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Abstract: This paper addresses the challenges of data sparsity and personalization limitations
inherent in current recommendation systems when processing extensive academic paper datasets.
To overcome these issues, the present work introduces an innovative recommendation model that
integrates the wealth of structured information from knowledge graphs and refines the amalgamation
of temporal and relational data. By applying attention mechanisms and neural network technologies,
the model thoroughly explores the text characteristics of papers and the evolving patterns of user
behaviors. Additionally, the model elevates the accuracy and personalization of recommendations by
meticulously examining citation patterns among papers and the networks of author collaboration.
The experimental findings show that the present model surpasses baseline models on all evaluation
metrics, thereby enhancing the precision and personalization of academic paper recommendations.

Keywords: academic paper recommendation; knowledge graph; neural networks; attention
mechanism; sequential recommendation

1. Introduction

With the rapid development of information technology and the internet, human soci-
ety has quickly entered the information age. The application of technologies such as cloud
computing, the Internet of Things, and big data on the internet has not only greatly enriched
data resources but also led to a geometric increase in data scale [1,2]. This phenomenon has
promoted the emergence of new disciplines and interdisciplinary integration, thereby driv-
ing an explosive growth in the number of academic papers [3]. Researchers in the academic
community are therefore facing an unprecedented challenge of information overload [4,5]
as they need to search and filter relevant information from a vast array of literature, which
undoubtedly increases the difficulty and time cost of acquiring knowledge [6]. To effec-
tively address this challenge, academic paper recommendation systems have emerged [7]
that aim to help researchers by alleviating the burden of information overload through
advanced computing and ranking mechanisms and recommending papers closely related
to their research interests and focuses [8]. Although traditional recommendation methods,
such as collaborative filtering and content-based filtering, have achieved some success [9],
they still have shortcomings in terms of recommendation efficiency and accuracy when
dealing with large-scale datasets. These methods often fail to fully utilize key content such
as the text information of papers (e.g., titles, abstracts, etc.) and the citation relationships
between papers [10]. In addition, they also face issues like data sparsity and cold starts,
which limit their ability to provide personalized recommendations.

In recent years, recommendation models based on deep learning and graphs have
received widespread attention for their potential in integrating multi-source information
and have made significant progress in the field of academic paper recommendation [11,12].
In particular, the introduction of knowledge graphs has brought a new perspective to
recommendation systems. As a structured semantic knowledge base, knowledge graphs
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can richly represent the relationships between entities and provide a new method of data
representation and reasoning for recommendation systems.

The present work aims to explore how to enhance the accuracy and personalization of
academic paper recommendation systems by integrating deep learning, knowledge graphs,
and strategies for the fusion of temporal and relational information. A feature-enriched
paper recommendation model that integrates knowledge graphs is proposed that not only
utilizes attention mechanisms to deeply mine the text and relational features of papers but
also integrates the temporal information of paper publication and citation, as well as the
edge information in the academic citation network. Through this multidimensional feature
fusion, the model presented in this paper can more accurately capture the dynamic research
interests of users and the complex academic relationships between papers. The main
contributions of this paper are as follows:

1. The model presented in this paper integrates textual and relational features of
academic papers, fusing temporal information of publication and citation, along with edge
information from the academic citation network, to construct a more representative vector
representation of papers.

2. This paper’s model introduces advanced neural network architectures and attention
mechanisms to effectively capture the temporal information of users’ behavioral patterns
and the complex relationships within the academic network, thereby generating a more
accurate representation of user interest features.

3. The effectiveness of the proposed model has been validated through experiments.
Compared to traditional recommendation algorithms and baseline models, the model has
demonstrated improved accuracy and personalization in recommendations.

2. Related Work
2.1. Traditional Academic Paper Recommendation Methods

Traditional academic paper recommendation systems predominantly employ methods
such as collaborative filtering and content-based filtering. Collaborative filtering methods
are based on user—paper interaction behaviors and recommend by mining the similarities
between users and papers. For instance, Naak et al. [13] proposed a multi-criteria collabo-
rative filtering approach for research paper recommendation on a platform. Liu et al. [14]
introduced an innovative context-aware collaborative filtering method. Sugiyama et al. [15]
presented a recommendation method that combines citation network embedding and
collaborative filtering techniques by mining the latent citation relationships of papers.
However, collaborative filtering is susceptible to the sparsity problem and has lower recom-
mendation efficiency when dealing with large-scale paper corpora. Content-based filtering
methods, on the other hand, focus on analyzing textual content and features, such as titles,
abstracts, and citation relationships among papers. The paper recommendation method
by Philip et al. [16] utilizes the textual content and metadata of academic papers in con-
junction with user preferences and query history. Nevertheless, traditional content-based
filtering methods do not fully leverage the textual information and complex relationships
of academic papers, making it challenging to achieve personalized recommendations.

2.2. Graph-Based Academic Paper Recommendation Methods

Recently, graph-based academic paper recommendation methods have also garnered
the interest of researchers. Graphs, as a structured form of knowledge representation, can
effectively express the knowledge structure and relationships within academic fields. Some
researchers have proposed methods for constructing academic paper recommendation
systems using graphs, aiming to achieve more accurate and personalized recommendations
by mining academic entities and relationships within the graph. For example, Ma et al. [17]
proposed a heterogeneous graph representation-based recommendation method called
HGRec, which uses two meta-path-based proximity measures to jointly update the node
embeddings in a heterogeneous graph. Cai et al. [18] introduced a bibliographic net-
work representation (BNR) model that integrates the bibliographic network structures and
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content of different entities (authors, papers, and venues) for efficient recommendation.
Liu et al. [19] presented a keyword-driven and popularity-aware paper recommenda-
tion method based on an undirected paper citation graph. Pan et al. [20] constructed a
heterogeneous graph to represent citation and content information in papers and then
applied a graph-based similarity learning algorithm for the paper recommendation task.
Hao et al. [21] proposed a method based on the periodic interests of authors and the aca-
demic graph network structure to obtain as much valid information as possible for paper
recommendation. However, these graph-based methods also have some limitations. For ex-
ample, processing large-scale graphs may be constrained by computational and storage
resources. The complexity of graph structures can lead to decreased algorithmic efficiency.
The quality and completeness of graph data may affect the accuracy of recommendation
results, and some useful information may not be fully utilized.

3. Approach of This Paper

The section outlines the proposed Multi-Feature-Enhanced Academic Paper Recom-
mendation Model with Knowledge Graph (MFPRKG). The model is structured around the
following components: the Paper-Embedding Representation Module (PERM), the User-
Embedding Representation Module (UERM), and the Recommendation Module (RM),
as depicted in Figure 1. The main work performed by this study to achieve multi-feature
enhancement includes the following: temporal information acquisition and utilization,
text vector representation and utilization, and knowledge graph information acquisition
and utilization.
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Figure 1. MFPRKG model.

In the Paper-Embedding Module, the text embeddings of the papers’ titles and ab-
stracts are first processed using ALBERT and Bi-LSTM. These processed sentence em-
beddings are then input into the ETVE module, where they are adjusted based on their
importance to the paper. Combined with the sentence position embeddings and the pa-
per’s temporal information, the final paper text embeddings are obtained. A knowledge
graph of papers is constructed from the dataset, and edge information from this graph is
extracted for use in the node aggregation formula. Additionally, other information from
the knowledge graph is combined to aggregate and update the initial nodes, resulting in
the final paper relationship embedding. This paper text embedding and paper relationship
embedding are concatenated to obtain the final academic paper embedding.
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In the User-Embedding Module, a user knowledge graph is constructed from the
dataset. Interactions with papers by users are transformed into embeddings, user temporal
information is transformed into embeddings, and some unused user attributes are also
transformed into embeddings. These are input into the multi-layer perceptron (MLP)
module for fusion and serve as the initial node embeddings for the user knowledge graph.
Using a method similar to that in the paper knowledge graph, the user embeddings are
obtained. Finally, the paper embeddings and user embeddings are jointly input into the
neural collaborative filtering (NCF) model to obtain the recommendation results.

3.1. Acquisition of Temporal Information

Temporal information not only reveals the changes in the influence of papers over
time but also reflects the dynamic evolution of user interests [22]. The dataset used in this
paper provides temporal information, such as the publication date of each paper and the
citation dates, which form the foundation for analyzing the research directions and interest
trajectories of users. With these data, a time series can be constructed that reflects the shifts
in users’ research focus and the changes in the influence of papers.

Regarding the temporal information of papers, this paper selects the “citations in
Year”, “cumulative Citations”, and “citation growth rate” as features because they offer
intuitive indicators of the novelty, research trends, and academic value of the papers.
Assuming there is a paper with the following example of temporal information, Table 1
below illustrates the yearly data from the year of publication of 2015 to 2020.

Table 1. Example of paper timing information.

Specific Time Year Citations in Year Cu¥nu!atlve Citation Growth
Citations Rate

2015 1 2 2 /

2016 2 1 3 —50%

2017 3 7 10 +600%
2018 4 5 15 —28.57%
2019 5 3 18 —40%

2020 6 5 23 +66.67%

After obtaining the features, to enhance the training efficiency and performance
of the model, it is common to perform standardization on numerical features. These
standardization steps ensure that the feature values are on a unified scale, which helps the
model better capture the relationships between features. In this paper, the “Citations in
Year” and “Cumulative Citations” were subjected to min—max scaling, which scales the
feature values to a specified range, typically [0, 1]. For the “Citation Growth Rate”, Z-score
standardization was used, which transforms the feature values into a distribution with a
mean of 0 and a standard deviation of 1. After the standardization of the data, the feature
values are converted into vectors. For example, for the data of the sample paper in Table 1
for the year 2017, their feature vector is Featureypy = [Citations in Year 2017, Cumulative
Citations 2017, Citation Growth Rate 2017]. Assuming that, after standardization, these
values are 0.5, 0.3, and 1.5, respectively, then Featureyy; = [0.5, 0.3, 1.5]. Subsequently,
Feature2017 is transformed into a feature vector FeatureVectorygi7 through an embedding
layer, and by combining the feature vectors for each year into a sequence, a comprehensive
temporal representation for each paper is obtained. For the sample paper, its sequence
information is illustrated in Equation (1):

Sequence = [FeatureVectoryys, FeatureVectoryys, . . ., FeatureVectoragy) (1)

For users, this paper transforms the sequence of user—paper interactions (such as
publishing, citing, and co-authoring) into a sequence of temporal feature vectors. For each
time step t, the user’s interaction with papers can be represented as j: = [j; 1, jt2, - -+, ji.ul,
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where j; is the i-th feature in the feature vector at time step ¢, transformed into a feature
vector sequence through an embedding layer. A bidirectional recurrent neural network
(Bi-RNN) [23] is then utilized to process these feature vector sequences. The forward
propagation of the Bi-RNN helps understand users’ historical behavior patterns, while
the backward propagation helps grasp changes in users’ interests. This capability is
crucial for understanding long-term dependencies and contextual information within the
sequence. In academic paper recommendation systems, the Bi-RNN can assist the model in
comprehending the evolution of user behavior. For instance, a user’s research focus may
gradually develop and change over time, or their interest in a particular research topic may
intensify or diminish due to the latest academic developments.

The advantage of the bidirectional recurrent neural network (Bi-RNN) lies in its
capability to process sequential data, analyzing both historical user behavior and predicting
future trends simultaneously. This makes Bi-RNN particularly adept at capturing the
evolution of user interests, providing strong support for delivering accurate academic
paper recommendations. The size and number of hidden layers affect the Bi-RNN model’s
complexity and capacity, while the learning rate and choice of optimizer impact the training
dynamics and convergence speed. Considering experimental outcomes and time costs,
the hidden layer size is set to 256 with two layers, a learning rate of 0.001, and the Adam
optimizer is selected.

The hidden state /; of the Bi-RNN can be obtained through Equation (2), where h;_1
and h;; are the hidden states at the preceding and succeeding time points, respectively:

ht = Bi-RNN(ji, b1, i y1) 2)

To highlight the contributions of significant time points in the sequence and to capture
the user’s recent interests, an attention score a; is first defined for each time step f. This
score reflects the relative importance of the interaction at that time point compared to
others. The attention score can be obtained through Equation (3):

exp(v! tanh(W,ht + by))
Y rexp(vT tanh(W,hy + b,))

a; = softmax(

) )

where v is the weight vector used to calculate the attention weights, W, and b, are learnable
parameters, and /; is the hidden state vector at time point ¢. Next, a time-sensitive weight
wy is introduced to adjust the attention scores for each time point, allowing the model to
place greater emphasis on recent interactions, that is, the user’s most current points of
interest. The time-sensitive weight can be obtained through Equation (4):

w = Ae~(T—D) 4)

In the aforementioned equation, A is a positive constant used to adjust the magnitude
of the weights, « is a hyperparameter that controls the rate of temporal decay, and T
represents the total number of time points in the sequence. Ultimately, the user’s temporal
sequence vector S, is computed using the weighted attention scores and time-sensitive
weights, as shown in Equation (5). The symbol © in the equation denotes element-wise

multiplication:
Suzzht(Dﬂt@wt (5)

t

Through this approach, the model can learn the importance of each interaction and
place greater emphasis on the user’s recent interests. The method that combines the atten-
tion mechanism with time-sensitive weights allows the model to focus more on the user’s
short-term interests while retaining the contextual information of long-term interactions.
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3.2. Text Vector Representation

In this paper, the ALBERT [24] model is employed to process the titles and abstracts of
academic papers to generate vector representations of words. ALBERT (A Lite BERT) is
a lightweight variant of the BERT [25] model that leverages the advantages of the Trans-
former [26] model. It optimizes the model structure through parameter sharing and the
compression of embedding layers, thereby enhancing computational efficiency. Compared
to traditional word embedding methods such as Word2Vec [27] and GloVe [28], ALBERT is
better at utilizing contextual information to provide richer and more accurate semantic rep-
resentations. This capability gives ALBERT a significant advantage in handling phenomena
of polysemy and capturing the deep semantics of text. Subsequently, the word vectors
obtained from the ALBERT model are input into a bidirectional long short-term memory
(Bi-LSTM) [29] network for processing. The Bi-LSTM network is capable of capturing
broader contextual information between words, consisting of forward and backward LSTM
layers that capture contextual information in both directions.

The forward hidden state /iy is calculated as follows:

hey=LSTM(xsp 1) (6)
The backward hidden state y; is calculated as follows:
hpt = LSTM(xp,t, hpp—1) @)

Ultimately, the forward hidden state and the backward hidden state are concatenated
to obtain the final hidden state h;.

he = [hyp ] (8)

In the formula above, “LSTM” represents the function of the bidirectional long short-
term memory (Bi-LSTM) unit, and its specific form is as follows:

LSTM(x,h) =i®tanh(W; - [h,x]+b;) + fOc1+ 8Ot )

¢t =f®c1+iOtanh(W, - [k, x] + be) (10)

The i, f, and g in the aforementioned formulas represent the outputs of the gate control
units, where the symbol © denotes element-wise multiplication. W;, W, b;, and b, are the
weight matrices and bias terms, respectively. After processing through the bidirectional
LSTM module, this model obtains title and abstract vectors that encapsulate the hidden
semantic relationships between words.

Since titles play a crucial role in a paper, this paper further enhances the processing of
the title portion. To ensure a more representative paper vector, a self-attention mechanism is
introduced to better capture the relevance of various words in the title sequence. Each word
in the title is assigned a weight, and the title vector representation is adjusted according
to these weights to obtain a weighted word vector W), and a new title vector H;. The
calculation is as follows:

Wy, = softmax(tanh(W,Hj, + by)) (11)

I‘I;1 = ZHh X Wh (12)

Inspired by the vision transformer (ViT) model [30], this paper segments the abstracts
of papers into independent sentences and converts each sentence into a vector represen-
tation. By breaking down the abstract into sentence-level representations, each sentence
vector encapsulates distinct semantic information. This approach better captures the se-
mantic content of each sentence in the abstract, enhancing the model’s ability to understand
the semantics of the abstract. It also allows for more effective modeling within the encoder,
resulting in a more representative and semantically rich paper text vector. Compared to
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treating the entire abstract as a single entity for model input, this method, which combines
attention mechanisms at the sentence level, enables the model to more subtly comprehend
the structure and content of the abstract.

After processing the abstract with ALBERT and Bi-LSTM, the grammatical and se-
mantic information within the abstract is accurately captured. The approach involves
averaging the vectors of each word within every sentence of the abstract to obtain a vector
representation for that sentence. Assuming there is a sentence containing the words m,
my, ms, ..., my, with each word corresponding to the vectors vy, vy, v3, ..., v,, the vector
representation S; of the sentence is expressed by Equation (13).

Si = % zvi (13)

Subsequently, these sentence vectors are fed into an improved Enhanced Temporal-
Aware Embedding (ETVE) module, which is depicted in Figure 2. This module is an
enhancement derived from the decoder of the Transformer model, which ultimately outputs
the text vector V;, of the paper.

Paper text embedding: ¥,

(TT]TT]
Add & Norm

Feed
Forward

Add & Norm

Multi-Head
Attention

i

[ Feature fusion CNN ]- [Time squence 1

Sentence
position <+
encoding

Sentence
Embedding

Figure 2. ETVE module.

To further enrich the representation of these sentence vectors, this paper incorporates
three additional types of information: the importance of the sentence relative to the title,
positional information, and the temporal information obtained in Section 2.1.

The importance of a sentence relative to the title can be obtained using Equation (14).
In this formula, S; represents the vector of the i-th sentence, T denotes the title vector,
and the symbol - signifies the dot product operation. The softmax function normalizes
the scores into attention weights, allowing us to calculate the attention weight «; that the
sentence has with respect to the title. Subsequently, each sentence vector is multiplied by its
corresponding attention weight to produce a sentence vector that integrates the importance
of the sentence relative to the title. These sentence vectors, after being combined with
positional information vectors representing the sentences’ locations within the abstract, are
then input into a convolutional neural network (CNN) feature mixing module. CNNs are
capable of handling high-dimensional data by effectively reducing the dimensionality of the
feature space while preserving critical information. This is particularly useful for integrating
complex features from different sources. In this way, CNNs not only enhance the efficiency
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of feature fusion but also strengthen the recommendation system’s ability to capture user
interests and textual information from papers. Taking into account experimental results
and computational costs, this paper selects an initial number of 64 convolutional kernels for
the CNN to capture various features, with the activation function being ReLU to introduce
nonlinearity and a dropout rate of 0.5 to help reduce overfitting.

w; = softmax(S; - TT) (14)

Positional information is implemented by adding positional encoding to help the
model understand the relative positioning of sentences within the abstract. In an abstract,
sentences at different locations hold varying levels of representativeness for the entire article.
For instance, the beginning of most abstracts is typically used to introduce background
information, while the end often focuses on experimental results, and the middle section is
more indicative of the article’s thematic ideas. Positional encoding can be calculated using

the following formula:
pos

PE(pos,2i) = Sin(m )
B pos
PE(pospis1) = cos(m) (16)

where pos indicates the position of the sentence within the abstract, i represents the index
of the dimension for the positional encoding, and d,,,4,; denotes the dimensionality of
the model.

Regarding temporal information, this paper takes into account the temporal informa-
tion sequence (Sequernce) obtained in Section 2.1, integrating Sequence with the previously
derived information into a convolutional neural network (CNN) feature mixing module.
This approach achieves a deep integration of textual and temporal information.

With the structure depicted in Figure 2, the Enhanced Temporal-Aware Embedding
(ETVE) module is capable of capturing the complex semantic relationships within textual
data. Additionally, it can identify and leverage the evolving influence and trends of papers
over time. This capability enables the recommendation system to more accurately pinpoint
the research interests of users.

3.3. Knowledge Graph Information
3.3.1. Knowledge Graph Construction

This section of the paper focuses on constructing a knowledge graph from the dataset
to capture the relational information between papers and users, as well as to enhance
semantic expression. This paper treats papers and users as entity nodes, constructing
separate knowledge graphs for papers and users based on various relationships between
these entities as edges. For the paper knowledge graph, the focus is on analyzing citation
relationships, research topics, and publication information. For the user knowledge graph,
the emphasis is on capturing the evolution of user interests, publication history, and citation
behavior. The knowledge graph enriches the recommendation system with contextual
and associative information, allowing for a deeper understanding of paper content, a
precise identification of user interests, and the discovery of direct and indirect connections
between entities.

The knowledge graph is defined as G = {(h,r,t) | h,t € E,r € R}, where each
triplet denotes a relationship r between the head entity / and the tail entity ¢. E represents
the set of entities, and R represents the set of relationships. Initially, the TransR [31]
model is utilized to process the complex information within the knowledge graph. TransR
addresses complex relationships and entity polysemy in knowledge graphs by assigning
separate vector spaces to entities and relationships and using transformation matrices,
which improves the accuracy of the knowledge graph.

To construct the paper and user knowledge graphs, this paper first obtains initial
vectors from the knowledge graph. For users, as illustrated in the UERM module in Figure 1,
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an initial user vector is derived by attention-weighting the papers interacted with by the
user and calculating the average of these weighted paper vectors. This vector provides a
comprehensive reflection of the user’s interests. Following the method in Section 2.1, user
temporal information is integrated by analyzing the user interaction sequence to capture
the evolution of their interests and behavioral patterns. This temporal information offers
a dynamic perspective, enabling the recommendation system to better understand the
user’s changing needs over time. Additionally, other user attributes, such as research
fields and institutions, are considered and converted into embedding vectors through
an embedding layer, further enriching the semantic content of the user vector. Finally,
by combining the initial vector, the temporal information representation S, and other
attribute embedding vectors with a multi-layer perceptron (MLP) module, this paper
achieves a more comprehensive and refined initial node vector for the user knowledge
graph. For papers, the initial node vector in the paper knowledge graph is obtained by
multiplying each sentence vector by its corresponding importance weight, derived from the
ALBERT and LSTM processing of titles and abstracts, and then summing these weighted
sentence vectors.

The initial relationship vectors are derived, as described in Section 3.3.1, by extract-
ing the feature information of nodes and edges from the knowledge graph, along with
their attributes. Ultimately, using the formula presented in Section 3.3.2, referred to as
Equation (20), the edge vector f, is obtained, which represents the initial relationship vector
r within the knowledge graph.

Given the initial entity vector e and the initial relationship vector r, the entity vectors
projected via the TransR method are denoted as ¢/, and the relationship vector as #/, with the
projection matrix M,. TransR learns the embedding vectors for entities and relationships
by optimizing a principle based on the translational algorithm’s fundamental premise
(ej, + r = e;), which establishes relationships through projection. The projected paper entity
vector representation is expressed as ¢’ = ¢ - M. The update rule for the relationship vector
is ¥’ = r. Its credibility formula is as follows:

g(h,rt) = e +r—e || (17)

After utilizing the TransR model to learn the representation vectors of entities and
relationships, thereby mapping entities and relationships into a continuous vector space,
the scope of collected and processed information is extended from a single layer of the
knowledge graph to multiple layers. This extension aims to obtain a richer vector rep-
resentation. Specifically, the information of neighboring nodes can be aggregated layer
by layer, resulting in the L-order vector representation for each node. The L-order user
vector representation for an entity aggregates the information of neighboring entities within
L-1 hops.

The node aggregation update formula is as follows:

hz(,l) = Aggregate({hgfl) ‘U € N(v)}) (18)
The node update formula is as follows:
hz(,l) = Combine(hsfl),hl(f)) (19)

hg,l)represents the vector representation of node v at layer I, and N(v) denotes the set of
neighboring nodes of node v. The aggregate function is used to aggregate information from
neighboring nodes. This paper employs an approach that utilizes edge attention weights
to update the features of the nodes, with the specific formula provided in Section 3.3.2,
Equation (22). The combine function serves to integrate information from the current layer
with that of the previous layer. This paper utilizes a fully connected layer for this purpose,
which effectively consolidates information from the current and previous layers to better
capture the relationships between nodes.
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3.3.2. Utilization of Edge Information

In academic paper recommendation systems, the edge information within the knowl-
edge graph plays a crucial role. It reveals the complex patterns of interaction between
academic entities through relationships such as citations between papers and author col-
laboration networks. This edge information not only enriches the semantics of the paper
content but also has a significant impact on understanding user interests and enhancing
the performance of the recommendation system. However, many existing recommendation
systems have not fully leveraged this resource.

Deep mining of edge information can evaluate the influence and academic value of
papers, thereby improving the accuracy and personalization level of recommendations.
It also helps to explore users’ potential interests and effectively mitigates the cold start
problem. Therefore, in the design of this academic paper recommendation system, by min-
ing and integrating the edge information of the knowledge graph, the relevance of the
recommendation results and user satisfaction are enhanced.

Firstly, it is necessary to extract the feature information of nodes and edges from the
knowledge graph constructed in Section 3.3.1. For each node (e.g., a paper or a user), collect
its attributes (such as the field of the paper, the user’s workplace, etc.). For each edge
(e.g., citation relationships between papers, collaborations between authors, etc.), extract
its attributes (such as the number of citations, the strength of collaboration, etc.). Assuming
in this knowledge graph that each edge e connects two nodes u and v and is associated
with a set of attributes {ay,ay,...,a,}, then the edge vector f, can be constructed using
Equation (20):

f, = integrate(®(ay), ®(az),...,D(an)) (20)

In the aforementioned equation, ® represents the process of creating an embedding
matrix for each type of attribute, where the number of rows is equal to the count of
attributes, and the number of columns is the dimension of the embedding vector. This
matrix is initially filled with simple pretrained embeddings and then refined by training a
multi-layer perceptron (MLP) to adjust the embedding matrix. This results in obtaining the
embeddings for the respective attributes. The term “integrate” refers to a self-attention layer
that takes a collection of attribute embeddings as input, determines the importance of each
attribute, normalizes these importance scores, and then performs a weighted combination
to ultimately output the integrated edge vector f,.

Subsequently, to capture the importance of edges in the recommendation system,
an edge attention mechanism is introduced. This mechanism adjusts the attention weights
between nodes based on the features of the edges. Specifically, for a neighbor node v of
node u, the attention weight «,, of edge e,, can be calculated using Equation (21):

exp(fe We)
ZwEN(u) exp (fej;wwlf)

where W, is a learnable weight matrix used to transform the edge feature vector, and N(v)
is the set of neighboring nodes of node u. By leveraging the edge attention weights,
the features of the nodes can be updated. The knowledge graph node update formula in
this paper, which incorporates edge information, is shown in Equation (22), and it is also

the specific implementation of Equation (18), as discussed in Section 3.3.1. For a node u,

its updated feature hg,lH) can be calculated by aggregating the features of its neighboring

nodes v as well as the associated edge information:

&y = softmax( (21)

I+1 I}
WY —o( ¥ wwWoh @ £) (22)
veN(u)
where W, is the node feature transformation matrix. hg,l) represents the feature vector of
node v at layer /. ® denotes vector concatenation, and ¢ is the activation function ReLU
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(rectified linear unit). Ultimately, the user vector 1, and the paper relation vector Vi,
are obtained.

3.4. Recommendation Module

The recommendation module in this paper is primarily an improvement based on the
NCF [32] model. The core idea of the NCF recommendation model is to represent users
and papers as vectors and to use a neural network to learn the interactions between them.
The NCF recommendation model can be represented by the following formula:

Res,; = MLP(u;, 1/]) + GMF(ul-, 1/]) (23)

where Res,; represents the predicted rating of user u for paper i, then u; and v}, respectively,
denote the feature vectors of user i and paper ;.

The original NCF model only utilized the paper’s identifier information to obtain the
paper vectors, while the user vectors were randomly initialized. This led to an inadequate
expression of information for both users and papers. Therefore, this paper introduces a
multi-feature-enhanced representation for both users and papers, which is input into the
improved NCF model.

In the preceding sections, the paper text vector V;, and the paper relationship vector
Vig were obtained separately. By concatenating these two vectors and passing them through
a fully connected layer, the model derived the final paper vector Vy;,. Ultimately, the final
user vector /ip and the final paper vector Vy;, are used as inputs to the improved NCF
model, yielding the final result r,,;. The loss function is defined by Equation (24), and the
Adam optimizer is employed to learn the model parameters:

L=— ), vyilog(Res,)+ (1—yi)log(l— Res,;) (24)
(ij)€ruy™

In Formula (24), y;; equal to 1 indicates that user u; has interacted with paper v;,
while y;; equal to 0 indicates that user u; has not interacted with paper v;. The symbol vy
represents the set of positive samples, and 7y~ represents the set of negative samples [33].

4. Experiments
4.1. Experimental Dataset

This paper utilizes the DBLP-v11 dataset, a comprehensive and in-depth academic lit-
erature resource that focuses on the field of computer science and various related disciplines.
The dataset meticulously records a wide array of basic information about academic papers,
such as article titles, lists of authors, publication years, associated conferences or journals,
etc. Moreover, it meticulously captures and presents the citation network between papers,
forming an intricate academic link graph. With this graph and other related information,
a knowledge graph can be constructed, enabling a series of in-depth analyses. In addition,
the DBLP-v11 dataset contains a wealth of temporal sequence data, which meticulously
record the publication time of each paper and its subsequent citation timestamps. This
temporal information provides solid data support for the research presented in this paper,
playing a crucial role in analyzing the impact of academic papers, exploring the evolution
of academic research trends, and constructing dynamic temporal recommendation systems.

After selecting this dataset, the most recent five years of data were extracted, followed
by preprocessing of the data. This included, for instance, removing data from papers that
lacked certain important fields (such as title, authors, publication year, publishing organi-
zation, abstract, cited papers, etc.), eliminating data from authors’ historical behavior that
had no publication or citation records, and performing data transformation, normalization,
and integration operations. The resulting dataset is presented in Table 2.
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Table 2. DBLP-v11 experimental dataset.

Data Type Quantity
Paper 716,549
Author 976,544
Year 5
Publishing Institution 4023
Author’s Affiliated Institution 571,659

4.2. Baseline Models

CF: Traditional collaborative filtering is a recommendation algorithm based on user
behavior data that recommends items that users may be interested in by analyzing the
similarities between users and items.

NCEF: The neural collaborative filtering model employs a neural network structure to
represent users and items as vectors and learns the implicit features of their interactions to
output predicted scores.

DeepCoNN [34]: DeepCoNN is a deep neural network model specifically designed to
predict user ratings for items. It achieves this by jointly considering domain and language
features between users and items.

DKN [35]: DKN is a knowledge graph-based deep learning recommendation algorithm
that leverages semantic information from knowledge graphs to understand user needs and
item content, thereby better comprehending user interests and behaviors.

PNA [36]: PNA is an innovative graph neural network model that significantly en-
hances the model’s ability to capture and utilize graph-structured data by integrating
multiple aggregators and scalers, thus achieving more accurate predictions and more
efficient decision-making.

RGCN [37]: RGCN is a graph convolutional network capable of handling multi-
relational heterogeneous graphs. It captures the complex interactive relationships between
entities in the graph by considering the features of nodes on different types of edges during
the node feature update process.

EGAT [38]: EGAT is a graph neural network architecture that improves the learning
ability on graph data by integrating both node and edge features, which is suitable for
scenarios where edge features significantly impact the outcome of the task.

4.3. Evaluation Metrics

This paper employs the leave-one-out method as the validation approach. It is a form
of cross-validation where the dataset is divided into n subsets, with each subset used as the
test set once while the remaining n — 1 subsets serve as the training set for training and
validation. In the experiments in this paper, for each user, the most recent paper interacted
with is taken as the test set, and the remaining papers interacted with constitute the training
set. This method helps prevent overfitting and underfitting and can more accurately assess
the model’s generalization capability.

For each user u;, 99 papers not interacted with by that user are randomly selected and
ranked together with the test paper to determine the ranking position of the test paper
among these 100 papers, thereby evaluating the recommendations’ effectiveness. This
paper selects the top 10 in the ranking as the recommendation list for evaluation, allowing
a certain margin for error [33].

Regarding this recommendation list, hit ratio (HR) and normalized discounted cumu-
lative gain (NDCG) are used as metrics to judge the recommendation performance:

18
HR = ;hzts(z) (25)

In Equation (25), N represents the total number of users, and hits(i) indicates whether
the test paper of the i-th user is present in the recommendation list. If the test paper is
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in the list, hits(i) is 1; otherwise, it is 0. A larger HR (hit ratio) value indicates a higher
recommendation accuracy rate of the model.

NDCG = — (26)

2 log2 pi+1)

In Equation (26), N represents the total number of users, and p; represents the po-
sition of the i-th user’s test paper in the top 10 recommendation list. If the test paper
is not included in the recommendation list, p; tends toward infinity. Therefore, a larger
NDCG (normalized discounted cumulative gain) value indicates better recommendation
performance by the model.

To calculate precision and recall, this paper collects and constructs positive samples
from the papers that the authors have actually published or cited and randomly selects
negative samples from research areas where the user has not shown interest.

. TP
Precision = TP L EP (27)
Precision refers to the proportion of papers in the recommendation list that the user is
genuinely interested in, relative to the total number of papers in the recommendation list.
The formula is given by Equation (27), where TP (true positives) is the number of papers in
the recommendation list that the user is interested in, and FP (false positives) is the number
of papers in the recommendation list that the user is not interested in.

TP
Recall = ——— 28
T TPLEN 28)
Recall refers to the proportion of papers in the recommendation list that the user is
genuinely interested in, relative to the total number of papers the user is interested in.
The formula is given by Equation (28), where FN (false negatives) is the number of papers
that the user is interested in but were not recommended in the recommendation list.

4.4. Experimental Results and Analysis

Experiments were conducted on the DBLP-v11 dataset with the following parameters:
the vector dimension D = 512, the number of neighbors extracted per layer in the knowledge
graph M = 16, and the number of aggregation layers in the knowledge graph L = 2.
The experimental results are presented in Table 3 below.

Table 3. The comparative experimental results.

Model HR NDCG Prec@10 Rec@10
CF 0.386 0.245 0.197 0.238
NCF 0.655 0.390 0.355 0.372
DeepCoNN 0.714 0.431 0.423 0.455
DKN 0.757 0.453 0.484 0.522
RGCN 0.769 0.459 0.512 0.526
EGAT 0.786 0.477 0.525 0.565
PNA 0.791 0.481 0.534 0.551
MFPRKG 0.812 0.497 0.553 0.589

The results indicate that the model presented in this paper outperforms other base-
line methods based on the selected evaluation metrics. The CF method is susceptible to
the adverse effects of data sparsity and only considers the similarity between users and
papers without utilizing richer feature information, leading to very poor recommendation
performance. The NCF model, which is based on CF, shows a significant improvement,
likely due to the introduction of neural networks to learn the interaction features between
users and papers, thereby mitigating the impact of data sparsity. However, the NCF
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model only considers implicit feedback information and does not fully utilize the textual
information of papers. In contrast, the DeepCoNN model, which takes into account the
domain and language features of users and papers, achieved a notable improvement in
recommendation accuracy. The recommendation methods that incorporate knowledge
graphs, such as DKN, RGCN, PNA, and EGAT, consider the connections between various
entities and integrate higher-order information into the recommendation process, resulting
in a considerable enhancement in recommendation performance. DKN leverages semantic
information from knowledge graphs to deeply understand user needs and paper content,
while RGCN further improves the accuracy of recommendations by dealing with complex
interactions in multi-relational heterogeneous graphs. The PNA model, by integrating
multiple aggregators and scalers, significantly enhances the capture and utilization of
graph-structured data, demonstrating excellent performance in recommendation tasks.
The EGAT model, by integrating both node and edge features, effectively addresses the
impact of edge features on task results, enhancing the personalization of recommendations.

The MFPRKG model achieves better performance than other baseline methods in eval-
uation metrics. The MFPRKG model comprehensively utilizes various information sources
and advanced recommendation algorithms to more accurately capture users’ implicit and
explicit feedback, the deep semantic information of paper content, and the interconnec-
tions between various entities, ultimately resulting in higher accuracy and personalized
recommendation outcomes.

The selection of hyperparameters is crucial to the performance of the recommenda-
tion model. This paper experimentally investigates the impact of adjusting the vector
dimension D for users and papers, the number of aggregation layers L in the knowledge
graph, and the number of neighbors M extracted per layer on the recommendation effect.
Experiments were conducted to evaluate the recommendation performance under different
hyperparameter values, and the results are depicted in Figures 3 and 4.

HR
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Figure 3. The impact of different parameters on HR.
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Figure 4. The impact of different parameters on NDCG.

Firstly, experiments were conducted with different values for the vector dimension
D between users and papers, specifically selecting D = 128, D = 256, and D = 512. As the
value of D increased, the performance of the recommendation model gradually improved.
A lower dimension may lead to information loss and insufficient model expressiveness,
while a higher dimension might increase the model’s complexity. After considering the
trade-offs, D was set to 512 to achieve better recommendation results.

Next, the impact of the number of knowledge graph aggregation layers L on model
performance was studied, with considerations of L =1, L =2, and L = 3. The results showed
that the model performed best when L was set to 2. A lower number of layers might limit
the model’s consideration of multi-layered information interactions, while a higher number
of layers, although increasing the model’s complexity, could lead to overfitting. Therefore,
L was set to 2.

Finally, the effect of the number of neighbors M extracted per layer in the knowledge
graph on the recommendation effect was explored, with experiments conducted using
M =8, M =12, and M = 16. The experimental results indicated that as the value of
M increased, the performance of the recommendation model also improved gradually.
A smaller number of neighbors might restrict the model’s perception range around a node,
while a larger number of neighbors allows for a more comprehensive consideration of the
node’s neighboring information. Based on the experimental results and time considerations,
M was set to 16 in this paper.

To verify the performance of the user vector representation and paper vector represen-
tation modules proposed in this paper within the model, comparisons were made between
this paper’s model and its variants. In the experiments, MFPRKG-P represents the model
that includes only the paper vector representation module, while the user vector is obtained
through random processing. MFPRKG-U, on the other hand, represents the model that
includes the user vector representation module, but the paper vector is obtained using the
Word2Vec model. The experimental results of the MFPRKG model and its variants on the
dataset are presented in Table 4.

Table 4. Results of ablation experiment.

Evaluation Metrics HR NDCG Prec@10 Rec@10
MFPRKG-U 0.739 0.440 0.492 0.523
MFPRKG-P 0.716 0.427 0.478 0.507

MFPRKG 0.812 0.497 0.553 0.589
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From the ablation study results, it can be observed that the MFPRKG-U model per-
forms better than the MFPRKG-P model in terms of evaluation metrics. This may be
attributed to the fact that while the MFPRKG-U model only includes the user vector repre-
sentation module, the paper vector representation obtained through the Word2Vec model
still provides a certain level of recommendation accuracy. In contrast, the MFPRKG model
lacks a deeper level of processing for user features and offers little analysis of user inter-
ests and characteristics, which results in slightly lower performance. Meanwhile, in the
FEPRKG model, the features of both users and papers are enhanced through a multi-feature
approach; hence, it outperforms both the FEPRKG-P and FEPRKG-U models in these
two metrics.

5. Conclusions

This paper aims to explore ways to enhance the accuracy and personalization of aca-
demic paper recommendation systems. It proposes a Multi-Feature-Enhanced Academic
Paper Recommendation Model with Knowledge Graph and validates its effectiveness
through experiments. Utilizing attention mechanisms and deep learning methods, this
paper delves into mining textual and relational features of papers, integrating temporal
information of publication and citation, as well as edge information from the academic
citation network. Through this multidimensional feature fusion, more representative paper
vectors and user vectors are obtained. These vectors are then combined with an improved
neural collaborative filtering (NCF) model to produce the final recommendation results.
The experimental results demonstrate that, on the DBLP-v11 dataset, the proposed model
achieves improvements in evaluation metrics, showing better recommendation accuracy
and personalization compared to traditional recommendation algorithms and baseline
models. The ablation experiments confirm the importance of the user vector representation
and paper vector representation modules within the model. The hyperparameter exper-
iments analyze the impact of different parameters on the results. However, the model
proposed in this paper still has some limitations. For instance, the model may be con-
strained by the dataset and the timeliness of the recommendations may not be sufficiently
high. Future work will focus on further optimizing the model’s design to better meet the
needs of researchers.
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