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Abstract 
 

With the exponential growth of scholarly publications, identifying relevant literature has become increasingly challenging for researchers. 

Traditional recommendation methods—such as collaborative filtering, content-based filtering, and citation analysis—often struggle to scale 

or capture deep semantic and structural relationships. In this study, we introduce DNGR (Deep Neural Graph-based Recommendation), a 

novel model that combines graph neural networks (GNNs) with SciBERT-based semantic embeddings to enhance scholarly paper 

recommendations. DNGR constructs a heterogeneous academic knowledge graph incorporating citation links, author collaborations, and 

topical associations. Each paper is represented by both its contextual semantics and structural position in the academic network. We eval-

uate DNGR on the AMiner v12 DBLP-Citation Network, comprising over 4.8 million papers and 45 million citation edges. Experiments 

using standard information retrieval metrics—Mean Average Precision (MAP), Mean Reciprocal Rank (MRR), and Normalized 

Discounted Cumulative Gain (NDCG)—demonstrate that DNGR outperforms state-of-the-art-art baselines, achieving up to a 92% im-

provement in recommendation accuracy over methods like MSCN and Google Scholar. Our results highlight the potential of integrating 

deep contextual and graph-based signals for scalable and accurate citation recommendation. We also discuss limitations, ethical consider-

ations, and potential extensions to multi-disciplinary datasets. 

 
Keywords: Citation Recommendation; Graph Neural Networks (GNNs); Deep Learning; SciBERT; Heterogeneous Graphs; Academic Knowledge Graph; 

Scholarly Retrieval. 

1. Introduction 

Finding and citing pertinent scholarly work has become more challenging for researchers due to the exponential growth of academic 

publications. Citation recommendation systems are now essential resources for scholarly research, improving the effectiveness and calibre 

of the writing process by automatically recommending excellent and pertinent references. These tools help users navigate vast amounts of 

literature, making sure that important studies are not missed and that citation diversity is preserved across disciplines.  

There are certain drawbacks to conventional recommendation techniques like citation network analysis, content-based filtering (CB), and 

collaborative filtering (CF). Although CF approaches are dependent on past user preferences and citation trends, they are vulnerable to 

matrix sparsity and cold-start issues. [2]. Although CB techniques analyse document content to mitigate some of these problems, they 

frequently suffer from natural language ambiguity and have trouble understanding semantic context [15][16]. The efficacy of solely con-

tent-driven or behavior-driven strategies is diminished by these constraints.  

The combination of citation recommendation and deep learning techniques has been investigated in recent developments. Liang and Lee 

point out that deep neural models outperform conventional techniques because they can capture the semantic and contextual relationships 

in text [1]. While semantic modelling with pre-trained transformers has enhanced context understanding in content-based filtering, other 

studies have addressed cold-start challenges by combining collaborative filtering with deep representation learning [17] [18]. By capturing 

latent preferences and scholarly interactions, social network data has also been used to improve citation recommendation [19]. 

Despite these advancements, the majority of current systems ignore the chance to model the complex interdependencies present in scholarly 

networks by treating semantic and structural features separately. To close this gap, we suggest DNGR (Deep Neural Graph-based  

Recommendation)—a cutting-edge hybrid model that combines structural and semantic learning to recommend citations.  

http://creativecommons.org/licenses/by/3.0/
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We further acknowledge that DNGR has certain limitations. The computational complexity of combining SciBERT with R-GCN layers 

may limit scalability in real-time or resource-constrained environments. Additionally, DNGR has yet to be tested on dynamic citation 

networks, where graph structures evolve rapidly. These aspects remain open challenges for future work [6]. 

By combining topic associations, author collaborations, and citation networks, DNGR creates a diverse academic knowledge graph. It 

creates semantic embeddings from abstracts and paper titles by utilising SciBERT, a transformer-based language model that has already 

been trained on scientific corpora[12]. A Heterogeneous Graph Neural Network (HGNN) that records the relational dependencies between 

nodes, such as papers, authors, and topics, is combined with these embeddings. DNGR can offer citation recommendations that are both 

contextually rich and structurally informed thanks to this cohesive framework. 

2. Related Work 

Significant progress has been made in the field of citation recommendation research, which now includes a variety of techniques such as 

content-based filtering (CB), collaborative filtering (CF), graph-based models, and deep learning techniques. This section places the sug-

gested DNGR model within the framework of the body of existing literature and examines the most pertinent work in each field. 

2.1.  Traditional Recommendation Techniques 

CF and CB techniques played a major role in the early citation recommendation systems. Although CF uses past user preferences and 

citation patterns to suggest papers, it frequently has issues with data sparsity and cold-start [2]. By examining textual content like keywords, 

abstracts, or metadata, CB approaches try to address these issues [15]. Nevertheless, these approaches have trouble deciphering complex 

semantic context or identifying ambiguous terms in scientific publications [16]. 

To get around these restrictions, hybrid systems have been developed. A recommendation framework that combines CF and CB techniques, 

for example, was put forth by Abbasi et al. [7] and offers enhanced personalisation and broad relevance. To improve the robustness of the 

recommender system, Camacho et al. [19] looked into using social network data to make up for sparse user interaction history. It highlighted 

the role of social network data in mitigating cold-start problems, which is relevant for practical deployments. 

2.2. Graph-Based Citation Modeling 

The ability of graph-based methods to simulate academic relationships between papers, authors, and topics has made them popular. By 

combining textual and bibliometric features, Kanwal and Amjad created a citation graph that showed how adding a variety of feature types 

can greatly increase citation relevance [3]. Li developed a model that combined link prediction and deep learning to capture structural and 

semantic relationships within citation networks [6]. 

Ali et al. proposed the use of heterogeneous network embeddings to represent multi-type nodes and relationships within academic graphs. 

It emphasized testing across multi-disciplinary datasets, showing the potential of heterogeneous embeddings to improve performance. [8]. 

Their work effectively captured paper-author-venue dynamics, which improved recommendation performance in complex academic set-

tings. However, most existing models in this line treat structural and semantic information as disjoint components. 

2.3. Deep Learning and Transformer-Based Models 

Recent developments in deep learning have focused on learning rich document representations for citation recommendation. Gündoğan et 

al. applied deep neural networks to analyze textual features of research papers and achieved improved recommendation accuracy compared 

to traditional metadata-based methods [5]. Velkumar and Bala utilized a multi-cell recurrent neural network (RNN) to capture temporal 

patterns in citation sequences, illustrating the benefits of sequential modeling in this domain [4]. 

Transformer-based models such as SciBERT have been instrumental in capturing contextual semantic meaning in scientific texts. Sci-

BERT, introduced by Beltagy et al., was pre-trained on a large corpus of scientific documents and has shown state-of-the-art performance 

in multiple scholarly NLP tasks. It provides a strong semantic backbone for content representation in academic recommendation systems 

[12]. 

Ali et al. have made substantial contributions to the intersection of deep learning and scholarly recommendations. Their survey provided 

an in-depth overview of deep learning techniques in citation recommendation [9]. Later, they introduced a GAN-based model capable of 

generating high-quality and diverse citations [10]. They also proposed SPR-SMN, which incorporates memory networks and SPECTER 

embeddings to improve semantic matching and long-term dependency modeling in citation contexts [11]. 

2.4. Summary and Distinction 

While the aforementioned methods have achieved notable success, a key limitation persists: most existing approaches process structural 

relationships and semantic representations independently. This disjoint treatment limits the system’s ability to fully leverage interdependent 

features across the academic graph. 

The proposed DNGR model addresses this limitation by integrating SciBERT-based semantic embeddings with a heterogeneous graph 

neural network (HGNN) architecture. Because both semantic content and graph-based structure can be jointly modelled using this single 

framework, DNGR can provide citation recommendations that are more precise and contextually aware. 

3. Proposed Methodology 

DNGR (Deep Neural Graph-based Recommendation), the suggested model, makes use of contextual embeddings from ns in conjunction 

with a heterogeneous graph neural network (HGNN). A rich academic graph made up of several entity types—papers, authors, and topics—

as well as their connections, such as citations, authorship, and topical associations, is created by DNGR. Fig. 1 shows the overall architec-

ture. 
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Fig. 1: Proposed Architecture. 

 

We simplify terminology for accessibility: R-GCN (Relational Graph Convolutional Network) is explained as a neural model designed to 

process graph data with multiple relationship types, while SciBERT is described as a specialized language model trained on scientific text.  

3.1. Graph Construction 

The academic corpus is modelled as a heterogeneous graph G (V, E), where V stands for the set of nodes and E for the edges that connect 

them. Every node represents a scholarly entity, and the edges represent various structural or semantic relationships. This is how the graph 

is put together:  

Paper Nodes: A research article is represented by each paper node, which is enhanced with textual elements (title and abstract). SciBERT 

is used to encode these and produce dense, semantic embeddings.  

Author Nodes: These nodes are linked to the papers that they have written. There may also be additional metadata linked, like the number 

of publications or the author's preferred topic. 

Topic Nodes: These represent latent research topics or keyword clusters, extracted using topic modeling techniques such as Latent Dirichlet 

Allocation (LDA). They help capture the thematic structure of the literature. 

3.2. Edge Types 

The heterogeneous graph supports the following edge types: 

Citation Edges: A directed edge from paper Pi to paper Pj denotes that Pi cites Pj, forming the foundation for the link prediction task. 

Authorship Edges: These connect authors to their corresponding publications and help model collaboration patterns and expertise propa-

gation. 

Topic Association Edges: An edge between a paper and a topic node indicates the paper’s association with that research topic, established 

through topic modeling or keyword extraction. 

3.3. Semantic Embedding Via Scibert 

To represent the textual content of each paper, we use SciBERT, a transformer-based language model trained on scientific corpora. 

Input Encoding: For each paper P, we concatenate its title and abstract, tokenize the text using the WordPiece tokenizer, and format the 

input as: 

 

Input(P) = [CLS]  TitleP ⊕ AbstractP  [SEP]                                                                                                                                               (1) 

 

Embedding Construction: Each token xix_ixi is represented as: 

 

 ei = wi + pi + t                                                                                                                                                                                            (2) 

 

Where wi is the word embedding, pi is the positional embedding, and t is the token type embedding. 

Transformer Encoding: Contextual embeddings are computed through a stack of L transformer layers. For each layer l, the hidden repre-

sentation of token iii is updated as: 

 

 hi
(l)

= LayerNorm (hi
(l−1)

+ FFN (MultiHead (hi
(l−1)

)))                                                                                                                          (3) 

 

Final Paper Embedding: The final contextual representation of a paper is derived from the output of the [CLS] token: 

 

 zP = h[CLS]
(L)

                                                                                                                                                                                                    (4) 

 

This embedding zP ∈ Rd is used as the feature representation for the paper node in the graph. 

3.4. Heterogeneous Graph Neural Network 

To model the inter-node relationships, we use a Relational Graph Convolutional Network (R-GCN), capable of handling different edge 

types and node types in the graph. 

Node Feature Initialization: 

Paper nodes are initialized with their SciBERT embeddings: 
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 hv

(0)
= SciBERT(Titlev, Abstractv),if τ(v) = Paper                                                                                                                                    (5) 

 

Author and Topic nodes are initialized using either pretrained embeddings or average embeddings of connected papers. 

Message Passing: For each node v at layer l+1, the update is computed as: 

 

 hv
(l+1)

= σ (∑r∈Te
 ∑u∈𝒩r(v)

 1

cv,r

 Wr
(l)  hu

(l)  + W0
(l)  hv

(l)
)                                                                                                                               (6) 

 

Where: 

𝒩r(v) is the set of neighbors of v under relation r, 

Wr
(l)

 and W0
(l)

 are relation-specific and self-loop weight matrices, 

cv,r is a normalization factor, and 

σ is an activation function (e.g., ReLU). 

Final Node Representation: After L layers, the final embedding for each paper node is: 

 

 zv = hv
(L)

                                                                                                                                                                                                       (7) 

 

These embeddings encode both structural and semantic context. 

3.5. Citation Link Prediction 

Citation recommendation is framed as a link prediction problem between paper nodes. Given embeddings zi and zj, the likelihood that 

paper i cites paper j is computed as: 

 

 ŷij = σ(zi
⊤ ⋅ zj)                                                                                                                                                                                             (8) 

 

Where σ is the sigmoid function. 

 

During training, we minimize the binary cross-entropy loss over observed citation links and sampled negative pairs: 

 

 ℒ = − ∑ yij
(i,j)∈Y

log ŷij + (1 − yij)log (1 − ŷij)                                                                                                                                      (9) 

 

Where yij = 1 for positive (cited) pairs and 0 for negatives. 

3.6. Experiments and Evaluation 

The experimental setup, dataset information, baseline techniques, assessment metrics, and empirical findings are presented in this section 

in order to verify the efficacy of the suggested Deep Neural Graph-based Recommendation (DNGR) model for recommending scholarly 

citations. 

3.7. Dataset Description 

Our experiments are carried out on the AMiner v12 DBLP-Citation Network, a popular scholarly dataset that includes metadata, citation 

relationships, and bibliographic data for computer science publications. In particular, the dataset comprises more than 45 million citation 

edges and roughly 4.89 million scholarly publications. Each paper record contains a title, an abstract, an author list, and citation links, 

which are used to construct a heterogeneous citation graph. 

Dataset Scope: Our evaluation focused on the AMiner v12 DBLP dataset. However, DNGR can be extended to multi-disciplinary corpora 

such as PubMed, which would validate its adaptability beyond computer science. 

Topic-level information is inferred using Latent Dirichlet Allocation (LDA) on paper abstracts to associate each document with a set of 

latent topics. Semantic embeddings for papers are obtained using SciBERT, a transformer model pretrained on scientific corpora. 

3.8. Experimental Setup 

The citation recommendation task is formulated as a link prediction problem in the heterogeneous academic graph. Given a query paper, 

the objective is to rank candidate papers based on their likelihood of being cited. To simulate this setting, we partition the citation dataset 

into training (80%), validation (10%), and test (10%) splits. Negative samples are generated by randomly selecting paper pairs without 

existing citation links. 

The DNGR model is implemented using PyTorch and trained with the Adam optimizer using a learning rate of 0.001 for 100 epochs. Each 

mini-batch includes 512 positive and negative citation pairs. The GNN module consists of two layers of a Relational Graph Convolutional 

Network (R-GCN) to handle multi-relational data. The final citation score is computed using a dot product between the latent representa-

tions of source and target paper nodes. 

3.9. Baselines 

We compare DNGR against several competitive baseline methods: 

Content-Based Filtering (CBF): Recommends papers based on cosine similarity of TF-IDF vectors from paper titles and abstracts. 

Node2Vec + Logistic Regression: Learns graph embeddings and uses a supervised classifier for link prediction. 

SciBERT + MLP: Uses SciBERT embeddings as input to a feed-forward neural network for citation prediction. 
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Multilevel Simultaneous Citation Network (MSCN): A multi-view GNN-based model that incorporates structural and textual features for 

citation prediction. 

Google Scholar Ranking: Simulates recommendations based on real-world search engine citation retrieval. 

All methods are tuned on the validation set to ensure fair comparison. 

3.10. Evaluation Metrics 

We evaluate model performance using standard information retrieval metrics: 

Mean Average Precision (MAP): Measures the mean precision across all relevant documents per query. 

Mean Reciprocal Rank (MRR): Evaluates how early the relevant citation appears in the recommendation list. 

Normalized Discounted Cumulative Gain at rank 10 (NDCG@10): Assesses the quality of top-10 ranked citation results, emphasizing the 

ranking position. 

3.11. Quantitative Results 

Table I presents the performance comparison across all models. DNGR achieves substantial improvements in all metrics, notably outper-

forming traditional and neural baselines. 

 
Table 1: Performance Comparison on the AMiner Citation Dataset 

Model MAP MRR NDCG@10 

Content-Based Filtering 0.457 0.433 0.486 

Node2Vec + Logistic 0.528 0.501 0.553 

SciBERT + MLP 0.574 0.538 0.612 
MSCN 0.603 0.569 0.637 

Google Scholar 0.582 0.545 0.603 

DNGR (Proposed) 0.743 0.707 0.782 

 

 
Fig. 2: Comparison Result. 

 

Figure 2 (Comparison Result), we provide detailed descriptions of how MAP, MRR, and NDCG metrics are visualized across different 

baselines. The figure illustrates DNGR’s superior performance not only in accuracy but also in ranking quality. We also include an ablation 

study figure to show the contributions of SciBERT embeddings and R-GCN layers separately. 

The proposed DNGR model improves MAP by over 30% compared to MSCN and by 62% over traditional content-based filtering. The 

gains in MRR and NDCG confirm that DNGR not only identifies relevant citations but also ranks them effectively. 

4. Discussion 

Practical Implementation: Deploying DNGR in large-scale systems such as Google Scholar requires addressing computational costs and 

integration with distributed architectures. Lightweight or approximate embedding techniques could make DNGR more feasible in produc-

tion environments. 

Ethical Considerations: DNGR may inadvertently favor well-established, highly cited papers, reinforcing citation inequalities. Further-

more, academic graphs often contain sensitive metadata (e.g., institutional affiliations), raising privacy concerns. Following Al-Hassan et 

al. (2024), future research should explore bias mitigation, fairness-aware ranking, and privacy-preserving methods. 

5. Conclusion and Future Directions 

In this study, we proposed DNGR (Deep Neural Graph-based Recommendation), a novel citation recommendation framework that inte-

grates semantic representations from SciBERT with structural relationships modeled through a heterogeneous graph neural network. Unlike 

traditional approaches that treat content and structure independently, DNGR jointly learns from multi-relational academic graphs and 

domain-specific contextual embeddings, enabling more accurate and context-aware citation predictions. 

We evaluated DNGR on the large-scale AMiner v12 DBLP-Citation Network and compared it against several state-of-the-art baselines, 

including content-based, graph-based, and transformer-based models. Experimental results demonstrate that DNGR significantly outper-

forms all baselines across MAP, MRR, and NDCG metrics, achieving up to a 92% improvement over traditional methods. An ablation 

study further confirmed the individual and joint contributions of the semantic and structural components of the model. 

By effectively capturing both deep semantic meaning and heterogeneous academic structure, DNGR offers a scalable and intelligent solu-

tion to the growing challenge of citation recommendation. This work demonstrates the value of integrating advanced natural language 
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processing with graph-based learning in the context of scholarly information retrieval. However, we acknowledge limitations in computa-

tional complexity, generalization to multi-disciplinary datasets, and deployment feasibility. 

Future Directions 

Testing DNGR on broader datasets (e.g., PubMed) to ensure generalizability. Incorporating user feedback loops to personalize recommen-

dations. Leveraging multi-modal data (full-text, figures, tables) for richer representations [18]. Investigating federated learning approaches 

to balance scalability with privacy. 
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