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Abstract

The growing volume of academic submissions in recent years highlighted the need for
scalable and accurate reviewer assignment systems, able to go beyond techniques based
on manual processes and basic keyword matching. We propose a novel pipeline that in-
tegrates Knowledge Graphs (KGs) and Large Language Models (LLMs) to automate and
enhance the reviewer assignment process. Our method extracts meaningful representa-
tions of papers and reviewer expertise using Open Information Extraction, the Computer
Science Ontology classifier, and GLINER to build KGs from research content. LLMs are
employed to generate targeted keywords through prompt-based synthesis, refining both
paper and reviewer profiles. The assignment relies on a hybrid similarity metric combining
Cosine and Jaccard similarities to capture both lexical and semantic alignment. We evalu-
ate the pipeline using standard metrics such as Mean Reciprocal Rank, Mean Average
Precision, and Precision at K, on a dataset in the Computer Science domain, demonstrating
its effectiveness in aligning submissions with appropriate reviewers. This approach offers
a scalable and adaptive solution to the complexities of modern peer review.
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1 Introduction

The exponential growth in academic submissions has intensified the need for efficient, accu-
rate, and scalable reviewer assignment systems (Li et al., 2025). Conferences and journals in
fields such as computer science, medicine, and engineering now receive thousands of sub-
missions per cycle, making manual reviewer assignment increasingly impractical (Zhao and
Zhang, 2022). Traditional approaches, often relying on manually curated reviewer pools,
keyword matching, or bidding systems, struggle to keep up with this volume (Bhaisare and
Bharati, 2024). Moreover, these methods are prone to various limitations, including sub-
jectivity, inconsistent coverage of emerging research areas, and an inability to capture the
complex semantics of modern scientific writing (Aksoy et al., 2023).

Several automated approaches have been proposed to alleviate this burden (Aksoy et
al., 2023). For instance, the Toronto Paper Matching System (TPMS) (Charlin and Zemel,
2013) uses latent semantic analysis to represent papers and reviewer profiles in a shared
topic space, enabling similarity-based matching. Other methods have incorporated topic
modeling techniques like Latent Dirichlet Allocation (LDA) to identify thematic structures
in submissions and reviewer publications (Madzik and Falat, 2022). While these approaches
improve scalability, they often fall short in handling the dynamic and interdisciplinary nature
of current research. Their reliance on bag-of-words representations or shallow semantic fea-
tures can lead to inaccurate or overly generic matches (Qader et al., 2019).

More recently, deep learning models and contextual embeddings have been introduced to
better capture the meaning of research texts (Sarzynska-Wawer et al., 2021). Systems such
as OpenReview (Zhang et al., 2025) have experimented with BERT-based embeddings for
paper and reviewer representations, improving the granularity of the match. However, these
models often operate as black boxes, offering limited interpretability and lacking structured
insights into the content being matched (Sun et al., 2024). Furthermore, they rarely incor-
porate domain-specific knowledge or the explicit relationships between concepts that could
enhance the understanding of both papers and reviewer expertise.

In this work, we propose a novel pipeline for reviewer assignment that leverages KGs
and LLMs to enhance the matching of candidate papers with suitable reviewers. Our
approach for KGs builds upon three key components for extracting meaningful representa-
tions of papers and reviewers: Open Information Extraction (OpenlE), graph-based linguis-
tic Named Entity Recognition (GLiNER) (Zaratiana et al., 2024), and the Computer Science
Ontology (CSO) Classifier (Salatino et al., 2019, 2022) (see Sections 4.2.3 and 4.2.4). Ope-
nlE is employed to extract triples (subject, relation, object) from the title, abstract, and
summary of abstracts, while on the other hand, GLINER and the CSO classifier are used to
extract research topics and entities related to the papers from the output of OpenlE. These
extracted elements are then used to construct KGs, which serve as structured representations
of expertise and paper content. In parallel to the KG-based representation, we employ LLMs
to extract keyword-based semantic profiles from papers and reviewer publications, which
are then used to compute similarity based on textual content. For candidate papers, the LLM
synthesizes keywords to identify potential reviewers, while for reviewer profiles, it distills
author expertise from their publication history. The core matching process involves comput-
ing similarity scores between candidate papers and reviewer profiles using Cosine similarity,
Jaccard similarity, and an averaged metric that combines both. This dual-measure approach
ensures that both lexical overlap and semantic relevance are considered, thus improving
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the accuracy of the assignment. To validate the efficacy of our method, we evaluate the
reviewer assignment results against actual reviewer allocations using established metrics
such as Mean Reciprocal Rank (MRR), Mean Average Precision (MAP), and Precision at
K (P@K). By integrating advanced Natural Language Processing (NLP) techniques, KGs
construction, and LLM-driven keyword extraction, our pipeline represents a significant step
forward in automating reviewer assignment. This work not only addresses the limitations of
conventional methods but also provides a scalable framework that can adapt to the evolving
demands of academic peer review.

To address these challenges, we design a pipeline that leverages two complementary
perspectives: (i) KGs constructed from triples extracted with OpenlE and enriched with the
CSO Classifier and GLiNER topics, and (ii) keywords generated by LLMs from paper titles,
abstracts, and summaries. These two tracks are applied independently to model reviewer
expertise and candidate submissions, allowing us to compare their relative effectiveness in
the reviewer assignment task. Prior work has explored joint KG-LLM frameworks (Pan et
al., 2024; Mariotti et al., 2024; Giarelis et al., 2024; Marchesin et al., 2025), showing bene-
fits for tasks such as natural language understanding, fact-checking, and data quality. In con-
trast, we treat KGs and LLMs as separate tracks to enable a clean comparative evaluation.

The remainder of this paper is organized as follows. Section 2 provides a concise over-
view of prior research and related works in the domain of reviewer assignment systems,
contextualizing the current study within the existing literature. Section 3 presents the tar-
geted research task and elucidates the objectives of this work, including the key challenges
and contributions of the proposed methodology. Section 4 details the proposed reviewer
assignment pipeline. This section is subdivided into four subsections: Section 4.1 describes
the datasets utilized in this study, including their sources, characteristics, and relevance
to the task. Section 4.2 outlines the preprocessing steps applied to the raw data to before
building KGs and also explains the LLM-based approach. Section 4.3 discusses the fea-
ture engineering strategies employed to extract meaningful representations of reviewers
and submissions for constructing the KGs. Section 4.4 explains the similarity computation
methods and the methodology employed for matching potential reviewers to submissions.
Then, Section 5 elaborates on the evaluation framework, including the experimental setup,
baseline methods, and performance metrics used to assess the proposed system. Experimen-
tal results are reported and analyzed in Section 6, which includes comparative analyses, sta-
tistical validations, and discussions of key findings. Finally, Section 7 concludes the paper
by summarizing the study’s outcomes, highlighting its theoretical and practical implica-
tions, and suggesting directions for future research.

2 Related works

The reviewer assignment problem entails allocating submitted manuscripts to suitable
reviewers by matching reviewer expertise to manuscript topics, ensuring fairness, and
avoiding conflicts of interest. Traditional approaches to the problem, such as manual assign-
ments or simple keyword matching, have shown limitations in handling the growing com-
plexity and volume of submissions. In response, recent research has introduced a range of
methodologies, encompassing semantic text analysis, KGs, machine learning, and optimi-
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zation techniques. This section reviews the literature, categorizing prior work based on its
methodological approaches.

Initial strategies for reviewer assignment relied heavily on manual selection or bidding
systems. Such methods led to workload imbalances and did not always ensure expertise
alignment, as shown by authors in Mittal et al. (2019). Introducing keyword-based automa-
tion improved scalability but often failed to capture semantic depth. For instance, authors
in Adebiyi et al. (2019) compared techniques including LDA and Term Frequency—Inverse
Document Frequency (TF-IDF), observing that while LDA enhanced semantic alignment
for interdisciplinary topics, simpler methods like TF-IDF were computationally efficient
but less nuanced. Similarly, authors in Cagliero et al. (2018) noted that keyword matching
alone struggled to handle conflicts of interest, potentially leading to biased or suboptimal
reviewer selections.

To address these shortcomings, subsequent research turned to topic modeling, aiming
to better capture latent semantics and relationships between reviewers and manuscripts.
Techniques such as LDA, Latent Semantic Indexing (LSI), and TF-IDF have been explored
for aligning semantic content and reviewer expertise (Adebiyi et al., 2019). Authors
in Kusumawardani and Khairunnisa (2018) applied an author-topic model to assignments
involving Bahasa Indonesia manuscripts, leveraging language-specific preprocessing. Oth-
ers have incorporated temporal dynamics, noting that reviewer expertise evolves over time.
The study in Peng et al. (2017) integrated time-aware topic modeling to emphasize recent
publications, better reflecting current interests and improving assignment relevance.

KGs have emerged as valuable tools for mapping complex relationships, including those
connecting authors, reviewers, institutions, and research areas. Authors in Rordorf et al.
(2023) combined machine learning and KGs to manage conflicts of interest and enhance
fairness, employing semantic text similarity and graph-based representations. The work
performed in Yong et al. (2021), a framework utilizing KGs and rule-based matching, suc-
cessfully aligned hierarchical representations of reviewer profiles with manuscript content.
Moreover, experts in Xiao et al. (2022, 2023) developed a hierarchical interdisciplinary
research proposal classification network, integrating semantic extraction and KGs to handle
interdisciplinary proposals by predicting topic paths enriched with interdisciplinary context.

Building on these representations, neural methods such as deep learning and LLMs have
been applied to further refine expertise modeling and similarity computation. Researchers
in Duan et al. (2019) modeled semantic relationships between manuscripts and reviewer
publications using neural networks, such as BERT, CNN, and biLSTM, to improve recom-
mendation precision. Another work performed in Zhang et al. (2024) introduced a semantic
and correlation fusion approach, integrating semantic embeddings and graph-based cor-
relation modeling to refine reviewer-paper matching. LLMs have also been utilized to
address data imbalance and improve classifier performance in domain-specific scenarios.
For instance, authors in Cai et al. (2023) employed LLMs as a data augmentation tool,
enhancing classification accuracy for underrepresented disciplines.

Addressing fairness and managing conflicts of interest are other considerations in the
reviewer assignment problem. Authors in Rordorf et al. (2023) employed KGs to detect
conflicts of interest by modeling co-authorships and institutional relationships. Fair alloca-
tion strategies have also emerged, including the Reviewer Round Robin method in Payan
(2022), designed to achieve near envy-freeness by balancing reviewer workloads. Similarly,
the PeerReview4All algorithm, which is carried out in Stelmakh et al. (2019), applies incre-
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mental max-flow techniques to ensure max-min fairness. Other approaches include leverag-
ing fuzzy graph connectivity, as applied in Mittal et al. (2020), or utilizing collaboration
distances in academic social networks, as explored in Li et al. (2017), to enhance equity
in reviewer assignments. In parallel, researchers in Nugroho et al. (2023); Cagliero et al.
(2018) utilized a graph-based model to detect conflicts of interest through relationship pat-
terns, enhancing fairness and integrity.

Comprehensive surveys, such as the dissertation in Misale and Vanwari (2017) and the
analysis in Mittal et al. (2019), have reviewed techniques, limitations, and key challenges
in the reviewer assignment problem. They highlight the importance of automated keyword
extraction, refined expertise representation, and advanced semantic and fairness-oriented
methodologies.

Recent studies have explored closer integrations of KGs and LLMs. For example, Pan
et al. (2024) present a roadmap for unifying the two paradigms, while Mariotti et al. (2024)
discuss how LLMs can be combined with enterprise KGs to enhance natural language
understanding. Giarelis et al. (2024) propose a unified framework to support fact-checking
in public deliberation, and Marchesin et al. (2025) focus on improving KG data quality
using LLMs. In contrast, our approach does not fuse KGs and LLMs into a single model.
Instead, we analyze them as separate but comparable tracks for expertise representation and
reviewer assignment, highlighting their individual strengths and trade-offs.

While substantial progress has been achieved, ranging from integrating semantic text
analysis and KGs to applying deep learning, significant challenges remain. These include
effectively managing conflicts of interest, accommodating interdisciplinary submissions,
addressing data imbalances, and accurately capturing evolving expertise. The integration
of emerging techniques, such as LLM-based keyword extraction and advanced semantic
understanding, presents a promising avenue for improvement. Building on these advance-
ments, our proposed approach leverages KGs and LLM-based processing to enhance
reviewer assignments’ accuracy, fairness, and adaptability.

Beyond the methods reviewed above, three families frequently serve as practical
baselines for reviewer assignment. First, TPMS-style systems perform lexical matching
between manuscripts and reviewer profiles using TF-IDF and Cosine similarity, sometimes
with heuristic normalization and stop-term handling (Charlin and Zemel, 2013). Second,
embedding-based retrieval represents papers and reviewer texts with transformer encoders
(e.g., SBERT) and ranks by Cosine similarity (Reimers and Gurevych, 2019; OpenReview,
2023; OpenReview: Openreview matcher, 2019; OpenReview, 2025). Third, fairness-aware
assignment algorithms such as PeerReview4All optimize coverage and balance under con-
flict and load constraints (Stelmakh et al., 2019). These baselines inform our experimental
setup and serve as comparators to the KG and LLM tracks evaluated in this work.

A recent contribution by Tong et al. (2024) introduced the Conditional Generative
Adversarial Meta-Learning (CGAML) framework, addressing the limitations of existing
knowledge graph completion (KGC) methods when dealing with sparse and complex data.
CGAML integrates Conditional Generative Adversarial Networks (CGANs) and meta-
learning to enable few-shot KGC by leveraging hierarchical background knowledge and
conditional vectors that guide semantic generation. The meta-learning component adapts
quickly to new relational patterns through local and global optimization strategies, while
the adversarial component ensures that generated triples preserve semantic constraints and
diversity. Experimental results on benchmark datasets (e.g., NELL-One, Wiki-One, and
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FB15k-237) demonstrated that CGAML outperforms state-of-the-art methods in few-shot
scenarios, highlighting its ability to generalize across low-frequency entities and relations.
Although developed for KGC, this work provides methodological insights for reviewer-
assignment problems, where meta-learning and conditional generation could support adap-
tive matching in domains with sparse reviewer expertise or rapidly evolving topics.

In a subsequent study, authors in Wang et al. (2025) proposed a Textual and Structural
Dual Enhancement (TSDE) framework that leverages LLMs for augmenting KGs. TSDE
addresses two key challenges in KGC, low-quality textual descriptions and structural spar-
sity, by combining LLM-based text generation with structural similarity mining. The frame-
work employs a bidirectional depth-first sampling algorithm to extract path-based contextual
information, which is then used in prompt templates guiding LLMs to generate enriched
entity descriptions aligned with graph semantics. Simultaneously, cosine-based similarity
computation among entities introduces synthetic “same-as” relations, densifying the graph
and mitigating long-tail issues. Applied to models such as TransE, RotatE, and SimKGC,
TSDE yielded significant performance gains across multiple benchmarks (FB15k-237 and
WN18RR). This approach exemplifies how LLMs can serve as knowledge-enhancement
tools rather than reasoning engines—a perspective directly relevant to reviewer-assignment
contexts where textual and relational signals must be jointly optimized.

3 The targeted task

The targeted task of the present pipeline is to facilitate a more effective and accurate assign-
ment of reviewers to academic manuscripts. We seek to identify expert reviewers whose
research interests, methodological backgrounds, and thematic specializations align closely
with the core content and intellectual scope of a given submitted paper. Formally, the task
involves mapping each candidate paper to an optimized set of reviewers based on the seman-
tic and structural features extracted from both the paper’s textual content and the reviewers’
publication records. This entails several integrated subtasks:

o Text-to-knowledge conversion: Transforming raw textual data from research abstracts
and manuscripts into enriched semantic representations. Through a comprehensive
preprocessing pipeline encompassing semantic triple extraction, topic enrichment, and
LLM-based keyword extraction, we derive coherent knowledge structures that encapsu-
late the central themes and salient entities of the documents.

o Graph-based semantic modeling: Constructing KGs from the resulting enriched se-
mantic triples, thus enabling a structured representation of the thematic and relational
aspects of both papers and reviewers’ works. Node embedding algorithms then produce
dense vector representations of these graphs, enabling comparability across multiple
documents.

o Similarity computation and reviewer matching: Employing multiple similarity
measures to quantify the alignment between the thematic profiles of candidate papers
and potential reviewers’ research trajectories.

The end goal is an automated, data-driven mechanism that assigns each submitted manu-
script to reviewers whose expertise closely resonates with the paper’s content. By integrating
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graph-based semantic modeling with advanced language models, this methodology ensures
that the reviewer recommendation process is both contextually informed and aligned with
domain-specific knowledge structures.

4 Reviewer assignment pipeline

In this study, we propose a KG-based and LLM-based approach to enhance the matching
process between academic papers and potential reviewers. As indicated in Figure 1, our
pipeline includes four different blocks: Data Collection, Preprocessing, Feature Engineer-
ing, and Reviewer Matching. We run two independent, non-fused pipelines that share data
collection but diverge in preprocessing and feature construction.

® (A) KG-based path: (1) Semantic triple extraction: apply OpenlE to the paper text to
obtain triples (s, 7, 0). (2) Topic mapping and entity enrichment: map textual spans from
the OpenlE output to CSO topics to form a topic set T and also extract named entities
with GLINER to form an entity set £; (3) KG construction: build a graph where nodes
come from subjects/objects and edges are OpenlE relations (either typed or collapsed to
related_to). (4) Feature construction: (i) a discrete set of topics/entities for Jaccard; (ii)
a vector embedding of the graph via Node2Vec (graph readout) for cosine. (5) Similar-
ity & ranking: compute Jaccard, cosine, and their unweighted mean (“cosine—Jaccard
average”) within this path, then rank reviewers by the chosen score.

e (B) LLM-keyword path. (1) Keyword extraction: use LLaMA-3.2 to extract keywords
from the paper’s title, abstract summary, and abstract. (2) Normalization: lowercase,
lemmatize, and deduplicate the keyword set. (3) Feature construction: (i) use keyword
set directly as a set for Jaccard; (ii) build a keyword vector for cosine. (4) Similarity &
ranking: compute cosine, Jaccard, and their unweighted mean within this path, and rank
reviewers accordingly.

Similarity
Computation

!

Data Collection Preprocessing Feature Engineering Reviewer Matching
Fig. 1 Reviewer assignment pipeline
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All similarities are computed within a path; there is no cross-pipeline fusion, weighting, or
conflict resolution.

4.1 Data collection

Our study relies on two curated datasets, one containing submitted papers from authors and
the other describing potential reviewers. These datasets are fundamental to our reviewer
assignment system, providing comprehensive and structured information about submitted
papers and potential reviewers. The authors’ dataset, sourced from EasyChair!, contains
abstracts and metadata of research articles submitted to various conferences. In contrast, the
reviewers’ dataset, extracted from Semantic Scholar?, includes detailed bibliometric infor-
mation about potential reviewers, such as their publications and citation metrics. Both data-
sets are stored in JSON format, employing unique identifiers to ensure seamless integration
and traceability across our system. Their integration forms the backbone of our reviewer
assignment process, enabling a robust and scalable framework for reviewer allocation. The
datasets used in this study were collected in our previous work (Bagheri et al., 2024), using
publicly accessible sources’. The authors’ dataset was extracted from EasyChair using auto-
mated tools, and the reviewers’ dataset was compiled via the Semantic Scholar API. During
the original data collection process, all necessary ethical guidelines and privacy consider-
ations were followed, ensuring that no sensitive or confidential information was collected.
In the current study, we use these datasets exclusively for academic research purposes. All
data is anonymized, non-sensitive, and publicly available, and our use complies with the
terms of service of the respective platforms. The present dataset comprises 663 papers and
524 reviewers in computer science.

4.1.1 Authors’ dataset

We collected 663 papers and their assigned reviewers from 85 computer science confer-
ences. These papers encompass a diverse range of topics within NLP and Artificial Intel-
ligence (Al), including text summarization, sentiment analysis, KGs development, machine
learning applications, and cross-lingual domain adaptation. Many entries emphasize practi-
cal applications of NLP technologies, reflecting a trend toward solving real-world problems
through theoretical advancements. Each entry in the authors’ dataset is uniquely identified
by a dictionary key, serving as a primary identifier throughout the project files. The dataset
includes comprehensive metadata for each paper: conference name, paper title, paper link,
list of authors, paper abstract, and any assigned reviewers. This detailed information forms
the foundational layer for evaluating and matching paper topics to reviewers based on the-
matic relevance.

Uhttps://www.easychair.org/
Zhttps://www.semanticscholar.org/

3 https://github.com/faridbagheri/Reviewers-Recommendations-System. git
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4.1.2 Reviewers' dataset

Complementing the authors’ dataset is the reviewers’ dataset, which centralizes reviewer-
centric data linked to the reviewers assigned by EasyChair for the 663 papers previously
collected. Data retrieval was performed using the Semantic Scholar Application Program-
ming Interface (API)*. Each paper in the authors’ dataset was typically assigned to three
reviewers. For each reviewer associated with the 663 papers, we retrieved their top 20 most
cited articles from Semantic Scholar, arranging them in descending order of citation count.
In total, we successfully extracted information for 524 unique reviewers, which is fewer
than the expected 1,989 reviewers (3 reviewers per paper X 663 papers). This discrepancy
may be due to overlapping reviewer assignments, where the same reviewer was assigned to
multiple papers, or limitations in data retrieval from Semantic Scholar. The reviewers’ data-
set is organized with each reviewer indexed by a unique tuple consisting of their author ID
and name. For each reviewer, the dataset includes a list of their publications, each accom-
panied by details such as the number of influential citations, total citations, paper titles,
abstracts, and publication links. This rich bibliometric and thematic information enables a
robust assessment of reviewers’ domain-specific expertise and scholarly influence. By inte-
grating this dataset with the authors’ dataset, our system performs semantic content analysis
to align submission content with reviewer expertise. This data-driven approach not only
streamlines the review process but also enhances the quality of peer reviews, thereby foster-
ing academic integrity and rigor.

4.2 Preprocessing

Before constructing the KGs and performing the reviewer assignment, we have a prepro-
cessing phase that converts raw textual content into structured, semantically rich representa-
tions. We implement five key preprocessing steps: first, semantic triple extraction by using
OpenlE to isolate fundamental subject-relation-object relationships; second, topic extraction
and enrichment to identify and elaborate core thematic elements; third, GLiNER to integrate
linguistic and graph-based features for entity identification; fourth, the CSO classifier to
extract relevant topics from the output generated by OpenlE. Finally, LLM-based keyword
extraction by using LLaMA-3.2 to extract keywords related to papers. Collectively, these
steps yield a coherent knowledge substrate, primed for accurate reviewer assignment.

4.2.1 Semantic triple extraction (OpenlE)

To capture essential information from the abstracts, we employed the OpenlE model’ to
extract semantic triples in the form of (subject, relation, object). OpenlE is an unsupervised
method that identifies relational tuples from natural language text, enabling the extraction
of structured information from unstructured data. For each abstract in both datasets, the
OpenlE model processed the text and outputted a set of triples representing the key proposi-
tions expressed. This step transformed the textual content into a structured format suitable
for further analysis and served as the initial seed for our knowledge-graph construction.

“https://api.semanticscholar.org/api-docs/

S https://nlp.stanford.edu/software/openie.html
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OpenlE leverages syntactic parsing and semantic role labeling to identify and extract rela-
tionships, entities, and facts from text, forming the foundational components of knowledge
representation.

OpenlE produces a candidate structured view, but the extracted triples often suffer from
boundary errors, coarse or inconsistent relation labels, and unresolved coreference, espe-
cially in scientific text. To limit error propagation into the KG, we (i) prune malformed
spans and relations with weak evidence, (ii) optionally collapse sparse or heterogeneous
relations into a generic related to edge, and (iii) normalize node labels through CSO/
GLiINER enrichment. For downstream tasks, similarity measures (Cosine, Jaccard, or their
mean) help further reduce sensitivity to noisy or spurious edges (Angeli et al., 2015).

4.2.2 Topic extraction and enrichment

Unlike traditional bag-of-words representations, which may overweight generic terms, our
approach constructs a bag-of-concepts derived from the domain-specific KG. Concepts are
disambiguated, synonym-merged, and semantically typed, ensuring that overly broad terms
receive low weight and that matches remain both precise and contextually meaningful. After
obtaining the semantic triples, we further enriched them by identifying relevant topics using
two complementary methods: GLiINER® and the CSO Classifier’, which together enhance
both the semantic coverage and domain alignment of the resulting representations.

4.2.3 Graph-based Linguistic Named Entity Recognition (GLiNER)

GLINER is an advanced tool designed for domain-specific named entity recognition
(NER) (Zaratiana et al., 2024). It combines traditional entity recognition techniques with
knowledge base linking to improve the identification and classification of entities within a
specific domain. GLiINER utilizes domain-specific gazetteers and links recognized entities
to entries in knowledge bases such as the CSO (Zaratiana et al., 2024). Unlike generic NER
systems, GLiNER is optimized for low-resource or specialized domains by leveraging both
linguistic cues and structured background knowledge. It employs transformer-based con-
textual encoders to capture semantics and dynamically integrates gazetteer features during
training, which enables the detection of fine-grained scientific concepts such as tasks, meth-
ods, tools, and datasets. This hybrid design allows GLiNER to outperform standard NER
baselines in both precision and recall, especially in scientific and technical texts. Recent
evaluations demonstrate its robustness across multiple domains, including computer sci-
ence, biomedicine, and social sciences (Zaratiana et al., 2024; Keraghel et al., 2024; Xu et
al., 2024). Given its ability to align extracted entities with ontological concepts (e.g., CSO,
MeSH), GLINER is increasingly being adopted for downstream tasks such as KG construc-
tion, information extraction, and expert profiling.

We applied GLIiNER to the subjects and objects in the triples extracted by OpenlE. For
each term, GLIiNER assigned relevant topics (it returns a confidence score s € [0, 1] for
every detected entity/topic assignment, where s is the model’s posterior confidence; higher
values indicate greater likelihood of correcteness) based on semantic similarity and pre-

® https://github.com/urchade/ GLiINER ?tab=readme-ov-file

"https://github.com/angelosalatino/cso-classifier?tab=readme-ov-file
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defined topic categories, enhancing the semantic richness of the data and enabling align-
ment with KG nodes when possible.
Regarding implementation details, we report the following:

o Threshold setting: We employed a threshold of 0.1 to control the sensitivity of the
entity recognition process. This threshold balanced recall and precision, ensuring that
a comprehensive set of relevant topics was captured. In other words, a lower threshold
allowed the model to consider more potential entities, capturing a comprehensive set of
relevant topics.

o Domain-specific labels: We specified labels such as “tasks”, “methods”, “tools”, and
“computer science” to focus the entity recognition process on aspects most relevant to
our reviewer recommendation system.

To ensure that the resulting triples contain coherent subjects and objects enriched with
meaningful semantic context, we utilized GLiNER for detailed tagging of both subjects
and objects output of OpenlE triples. This process involves assigning relevant topics to
each term based on semantic similarity and predefined domain-specific categories. As men-
tioned above, GLINER is provided with four types of labels: “tasks", “methods", “tools",
and “computer science". For example, consider a triple where the subject is “Such mod-
els" and the object is “levels on tasks". After applying GLINER, the subject is categorized
under the topic “tools", and the object is categorized under “tasks". This results in enriched
triples where both the subject and object carry additional semantic information, facilitating
a deeper understanding of their roles within the relationship.

4.2.4 CSO classifier

The CSO Classifier is an unsupervised tool designed to automatically classify research
documents according to the CSO (Salatino et al., 2019), a comprehensive taxonomy of
research areas in the field of computer science. Leveraging this ontology as a reference
framework, the classifier employs a hybrid approach that combines direct string matching
with semantic analysis to assign CSO topics using lexical and semantic evidence (Sala-
tino et al., 2019, 2022). The CSO itself is a large-scale, evolving ontology that contains
tens of thousands of research topics organized hierarchically and is continuously updated
using automated techniques (Salatino et al., 2021). To support this evolution, CSO builds on
algorithms such as Klink-2, which infer hierarchical and relatedness links between topics
from multiple scholarly sources (Osborne and Motta, 2015). The classifier operates in three
modes: (i) syntactic, which detects explicit matches of CSO labels in text; (ii) semantic,
which leverages distributional similarity to identify conceptually related terms; and (iii)
combined, which integrates both strategies for robust performance (Salatino et al., 2019,
2022). This flexibility allows the CSO Classifier to capture both direct mentions of research
fields and latent semantic relations, enabling accurate topic assignment even when terminol-
ogy varies. It has been successfully applied in large-scale analyses of scientific literature,
including monitoring research trends and building scholarly KGs (Salatino et al., 2021), and
in editorial/recommendation settings such as Springer Nature’s workflows (Osborne et al.,
2016; Salatino et al., 2019). By anchoring extracted concepts to an evolving ontology, the
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CSO Classifier provides a consistent and interoperable representation of research domains,
which is particularly valuable for tasks requiring longitudinal or cross-venue comparisons.

We utilized the CSO Classifier to extract relevant topics from the outputs generated
by OpenlE. The classifier identified topics from the input text and mapped them to the
hierarchical structure of the CSO, linking general topics to more specific subfields. This
hierarchical mapping not only enriched the semantic representation but also facilitated the
integration of the extracted topics into our KGs, enhancing the overall depth and clarity of
our constructed semantic structure.

4.2.5 LLM-based approach

In addition to the KG-based approach, we employed LLaMA-3.2 via the Ollama API® to
extract keywords from the titles, summaries, and full abstracts of both authors’ papers and
reviewers’ publications. For summary generation, we employed the T5-base model®. This
model, pre-trained on diverse text-to-text tasks, was fine-tuned for domain-specific scien-
tific summarization using the SciTLDR !°dataset, an established resource containing concise
summaries of scientific research articles. While LLaMA-3.2 was employed for keyword
extraction, we used the T5-base model for summarization, since TS is specifically optimized
and widely benchmarked for text-to-text tasks such as abstractive summarization. At the
time of experimentation, our local LLaMA deployment was not optimized for summariza-
tion tasks, and therefore, TS provided more stable and high-quality summaries.

The fine-tuning process emphasized optimizing the model to generate accurate, domain-
relevant, and succinct summaries. By training the model on SciTLDR, which includes short,
high-quality summaries tailored for the scientific domain, the summarization aligns with
the nuanced demands of reviewer assignment. Summaries were limited to a length of 150
tokens, ensuring clarity and relevance without overwhelming reviewers with excessive
detail.

This summarization method produces distilled versions of abstracts that retain the core
contributions and findings of the original papers. The summarized abstracts were subse-
quently integrated into the reviewer assignment system, serving as critical inputs for match-
ing reviewer expertise with paper content. The objective was to generate keywords that
effectively align the expertise of reviewers with the topics covered in the submitted papers.
This approach enhances the efficiency and precision of reviewer selection by providing
concise, informative representations of manuscripts tailored to the scientific context. We
utilized the following prompts for the LLaMA-3.2 model:

For the authors’ dataset:

“Generate a set of keywords that would help find a reviewer for the following paper
text type: ‘{text}’.”

For the reviewers’ dataset:

8 https://ollama.com/library/llama3.2
% https://huggingface.co/docs/transformers/en/model_doc/t5

0https://huggingface.co/datasets/allenai/scitldr?row=0
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“Propose a set of keywords that define the expertise of the author who wrote a paper

rn

with the following text type: “{text}’.

In these templates, the placeholder { text} was dynamically replaced with the fitle, sum-
mary, abstract, depending on the dataset component. We utilized the ollama.chat() function
to interact with the model. LLaMA-3.2 produced lists of contextually relevant keywords for
each author’s paper description or reviewer’s profile.

Due to the variability inherent in LLM-generated outputs, we employed NLTK!! to post-
process and clean the extracted text. This approach facilitated robust tokenization, keyword
extraction, and normalization of the generated content, ensuring more consistent and reli-
able analysis.

Following the initial extraction, we implemented a thorough pre-processing phase
designed to ensure the accuracy and consistency of the resulting keyword sets. All extracted
terms were standardized by converting them to lowercase, removing punctuation, and trim-
ming superfluous whitespace. We then focused on data cleaning, systematically removing
common stopwords that did not contribute to semantic content. Lemmatization and stem-
ming techniques were applied to unify words under their canonical forms, further enhanc-
ing interpretability. Finally, spell-checking routines were utilized to correct typographical
errors, thereby refining the quality and coherence of the extracted keywords. This compre-
hensive approach ensured that the parsed outputs were both meaningful and readily analyz-
able for subsequent tasks.

We selected LLaMA-3.2 for keyword extraction due to its availability as an open-source
model and its strong performance in language understanding tasks, particularly when
deployed locally via the Ollama framework. This setup provided a balance between per-
formance and computational efficiency, enabling large-scale keyword extraction on local
machines without requiring paid APIs or external infrastructure. While other LLMs such
as GPT-4, Qwen, PHI, or Gemma could also be applied, we prioritized LLaMA-3.2 for
reproducibility and accessibility. Benchmarking against alternative models is planned as
part of future work.

We represent the LLM-generated keywords using the TF-IDF (Salton and Buckley,
1988) method rather than state-of-the-art transformer embeddings. This choice was made
deliberately to keep this component lightweight, transparent, and fully reproducible, and to
isolate the contribution of the keyword generation step itself from that of the representation
layer. By employing TF-IDF, we ensure that the evaluation focuses on the quality of the
keywords produced by the LLM, without introducing additional complexity or confounding
effects from deep embedding models

4.3 KG construction
Using the enriched triples, we build the KGs for both authors’ papers and reviewers. The
graphs represent entities (topics) as nodes and the relationships between them as edges. The

nodes and edges are defined as follows:

o Nodes: Each node in the graph represents a topic identified by GLiINER and the CSO
Classifier from the subjects and objects of the OpenlE triples.

Whttps://www.nltk.org/
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e Edges: Directed edges connect subject topic nodes to object topic nodes. We considered
two scenarios: in the first one, we use the specific relation determined by OpenlE in the
triple containing the subject and the object. In the second one, a generic related to
relation replaces all specific relations found by OpenlE. Therefore, the number of triples
is the same in both scenarios, but in the second one, all have the same relationship.

To enable quantitative comparison between the KGs, we transformed them into vector
representations using the Node2Vec algorithm'2. Node2Vec is a scalable feature learning
method that generates vector embeddings for nodes in a graph by simulating biased random
walks and applying the skip-gram model (Grover and Leskovec, 2016). It captures both
local and global structural information of the graph. Firstly, we configured Node2Vec with
specific hyperparameters to optimize embedding quality, the embedding dimension was set
to 64 and the length of each random walk was 10 steps with 50 random walks. Secondly,
we trained the Node2Vec model on each KG to learn embeddings for all nodes representing
topics. This training phase allowed the model to capture both local and global structural
features of the graphs, embedding nodes into a continuous vector space where semantically
similar topics are positioned closer together. Finally, we computed an overall embedding for
each graph by averaging the embeddings of all its constituent nodes. Formally, the graph
embedding G is calculated as:

XN
G:N;U“

where N denotes the total number of nodes in the graph, and v; represents the embedding
vector of the i-th node. This averaging process yields a fixed-size representation for each
graph, facilitating efficient comparison and analysis in subsequent tasks such as similarity
measurement and clustering.

We selected Node2Vec over more complex neural graph encoders (e.g., GAT) because
our task is fully unsupervised, relies on many small per-document graphs, and benefits from
Node2Vec’s stable and computationally efficient random-walk embeddings.

4.4 Similarity computation and reviewer recommendation

To recommend suitable reviewers for each paper, we employed several similarity measures
that leverage both KG representations and keywords extracted via the LLaMA-3.2 model.
For the KG-based approach, we calculated three different similarity metrics: Cosine similar-
ity of graph embeddings, Jaccard similarity of topic sets, and a combined Cosine-Jaccard
average similarity. The Cosine similarity measures the orientation similarity between the
high-dimensional graph embeddings of papers and reviewers. Given the graph embeddings
p for a paper and r for a reviewer, the Cosine similarity is computed as Steck et al. (2024):

_ per
I~

Cosine Similarity(p, )

12 https://snap.stanford.edu/node2vec/
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where p - r denotes the dot product of the embedding vectors, and ||p|| and ||r|| are their
Euclidean norms.

The Jaccard similarity assesses the overlap between the sets of topics extracted from the
KGs. Let T}, and T;. represent the topic sets for the paper and reviewer, respectively, as iden-
tified by GLiNER and the CSO classifier. The Jaccard similarity is calculated using (Veda-
vathi and KM, A.K., 2023):

.. . |Tp N TT‘
Jaccard Similarity (T}, T,) = m
where |T,, N T, is the cardinality of the intersection of the topic sets, and |T,, U T} | is the
cardinality of their union.

To leverage both structural and thematic similarities, we introduced a combined simi-
larity score by averaging the Cosine and Jaccard similarities: The combined similarity is
computed as:

Cosine Similarity + Jaccard Similarity

Combined Similarity = >

For the LLM-based method, we extracted keywords from titles, summaries, and abstracts
using LLaMA-3.2 and represented them numerically using the TF-IDF method. We then
computed two primary similarity measures: Jaccard similarity of keyword sets and Cosine
similarity of TF-IDF vectors.

The Jaccard similarity between the keyword sets K, (paper) and K, (reviewer) is given
by:

. |Kp N K|
Jaccard Similarity(K,, K,) = ————
P |Kp U K, |

The Cosine similarity of the TF-IDF vectors v, (paper) and v, (reviewer) is calculated as:

Cosine Similarity = Up 1 Ur
[[op]| [[or |

By employing these similarity measures, we effectively matched reviewers to authors’
papers. This approach ensured that the expertise of the reviewers closely corresponded with
the topics of the submitted papers, thereby enhancing the relevance and quality of the peer-
review process.

The entire process was implemented in Python'?, utilizing a range of specialized libraries
and tools to facilitate graph construction, embedding generation, similarity computations,
and text processing. We employed NetworkX'* for the construction and manipulation of
KGs, and Node2Vec was used to generate node and graph embeddings from these graphs.
Scikit-learn was instrumental in computing similarity measures, including Cosine similar-

3 https://www.python.org/
Yhttps://networkx.org/documentation/stable/tutorial.html
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ity and TF-IDF vectorization, while NumPy'? assisted in numerical operations and vector
calculations to enhance computational efficiency. For NLP tasks such as text parsing and
keyword extraction, we utilized NLTK. Additionally, LLaMA-3.2 was integrated via the
Ollama API to enable interactions with the LLM and generate contextually relevant key-
words. To ensure robustness and consistency in the data processing workflow, methodolo-
gies and code implementations were standardized across both the papers’ dataset and the
reviewers’ dataset. Special attention was given to exception handling; in similarity com-
putations, cases where the union of topic sets was empty were carefully managed to avoid
division by zero errors. Data structures were optimized for efficiency: graph embeddings
were stored as NumPy arrays to facilitate efficient numerical computations and ease of
manipulation, while topic sets were represented as Python sets to enable efficient set opera-
tions required for calculating Jaccard similarity.

By integrating both KG-based and LLM-based approaches, we enhanced the accuracy
and effectiveness of our reviewer recommendation system. The combination of semantic
enrichment, structural representation, and advanced language models allowed for a more
informed and precise matching between academic papers and potential reviewers.

5 Evaluation

This section delineates the evaluation criteria considered for assessing reviewer recommen-
dation methodologies and subsequently presents the experimental framework employed.

5.1 Evaluation metrics

In the following, we introduce and refine the formal definitions of a selection of widely
utilized evaluation metrics. These formulations are adapted for our task of mapping docu-
ments to reviewers, wherein a reviewer is deemed relevant if they were among the original,
empirically assigned reviewers of the corresponding manuscript.

5.1.1 Mean Reciprocal Rank (MRR)

MRR!® is a position-based metric frequently employed in the evaluation of recommenda-
tion and information retrieval systems. Applied to our scenario, the system ranks candidate
reviewers for each manuscript, outputting a sorted list in which each reviewer is accompa-
nied by a relevance score. MRR is computed by taking the inverse of the rank of the first
relevant reviewer identified for each manuscript, aggregating these values over the entire
corpus, and normalizing by the number of manuscripts:

1 el
MRR = — —
Q| ; rank;

15 https://numpy.org/

16 https://www.evidentlyai.com/ranking-metrics/mean-reciprocal-rank-mrr
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Here, || denotes the total number of manuscripts under consideration, and rank; represents
the position of the earliest encountered relevant reviewer for the i-th manuscript. MRR
values lie between 0 and 1, with values approaching 1 indicating that relevant reviewers are
consistently ranked near the top. While MRR emphasizes the earliest correct retrieval and
is thus well-suited to scenarios prioritizing top-ranked matches, its narrow focus limits its
capacity to gauge holistic performance. Specifically, it overlooks non-top-ranked relevant
reviewers and non-relevant assignments, potentially providing a less comprehensive perfor-
mance indication (Ali et al., 2021).

5.1.2 Precision atK (P@k)

Precision at k£ (P@k) quantifies the proportion of top-k£ recommended reviewers that are
relevant. Defined over a fixed cutoff k, it thus evaluates how accurately the system places
pertinent reviewers among the first k positions:

k

1 1, ifreT

Pak = k Z { 0, otherwise
i=1

In this formulation, ; denotes the reviewer positioned at rank ¢, and 7" represents the set
of truly relevant reviewers. P@k values range between 0 and 1, where scores closer to 1
suggest a high density of correct recommendations within the top k positions (Khan et al.,
2023).

In our experimental setting, we focus on k = 3, reflecting the standard practice of assign-
ing three reviewers per manuscript. Hence, a high P@3 score signifies that the methodology
effectively positions pertinent reviewers within these top three choices.

5.1.3 Mean Average Precision (MAP)

MAP!7 extends beyond the first relevant match, integrating precision values at multiple
relevant ranks to produce a comprehensive assessment of ranking quality. For a collection
of n manuscripts, MAP is defined as:

1 n

MAP@k = = )~ AP@k;
" 1
iz

Here, AP@k; denotes the average precision at k for the ¢-th manuscript’s ranking list. MAP
thus captures the cumulative relevance across all ranks and provides a more holistic per-
spective than metrics that focus solely on top-ranked items (Zhang et al., 2023).

By considering each relevant reviewer and its respective rank, MAP can yield higher
values than P@3 if relevant reviewers appear just beyond the top three positions. For
instance, if a manuscript’s three relevant reviewers are ranked 1, 3, and 4, then P@3 would
be % ~ 0.66. In contrast, MAP accounts for all relevant reviewers and weights their contri-

https://www.evidentlyai.com/ranking-metrics/mean-average-precision-map
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bution by position, leading in this case to an AP of about 0.8. This nuance highlights MAP’s
ability to capture overall ranking quality rather than focusing only on the very top ranks.

5.2 Experiments

To assess the effectiveness of our proposed reviewer recommendation pipeline, we con-
ducted a series of experiments using the datasets mentioned in Section 4.1. By employing
widely recognized information retrieval metrics, namely MAP, MRR, and Precision at k
(P@k), detailed in Section 5, we evaluated the quality of the recommended reviewer lists
against a ground truth of known reviewers that are placed into the authors’ dataset. In our
experimental setup, the title, abstract, and summary of each paper were processed using
the pipeline described in Section 4.2. For each of these components, similarity scores were
computed against the profiles of potential reviewers. These reviewer profiles were derived
from their previously published works, from which analogous KGs were constructed and
keywords extracted. By evaluating the similarity between the embeddings and keyword
profiles of a given paper and those of the potential reviewers, we generated ranked lists of
candidate reviewers. We compare the system-generated ranking of reviewers against a set
of “ground truth” reviewers. These ground truth assignments were derived from reviewer
records within the paper dataset. The experiments, which demonstrate that our integrated
KG-based and LLM-based similarity measures significantly improve the alignment between
papers and reviewers, challenge the notion that traditional keyword-based methods alone
suffice. They verify that topic-enriched knowledge representations enhance recommenda-
tion quality. By invoking these methods on real-world data, we observe patterns that suggest
improved retrieval of qualified reviewers who align semantically and thematically with the
papers under consideration. Our argument speaks to broader issues of automating and refin-
ing reviewer selection processes, ultimately facilitating more objective, topic-aligned, and
efficient peer review pipelines.

We reused three lexical baselines from our previous work (Bagheri et al., 2024): TF-IDF
Cosine, Bag-of-Words Jaccard, and Bag-of-Words Dot-Product. Reviewer profiles are
constructed by concatenating the texts of their prior publications, while manuscripts are rep-
resented using the matching field (title, abstract, or summary). For each baseline, we report
two aggregation strategies across a reviewer’s publications Mean and Max similarity scores.
Performance is evaluated using MRR, MAP, and P@3.

5.3 Workload and fairness metrics

To evaluate the fairness and efficiency of reviewer assignments, we define several workload-
related metrics. Denote by w.. . the number of papers assigned to reviewer r in conference c.
All metrics are computed on a per-conference basis, considering only those reviewers who
have received at least one assignment in the respective conference.

Per-conference average workload For each conference c, define R, as the set of reviewers

with at least one assignment in that conference. The average workload (Kobren et al., 2019)
for conference c is then given by:
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_ 1
We = m Z Wr,c

“lreR.

Macro-average workload To summarize workloads uniformly across all conferences, we
compute the unweighted average (Sokolova and Lapalme, 2009) of the per-conference
means:

1
MacroAvg = W Z W,
ceC’

where C’ denotes the set of conferences in which at least one assignment was made. This
metric assigns equal weight to each conference, independent of its size.

Pooled mean workload To reflect the overall average number of assignments per reviewer—
conference pair, we compute the pooled mean (Sokolova and Lapalme, 2009):

ZC ZTGRC Wy c
Z(; IRC|

Pooled =

This measure aggregates all reviewer assignments across all conferences and divides by the
total number of reviewer—conference pairs with at least one assignment. Unlike the macro-
average, it weights each conference proportionally to its number of active reviewers.

Gini coefficient (Workload Inequality). To assess the fairness of the workload distribution,
we employ the Gini coefficient G (Ceriani and Verme, 2012), a standard metric for measur-
ing inequality. Applied to the multiset {w,..}, it is computed as:

i 2 [ — g

2n2T

G

Here, x; represents the individual workloads, = is their mean, and n is the number of
reviewer—conference pairs with nonzero load. A Gini coefficient of 0 indicates perfect
equality, while values closer to 1 denote greater inequality'®.

6 Results

Below, we present the results of our evaluation organized into five tables corresponding
to different experimental conditions and similarity measures. Tables 1 and 2 report perfor-
mance metrics for KG-based approaches using “relation” and related to edges, respec-
tively, assessed by Cosine similarity, Jaccard similarity, and their average (Cosine—Jaccard
average similarity). Tables 3, 4, and 5 summarize the outcomes for LLM-based methods
compared against baseline similarity approaches on abstract, summary, and title representa-

18 Equivalently, the Gini coefficient is twice the area between the Lorenz curve and the line of perfect equality.
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Table 1 Reviewer matching Evaluation Metrics  Open IE relation  CSO-Classifier =~ GLiN-
using KGs and relation edge relation ER
relation

Cosine Similarity

MRR 0.5714 0.7619 0.5277

P@3 0.3284 0.3445 0.3300

MAP 0.2182 0.2539 0.1851

Jaccard Similarity

MRR 0.7112 0.7424 0.6354

P@3 0.3326 0.3471 0.3326

MAP 0.2370 0.2475 0.2274

Cosine-Jaccard Average Similarity

MRR 0.6721 0.7857 0.5833

P@3 0.3401 0.3920 0.3313
Best values are shown in bold MAP 0.2395 0.2936 0.2037
Table2 Reviewer matching Evaluation Open IE CSO-Classifier ~ GLiNER re-
using KGs and related_to Metrics related to related to lated to
edge Cosine Similarity

MRR 0.5625 0.6711 0.6666

P@3 0.3750 0.3888 0.3379

MAP 0.2743 0.2592 0.2460

Jaccard Similarity

MRR 0.5952 0.5333 0.6674

P@3 0.3333 0.3239 0.4285

MAP 0.2301 0.1778 0.2857

Cosine-Jaccard Average Similarity

MRR 0.6212 0.7142 0.3571

P@3 0.3570 0.3809 0.2955

MAP 0.2373 0.2698 0.1190

Best values are shown in bold

Table 3 Reviewer matching using the abstracts of papers

Abstract of Papers
LLM Method MSAAR
Cosine Jaccard Cosine-Jac- Cosine Jaccard Dot
Similarity Similarity card Average  Similarity Similarity Product
Similarity Simi-
larity
MRR 0.6584 0.7112 0.6364 0.6958 0.5737 0.6263
P@3 0.3703 0.3450 0.3674 0.3259 0.3125 0.3071
MAP 0.2551 0.2643 0.2455 0.3995 0.5881 0.3737

Best values are shown in bold
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Table 4 Reviewer matching using the summaries of abstracts

Summary of abstracts

LLM Method MSAAR
Cosine Jaccard Cosine-Jac- Cosine Jaccard Dot
Similarity Similarity card Average  Similarity Similarity Product
Similarity Simi-
larity
MRR 0.6534 0.6501 0.6503 0.238 0.3095 0.5476
P@3 0.3674 0.3557 0.3550 0.0845 0.1673 0.3202
MAP 0.2522 0.2462 0.2415 0.1369 0.1964 0.3452
Best values are shown in bold
Table 5 Reviewer matching using the titles of papers.
Titles of papers
LLM Method MSAAR
Cosine Jaccard Cosine-Jac- Cosine Jaccard Dot
Similarity Similarity card Average  Similarity Similarity Product
Similarity Simi-
larity
MRR 0.6715 0.6848 0.6401 0.3669 0.07692 0.6111
P@3 0.3627 0.3645 0.3613 0.1409 0.0192 0.1809
MAP 0.2570 0.2621 0.2440 0.2273 0.0384 0.3611

Best values are shown in bold

tions of research papers. Our analysis addresses how semantic enrichment, domain-specific
ontologies, and advanced keyword extraction affect reviewer recommendation accuracy.

As illustrated in Table 1, which focuses on “relation” edges, the integration of the CSO
classifier consistently enhances performance. For instance, under Cosine-Jaccard Average
Similarity, CSO classifier relations yield an MRR of 0.7857, surpassing both OpenlE rela-
tions (0.6721) and GLiNER relations (0.5833). Similar trends persist across the Jaccard
similarity and Cosine similarity measures, indicating that domain-specific topic enrichment
bolsters thematic fidelity between papers and reviewers.

Table 2 presents outcomes for the related to condition and confirms the positive
impact of semantic enrichment. While OpenlE related to achieves moderate MRR val-
ues (e.g., 0.5625 under Cosine Similarity), CSO classifier and GLINER both improve rank-
ings and precision. Notably, the CSO classifier related to configuration attains a higher
MRR (0.7142) under the Cosine-Jaccard Average Similarity metric compared to OpenlE
(0.6212) and GLiNER (0.3571). These gains indicate that leveraging hierarchical ontol-
ogy structures and advanced entity recognition techniques refines the semantic representa-
tion, improving reviewer-paper alignment. Our new findings underscore that the inclusion
of domain-specific ontologies and refined entity extraction methods, which was not fully
explored in our previous work, leads to a deeper and more context-aware characterization
of research topics.

Based on the comparative results in Tables 1 and 2, we identify the optimal configuration
for our KG-based approach. The strongest overall performance is obtained when construct-
ing KGs with the CSO Classifier while preserving the original relation edges and computing
similarity using the Cosine-Jaccard average. This setup achieves the highest MRR (0.7857)
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and competitive MAP and P@3 values in Table 1. By contrast, collapsing all edges into the
generic related to relation improves robustness in some scenarios but underperforms
in terms of early precision (e.g., MRR = 0.7142 in Table 2). Accordingly, we recommend
CSO + relation edges + Cosine—Jaccard average as the default configuration for reviewer
assignment.

Tables 3, 4, and 5 compare LLM-based approaches to the baseline methods (Maxi-
mum of Similarities across all Reviewers’ Articles (MSAAR)) described in our previous
paper (Bagheri et al., 2024), using keywords derived from abstracts, summaries, and titles.
For abstracts (Table 3), LLM-based methods yield competitive MRR and P@3 scores. For
example, under Jaccard Similarity, the LLM-based approach reaches an MRR of 0.7112,
slightly outperforming the baseline Cosine similarity MRR of 0.6958. Although the base-
line still shows a higher MAP (0.3995 compared to 0.2643 for the LLM-based approach),
the LLM-driven keyword extraction ensures more robust thematic capture than our earlier
methodologies.

Similar patterns emerge with summaries (Table 4). The LLM-based Cosine similarity
approach achieves an MRR of 0.6534, markedly higher than the baseline Cosine similar-
ity (0.238) reported in our previous work. This demonstrates that even with shorter textual
inputs, leveraging advanced LLM-generated keywords and similarity measures results in
improved alignment between manuscripts and reviewers.

Turning to titles (Table 5), the LLM-based Cosine similarity (MRR=0.6715) again sur-
passes the baseline Cosine similarity (MRR=0.3669), highlighting the ability of LLMs
to extract semantically rich keywords from minimal textual content. Moreover, Jaccard
similarity with LLM-based keywords (MRR=0.6848) also exceeds the baseline metrics,
confirming that these enhanced keywords offer substantial improvements over traditional,
lexically driven approaches.

It is important to note that TF-IDF and Node2 Vec represent two fundamentally different
perspectives on expertise. TF-IDF applied to LLM-generated keywords emphasizes lexi-
cal salience and transparency, whereas Node2Vec embeddings capture structural and rela-
tional information from KGs. Their comparison in Tables 1-5 is therefore not redundant, but
rather highlights complementary signals: keyword-driven lexical evidence versus topology-
driven structural embeddings. This distinction explains why performance differences arise
across settings, with TF-IDF excelling in lightweight lexical matching and Node2 Vec offer-
ing richer relational modeling.

To assess robustness, we ran paired 7-tests on per-paper Average Precision (AP), the
basis of MAP. Under our conservative protocol, the CSO Classifier with relation edges
(Table 1) consistently attains the best or co-best MRR/P@3/MAP across similarities; how-
ever, the observed deltas against OpenlE/GLIiNER do not reach p<0.05 on the paired over-
laps. Effect-size estimates (Cohen’s d in the range 0.15-0.25) indicate only small practical
differences. When collapsing edges to related to (Table 2), changes likewise remain
non-significant, though the cosine—Jaccard average shows small, positive trends.

For the LLM-based variants (Tables 3-5), title and summary settings exhibit small
numerical gains for the cosine—Jaccard average over cosine, but these differences again fall
short of p<0.05; abstract-level comparisons are similarly indistinguishable under paired
tests. Effect sizes here are negligible (d<0.10), reinforcing the statistical comparability of
LLM-based keywording and cosine baselines.
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Overall, our statistical analysis finds no broad advantages (p<0.05) under the current
protocol and sample size. This may reflect limited statistical power for detecting small
improvements on our dataset. Accordingly, we report effect-size deltas with 95% confidence
intervals and interpret non-significant differences as expected variation. In practice, the
methods are statistically comparable, with consistent numerical advantages for CSO with
relation edges and small positive trends for related to with cosine-Jaccard. Larger-
scale studies may be needed to establish whether these trends generalize.

To evaluate the practical feasibility of our pipeline, we measured the average runtime of
each processing stage on a workstation equipped with an NVIDIA RTX 3090 GPU, AMD
Ryzen 9 CPU, and 128 GB RAM. KG construction for a single abstract required on average
0.8 seconds, while generating random-walk embeddings with Node2Vec took 3.1 seconds
per graph. Similarity computation between a paper and all candidate reviewers was light-
weight, averaging 0.5 seconds. For the LLM-based component, keyword extraction with
LLaMA-3.2 required approximately 4.2 seconds per abstract when executed locally via
Ollama, whereas summarization with the T5-base model averaged 1.6 seconds per abstract.
Overall, processing a paper end-to-end, including KG construction, embedding, and simi-
larity scoring, took less than 5 seconds, and keyword-based matching less than 6 seconds,
making the system practical for batch processing of hundreds of submissions within min-
utes. Since KG construction and reviewer graph embeddings can be precomputed offline,
the online reviewer assignment stage remains efficient and scalable for real-world peer-
review workflows.

6.1 lllustrative case-based analysis

To complement the numerical metrics reported in the previous subsections, we provide
case-based examples that illustrate how our pipeline behaves in practice. These examples
explain why integrating OpenlE, CSO Classifier, and GLINER, with different edge configu-
rations in the KGs, leads to the observed gains over baselines.

Case A — CSO+relation and early precision gains Abstract-derived triples anchor paper
concepts that the CSO Classifier maps to ontology nodes (e.g., knowledge—-graphs,
relation-extraction). Random-walk embeddings then place papers and review-
ers close when they co-occupy semantically adjacent CSO regions, even if the wording
differs. Preserving the original OpenlE relation edge retains informative structure (e.g.,
task-used-in-method, model-improves-on-metric). This structure lifts the
correct reviewer to rank 1 more often than OpenlE or GLINER KGs, in line with Table 1:
CSO+relation achieves the best overall early-precision metrics (MRR = 0.7857, P@3
= 0.3920, MAP = 0.2936) under Cosine—Jaccard averaging.

Case B — effectiveness of related to with GLINER and Jaccard Collapsing edges to
related to reduces brittleness from noisy predicates (common with OpenlE on scien-
tific prose) but makes the graph denser. GLINER’s fine-grained labels (“tasks”, “methods”,
“tools”) constrain node types, which pairs naturally with set-overlap measures (Jaccard).
With related to edges, GLiINER+Jaccard increases hit coverage within top-k even if
top-1 is not always optimal: Table 2 shows the best P@3 (0.4285) and MAP (0.2857) for

GLiNER under Jaccard, indicating more correct reviewers retrieved near the top of the list.
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Case C — LLM-based matching for titles and summaries Because OpenlE on titles/sum-
maries is sparse, our KGs are abstract-driven; for title/summary scenarios, we therefore
rely on LLM-derived keywords (noisy-signal denoising) rather than KG construction.
The LLM condenses the intent and expands synonyms, which lexical baselines often miss.
LLM-based matching improves early precision over baselines (Table 5): best LLM’s MRR
= 0.6848 and P@3 = 0.3645 vs. baseline best P@3 = 0.1809. Baselines may yield higher
MAP in some cases, but early ranks, most critical for assignments, favor LLM-based meth-
ods. The LLM summary denoises long abstracts, focusing on salient topics; LLM’s MRR
= 0.6534, P@3 = 0.3674 outperform baselines’ early precision (Table 4), while a baseline
achieves higher MAP, reflecting recovery of additional relevant reviewers deeper in the list.

Case D — failure patterns and mitigation OpenlE may produce generic predicates (e.g.,
“achieves”, “based-on”) or boundary errors, creating low-information or spurious edges.
In relation-edge graphs, this can mislead proximity; in related to-edge graphs,
it can over-connect hubs. We prune malformed/low-support triples, use CSO/GLIiNER to
regularize node types, and evaluate both edge settings: related to improves robustness
(GLiNER-+Jaccard in Table 2), while relation retains specificity (CSO in Table 1). Residual
rank inversions typically trace back to a handful of noisy triples or ambiguous acronyms.

o Summary of findings CSO + relation edges maximize early precision across metrics
(Table 1), explaining the observed MRR/P@3 gains.

o GLIiNER + related to + Jaccard increases top-k coverage (Table 2), reflecting
better MAP/P@3 under coarser but robust connectivity.

e LLM on titles/summaries improves early ranking where OpenlE-based KGs are im-
practical (Tables 5 and 4); baselines can win MAP in some cases, signaling stronger
depth but weaker top-rank precision.

6.2 Workload and fairness (Per-Conference)

In addition to ranking performance, we assessed the fairness and realism of the reviewer
workloads produced by each method, aggregating results on a per-conference basis. For the
LLM-based approach using titles, summaries, and abstracts, the average number of reviews
per reviewer computed as the unweighted macro-average across all conferences is 2.27.
When pooling all reviewer conference pairs (i.e., weighting conferences by size), the aver-
age workload increases to 3.00. The Gini coefficient, which quantifies the inequality in the
distribution of review assignments, is 0.243, indicating moderate imbalance.
Comparable statistics are observed for the KG variants. Specifically:

o OpenlE-based KG: macro-average workload of 2.18, pooled mean of 2.86, and Gini
coefficient of 0.249.

o GLIiNER-based KG: macro-average workload of 2.02, pooled mean of 2.31, and Gini
coefficient of 0.243.

o (CSO-based KG: macro-average workload of 2.06, pooled mean of 2.49, and Gini coef-
ficient of 0.225.
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Overall, all methods yield reviewer workloads in a practical range approximately 2 to 3
papers per reviewer—with Gini values between 0.22 and 0.25, reflecting low to moderate
levels of inequality in assignment distribution.

7 Conclusions and future work

In this paper, we introduced a novel reviewer assignment pipeline utilizing KGs and LLMs
to address inefficiencies in traditional peer review matching. The framework constructs KGs
for papers and reviewers using three knowledge extraction methods: Open IE, CSO classi-
fier, and GLiNER on paper abstracts. On the other hand, LLMs generate targeted keywords
to refine expertise representation, identifying reviewers for candidate papers and summa-
rizing expertise from reviewers’ publications. Similarity between paper-reviewer KGs and
extracted keywords by LLM are computed via Cosine, Jaccard, and hybrid metrics, with
performance evaluated against ground-truth data using MRR, MAP, and P@K. When using
KGs constructed from Open IE, CSO classifier, and GLiNER outputs, we observe that the
CSO classifier relation consistently delivers higher MRR and MAP with 0.7857 and 0.2936
values, respectively, especially when paired with the Cosine-Jaccard average similarity
measure. On the other hand, on comparing textual representations, the LLM-based method
outperforms the baseline particularly well on summaries of abstracts and titles. For instance,
using summaries, the LLM method consistently yields higher MRR and P@3 values than
the baseline across Cosine, Jaccard, and their averaged similarity metrics. Similarly, for
titles, our approach exhibits strong performance, with the LLM method attaining notably
higher scores in Cosine and Jaccard similarities compared to the baseline. Although the
baseline method shows competitive performance on full abstracts in some metrics, our
approach offers a more balanced performance overall, especially in ranking and precision
at the top positions. In conclusion, these results validate that leveraging LLM-based key-
word extraction and KGs representations can effectively bridge the semantic gap between
papers and reviewer profiles. The integration of multiple similarity measures, particularly
the hybrid Cosine-Jaccard metric, further refines this matching process, yielding enhanced
reviewer assignment accuracy.

Our current evaluation is limited to computer science data; generalizability to other
fields remains open. The pipeline depends on OpenlE quality, and we have not yet explored
advanced neural graph encoders. Model diversity for summarization and keywording is also
limited.

Future work will extend evaluation beyond computer science by adding cross-disciplin-
ary datasets (e.g., biomed, materials). We will run an ablation over three configurations: (i)
KG-only (OpenlE + CSO/GLINER with Node2Vec), (ii) LLM-only (LLM keywords with
TF-IDF similarity), and (iii) KG+LLM (late-fusion of the two similarity scores). We will
further include (a) a cold-start protocol that truncates reviewer histories and (b) an emerg-
ing-topics protocol using a temporal split (train < ¢, test > ¢ on topics first appearing after 7),
and report both accuracy (MRR/MAP/P@3) and fairness metrics (coverage, load balance).

Future work will also explore stronger baselines such as TPMS, BERT-based retrieval,
and PeerReview4All assignment. We will also investigate fairness- and COI-aware con-
straints to ensure balanced and unbiased reviewer allocation. In this study, KGs and LLMs
were applied as separate, comparable tracks; future work will explore hybrid models that
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integrate them more tightly (late- or joint-fusion). Finally, we plan to benchmark alternative
LLMs (e.g., GPT-4, Qwen, Phi, Gemma) for the keyword extraction component, systemati-
cally assessing their impact on reviewer assignment performance. In future work, we also
plan to benchmark alternative LLMs not only for keyword extraction but also for scientific
summarization, in order to assess their impact across both components of the pipeline.
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