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This paper introduces a novel ontology-based semantic link prediction
framework that unifies structural, temporal, and semantic signals from
heterogeneous scholarly sources to enhance academic collaboration
forecasting. By integrating AMiner, DBLP, and Mendeley datasets into a
unified SKOS- and Dublin Core-aligned ontology, the framework enables
semantic enrichment, cross-source reasoning, and contextualized link
prediction. Unlike previous studies that focus solely on structural features or
basic content similarity, our approach leverages ontology-based semantic
feature engineering and graph-based learning for robust and interpretable
predictions. Experimental results show that random forest and graph neural
networks significantly outperform traditional models, achieving high
accuracy and ranking precision. This work contributes to knowledge
management by enabling expert recommendation, trend identification, and
semantic integration for strategic academic planning.
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1. INTRODUCTION

Collaboration among researchers plays a critical role in driving scientific innovation and generating
new knowledge. As research communities expand and diversify, understanding the patterns and dynamics of
co-authorship becomes increasingly important for institutions aiming to support effective knowledge sharing
and strategic partnerships. Social networks constructed from co-authorship data offer a valuable foundation
for exploring collaboration behaviors and identifying potential academic connections.

From a knowledge management perspective, the ability to predict future collaborations and uncover
latent relationships within scholarly networks provides several organizational advantages. These include
enhanced expert recommendation systems, early detection of emerging research clusters, and improved
integration of heterogeneous knowledge sources. By leveraging semantic technologies and link prediction
models, institutions can better manage intellectual capital, facilitate cross-disciplinary collaboration, and
support evidence-based decision-making in research strategy and funding allocation.

Conventional link prediction techniques primarily rely on structural features such as network
topology, node similarity, or historical co-authorship trends. While effective in some cases, these approaches
often struggle in sparse or fragmented academic networks, where a deeper semantic context is required to
uncover meaningful links. To address this limitation, ontologies offer a promising alternative by providing a
formal, machine-readable representation of entities, relationships, and domain-specific knowledge. Through
ontological reasoning, it becomes possible to enrich the representation of social networks with semantic
metadata, enabling more accurate and interpretable link predictions.
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However, existing approaches often lack the integration of multi-source scholarly metadata into a
coherent ontological structure and rarely exploit both semantic enrichment and temporal collaboration
history. In particular, most link prediction models either focus on structural features [1], [2] or use limited
semantic signals such as keyword or topic similarity [3]-[6], and do not incorporate readership patterns,
discipline taxonomies, or publication-type similarity within a unified framework.

To address these gaps, this study proposes an ontology-based semantic link prediction framework
that integrates co-authorship data from three prominent academic sources - AMiner [7], DBLP [8], and
Mendeley [9]. Our approach combines structural features such as historical collaboration with semantically
enriched data on affiliations, research interests, publication types, readership patterns, and academic
disciplines. The ontology is aligned with SKOS [10] and Dublin Core [11] standards to ensure
interoperability and consistency across datasets. Community detection using the Louvain algorithm [12],
SPARQL-based semantic feature extraction, and supervised machine learning models are used to evaluate
predictive performance and demonstrate the value of this method for knowledge-driven decision support in
academic settings.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3
describes the proposed ontology-based method and feature construction. Section 4 presents the experimental
setup, results, and comparative analysis. Section 5 discusses the implications and limitations of the findings.
Section 6 concludes the paper and outlines directions for future research.

2. RELATED WORK

Link prediction in social and academic networks has been widely explored using structural, content-
based, and semantic approaches. Traditional methods rely on network topology, such as common neighbors
or graph-based similarity measures, often combined with supervised learning models [1], [2]. For instance,
Hasan et al. [3] extracted structural and content-based features for supervised link prediction in academic
networks, while Wohlfarth and Ichise [4] enhanced prediction using semantic keyword matching from paper
titles. Similarly, Sachan and Ichise [5] introduced abstract keyword match count (AKMC) using Jaccard
similarity, and Chuan et al. [6] proposed LDAcosin, a topic modeling approach for link prediction.

Several studies have also applied machine learning with domain knowledge. Hassan [13] developed
a link prediction system based on research interests and affiliations using Python, R. Cho and Yu [14]
explored interdisciplinary collaboration prediction using graph-based models. More recent studies focus on
semantic link prediction in ontologies. Chen et al. [15], Wan et al. [16] applied contextual embeddings and
ontology completion techniques. Ma et al. [17] proposed a deep learning model that integrates graph distance
and entity semantics to infer subsumption links.

Ontology construction has also gained attention for domain-specific knowledge management.
Researchers have applied ontologies to education [18], administration [19], forestry [20], and climate [21].
Others focus on ontology-enhanced information retrieval [22]-[24], especially in Vietnamese contexts
[25]-[27]. In big data and multimedia, ontology-driven retrieval has been applied to image datasets [28], [29]
and Wikipedia/DBPedia-derived ontologies [30].

In knowledge management, semantic technologies are increasingly applied for strategic reasoning
and decision support. Mohammad et al. [31] proposed a knowledge graph-based system for enterprise
knowledge services, reinforcing the utility of structured semantic models in organizational learning, an idea
central to our work.

In summary, prior studies have effectively exploited structural features [1], [2], content and topic
similarity [3]-[6], and ontology-based representations for retrieval and completion tasks [15]-[17], [22]-[30].
However, they generally do not integrate heterogeneous scholarly metadata (e.g., readership, discipline
taxonomies, publication types) into a single SKOS - and Dublin Core-aligned ontology, and they rarely
combine such semantic enrichment with temporal collaboration history for link prediction. Our work
addresses this gap by constructing a unified academic ontology over AMiner, DBLP, and Mendeley and by
empirically evaluating the added value of ontology-based semantic and temporal features against structural
baselines.

3. METHOD
3.1. Graph construction and ontology integration

To build a comprehensive academic knowledge graph, we integrate three major datasets: AMiner,
DBLP, and Mendeley. Each offers complementary metadata - AMiner provides co-authorship and citation
data; DBLP contributes structured publication and venue information; and Mendeley adds readership,
document types, and discipline tags.
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These datasets are unified through a shared ontology developed in Protégé using the Cellfie plugin
[32]. The ontology includes core classes such as Author, Publication, Affiliation, Researchinterest,
DocumentType, Venue, and AcademicDiscipline, as visualized in Figure 1. Semantic relationships among
these entities are modeled using object properties like hasAffiliation, hasDiscipline, and hasPublication
(Figure 2).

To ensure interoperability, we align key components with established standards: SKOS is used for
controlled concepts (e.g., DocumentType, AcademicDiscipline), and Dublin Core for metadata annotations
(e.g., dcterms: type, dcterms: publisher). This semantic alignment enables reasoning across heterogeneous
data and supports integration with scholarly platforms like OpenAlex and ORCID.

The ontology structure supports the extraction of semantic features for link prediction and facilitates
rule-based data import (Figure 3). For instance, the imported Author instance in Figure 3 shows linked
affiliations, co-authors, and research interests, enriched with metrics like hasHIndex and hasCitationCount.
This unified, standards-aligned ontology forms the foundation for semantic collaboration forecasting.

Before feature extraction, we used Protégé’s built-in consistency checking to ensure that the
ontology contained no obvious modeling conflicts or unsatisfied classes. This lightweight validation step
helps ensure that the derived semantic features reflect a coherent conceptualization of the academic domain.
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Figure 1. Class visualization of integrated ontology Figure 2. Object property visualization

3.2. Semantic feature engineering

From the enriched ontology, we derive a set of semantic and temporal features that capture
collaboration dynamics and scholarly context. These include hasCommonAffiliation, which represents the
degree of institutional overlap between author pairs; hasCommonlinterest, a similarity score based on shared
research interests or topics; hasReaderOverlap, derived from Mendeley data to reflect common readership
patterns; hasPublicationTypeSimilarity, which assesses alignment in document types such as journal articles
or conference papers; and hasDisciplineSimilarity, which is based on SKOS-aligned academic discipline
tags. These similarities are encoded as data properties which are presented in the Figure 4.

Figure 4 shows the data property hierarchy of the integrated ontology, emphasizing key attributes
linked to academic entities. The highlighted property, hasCommonAffiliation, stores a numerical value
(xsd:float) representing institutional overlap between co-authors. Other properties such as hasCitationCount,
hasHIndex, hasPublicationYear, and hasCommonlnterest capture quantitative aspects of scholarly activity
and author similarity. These structured features, derived from AMiner, DBLP, and Mendeley, support
consistent extraction and improve the explainability of link prediction models.

Temporal features in the ontology include hasStatus0 to hasStatus3, which represent the number of
co-authorships in the current year and the previous three years, respectively, capturing trends in collaboration
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over time. These features are extracted and numerically encoded from ontology instances of the
CoAuthorship class and related entities.

After building the ontology structure from 3 datasets, data import is done by building a set of rules
to transfer data from Excel file into ontology through Celfie tool [32]. The data import result is shown in
Figure 3. Figure 3 presents a snapshot of individual data imported into the integrated ontology, specifically
showcasing an instance of the Author class. This instance (Author ID: 1000228) is semantically enriched
with both object property assertions, such as hasCoAuthor, authored, affiliatedWith, and relatedTo, and data
property assertions, including hasName, hasinterestArea, hasCitationCount, hasHIndex, and hasPaperCount.
The object properties establish relationships between this author and other entities like publications,
affiliations, and co-authors, while data properties capture descriptive and metric details such as research
interests (e.g., “digital filter”, “expert control system”) and publication impact indicators (e.g., hasHIndex =
1, hasCitationCount = 2). This structured representation supports advanced semantic reasoning and feature
extraction for link prediction. The successful integration of instance data from sources like AMiner and
DBLP demonstrates the ontology’s capacity to unify heterogeneous scholarly metadata into a consistent,
queryable knowledge graph.

1000228 e Mo Asserted v
& 1000234 Author W relatedTo Research23361 - owltopDataProperty
& 1000259 murelatedTo Research21319 == abstractText
= disciplineLabel
@ 1000275 mrelatedTo Research35271 bt CDEWE
Wi
: :::E;ﬁ M hasCoAuthor 981275 == hasCitationCount + Functionz t
[hasCommonaffiliation]
@ 1000570 WirelatedTo Research103020 = hasCommonarest
e ek = hasCurrentStat
@ 1000629 murelatedTo Research34971 e
& 1000631 == hasCoAuthor 731901 == hasHindex o
= hasiD
& 1000656 W affiliatedWith Affiliation11046 = hasinterestArea Co-Authorship
& 1000673 == hasLinkiD
M authored Pub16081 == hasLocation
: :::E:: mrelatedTo Researchg9515 =P ount @ xsdloat
W hasPastStatus
& 1000866 = hasPl
. : : PredictStatu:
@ 1000869 e e statis
& 1000933 W hasinterestArea “novel narrow band”™ ™ hasPublication
X == hasPublicationYear
& 1000955 B hasName "J Jiang™ == hasResearchField
@ 1000980 B hasUP| "0.5" st
Figure 3. Data import result of the integrated ontology Figure 4. Data property visualization

4. RESULTS AND DISCUSSION

This section presents the experimental setup, evaluation metrics, and performance results of our
ontology-based link prediction framework. The evaluation is designed to assess the effectiveness of
integrating heterogeneous scholarly datasets and semantic features in enhancing predictive accuracy and
knowledge discovery.

4.1. Feature encoding and learning setup

Each author pair was represented by a feature vector that combines both structural and semantic
dimensions to capture the complexity of academic collaboration. The temporal features include hasStatus3,
hasStatus2, and hasStatusl, which reflect the number of co-authorships over the past three years. The
semantic features consist of hasCommonAffiliation, hasCommonlinterest, hasDisciplineSimilarity,
hasReaderOverlap, and hasPublicationTypeSimilarity, all of which are derived from the enriched ontology to
represent institutional, topical, disciplinary, readership, and publication-type similarities between authors.

These features were automatically extracted from the ontology using SPARQL queries and
converted into numerical feature vectors for input to machine learning models. Figure 5 provides an example
of a SPARQL query used to compute common affiliation scores. Models were trained using scikit-learn for
classical classifiers, and graph neural network variants were implemented using a standard deep learning
library for graph-based reasoning. The final dataset includes 3312 authors and 14268 author pairs, with 7134
positive (existing collaboration) and 7134 negative (non-collaboration) instances. We randomly split the data
into 70% training, 15% validation, and 15% test sets, stratified by class label to preserve the positive/negative
ratio. For traditional machine learning models, we used scikit-learn implementations and tuned key
hyperparameters (such as regularization strength for logistic regression and number of trees and maximum
depth for random forest) on the validation set. For the GNN, we trained a two-layer architecture with non-
linear activation and early stopping based on validation loss.
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Figure 5. SPARQL to extract common affiliation

Figure 5 illustrates the execution of a SPARQL query designed to compute the number of common
institutional affiliations between pairs of authors within the integrated ontology. The query selects all distinct
affiliations (?aff) that are shared by any two authors (?authorl and ?author2) and applies a filter to ensure that
only non-identical author pairs are considered. The query was executed on a SPARQL endpoint supporting
the ontology at http://www.example.com/ontologies/myontology#. As shown in the result panel, the system
identified 3,476 shared affiliation instances, indicating a high level of institutional overlap among the authors
in the dataset. This feature, labeled commonAffiliationCount, is used as a semantic similarity metric in the
link prediction model to enhance its ability to forecast future academic collaborations.

In practice, this query is part of a family of parameterized SPARQL templates that are iteratively
executed over all candidate author pairs to compute semantic features such as common affiliation, shared
interests, discipline similarity, and reader overlap. This design allows the feature extraction process to scale
to large numbers of pairs while keeping the SPARQL logic modular and reusable.

4.2. Results and comparative analysis

Experiments demonstrate that incorporating ontology-based features significantly improves link
prediction performance. The experimental results are presented in Figures 6-9, which summarize
classification accuracy, F1-score, AUC, and ranking metrics across the evaluated models. Together, these
figures highlight the impact of both semantic and temporal features on collaboration forecasting.

Figure 6 shows model performance with a 4-feature setup, including current co-authorship and basic
semantic attributes like affiliation and research interest. Logistic regression and random forest yield strong
results (84.3% and 86.2% accuracy), confirming the effectiveness of even minimal semantic features.
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Figure 6. Performance comparison of models using the 4-feature configuration
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Figure 7. Performance comparison of models using the 5-feature configuration

Figure 7 compares models using a 5-feature configuration that includes three years of historical
collaboration. Adding temporal features boosts all metrics, with GNN and random forest outperforming
baselines-GNN achieves 91.2% accuracy and 89.8% F1-score. The improvement over traditional models for
co-authorship link prediction, such as the supervised structural approach of Al Hasan et al. [3], the semantic
enhancements of Sachan and Ichise [11], and the hybrid content-based method of Chuan et al. [6], highlights
the advantage of combining temporal and ontology-based features. The overall performance is also consistent
with recent semantic embedding - based approaches such as Chen et al. [15], indicating that our framework is
competitive within the current state of the art in semantic link prediction for academic networks.

Figure 8 presents AUC scores, clearly favoring ontology-enhanced models (AUC 0.92-0.96) over
structure-only baselines (<0.86). This underscores the benefit of incorporating semantic features for better
class separability and prediction reliability.
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Figure 8. AUC distribution by ontology usage Figure 9. MRR and Hits@K values across models

Figure 9 displays a hexbin plot showing the relationship between mean reciprocal rank (MRR) and
Hits@K for all evaluated models. Darker areas indicate higher prediction density, revealing a clear upward
trend-models with higher Hits@K also tend to achieve higher MRR, reflecting strong ranking precision.
Ontology-based models, especially those using semantic and temporal features, cluster in the upper-right
region, highlighting their effectiveness in identifying not just likely but highly relevant collaborations.

Experiments confirm that five-feature models, which include historical co-authorship (hasStatus3 to
hasStatusl), significantly enhance prediction accuracy. Random forest and logistic regression consistently
outperform simpler methods, while GNNs achieve the highest performance, showing promise for future work.

Across all metrics, ontology-enhanced models outperform traditional approaches. Random forest
and logistic regression, when enriched with semantic and temporal features, approach 90% accuracy and
yield strong MRR and AUC scores. In contrast, models based solely on structure or content similarity
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perform notably worse. These findings underscore the value of combining ontological reasoning with
collaboration history to improve link prediction, particularly in sparse academic networks.

Compared with ontology-based and semantic link prediction methods in the literature [3]-[6],
[15], [17], our best models achieve competitive or higher accuracy and ranking performance while operating
on a richer feature space that jointly encodes structure, time, and SKOS-aligned semantics. Although exact
experimental settings differ across studies, the consistent gains of ontology-enhanced features over our own
structural baselines suggest that semantic modeling adds complementary information beyond what is
captured by network metrics alone.

4.3. Discussion

The experimental results show that integrating semantic and temporal features significantly improves
the prediction of academic collaborations compared to structure-only baselines. Ontology-enhanced models
demonstrate higher accuracy, F1-score, AUC, and ranking metrics, confirming that semantic enrichment
provides meaningful context not captured by traditional topological measures. These findings are consistent
with earlier work that incorporates content and semantic information into link prediction [3]-[6], [15], but our
study further combines history and SKOS-aligned disciplinary knowledge derived from a unified ontology.

From an application perspective, the framework is relevant for institutions that aim to build data-
driven researcher recommendation systems and to monitor the evolution of research communities. Semantic
features such as affiliation, discipline similarity, and readership overlap help identify promising collaboration
opportunities that are not obvious from structure alone, thereby supporting expert recommendation, team
formation, and the detection of emerging research clusters. These capabilities align with the broader role of
semantic technologies in knowledge management and decision support [31].

This work has several limitations that suggest directions for future research. First, the ontology is
not yet integrated with explicit temporal ontologies such as OWL-Time, which would enable more
expressive reasoning about the evolution of collaborations. Second, we did not exhaustively explore
alternative graph neural architectures or large language model-based representations, which could further
improve performance. Third, real-world evaluation in institutional settings (e.g., through user studies or
deployment in research support tools) remains an important open step.

In summary, the results indicate that combining multi-source semantic integration with machine
learning provides an effective and explainable framework for academic collaboration prediction, while also
opening opportunities for richer reasoning and validation in future work.

5. CONCLUSION

This study presents an ontology-based semantic link prediction framework that addresses the
growing need for intelligent collaboration forecasting in academic environments. By integrating co-
authorship data from AMiner, DBLP, and Mendeley into a unified ontology, and aligning it with SKOS and
Dublin Core standards, we constructed a rich semantic representation of scholarly relationships and research
contexts. The framework combines structural, temporal, and semantic features to infer potential
collaborations, leveraging both rule-based reasoning and machine learning techniques.

The results demonstrate that our approach significantly improves link prediction performance,
particularly in sparse networks where traditional structural methods are less effective. Beyond predictive
accuracy, the framework contributes meaningfully to the field of knowledge management. It enables
enhanced expert recommendation by capturing multi-dimensional similarity across authors, supports the
early identification of emerging research areas through semantic trend analysis, and facilitates the integration
of heterogeneous academic data for organizational learning.

By bridging social network analysis, ontology engineering, and machine learning, this research
introduces an ontology-centered framework for academic link prediction that integrates multi-source
academic data into a structured, standards-aligned representation and combines semantic enrichment with
graph-based learning. Compared with traditional models that rely solely on network topology or basic
content similarity, the proposed approach offers improved predictive performance and a more interpretable
view of collaboration patterns. These contributions support the development of intelligent research support
tools and provide a foundation that can be extended with more advanced reasoning and representation
techniques in future work.
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