighborhoods, which greatly reduces the computational complexity of

the model. Velic kovic et al. [26] proposed graph attention networks (GAT) to define graph convolution

using the attention mechanism; the literature [27] extended graph neural networks from direct push

learning to inductive learning; Xu et al. [28] proposed JKNet, which stitches together k convolutional

layer outputs to alleviate the over smoothing phenomenon and increase the depth of graph neural

network models. Existing studies have improved and optimized the aggregation strategy and network

level from different perspectives [29], for example, GCN and GAT focus on structure-level neighbor

aggregation, PPNP focuses on the transformation of features, and JKNet focuses on aggregation among

distant nodes. The expressiveness of a single model is limited by its network layer design, and different

models have natural preferences and focus [30–32]. It is difficult for a single model to consider all
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factors comprehensively, so this paper proposes to explore fusion integration learning to improve the

expressiveness of existing models and eliminate the errors brought by such natural preferences to

improve performance.

3. Methodology
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Figure 2. Schematic diagram of our model.
3.1. Structure Information

A graph convolutional network can be viewed as a process of message passing. Message passing

is a paradigm for aggregating information from neighboring nodes to update information from the

central node, and this process can be expressed as follows:

xk
i = γk(xk−1

i , φk(xk−1
i , xk−1

j , ej,i)), (1)

where xk−1
i denotes the node features of node i in the k-1 layer; ej,i denotes the edge features from

node j to node i, and γ and φ denote differentiable functions. The graph convolution operation then

simulates the information transfer between adjacent nodes, which can capture the relationship between

interconnected nodes. This process relies on the prior assumption1 that closely connected nodes on a

graph usually have the same label.

assumption1 : i f xilinktoxjlable(i) = lable(j), (2)

Therefore, the first-order neighbor Rs(vi) = {vk|(vi, vk ∈ Es)} of the fused node in the original graph

structure G(V, ES) is used as its structural information in the process of model operations. Their

first-order neighbors are considered here because graph neural networks play a major role in the

aggregation process in first-order neighborhoods.

3.2. Feature Information

Based on this prior information of Assumption 1, the feature aggregation process of neighboring

nodes of a graph convolutional neural network supplements the topological structure information

between nodes and improves the accuracy of each graph task. However, in real business scenarios,

some nodes have no neighbors or few neighbors, and using graph convolutional networks for these

isolated nodes will produce a local over-smoothing phenomenon, which leads to degradation of node

classification performance, so the graph structure of these isolated nodes is not much valuable.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 February 2023                   doi:10.20944/preprints202302.0196.v1

https://doi.org/10.20944/preprints202302.0196.v1


6 of 11

Assuming that nodes xi and xj belong to different classes on the original graph structure graph,

the final representations of nodes i and j can be expressed as follows under the action of a two-layer

graph convolutional neural network layer.

H2
(xi)

= Agg2(H1
(xi)

, H1
(xj)

), (3)

H2
(xj)

= Agg2(H1
(xj)

, H1
(xi)

), (4)

From the above two formulations, it can be seen that the features of the nodes converge after the

graph convolution transformation of these two nodes, producing a local over-smoothing phenomenon

and thus failing to distinguish their true labels. Intuitively, in this scenario, weakening the structural

information and enhancing the node feature information can better improve the overall effect of the

model. Therefore, for such isolated nodes with little effective structural information, this paper relies

on another prior assumption2 that nodes with high feature similarity usually have the same labels.

assumption2 : i f sim(xi, xj) > thresholdable(i) = lable(j), (5)

Using the features of the nodes, a feature graph was reconstructed, and in the reconstructed graph

structure, the local structure of nodes i and j were changed and the labels of their neighboring nodes

mostly belonged to the same class. Under the prior assumption2, the confidence that nodes i and j are

correctly classified becomes larger, thus improving the performance of the model.

sim(xi, xj) =







|xi∩xj |

|xi∪xj |
xi, xj ∈ {0, 1}

(∑ |xi − xj|
p)p−1others

(6)

After calculating the similarity between nodes, a threshold d is set, and all nodes on the graph are

traversed, and for each node, those node pairs with node similarity greater than the threshold are

selected for edge concatenation operation, which completes the reconstruction of the feature graph.

A f (i, j) =

{

0sim(xi, xj) > d

1others
(7)

where A f denotes the adjacency matrix of the reconstructed feature graph G f (V, E f ). Based on the

above definition, the neighbors R f (vi) = {vk|(vi, vk ∈ E f )} of node vi in the feature graph G f (V, E f )

are fused as the feature information of the node.

3.3. Graph Neural Networks

3.3.1. Message Passing Layer

In order to handle different edge types, the relational graph convolution operator R-GCN is used

here as the message-passing layer of GNN. message passing layer. The R-GCN layer has the following

form.

x
′

i = W0xi + ∑
r∈R

∑
j∈Nr(i)

1

|Nr(i)|
Wrxj, (8)

The formula xi denotes the input feature vector of node i, x
′

i denotes the output feature vector of

node i, R denotes the set of all possible ratings, and Nr(i) denotes the set of neighbors of edge type r

connected to node i. W0 and Wr are learnable parameter matrices. Where Wr is the parameter matrix

used to handle different edge types, so the model is able to learn a large amount of information within

the edge types, such as the average rating received by the target item, the path through which the

two target nodes are connected, and other information. On further analysis, the W0xi part refers to
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the feature vector of the target node in the current layer, while the remaining part learns the feature

vector of the nodes adjacent to the target node in the current layer. The inductive-based graph neural

network model applies multiple R-GCN layers with tanh activation between the layers. The node

feature vectors from all layers are connected and the obtained results are fed to the pooling layer, which

transforms them into a graphical representation. The reason for applying R-GCN as the messaging

layer of GNN is that R-GCN is not only suitable for application in entity classification problems and

link prediction problems, but it takes into account the differences in the types of edges. Specifically,

R-GCN will have different treatments for the layers at different locations. For the first layer, R-GCN

will select the corresponding weights by the different types of edges and vertex labels and output

them. For the middle and last layers, R-GCN multiplies the weights of the edges with the output of

the previous layer and outputs them.

3.3.2. Pooling Layer

The feature descriptors are sorted uniformly, where each feature descriptor represents each vertex.

Before these vertices are placed into a traditional 1D convolutional or dense layer, they are sorted

in a uniform order. Specifically, in the sorting pool, each node representation is sorted according to

the successive Weifeiler-Lehman colors of its previous layer feature representation. Then, standard

one-dimensional convolutional layers are applied to these sorted representations, and finally the final

graphical representation is learned by learning the global topology contained from the individual

nodes as well as from the node sort. In short, the pooling layer is used to aggregate node features for

the graphical representation. The specific formula is as follows.

g = concat(hu, hv), (9)

where hu is the node representation of the target user, hv is the node representation of the target item,

and g is the final graphical representation. The predicted ratings are output using the great likelihood

algorithm. The specific formula is as follows.

r = wTθ(Wg), (10)

4. EXPERIMENTS

4.1. Datasets

In order to assess the efficacy of our approach, a series of in-depth experiments were performed

on three actual datasets. The statistical characteristics of these datasets are outlined in Table 1.

Movielens is a well-known benchmark dataset commonly utilized in recommendation

problems [33]. In our experiments, we employed two different versions of the dataset one with

100K interactions and the other with 1M interactions. The movie categories were included as item

attribute information.

Yelp, a business recommendation dataset, was also used in our experiments. This dataset records

customer ratings for various local businesses, and we added the category of each business as item

attribute data to enhance the user-item interaction graph.

Table 1. Statistical information of datasets.

dataset users items categories interactions

Yelp 10002 10373 58 10

Movielens 1M 6040 3260 18 165.3

Movielens 100k 943 1152 19 103.9
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4.2. Metrics

This experiment is an exploratory study for the task of rating prediction in a recommender system.

One of the criteria to measure the goodness of a recommendation system is prediction accuracy. The

two most commonly used metrics for prediction accuracy for scoring prediction tasks are the root

mean square error (RMSE) and the mean absolute error (MAE). The mean absolute error is simple

to calculate and is therefore widely used in the field of recommender systems, but it also has certain

drawbacks. Because it is often the low-scoring items that are not easily predicted that have a greater

impact and contribution to the MAE. Therefore, the performance of recommendation algorithms with

small MAE values is not necessarily good, probably because they can better distinguish between

items that users generally dislike and items that they extremely dislike, which is obviously not very

meaningful. RMSE, on the other hand, divides the sum of the squares of the differences between users’

actual and predicted ratings of items by the number of all ratings available in the test set, and finally

treats them with a root sign. The penalty for inaccurate predictions is increased, making the use of

RMSE for recommendation system evaluation more stringent than the use of mean absolute error.

RMSE =

√

1

m

m

∑
i=1

(yi − ŷi)2, (11)

4.3. Baselines

We compare our model with some relevant or current state-of-the-art methods.

• GC-MC [34]. GC-MC is a seminal study in the area of graph neural networks for recommendation

algorithms. It accomplishes a node embedding representation on the graph by utilizing a graph

self-encoder on the user-item bipartite graph.
• NGCF [35]. A collaborative filtering model that leverages the higher-order connections in

user-goods interaction graphs to effectively integrate collaborative signals into the representation

learning process in a clear and direct manner.
• F-EAE [36]. They used deep learning to model interactions across two or more sets of objects.

This model can be queried about new objects that were not available at training time, but for

which interactions have since been observed.

4.4. Result Analysis

From the above two figures, the RMSE of SFRRG on the yelp rating dataset is 0.733, which is about

0.8% lower than that of NGCF, 24% lower than that of GC-MC, and 1.1% lower than that of F-EAE,

and the recommendation accuracy is higher than that of other comparative algorithms. The RMSE

of this algorithm is 0.916 on the MovieLens-100K dataset, which is about 1.3% lower than the NGCF

algorithm and about 18.9% lower than the GC-MC algorithm. The RMSE of this paper’s algorithm

SFRRG on the MovieLens-1M dataset is 0.904, which is about 1.8% lower than the NGCF algorithm,

about 18.7% lower than the GC-MC algorithm, about 0.66% lower than the F-EAE algorithm, and

about 1.5% lower than the SFRRG algorithm. 1.3% compared to the SFRRG algorithm. In summary, it

shows the effectiveness of the data processing by this algorithm to improve the recommendation effect.
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Figure 3. Comparison of RMSE of each algorithm on Yelp dataset.

Figure 4. Comparison of RMSE of each algorithm on MovieLens-l00K dataset.

Figure 5. Comparison of RMSE of each algorithm on MovieLens-lM dataset.

5. Conclusion and Future Work

Recommendation algorithms, as the core of recommendation systems, have been attracting much

attention and are a hot topic of research for many experts and scholars. The classical recommendation

algorithms are mainly divided into three major categories: collaborative filtering recommendation

algorithms, content-based recommendation algorithms, and hybrid-based recommendation algorithms.

Although these algorithms are widely used in various fields, with the proliferation of information,

these traditional recommendation algorithms are no longer able to meet the needs of the times. Deep

learning has achieved remarkable results in the image and text domains, but it is still in its infancy in

the graph data domain. Graph neural networks complement the topological relationships between

nodes and enrich the representational capabilities of the model, achieving remarkable results in various

tasks. Its essence can be seen as an aggregation process of neighboring nodes, relying on the prior

assumption that neighboring nodes on the graph usually have the same label, and it is difficult for
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graph neural networks to effectively characterize and predict isolated nodes or groups of nodes when

presented with their states on the graph. In this paper, we conduct an in-depth study on the above

problems for the task of rating prediction in recommender systems. The purpose of this paper is to

explore the performance of improving the existing model for node classification on graphs and to

combine the characteristics of graph data structure to supplement the topological structure information

among nodes based on the model prediction. In addition, the structure and feature information of

nodes are unified and fused. The graph neural network model with fused structure and feature

information is proposed termed SFRRG. The relationship between feature-similar nodes is captured by

feature similarity calculation and feature graph reconstruction, which in turn enhances feature and

structure information in the integration strategy. The model is used to learn its deep-level features

from the rating matrix and to accomplish the rating prediction task of the recommendation system.

Finally, experiments are conducted on data sets and compared with several existing recommendation

algorithms to demonstrate the effectiveness and feasibility of the proposed algorithm in this paper.
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