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Abstract. Scientific data are crucial for conducting and validating 
research, yet they are often undervalued and poorly integrated within 
the broader scientific ecosystem. This issue is reflected in the typically 
inadequate documentation of datasets and their weak connections to 
other research outputs in Scholarly Knowledge Graphs (SKGs). 

Real-world SKGs present several challenges, including their large 
scale, heterogeneity (with nodes such as authors, venues, papers, and 
datasets), sparsity, and incompleteness (e.g., partial or missing descrip-
tive nodes’ metadata). SKGs are also dynamic, constantly evolving as 
new entities are introduced. 

This paper presents a novel method for heterogeneous graph represen-
tation designed to improve publication-dataset link prediction – crucial 
for enhancing data discoverability and reuse. Our approach effectively 
addresses the challenges outlined, ensuring suitability for inductive set-
tings. Extensive evaluations demonstrate that our method outperforms 
state-of-the-art techniques, showcasing its robustness and effectiveness in 
a wide range of scenarios. This makes it a viable solution for real-world 
applications, where it can contribute to improving search and access to 
scientific data within SKGs. 

Keywords: Dataset link prediction · Scholarly knowledge graphs · 
Representation learning 

1 Introduction 

Sharing and reusing scientific data – encompassing observations, experimen-
tal results, and research-derived information – is now a key part of the sci-
entific progress [ 4, 26, 36]. Scientific data allow for validating hypotheses, pow-
ering experiments, training AI algorithms, and accelerating research advance-
ments. However, the historical absence of widely accepted practices for sharing, 
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describing, and citing data has led to poorly documented datasets that are hard 
to find and only loosely connected to related research. As a result, many scien-
tific datasets remain underappreciated and underutilized by the scientific com-
munity [ 5, 6, 26]. While proper data citation is crucial for giving credit to data 
curators, robust publication-dataset linking methods are essential for locating 
relevant datasets and connecting them to publications [ 9], enhancing the visi-
bility of both datasets and their associated authors, improving reusability, and 
amplifying their overall impact on scientific research. 

In this context, Scholarly Knowledge Graphs (SKGs), heterogeneous 
attributed graphs interconnecting research outcomes, are crucial for efficiently 
collecting, organizing, and exploring the vast amount of scholarly data – such as 
publications, authors, and keywords – and their interconnections. Several SKGs, 
such as the Microsoft Academic Knowledge Graph (MAKG) [ 32], Open Research 
Knowledge Graph (ORKG) [ 20], and the OpenAIRE Graph (OAG) [ 23], repre-
sent datasets along with other entities. These graphs are characterized by their 
dynamic nature (with new publications and datasets continually being added), 
incompleteness (with publications typically having rather complete metadata 
while datasets often lack adequate descriptions), and sparsity (loosely connected 
publications and datasets). Isolated or loosely connected datasets in SKGs, com-
bined with incomplete and low-quality descriptive metadata, make these datasets 
difficult to discover and reuse effectively [ 18]. To address these issues, there is 
an urgent need for advanced automatic methods to infer missing links between 
publications and datasets, thereby enhancing SKG connectivity and dataset dis-
coverability. These methods must be robust to manage heterogeneity, noise and 
sparsity, adaptable to leverage graph topology when text is lacking and versatile 
to eliminate the need for costly retraining whenever new data is added. Estab-
lishing links between publications and datasets is essential for building dense, 
interconnected research networks that support a variety of downstream tasks. No 
method has been developed explicitly for connecting publications with datasets. 
The most advanced approaches in the scholarly domain leverage Graph Rep-
resentation Learning (GRL) [ 13, 24, 37], which transform graph elements into 
continuous vector spaces to capture structural and semantic properties. While 
not explicitly designed for publication-dataset link prediction, some GRL meth-
ods can be adapted for this purpose. These methods include both homogeneous 
approaches [ 16, 21, 30], which assume uniform node and edge types, and hetero-
geneous approaches [ 7, 8, 13, 24, 35, 37], which are tailored for graphs with diverse 
type of nodes and relationships. 

In this work, we propose the Scholarly Attention Network (SAN) method and 
evaluate its performance on dataset link prediction. SAN leverages heterogeneous 
graph representation and is designed to operate in real-world settings, accom-
modating heterogeneous, sparse, and noisy SKGs. Additionally, SAN works in 
both transductive and inductive scenarios – a capability tested for the first time 
here – and is effective whether full, or incomplete metadata are available. For 
evaluation, we rely on subsets of OAG, the backbone of the European Open Sci-
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ence Cloud (EOSC, https://eosc.eu/), which is open-access, frequently updated, 
and comprizes scientific datasets. 
We address three research questions: 

RQ1 (Robustness). How well can dataset link prediction methods cope with 
the noise and sparsity commonly found in real-world SKGs? 

RQ2 (Adaptability). Is it possible to strengthen the role of graph structure 
when textual metadata is limited? 

RQ3 (Versatility). Can the models perform reliably in both transductive and 
inductive learning scenarios? 

The main contributions of this work are as follows: 

– Introduction of SAN, a novel heterogeneous graph representation method 
that demonstrates effectiveness and stability across transductive, inductive, 
and semi-inductive scenarios. 

– A comprehensive evaluation across environments varying from metadata-rich 
to metadata-free, showing that SAN performs well in situations where text is 
scarce by effectively utilizing graph topology. 

– A comparative analysis against existing graph-based baselines, revealing con-
sistent improvements across all evaluated settings. 

Outline. In Sect. 2 we describe current state-of-the-art GRL methods; in Sect. 3 
we formalize the dataset link prediction task; in Sect. 4 we describe the SAN 
method; in Sects. 5 and 6 we describe the experimental setup and discuss the 
results. In Sect. 7, we report an ablation study. Finally, in Sect. 8, we draw some  
conclusions. 

2 Related Works 

2.1 Scholarly Knowledge Graphs (SKGs) 

SKGs are structured representations of scientific outputs, interconnecting enti-
ties such as publications, authors, and datasets. Despite the growing recognition 
of the value of datasets, several scholarly graphs, like AMiner [ 27] and  DBLP  [  22], 
primarily focus on mapping connections between publications. 

In contrast, more recent SKGs have started incorporating datasets, such as 
the MAKG [ 32], which includes 200 million nodes and over 10 billion relation-
ships; the ORKG [ 20], which contains about 5 million nodes and 50 million 
relationships; the DSKG [ 11], linking 2,000 datasets to 635,000 publications 
(and other Linked Data sources like MAKG, ORCID, and Wikidata); and the 
OAG [ 23], the largest with 227 million nodes and 15 billion relationships, offering 
open access to more than 60 million datasets. Recently, the MES graph [ 19], a 
subgraph of OAG, was published. It is semi-automatically curated and serves as 
a reliable ground truth dataset for testing graph-based machine learning algo-
rithms.

https://eosc.eu/
https://eosc.eu/
https://eosc.eu/
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On the other hand, we found that several state-of-the-art methods have been 
evaluated on resources that were excluded from our study due to various lim-
itations – such as a high degree of homogeneity, task-specific design, reliance 
solely on metadata for prediction and recommendation, or a lack of represen-
tation of real-world SKGs. Specifically: (i) LinearSVM_Dataset is a bipartite 
graph with only 1, 691 dataset titles (from DSKG [ 11]) and 88K abstracts from 
MAKG, offering limited structural and relational diversity; (ii) The DataFinder 
Dataset [ 31] is not a proper SKG, as it lacks critical node types such as authors, 
venues, and organizations, consisting solely of 17K textual queries paired with 
7K relevant datasets; (iii) The Delve [ 1] subsets, include datasets linked to an 
average of two publications each – a connectivity level that does not reflect the 
higher sparsity observed in real-world SKGs, where most datasets are linked to 
only a single publication. 

2.2 Publication-Dataset Link Prediction 

To date, no existing method specifically addresses the problem of interlink-
ing publications and datasets. A straightforward approach could involve gen-
erating separate embeddings for publications and datasets, and then combin-
ing them to assess their mutual relevance and establish meaningful connections 
between them. Several methods exist to generate the embeddings. Techniques 
like Node2Vec [ 15] and Metapath2Vec [ 10] capture structural features through 
graph exploration and generate node embeddings. Translational models like 
TransE [ 3] represent relationships as vector translations, making them effec-
tive for capturing semantic similarity between entities. ComplEx [ 28] extends 
this by handling asymmetric relations using complex-valued embeddings. Other 
methods instead rely on GRL. 

Graph Representation Learning (GRL). Representation learning in graphs 
aims at converting nodes, edges, or entire graphs into continuous vector spaces 
in a way that the resulting representations effectively capture the graph’s struc-
tural, semantic, and relational information. These representations are used to 
perform various tasks, including node classification, link prediction, and recom-
mendation. 

Some approaches are designed for homogeneous graphs. Graph Convolutional 
Networks (GCNs) [ 21] focuses on learning node embeddings by aggregating 
and transforming information from neighboring nodes with graph convolutions. 
GraphSAGE [ 16] samples a fixed set of representative neighbors from each node 
and aggregates neighbors’ representations based on mean, LSTM or pooling 
techniques. GAT [ 30] employs a similar method and proved to be effective on 
inductive settings by learning nodes representations via attention mechanism. 

Other GRL techniques focus on heterogeneous graphs [ 34], which is more 
challenging due to the multiple types of nodes and edges, and varying feature 
sets across nodes. HetGNN [ 37] addresses these challenges by sampling neigh-
bors for each type from a node’s neighborhood and aggregating them using a
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bi-LSTM. RGCN [ 8] builds on GCNs by incorporating edge and node types. 
Other methods use attention mechanisms: GATNE [ 7] handles multiplex graphs 
by integrating edge attributes, while HGT [ 17] employs a transformer-based 
and type-specific attention mechanism to manage diverse node and edge types. 
HAN [ 35] and MAGNN [ 13] leverage metapaths, sequences of node and edge 
types that define relational patterns, with HAN aggregating information from 
different metapaths and MAGNN performing both intra- and inter-metapath 
aggregation. HiNormer [ 24] uses two encoders, a local structure encoder and a 
heterogeneous relation encoder. 

HAN, HGT, HetGNN, MAGNN, and HiNormer have been tested on var-
ious subsets of AMiner and DBLP, but they considered only heavily cleaned 
subgraphs without dataset nodes. HetGNN and HGT were evaluated for link 
prediction (HetGNN for author-author and HGT for paper-author links). 

3 Task Definition and Challenges 

This section provides a formal definition of SKG, heterogeneous GRL, and the 
publication-dataset link prediction task with its open challenges. 

Definition 1. A Scholarly Knowledge Graph (SKG) is a tuple 

G:(V, E , A, R, α, β) 

where V, E , A, R are the sets of nodes, edges, node types, edge types, respectively. 
Then, α:V→A is a node type function that maps each node v∈V to one node 
type a∈A, while  β:E→R  is an edge type function that maps each edge e∈E to an 
edge type r∈R. An SKG  is  heterogeneous if it has multiple node and edge types 
such that |A| + |R| > 2. 

An SKG typically combines structural information (edges) with semantic 
details (nodes and their types). Its heterogeneous nature introduces complex-
ity but also enables the modeling of diverse relationships and attributes among 
different entities. The nodes’ attributes are the metadata – data providing infor-
mation about other data – which are represented as key–value pairs describing 
properties such as the title, DOI, and description of the research outcomes. 

Definition 2. We denote the publication as Vp and the dataset nodes as 
Vd, where  Vp ∩ Vd=∅. The goal of publication-dataset link prediction task is to 
estimate the likelihood of an edge existing between two nodes (u, v), where  u ∈ Vp 
and v∈Vd, such that ψ : (Vp×Vd)→[0, 1]. 

In this work, we do not take into account the semantics associated with 
the edges. Although various semantic types exist to describe different kinds of 
relations between entities, we do not consider them in our analysis. 

The publication-dataset link prediction task presents significant challenges 
due to the sparse and incomplete nature of SKGs, which often contain multi-
ple connected components, duplicated nodes, missing links, and heterogeneous,
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Fig. 1. The SAN Architecture comprising the collection and augmentation, neighbors 
sampling, and the aggregation phases. 

incomplete metadata. Additionally, no existing methods are specifically designed 
to address link prediction in SKGs that exhibit these complexities. This chal-
lenge is further compunded by the absence of publicly available datasets tailored 
for this task. These factors underscore the problem’s complexity and highlight 
the need for novel approaches to handle the structural intricacies and data gaps 
in SKGs. 

We study the dataset link prediction task as a node-representation learning 
problem. 

Definition 3. Given an heterogeneous SKG G, the objective of GRL is to learn 
a function  f : V →  Rd that maps each node v∈V to a d-dimensional embedding 
space, where d . This embedding is designed such that for any two nodes u ∈ 
Vp and v ∈ Vd, the dot-product of their corresponding vectors u · v approximates 
the scoring function ψ. 

GRL provides a way to map heterogeneous nodes into a shared embedding 
space, capturing their features and the graph’s structure. This is crucial for 
the dataset link prediction task, where the relationship between query nodes 
(publications) and potential datasets must be effectively learned and represented 
in the embedding space. 

4 Architecture 

In this section, we present the SAN architecture, illustrated in Fig. 1. The  
pipeline consists of three phases: (1) collection and augmentation, (2) neighbor 
sampling, and (3) aggregation. 

Collection and Augmentation. This phase is carried out offline to address 
the sparsity issue in SKGs. Given an SKG as input, SAN extracts the available 
textual metadata from the publication and dataset nodes ( 1 ).  Then, it performs  
entity linking ( 2 ) [  2] to identify and disambiguate entities within the textual 
content. Additionally, it applies topic modeling ( 3 ) using BERTopic  [  14], which 
leverages transformer-based embeddings and c-TF-IDF to group similar docu-
ments based on shared topics. 

The topics represent broader themes that act as central hubs within the 
SKG, connecting multiple disconnected components and improving the overall
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connectivity of the graph. On the other hand, entities are more specific and, when 
shared between nodes, suggest that those nodes are likely related by similar or 
closely related content. This distinction strengthens the graph’s structure by 
using topics to boost general connectivity and entities to emphasize specific con-
tent overlaps between nodes. Entities and topics are subsequently integrated into 
the SKG as new nodes of type entity and topic. This phase results in an enhanced 
SKG. For each node, SAN extracts and concatenates two vectors: one based on 
graph topology using node2vec [ 15], and the other based on textual metadata 
using pre-trained models. In our case we employ the all-MiniLM-L6-v2 sentence 
transformer 1 for longer textual metadata and phrase-BERT [ 33] for shorter text 
like topics. This phase aims to address the sparsity issue often affecting the SKGs, 
improving robustness (RQ1) by adding new nodes that enhance the graph’s con-
nectivity. 

Sampling. Due to the small-world property of many graphs, multi-hop neigh-
borhoods can include a substantial number of nodes. Therefore, given a target 
node v in the enriched SKG, this phase aims to explore the neighborhood of v 
and gather a representative set of neighbors of various types. A common neighbor 
sampling method, used in approaches such as GraphSAGE, is random sampling. 
However, this approach may produce an unrepresentative sample because SKGs 
are heterogeneous, with a highly imbalanced distribution of node types. In prac-
tice, the author nodes often lack disambiguation, leading to a large number of 
mostly isolated nodes in the SKG. In contrast, venue nodes are typically fewer 
and more interconnected. 

Taking this issue into account, for a given target node v, we generate a set 
of random walks of length l originating from v ( 4 ). We ignore edge directions 
in the SKG because for each edge we can assume there exists an edge in the 
opposite direction (e.g., for each cites edge we can assume a cited by exists 
in the opposite direction). Then, we select the k random walks with the highest 
similarity scores with the target node v, computed as follows: 

sim_score(v, walkj) =  
1 

|walkj | 
i∈walkj 

cos(vv, vi) 
d(v, i) 

where walkj is one random walk, m = |walkj | is the number of publication 
and dataset nodes in the walk j, the node i is either a publication or a dataset 
(i ∈ {Vp ∪Vd}), vv and vi are the embeddings encoding the textual metadata of 
v and i respectively, cos(vv, vi) is the cosine similarity, defined as vv·vi 

vv vi 
and 

d is the distance – i.e., the number of nodes – between the target node v and the 
node i in the walk. In step ( 5 ), SAN selects the top n publications and datasets 
with the highest cosine similarity to the target v from the k selected walks. For all 
other node types, it selects the n nodes closest to the target v within each type. 
In the sampling phase, the goal is to enhance adaptability (RQ2) by selecting a 
subset of representative neighbors instead of capturing the full neighborhood of
1 https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2. 

https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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a node. This strategy allows the model to adapt to dynamic graphs of varying 
sizes, without relying on global knowledge of the entire node set. 

Aggregation. In the aggregation step ( 6 ), SAN uses multihead attention [ 29] 
to combine neighbor vectors and derive the final embedding representation of 
the target node v. Multiple attention heads allow us to focus on different aspects 
of the input [ 29]. 

Formally, SAN combines three input matrices: Query (Q), Key (K), and 
Value (V), of sizes (nQ, dmodel), (nK , dmodel), (nV , dmodel) where nQ, nK , 
nV are the numbers of queries, keys, values embeddings respectively, and 
dmodel their dimension. Queries, keys, and values are matrices constructed from 
node embeddings and used to compute attention scores. For each attention 
head ϑ0, . . . , ϑ  , . . . , ϑH , these matrices are transformed as follows: Q =QWQ , 
K =KWK , and  V =VWV , where  WQ , WK , and  WV are projection matrices 
of size (dmodel, dk) and dk=dmodel 

H is the dimensionality of the projection space 
for each head. For each head ϑ , the attention scores are computed using the 
scaled dot-product attention mechanism: 

ϑ = Attention(Q , K , V ) =  softmax Q KT 
√

dk 
V . 

The outputs from all heads are then concatenated and linearly projected to form 
the final output. The embeddings obtained are finally concatenated to obtain the 
final target node embedding representation. 

We experimented with various embedding combination methods, including 
bi-LSTM, GRU, and mean pooling, both as replacements for multihead attention 
and for the final concatenation step. However, the combination of multihead 
attention and concatenation consistently outperformed these alternatives. 

Multihead attention excels at capturing the intricate relationships between 
topological structures and textual metadata, allowing the model to understand 
how individual node features interact across different nodes and their descrip-
tions. This capability is especially crucial in heterogeneous graphs, where differ-
ent node and edge types may have varying levels of importance. 

This phase enhances versatility (RQ3) by addressing the integration of mul-
tiple information sources, enabling the model to adjust to a range of real-world 
metadata scenarios. 

Training. In this work, we used a mini-batch gradient descent training proce-
dure. We optimized the model by minimizing the cross-entropy loss using nega-
tive sampling. Formally, the loss function is defined as: 

L = − 
⎛ 

⎝ 
(u,v)∈Ep,d 

log σ hu hv + 
(u ,v ) /∈Ep,d 

log σ −hu hv 

⎞ 

⎠ , 

where σ represents the sigmoid function, hu and hv are the embedding repre-
sentations for publication u and dataset v, Ep,d denotes the set of positive edges
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Table 1. Nodes and edges statistics of the used datasets. 

Nodes Edge 
MES Publication (P) 2,1K P–P 450 P–A 9,8K 

Dataset (D) 3K P–D 2,5K D–A 10,2K 
Author (A) 9,5K D–D 1,2K 

PubMed Publication (P) 42,6K P–P 18,3K D–K 17K 
Dataset (D) 33,8K P–D 29,5K P–V 42,6K 
Author (A) 334K D–D 8K P–O 87,5K 
Keyword (K) 10,8K P–A 180K D–O 515 
Venue (V) 6,7K D–A 94,6K 
Organization (O) 14,8K P–K 6,6K 

between publications and datasets. For each positive edge (u, v)∈Ep,d, we sample  
uniformly at random a negative pair (u , v  ) /∈Ep,d, of publications and datasets 
not directly connected in the ground-truth. 

5 Evaluation 

We evaluate SAN across three increasingly complex settings. In the first setting, 
referred to as transductive, the entire set of publications and datasets is acces-
sible during training, and the SKG remains unchanged. This standard setup has 
also been adopted in previous works [ 13, 24, 37]. In the second setting, semi-
inductive, new publications are introduced at test time, while all datasets are 
available during training. The task involves predicting links between these unseen 
publications and the known datasets, and is relevant in order to connect to new 
publications datasets which can be may be thematically related. It is worth not-
ing that this semi-inductive scenario is sometimes labeled as simply “inductive” 
in prior work [ 37]. In contrast, we define a fully inductive setting as one where 
both new publications and new datasets appear during testing, closely reflect-
ing the dynamics of real-world SKGs. The goal here is to predict links between 
the new, unseen publications and datasets. Further, we test the models’ robust-
ness in the absence of textual metadata under the following different metadata 
conditions for each setting. The ideal metadata setup represents the ideal 
scenario where all datasets are fully described by complete metadata – i.e., all 
the datasets have a title and a description. The real metadata setup repre-
sents intermediate scenarios where only 75%, 50%, or 25% of the datasets have 
complete metadata, with the datasets containing metadata randomly selected. 
This setting reflects real-world conditions, as in real SKGs, datasets may or may 
not have comprehensive and descriptive metadata. The implementation of SAN 
and the related datasets are available on GitHub 2. 

Datasets and Measures. We use two SKGs extracted from the OAG [ 23]: 
MES [ 19] and PubMed 3. MES is a curated scientific graph interconnecting pub-
2 https://github.com/HeterogeneousGL-SAN/SAN. 
3 Datasets are available at https://doi.org/10.6084/m9.figshare.26661382.v1. 

https://github.com/HeterogeneousGL-SAN/SAN
https://github.com/HeterogeneousGL-SAN/SAN
https://github.com/HeterogeneousGL-SAN/SAN
https://github.com/HeterogeneousGL-SAN/SAN
https://github.com/HeterogeneousGL-SAN/SAN
https://github.com/HeterogeneousGL-SAN/SAN
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
https://doi.org/10.6084/m9.figshare.26661382.v1
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lications, datasets, and authors; it represents a reliable snapshot of the scien-
tific activity of the European Marine Science (MES) community of OpenAIRE. 
PubMed is a larger subgraph of the OAG also interconnecting a set of publi-
cations and datasets, authors, venues, organizations and keywords. Differently 
from MES, PubMed is not curated. The statistics of the resulting SKG are 
described in Table 1. We divided the P −D (publication-dataset) edges into five 
sets: training, validation, and three test sets (transductive, semi-inductive, and 
fully inductive). The P − D edges in the three test sets were randomly extracted 
from the original MES and PubMed datasets. Publications and datasets included 
in the semi-inductive and fully inductive test sets were removed from the original 
MES and PubMed datasets. From the filtered MES and PubMed datasets, we 
extracted a set of P −D edges for validation and left the remaining part to train 
the model. In MES, we used  2K edges for training, 155 for validation and 155 
for each of the three test sets; in PubMed we used 26.8K for training, 1.8K for 
validation, and 1.8K for each of the three test sets. For evaluation, we use the 
Area Under the ROC Curve (AUC) curve and F1-score. AUC and F1-score have 
been extensively used to evaluate link prediction performances of several graph 
learning approaches [ 13, 37]. The AUC is a performance metric that measures a 
model’s ability to distinguish between classes. The F1-score, on the other hand, 
is the harmonic mean of precision and recall. It provides a balanced measure 
that accounts for both false positives and false negatives, making it particularly 
useful in scenarios with class imbalance. 

Parameters of SAN. We initialized publication and dataset nodes with 
embeddings from the all-MiniLM-L6-v2 pretrained sentence transformer, cho-
sen for its effectiveness on short text. For keywords, entities, and topics – typ-
ically short phrases of one to five words – we used phrase-BERT to generate 
their embeddings. Additionally, topological embeddings for all nodes were com-
puted using node2vec [ 15]. Entity extraction was performed on publication and 
dataset metadata using DBpedia Spotlight [ 25], with a confidence threshold of 
0.75. Topics were identified via BERTopic [ 14], using a minimum cluster size of 
2 documents.  

SAN was trained for 100 epochs with early stopping to reduce training time, 
using a learning rate of 10−5 and a mini-batch size of 1024. For each target node, 
we sampled 5 neighbors from publication or dataset nodes, 5 from keyword, topic, 
or entity types, and 5 from venue, author, and organization types. The multi-
head attention mechanism used 8 heads and produced embeddings of dimension 
128. Hyperparameters – including number of epochs, learning rate, batch size, 
attention heads, and neighbor sampling counts – were tuned via grid-search. 

Baselines. We compared SAN with five inductive graph-based baselines. For 
each baseline, we report the best results obtained through grid search. The 
node embeddings were initialized by concatenating the textual embeddings using 
all-MiniLM-L6-v2 with those from node2Vec. GraphSAGE [ 16] (SAGE  for  
brevity) and GAT [ 30] were trained for 200 epochs with a learning rate of 10−5
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and early stopping. The output dimension was set to 128. Similarly, HAN [ 35] 
and HGT [ 17] were trained for 200 epochs with a learning rate of 10−4, also  
utilizing early stopping, with an output dimension of 128. HetGNN [  37] (HGNN 
for brevity) was trained for 100 epochs with early stopping, a learning rate of 
10−5, and  10 neighbors per node type, as specified in the original paper. To 
implement the baselines we used PyTorch Geometric [ 12]. 

Certain baselines were excluded from this study. GATNE [ 7] was  not con-
sidered because it requires multiple relation types within the same set of nodes. 
MAGNN [ 13] was excluded since it was designed for the node classification task, 
and was not designed for the inductive settings. HiNormer [ 24] was also not 
included, as it has not been designed for link prediction tasks. 

6 Results 

In this section, we report the experimental results for dataset link prediction on 
MES and PubMed for all the tested settings. 

Table 2 present the results for the link prediction task on the MES and 
PubMed datasets in the three settings: transductive, semi-inductive, and fully 
inductive. On the MES dataset, SAN consistently outperforms all baselines in 
nearly all scenarios both in terms of AUC and F1 score, except when only 25% of 
the datasets have no metadata where SAGE and GAT perform better than SAN 
in terms of F1 score. All models perform best in the transductive setting with 
full metadata availability, the default and least realistic scenario in the current 
academic landscape. Notably, in this scenario, the performance of all examined 
models, including SAN, tends to decrease slightly in semi- and fully inductive 
settings. This is reasonable as the prediction is made for unseen nodes. SAN and 
SAGE are the only methods whose AUC and F1 exceed the 0.9 in transductive, 
semi-inductive and inductive settings. The exception is HAN, which performs 
significantly worse in the semi-inductive and inductive settings. When evaluat-
ing performance in more realistic conditions where some datasets lack metadata, 
we observe that as the percentage of datasets with metadata decreases (from 
75% to 25%), the performance of all the tested models decreases. This decline 
underscores the importance of text-based features for baselines. Furthermore, 
as the percentage of datasets with metadata decreases, the ability of the base-
lines to generalize to new, unseen data diminishes. SAN is the only method that 
consistently maintains an AUC above 0.9 and an F1 score of at least 0.8, even 
when the 50% of the dataset nodes lack textual metadata. This suggests that 
the SAN approach, combining different node embeddings while incorporating 
topology-based features, effectively mitigates the impact of missing text-based 
features, significantly affecting the performance of other baselines. Interestingly, 
SAGE and GAT, designed for homogeneous graphs, emerge as the most resilient 
baselines. In the MES dataset, reducing metadata coverage to 25% leads to a 
significant performance drop across all methods. For instance, SAN’s AUC falls 
by 0.1 when metadata availability decreases from 50% to 25%. This is due to the 
limited number of datasets with metadata – only 750 – insufficient for accurate
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prediction in the MES SKG. Notably, SAN is robust when applied to real-world, 
sparse, large, and not curated SKGs like PubMed. As in the previous case, the 
performance of all tested methods declines in semi-inductive and inductive set-
tings, along with the decreasing availability of textual metadata. This is expected 
as the setting becomes increasingly challenging. SAN demonstrates the greatest 
resilience to the absence of textual metadata and inductive settings, remain-
ing the only method maintaining an AUC above 0.9 and an F1 score above 
0.8 across all settings with more than 25% available metadata and 0.8 and 0.7, 
respectively, at 25%. In this regard, none of the other tested methods surpass an 
AUC of 0.871 (SAGE) or an F1 score of 0.818 (GAT). Furthermore, performance 
drops substantially as the number of datasets with available metadata decreases. 
In the most challenging scenario, with only 25% of datasets containing available 
metadata and within an inductive setup, SAN surpasses the best baseline (GAT) 
by 43% in AUC and 25% in F1. We see that HAN and HGNN are the models 
with the lowest performance on the PubMed dataset, having the AUC and F1 

Table 2. AUC and F1 score over the MES (left) and PUBMED (right) datasets in 
transductive (Tran), semi-inductive (Semi), and inductive (Ind) settings. 100% indi-
cates that all the datasets have textual metadata. [75%, 50%, 25%] indicates the per-
centage of datasets having textual metadata. 

MES PUBMED 
SAGE GAT HGT HAN HGNN SAN SAGE GAT HGT HAN HGNN SAN 

100% Tran AUC 0.980 0.933 0.921 0.838 0.912 0.986 0.871 0.825 0.839 0.578 0.752 0.967 
F1 0.958 0.927 0.860 0.825 0.871 0.959 0.798 0.818 0.766 0.532 0.700 0.878 

Semi AUC 0.973 0.904 0.883 0.593 0.899 0.983 0.860 0.821 0.793 0.470 0.743 0.948 
F1 0.956 0.890 0.827 0.653 0.862 0.945 0.790 0.812 0.654 0.433 0.709 0.860 

Ind AUC 0.945 0.896 0.772 0.494 0.872 0.948 0.854 0.818 0.710 0.453 0.722 0.943 
F1 0.920 0.880 0.746 0.326 0.821 0.944 0.790 0.809 0.523 0.422 0.701 0.858 

75% Tran AUC 0.933 0.889 0.856 0.834 0.830 0.971 0.727 0.731 0.771 0.572 0.691 0.942 
F1 0.920 0.858 0.785 0.823 0.778 0.926 0.731 0.747 0.679 0.529 0.617 0.859 

Semi AUC 0.920 0.883 0.845 0.592 0.821 0.969 0.707 0.719 0.732 0.469 0.632 0.940 
F1 0.885 0.860 0.759 0.652 0.783 0.894 0.714 0.735 0.665 0.411 0.609 0.847 

Ind AUC 0.907 0.840 0.734 0.515 0.812 0.957 0.703 0.710 0.643 0.459 0.652 0.938 
F1 0.872 0.814 0.709 0.369 0.775 0.876 0.712 0.734 0.462 0.389 0.573 0.846 

50% Tran AUC 0.901 0.867 0.801 0.815 0.806 0.951 0.612 0.644 0.703 0.568 0.567 0.932 
F1 0.808 0.817 0.702 0.800 0.754 0.843 0.652 0.663 0.668 0.489 0.502 0.803 

Semi AUC 0.851 0.833 0.787 0.582 0.789 0.944 0.603 0.630 0.701 0.483 0.564 0.922 
F1 0.797 0.788 0.714 0.642 0.735 0.840 0.634 0.644 0.576 0.435 0.488 0.809 

Ind AUC 0.753 0.802 0.691 0.505 0.776 0.943 0.601 0.627 0.584 0.478 0.499 0.921 
F1 0.746 0.769 0.684 0.326 0.710 0.795 0.632 0.640 0.532 0.412 0.464 0.797 

25% Tran AUC 0.831 0.826 0.780 0.784 0.802 0.840 0.547 0.585 0.688 0.559 0.451 0.900 
F1 0.717 0.745 0.689 0.690 0.705 0.700 0.566 0.582 0.668 0.478 0.456 0.716 

Semi AUC 0.826 0.771 0.725 0.529 0.764 0.835 0.541 0.565 0.649 0.473 0.433 0.896 
F1 0.726 0.732 0.664 0.629 0.700 0.688 0.564 0.553 0.451 0.421 0.438 0.707 

Ind AUC 0.735 0.748 0.650 0.444 0.732 0.790 0.531 0.559 0.512 0.448 0.411 0.800 
F1 0.646 0.612 0.624 0.284 0.617 0.628 0.556 0.551 0.371 0.398 0.401 0.693
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Table 3. AUC and F1 scores over the MES dataset in transductive and 100% metadata 
available setting. The column “no augmentation” refers to the models run excluding 
topics and entities; "augmentation" reports the results on the enriched graph. 

Method Augmentation No Augmentation 
AUC F1 AUC F1 

GAT 0.872 0.831 0.933 0.927 
SAGE 0.901 0.882 0.980 0.958 
HGT 0.932 0.868 0.921 0.860 
HAN 0.863 0.844 0.838 0.825 
HGNN 0.933 0.884 0.912 0.871 
SAN 0.986 0.959 0.912 0.876 

always lower than 0.58 and 0.76, respectively, showing their low effectiveness on 
real-world SKGs. 

7 Ablation Study 
Components Analysis. We first assess how the augmentation phase – specifi-
cally, the integration of entity and topic nodes – affects performances. In particu-
lar, we investigate whether the enriched graph structure enables more meaningful 
neighborhood interactions and improves the model’s ability to capture relevant 
relationships. In Table 3 presents the performance of five systems with (“augmen-
tation” column) and without (“no augmentation” column) this phase. For GAT 
and GraphSAGE, the inclusion of heterogeneous node types reduces model effec-
tiveness. In SKGs, embeddings are generated differently depending on node type, 
and aggregating such diverse representations can hinder overall performance. In 
contrast, SAN and HGNN gain from the introduction of additional nodes, show-
ing improved results on the enriched graph. This highlights that augmentation is 
especially advantageous for models designed to leverage structural properties and 
heterogeneity. For HAN and HGT, omitting the augmentation phase results in 
a slight performance decrease. In conclusion, augmentation benefits models like 
SAN and HGNN that leverage heterogeneity and graph structure, while it may 
have limited or negative effects on models not designed for diverse node types. 
To assess the effectiveness of different aggregation strategies within SAN, we 
compared multihead attention, bi-LSTM, GRU, and linear projection. The eval-
uation was based on AUC and F1 scores on the MES dataset across two settings: 
an ideal transductive scenario with 100% metadata availability, and a more real-
istic fully-inductive scenario with only 50% metadata available. Figure 2a shows  
that multihead attention demonstrates the highest robustness, with bi-LSTM 
and GRU following closely behind. In contrast, linear projection results in the 
lowest performance in the dataset link prediction task. These findings suggest 
that multihead attention is particularly well-suited, as it allows the model to 
focus on different parts of the embedding space, capturing diverse relational 
patterns and improving overall predictive performance. Moreover, in scenarios 
where textual metadata is limited, multihead attention can better leverage topo-
logical information, compensating for the lack of text-based features. Finally, we
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Fig. 2. Comparison of aggregation (on the left) and combination phases in the pipeline 
(on the right). 

Fig. 3. Hyperparameter analysis: number of neighbors (on the left), and mini-batch 
size (on the right). 

assessed the performance of SAN by experimenting with alternative embedding 
combination strategies in place of simple concatenation. While SAN originally 
relies on concatenation to merge embeddings, we evaluated several other meth-
ods, including bi-LSTM, GRU, multihead attention, linear projection, and mean 
pooling. Figure 2b presents the results on the MES dataset under both ideal and 
real-world conditions. Among the tested approaches, concatenation remains the 
most effective, whereas GRU and linear projection yield the weakest perfor-
mance. 

Hyperparameter Analysis. One key factor that affects efficiency, is the num-
ber of neighbors sampled for each node type when targeting a node vt. SKGs  
tend to have an imbalanced distribution of node types, so selecting the most 
representative nodes is crucial to ensure a well-balanced set. Sampling too many 
nodes may introduce noise by including irrelevant or redundant information, 
while sampling too few could lead to an incomplete and unrepresentative set of 
neighbors. Another critical aspect influencing the overall efficiency of the model 
is the mini-batch size. Smaller batches enable faster training but increase the 
likelihood of overfitting. On the other hand, larger batches may reduce the risk 
of overfitting, yet they can lead to slower convergence and may require more 
computational resources. Figures 3a and  3b display our analysis on the MES 
dataset. We compared two scenarios: the ideal and the real-world setting. In 
both cases, performance shows slight variations with the number of neighbors 
considered, reaching a peak when selecting five neighbors per type. These small
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fluctuations suggest that multihead attention effectively mitigates the effects of 
additional or missing nodes, highlighting its adaptability and robustness in real-
world SKGs. Regarding mini-batch size, we observe that batches smaller than 
1024 lead to a higher risk of overfitting, while larger batches tend to result in 
slower convergence and increased computational requirements. 

8 Conclusions 

Scientific data is crucial for research progress, yet datasets are often poorly 
described and hard to find. While curated SKGs focus mostly on publications, 
those that include datasets tend to be large but uncurated, with incomplete 
metadata and weak interlinking. This results in SKGs that are noisy, sparse, 
and heterogeneous, making data discovery and citation difficult. In this context, 
link prediction becomes an essential task. 

We propose SAN, a method for enriching SKGs and performing heteroge-
neous GRL. SAN adopts a three-phase approach: it enhances graph connec-
tivity using text-derived nodes, selects relevant neighbors via random walks, 
and combines their representations with multihead attention. This architecture 
seamlessly integrates textual information with graph topology while not relying 
on complete metadata coverage. Additionally, we conduct extensive experiments 
across three settings (transductive, semi-inductive, fully inductive) and under 
two metadata conditions (ideal and real) using two benchmark datasets. Our 
evaluation emphasizes the often overlooked importance of generating predictions 
for newly added items without requiring model retraining. The results demon-
strate SAN’s effectiveness compared to five inductive baselines. We explored 
three research questions focused on robustness, adaptability, and  versatil-
ity. Our findings show that SAN delivers strong publication-dataset link pre-
diction performances even in inductive scenarios with little textual metadata 
available, thanks to its ability to extract and utilize topology-based features. 
Current methods struggle to effectively use high-quality textual metadata. As 
a consequence, future research should explore more advanced architectures to 
address this gap. Further experiments should use SAN for other link prediction 
tasks, like author-venue and publication-venue predictions, to encourage collab-
orations and suggest relevant venues. 
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