Kurdistan Journal of Applied Research (KJAR)
Print-ISSN: 2411-7684 | Electronic-ISSN: 2411-7706

Original Article W) Check for updates

Fine-tuning SBERT for Semantic Research Title Classi-

fication in Trilingual University Repository

Havan Wahid Rashid 2* (2}, Sarkar Hasan Ahmed ®

? Information Technology Department, Technical College of Informatics, Sulaimani Polytechnic University, Sulaymaniyah, Iraq.
 Computer Network Department, Technical College of Informatics, Sulaimani Polytechnic University, Sulaymaniyah, Iraq.

Submitted: 23 May 2025
Revised: 18 June 2025
Accepted: 1 August 2025

Abstract: Recommendation systems are essential for automatically surfacing
relevant content from large datasets, reducing search time, and facilitating
discovery. In academia, content-based recommendation systems are benefi-
cial when only brief titles are available and multilingual text is standard. Uni-
versities in the Kurdistan Regional Government currently lack a centralized
research repository, with records scattered across different institutions and
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often manually maintained. This makes it difficult for students and faculty to
find related topics, potential supervisors, or cross-disciplinary connections.
This paper presents a trilingual (English, Arabic, and Kurdish) recommenda-

tion system for academic research titles. Three key contributions are made: (1)
the creation of the first integrated dataset of 4,257 research titles from Sulai-
mani Polytechnic University publicly available; (2) the development of a web-
based platform for semantic search and title-level recommendations to sup-
port research discovery and student—supervisor matching; and (3) an evalua-
tion between Sentence-BERT models—all-MiniLM-L6-v2 and paraphrase-
multilingual-MiniLM-L12-v2—before and after fine-tuning with a domain-
specific taxonomy and cosine embedding loss. Performance is assessed using
Precision@5, Mean Reciprocal Rank, and NDCG@5 with expert-annotated rel-
¢ _HG_HD evance judgments for 20 query titles. Fine-tuning resulted in performance im-
Copyright: ©2025 by the authors. provements, with paraphrase-multilingual-MiniLM-L12-v2 achieving Preci-
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sion@5 of 0.94 and NDCG@5 of 0.991. The English-only model also showed
improvements, Precision@5: 0.79—0.82; NDCG@5: 0.885—0.922.
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1. Introduction

Universities in the Kurdistan Regional Government of Iraq currently face significant challenges
due to the absence of a unified, systematically maintained repository of scholarly research titles. Each
university independently manages its academic records, often employing manual or fragmented digital
methods, severely limiting information accessibility and sharing. Consequently, students and faculty
members experience difficulty discovering relevant research topics, identifying potential supervisors,
and engaging in interdisciplinary collaborations [1]. This siloed approach to manage research data con-
tributes to delays in student graduation and hinders the advancement of cross-departmental scholarly
work [2].

Recommendation systems are a technology that can be integrated into this proposed system to
make it smarter, enhance user engagement, and personalize the user experience. Using learned rele-
vance signals, recommendation systems predict user interests and rank items from large catalogs. Core
approaches include content-based filtering, which represents items and queries with text features and
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computes similarity, and collaborative filtering, which infers preferences from historical interactions;
hybrid designs combine both to improve accuracy and coverage. In academic settings, recommendation
systems map research titles and queries into vector representations, retrieve semantically similar
works, and re-rank results using domain cues, thereby accelerating topic discovery, supervisor match-
ing, and cross-department collaboration. When only titles are available and texts are multilingual, con-
tent-based methods with sentence embeddings effectively reduce search time and increase the visibility
of prior research across departments and universities [3].

Most of the university websites in KRG come with Kurdish language in addition to English and
Arabic. Kurdish language is an Indo-Iranian language with two major standardized varieties—
Kurmanji and Sorani—used across Iraq, Iran, Turkey, and Syria. Kurmaniji is typically written in a
Latin-based alphabet of about 31 letters, while Sorani employs an Arabic-derived script with roughly
33 letters [4, 5]. In the Kurdistan Region of Iraq, Kurdish has official status; however, orthographic
variation, diacritics, and Unicode-specific issues (e.g., zero-width non-joiner, hamza variants) compli-
cate normalization and tokenization, especially for short titles [5, 6]. Code-switching with Arabic and
English and limited high-quality Natural Language Processing (NLP) resources further increase spar-
sity and out-of-vocabulary rates, making robust multilingual sentence embeddings and domain-spe-
cific fine-tuning important for effective retrieval and recommendation [6, 7]. However, despite the
proven effectiveness of recommendation systems in enhancing retrieval and personalization, there is a
notable absence of such systems tailored for the Kurdish language, mainly due to its linguistic chal-
lenges and limited NLP resources.

In this research, a model is proposed to fill this gap by (1) creating a dataset comprising 4,257
publication titles collected from various colleges and departments within Sulaimani Polytechnic Uni-
versity (SPU). This dataset represents the first integrated academic dataset for research titles for SPU in
the Kurdistan Region, with provisions for daily automatic updates, (2) developing a web-based con-
tent-based recommendation system to support student-supervisor matching; and (3) conducting an
empirical evaluation of the two content-based recommendation models, paraphrase-multilingual-
MiniLM-L12-v2, and all-MiniLM-L6-v2.

The remainder of this paper is organized as follows. Section 2 introduces recommendation systems
and reviews related work. Section 3 details the methodology and the proposed system. Section 4 reports
results for the two recommendation models, and sections 5 and 6 present the discussion and conclu-
sions, respectively.

2. Related Works

Recommender systems have been widely utilized in higher education to match students effec-
tively with appropriate resources, such as project topics or thesis supervisors. Ensuring an optimal stu-
dent-supervisor fit significantly impacts students' academic success and timely graduation [2]. Tradi-
tionally, universities manually assign thesis advisors, a method that can be inefficient, biased, and
prone to overlooking student interests, especially without a centralized mechanism to compare re-
search topics across departments.

Ismail et al. [8] Used Euclidean distance similarity to match students with supervisors for their
final-year project and introduced content-based recommended systems to automate and improve this
process by aligning student interests with faculty expertise and availability. Meanwhile, Amaad et al.
[9] Evolved an academic recommendation system from simple keyword-matching techniques to so-
phisticated machine learning approaches. Traditional content-based filtering (CBF) and collaborative
filtering (CF) methods often fail to incorporate contextual information and sequential access behavior,
making them prone to generating irrelevant recommendations in scholarly environments. These limi-
tations have led researchers to explore hybrid approaches that combine multiple recommendation strat-
egies to improve accuracy and relevance.

Stergiopoulos et al. [10] Have focused on addressing the scalability challenges of academic recom-
mendation systems and presented a multi-staged recommendation system based on clustering, graph
modeling, and deep learning that manages to operate on datasets containing millions of users and
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papers. Their approach demonstrates how to bridge the gap between academic state-of-the-art systems
and real-world applications, achieving improvements compared to traditional methods.

Church et al. [11] Argue that content-based filtering and graph-based methods complement aca-
demic search recommendations, with CBF using abstracts to infer authors' positions and graph-based
methods using citations to capture audience responses. Their work with Specter (BERT-like encodings)
and ProNE (spectral clustering) demonstrates the synergistic potential of hybrid approaches.

Mohamed et al. [12] Have developed specialized recommendation systems for various academic
contexts, proposing concept-based methods for representing researchers' interests, where concept gen-
eration depends on the semantics of words in articles related to researchers, while Albusac et al. [13]
Focus on expert finding systems that recommend researchers based on their published articles and
query matching.

Content-based filtering has been extensively studied in academic contexts, with researchers ex-
ploring various approaches to represent and match document content. Content-based models combin-
ing deep neural networks and factorization machines for scientific article recommendations address
the challenge of high-order feature interactions that existing models often miss [14]. A Bayesian non-
parametric hybrid filtering approach combines user preferences modeling through the infinite rela-
tional model with topic modeling for item features. Rodriguez and Vuppala [15] demonstrate how con-
tent-based and collaborative filtering can be effectively integrated through shared item partitions.

Advancements in content-based filtering have focused on improving text representation methods,
developing a scalable end-to-end content-based scientific paper recommendation system capable of
recommending papers based on abstracts or contextual information [16]. The integration of semantic
understanding has become increasingly crucial for semantic relationship embeddings for text classifi-
cation, considering synonymy, hyponymy, and hypernymy relationships extracted from Wikipedia to
improve content representation beyond traditional word-based models [17]. Sentence-BERT (SBERT)
has emerged as a powerful tool for generating semantically meaningful sentence embeddings. The ef-
fectiveness of SBERT in educational contexts, using similarity learning to optimize teacher report em-
beddings for academic performance prediction, is seen in achieving 73% accuracy in detecting strong
performance [18]. Another work is a comprehensive approach using SBERT in research literature rec-
ommendation systems, combining it with latent dirichlet allocation models in a semi-supervised meth-
odology. Their work shows how SBERT can capture contextual information while maintaining global
topic information, leading to improved recommendation performance over traditional baselines [19].

Another work used supervised transfer learning with supervised fine-tuning using meta-/few-
shot strategies; Models: BERT, BERT+BiLSTM, all-MiniLM-L6-v2; Precision: all-MiniLM-L6-v2 im-
proved from 0.74 to 0.91 after fine-tuning [20].

Mohamad et al. [21] Carried out a comparative evaluation of five pre-trained sentence encoders
(USE, BERT, InferSent, ELMo, and SciBERT) for research paper recommendation. Their findings indi-
cate that while semantic information from these encoders alone does not improve performance over
traditional BM25 techniques, their integration enables the retrieval of relevant papers that conventional
ranking functions may not capture. The effectiveness of SBERT in news recommendation systems is
seen in achieving 99.14% precision, 92.48% recall, and 95.69% F1-score when combined with neural
collaborative filtering approaches [22]. Recent studies have explored sophisticated applications of
SBERT in various domains. Cascaded transformer mechanisms using SBERT derived from large lan-
guage models (T5 and BERT) for apparel recommendation systems achieved 94.76% similarity scores
[23]. BERT approaches that combine SBERT with RoBERTa, treating sentences as tokens to capture both
intra-sentence and inter-sentence relations [24].

Several studies have investigated fine-tuning in domain-based settings, such as Li et al. [25], who
applied fine-tuning transformer models for domain-specific tasks, which became a critical area of re-
search. Fine-tuning strategies for BERT found that multitask fine-tuning with smoothness-induced ad-
versarial regularization achieves the best overall results across sentiment classification, paraphrase de-
tection, and semantic text similarity tasks. Meanwhile, Zhang et al. [26]. Applied an XR-Transformer, a
recursive approach, to accelerate fine-tuning procedures through multi-resolution objectives. Their
method demonstrates 20x faster training than X-Transformer while improving Precision@1 from 51%
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to 54% on the Amazon-3M dataset. Zhang et al. [27] applied domain-specific fine-tuning, which has
shown particular promise in academic and scientific contexts, and developed label attention-based ar-
chitectures for biomedical text classification, injecting semantic label descriptions into the fine-tuning
process of pretrained models. Their approach outperforms conventionally fine-tuned models on med-
ical datasets. Miicke et al. [28] focused on fine-tuning language models for scientific writing support,
training models on sentences from peer-reviewed papers to determine scientific section classification
and paraphrasing suggestions. Their work demonstrates how domain-specific fine-tuning can achieve
specialized performance in academic contexts. However, Dhamecha et al. [29] explored multilingual
fine-tuning in Indo-Aryan languages, showing that careful selection of related languages can signifi-
cantly improve performance over individual language models. Their work reveals that low-resource
languages like Oriya and Punjabi benefit most from multilingual fine-tuning, with relative performance
improvements.

Ma et al. [30] Traditional classification approaches evolved from manual methods to sophisticated
automated systems. The ERNIE-BiGRU-Attention model fuses titles, abstracts, and keywords into pre-
trained models, using bidirectional gated recurrent units and attention mechanisms to improve classi-
fication accuracy. Traditional approaches often relied on static word embedding methods like TE-IDF
or Word2Vec. Liu et al. analyzed document classification based on Word2Vec and TF-IDF, proposing
improved weighting methods to address the limitation that Word2Vec embeddings ignore word im-
portance within documents [31]. Modern classification systems leverage sophisticated neural architec-
tures. Liu et al. [29] developed text classification models based on label embedding and attention mech-
anisms, using convolutional neural network to learn compatibility between words and labels as atten-
tion values for Bi-LSTM outputs.

Constructing datasets for academic literature relevance ranking using BERT fine-tuning demon-
strates how learnable search ranking models can improve literature search efficiency across different
disciplinary fields [32]. The complexity of research paper classification has led to hierarchical ap-
proaches. The HFT-ONLSTM model addresses hierarchical multi-label text classification using fine-
tuning techniques where upper-level classification results contribute to lower-level decisions, reducing
computational costs while achieving superior performance [33].

Educational technology systems in low-resource contexts face unique challenges related to com-
putational limitations, data scarcity, and infrastructure constraints. Educational recommender system
techniques indicate that traditional approaches combined with deep learning networks can improve
recommendations and provide higher accuracy results [34].

Hybrid recommendation methodologies for educational video systems, incorporating both con-
tent-based filtering and collaborative filtering algorithms, are needed to address the diverse needs of
students in informal education settings [35]. Research has focused on developing adaptive systems that
can function effectively with limited resources. A systematic review examined recommender systems
in higher education, finding that various approaches, including content-based filtering, collaborative
filtering, and knowledge-based methods, can be effectively combined for better results [36]. Muzdyba-
yeva et al. [37] used matrix factorization-based collaborative filtering frameworks for course recommen-
dations in higher education, analyzing data from 603 students to provide personalized course recom-
mendations based on individual preferences and academic performance.

Recent developments have explored Al-based personalized systems for educational contexts, de-
veloping Al-based personalized research paper recommendation systems using content-based filtering
algorithms and academic term dictionaries, achieving 50.2% precision for recommendation results and
52.2% for extracted research keywords [38]. Zhao and Ma [39] adopted recommendation systems for
higher education based on deep learning, using autoencoder advantages for dimension reduction and
achieving 0.90 efficiency on their dataset, while enabling the scoring of different recommended articles.

In summary, prior research on academic recommendation systems highlights a steady progression
from traditional keyword-matching and content-based filtering approaches to advanced hybrid and
deep learning methods incorporating semantic embeddings, clustering, graph modelling, and fine-
tuned transformer models. These studies demonstrate the advantages of integrating contextual signals
and domain-specific adaptations to improve scalability, accuracy, and personalization in educational
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and research environments. However, despite these advancements, challenges remain in adapting such
methods to low-resource settings and multilingual contexts, where data scarcity, linguistic complexity,
and infrastructural constraints continue to limit the robustness and applicability of current approaches.
Despite the related work above, most of the studies focus on well-resourced languages such as English
and Arabic; however, to date, no work or dataset is suitable for a recommendation system in the Kurd-
ish language. There are some examples of existing datasets in the Kurdish language, which are related
to creating a corpus for fake news [40], and there is another dataset for sentiment analysis [41].

A synthesized overview of the literature is provided in table 1, which contrasts techniques, mod-
els, datasets, results, and stated limitations.

Table 1: Summary of some prior work on academic recommendation systems: techniques, models, datasets, reported metrics,
and limitations.

Reference Model / Technique Dataset Name Results
Content-based d tem, Euclidean dis- . R
[8] ontent ase. r.eco'mmen er systemh 'uc 1_ can dis Not mentioned Similarity 44.95%
tance similarity, Content-based filtering

Hybrid dati t bining CBF

[9] ybrid recommendation sys er.n com mmg. . Not mentioned Recall 99%, precision 13%
and CF, Context-aware sequential pattern mining
Multi-staged recommendation system, Clustering, DBLP Citation-net-

[10] Recall 54.94%, NDCG 24.77%

Graph modeling, Deep learning work-v13

BERT-like encodings (Spectre), Spectral clustering Semantic Scholar cosine between a query and the
[11] (ProNE), Content-based filtering, Graph-based top candidate recommenda-

methods 62 tion, got about 10% better
[12] Semantic concept generation model, Concept-based CiteULike Recall 30%
representation
13] Content-based e?<pe.rt recommendati(')n system, Ex- PMSC-UGR Precision 81.6%
pert finding, Query matching
[15] Inﬁr}lte Relational M(.)de.l w1'th topic 'modehng, CiteULike Accuracy 81.4%
Bayesian nonparametric filtering, Topic modeling
(16] End—to—end. con.tent—based system, C.ontent—based Not mentioned average response time of 1.4
filtering, Text representation seconds
MNIST, CIFAR-10,
Text classificati del with tic relation- WOS, IMDB, Reu-
(17] ex c.as31 ica 1on. mo e. wi .seman ic r.e ation QOS, , Reu accuracy 79% recall 87%
ships, Semantic relationship embeddings ters, and 20-News-
group
[18] Similarity learning, SBERT Not mentioned accuracy 73%
BERT- ; — -
[20] S based embed.dlng op.tlmlzatlon, Supervised Not mentioned 091 precision score
fine-tuning
ici 0,
[21] USE, BERT, InferSent, ELMo, SCiBERT CiteULike Precision 56%
Microsoft news da- 99.14% precision, 92.48% recall,
22 BERT + Neural coll tive filteri
[22] S + Neural collaborative filtering taset 95.69% Fl-score
23] T5 and BERT-derived SBERT Amazor:azvtlew da- 94.76% similarity scores
[24] SBERT + RoBERTa combination Goodreads Precision 78.89%
Fine-tuned BERT with thness-induced lar-
[25] fne-tune Wi s mc.)o ness-induced reguiar Not mentioned Not mentioned
ization
. 20x faster training, Precision
[26] XR-Transformer (recursive approach) Amazon-3M dataset 549,
o
Fine- BERT F1 839 -
[27] Fine-tuned pretrained models with semantic labels Disease-5 me tuned. . 83% pre
cision 80%
N - IDM-DS, Pegasus- .
[28] Language models for scientific writing DS, GYAFC F1 score 90%
[29] Multilingual language models Indo-Aryan lan- F-score 0.8848

guages dataset
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3. Materials and Methods
3.1. Dataset Construction
3.2. Data Collection

The dataset used a custom web crawler targeting Google Scholar entries associated with
@spu.edu.iq email domains to represent SPU research output. The crawler systematically queries
Google Scholar for SPU-authored publications, extracting titles based on the institutional email identi-
fier. The crawler periodically updates the dataset with new titles as they become available, ensuring
continuous and automatic data enrichment. This automated method significantly reduces manual ef-
fort and maintains a real-time snapshot of the university’s research activities.

3.3. Preprocessing

After data harvesting, the raw list of titles was checked manually to ensure that the titles were the
same as those added by researchers in Google Scholar. The full link of the title from the scholar was not
fetched; it was added manually by this code (https://scholar.google.com. $ record ->publication_Path).

An Excel equation identified duplicate titles, but duplicates were retained. Specifically, duplicates
representing legitimate repetitions—such as publications co-authored by multiple SPU members ap-
pearing under different profiles were preserved such as Knowledge, attitude and practice toward
breast cancer among Kurdish women in Sulaimani Governorate/Iraq with ID: 1555 and Knowledge,
attitude and practice toward breast cancer among Kurdish women in Sulaimani Governorate/Iraq with
ID: 2668; these two tittles were fetched from two different profiles and two different researchers. These
were retained because one of the objectives of this work is to discover researchers, and removing any
of these titles means less chance of collaboration.

3.3.1. Dataset Statistics

The dataset consists of six columns (Id, Title, User, Publication path, Authors, Publisher details)
and it has 4,257 rows of data. It is publicly available on GitHub at this link
(https://github.com/havan2018/academic-tittles-dataset). Figure 1 shows the Statistics of Academic Do-
main Distributions in the dataset. In contrast, figure 2 shows the number of records in the different
languages, which are English, Arabic, Kurdish, and others like Persian, Russian, and Urdu.
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Figure 1: Statistics of academic domain distributions in the dataset.
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Figure 2: Title distribution per language.

3.4. Labelling Protocol

To facilitate evaluation of the recommendation models, titles were manually labelled by expert
annotators from various academic fields, including computer science, medical sciences, and business
studies, ensuring accurate domain-specific categorization and enhancing reliability. Due to the dataset's
diverse nature and limited size, we adopted a three-level taxonomy —domain, sub-domain, and specific
topic. For example, a title could be categorized as engineering / civil engineering / concrete materials,
as shown in table 2. These labels were used exclusively for evaluation purposes and training recom-
mendation models.

A quantitative scoring system has been implemented to assess model recommendations based on
taxonomy alignment:

e Domain match: +0.3
e Sub-domain match: +0.3 (additional)
e Specific topic match: +0.3 (additional)

A perfect score (0.9) indicates complete alignment, whereas lower scores reflect partial relevance.
This hierarchical scoring provided consistent relevance metrics, facilitating accurate comparison
among recommendation approaches.

Table 2: Title labeling with three-level taxonomy.

. Sub-do- Specific
. Domain . . Total
Recommended Title Label Match main Topic Score
Match Match
A novel encryption met'hoc.l for = Computer Science / Cyﬁbersecunty / 403 03 +3.0 0.9
secure cloud communication Cloud Security
A review of image steganography =~ Computer science / Cybersecurity / 403 0 0 0.9
Image steganography techniques ’ '
A novel approach for stock price
prediction using gradient Boosting ~ Computer science / Artificial intel- 0 0 0 0
machine with feature engineering  ligence / GBM for stock prediction
(GBM-wFE)
The English L Teachers i
I: r;g 15 Charlllglrllage relchers m Education / Language education /
aq Face Lhatenges a ave Social media and intercultural 0.3 0.3 0 0.6

Opportunities Beyond Just Giving
Knowledge

skills
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Table 2: Continue

Knowledge, Attitudes, Practices,
and the Factors that Influence Health sciences / Public health /
Breastfeeding among Mothers at- Breastfeeding practices 0.3 0 0.3 0.6
tending a Primary Health Center
in Sulaimani City

Hady) & pranall daalad) dlh aladi .. . .
< > J{hj ,5 el RS e Communications & Media / Social
h~;|:c..4\A A_|)J= e e L;s Ana M\J.\ -4_)1;: . . .. 0 0 0.3 0.3
ilaludl sk media studies / Facebook addiction

Communications & Media / Social
media studies / TikTok’s impact on 0 0 0 0
youth behavior

Gokd Al el (5 b ) ] A5 N5,
el

3.5. SBERT Models

Baseline SBERT is an extension of the original BERT architecture that repackages the encoder in a
Siamese (or triplet) configuration and fine-tunes it on semantic-similarity objectives—typically natural
language inference (NLI) and paraphrase detection—so that whole sentences (rather than individual
tokens) are mapped directly into a fixed-length vector space where cosine distance reflects meaning.
At inference time, SBERT passes each sentence once through a transformer encoder, applies a pooling
operation (mean or CLS-token), and outputs a dense embedding that can be compared with simple dot-
product operations, enabling efficient semantic search and clustering. Two compact SBERT checkpoints
are especially popular. all-MiniLM-L6-v2 uses a 6-layer MiniLM backbone (33 M parameters, 384-di-
mensional embeddings) trained on a large English paraphrase dataset. It offers near-BERT semantic
quality while remaining light enough for CPU-level deployment and real-time inference. paraphrase-
multilingual-MiniLM-L12-v2 doubles the depth to 12 MiniLM layers (55 M parameters, 768-dimen-
sional embeddings) and is trained on parallel and paraphrase data covering 50+ languages. [42, 43] The
larger capacity and multilingual pre-training yield higher retrieval scores —especially for non-English
text—but at roughly four times the memory footprint and latency of the 6-layer model. Consequently,
all-MiniLM-L6-v2 is often chosen when computational efficiency and web scalability are paramount,
whereas paraphrase-multilingual-MiniLM-L12-v2 is preferable when maximum cross-lingual accuracy
outweighs resource constraints.

The primary objective was to enable the model to learn fine-grained semantic distinctions among
research titles such that conceptually related titles, for example, “feature engineering by machine learn-
ing” in computer science, are closer to “machine learning for forecast data” than to “machine engineer-
ing in Kurdistan: case study.” To do that, every research title in our dataset is tagged with a domain /
sub-domain / specific topic. An 80-20 split (3,404 items) was grouped by the concatenated domain +
sub-domain key. Inside every group, adjacent titles formed positive pairs. In contrast, each title was
additionally paired with a random title from a different group to create a negative pair, yielding ap-
proximately 30,000 training pairs. In every mini-batch (size = 16), these pairs were processed in parallel
through two weight-shared copies of both models' encoders, producing 384-dimensional embeddings
as in the first equation, and optimization employed the cosine-embedding loss.

{ 1—cos(hl,h2), y<1 1
max(0,cos(hl,h2), x =0 @

Where y denotes positive (identical domain/sub-domain) or negative pairs, and 0.5 is the margin.
Five training epochs with Adam (200 warm-up steps) minimized this loss, forcing embeddings of dis-
cipline-matched titles toward a cosine similarity of 1 while pushing mismatched pairs below the margin
[44].

3.6. System Architecture

After the dataset was created and labeled, a web application was developed using Laravel and
Filament, providing an intuitive interface for searching and browsing academic titles. Users input
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keywords to retrieve relevant titles, displaying results with metadata linking to detailed pages. Each
detail page includes metadata such as authors, publication link, year, and citations, along with a “Find
Similar Titles” button. Clicking this button invokes the back-end recommendation engine, which re-
turns related titles. Figure 3 shows the system interface where the user can input the keyword, figure 4
shows the search results, and figure 5 shows the details of each result when the user clicks on the item
title. Figure 6 shows the workflow of the system.

The back-end recommendation system comprises independent Python microservices built with
Flask, each serving a distinct similarity model of SBERTs when users request recommendations. The
Laravel front-end simultaneously queries these services, receiving JSON responses containing recom-
mended titles and similarity scores. Results from each model are displayed separately for easy compar-
ison. This microservice architecture supports modular, scalable development and simplifies mainte-
nance by isolating recommendation algorithms, allowing independent updates and scalability.

|

Search Publications

Discover knowledge, explere ideas

= Search Results 0foung)

B Computer-aided diagnosis system combining FCN and Bi-LSTM model for
efficient breast cancer detection from histopathological images

B Cancer incidence, mortality, years of life lost, years lived with disability, and
disability-adjusted life years for 29 cancer groups from 2010 to 2019: a systematic
analysis ...

B The global burden of adolescent and young adult cancer in 2019: a systematic
analysis for the Global Burden of Disease Study 2019

B EFFECT OF CHANGE IN THE NECK POSITION ON DOSIMETRIC PARAMETERS OF
THE QOESOPHAGUS IN BREAST CANCER PATIENTS UNDERGOING
SUPRACLAVICULAR IRRADIATION

Figure 3: Search engine with the results of the search.
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3.7. Evaluation Protocol

This section outlines the evaluation protocol for a content-based recommendation system, de-
signed specifically for a low-resource, title-only dataset. Due to the absence of abstracts or user logs,
we used expert annotations for manual relevance judgments as ground truth. Using a representative
set of 20 query titles from the dataset, these queries were consistently applied to baseline and fine-tuned
models to ensure fair comparison.

3.8. Evaluation Metrics

Metrics have been used for evaluating recommended titles, as in equation 2. Precision at k
measures the proportion of relevant recommended items in the top-k set. It is a measure of exactness.
For this metric, a suggested title is considered 'relevant' if its graded relevance score meets or exceeds
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a threshold of 0.6, signifying an intense match in at least two hierarchical categories (e.g., Domain and
Subdomain).

_ |{Re1evant Items}n{Top-5 Recommended Items}|

P@5 - )

MRR evaluates the system's ability to return a relevant item at the highest possible rank. It is sus-
ceptible to the position of the first correct answer. The reciprocal rank for a single query is the multipli-
cative inverse of the rank of the first relevant item. The MRR is the average of these reciprocal ranks
over all queries.

Like P@5, an item is considered relevant if its graded score is 20.6. The MRR is calculated as in
equation (3).

[
MRR = — E ! 3)
o] rank,
a=1

Where Q)] is the total number of queries and rankq is the rank of the first relevant recommendation
for query q. If no relevant item appears in the top-5 list, the reciprocal rank for that query is 0.

NDCG@5 is a more sophisticated metric that evaluates the ranking quality by considering both the
position and the graded relevance of each item. It rewards placing highly relevant items at the top of
the list and penalizes them for appearing lower. Unlike P@5 and MRR, NDCG utilizes the full granu-
larity of graded relevance scores.

The metric, as in equation (4), derived from the discounted cumulative gain (DCG), is calculated
as:

Where reli is the graded relevance score of the item at ranki.

DCG@5 = i rel; 4
T 1logz(i+1) )
i=

To enable fair comparison across queries, the DCG is normalized by the Ideal DCG (IDCG), which
is the DCG of a perfectly sorted list of the recommendations.

DCD@5

NDCG@5 = == ®)

The resulting NDCG@5 score is between 0.0 and 1.0, where 1.0 represents a perfect ranking. The
final reported metric is the average NDCG@5 as in equation (5) across all test queries. Each recommen-
dation could earn up to 0.9 points if fully matched. A threshold recommendation scoring >0.6 points
(matching at least two criteria) is considered relevant to simplify scoring.

Computed ranking metrics such as Precision@5, Mean Reciprocal Rank (MRR), and Normalized
Discounted Cumulative Gain (NDCG) provided a straightforward, objective method to evaluate and
compare recommendation quality before and after fine-tuning,

4, Results

This section presents the comprehensive evaluation results of SBERT-based recommendation
models before and after fine-tuning, focusing on three key performance metrics:
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4.1. Average Metrics by Models (Before vs. After)

The model performance evaluation was conducted using a 20-test set consisting of a diverse selec-
tion of academic research queries drawn from the SPU dataset. This test set was designed to represent
various domains and subdomains, ensuring a robust assessment of each model's generalization capa-
bilities. Table 3 and figure 5 comprehensively summarize the results, comparing the baseline and fine-
tuned configurations of two Sentence-BERT models. The findings highlight that fine-tuning had a sig-
nificant positive impact on retrieval quality, as both models exhibited measurable improvements across
all key evaluation metrics —Precision@5, Mean Reciprocal Rank (MRR), and Normalized Discounted
Cumulative Gain at rank 5 (NDCG@5).

For the sbert_all-MiniLM-L6-v2 model, fine-tuning resulted in a noticeable uplift in performance:
Precision@5 increased from 0.790 to 0.820, marking a relative gain of 3.8%. At the same time, MRR
improved from 0.863 to 0.867, indicating that relevant titles were more likely to be ranked higher in the
top-5 results. Similarly, NDCG@5 rose from 0.895 to 0.922, reflecting a better balance between relevance
and rank in the retrieved items. These improvements suggest that even lightweight English-only mod-
els like all-MiniLM-L6-v2 can benefit considerably from domain-specific fine-tuning. More notably, the
sbert_paraphrase-multilingual-MiniLM-L12-v2 model outperformed all others before and after fine-
tuning. Its baseline performance was already strong, but fine-tuning elevated its effectiveness even fur-
ther. Precision@5 advanced from 0.890 to 0.940, indicating that 94% of the top-5 recommended research
titles were considered relevant, while NDCG@5 improved from 0.974 to 0.991, showcasing near-optimal
ranking quality. These metrics underscore the model’s ability to prioritize highly relevant items and
present them early in the recommendation list, which is essential for real-world usability. The multilin-
gual nature of this model may have contributed to its robustness across a dataset that potentially in-
cludes titles in multiple languages.

In conclusion, the fine-tuned sbert_paraphrase-multilingual-MiniLM-L12-v2 model demonstrated
superior performance across all metrics, making it the strongest candidate for deployment in academic
recommendation systems. Its ability to achieve high accuracy, strong ranking fidelity, and effective
multilingual handling positions it as a convenient and reliable choice for enhancing research discovery,
academic matching, and other knowledge retrieval tasks in multilingual educational environments.

Table 3: Performance comparison of SBERT models before and after fine-tuning.

Model Configuration Precision@5 MRR NDCG@5
sbert_all-MiniLM-L6-v2 Before Fine-tuning 0.790 0.863 0.885
sbert_all-MiniLM-L6-v2 After Fine-tuning 0.820 0.867 0.922

sbert_paraphrase-multilingual-MiniLM-L12-v2 Before Fine-tuning 0.890 1 0.974

sbert_paraphrase-multilingual-MiniLM-L12-v2 After Fine-tuning 0.940 1 0.991
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Figure 5: Model performance comparisons for precision@5, MRR, and NDCG@5 metrics.

5. Discussion

The results of this study clearly demonstrate that fine-tuning has a substantial positive impact on
the performance of SBERT models in academic recommendation tasks. This improvement stems from
several key factors, most notably domain adaptation, which enabled the models to better understand
the terminology and language patterns common in academic research, as reflected in the significant 1
MRR gain for the sbert_all-MiniLM-L6-v2 model. Furthermore, the use of a three-level hierarchical tax-
onomy —comprising domain, subdomain, and specific topic—during fine-tuning allowed the models
to learn structured semantic relationships between research topics, rather than relying on labelling with
similar or dissimilar [20]. Integrating structured labelling with task-specific fine-tuning allows the sys-
tem to generalize across domains, rather than remaining confined to one domain as in Juarto et al. [22]
study.

A comparative analysis between the two architectures reveals why the sbert_paraphrase-multilin-
gual-MiniLM-L12-v2 model outperformed its counterpart: its 12-layer transformer structure grants it
superior representational capacity, enabling deeper semantic feature extraction and better generaliza-
tion to complex academic domains. Its multilingual training on paraphrase data further equips it to
understand semantically similar expressions across diverse linguistic styles and writing conventions,
improving robustness across a broad spectrum of research titles. Regarding metric-specific perfor-
mance, both models saw meaningful gains in Precision@5, with the multilingual variant achieving a
remarkable 0.940, indicating that nearly all top-5 suggestions were relevant—a critical factor for real-
world academic applications. MRR analysis also highlighted a notable ranking, best, showing that rel-
evant recommendations consistently appeared at the top of the list. Similarly, high NDCG®@5 scores of
0.922 and 0.991 confirm that both models effectively prioritize relevant content in a ranked setting, with
the multilingual model nearing optimal performance.

Whereas Dina et al. [11] propose a keyword-driven recommender that returns papers based on
user-typed interests, the system evaluated here infers the relevant domain from the queried title via
domain-adapted embeddings and recommends semantically aligned academic titles. Both models
achieved their strongest performance when using only research titles, whereas Juarto et al. [22] ap-
proach did not attain comparable results under the same setting.

These findings carry important implications for academic recommendation systems: first, they re-
inforce the necessity of domain-specific fine-tuning to achieve optimal outcomes; second, they provide
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guidance on model selection, where the sbert_all-MiniLM-L6-v2 may serve well in resource-con-
strained settings, while the more powerful multilingual model is preferred for environments where
accuracy is paramount; and third, they underscore the models’ readiness for practical deployment, as
evidenced by their high precision scores (0.820 and 0.940), which suggest a strong potential to enhance
user satisfaction and streamline the discovery of relevant academic research.

all-MiniLM-L6-v2 is generally preferable for web deployment because it is a lightweight encoder
that yields fast inference, modest memory use, and lower operational cost. By contrast, paraphrase-
multilingual-MiniLM-L12-v2 employs a deeper, 12-layer architecture that typically increases latency,
GPU/CPU utilization, and RAM footprint during inference. In resource-constrained environments (e.g.,
CPU-only servers or small VMs), these requirements can reduce throughput and limit batch sizes,
which is a practical limitation for real-time recommendation. Although techniques such as quantiza-
tion, caching, and distillation can mitigate overhead, the heavier model still poses stricter infrastructure
demands in production.

A second limitation concerns language coverage. paraphrase-multilingual-MiniLM-L12-v2 sup-
ports cross-lingual semantic alignment, making it suitable for multilingual datasets and university set-
tings where recommendations must bridge different languages (e.g., Kurdish, Arabic, and English). In
contrast, all-MiniLM-L6-v2 is optimized for a single language and will generally recommend effectively
only within the language of the input query, limiting its applicability in multilingual deployments.
Consequently, results obtained with all-MiniLM-L6-v2 may not generalize to cross-language retrieval
scenarios, whereas the multilingual model better accommodates such use cases—albeit at higher com-
putational cost.

6. Conclusions

The experimental results conclusively demonstrate that fine-tuning SBERT models significantly
enhances their performance in academic recommendation tasks. The fine-tuned sbert_paraphrase-mul-
tilingual-MiniLM-L12-v2 model achieved exceptional performance across all evaluation metrics (Pre-
cision@5: 0.940, MRR: 0.925, NDCG@5: 0.991), making it the optimal choice for deployment in the SPU
research discovery system. The consistent improvements observed across both model variants validate
the effectiveness of domain-specific fine-tuning using hierarchical academic taxonomy. These results
prove that content-based recommendation systems can significantly enhance research discovery and
facilitate interdisciplinary collaboration in university environments when properly adapted to aca-
demic domains. The high-quality performance metrics achieved by the fine-tuned models support the
practical deployment of this recommendation system for academic research discovery, supervisor
matching, and interdisciplinary collaboration facilitation at SPU and potentially other academic insti-
tutions and universities facing similar research discovery challenges.
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