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Xii Abstract

Diploma Thesis

Implementation of an LLM-Based Chatbot for

Academic Venue Recommendations by exploiting RAG

Efthymia Koustika

Abstract

In our age, the rapid increase of academic publications has made it more challenging to iden-
tify appropriate venues for submitting scientific papers. Conventional recommendation sys-
tems often rely on keyword matching or citation-based heuristics, which fail to capture the
semantic nuances of research topics. This thesis proposes an academic venue recommenda-
tion system in the form of a chatbot, built on a Large Language Model (LLM) enhanced with
Retrieval-Augmented Generation (RAG). By incorporating retrieved context into the LLM’s
input, RAG reduces hallucinations and grounds responses in relevant sources, improving re-
liability and precision. We used the DBLP V14 dataset after extensive filtering, including
venue name normalization. Precomputed embeddings for titles, abstracts and keywords were
stored in PostgreSQL and indexed with FAISS for efficient semantic retrieval. The system
was evaluated under three setups: a traditional machine learning model (TF-IDF+SGD), an
LLM-only chatbot and five RAG-based variants. Results show that the basic RAG pipeline
delivers the best recommendation quality, highlighting the effectiveness of combining se-

mantic retrieval with LLM reasoning.

Keywords:
Academic Venue, Publication, Recommendation System, Large Language Model, Retrieval

- Augmented Generation, Chatbot
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Lepiinyn xiil

Authopoatikny Epyacio

Anpwovpyio gvog Chatbot Baocwopévov oe LLM Yo,
YV0Tt0o AKeONRaik®Ov Méocov Anpocigvong aSlomolovtog 1)

pedodoroyia RAG

EvOvupio Kovotika

Iepiinyn

2TV €noYN KOG, N paydaio ahENGN TV aKAONUOTKAOV OMIOGIEVCEWMY £XEL KATAGTGEL O dV-
OKOAN TNV €VPECT KATAAANA®V OKAOUATKOV YOP®V ONUOGIELGNC Yol TNV VITOPOATN EMGTN-
povikav apBpov. Ta copfotikd cuotiate GVGTACTG GVYVE oTnpilovtal GTNV avTIeTOl) 1o
AEEeV-KAEOLOV 1| G€ gVPLOTIKES LeBOOOVG Paciopéves o avaPopES, Ol OTTOIEG OVGKOAEVOV-
TOL VO OTTOTUTTAOCOLVV TIG AETTEG CNUACIOAOYIKES SLOPOPES TV EPELVNTIKAOV BepdTmv. XNV
TOPOVGH EPYACIN TPOTEIVETOL 1] VAOTTOINGN VOGS ZVOTHUUTOG ZVOTAGEMY Y10l OKOOTLLOKOVE
YDOPOLVG dMpocicvong og popen dtaroykov tapadvpov (chatbot), Baciouévo oe éva Meydro
IMNwooiko Movtého (LLM) oto omoio £xetl epapuootei 1) teyvikn Retrieval-Augmented Gen-
eration (RAG). Evoouatdvovtog ta dedopéva mov avaktiinkav 61o KeILeEVO 10000V TOL
LLM, 10 RAG peidvet tig mapoucOnoeis kat Bacilel TG 0mavInGELS TOV LOVIEAOV GE GYETIKES
yéc, Betidvovtag TV a&lomiotio Kot TNV akpifela. Xpnopomomcape 1o cHVOLO ded0NE-
vov DBLP V14 éneita and ektetapévo gitpapicpa, mepAapuPavorévng g KovoviKomoi-
NoNG ovopat®v Ydpwv. Ot TPO-VTOAOYIGUEVES SLOVUGHOTIKES OVOTOPUCTAGELS Y10 TITAOLG
GpBpwv, TepAnyels kot AEEEIG-KAEWOA amobnkevTnKav oty PostgreSQL kot onpovpynon-
Kav gupeTplo pésm tov FAISS v amotedespatiky onpactoloyikn avéktnon. To chotnua
a&loroyninke PEocw TPLOV OOUOPPAOCEMV: VO TOPAOOCIOKO LOVTEAD UNYAVIKNG LdOnong
(TF-IDF + SGD), éva Xdotmpo Ataddyov Baciopévo oe LLM kot mévte mapariayég tov Po-
olopévec oto RAG. Ta anoteAéopata detyvouv 6t 1 Pacikn dwdikacio RAG mapéyst tnv
VYNAGTEPT TOLOTNTA GLGTACEWYV, LIOYPAUULOVTOS TV ATOTEAEGLOATIKOTITO TOV GLVOLO-
oHOD TNG CNUAGIOAOYIKNG OVAKTNONG UE TN GLAAOYIoTIKY Tov LLM.

AgEarc-kre0na:

Axadnpaikoc Xapog Anpocicvong, Anpocigvon, Zuotuo Xvotdoewv, Meydlo [Nwoouod

Movtého, [Tapaywyn pe Evioyvon péow Avakimong, Zvotnuo AtoeAdyov
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Chapter 1

Introduction

The area of academic publishing has witnessed tremendous growth in recent decades, with
researchers across different fields producing an ever-increasing volume of scientific papers.
This expansion, while a positive indicator of global research activity, has created significant
challenges in terms of information organization, retrieval and dissemination. Among these,
one of the most crucial challenges researchers face is the selection of an appropriate venue

to submit their work.

Choosing a publication venue is not a trivial process. It requires alignment with the scope
and standards of the journal or conference, awareness of current trends in the field and knowl-
edge of where similar work has been previously published. This is especially difficult for
early-career researchers or those working in interdisciplinary areas, who may lack the neces-
sary familiarity with the landscape.

Existing solutions to assist with venue selection typically rely on simple heuristics, key-
word matching, or statistical learning methods that leverage surface-level text features. How-
ever, such approaches often fail to capture the semantic complexity of research topics or to

adapt dynamically to new scientific developments.

In parallel, recent advances in artificial intelligence-particularly in the field of natural
language processing-have enabled the emergence of Large Language Models (LLMs). These
models exhibit impressive capabilities in understanding and generating human-like text, sug-
gesting their potential to support more context-aware systems. However, LLMs also have
limitations, particularly when it comes to grounding their responses in current or domain-

specific information.

These challenges highlight the broader need for systems that are capable of interpreting

1
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2 Chapter 1. Introduction

the content of research work while being aware of its contextual relevance within the schol-

arly landscape.

1.1 Subject of thesis

This thesis addresses the problem of recommending suitable academic venues for newly
written scientific papers based solely on their abstract. As outlined in the previous section,
researchers often struggle to determine where to submit their work, particularly in interdisci-
plinary or unfamiliar domains. Existing automated methods, based on keyword matching or
shallow learning models, often lack the semantic depth and adaptability required for accurate
and context-aware recommendations.

So, in this project, we examine the utilization of LLMs enhanced through a Retrieval-
Augmented Generation (RAG) framework as a solution to this issue. The proposed system
generates venue recommendations by first retrieving semantically similar papers from a vast
academic corpus and then using these examples as context to guide the predictions of the lan-
guage model. The anticipated outcome of this retrieval mechanism is to grant relevance and
grounding, thereby assisting the model in steering clear of generic or hallucinated suggestions
and generating outputs that correspond with real publication patterns.

In the next chapters, we will be presenting the design and implementation of this system,
involving the preprocessing of a large-scale academic dataset, the generation of semantic em-
beddings for paper abstracts and venue names and the development of a retrieval component
based on vector similarity. These elements are integrated with a language model capable of
producing venue suggestions in natural language. We also examine how variations in the
retrieval and reranking process influence the overall quality of the recommendations.

In doing so, we explore both the capabilities and limitations of RAG-based architectures
in supporting decision-making tasks within academic publishing, highlighting the technical

challenges of semantic retrieval, prompt design and evaluation alignment.

1.1.1 Contribution

The contribution of this thesis can be summarized as follows:

1. Investigated limitations of existing venue recommendation approaches and studied rel-

evant work in the field.
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1.2 Thesis Structure 3

2. Designed a retrieval-augmented generation (RAG) system that combines large lan-

guage models with contextual retrieval of semantically similar papers.

3. Preprocessed and curated a large academic dataset and applied normalization tech-

niques to ensure venue consistency.

4. Developed and compared several system configurations, including traditional machine

learning and LLM-based methods.

5. Proposed and applied evaluation metrics to assess both the precision of the recommen-

dations and the contextual alignment.

1.2 Thesis Structure

Following this introductory chapter, the remainder of the thesis is organized as follows:
Chapter 2 presents a review of related work, covering previous research on venue recommen-
dation, retrieval-augmented generation and applications of large language models in schol-
arly contexts. Chapter 3 provides the necessary background theory, outlining the principles
of large language models, retrieval-augmented generation and related concepts. Chapter 4
describes the dataset and tools used, detailing their characteristics and the software frame-
works employed. Chapter 5 explains the methodology, including data preprocessing, embed-
ding generation, index construction, baseline models and the design of both LLM-only and
RAG-based recommenders. Chapter 6 presents the evaluation setup and experimental results,
followed by a comparative analysis of the different approaches. Finally, Chapter 7 discusses

limitations and proposes potential directions for future research.
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Chapter 2

Related Work

2.1 Introduction

This chapter reviews related work on academic venue recommendation, with emphasis
on techniques relevant to this thesis. It covers early keyword-based methods, supervised clas-
sification approaches and more recent systems using semantic embeddings. It also discusses
the role of Large Language Models (LLMs) and the development of Retrieval-Augmented

Generation (RAG) as a means to improve contextual accuracy in text generation.

2.2 Traditional Approaches to Venue Recommendation

Early research on venue recommendation framed the task as a classification or matching
problem, using textual features such as TF-IDF or bag-of-words representations of paper titles
and abstracts combined with classifiers like SVMs or logistic regression. For instance, Luis
M. de Campos et al. [[1]] built topic-based profiles for venues using clustering and information
retrieval techniques to match new papers against them, demonstrating the efficacy of content-
focused approaches.

In addition, scholars explored metadata-enhanced models that leverage information be-
yond mere text. Hiep Luong et al.[2] created co-authorship graphs to support venue recom-
mendations to emphasize the role of co-authorship and institutional collaboration in guiding
recommendation accuracy, showing that integrating author networks boosts selection rele-
vance.

Among hybrid approaches that combine structural metadata with author behavior, one

5
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6 Chapter 2. Related Work

notable contribution is the PAVE model [3], which formulates venue recommendation as a
graph-based problem. In this method, a heterogeneous co-publication network is constructed
where nodes represent authors and venues and edges capture various relationships such as co-
authorship frequency, author-venue interactions and researcher seniority. Personalized venue
suggestions are generated through a biased random walk with restart, favoring venues that

exhibit stronger graph connectivity to a target author.

2.3 Neural and Embedding-Based Recommendation Sys-
tems

A prominent example of this type of recommendation systems is GraphConfRec [4],
which employs a graph neural network over a heterogeneous scholarly graph integrating pa-
per content, authorship, citations and venues. By jointly embedding these modalities, the
model achieved recall@10 of 0.58 and MAP of 0.336, significantly outperforming content-
only baselines.

Other systems explore document-level semantic embeddings. Arman Cohan et al. [§] train
a transformer-based model using citation links as supervision, producing science-domain em-
beddings that boost performance on classification and recommendation tasks.

Stergiopoulos et al. [6] present a large-scale academic recommender system that com-
bines topic-level graph modeling, clustering and deep learning. Using the DBLP AMiner Ci-
tation Network, they build a weighted graph of fields of study (fos) from their co-occurrence
in papers and apply K-means clustering to group related topics. For each user, relevant fos
are identified via keyword similarity and the candidate set is expanded through cluster and
graph connections. The final ranking is produced by a hyperparameter-tuned CATA++ model,
which is a collaborative dual attentive autoencoder integrating matrix factorization, collabo-

rative filtering and attention mechanisms.

2.4 Language Models in Scholarly NLP Tasks

Large Language Models (LLMs) pretrained on scientific corpora have advanced several
tasks within scholarly NLP by capturing deeper semantic structures.

SciBERT [[7] is a domain-specific variant of BERT, pretrained on 1.14 million scientific
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2.5 Retrieval-Augmented Generation (RAG) 7

papers. It consistently outperforms general-purpose BERT in tasks such as sequence tagging,
dependency parsing and paper classification, thanks to its vocabulary and embedding space
adapted to scientific language.

Another study [8], compares SciBERT with other models like SciNCL and SPECTER2.
Their findings show that fine-tuned domain-specific embeddings significantly improve clas-
sification across 123 Open Research Knowledge Graph categories, achieving an F1-score of
0.7415.

Furthermore, recent studies have begun to explore the use of open-weight language mod-
els such as Mistral in domain-specific scholarly tasks. For instance, Elliot Bolton et al. [9]
evaluate the performance of Mistral 7B in the context of clinical question answering, compar-
ing it with several biomedical-focused models on datasets such as MedQA. The results show
that Mistral achieves a competitive accuracy of 63%, outperforming various domain-tuned
models in general consumer health queries. This suggests that, mid-sized, general-purpose
LLMs can offer strong baseline performance in specialized academic tasks. However, the
study also highlights the fact that while Mistral excels in efficiency and general comprehen-
sion, it can still underperform compared to larger closed-source models in tasks requiring

deep domain expertise.

2.5 Retrieval-Augmented Generation (RAG)

In recent years, the paradigm of Retrieval-Augmented Generation (RAG) has gained sub-
stantial traction as a means of enhancing the factual accuracy and contextual relevance of
LLMs. While originally introduced for open-domain question answering, RAG [|10] has since
been adapted for use in academic and scientific tasks, where domain grounding and informa-
tion traceability are essential. Several recent studies illustrate how RAG-based systems can
be successfully employed across different scholarly contexts.

Guangzhi Xiong et al. in their study [|1 1] systematically evaluate RAG systems in the med-
ical domain. The authors introduce the Medical Information Retrieval-Augmented Genera-
tion Evaluation (MIRAGE) benchmark, which comprises 7,663 clinical QA questions drawn
from five medical datasets. They assess 41 different RAG configurations-combining various
corpora, retrievers and backbone LLMs, with over 1.8 trillion prompt tokens tested. Their

findings demonstrate that RAG techniques can improve accuracy by up to 18% compared to
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8 Chapter 2. Related Work

chain-of-thought prompting, elevating the performance of models like GPT-3.5 and Mixtral
to GPT-4 levels.

Additionally, Ahmet Yasin Aytar et al. [[12] present RAGAS, a retrieval-augmented frame-
work tailored for scholarly data science tasks. Their system integrates domain-specific em-
beddings, semantic chunking of scientific documents and bibliographic metadata parsing us-
ing tools like GROBID. Unlike more generic RAG setups, RAGAS emphasizes high-quality
text segmentation and structured metadata usage to improve retrieval granularity. In evalua-
tions involving real academic navigation tasks, such as finding related literature or identifying
relevant authors, RAGAS demonstrates clear improvements in both relevance and usability.

Finally, the work of Xianrui Zhong et al.[13] explores the use of RAG in a chemistry-
specific setting. The authors construct a benchmark based on curated corpora including
PubMed, PubChem and textbooks and evaluate multiple RAG configurations for complex
chemistry-related question answering. Their modular approach allows for testing different
retrieval models and document sources. Experimental results show that RAG-based models
achieve an average 17.4% improvement in factual correctness compared to LLMs operating
without retrieval. This work is quite important as it demonstrates the adaptability of RAG to

highly technical scientific domains, where accurate grounding is essential.

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 01:00:22 EEST - 216.73.216.250



Chapter 3

Background Theory

3.1 Traditional Machine Learning Baseline

Before the widespread adoption of deep learning and transformer-based models, classi-
cal machine learning pipelines offered practical and effective solutions for text classification
tasks. One of the most well-established approaches combines Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) vectorization with a linear classifier such as Stochastic Gradient
Descent (SGD).

TF-IDF transforms textual input into high-dimensional sparse vectors that reflect the rel-
ative importance of terms. It downweighs common terms that appear frequently across doc-
uments while emphasizing rarer, more discriminative words. This representation is particu-
larly suitable for tasks where lexical signals play an important role in distinguishing between
classes. When applied to academic abstracts, TF-IDF highlights terms that are informative
for identifying the thematic focus of a paper.

The TF-IDF score for a term ¢ in document d within a corpus D is defined as:

N
TF-IDF(t,d, D) = TF(t, d) - log (|{d’ e d,}|) (3.1)

where TF(¢,d) denotes the frequency of term ¢ in document d, N is the total number of
documents in the corpus D and the denominator counts how many documents contain term
t. This formulation assigns higher weights to terms that are frequent in a specific document
but rare across the entire collection.

To classify these representations, a linear model such as the SGDClassifier is often used.

SGD is computationally efficient for large datasets and high-dimensional input spaces. It up-

9
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10 Chapter 3. Background Theory

dates model weights incrementally using mini-batches, allowing it to scale effectively while
remaining interpretable. The model learns to associate term patterns with specific publication
venues based on training data.

The weight update rule for SGD is given by:

041 =0, — Utvaﬁ(et; T, yi) (3.2)

where 0; represents the model parameters at iteration ¢, 7, is the learning rate and L is the
loss function evaluated on training sample (z;, y; ).

This type of pipeline has been widely adopted and studied in the literature. For exam-
ple, [[14] evaluate TF-IDF in combination with linear classifiers for SMS spam detection and
show that it outperforms several deep learning baselines in terms of accuracy and training ef-
ficiency. In another case, Schifermeier et al. [|15] propose a venue recommendation approach
that represents papers with TF-IDF features and applies Non-negative Matrix Factorization
(NMF) for dimensionality reduction.

Despite its strengths, this traditional approach has clear limitations. It cannot capture se-
mantic similarity between texts that use different vocabulary to describe the same concepts.
Furthermore, its reliance on surface-level word features limits its ability to generalize to new
or interdisciplinary venues that lack term overlap with the training set.

However, the TF-IDF + SGD Classifier pipeline serves as a baseline in this thesis, pro-
viding a point of comparison for more advanced methods involving semantic embeddings

and large language models.

3.2 Semantic Representations & Dense Vector Retrieval

Traditional representations of text, such as Term Frequency-Inverse Document Frequency
(TF-IDF), rely on sparse vector encodings based on word frequency statistics. While compu-
tationally efficient, these methods fail to capture the semantic content of language, treating
each word as an independent token and ignoring syntax, word order and contextual relation-
ships. This makes them insufficient for tasks that require understanding beyond surface-level
lexical overlap.

To address this, recent advances in natural language processing have shifted focus to-

ward semantic embeddings, which are dense, fixed-size vector representations that encode
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3.2 Semantic Representations & Dense Vector Retrieval 11

the meaning of words, sentences, or documents. These embeddings are generated by neural
models trained on large corpora and are designed to position semantically similar texts close
together in the vector space. This allows for effective comparison of textual units based on

meaning rather than exact wording [[16].

These embeddings are typically trained using objectives such as contrastive learning or
masked language modeling, allowing the model to learn relationships between different text
spans. Unlike static embeddings (e.g., Word2Vec or GloVe), which assign the same vector to
a word regardless of context, transformer-based models produce context-aware embeddings,

enabling nuanced semantic representation.

A common approach to generating semantic embeddings is through sentence transform-
ers, which extend pre-trained transformer architectures such as BERT [[17]. Sentence Trans-
formers enable efficient sentence-level embeddings using architectures such as Siamese or
triplet networks during training to ensure that the generated vectors reflect semantic simi-
larity. These models process input sequences and output contextual embeddings, which are
then aggregated (e.g., via mean pooling) to form a single vector per sentence or document.
In this thesis, we use the GTE-small model for this purpose, encoding both paper abstracts

and venue names into a shared embedding space.

To compare embeddings for similarity, cosine similarity is commonly used. It measures

the cosine of the angle between two vectors and is defined as:

cos(0) (3.3)

~ Jullvl

A cosine similarity close to 1 indicates high semantic similarity, even if the texts use
different vocabulary. This makes such methods particularly valuable in academic venue rec-

ommendation, where similar research topics may be expressed using varied terminology.

Once all documents are represented as dense vectors, the recommendation task becomes a
nearest neighbor search in high-dimensional space. Given a query vector (e.g., the embedding
of a paper abstract), the goal is to efficiently retrieve the most similar vectors from a large
index. This is known as Approximate Nearest Neighbor (ANN) search. ANN methods trade

exactness for computational efficiency, making them ideal for large-scale semantic retrieval.
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12 Chapter 3. Background Theory

3.3 Large Language Models (LLMs)

Large Language Models (LLMs) represent a transformative advancement in natural lan-
guage processing. These models are typically based on the Transformer architecture intro-
duced by Vaswani et al. [18], which employs self-attention mechanisms to learn contex-
tual representations of input sequences. As shown in Figure ??, the Transformer consists
of an encoder-decoder architecture that relies on multi-head attention, feed-forward layers
and residual connections combined with normalization to model long-range dependencies

between tokens.

Figure 3.1: Transformers architecturel

Trained on massive text corpora, LLMs learn generalizable language patterns, making
them effective for a wide range of tasks such as summarization, classification, question an-
swering and text generation, often with little or no task-specific supervision. Well-known
examples include GPT-3 [[19], LLaMA [20] and PaLM [21], each varying in scale, archi-
tecture and training data composition. These models support in-context learning, where task

adaptation occurs directly through prompt engineering rather than gradient-based fine-tuning.

ISource: https://www.researchgate.net/publication/392138444 Augmenting
Orbital Debris Identification with Neo4j-Enabled Graph-Based Retrieval-

Augmented Generation for Multimodal Large Language Models
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3.3.1 Capabilities

LLMs exhibit strong generalization capabilities, allowing them to perform a diverse set
of language-related tasks without extensive retraining. Through prompt-based interactions,
they can adapt to new tasks, follow instructions and synthesize knowledge from different
sources. Their ability to reason over complex text, generate coherent language and identify
relationships between concepts makes them useful in applications ranging from chatbots and

content summarization to recommendation systems and semantic search engines.

Furthermore, LLMs can interpret natural language queries and generate relevant re-
sponses by leveraging their internal representations of language structure and meaning. This
flexibility allows developers to build systems that can interact with users using free-form

language rather than rigid rule-based inputs.

3.3.2 Limitations

Despite their expressive power, LLMs face two major challenges in practical applications.
First, they are prone to hallucinations such as, generating factually incorrect or unverifiable
content [22]. This is a significant concern when the model is expected to provide accurate
and trustworthy information.

Second, LLMs are inherently ungrounded. Since they rely on static training data and lack
access to external sources unless explicitly augmented, they struggle to reflect current knowl-
edge or adapt to domain-specific requirements during inference. As a result, their recommen-
dations or predictions may be disconnected from the most relevant or up-to-date information.

These limitations have motivated the development of hybrid methods such as Retrieval-
Augmented Generation (RAG), which combine the language generation capabilities of LLMs

with the contextual precision of document retrieval systems.

3.4 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAQG) is a hybrid framework that integrates retrieval-
based methods with large language models to address the limitations of purely generative

approaches.
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14 Chapter 3. Background Theory

3.4.1 Overview of RAG

Instead of relying solely on the model’s internal parameters to generate output, Retrieval-
Augmented Generation (RAG) augments the generation process by retrieving relevant docu-
ments from an external knowledge corpus. As illustrated in Figure .2, the retrieved texts are
combined with the original query and passed to the language model, grounding its output in
external evidence and reducing the risk of hallucination [23]. As mentioned in the previous
chapter, this architecture was first introduced by Patrick Lewis et al. [[10], in the context of

open-domain question answering.

Top-K Chunks

User Query
Vector Response
Database - : - Generation
Step 1: Data Indexing Step 2: Data Retrieval & Generation

Figure 3.2: Basic RAG pipeline

Their model combined a dense retriever (DPR) with a sequence-to-sequence generator
(BART), showing notable improvements in factual accuracy and response relevance. The

two-stage pipeline involves:
1. Retrieving top-k semantically similar documents given a query and

2. conditioning a generative model on both the query and retrieved passages to produce

an ansSwecr.

Subsequent works have extended this paradigm across domains such as biomedical QA,
legal reasoning, and customer support, demonstrating RAG’s general applicability. Surveys
such as Gao et al. [24] have classified RAG systems into categories such as naive, modular
and advanced architectures and have emphasized enhancements like reranking, hybrid re-
trieval, and the use of knowledge graphs. An example of such an enhanced design is shown
in Figure B.3, where retrieved results are reranked before being passed to the language model.

Recent adaptations explore RAG in recommendation systems. For instance, ER2ZALM
incorporates retrieval-aware prompting for improved item recommendation using retrieved

metadata and descriptions [25]. In academic venue recommendation, the RAG framework

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 01:00:22 EEST - 216.73.216.250



3.4.2 Fine-Tuning vs. RAG 15

Doc Retrieval and
Ingestion

Preprocess -
Documents Documents

—_—
Document

embeddings
Enterprise
Knowledge Base Embedding
Model Vector DB
User Query and Response
Generation
O Chat Bot
—_— —_—
Web App User query Query and
D embedded query
A

User Initial context

Prompt + query
+ enhanced context

Figure 3.3: RAG pipeline with reranking

addresses core challenges of semantic mismatch and hallucination. By grounding predictions
in real, semantically similar publications retrieved from a scholarly corpus, RAG enables
contextually aware and evidence-backed venue suggestions. This grounding mechanism is
particularly crucial in research domains where terminologies vary and model hallucinations

can yield misleading recommendations.

3.4.2 Fine-Tuning vs. RAG

While fine-tuning large language models is another strategy for adapting them to domain-
specific tasks, it is often less practical in this context. Fine-tuning requires large labeled
datasets, substantial computational resources and frequent retraining to remain up to date
with new data. Moreover, a fine-tuned model tends to encode knowledge statically, which
makes it less flexible in rapidly evolving research areas. In contrast, RAG provides a more ef-
ficient and adaptive solution by combining a general-purpose LLM with an external retrieval
component. Instead of modifying model parameters, RAG dynamically incorporates current
and semantically relevant literature into the prediction process, reducing hallucinations and
improving factual grounding without the prohibitive cost of large-scale fine-tuning.

As seen in the recent work of Ovadia et al. [26], who evaluate the two approaches across
knowledge-intensive tasks, RAG consistently outperforms unsupervised fine-tuning. Their
findings indicate that RAG is superior not only for incorporating novel information but also

for reinforcing knowledge already present in the model, supporting its role as a more flexible
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16 Chapter 3. Background Theory

and resource-efficient alternative to fine-tuning.

3.5 Impact Factor

Beyond thematic relevance, researchers also consider the reputation of publication venues
when selecting where to submit their work. This dimension is often captured through biblio-
metric indicators such as the Journal Impact Factor (IF). This indicator approximates the vis-
ibility and perceived prestige of a venue within the scientific community and has influenced
decisions in academic publishing form a long time [27].

The Impact Factor is one of the most widely recognized metrics, defined as the aver-
age number of citations received in a given year by articles published in a venue during the

preceding two years:

F - Citations in year y to items published in years y — 1 and y — 2
y =

3.4
Number of citable items published in years y — 1 and y — 2 S

Higher values indicate venues whose recent publications are frequently cited and there-
fore considered more influential. While the metric has well-known limitations, such as field-
dependence and susceptibility to manipulation, it remains a central indicator of venue prestige
[28].

In the context of recommendation systems, such scores can be incorporated as auxil-
iary signals alongside topical similarity. For example, Schédfermeier et al.[15] propose venue
ranking frameworks that integrate topical alignment with venue-specific profiles, while other
works suggest using citation-based metrics to rerank candidate venues. This combination re-
flects the realistic decision process of authors, who aim not only for thematic fit but also for

maximal academic visibility.

3.6 Evaluation Metrics

To assess the performance of the venue recommendation system, a set of standard and
task-specific evaluation metrics is used. These metrics aim to capture various aspects of rec-
ommendation quality, including accuracy, ranking quality and contextual alignment with the

retrieved material.
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3.6.1 Top-K Accuracy (Hit Rate)

Top-K accuracy [29] measures whether the correct venue appears within the top K pre-

dicted venues.

N
1 ~
Top-K Accuracy = N E Iy € Yi(K)) (3.5)
=1

where NV is the total number of test instances, y; is the ground truth venue for instance ¢, )A/i(K)

is the set of top- K predicted venues and 0 (y; € f/i(K)) is an indicator function equal to 1 if y;
is included in the top-K predictions and 0 otherwise.

Essentially, for each test instance, if the ground-truth venue appears within the top K
predictions, it is considered a “hit”. The final score is reported as the percentage of instances
with at least one hit in the top K. It is a straightforward metric that provides insight into how

often the model’s suggestions include a relevant venue within the top K positions.

3.6.2 Mean Reciprocal Rank (MRR)
MRR evaluates the position of the first correct recommendation in the ranked list [30].

N

1 1
MRR = — 3.6
N Zl rank; (3.6)

1=

where N is the total number of test instances and rank; denotes the position of the ground
truth venue y; in the ranked list of predictions for instance i.

For each test case, the reciprocal rank is defined as the inverse of the rank at which the
first correct venue appears. The mean of these values across all test instances provides an
aggregate measure of how early relevant venues are being suggested. MRR places greater

emphasis on the correct venue that appears near the top of the recommendation list.

3.6.3 Mean Venue Overlap (MVO)

MVO is a custom metric introduced to measure semantic consistency between the final

venue recommendations of the model and the venues associated with the retrieved context.

{vef@

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 01:00:22 EEST - 216.73.216.250

max cos(e(v), e(c)) > TH (3.7)

ceCy

1 N
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where NV is the number of test instances, 171 is the list of predicted venues for instance ¢
returned by the LLM and C; is the set of unique venues appearing in the retrieved context for
that instance. The function e(-) denotes the normalized embedding representation of a venue
name and 7 is the cosine similarity threshold used to determine whether a predicted venue is
considered semantically similar to any retrieved venue. For each instance, the metric counts
how many of the predicted venues meet this similarity criterion, and reports the average count
across all instances.

In other words, a higher MVO indicates that the model’s suggestions are more aligned
with the material it was provided, reflecting better contextual grounding. This metric is es-
pecially valuable in RAG setups, where the relevance of retrieved documents to the final
output is a key consideration. The design of this metric draws inspiration from the semantic
alignment approach used by Schifermeier et al. [15], who measure the similarity between a
paper’s topic distribution and venue topic profiles in their explainable venue recommendation

framework.
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Chapter 4

Data and Tools

4.1 Dataset Description

The dataset used in this thesis is the DBLP V14 Citation Network [31], a large-scale aca-
demic corpus focusing on computer science literature. This dataset comprises approximately
5.26 million research articles, enriched with nearly 36.6 million citation links and spans pub-
lications over several decades, up to early 2023. It is distributed in JSON format and includes
rich metadata for each publication, enabling comprehensive bibliometric analysis and rec-
ommendation tasks.

Each entry in the dataset contains detailed bibliographic information such as the title,
abstract, publication year and the name of the venue where the paper appeared. Author in-
formation is also included, with full names, institutional affiliations and unique identifiers.
Citation-related metadata such as the number of citations received, references to other papers
and fields of study with their relevance weights are also part of the dataset. Additional at-
tributes include the document type, page ranges, volume, issue, DOI, ISSN and the language
in which the paper was written.

One of'the key features of the DBLP V14 dataset is its suitability for scholarly recommen-
dation systems. The availability of both structured metadata and unstructured text (e.g., titles
and abstracts) makes it possible to apply a range of learning-based techniques. The inclusion
of raw venue names provides a natural label space for classification or retrieval-based tasks
focused on venue recommendation.

The dataset is publicly accessible through the AMiner Citation Network repository and it

has been widely used in academic research involving citation analysis, co-authorship network

19
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20 Chapter 4. Data and Tools

modeling and publication trend detection.

4.2 Tools and Frameworks

A variety of tools and frameworks were used throughout the thesis for data preprocessing,
embedding generation, similarity search, LLM orchestration and evaluation. These tools were

chosen based on their scalability, flexibility and support for modern NLP and ML workflows.

4.2.1 PostgreSQL

PostgreSQL is an open-source Relational Database Management System (RDBMS)
known for its stability, extensibility and compliance with SQL standards [32]. It supports
advanced features such as user-defined types, full-text search and transactional integrity,
making it well-suited for both analytical and transactional workloads.

In this thesis, PostgreSQL was used primarily during the preprocessing stage for storing
and manipulating intermediate data derived from the DBLP V14 dataset. This included the
storage of filtered and cleaned paper metadata, normalized venue names and precomputed
semantic embeddings. Its support for efficient indexing and bulk operations made it well-
suited for handling large-scale data ingestion and transformation tasks.

It is important to note that PostgreSQL was not used during the runtime of the recom-
mendation system itself. Instead, it functioned as a back-end storage solution during data
preparation and evaluation set construction, prior to embedding indexing and retrieval via

other components such as FAISS.

4.2.2 Facebook Al Similarity Search (FAISS)

FAISS [33] is a library developed by Facebook Al Research for efficient similarity search
and clustering of dense vectors in high-dimensional spaces. It is designed to work for billion-
scale datasets and supports both exact and approximate nearest neighbor (ANN) search.
FAISS achieves this by combining various indexing strategies, such as inverted file (IVF)
indexing, product quantization (PQ) and graph-based structures like Hierarchical Navigable
Small World (HNSW), depending on the performance and accuracy requirements.

In the context of this thesis, FAISS was used to build a dense vector index over paper

abstract embeddings. This enabled fast retrieval of semantically similar documents based
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4.2.3 Sentence Transformers and GTE-small 21

on cosine similarity or dot product. The library’s support for both CPU and GPU backends
facilitated scalable experimentation, especially during repeated evaluations of venue recom-
mendations. Its Python bindings and compatibility with PyTorch make it a natural fit for

integration with modern neural embedding pipelines.

4.2.3 Sentence Transformers and GTE-small

Semantic embeddings for paper abstracts and venue names were generated using the
GTE-small model, accessible through the sentence-transformers Python library. Sentence
transformers extend traditional transformer-based language models such as BERT by intro-
ducing a pooling mechanism to produce fixed-size dense vector representations for entire sen-
tences or documents [|16]. These representations are optimized to capture semantic similarity,
allowing for meaningful comparison between textual inputs even when surface vocabulary
differs significantly.

The GTE-small sentence-embedding model is a lightweight, multilingual encoder op-
timized for tasks involving semantic textual similarity, information retrieval and question
answering. It is trained using contrastive objectives on multilingual corpora, enabling it to
place semantically related texts close together in the embedding space. Despite its compact
size, GTE-small offers a favorable trade-off between accuracy and computational efficiency,
making it well-suited for large-scale retrieval applications such as the academic venue rec-

ommendation system developed in this thesis.

4.2.4 Ollama and Mistral LLM

To facilitate large language model (LLM) inference in a self-hosted and reproducible
manner in this thesis, we employed the Mistral language model via the Ollama framework.
Ollama is an open-source system designed for running LLMs locally, enabling developers
to load, run and interact with state-of-the-art models without relying on external APIs or
cloud services. It provides a container-like interface for managing LLMs, supports model
quantization for efficient deployment and offers GPU acceleration where available.

The Mistral model itself is an open-weight, decoder-only transformer architecture devel-
oped to achieve strong language understanding and generation performance while maintain-
ing computational efficiency. Specifically, the model used in this thesis is the mistral-7B-

instruct variant, which has been fine-tuned using instruction-following datasets to improve
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alignment with human intent. Its architecture is similar to LLaMA-style transformers, incor-
porating techniques such as grouped-query attention (GQA) and sliding window attention for
faster inference [34].

In this work, Mistral serves as the generative backbone for both the LLM-only and Re-
trieval -Augmented Generation (RAG) pipelines. In the LLM-only setup, it is prompted with
a paper abstract and asked to predict a suitable venue. Running the model through Ollama

ensures consistency, low-latency inference and data privacy during experimentation.

4.2.5 LangChain

LangChain [35] is a modular framework designed to streamline the development of ap-
plications powered by large language models. In this thesis, LangChain was employed as the
orchestration layer that coordinates various components of the LLM-based pipeline, includ-
ing the prompt, the retrieval logic, the reranking and the generative response synthesis. The
hierarchical layers it provides us with, enable the integration of retrieval mechanisms (such
as FAISS), reranking models and local inference backends (such as Ollama) into flexible and
reusable chains.

LangChain provides a standardized interface for implementing RAG workflows, sup-
porting both declarative chain construction and imperative control via Python. It also allows
dynamic prompting, result parsing and contextual memory management, making it particu-
larly useful in experimental and iterative setups.

Through its compatibility with embedding models, vector databases and LLM interfaces,
LangChain significantly reduces the complexity involved in integrating disparate compo-
nents. This facilitated rapid prototyping and evaluation of multiple RAG configurations while

maintaining reproducibility and modularity.

4.2.6 Python Libraries

The implementation of this thesis is based on the Python programming language. Python
offers extensive support for modular experimentation, data manipulation, model training and
evaluation, making it the best choice for building and testing recommender systems.

Several libraries were used to support various stages of the pipeline:

* scikit-learn was used for implementing traditional machine learning baselines,
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particularly the TF-IDF vectorizer and the SGDClassifier for venue prediction.

* pandas and numpy facilitated efficient manipulation of structured data and numerical

arrays, essential for preprocessing, filtering and analysis.
* json was used extensively to parse and write intermediate representations and results.

* RapidFuzz for fuzzy string matching during venue normalization, chosen for its

speed and accuracy in comparing large numbers of textual labels.

» faiss provided the Python interface to the FAISS library, enabling approximate near-

est neighbor search over dense vector representations.

* sentence-transformers offered a high-level API to load and use pretrained

models like GTE-small for generating semantic embeddings.

* torch served as the backend for running transformer-based models used in embed-

ding generation and LLM inference.

* langchain was used for composing modular LLM pipelines including retrieval and

generation components.
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Chapter 5

Methodology

5.1 Overview

This chapter describes the pipeline developed for academic venue recommendation using
traditional machine learning, LLMs and RAG strategies. Each component of the pipeline is
designed to evaluate a different aspect of model capability, including word similarity, seman-

tic relevance and grounded generation.

5.2 Data preprocessing

To ensure that any downstream modeling and analysis is based on reliable, consistent and
semantically meaningful data, a comprehensive preprocessing pipeline was implemented.
The raw DBLP V14 dataset, although rich in information, contains a variety of inconsisten-
cies, irrelevant records and noise that must be addressed before any meaningful computation
can take place. This multi-stage preprocessing process was designed to clean, filter, normal-

ize and enrich the data, ultimately improving its quality.

5.2.1 Data filtering and insertion into PostgreSQL

The first step involved extracting and filtering relevant entries from the original DBLP
V14 JSON dataset, which contains over 5 million records. The data was filtered based on a

set of quality and relevance criteria:

1. Presence of abstract: Papers without abstracts were excluded, as abstracts serve as

25
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the primary textual feature for venue prediction.

2. Citation count: Records with zero citations were removed to eliminate potentially

low-impact or incomplete entries.

3. Language filtering: Non-latin documents, were discarded to maintain consistency in

language-based semantic modeling.

4. Venue availability: Only entries containing a valid venue.raw field were retained, as

venue prediction requires labeled data.

After applying these filters, the remaining records were batch-inserted into a PostgreSQL
database named AMINER V14, which served as the central repository for further processing
and querying. The core publication metadata was stored in a table named papers, with struc-
tured columns capturing fields such as id, title, abstract, authors, keywords, fos, n_citation

and additional bibliographic metadata.

5.2.2 Venue normalization via Fuzzy Matching

One of the most significant challenges in working with this dataset is the inconsistency in
venue naming. The same academic venue may appear in multiple variants due to typographi-
cal errors, inconsistent abbreviation styles, or inclusion of metadata such as publication years
and volume numbers. These inconsistencies inflate the number of unique class labels, intro-
duce noise and severely hinder the performance of any model tasked with venue classification
or recommendation.

To address this issue, a dedicated normalization routine was implemented to systemati-
cally clean and consolidate raw venue names. Initially, raw venue strings were processed to
remove noise: they were lowercased, stripped of accents and non-alphabetic characters and
cleared of year tokens, volume indicators and acronyms enclosed in parentheses. Addition-
ally, uninformative entries, such as “unknown”, “null”, or “test”, were filtered out entirely.

Following this initial cleaning, fuzzy string matching was applied to group venue names
that referred to the same publication outlet but differed slightly in their textual form due to ty-
pos, formatting inconsistencies, abbreviations, or minor variations in naming. The RapidFuzz
library was chosen for this step due to its speed and accuracy, outperforming alternatives like
FuzzyWuzzy in terms of performance [36]. A similarity threshold of 93% was empirically

selected after experimentation.
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This process reduced the number of unique venue entries significantly. From an initial
set of over 36,024 raw venue names extracted from the dataset, the normalization procedure
reduced this to approximately 24,788 unique standardized venue names. This process elim-
inated inconsistencies such as formatting variations, noise and duplicates. Subsequently, a
filtering step retained only venues with at least 100 associated publications, resulting in a
final set of roughly 3,500 high-frequency venues used for the task at hand. This progressive

refinement was essential for reducing label noise and controlling any label imbalance.

5.2.3 Text embeddings

To enrich the dataset with semantically meaningful representations of each paper’s con-
tent, a dense vector embedding was computed for three core textual fields: the title, abstract
and keywords. For this purpose, the open-source model thenlper/gte-small was used. This
model produces fixed-size, 384-dimensional vectors that effectively capture the semantic

essence of textual inputs.

In addition to per-paper embeddings, sentence embeddings were also generated for all
distinct normalized venue names in the dataset. These canonical venues were retrieved from
the venues norm table in the PostgreSQL database, embedded in batches using the same

gte-small model and saved as a JSON file.

A key design decision was to precompute all embeddings and store them. This reduces
latency at query time and separates computationally expensive processes from downstream
components. Since all computations were carried out locally on a personal laptop, encoding
was performed on an NVIDIA GeForce RTX 3050 Ti Mobile GPU, which helped accelerate

the embedding process over millions of entries.

5.3 Index Construction

To enable efficient semantic retrieval of similar academic papers, we constructed a high
dimensional vector index using FAISS (Facebook Al Similarity Search). This index is central

to the retrieval operations used in both LLM-based and RAG models.
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5.3.1 FAISS Index Construction

Although the underlying metadata and embeddings were stored in a PostgreSQL database,
the system required a more specialized solution for large-scale semantic retrieval. Post-
greSQL excels at structured queries and relational joins, but it is not optimized for high-
dimensional vector similarity search. Even with extensions such as pgvector, performance
degrades significantly as the dataset grows, making SQL alone impractical for millions of
embeddings.

For this reason, FAISS was adopted to handle Approximate Nearest Neighbor (ANN)
search efficiently. After generating sentence embeddings for each paper abstract using the
thenlper/gte-small model, the resulting dense vectors were assembled into a unified NumPy
array, restricted to papers that met the preprocessing criteria (non-empty abstract, known nor-
malized venue and passing citation and language filters). FAISS provides a suite of indexing
algorithms tailored to high-dimensional vector spaces and for this project the IndexFlatIP
structure was selected. This index computes similarity using the inner product, which directly
corresponds to cosine similarity when vectors are normalized.

The index was constructed from the full array of abstract embeddings and serialized to
disk for reuse. During inference and evaluation, this design allowed the index to be memory-
mapped, avoiding repeated recomputation or data loading. Depending on the available run-
time environment, FAISS was configured to exploit either CPU or GPU resources to accel-

erate both indexing and query operations.

5.3.2 Metadata Storage for Indexed Papers

In addition to the vector index itself, the metadata corresponding to each indexed pa-
per was stored. For every embedded abstract, a structured metadata object was constructed

containing:
* id
e title
* abstract
* venue norm

*n citation
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These metadata entries were saved in a parallel JSON file, aligned with the vector index
by maintaining consistent order between embedding vectors and their corresponding meta-
data entries. The separation of vector data from descriptive metadata was done to achieve a
modular structure that simplifies debugging, evaluation and downstream experimentation. It
also ensures that the retrieval step remains lightweight and focused solely on fast similarity
computation.

For the RAG with Impact-Factor reranking experiment described later in this chapter, the
metadata was further enriched with an additional attribute representing a proxy impact factor
score for each venue. This score was derived from citation statistics to approximate venue-
level prestige, enabling reranking strategies that incorporate not only semantic similarity but

also the relative standing of publication venues.

5.4 Model Architecture and System Design

In this section are included the details of the various venue recommendation models de-
veloped in this thesis, including a traditional baseline, a standalone LLM-based generator
and four RAG pipelines. Each model adopts a certain methodology, ranging from shallow

feature-based learning to grounded generation using external context.

5.4.1 TF-IDF & SGD Classifier

As a foundational baseline for the venue recommendation task, a traditional machine
learning model was implemented using TF-IDF vectorization combined with a linear classi-
fier trained via Stochastic Gradient Descent (SGD). While more simplistic than embedding-
based or generative approaches, this baseline provides a useful benchmark for assessing the
effectiveness of more complex models.

The training data for this baseline was drawn from the preprocessed DBLP V14 cor-
pus. To prevent evaluation leakage, all paper IDs included in the held-out evaluation sets
were excluded from training. Abstracts from the remaining papers were streamed using the
ijson library and converted into sparse feature vectors using the TfidfVectorizer, with the vo-
cabulary limited to the 50.000 most frequent terms. This constraint balanced computational
efficiency with representational coverage.

Venue labels were normalized and encoded into integer class indices using LabelEncoder,
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restricted to venues with at least 100 publications. The resulting feature matrix and label array
were used to train an SGDClassifier from the scikit-learn library using default hyperparam-
eters.

The baseline design was loosely inspired by the work of Kobs et al. in their paper called
”Where to Submit? Helping Researchers to Choose the Right Venue” [37]. While the struc-
ture of their traditional model was adopted, exact replication was not possible due to missing
implementation details. Instead, several decisions were tailored to the specific characteris-
tics of the DBLP V14 dataset and the available computational resources, such as setting the

vocabulary cap and handling label imbalance.

5.4.2 LLM-Based Recommender

The LLM-Based Recommender was designed to evaluate whether a pretrained large lan-
guage model, operating without access to external retrieval mechanisms, could infer suitable
academic venues directly from a paper’s abstract. This setup relies entirely on the model’s
internal knowledge and its ability to semantically generalize across academic language.

For this purpose, the open-source Mistral model was deployed locally using the Ollama
framework, which allows running language models on consumer-grade hardware without
the need for cloud services or external APIs. This local deployment ensured full control over
inference, reproducibility and data privacy during evaluation. The model was served via a
personal laptop equipped with an NVIDIA GeForce RTX 3050 Ti Mobile GPU.

Prompt construction and interaction with the LLM were managed using the LangChain
framework. LangChain was employed as the orchestration layer to manage prompt construc-
tion, LLM invocation and response post-processing. Central to this architecture is the use of
a LangChain chain object, which is a compositional abstraction that links a structured prompt
template with a specific LLM instance to form a callable unit. In other words, when invoked
with an input (e.g., an abstract), the chain automatically formats the input according to the
prompt, sends it to the LLM for inference and returns the generated response.

In our project, two such chains were defined:

1. Venue Recommendation Chain: This chain consisted of a prompt template that asked

the LLM to generate a ranked list of ten suitable academic venues based solely on a
given abstract. There were two different of these templates, one for the LLM-only

recommender and one for RAG recommenders, as shown in the Figures and .2,
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The chain was responsible for formatting the input abstract, invoking the model via

Ollama and returning the LLM’s output as plain venue names.

Figure 5.1: Prompt template for the LLM-only recommender.

Figure 5.2: Prompt template for the RAG recommenders.

2. Venue Expansion Chain: This secondary chain was used when the LLM’s predicted

venues were informal or abbreviated. As shown in the Figure 5.3, it invokes the model
with another prompt, asking it to expand or normalize a venue name to its full formal
citation form. This ensured reliable semantic matching between predicted and actual
venue names during evaluation. It is important to note that, this chain was used exclu-

sively as a part of the evaluation phase to improve the accuracy of metric calculations
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and did not play a central role during the venue recommendation process itself.

expansion_prompt = PromptTemplate.from_templa

Figure 5.3: Prompt template for the Venue Expansion Chain.

Each chain was initialized by combining a PromptTemplate object with the Ollama-
backed LLM instance, producing a self-contained module for structured inference. The figure
above shows the exact prompt definitions used to implement these chains in practice.

To ensure robustness during large-scale evaluation, each LLM call was wrapped in
a thread-safe execution pattern with a configurable timeout (set to 120 seconds). Using
Python’s concurrent.futures, each chain invocation ran in isolation, allowing the system to
gracefully recover from timeouts or errors without crashing. This mechanism was particu-
larly important for the scalability and reliability of the evaluation pipeline, given the high

number of sequential inference calls involved.

5.4.3 Retrieval-Augmented Generation (RAG)

RAG is a technique that combines information retrieval with generative language models.
Rather than relying solely on the model’s internal knowledge, RAG pipelines augment the
model’s input with relevant external documents retrieved based on the user’s query. This
setup improves factual grounding and domain specificity, especially in knowledge-intensive
tasks. In the context of academic venue recommendation, RAG allows the system to ground
its predictions in semantically similar research papers, thus enhancing the relevance of the

suggested venues.

Basic RAG

At first, a straightforward RAG approach is implemented, where the retrieval step is based
purely on embedding similarity and no reranking mechanism is applied to adjust or prioritize

the selected documents.
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For each evaluation instance, the abstract of a paper is encoded using the same sentence
embedding model that was used during FAISS index construction. The resulting vector is
queried against the FAISS index to retrieve the top 50 nearest neighbors, all of which cor-
respond to valid papers’ abstracts. From these, up to 10 unique-venue documents with non-
empty abstracts are selected to serve as the retrieval context.

The retrieved context is then embedded into a prompt alongside the new abstract. This
prompt instructs the model to recommend 10 academic venues based on the provided similar
papers. The language model used for generation is again served locally via Ollama and or-
chestrated through LangChain. Notably, the prompt is carefully structured to elicit a ranked
list of full venue names, without any commentary, justification, or additional output. This
controlled format was chosen specifically to simplify our evaluation process, particularly the
use of vector-based similarity matching for metric computation. However, in a real-world ap-
plication, the prompt could be adapted to support more naturalistic or interactive responses,

depending on user-facing requirements.

RAG with Keywords-Augmented Context

An additional experiment explored the use of keywords as supplementary semantic sig-
nals during retrieval. While previous RAG variants relied exclusively on paper abstracts to
build the FAISS index, the DBLP dataset also provides author-assigned or system-extracted
keywords for many publications. These keywords can encapsulate core research themes in
a more concise form than abstracts, potentially guiding retrieval toward more thematically
aligned papers.

In this setup, the keyword field was preprocessed and embedded using the same model as
the abstracts and titles. For papers that included keywords, their embeddings were combined
with abstract embeddings to produce a joint representation. This was done by computing a
weighted average of the normalized vectors, where the abstract embedding was given weight
0.9 and the keyword embedding weight 0.1. This balance was chosen after experimentation,
with the goal of preserving the rich semantic content of abstracts while still incorporating the
topical focus provided by keywords. For papers lacking keywords, the abstract embedding
alone was used.

Retrieval proceeded in the same way as in the Basic RAG configuration: for each query

abstract, the top 50 nearest neighbors were retrieved from the FAISS index and up to 10
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unique venues were selected to form the LLM context. The downstream prompting and gen-
eration process was unchanged. In this way, the experiment tested whether enriching the
representation of documents with keywords could improve contextual grounding and, ulti-

mately, venue recommendation quality.

RAG with citation-based reranking

This approach builds upon the basic RAG variant by reusing the same dense retrieval
and prompt generation mechanisms, while incorporating a simple reranking heuristic based
on citation counts. The goal is to examine the relevance of the retrieved context by favoring
more influential papers, measured by their number of citations, under the assumption that
such papers are more likely to reflect high-quality publication venues.

As in the baseline RAG setup, each query abstract is embedded using the thenlper/gte-
small model and used to perform a similarity search over the FAISS index of paper embed-
dings. From the top 50 retrieved entries, the top 10 are selected based on descending citation
count, rather than raw similarity score. This approach was designed to explore whether em-
phasizing more influential or widely-cited papers, rather than strictly the closest in embedding
space, could yield more informative retrieval contexts and potentially lead to improved venue
recommendations.

These reranked entries are used to build the context passed to the language model, using
the same prompt template as before. Each context entry includes a paper title and its corre-
sponding venue. The model is then instructed to generate a ranked list of 10 academic venues,

strictly based on the provided context.

RAG with cross-encoder reranking

In this variant of the RAG pipeline, another reranking strategy is applied using a cross-
encoder model. This method aims to refine the selection of contextual documents by directly
scoring the semantic relevance between the query abstract and each of the 50 candidates using
joint encoding.

The initial retrieval step remains the same. Then, to rerank the retrieved candidates,
a cross-encoder model (cross-encoder/ms-marco-MiniLM-L-6-v2) is used. This model re-
ceives each candidate abstract along with the query abstract as input pairs and outputs a scalar

relevance score. Unlike bi-encoder similarity, which computes dot products of independent
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embeddings, the cross-encoder processes both texts jointly, usually allowing it to capture
fine-grained semantic relationships. Then, the top 10 papers according to these scores are

selected as the final context set for the LLM.
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Figure 5.4: Bi-Encoder vs Cross-Encoder

It is important to note that while cross-encoders are more expressive, they are also quite
expensive. Unlike bi-encoder models, which can precompute embeddings for large corpora
and perform fast vector operations, cross-encoders must process each query-candidate pair
jointly at runtime. This makes them considerably slower and less scalable for large-scale
retrieval tasks. Moreover, their effectiveness in RAG pipelines depends on multiple factors
beyond expressiveness. These include the semantic diversity of the retrieval candidates, the
degree to which the cross-encoder has been pre-trained or if it was fine-tuned for a certain
topic. The example in Figure 5.4 use BERT as the encoder to illustrate the difference between

Bi-Encoders and Cross-Encoders.

RAG with Impact-Factor reranking

As a final variant, we introduce a reranking strategy inspired by the concept of journal
impact factors. The official Journal Impact Factor (JIF), as maintained by Clarivate, was not
available in the DBLP dataset. Instead, we constructed a proxy measure of venue impact
based on citation data, using the smoothed mean citation count of all papers published at a

given venue. Specifically, for a venue v with n,, papers and s, total citations, the proxy score

Institutional Repository - Library & Information Centre - University of Thessaly
05/09/2026 01:00:22 EEST - 216.73.216.250



36 Chapter 5. Methodology

was computed as:

Q-+ S,

Impact(v) = n
a+n,

(5.1)

where 1 denotes the global mean citation count across all venues and « is a smoothing param-
eter that controls shrinkage toward the overall mean. This Bayesian-style smoothing proce-
dure ensures that venues with only a few papers do not receive artificially high or low values
due to statistical noise, a well-known issue in bibliometric evaluation.

The use of smoothed citation-based indicators is consistent with practices in the scien-
tometrics literature. Patricia Pérez-Hornero et al. [38] emphasize the instability of citation-
based averages for small journals and recommend shrinkage estimators to improve robust-
ness. More recently, Gu Jiaying et al.[39] employed Empirical Bayes adjustments to stabilize
journal-level impact metrics in economics. Our formulation follows this rationale, yielding a
proxy impact factor that is robust, comparable across venues and interpretable as a prestige
signal.

In the pipeline, this proxy impact factor was integrated into the reranking stage of the RAG
system. Following the initial FAISS retrieval of the top 50 most similar papers, candidates

were reranked according to the following score:

FinalScore(d) = A - Sim(q, d) + (1 — \) - Impact(venue(d)), (5.2)

where Sim(q, d) is the cosine similarity between the query abstract and a candidate document
d, and X is a weighting hyperparameter. This blending allowed the system to jointly account
for semantic closeness and venue prestige, with higher-impact venues favored when similar-
ity scores were otherwise comparable. After experimentation with different values, A = 0.9
was chosen for this project.

From the reranked list, the top 10 unique venues were selected to construct the context
provided to the LLM. This context was then passed into the same prompt template as in
previous RAG variants, instructing the model to generate a ranked list of 10 academic venues.
In this way, the system leverages both semantic relevance and an impact-inspired prestige

signal, aiming to improve recommendation quality beyond purely similarity-driven retrieval.
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Experimental Evaluation

6.1 Evaluation Setup

To objectively assess the performance of the venue recommendation models, we estab-
lished a comprehensive evaluation protocol. The primary evaluation metrics used are Top-K
Accuracy (Hit Rate), Mean Reciprocal Rank (MRR) and Mean Venue Overlap (MVO).
These metrics are well-suited for ranked recommendation tasks, as they capture different
dimensions of predictive performance: correctness, ranking quality and semantic alignment.

As previously described, Top-K Accuracy evaluates whether the correct venue appears
within the top-K predicted venues. MRR measures the reciprocal of the rank at which the
correct venue first appears in the output list, placing greater weight on higher-ranked correct
predictions. MVO, on the other hand, is a custom metric designed to assess the semantic
closeness of predicted venues to the actual venue. This allows the evaluation to reflect cases
where the predicted venue is not exactly correct, but still thematically or topically similar to
the true venue.

For the evaluation of the system, a collection of 10 evaluation sets was used, with each
one consisting of 100 abstracts randomly sampled from the preprocessed DBLP V14 cor-
pus. All evaluation instances were held out from any stage of model training or embedding
construction to prevent data leakage and ensure the validity of the results.

Each evaluation instance includes the abstract of a paper and its normalized ground truth
venue label. In order to allow for a fair comparison, all model outputs were also normalized
using the same venue mapping routine that was applied during preprocessing. This step was

especially important for predictions generated by LLMs, as they could contain informal or

37
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abbreviated forms of venue names. To ensure consistency, both predicted and actual venues
were embedded with the GTE-small model. Cosine similarity was utilized to determine se-
mantic proximity during MVO calculations and to address label matches for Top-K and MRR

in cases of string ambiguity.

6.2 TF-IDF+SGD Classifier Results

The TF-IDF+SGD Classifier model served as the foundational baseline for the venue
recommendation task, relying exclusively on sparse lexical features extracted from pa-
per abstracts. Using scikit-learn’s TfidfVectorizer, each abstract was encoded into a high-
dimensional feature vector, followed by supervised training of a linear classifier via stochas-
tic gradient descent.

The model performed poorly in practice. The Top-1 Accuracy was just 2% and even at
Top-10, it only reached 10%. These results clearly indicate that the model struggled to capture
the semantic complexity and domain-specific variation present in academic abstracts. Unlike
semantic embedding methods, TF-IDF lacks the capacity to account for synonyms, concep-
tual similarity, or contextual nuance, which is an essential capability when distinguishing
between closely related venues.

Another factor contributing to the weak performance is the scale and diversity of the
dataset. The corpus contained approximately 2.5 million abstracts mapped to nearly 3,000
distinct venues, creating a highly challenging classification problem. Compared to datasets of
similar size but far fewer target categories, this level of label diversity substantially increased

the difficulty of achieving accurate predictions using a purely lexical baseline.

Top-3 | Top-5 | Top-7 | Top-10

2.00 520 | 7.60 10.00

Table 6.1: TF-IDF+SGDClassifier performance metrics.

6.3 LLM-Only Recommender Results

The LLM-only approach evaluated the standalone capability of a large language model,

specifically Mistral, deployed locally using Ollama, to recommend academic venues based
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solely on the abstract of a paper, without access to external context or retrieval support.
Compared to the TF-IDF baseline, the LLM-only model demonstrated a clear perfor-
mance improvement. As it is shown in the table below, its MRR was 0.20, indicating that
correct venues tended to appear mid-way in the predicted lists. However, the MVO was quite
low at 1.51, suggesting limited semantic proximity between predicted and actual venues on
average. This shows that while LLMs provide a major leap over purely lexical baselines, they

still lack grounding in domain-specific literature, motivating the implementation of RAG.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
21.51 | 26.63 | 29.54 | 32.76 | 0.20 | 1.51

Table 6.2: LLM-only performance metrics.

As seen in Figure 6. 1], the model is able to generate plausible chemistry-related venues, but
many of them do not exactly align with the ground truth ("Journal Of Chemical Information
And Computer Sciences”), reflecting the limitations of relying solely on the LLM’s internal

knowledge.

Figure 6.1: Example suggestions of the LLM-only recommender.

6.4 RAG Evaluation

This section presents the results and analysis of the RAG models. Each variant integrates
retrieved documents into the LLM’s prompt to improve semantic grounding and reduce hal-

lucinations. The evaluation follows the same protocol as previously described, using Top-K
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Accuracy, MRR and MVO as core metrics. Each variant is assessed across 10 evaluation sets

and compared against both the TF-IDF baseline and the LLM-only model.

6.4.1 Basic RAG

The first variant of the RAG framework implements a straightforward pipeline, in which
the retrieval step is based solely on semantic similarity between the input abstract and pre-
indexed paper embeddings. No reranking mechanism is applied in this variant, meaning that
the retrieved context is determined exclusively by FAISS-based approximate nearest neighbor

search.

For each test instance, the abstract is embedded using the same GTE-small model used
during index construction. The resulting vector is used to query the FAISS index, returning
the top 50 nearest neighbors. From these, up to 10 documents with distinct venues are selected
to form the context passed to the language model. The context is incorporated into a prompt
that asks the LLM to recommend ten academic venues. The generation process is managed

via LangChain and served locally using Ollama and the Mistral model.

Looking at the results that this setup yielded, a major improvement over the previous
2 baselines is clear. The MRR was measured at 0.28, indicating moderate effectiveness in
placing the correct venue near the top of the predicted list. Additionally, the MVO, which
quantifies the average number of venues shared between the predicted list and the retrieved
context, was 6.59, suggesting a reasonably high alignment between the model’s output and

the provided context.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
31.84 | 37.98 | 4299 | 49.63 | 0.28 | 6.59

Table 6.3: Basic RAG performance metrics.

As seen in Figure 6.2, the Basic RAG method successfully ranked the correct venue
("Journal of Chemical Information and Computer Sciences”) at the top of its suggestions,

clearly demonstrating the benefit of retrieval-based grounding over the LLM-only approach.
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Figure 6.2: Example suggestions of the Basic RAG recommender.

6.4.2 RAG with Keywords-Augmented Context

This experiment extended the Basic RAG setup by enriching the paper embeddings with
keyword information in addition to abstracts. As described in the previous Chapter, keyword
and abstract embeddings were combined into a joint representation, with a weighting scheme
that placed greater emphasis on the abstract. All other steps of the pipeline, including retrieval,

prompt construction and LLM generation, remained identical to the Basic RAG method.

The results were very close to those of Basic RAG, with only marginal differences across
evaluation sets. Top-10 accuracy reached 48.54%, and the MRR was 0.27, essentially on
par with the baseline. The Mean Venue Overlap was 6.51, suggesting that the inclusion of
keywords neither harmed nor significantly improved contextual grounding. These findings
indicate that while keywords may offer complementary topical signals, much of their infor-
mation overlapped with what was already captured in abstracts, which limited their additional

impact on retrieval and recommendation performance.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO

31.44 | 37.87 | 4291 | 4854 | 0.27 | 6.51

Table 6.4: RAG with Keywords-Augmented Embeddings performance metrics.

In fact, for the illustrative example run shown earlier in Figure (5.2, this variant produced
the exact same ranked venue list as the Basic RAG method. This outcome reinforces the
quantitative findings, highlighting that the addition of keywords did not alter the system’s

recommendations in practice for this case.
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6.4.3 RAG with Citation-Based Reranking

The second variant of the RAG pipeline introduced a reranking strategy based on cita-
tion count. After retrieving the top 50 candidates from the FAISS index, the documents were
reordered by descending citation volume and the top 10 were selected to form the retrieval
context. This heuristic assumes that highly cited papers are more likely to represent estab-

lished, reputable venues and thus could guide the LLM toward better recommendations.

However, the results show that this reranking strategy underperformed compared to the
basic RAG configuration. The Top-3, Top-5 and Top-10 accuracy scores were consistently
lower. The MRR also declined to 0.24, indicating that the correct venues appeared later in the
predicted lists on average. While the MVO remained relatively high at 6.01, suggesting that
the semantic proximity between predicted and actual venues was not entirely lost, the overall
effectiveness of this approach was limited. It becomes obvious that citation volume is not

always a good proxy for contextual alignment, especially compared to semantic similarity.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
27.80 | 35.65 | 39.78 | 43.71 | 0.24 | 6.01

Table 6.5: RAG with Citation-Based Reranking performance metrics.

Considering the same example as before, we can see in Figure 6.3/ that the model produced
reasonable venue suggestions, including several chemistry and computational science outlets.
However, the correct venue was missed entirely, which is consistent with the quantitative

results showing weaker accuracy compared to Basic RAG.

Figure 6.3: Example suggestions of the RAG with Citation-Based Reranking recommender.
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6.4.4 RAG with Cross-Encoder Reranking

The third variant incorporated a more sophisticated reranking mechanism using a cross-
encoder model (cross-encoder/ms-marco-MiniLM-L-6-v2). After retrieving the top 50 ab-
stracts using FAISS, each candidate was paired with the query abstract and jointly scored by
the cross-encoder for relevance. The 10 most semantically aligned documents were then used

to construct the context provided to the LLM.

In terms of retrieval quality and downstream recommendation performance, this vari-
ant showed competitive results. Top-3 accuracy improved to 32.55% and Top-10 accuracy
reached 45.22%, exceeding the citation-based variant. The MRR score recovered to 0.28,
matching the performance of the basic RAG configuration, indicating improved ranking qual-
ity. However, the MVO had a value of 6.32, suggesting that while predictions were more
likely to include the correct venue, the reranker prioritized semantically relevant papers at

some cases, including those from niche venues.

These findings suggest that cross-encoder reranking succeeds in refining the local rele-
vance of retrieval candidates, helping the LLM focus on more appropriate examples. How-
ever, the drop in MVO may reflect a tendency toward more topically precise but less known
venue recommendations. Moreover, its computational cost makes it less practical for large-

scale deployment.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
32.55 | 38.28 | 41.20 | 4522 | 0.28 | 6.32

Table 6.6: RAG with Cross-Encoder Reranking performance metrics.

As shown in Figure .4, the predictions included the correct venue and several closely
related alternatives, but the overall list was narrower in scope compared to the Basic RAG

method.
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44 Chapter 6. Experimental Evaluation

Figure 6.4: Example suggestions of the RAG with Cross-Encoder Reranking recommender.

6.4.5 RAG with Impact-Factor Reranking

The final variant of the RAG pipeline incorporates a reranking mechanism that combines
semantic similarity with an estimated impact factor score for venues. Since explicit journal
impact factors were not available in the DBLP V14 dataset, proxy values were computed
using smoothed averages of citation counts per venue, inspired by established bibliomet-
ric approaches that recommend shrinkage estimators to stabilize impact factor estimates for
smaller journals. This proxy score was normalized to the range [0, 1] and associated with each
venue in the metadata.

The results of this method show performance very close to the Basic RAG approach.
Top-10 accuracy reached 48.54%, with an MRR of 0.26. The Mean Venue Overlap was 6.56,
slightly lower than the Basic RAG variant. These findings suggest that while proxy impact
factor information does not dramatically improve overall accuracy, it provides a modest bias

toward established venues without degrading contextual alignment.

Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
30.35 | 37.79 | 43.71 | 48.54 | 0.26 | 6.56

Table 6.7: RAG with Impact-Factor Reranking performance metrics.

As illustrated in Figurep.3, this method successfully retained the ground truth venue
within the predicted list and tended to include prestigious publication outlets. However,
the improvements over purely semantic retrieval remained marginal, indicating that im-
pact factor—like adjustments may complement but not replace embedding-based similarity

in venue recommendation tasks.
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6.4.5 RAG with Impact-Factor Reranking

Figure 6.5: Example suggestions of the RAG with Impact-Factor Reranking recommender.

In the table .§ we have a consolidated view of all methods. It highlights the highest value

of each evaluation metric used. In every table, Top-K values are shown in percentage.

Method Top-3 | Top-5 | Top-7 | Top-10 | MRR | MVO
TF-IDF + SGDClassifier 2.00 | 520 | 7.60 10.00 — —
LLM-Only 21.51 | 26.63 | 29.54 | 3276 | 0.20 | 1.51
RAG (Abstracts) 31.84 | 37.98 | 4299 | 49.63 | 0.28 | 6.59
RAG + Keywords Augmentation | 31.44 | 37.87 | 4291 | 48.54 | 0.27 | 6.51
RAG + Citation Rerank 27.80 | 35.65 | 39.78 | 43.71 0.24 | 6.01
RAG + Cross-Encoder Rerank 32.55 | 38.28 | 41.20 | 45.22 | 0.28 | 6.32
RAG + Impact Factor Rerank 30.35 | 37.79 | 43.71 | 48.54 0.26 | 6.56

Table 6.8: Performance comparison across all methods and metrics.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

The experimental evaluation demonstrated the importance of both semantic modeling and
contextual grounding in academic venue recommendation. The TF-IDF baseline highlighted
the limitations of purely lexical methods, achieving only minimal accuracy across thousands
of venues. In contrast, the LLM-only model leveraged pretrained semantic knowledge to
make more plausible predictions, achieving markedly higher Top-K accuracy. However, its
predictions often suffered from weak grounding: the model could generate venues that were
linguistically or thematically related but not actually aligned with the source literature. This
lack of context led to a tendency toward hallucinations and limited semantic overlap with the
true relevant venues.

The introduction of RAG directly addressed these shortcomings. By incorporating seman-
tically similar documents retrieved from the FAISS index into the prompt, the LLM was able
to anchor its reasoning in domain-relevant examples. This grounding reduced hallucinations,
improved factual alignment and enabled the model to produce venue recommendations that
were not only more accurate but also more consistent with the established structure of aca-
demic publishing. Compared to the LLM-only setup, the basic RAG variant nearly doubled
Top-10 accuracy and raised the MVO from 1.51 to 6.59, showing that the predicted venues
were much more closely tied to the retrieved evidence.

Another experiment incorporated keywords into the document embeddings, combining
them with abstracts to create a joint representation. This was intended to capture both detailed

descriptions of content and concise topical labels. The results were very close to the Basic

47
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48 Chapter 7. Conclusions and Future Work

RAG setup, with Top-K accuracy and MRR remaining essentially unchanged. The MVO
was measured at 6.51, slightly lower than the value of the Basic RAG method. This outcome
indicates that while keywords introduced additional topical cues, they were largely redun-
dant with the information already present in abstracts and did not provide a discriminative

advantage for venue recommendation.

Among the following three strategies, results were mixed. Citation-based reranking un-
derperformed, as citation volume did not reliably reflect topical relevance. Cross-encoder
reranking improved Top-3 accuracy and ranking quality, but at the cost of semantic diversity
and efficiency. A final variant introduced an score resembling impact factor, computed from
citation statistics, to approximate the perspective of researchers who often consider venue
prestige alongside topical fit when deciding where to publish. However, this method also
showed only marginal differences compared to the basic RAG setup and in some evaluation
sets performance was slightly worse. Overall, these findings suggest that while reranking
strategies can capture additional dimensions such as influence or prestige, they do not align
as strongly with semantic relevance, and therefore provide limited benefits over the basic
RAG pipeline.

In summary, the evaluation demonstrates that retrieval augmentation is essential to over-
coming the limitations of standalone LLMs in academic venue recommendation. By ground-
ing predictions in retrieved literature, RAG reduces hallucinations, improves factual align-
ment, and delivers more accurate and semantically coherent recommendations. The limited
benefit of reranking strategies further highlights the dominant role of semantic similarity,
suggesting that simple, well-designed retrieval pipelines may be as effective as more elabo-
rate ranking schemes. More broadly, the findings underscore the niche nature of venue rec-
ommendation, where decisions are shaped by a mix of topical fit, audience and community
reputation, which are factors not fully represented in the dataset and therefore beyond the

scope of this study.

7.2 Future Work

While the proposed framework for academic venue recommendation has demonstrated

promising results, there are several avenues for further improvement and expansion.
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7.2 Future Work 49

Embedding and Model Improvements

One of the most important avenues for future improvement is the embedding model used.
Higher semantic fidelity embeddings could be produced by more potent alternatives or re-
fined domain-specific models, even if the current system uses the thenlper/gte-small encoder
for both abstracts and venue names. Furthermore, task-specific fine-tuning may be useful for
cross-encoder reranking, especially if a small supervised dataset of abstract-venue pairings
can be built to inform relevance scoring.

Similarly, future implementations might test out more sophisticated language models,
including larger versions of Mistral, LLaMA, or Mixtral, which could enhance the quality of

both context-informed and zero-shot recommendations.

Retrieval Enhancements

Another step for improvement is the enhancement of the retrieval phase. The introduction
of hybrid retrieval, which combines sparse retrieval or dense embeddings with symbolic fil-
ters, may increase relevance, particularly for specialized or multidisciplinary themes. More-
over, adaptive retrieval techniques could be used, in which the complexity or specificity of the
query abstract determines the quantity or kind of documents that are retrieved. A further direc-
tion could involve constructing and exploiting heterogeneous graphs that link papers, authors,
venues and citation relationships. Such graph structures would enable retrieval strategies that
leverage not only semantic similarity but also structural signals from the broader scholarly

network, potentially uncovering connections that embeddings alone may miss.

Reranking Optimization

Despite the fact that the cross-encoder reranking model increased MRR and Top-3 accu-
racy, its computational cost still prevents real-time use. Future research could examine more

scalable reranking options, such as:

* Multi-stage reranking pipelines, such as shallow cross-encoder refinement after bi-

encoder trimming.

 Author and co-authorship graphs can integrate signals from collaboration networks and

help prioritize venues where similar research communities are active.
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50 Chapter 7. Conclusions and Future Work

« Citation network centrality can be used to rank papers published in venues that occupy
central positions in citation graphs higher, reflecting influence beyond raw citation

counts.

» Topic—venue alignment can be achieved by applying topic models (e.g., LDA or neural
topic embeddings) to assess whether a venue’s historical publications match the latent

topics of the query abstract.

» Knowledge graphs can explicitly link papers, venues and fields of study, enabling
graph-based reranking strategies that capture relationships missed by embeddings

alone.

Evaluation Enhancements

Lastly, it is also important to evolve the evaluation phase. The evaluation pipeline used
in this project was designed for reliability and modularity but remains constrained in scale.

Future work should include:

* Larger evaluation sets (e.g., 10,000+ papers).

* Human-in-the-loop assessment, where domain experts judge the quality and relevance

of predicted venues.

» Temporal validation to assess whether the system generalizes well to newly published

papers.

Additionally, metric design could be expanded beyond Top-K and MRR to incorporate
coverage, novelty, and diversity, which are critical in real-world academic recommendation

settings.
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