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ABSTRACT

This project is a research-based project focused on machine learning and deep learning
for the evaluation of machine learning algorithms used in aligning manuscripts with
suitable journals. Traditional "Journal Finder" tools are limited to single publishers'
portfolios and rely on keyword-only matching (TF-IDF, BM25), which overlooks
context and synonyms, resulting in poor recommendations and delayed publication. In
this project, journal scope metadata from the Directory of Open Access Journals
(DOAJ) has been assembled and normalised, covering 21,782 journals across 327
categories. Three retrieval models were implemented and compared — TF-IDF, Okapi
BM25 and Sentence-BERT — with hyperparameters tuned using Bayesian
optimisation (Optuna). Three distinct input strategies were tested — title only, title +
scope, and a hybrid approach using title + scope + category — to determine the optimal
method for content representation. For each pipeline, manuscripts and journal scopes
were encoded into vector representations to retrieve the top candidate journals.
Performance was rigorously evaluated on a held-out test set using HitRate@K,
MAP@K and NDCG@K, under both random and equal distribution setups. The results
demonstrate that TF-IDF with the hybrid input strategy achieves a HitRate@1 of
88.84%, outperforming BM25 (83.47%) and Sentence-BERT (68.53%). This finding
contradicted the initial hypothesis that transformer-based models would yield superior
performance, and was attributed to the standardised vocabulary and short document
lengths in the journal metadata. The best-performing model was deployed in the

FlareSearch web application as a practical journal recommendation tool.

Area of Study: Machine learning, Deep learning

Keywords: Recommender system, information retrieval, TF-IDF, Bayesian

optimisation, journal finder
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CHAPTER 1

CHAPTER 1

Introduction

1.1 Project Background

The process of publishing in a journal begins with selecting a research topic and
thoroughly reviewing the existing literature. After that, the next step will be preparing
the manuscript [1]. Selecting an appropriate journal for an academic manuscript is
important for timely publication and maximizing research time, yet authors often rely
on manual matching scopes and keywords [2]. In response, publishers and third parties
came out with “Journal Finder” tools such as Elsevier Journal Finder and Springer—
which analyze the manuscript (titles, abstracts, or keywords & etc.) to suggest a suitable

journal for publication by text-matching and metadata filters [3].

Recent advances in deep learning, particularly transformer-based language
models have demonstrated superior ability to capture document semantics for tasks like
scientific information retrieval and text similarity [3]. Specifically, services like
Elsevier Journal Finder and Springer use Natural Language Processing (NLP)
techniques to mine the input text and generate all relevant annotations. Other than that,
there’s a lot more methods that can be used for recommendation system like TF-IDF
(Term Frequency-Inverse Document Frequency), CBF (Content-based filtering), CF
(Collaborative filtering) etc [4].

This research will explore the performance difference of aligning manuscripts
that implements with different processing techniques, algorithms and different methods
from other fields. To analyze the best alternative combination for the operation of

aligning manuscripts with journals.
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CHAPTER 1

1.2 Problem Statement

Most journal recommender systems restrict suggestions to a single
publisher’s portfolio and rely on keyword-only matching, forcing authors to find
through poor-fit recommendations and ultimately delaying the progress of their
research. Systems like Elsevier’s Journal Finder [4][5] only index in-house titles,
means that it only recommends journals indexed in their own database, this resulted in
limited coverage for some cases where authors from other domains like medical related
manuscripts, could not find suitable journals on system that is limited to scientific
journals that excluded medical domain, or vice versa. Hence, algorithms like Okapi
BM25 [5] ignore word order, context and deeper semantic relationships, which lead to
higher mismatches. Consequently, authors must manually search through low-

relevance suggestions, delaying dissemination of research.

1.3 Motivation

This research is motivated by the desire to address these issues to contribute to
a more efficient and coverage of aligning manuscripts to journals. By exploring
alternative solutions and seeking hybrid approaches that may have good performance
when applied in alignment with journals, this research aims to provide insight for

researchers to use as a reference for future work.

1.4  Research Objectives

The objectives of this research are as follows:

1. Aims to gather and normalize journal scope metadata from open-access
directories to reach over ~10,000 journals to overcome the coverage
limitations.

2. To examine both keyword-based models (TF-IDF, BM25) and BERT—
Bidirectional Encoder Representation with Transformers models in retrieving
manuscripts against journal scopes.

3. To compare different processing pipelines, including raw title encoding versus
title-abstract encoding, and experiment with title-abstract-category as input, to
see how they affect retrieval performance, an HitRate@1 (top-1 accuracy)

increase of 2% is considered as success by including category as input.
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CHAPTER 1

4. To measure and compare the effectiveness of each method using ranking metrics
mainly using ranking metrics including HitRate@K, MAP@K and
NDCG@K, determining which approach yields the highest relevance scores.

1.5 Project Scope

This project explores a range of document-retrieval methods for matching full
manuscripts to journal scopes. This project includes traditional keyword retrieval
like TF-IDF and BM25 to compare with the transformer encoder in current
development, which is Sentence Transformer (Sentence-BERT) that extracts patterns
or representations from the data or word embeddings by passing it through an encoder
[6]. Similar texts will have nearby vector representation to allow retrieval by computing
vector similarity instead of keyword matching. Hence, three types of inputting mode
will be taken, which are title only encoding, title-abstract encoding and title-abstract-
category encoding. The choice for including category as one of the inputs is because it
can significantly improve the precision and accuracy of the system by eliminating
unnecessary categories.

All the methods and inputs in this project are eventually to be benchmarked
against each other. The performance of keyword-based and embedding-based retrieval
is evaluated using standard ranking metrics. In the research, studies will be conducted
to obtain suitable metrics for evaluating this type of journal recommendation system.
To ensure optimal model configurations, a Bayesian optimisation framework
(Optuna) was adopted to systematically search for the best hyperparameters for each
model, replacing the originally proposed manual grid search. In the end come up with

the best performing system.

1.6 Contributions

As mentioned in the problem statement, most journal finder tools tend to index
only limited titles or limited number of journal articles, which results in low precision
and many off-target recommendations.

In this research, aligning manuscripts with the current standard method, hybrid
of two or more methods, the methods parameter and their performance will be evaluated

and explored. Furthermore, learning methods that were previously not widely used in
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CHAPTER 1

aligning manuscripts will be explored and tested in this research. A Bayesian
optimisation framework was implemented for systematic hyperparameter tuning,
enabling efficient search over continuous parameter spaces rather than the limited
discrete grid originally proposed. Hence, other researchers can make use of this
research for refining their future work in journal recommendations system.

1.7 Chapter Summary

As a foundation for the research, Chapter 1 begins with an overview of the
journal publication process and the role of existing "Journal Finder" tools. It
highlights a critical gap in current systems, which is their reliance on limited, single-
publisher databases and simplistic keyword-matching algorithms like BM25. This
often results in poor-fit recommendations, forcing researchers to manually sift
through irrelevant suggestions and delaying the dissemination of their work.

In response to these challenges, the project's motivation and objectives were
established. The core aim is to conduct a comparative analysis of different
manuscript-to-journal matching techniques. This research evaluated traditional
keyword-based models (TF-IDF, BM25) alongside a modern deep learning
approach (BERT) to determine their relative effectiveness. Furthermore, the project
scope includes an investigation into how varying the input data. Which are from title-
only to combinations including the abstract and category, impacts retrieval
performance. The evaluation utilised HitRate@K, MAP@K and NDCG@K as the
primary ranking metrics, with Bayesian optimisation (Optuna) adopted for
hyperparameter tuning. The ultimate contribution of this work will be to provide a
thorough performance benchmark of these methods, offering valuable insights for the

development of more accurate and comprehensive journal recommender systems.
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CHAPTER 2

Literature Reviews

2.1 Filtering and Retrieval in Recommender System
2.1.1 Filtering Method in Recommender Systems

For literature recommenders, models are usually classified into three main
approaches -- which are Content-based Filtering (CBF), Collaborative Filtering
(CF) and Hybrid [2][4][7]. Each of these approaches uses different information and

algorithms to generate personalized suggestions.

[7] proposed that in CBF, it models a user’s interests by analysing the features
of items the user liked in the past. For example, in a document recommendation
scenario, each item (document) is represented by a keyword-weight vector (often TF-
IDF weighted), and the user’s profile is the aggregate of features from items they rated
positively. New items are scored by comparing their feature vector to the user profile
(e.g. via cosine similarity of TF-IDF vectors), and the highest-scoring items are
recommended. This method can recommend items even if no other users have rated
them, if their content matches the user’s profile. Therefore, it capable to handle new
items that have rich content since it does not rely on other users’ rating. It also provides
interpretable recommendations based on explicit features like keywords, tags, etc.

CBF are limited by the features that it tends to overspecialize [7], meaning it
only suggests items very similar to what the user has already seen. For instance, a user
who has never liked Malay cuisine will never be recommended a Malay restaurant.
Furthermore, content-based systems also suffer from the cold-start problem for new
users, as they need enough initial ratings to build an accurate profile [7][8]. Therefore,
content-based systems require good feature extraction, means that items must be
described clearly by meaningful content like text, metadata, etc. If items have
inadequate features, or features that are hard to extract, the system may have difficulties

in discriminating them well [7].

In CF, the system makes recommendations based on the pattern of the
interaction between user and item. A collaborative system predicts a user’s preference
for an item by making use of the measure of similarity between users [8]. Formally, the
utility u(c, s) of item s for user c is estimated based on the utilities u(c;, s) assigned to

5
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item s by those users ¢; € C who are “similar” to user ¢ [7]. For example, in movie
recommendation, the system first identifies the “peers” of user ¢ — other users with
similar rating histories (often found via user—user or item—item similarity measures) —
and then recommends movies highly rated by those peers. In practice, similarity can be
computed by measures like Pearson correlation or cosine similarity on the user—item
rating matrix [8]. Since CF relies on other users’ judgments, it can recommend items
irrespective of their content. A pure collaborative system “can deal with any kind of

content” and suggest items that are different from those the user has seen before [7].

Just like CBF, CF also suffers from the cold-start issues [7][8]. A new user who
has rated few items provides little data for matching, resulting in unreliable
recommendations [7]. Similarly, a new item with few ratings cannot be recommended
until it gathers enough feedback [7]. Furthermore, even with many users, in CF the
rating matrix is usually sparse, so many items/users lack sufficient overlaps. When user
tastes are unique or ratings are sparse, it may be impossible to find meaningful
neighbours [7]. In addition, basic neighbourhood CF may not capture complex patterns

in the data, and large-scale CF can be computationally expensive.

For hybrid approaches, it combines CBF and CF to make use of their advantages
of both and mitigate their weaknesses. For example, run a content-based and a
collaborative model in parallel and then fuse their outputs. The separate predictions can
be combined by a weighted sum or voting scheme [7]. Alternatively, the system may
dynamically switch between recommenders: for each query (or each user) it chooses
the method that is expected to give better confidence [7]. Common hybrid mechanisms

include [7]:

e Weighted Combination: merge CBF and CF scores.
e Switching: choose CBF or CF based on context.

o Unified Model: Integrate all features into one model.

By design, hybrid approach can overcome the limitations of CBF and CF
method. They can recommend new items (via content features) while also bringing in
collaborative signals for accuracy. For example, content-based overspecialization can
be relieved by CF’s ability to introduce novel items, and CF’s cold-start can be
mitigated by content features in the model. Hybrids often achieve better accuracy and
coverage in practice.
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The main downside is complexity. Combining models or data sources requires
careful tuning (e.g. balancing weights), and unified models can be computationally
intensive. Hybrid systems may also be harder to interpret. However, they provide a

flexible framework that captures a broader range of information than pure approaches
[7].

2.1.2 Retrieval Techniques in Recommender Systems

There are various types of techniques found used in recommendation systems,
like Elsevier Journal Finder [5] that utilized Okapi BM25 as their ranking algorithm,
TF-IDF mentioned by [7] earlier, etc.

2.1.2.1 TF-IDF

TF-IDF (Term Frequency-Inverse Document Frequency) is a statistical measure
commonly used in NLP and information retrieval [9]. [4] stated that in CBF, most of
the publications used TF-IDF to evaluate the similarities between text objects. TF-IDF
negates the effect of high-frequency words while determining the importance of an item

[4]. TF-IDF combines two components: TF and IDF.

Term Frequency (TF) measures how often a word appears in a document. A
higher frequency suggests greater importance [9]. If a term appears frequently in a
document, it is likely relevant to the document’s content [2]. The function can be

represented as:

TF(t,d) =

(2.1)
Where:
t: Number of times term t appears in documents d
d: Total number of terms in documents d

Inverse Document Frequency (IDF) reduces the weight of common words
across multiple documents while increasing the weight of rare words. If a term appears
in fewer documents, it is more likely to be meaningful and specific [2][9]. The function

can be represented as:
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D
IDF(t,D) = log "

(2.2)
Where:
D: Total number of documents in corpus D
t: Number of documents containing term t

TF-IDF is simple, interpretable, and effective at capturing keyword relevance
with very little training data. But it relies on exact word matching and produces very
high-dimensional sparse profiles, so it cannot capture synonyms or latent semantics. As

a result, pure TF—IDF models often suffer from limited coverage.
2.1.2.2 Okapi BM25

Okapi BM25 is a probabilistic IR ranking function used by search engines to
evaluate how well a document matches a specific search query [10]. It belongs to the
family of probabilistic information retrieval models, which aim to calculate the
likelihood that a document is relevant to a user's query based on the statistical properties

of the text [10].

BM25 ranks documents based on how well they match a query [5][10],
considering factors mentioned previously such as TF, document length, and IDF. In TF,
BM25 introduces a saturation effect, which beyond a certain point, additional
occurrences of a term contribute less to the score [10]. This prevents long documents
from having anomaly weight. While in IDF, is computed similarly to TF—IDF. The
formula of BM25 score for a document d with respect to a query ¢ is computed as [10]:

Score(q,d) = Z IDF(t).TF(t,d)

teq
(2.3)
This sums up the contributions of all query terms ¢ in the document d.

BM25 remains efficient and is well-founded statistically, it was widely used in
search engines and content recommendation like Elsevier Journal Finder. But like TF-

IDF, BM25 still uses only keyword counts and ignores word order or semantics. It

8
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cannot by itself incorporate user preference data or learn from ratings, so its use in

recommenders is limited to content-scoring.

2.2 Previous Work in Recommendation System

In recent years, deep learning has made significant progress in many fields,
which includes research in recommendation systems. A significant advancement in the
field of journal recommendation has been the shift from traditional, context-free word
embeddings to more sophisticated language models capable of capturing deep,
context-sensitive semantics. Older models, relying on techniques like word2vec,
would assign a single, static vector to each word regardless of its usage. This approach

struggles with polysemy meaning of words in different contexts.

2.2.1 ELMo

The introduction of Embeddings from Language Models (ELMo) in 2018
February [11] marked a key step forward, as it provides a dynamic word representation
that changes based on the word's surrounding context. The primary feature of ELMo,
as mentioned in [12], is the ability to handle semantics by capturing the context of each
word. ELMo provides a dynamic, word-level vector representation, which allows it to
generate different vectors for the same word when it appears in different contexts. This
capability is derived from its underlying architecture, which is a two-layer

bidirectional language model (biLM) pre-trained on vast amounts of texts [12].

Based on [12], which focused on a recommendation system for journals in
physics, chemistry, and biology, ELMo as the primary feature engineering mechanism
to analyze the abstracts of scientific papers. In this paper [12], a pre-trained ELMo
model was incorporated as an embedding layer directly following the input layer in
both the Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN)
architectures. Its main role was to convert the text from the paper abstracts into numeric
values, specifically high-dimensional vectors, so they could be processed by the deep
learning models [12]. The ELMo model takes text as input and generates a tensor. For
each word in the text, it produces a vector containing 1024 values [12]. The highest
accuracy was achieved with the RNN model using data from the physics (PH) discipline,

reaching 83% when considering the top-20 recommended journals.
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2.2.2 BERT

Bidirectional Encoder Representations from Transformers (BERT) is
consistently presented as a state-of-the-art, pre-trained language model that
fundamentally enhances how machines understand academic text for journal
recommendation [13][14][15]. Its primary specialty, and a significant leap over
previous methods, is its ability to process text bidirectionally [13][15]. Unlike earlier
models that read text in one direction (left-to-right or right-to-left), BERT's
Transformer architecture uses a multi-head self-attention mechanism to consider the
entire sequence of words at once [13][15]. This allows it to grasp the full context of
a word by examining the words that appear both before and after it, which is crucial for
accurately resolving issues of polysemy—where a single word can have multiple
meanings depending on its usage [13][15]. This deep, contextual understanding results
in more precise and semantically rich vector representations of scholarly texts, forming

a robust foundation for the recommendation task [14][15].
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Figure 2.2.2.1: Structure of BERT, a Transformer Encoder stack [11]
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In the context of journal recommendation, BERT is deployed as a powerful
feature extractor that converts unstructured text into meaningful numerical vectors
[13][14][15]. The models detailed in the papers use various combinations of a
manuscript's explicit features as input, most commonly the title and abstract
[13][14][15], but also keywords [15] and, in an innovative approach, the journal name
itself [13]. This text is fed into the BERT model, which then generates contextualized
embeddings for each word. A key component of this process is the special [CLS] token,
which is prepended to every input sequence [14]. The final hidden state corresponding
to this token is used as an aggregated, fixed-dimensional representation for the entire
text, capturing its global semantic meaning and serving as a direct input for downstream
classification layers [13][14]. The models often integrate BERT as an initial embedding
layer within more complex architectures, such as two-tower neural networks or in
conjunction with other models like TextRNN, to further process these embeddings and

extract higher-order semantic features [13][15].
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Figure 2.2.2.2: BERT language representation model structure [14]

The effectiveness of using BERT is demonstrated through significant
performance gains over a wide range of baseline methods, including traditional
techniques and other deep learning models like LSTM, Bi-LSTM, and CLAVER
[13][14][15]. Experimental results across different datasets show that BERT-based
frameworks consistently achieve superior results in key evaluation metrics. For
instance, models incorporating BERT show substantial improvements in Mean Average
Precision (MAP), Mean Reciprocal Rank (MRR), and Top-N Recall [13][15]. [13]
noted that its proposed model, which uses BERT, improved MAP by up to 19.42% and
MRR by up to 59.79% over benchmarks. [15] found that a BERT-based model

outperformed the next-best baseline in MAP by 4.14% and in MRR by 7.98%. This
11
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consistent outperformance is attributed to the high-quality, context-sensitive vector
representations that BERT produces, which enable the recommendation models to

make more accurate and relevant journal predictions [14][15].

23 Comparison of Related Works

To conclude findings and information for the research, a range of journal finder
and journal recommendation systems have been studied, each of them differs in
algorithm approach, input options applicable to our project, and their evaluation
metrics. Their options of input, metrics and the way of algorithm application are to be

compared and referred to ensure the correct direction of this research. Table 2.3.1

summarizes key features of these systems.

Table 2.3.1: Comparison of various recommendation systems

Reference System Algorithm Input Evaluation
ID Metric
[4] Springer Journal | TF-IDF + SVM Text (Titles, Accuracy,

Suggester classification Abstracts, Precision
Keyword)
[5] Elsevier Journal | TF-IDF + BM25 | Text (Titles, Top-N recall
Finder Abstracts,
Keyword)
[12] ELMo & Deep CNNs, RNNs, Text Accuracy
Learning ELMo (Abstracts)

[13] PTMFFJRec Hybrid (Transfer | Text (Titles, MAP, MRR,
Learning, BERT, | Abstracts) Recall
and GCN)

[14] JNSMFFJRec Hybrid (BERT, Text (Titles, MAP, MRR,
two-tower neural | Abstracts) Recall
network)

[15] CBGJRS Hybrid (BERT + | Text Accuracy,
Bipartite Graph) (Abstracts) MRR, F1-

score
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[16] Cross-loop Graph Contrastive | Multi- Accuracy,
Contrast Learning granularity MRR
Text (Words,
Sentences,
Topics)

2.4  Research Gaps and Key Findings
2.4.1 Publisher Scope

Most of the current journal finder tools like Elsevier and Springer, index only
their in-house titles, excluding some domain from their recommendations. According
to [5], Elsevier’s Journal Finder covers around 2900 journals, but it is limited to

Elsevier titles only.
2.4.2 Semantic Matching

Keyword-based algorithms like TF-IDF and BM25 are both ignoring deeper
context, which may lead to mismatches when manuscripts use phrases that have
similar meaning but different word from the possible match. According to [10][11],
both BM25 and TF-IDF algorithms rely heavily on term frequencies and inversed

document frequencies, which does not capture semantics beyond exact overlaps.
2.4.3 Evaluation Metrics

Throughout the studies stated in Section 2.3 and Table 2.3.1, several metrics are
identified as the common metrics used for evaluating a recommendation system, which
are: Accuracy, Recall and MAP. Therefore, a recommendation system should be

focused on comparing and aiming for good number in these metrics.
2.4.4 Input Options

Recommendation system like [4] [5] [13] [14] usually takes Title and Abstracts
as their primary input for recommending a journal and sometimes may take keyword
as an additional input if appropriate for their algorithm. In [16], the topics of the paper

are also considered as their input.
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2.5 Limitation of Current Studies

As stated in the problem statement, most journal recommendations system
[4][5] largely rely on shallow scope, term-based matching techniques that
inadequately capture document semantics. Traditional approaches like TF—IDF and
BM25 treat documents as bags of words, matching keywords without understanding
context or synonyms. Such heuristics often fail to recognize semantically similar
content that uses different terminology, limiting relevance when aligning manuscripts
to journals. In addition, many published tools are confined to single publishers’
portfolios — for example, the Elsevier Journal Finder only suggests Elsevier titles —

which restricts the recommendation scope and may overlook more suitable outlets.

While recent advancements in journal recommendation systems, particularly
those leveraging deep learning, have shown impressive results, the current body of
work is not without its limitations. A primary limitation is the heavy reliance on
semantic similarity derived from textual content, such as abstracts and titles. Although
models like BERT and ELMo excel at capturing deep contextual meaning, their focus
on content matching overlooks other critical factors that influence a researcher's
submission decision. Real-world choices are often guided by a journal's impact factor,
review speed, acceptance rate, publication costs, and specific scope, none of which are
typically contained within the manuscript's text. This is particularly problematic for
interdisciplinary research, where papers span multiple fields, making simple semantic
matching insufficient and leading to excessive intraclass variation that models struggle

to handle.
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2.6 Summary

This chapter provided a comprehensive review of the literature on
recommendation systems, establishing the theoretical and practical context for this
research. The review began by exploring fundamental filtering methodologies,
detailing the respective strengths and weaknesses of Content-Based Filtering (CBF),
which risks overspecialization; Collaborative Filtering (CF), which struggles with the
cold-start problem for new users and items; and hybrid approaches designed to mitigate
these issues. It then examined traditional retrieval techniques like TF-IDF and Okapi
BM25, acknowledging their effectiveness in keyword-based matching while
highlighting their inherent limitation: by treating documents as a "bag of words," they
fail to capture the actual meaning of syntax, word order, and synonyms, thus preventing

a deep understanding of semantic context.

The discussion then transitioned to the evolution of recommendation systems,
highlighting the significant advancements brought by deep learning, which marked a
paradigm shift from static word embeddings to dynamic, context-aware models. The
introduction of ELMo and the state-of-the-art Bidirectional Encoder
Representations from Transformers (BERT), were presented as a major leap
forward. The review emphasized how BERT’s ability to process an entire text sequence
at once, which considers both preceding and succeeding words that allows for a
profoundly more accurate understanding of academic language, effectively resolving
ambiguity and grasping complex semantic relationships. This capability has led to

substantial and consistent performance gains in journal recommendation tasks.

Through a comparative analysis of related works, key research gaps were
identified, including the previously mentioned issue of single-publisher scope and the
shortcomings of relying purely on semantic matching. The chapter concluded by
acknowledging that even these advanced models have limitations, as they often
overlook the practical, non-textual factors that heavily influence researchers'
submission decisions, such as a journal's impact factor, review speed, acceptance rate,
and publication costs. This oversight reinforces the need for the different angles of

research proposed in this project.
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CHAPTER 3
System Model

3.1 Overview

This research implements and evaluates methods to align manuscripts with
suitable journals by comparing traditional keyword retrieval (TF—IDF, BM25) with
modern dense transformer embeddings (Sentence-BERT). The work is experimental:
produce a benchmark (data + code), a retrieval pipeline (several processing variants),
and a prototype (web UI) that authors can use to get journal suggestions. The design
emphasises reproducibility (saved artifacts, deterministic splits) and a clear verification

plan using standard information retrieval metrics.

In FYP1, the system was proposed with a verification plan based on Recall@K
and Accuracy@K. However, upon further review of the B!SON journal
recommendation framework by Entrup et al. [19] and the broader information
retrieval literature, the evaluation metrics were revised to HitRate@K, MAP@K (Mean
Average Precision at K) and NDCG@K (Normalised Discounted Cumulative Gain at
K). These metrics are more widely adopted in recommendation system research and
provide a more comprehensive assessment of ranking quality beyond simple

accuracy. The justification for this change is detailed in Section 3.3.

Similarly, the hyperparameter tuning strategy was revised from a manual fixed
grid search to Bayesian optimisation using the Optuna framework. The original
proposal specified a small number of discrete values per parameter (e.g., ngram_range
€ {(1,1), (1,2)}). This approach was limited in coverage and could not explore
continuous ranges efficiently. The adoption of Optuna enabled automated, data-driven
search over broader parameter spaces. The details of this change are described in

Section 3.4.
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3.2 System Design

Below is a top-down description of the system with functional blocks and

responsibilities.
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Figure 3.2.1: Overall flowchart for Journal Finder, FlareSearch

The system is split into two parts, data preprocessing layer and presentation layer. From

here, it starts with these main steps:
3.2.1 Data Acquisition

In this project, dataset options are considered based on the available columns
that are useful for the feature extraction. Therefore, dataset should have at least a

Journal Title column, and subject column, any additional column that are useful such
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as keywords is a plus. The dataset used in this project is journalcsv_doaj.csv [17],

containing 21,782 journal entries across multiple publishers and domains.
3.2.2 Normalization & Preprocessing

This process includes identifying the Title, Subjects, Keywords columns, and
then cleaning text by utilising the NLTK toolkit. The dataset is split into training and
test set in the ratio of 80:20 with a fixed random seed (random_state=42) throughout
all models in this experiment. The output of this process includes: doaj train.csv

(17,426 journals), doaj_test.csv (4,356 journals) and doaj normalized.csv.

3.2.3 Feature Extraction & Encoding

For TF-IDF, TF-IDF vectors are computed for journal scopes using scikit-
learn's TfidfVectorizer [18]. For BM25, documents are tokenised and indexed using
the rank _bm?25 library. For Sentence-BERT, Title and Scope are encoded into dense
vector embeddings using pretrained sentence-transformer models and stored as NumPy
arrays.

3.2.4 Query Processor

This process accepts the input from the user, which includes title, abstract and
optionally a category selection, and preprocess the user input to compute cosine
similarity or BM25 against indexes and/or embeddings. The values will then pass for

ranking.
3.2.5 Ranking

This process combines scores from indexes, title similarity or scope similarity
with optimised weights obtained through the hyperparameter tuning process described

in Section 3.4. After that, it records ranked lists of top K journals per manuscript.
3.2.6 Evaluation

Evaluation is based on the training and test set split from the dataset, to give
insights for the system performance. It produces per-query metrics including

HitRate@K, MAP@K and NDCG@K. Top K values in this experiment are set to {1,
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3,5, 10}, and this applies to all models in this system. The details of these metrics are

described in Section 3.3.
3.2.7 Presentation Layer

The option for presentation layer in this project is mainly considered with the
ease of development and user-friendly approach. Therefore, streamlit from the Python
library is utilized in this project to develop a simple web application of FlareSearch, a

journal finder that recommends journal based on the paper’s information.

The web app will accept input such as Title, Abstract, and an optional
category selection which is displayed in the web app in the form of drop-down list for
user to enter their paper information. After entering, it will display top journal

suggestions with the journal’s title, scope and link if available.

3.3 Evaluation Metrics

In FYPI, the proposed evaluation metrics were Accuracy@K and Recall@K,
as these were the most commonly identified metrics in the literature. However, upon
further investigation into the B!ISON journal recommendation system by Entrup et al.
[19] and the information retrieval literature, three revised metrics were adopted for
FYP2. These metrics provide a more comprehensive evaluation of ranking quality and

are more widely used in recommendation system benchmarks.
3.3.1 HitRate@K

HitRate@K measures the proportion of queries for which at least one document
sharing the same category as the query appeared within the top-K ranked results. This
is functionally equivalent to the Accuracy@K metric used in FYP1 and the top@N
accuracy used in BISON [19]. The formula is:

1
HitRate@K = (N) x Thit(q, K)

(3.1)
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Where N is the total number of queries, and hit(q, K) =1 if any document in the
top-K results shares the same primary category as query ¢, and 0 otherwise. HitRate(@ 1

is equivalent to the top-1 accuracy reported in FYP1.
3.3.2 MAP@K (Mean Average Precision at K)

MAP@K addresses a limitation of HitRate@XK: it does not distinguish between
a relevant result at rank 1 versus rank 10. MAP@K computes the average precision

for each query, which rewards systems that place relevant documents at higher ranks:

{K}

X z Precision@k * rel(k)
{k=1}

AP@K(q) = (m

(3.2)

Where R is the total number of relevant documents for query g, Precision(k) is
the proportion of relevant documents among the top-k results, and rel(k) = 1 if the
document at rank k is relevant. MAP@K is the mean of AP@K across all queries. This
metric was adopted because it captures ranking quality rather than just presence in

the top-K.
3.3.3 NDCG@K (Normalised Discounted Cumulative Gain at K)

NDCG@K accounts for the position of relevant documents in the ranked list by
applying a logarithmic discount. Documents ranked higher contribute more to the

score than those ranked lower:

{K}

DCG@K = Z rel(k) /loga(k + 1)
=ty

(3.3)

The DCG is normalised by dividing by the ideal DCG (IDCG), which is the
DCG achieved if all relevant documents were ranked at the top positions. NDCG@K =
DCG@K / IDCG@K, yielding a value between 0 and 1.

3.3.4 Justification for Metric Change

The change from Accuracy/Recall to HitRate@K/MAP@K/NDCG@K was

motivated by three factors. First, alignment with the reference B!SON framework [19],
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which used top@N accuracy (equivalent to HitRate@K) as its primary metric. Second,
the need to evaluate ranking quality (MAP@K, NDCG@K) rather than just hit/miss
accuracy, as a recommender system that consistently places the correct journal at
rank 1 is more useful than one that places it at rank 10. Third, HitRate@! is
mathematically equivalent to Accuracy@]1, ensuring backward compatibility with

the FYP1 results.
3.4 Hyperparameter Tuning Methodology
3.4.1 Limitation of the Original Grid Search

In FYP1, the hyperparameter tuning strategy was a manual fixed grid search,
where a small number of predetermined values were tested for each parameter (Table
3.3.4.1 in FYP1). For example, TF-IDF was limited to ngram_range € {(1,1), (1,2)}
and max features € {5000, 10000, 20000}, totalling only 6 combinations. This
approach had two key limitations: it could not explore continuous parameter spaces
(e.g., BM25's k1 and b), and it was restricted to the researcher's intuition about

which values to test.
3.4.2 Bayesian Optimisation with Optuna

To address these limitations, Bayesian optimisation was adopted using the
Optuna framework [20]. Optuna is an open-source hyperparameter optimisation
framework that uses a Tree-structured Parzen Estimator (TPE) as its default sampling

algorithm.

Unlike grid search, which evaluates every combination exhaustively, or random
search, which samples combinations uniformly, Bayesian optimisation learns from
past evaluations to focus the search on the most promising regions of the parameter
space. The TPE sampler works by modelling two probability distributions: one for
parameter values that produced good objective values, and one for values that produced
poor results. At each iteration, it selects the next set of parameters by maximising the

expected improvement ratio between these two distributions.

This approach offers several advantages over the original grid search. It can

efficiently search continuous parameter spaces (e.g., BM25's k1 € [0.5, 3.0] rather than
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{1.2, 1.5, 1.8}). It requires fewer total evaluations to find good configurations because
each trial is informed by previous results. It also supports mixed parameter types,
including categorical (model variant), integer (ngram_max), and floating-point (weight

values) parameters in a single search.
3.4.3 Cross-Validation Strategy

For each model, the objective function to be maximised was the mean
HitRate@! evaluated using stratified K-fold cross-validation on the training set.
Stratified K-fold was chosen to ensure that each fold preserved the category distribution

of the full training set, preventing evaluation bias from imbalanced category sizes.

For TF-IDF and SBERT, 5-fold cross-validation was used. For BM25, 3-fold
cross-validation was used instead due to the significantly longer computation time of
the pure Python implementation in the rank _bm25 library, which lacked the vectorised
matrix operations available to TF-IDF (scikit-learn) and SBERT (PyTorch with
CUDA).

3.4.4 Search Spaces
The search spaces and configurations were as follows:

Table 3.4.4.1: Hyperparameter search configuration per model

Model | Hyperparameters Search Range Trials CV Folds
TF-IDF | ngram max {1,2,3} 50 5-fold

max_features [3000, 30000]

sublinear tf {True, False}

min_df {1,2,3,4,5}
BM25 |kl [0.5, 3.0] continuous 30 3-fold

b [0.0, 1.0] continuous
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SBERT | w_title [0.1, 0.8] continuous 100 5-fold
W_scope [0.1, 0.8] continuous
w_cat 1.0 —w_title —w_scope
model variant {all-MiniLM-L6-v2,
all-mpnet-base-v2}

Stratified K-fold cross-validation was used to ensure each fold preserved the
category distribution of the full training set. For BM25, 3-fold cross-validation was
used instead of 5-fold due to the significantly longer computation time of the pure

Python implementation.
3.5 Experimental Design
Two evaluation setups were designed to assess the robustness of each model:

1. Random distribution — The standard train/test split (17,426 training journals,
4,356 test journals) produced by the preprocessing pipeline with

random_state=42.

2. Equal distribution — Following the methodology of BISON [ref], a balanced
subset was created by sampling an equal number of journals per category (20
for training, 5 for testing) from categories with sufficient members. This setup
controlled for popularity bias, as the original dataset was heavily skewed
towards categories such as Medicine (604 journals) while some categories

contained as few as 1 journal.
Additionally, three input strategies were evaluated for each model:
o Title only — only the journal title was used as the query text.
o Title + Scope — the journal title, subjects and keywords were concatenated.

o Title + Scope + Category — the primary category label was appended to the

above.
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For TF-IDF and BM25, the category was appended as a text string to the query.
For SBERT, the category was incorporated through a weighted category centroid

similarity score.
3.6 System Requirement
3.6.1 Software
The software involved in this research is Visual Studio Code as the IDE, with
Python 3.13.7 used as the environment. Key libraries include scikit-learn (TF-IDF),

rank bm25 (BM25), sentence-transformers (SBERT), Optuna (hyperparameter
tuning), and Streamlit (web UI).

3.6.2 Hardware

The hardware involved in this research is a desktop device. The specification of
hardware is illustrated in Table 3.4.2.1, including the desktop model (Motherboard),

Processor, Operating System, Graphic cards, Memory capacity and Storage.

Table 3.6.2.1 Specifications of desktop

Description Specifications

Motherboard Gigabyte B760M Power

Processor Intel(R) Core (TM) 15-14400F

Operating System Windows 11 Pro

Graphic NVIDIA GeForce RTX 4060 8GB GDDR6
Memory 32GB DDR5 5600MHz RAM

Storage 1.5TB NVMe SSD
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3.7 Novelty aspects

This project is built on these aspects of novelty that may provide new insights
into the future development of the recommendation system specifically in journal
finder, which has a multi-publisher scope. From this approach, this research assembles
and normalizes journal scope across publishers to create a wider domain of

recommendations.

Hence, the hybrid evaluation of input strategies that is taken in this research.
In which, obtaining another option of input strategies which is category, to narrow and
assist the title-abstract input, which may help in increasing the overall precision of the

system.
3.8 Project Timeline

The project is divided across FYP 1 & 2. In FYP 1 will do partial data
acquisition, preprocessing, implement Sentence-BERT pipeline, generate
embeddings, implement evaluation framework and produce initial results as well as
a Streamlit prototype. In FYP2, will finalize data acquisition, preprocessing, refine
Sentence-BERT model, introduce TF-IDF/BM25 and another embedding models,

conduct more extensive experiments, and prepare the final report and demonstration.
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Task Name

« Initial Development of FlareSearch
~ Data Acquistion
Filtering Dataset
Choosing 15t Dataset

Analyzing Dataset

Preprocessing
Designing framework
Develop Code

Testing processed dataset

4

Implement Embeddings
Developing Code
Choosing Suitable Model

Testing Model

4

Generate Embeddings
Developing Code

Encode Dataset

“

Evaluate Metrics
Define Metrics
Developing Code

Compute Metrics

“

Produce Result
Develop Ul

Test Ul

2025-07 2025-08 2025-09
22 29 08 13 20 27 03 10 17 24 31

Figure 3.8.1: Gantt chart for the research and development of FlareSearch in FYPI

To ensure the flow of the experiment throughout the semester, 11 weeks of the semester has been broken into 6 sprints. Every sprint other

than the last sprint length 2 weeks to ensure that time is sufficient throughout the initial development of FlareSearch, which is a mini web

application deliverable produced from this research. The last week of the semester are not included in the development as it is reserved for report

writing.
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2026-01
Task Name
26

~ Final Development of FlareSearch

~ Final Data Acquistion
Obtaining Datasets
Analyzing Datasets

= Further Preprocessing
Adjusting Framework
Develop Code
Testing processed datasets

~ Refine model
Addressing Improvement
Fine-tuning
Testing Model

~ Add TF-IDF/BM25 & another model
Developing Code
Choose Model and Develop
Compute Metrics

~ Do comparison between model
Compare metrics
Identify best model

Prepare demonstration

2026-02 2026-03 2026-04

01 08 15 22 01 08 15 22 29 05

Figure 3.8.2: Gantt chart for the research and development of FlareSearch in FYP2

In FYP2, 10 weeks from the semester has been broken into 5 sprints and it lasts 2 weeks per sprint to ensure the smoothness of the research.

Hence, around 3 weeks before the submission deadline has been reserved to provide time for error resolving, perfecting system and report writing

to ensure everything is well-documented and is good to go.
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System Design

This chapter describes in detail how the project was developed. The information

provided should be sufficient for someone reading this chapter to rebuild the system.
4.1 System Block Diagram

Figure 4.1.1 shows the top-level system block diagram for FlareSearch. The
system consists of two main layers: the data processing layer (offline, runs once) and
the presentation layer (online, runs per query). All models share the same preprocessing

and evaluation pipeline to ensure a fair comparison.
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As shown in Figure 4.1.1, the system follows a pipeline architecture. Raw data
enters the preprocessing module, which produces the normalised dataset and train/test
splits. The three tuning scripts then operate independently on the training set to find the
best hyperparameters for each model. The evaluation runner loads these parameters and

produces the final benchmark results. Finally, the web application uses the best-
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Figure 4.1.1: System Block Diagram

performing model (TF-IDF) to serve real-time journal recommendations.
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4.2 Project Directory Structure

Table 4.2.1 lists all project files and their responsibilities. This structure ensures

that each script has a single responsibility and can be executed independently.

Table 4.2.1: Project file structure

File

Purpose

Input

Output

preprocess.py

Data cleaning,
normalisation,

train/test split

journalcsv__ doaj.csv

doaj train.csv,
doaj_test.csv,

doaj normalized.csv

utils.py

Shared utility

functions

tune_tfidf.py

Optuna tuning

for TF-IDF

doaj_train.csv

results/

tfidf best params.json

tune_bm25.py

Optuna tuning

for BM25

doaj_train.csv

results/

bm25 best params.json

tune_sbert.py

Optuna tuning

doaj_train.csv

results/

r_category.py

breakdown

doaj_test.csv

for SBERT sbert best params.json
run_ Final doaj train.csv, results/final metrics.json,
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4.3 Data Preprocessing Pipeline

The preprocessing pipeline (preprocess.py) transforms the raw DOAJ CSV into

anormalised, clean dataset ready for model training and evaluation. Figure 4.3.1 shows

the preprocessing flowchart.
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4.3.1 Column Detection

The script uses a candidate-based matching algorithm to detect columns from
the raw CSV. For each target field (title, subjects, keywords, etc.), a list of candidate
names is defined. The algorithm first attempts exact case-insensitive matching, then
falls back to substring matching. For example, the title column candidates are ['journal
title', 'title', 'paper title', 'name']. If the CSV contains a column named "Journal title", it

would match on the first candidate.

This approach makes the preprocessing script robust to different CSV formats
from different data sources, as column names may vary between publishers and

datasets.

4.3.2 NLTK Text Cleaning
The nltk clean() function in utils.py performs the following operations in sequence:

1. Lowercase — Convert all characters to lowercase to ensure case-insensitive

matching.

2. URL removal — Remove any HTTP/HTTPS URLs using regex
pattern http\S+.

3. Whitespace normalisation — Collapse multiple spaces into a single space.

4. Tokenisation — Split text into individual word tokens using NLTK's

word_tokenize.

5. Alphabetic filter — Remove any token that contains non-alphabetic characters

(e.g., numbers, punctuation).

6. Stopword removal — Remove English stopwords using NLTK's stopwords
corpus (e.g., "the", "is", "in").
7. Lemmatisation — Reduce words to their base form using

nn

WordNetLemmatizer (e.g., "studies" — "study", "running" — "running").
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4.3.3 Category Assignment

The primary_cat field is extracted from the subjects column using separator-
based splitting. The algorithm checks for common separators (;, ,, |, /, -) and returns the
first non-empty segment. If no separator is found and the string has 4 or fewer words,

it is kept as-is; otherwise, the first 4 words are used.

For example, the DOAIJ subjects field "Social Sciences: Economic theory.
Demography | Economics" would produce a primary cat of "Social Sciences:

Economic theory. Demography".
4.3.4 Train/Test Split

The dataset is split using scikit-learn's train_test split with stratified sampling
on the primary_cat column and a fixed random_state=42. Stratified sampling ensures
that each category appears in both the training and test sets in the same proportion as
the original dataset. The 80:20 ratio was chosen to provide sufficient training data for
TF-IDF and BM25 vocabulary building, while reserving enough test journals for

statistically meaningful evaluation.
4.4 TF-IDF Model Design
4.4.1 Text Representation

The TF-IDF model represents each journal as a sparse vector in a high-dimensional
vocabulary space. The scikit-learn TfidfVectorizer [18] is configured with the Optuna-

tuned parameters:

e ngram_range= (1, 3) — Include unigrams, bigrams and trigrams. Character
trigrams capture partial word matches (e.g., "bio" matching "biology" and

"bioinformatics").

o max_features= 3,000 — Restrict the vocabulary to the 3,000 most informative

terms. This reduces noise from rare or overly specific terms.

o sublinear_tf=True — Apply logarithmic scaling to term frequency (1 + log(tf)
instead of raw tf), which prevents long documents from being dominated by

repeated terms.
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e min_df=5 — Ignore terms that appear in fewer than 5 documents, filtering out
extremely rare terms.
4.4.2 Query Building

For each input strategy, the query text is constructed differently:

Table 4.4.2.1: Query of each input strategy

Strategy Query Text

Title title_clean

Title+Scope title clean + subjects clean + keywords_clean
Title+Scope+Cat | title clean + subjects clean + keywords_clean + primary cat

The query text is transformed into a TF-IDF vector using the fitted vectoriser
(vectoriser.transform()), which maps the query into the same vocabulary space as the

training documents.
4.4.3 Similarity Computation and Ranking

Cosine similarity is computed between the query vector and all training
document vectors using scikit-learn's cosine similarity function. This produces a
similarity score between 0 and 1 for each training journal. The top-K journals with the

highest scores are returned as recommendations.

The cosine similarity formula is:

cos(q,d) = (q - d)/(“(ﬂl X ||d||)
(4.1)

Where q is the query vector and d is the document vector. scikit-learn's
implementation uses optimised sparse matrix operations, making this computation very

fast (approximately 4 seconds for 4,356 queries against 17,426 documents).
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4.5 BM25 Model Design
4.5.1 Text Representation

Unlike TF-IDF which uses vector space representations, BM25 operates
directly on tokenised text. The training documents are split into word tokens by
whitespace, and the BM250kapi class builds an inverted index over the corpus. The

two key parameters are:

e Kkl =2.2247 — Controls term frequency saturation. Higher values give more
weight to repeated terms. The tuned value of 2.2247 is higher than the typical
default of 1.5, indicating that term repetition carries meaningful signal in journal

metadata.

e b=0.9990 — Controls document length normalisation. A value near 1.0 means
full normalisation, penalising longer documents. This was beneficial because

journal scope texts varied significantly in length across categories.
4.5.2 Similarity Computation and Ranking

At query time, the test query 1is tokenised by whitespace, and
BM250kapi.get scores() computes the BM25 score against every training document.
The top-K documents are returned. Unlike TF-IDF which benefits from sparse matrix
operations, BM25 scoring is implemented in pure Python, resulting in significantly

longer computation times.
4.6 Sentence-BERT Model Design
4.6.1 Embedding Computation

The SBERT model encodes text into dense fixed-length vectors using pretrained

transformer models. Two model variants were evaluated:

e all-MiniLM-L6-v2 — 22M parameters, 384-dimensional output, optimised for
speed.

o all-mpnet-base-v2 — 110M parameters, 768-dimensional output, higher

capacity.
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Embeddings are computed in batches of 64 with L2 normalisation
(normalize embeddings=True), so that cosine similarity reduces to dot product. Four
embedding sets are computed for the training data: title embeddings and scope

embeddings, each stored as NumPy arrays.
4.6.2 Category Centroid Computation

To incorporate category information, a centroid vector is computed for each
unique category. The centroid is the element-wise mean of all training journal scope

embeddings belonging to that category:

1

m) X Z scope_emb(d)

{dec}

centroid, = (

(4.2)

Where C is the set of all training journals in category c. This produces one
centroid vector per category, representing the "average" scope of journals in that

category.
4.6.3 Weighted Scoring
The similarity score for a test query q and a training document d is:

Score = Wejpe X sim(titleq, titled) + Wscope X Sim(scopeq,scoped)

+ w_cat X sim(scopey, centroidcq:,)

(4.3)

The Optuna-tuned weights (w_title=0.1509, w_scope=0.1246, w_cat=0.7244)
allocate 72.4% of the weight to the category centroid component. This means the model
primarily classifies by category similarity, with title and scope acting as secondary

signals.
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4.7 Hyperparameter Tuning Design

Figure 4.7.1 shows the tuning pipeline flowchart that applies to all three models.

( )

@ Optuna Study
(TPE Sampler)

> <> Sample next parameters
Qg from search space

R
O Stratified K-Fold CV

on training set

Fold 1: Train — Eval
Fold 2: Train — Eval

Fold K: Train — Eval

v

I Compute mean HitRate@1
= across all folds

v

; Report value to Optuna
(TPE updates model)

More trials?
Yes — loop back

No — save best
params to JSON

Yes

II Save best parameters
@ to JSON file
(e.g., tfidf_best_params.json)

Figure 4.7.1: Hyperparameter Tuning Flowchart

Each tuning script follows this same pipeline. The only differences are the
search space (Table 3.4.4.1), the number of trials, and the number of CV folds. The
objective function builds the model with the sampled parameters, evaluates on
validation folds, and returns the mean HitRate@]1 to Optuna. The TPE sampler then
uses this result to update its probabilistic model and sample better parameters in

subsequent trials.
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4.8 Evaluation Runner Design

The evaluation runner (run_evaluation.py) orchestrates the final benchmark.

Figure 4.8.1 shows its flowchart.

4 N

B Load best params from JSON files
(tfidf_best_params.json, etc.)

For each model:
TF-IDF, BM25, SBERT
& ' A

? For each input strategy:
o Title, T+S, T+S+C

v

- Build model index
N from training data

v

For each test query:
Q Score all training docs -

get top-K ranked categories

v

Compute metrics:
4 l I HitRate@K, MAP@K,
NDCG@K for
K € {1, 3,5, 10}

A\ 4

Save to:
E final_metrics.json

comparison_table.csv

< J

Figure 4.8.1: Evaluation Runner Flowchart

The runner executes 9 configurations in total (3 models x 3 input strategies).
For each configuration, it builds the model with the best-tuned parameters, evaluates
on the entire test set (4,356 queries), and records both the metrics and the wall-clock

execution time. All results are saved to a single JSON file for consistency.
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4.9 Presentation Layer Design

Based on the experimental results demonstrating that TF-IDF achieved the
highest HitRate@1 (88.84%) and the fastest execution time (4.08 seconds), the
FlareSearch web application was updated to utilise TF-IDF as its retrieval backend,

replacing the Sentence-BERT model used in FYPI.

The web application (app.py) was built using Streamlit and accepts three inputs
from the user: a manuscript title, an abstract, and an optional coarse category selection.
The category dropdown presents the first-level subject classification from the DOAJ
dataset (e.g., "Agriculture", "Medicine", "Technology").

When a user submits a query, the application performs the following steps:

1. NLTK cleaning — The user's title and abstract are cleaned using the same
nltk clean() function used in the training pipeline, ensuring vocabulary

consistency.

2. Category resolution — If a coarse category is selected, the application maps it
back to the full primary_cat string from the dataset and appends it to the

cleaned query.

3. TF-IDF transformation — The cleaned query is transformed into a sparse

vector using the pre-fitted TF-IDF vectoriser.

4. Cosine similarity — Similarity scores are computed against all journal vectors

(or filtered candidates if a category is selected).

5. Ranking and display — Journals above a minimum similarity threshold are
displayed in descending order of their score, showing the journal title, publisher,

scope and URL.

The Optuna-optimised hyperparameters (ngram_max=3, max_features=3,000,
sublinear tf=True, min_df=5) are loaded automatically from the tuning results JSON

file at startup.
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4.10 System Components Interaction

Table 4.10.1 summarises how the key modules interact with each other through

their inputs and outputs.

Table 4.10.1: System component interactions

Step | Script

Depends On

Produces

Used By

1 preprocess.py

journalcsv__ do

aj.csv

doaj train.csv

, doaj_test.csv

All tuning, evaluation

runner

2 tune_tfidf.py

doaj train.csv,

tfidf best par

run_evaluation.py,

d.csv,
tfidf best para
ms.json,

utils.py

utils.py ams.json app.py
3 tune bm25.py | doaj train.csv, | bm25 best p | run_evaluation.py
utils.py arams.json
4 tune_sbert.py | doaj train.csv, | sbert best pa | run_evaluation.py
utils.py rams.json
5 run_evaluation | doaj train.csv, | final metrics. | Report writing
.py doaj test.csv, | json
* best_params
.json, utils.py
6 eval equal doaj_normalize | equal distrib | Report writing
_distribution.p | d.csv, ution_metrics
y * best params | .json
.json
7 eval per doaj_train.csv, | per category | Report writing
_category.py doaj test.csv, | analysis.csv
* best params
.json
8 app.py doaj normalize | Web Ul End user

Steps 1 through 7 are executed offline in sequence. Step 8 is the online serving

layer that loads the artifacts produced by the offline pipeline.
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4.11 How to Rebuild the System

To rebuild the system from scratch, execute the following commands in order:
Step 1: Install dependencies

pip install -r requirements.txt

Step 2: Preprocess the raw DOAJ CSV

python preprocess.py --infile journalcsv__doaj.csv --out_prefix doaj
Step 3: Tune hyperparameters (can run in parallel)

python tune_tfidf.py

python tune bm25.py

python tune_sbert.py

Step 4: Run final evaluation

python run_evaluation.py

Step 5: Run additional experiments

python eval equal_distribution.py

python eval per category.py

Step 6: Launch the web application

streamlit run app.py
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CHAPTER 5

Experiment

5.1 Software Setup

The experiment was conducted using Python 3.13.7 with the following key
packages: scikit-learn, rank-bm25, sentence-transformers, optuna, torch (with
CUDA 12.x support), pandas, numpy, and matplotlib. A virtual environment (.venv)

was created in the project directory to isolate dependencies.
5.2 Hardware Setup

All experiments were executed on a desktop machine with an Intel Core i5-
14400F processor, 32GB DDR5 RAM, and an NVIDIA GeForce RTX 4060 8GB GPU.
The GPU was used for SBERT embedding computation via CUDA, while TF-IDF and
BM25 ran on CPU only.

5.3 Hyperparameter Tuning Process

The tuning process was executed sequentially for each model. Each tuning
script prints progress information including trial numbers, sampled parameters, cross-

validation scores, and the best result found so far.
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5.3.1 Data Preprocessing

Before tuning, the raw DOAJ CSV was preprocessed using preprocess.py.
Figure 5.3.1 shows the terminal output of the preprocessing step, including the detected

columns, the number of rows processed, and the train/test split sizes

(. ) PS C:\Users\PC\Desktop\FYPtest> python preprocess.py --infile journalcsv__doaj.csv --out_pre
[nltk data] Downloading package wordnet to
[nltk_data] C:\Users\PC\AppData\Roaming\nltk_data...
[nltk data] P ge wordnet is already up-to-date!
Loading: journalcsv__doaj.csv
Detected columns:
title col -» Journal title
subjects_col-» Subjects
keywords_col-» Keywords

publisher_col-» Publisher
-» Journal URL

-» Journal ISSM (print version)
Does the journal comply to DOAJ's definition of open access?
When did the journal start to publish all content using an open license?
Languages in which the journal accepts manuscripts
 col -» Country of publisher

id col -> When did the journal start to publish all content using an open license?
Cleaning text fields (this may take some time)...
Dropped @ empty-text rows; 2 nain.
Saved: doaj_train.csv doaj_test.csv doaj_normalized.csv
Done

license col -»

') PS C:\Users\PC\Desktop\FYPtest> I

Figure 5.3.1.1: Terminal screenshot — python preprocess.py

As shown in Figure 5.3.1, the script automatically detected the title, subjects,
keywords, publisher and URL columns from the raw CSV. After cleaning and category

assignment, the dataset was split into 17,426 training journals and 4,356 test journals.
5.3.2 TF-IDF Tuning

TF-IDF tuning was executed with 50 trials and 5-fold stratified cross-validation.
Figure 5.3.2 shows the terminal output during the tuning process. Each line represents
one completed trial, showing the trial number, the sampled parameters, and the resulting

CV HitRate@]1.

\FYPtest> python tune tfidf.py
alid samples. categories

Starting Optuna TF-IDF tuning (5@ trials, 5-fold CV)...
C Desktop\FYPtest\.\ \site-packages\sklearn\model_selection\_split.py:811: UserWarning: The least populated class in y has only 1 members, which is less t
splits:
warnings.warn(

Trial @ | HitRate@l - ©.6816 | ngram max=2, max features-20000, sublinear tf=True, min df=1

‘max_features’: 3000, ‘sublinear tf': True, ‘min_df': 5}

d ults to results\tfidf best params.json
Saved Optuna plots

Figure 5.3.2: Terminal screenshot — python tune_tfidf.py
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As shown in Figure 5.3.2, the optimiser explored a wide range of parameter
combinations. The best configuration (ngram max=3, max features=3000,
sublinear tf=True, min_df=5) achieved a CV HitRate@1 of 79.16%. The entire process

completed in approximately 9 minutes.
5.3.3 BM25 Tuning

BM2S5 tuning was executed with 30 trials and 3-fold stratified cross-validation.
The number of folds was reduced from 5 to 3 due to the significantly longer
computation time of the pure Python BM25 implementation. Figure 5.3.3 shows the

terminal output during BM25 tuning.

Starting Optuna BM25 tuning (3@ trials, 3-
NOTE: BM2S5 is CPU-bound and slow. This may

996 | elapsed: 195.8 min
\sklearn\model selection\_split.py : UserWarning: The least populated class in y has enly 1 members, which is less t

ings.warn(
| HitR: 1, b=0.645 | elapsed: 200.6 min
ckages\sklearn\model selection\_spli: 11: UserWlarning: The least populated class in y has only 1 members, which is less t

elapsed: 266.3 min
\sklearn\model selection\ split.py:811: UserWlarning: The least populated class in y has only 1 members, which is less t

warnings.warn(
| HitRate@l = 8.6825 | ki=2.207, 9 | elapsed: 212.1 min

ed results to results) best_params.
Saved Optuna plots

Figure 5.3.3: Terminal screenshot — python tune_bm?25.py

As shown in Figure 5.3.3, the optimiser converged on k1=2.2247 and b=0.9990,
achieving a CV HitRate@]1 of 61.05%. The entire process completed in approximately

4 hours, making BM25 the most time-consuming model to tune.
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5.3.4 SBERT Tuning

SBERT tuning was executed with 100 trials and 5-fold stratified cross-

validation. GPU acceleration via CUDA was used for embedding computation. Figure

5.3.4 shows the terminal output during SBERT tuning.

PS sers\PC\Desktop\FYPtest> python tune_shert.py
training data
valid samples. categories

Preparing embeddings for all-MinilM
Loading cached embeddings for all.

Preparing embeddings for all-mpnet-base-v2
Loading cached embeddings for all-mpnet-base-

Starting Optuna SBERT tuning (108 trials, 5-fold CV)

@ | HitRate@l 0000 | model=all-mpnet-base
esktop\FYPtest\.venviLib\site-packages\sklearn\model selection’

5 | model=all-Mini w=(8.15, @.10

Lib\site-packages) model_selection\_split.py:

han n_split:
warnings.
model=all-M =(8.28, .18, ©.70)

Lib\site-packages model selection\ split.py:8:

9 | model-all-Minilh (.15, ©.12, 8.72)

Lib\site-packages) model_selection\_split.py:

11-MinilM-L6-v2, w_title-8.15€9,
(17.5 min)

UseriWarning:

Userlarning:

: Userlarning:

Userilarning:

The least populated

The least populated

The least populated

The least populated

class in y has only 1 members,

class in y has only 1 members,

class in y has only 1 members,

class in y has only 1 members,

Figure 5.3.4: Terminal screenshot — python tune _sbert.py

which is less

which is less

which is less t|

which is less

As shown in Figure 5.3.4, the optimiser selected all-MiniLM-L6-v2 with
w_title=0.1509, w_scope=0.1246, and w_cat=0.7244, achieving a CV HitRate@]! of

68.89%. The high weight on the category centroid (72.4%) indicated that category-level

matching was the most discriminative signal for the SBERT model. The process

completed in approximately 17 minutes.
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5.4 Final Evaluation Execution

After tuning, the evaluation runner was executed to evaluate all three models
across all three input strategies on the held-out test set. Figure 5.4.1 shows the terminal
output of the evaluation runner, displaying the loaded parameters and the computed

metrics for each model-strategy combination.

\Users\PC\Desktop\FYPtest> python run_evaluation.py

ng data. ..
Train: 17426, Test: 4356

Loading best hyperparamet
Loaded tfidf best param: " x_fe P : 3000, ‘sublinear tf': True, °
Loaded bm25 best params "t ]
Loaded sbert best params: { ¢ title': @.1! cope’: @.124625, ‘'w cat’: 8.724447}

‘sublinear tf": , ‘min_df*: 5
(1.8s)

ublinear_tf': , ‘min_df*: 5
1 (3.65)

Running: TF-IDF | Titl
Params: {'ngram max': 3, * , ‘sublinear tf': True, ‘min df': 5
HitRate@l-a. ) 3.7s)

Runni
Params
HitRat:

Running: SBERT | Title
Params: {'model name’:

:00, 11.62it/s]
ding train scopes...
e __________________________________________________| : . 4.27it/5]
g test titles (4356 docs)...
[00:@5<@8:08, 11.54it/s]
g test es .
| N | G55 [00:15<00:00,  4.401t/5]

=8 NDCG 9.4261 (116.7s)

Figure 5.4.1: Terminal screenshot — python run_evaluation.py

As shown in Figure 5.4.1, the runner evaluated 9 configurations in total (3
models x 3 input strategies) and recorded HitRate@K, MAP@K, and NDCG@K at K
€ {1, 3, 5, 10}. The full evaluation completed in approximately 10 minutes, with BM25
Title+Scope+Cat being the slowest individual configuration at 175 seconds. All results

were saved to results/final metrics.json and results/comparison_table.csv.
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5.5 Equal Distribution Experiment

The equal distribution experiment was conducted to test whether the model
rankings changed when category imbalance was removed. This experiment followed
the BISON methodology [19], where an equal number of journals per category was

sampled to eliminate popularity bias.

The script sampled 20 training journals and 5 test journals per qualifying
category (categories with at least 20 training and 5 test journals). This produced 122
qualifying categories out of 327 total, with 2,440 balanced training journals and 610
balanced test journals. Figure 5.5.1 shows the terminal output of the equal distribution

experiment.

esktop\FYPtest> python eval_equal distribution.py

Loading data.

Creating

Figure 5.5.1: Terminal screenshot — python eval _equal_distribution.py

As shown in Figure 5.5.1, all three models showed slight improvements under
the equal distribution setup compared to the random distribution. The results were saved

to results/equal_distribution_metrics.json.
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5.6 Per-Category Analysis

A per-category breakdown was conducted on the full test set to identify which
subject areas were easiest and hardest for each model. Categories with fewer than 5 test
samples were excluded, leaving 135 categories for analysis. Figure 5.6.1 shows the
terminal output of the per-category analysis, displaying the top 10 easiest and bottom

10 hardest categories.

135 categories

TOP 10 EASIEST CATEGORIES

y
Aquaculture. Fi
Animal :
Plant c
rts in

Information

Communities. Classes.

Chemistry

Categories where S

per_
ed results\catey

Figure 5.6.1: Terminal screenshot — python eval_per category.py

As shown in Figure 5.6.1, the easiest categories (e.g., "Agriculture: Forestry")
achieved 100% HitRate@1 across all models, while the hardest categories (e.g.,
"Technology", "Science") ranged from 20% to 50%. The script also reported the best
model distribution: TF-IDF was the best model in 106 out of 135 categories (78.5%).

5.7 Implementation Issues and Challenges

The rank bm?25 library is implemented in pure Python without vectorised
operations, making it significantly slower than TF-IDF (scikit-learn) and SBERT
(PyTorch). To manage tuning time, the number of CV folds was reduced from 5 to 3
for BM25.
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During initial development, the NDCG@XK implementation normalised against
an ideal DCG of 1.0 (assuming only one relevant document), which produced values
exceeding 1.0 when multiple relevant documents existed. This was corrected by
computing the ideal DCG dynamically based on the actual number of relevant

documents in the candidate pool.

The initial evaluation runner did not append the category string to the query
text for TF-IDF and BM25, meaning the Title+Scope+Cat strategy produced identical
results to Title+Scope for these models. This was identified and corrected by updating
the build query text function to include the primary_cat string when the category

strategy was selected.

5.8 System Operation

The FlareSearch web application was launched using the command streamlit
run app.py in the project directory. Upon startup, the application loaded the
normalised journal dataset and built the TF-IDF index using the Optuna-optimised
parameters. The index building process completed in approximately 1 second,
compared to approximately 10 seconds required for loading the Sentence-BERT model

in the FYP1 version.

Figure 5.8.1 shows the user interface of FlareSearch. The interface provides
three input fields: Title, Abstract, and an optional Subject dropdown for category
filtering.

FlareSearch Journal Finder

Manuscript input

Optional: choose coarse subject(s) to narrow search

Figure 5.8.1: User Interface of FlareSearch
49

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR



CHAPTER 5

In the Subject section, a drop-down list appears to show the coarse categories
available in the dataset, for users to choose and include as their input for a more precise
search. When a user enters their manuscript details and presses "Find matching
journals", the application computes the TF-IDF cosine similarity and displays the top

matched journals ordered by their similarity score.

Manuscript input
Tite

An End-to-End Deep Learning Framework for Histopathology Image Segmentation
Abstract

This paper presents a convolutional encoder-decoder network for segmenting nuclel in histopathology images. We introduce a multi-scale attention module and a hybrid loss combining Dice and focal losses to handle class imbalance. Our method
outperforms state-of-the-art baselines on two public datasets in both accuracy and boundary quality.

Optional: choose coarse subject(s) to narrow search

Matched journals

1. Frontiers in Imaging — score: 0.242

Figure 5.8.2: Matched results after entering manuscript details

In Figure 5.8.2, after entering manuscript information, the matched journals are
shown in descending order of their similarity scores. Information on the journals shown
includes the title, scope, publisher and the URL to the journal. The similarity scores
displayed are raw cosine similarity values ranging from 0 to 1, where higher values

indicate stronger textual overlap between the query and the journal scope.

A score threshold was set so that a journal is shown only when it meets the
minimum similarity requirement. Therefore, irrelevant results are filtered out when
the search is out of scope. Instead of showing poor matches, the system displays "No
suitable journal found" when no journal exceeds the threshold. The score will only be

displayed in experimental process; it will not be displayed to the user.
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5.9 Web Deployment

To make FlareSearch accessible without local installation, the application was
deployed as a public website using Streamlit Community Cloud. Streamlit Community
Cloud is a free hosting service that automatically builds and deploys Streamlit

applications directly from a GitHub repository.
5.9.1 Deployment Architecture

The deployment follows a simple architecture: the source code and data files
are stored in a GitHub repository, and Streamlit Community Cloud pulls from the
repository to build and serve the application. When a user visits the deployed URL,
Streamlit Cloud runs app.py on its servers and streams the Ul to the user's browser. No

installation or setup is required from the end user.
5.9.2 Required Files

Table 5.9.1 lists the files that were uploaded to the GitHub repository for
deployment. Only files required by the web application are included; training scripts,

evaluation scripts, and experiment results are excluded as they are not needed at

runtime.
Table 5.9.2.1: Files required for Streamlit Cloud deployment
File Purpose Size
app.py Main Streamlit application ~10
KB
utils.py Shared utilities (nltk_clean function) ~4
KB
doaj_normalized.csv | Full normalised journal dataset (21,782 journals) | ~20
MB
results/ Optuna-tuned TF-IDF hyperparameters ~10
tfidf best params.json KB
requirements.txt Python package dependencies (pandas, numpy, <1
scikit-learn, nltk, streamlit) KB
packages.txt System-level dependencies for Streamlit Cloud <1
(libgomp1) KB
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.streamlit/config.toml | Streamlit theme and server configuration <1

KB

The requirements.txt for deployment contains only the packages used by app.py
(pandas, numpy, scikit-learn, nltk, streamlit), excluding packages used only for training
and evaluation (sentence-transformers, optuna, rank-bm25, matplotlib). This reduces

the deployment size and build time.
5.9.3 Deployment Steps
The deployment was performed using the following steps:

1. A GitHub repository was created and the files listed in Table 5.9.1 were pushed
to the repository.

2. On the Streamlit Community Cloud dashboard (share.streamlit.io), the GitHub
repository was linked by selecting the repository name and specifying app.py as

the main file.

3. Streamlit Cloud automatically installed the dependencies from requirements.txt

and packages.txt, then launched the application.

4. The application was assigned a public URL (https://flaresearch.streamlit.app)

accessible from any browser.

dasukiii's apps

Figure 5.9.3.1: Screenshot of the deployed FlareSearch on Streamlit Cloud
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CHAPTER 6
System Evaluation and Discussion
6.1 Performance Metrics

Three evaluation metrics used were HitRate@K, MAP@K and NDCG@K as
defined in Section 3.3. All metrics were evaluated at K € {1, 3, 5, 10} across three input
strategies (Title, Title+Scope, Titlet+Scope+Cat) and three models (TF-IDF, BM25,
SBERT).

6.2 Hyperparameter Tuning Results

The Optuna Bayesian optimisation framework [20] was executed for all three

models. The best performing configurations are reported in Table 6.2.1.

Table 6.2.1: Best hyperparameters found by Optuna

Model Parameter Optimal Value CV HitRate@1
TF-IDF ngram max 3 79.16%
max_features 3,000
sublinear tf True
min_df 5
BM25 k1 2.2247 61.05%
b 0.9990
SBERT model all-MiniLM-L6-v2 68.89%
w_title 0.1509
W_scope 0.1246
w_cat 0.7244

For TF-IDF, character trigrams (ngram_max=3) consistently outperformed
unigrams and bigrams across all trials. A smaller vocabulary (max_features=3,000)

performed better than larger vocabularies, suggesting that restricting the feature space
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reduced noise from rare or irrelevant terms. This was an unexpected finding, as the

FYP1 proposal tested max_features values of 5,000 to 20,000.

For BM25, the optimal parameters (k1=2.2247, b=0.9990) indicated a
preference for high term frequency saturation and near-maximum document length
normalisation. The high b value suggested that normalising document length was
beneficial in this journal metadata retrieval task, where document lengths varied

significantly across categories.

For SBERT, the optimiser allocated 72.4% of the weight to the category
centroid component, with only 15.1% for title similarity and 12.5% for scope similarity.
This indicated that the category centroid was the most discriminative signal
available to SBERT. The all-MiniLM-L6-v2 model (22M parameters) was selected
over all-mpnet-base-v2 (110M parameters), indicating that the larger model did not

provide meaningful improvements for this task.

Figure 6.2.1a: TF-IDF optimization history

Figure 6.2.1b: BM25 optimization history

Optimization History Plot

®  Objective Value
—— Best Value

jective Value
°

Obj

[} 20 40 &0 80 100
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Figure 6.2.1c: SBERT optimization history

As shown in Figure 6.2.1, all three models exhibited clear convergence
behaviour. For TF-IDF, the best value improved rapidly in the first 15 trials and
plateaued at 79.16% by trial 34, confirming that 50 trials were sufficient. For BM25,
the best value was found early (trial 0, at 60.0%) and improved gradually to 61.05% by
trial 18, with the remaining trials producing no further improvement. For SBERT, the
best value rose sharply within the first 5 trials and stabilised around 68.89% by trial
20, with the remaining 80 trials confirming that the search space had been thoroughly
explored. The convergence of all three models validated that the Bayesian optimisation

approach produced reliable, near-optimal hyperparameter configurations.

6.3 Testing Setup and Results

Model Comparison: HitRate@K by Input Strategy
HitRate@1 HitRate@3 HitRate®5 HitRate@10

= we. oot e e
" AL S e AL e s

Figure 6.3.1: Model comparison result bar chart
6.3.1 Model Comparison — Random Distribution

The three models were evaluated on the held-out test set (4,356 queries) using
their respective optimal hyperparameters. Table 6.3.1 presents the full results for the

Title+Scope+Cat input strategy, which was the best-performing strategy for all models.

Table 6.3.1: Model comparison on random distribution (Title+Scope+Cat)

Model | HRate@]1 | HRate@3 | HRate@5 | HRate@10 | MAP@10 | NDCG@10 | Time(s)
TF-IDF | 88.84% | 93.92% | 9527% | 96.49% 89.23% 92.21% 3.71
BM25 | 83.47% | 92.75% | 94.83% | 96.76% 84.96% 89.69% 175.04
SBERT | 68.53% | 77.46% | 80.42% | 84.71% 71.83% 76.29% 124.48

55

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR




CHAPTER 6

TF-IDF achieved the highest performance across most metrics, with a

HitRate@]1 of 88.84%, followed by BM25 at 83.47% and SBERT at 68.53%. This

ranking contradicted the initial expectation stated in FYP1 report, where the expected

performance ordering was BERT > Okapi BM25 > TF-IDF.

6.3.2 Effect of Input Strategy

Table 6.3.2 presents the HitRate@]1 results across all input strategies.

Table 6.3.2: Effect of input strategy on HitRate(@]

Model | Title Title+Scope | Title+Scope+Cat | Improvement (Title —
Only T+5+C)

TF-IDF | 17.84% | 79.20% 88.84% +71.00%

BM25 |22.84% | 61.82% 83.47% +60.63%

SBERT | 27.13% | 45.94% 68.53% +41.40%

The inclusion of scope information (subjects and keywords) dramatically

improved performance for all models. Adding the category label further boosted

HitRate@]1 by approximately 10-22 percentage points. The actual improvement from
Title+Scope to Title+Scope+Cat ranged from 9.64% (TF-IDF) to 22.59% (SBERT), far

exceeding the 2% target from the research objective.

6.3.3 Equal Distribution Results

Equal Distribution Experiment (122 categories, 20 train / 5 test per cat)

HitRate@1: Random vs Equal Distribution

HitRate@10: Random vs Equal Distribution
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Figure 6.3.3.1: Equal distribution bar chart
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Following the B!SON evaluation methodology [19], a balanced evaluation was

conducted with 20 training journals and 5 test journals per qualifying category (122

categories, 2,440 train, 610 test). Table 6.3.3 compares the results.

Table 6.3.3: Random vs Equal distribution comparison (Title+Scope+Cat)

Model HitRate@1 (Random) HitRate@1 (Equal) Difference
TF-IDF 88.84% 89.84% +1.00%
BM25 83.47% 84.43% +0.96%
SBERT | 68.53% 72.95% +4.42%

All three models showed slight improvements under the equal distribution
setup. SBERT exhibited the largest improvement (+4.42%), suggesting that it was
disproportionately affected by the imbalanced category distribution in the random
setup. When popularity bias was removed, the performance gap between SBERT and

the lexical models narrowed slightly, though TF-IDF still maintained a clear lead.

6.3.4 Per-Category Analysis

Per-Category HitRate@1 Analysis (Title+Scope+Cat)

Top 15 Easiest Categories Bottom 15 Hardest Categories

ggd
258

Agriculture: Forestry - Auxiliary sciences of history

Agriculture: Aquaculture. Fisherias

Agriculture: Animal culture: Veteri

Philosaphy. Psychology: Religion: E

Geography. Anthropology. Recreation

Agriculture: Plan culture Sacial Sciences: Commerce

Fine Arts: Arts in Technolagy
Bibliography. Library science. Info Technolagy: Chemical technolagy
suniliary seiences of histary: Science

Sacial Sciences: Communities, Class Science: Physiolagy

Social Sciences: The family. Agriculture
Sacial Sciences: Social pathology. Science: Chemistry
General Works: History of Sacial Sciences
Fine Arts: Visual arts Technolagy: Chemical technology: Ch
Fine Asts: Drawing. Design Fine Asts

Fine Arts: Architecture: Aesthetics Medicine

Geagraphy. Anthropology. Recreation Philasaphy. Psychelagy. Religion

0.0 0.2 04 0.6 08 1.0 0.0 02 04 06 08 10
HitRate@1 HitRate@®1

Figure 6.3.4.1: Per-Category analysis top & bottom preview

Figure 6.3.4.1 showed per-category breakdown of HitRate@1 was conducted
across 135 categories with at least 5 test samples. Table 6.3.4 summarises the

distribution of the best-performing model across categories.

Table 6.3.4: Best model distribution across categories
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Best Model No. of Categories Percentage
TF-IDF 106 78.5%
BM25 25 18.5%
SBERT 4 3.0%

To provide a visual comparison of the best and worst-performing categories,
Figure 6.3.4.1 presents a horizontal grouped bar chart of HitRate@]1 for the top 15
easiest and the bottom 15 hardest categories. Each category is represented by three bars
corresponding to TF-IDF, BM25 and SBERT, allowing for a direct comparison across
models. The left panel shows categories where all three models achieved near-perfect
accuracy, while the right panel highlights categories that posed challenges for all

approaches.

Effect of Category Training Size on HitRate@1
TF-IDF: Category Size vs Accuracy BM25: Category Size vs Accuracy SBERT: Category Size vs Accuracy

10 eomm— e 10] e— e 104
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Figure 6.3.4.2: Category size vs accuracy scatter plot

As shown in Figure 6.3.4.2, no strong positive correlation was observed
between category size and accuracy for any of the three models. Categories with as few
as 10-20 training journals could achieve 100% HitRate@]1 if their labels were specific,
while large categories with over 100 training journals (e.g., "Medicine") did not
necessarily achieve the highest accuracy. This indicated that how specific or broad the
category label is, rather than the number of training journals, was the primary factor

determining retrieval difficulty.
6.3.5 Execution Time Comparison

Table 6.3.5: Execution time per model (Title+Scope+Cat)

Model Time (seconds) Relative to TF-IDF

TF-IDF 3.71 1.0x
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SBERT 124.48 33.6x%

BM25 175.04 47.2x

TF-IDF was the fastest model, completing evaluation in approximately 4
seconds due to highly optimised sparse matrix operations in scikit-learn. SBERT
required approximately 124 seconds, dominated by the embedding computation step.
BM25 was the slowest at 175 seconds due to the pure Python implementation of the
rank bm?2S5 library.

6.4 Discussion

The results revealed that TF-IDF, the simplest model, outperformed both BM25
and SBERT across most metrics, input strategies and evaluation setups. This finding
contradicted the initial hypothesis that transformer-based models would yield

superior performance. Several factors contributed to this outcome.

Journal metadata in the DOAJ dataset used consistent, standardised academic
terminology. Journal titles and subject classifications used specific terms (e.g.,
"Medicine", "Forestry") that were repeated exactly across related journals. TF-IDF
excelled at matching such exact term overlaps, whereas SBERT's strength in capturing

paraphrases and synonyms was largely unnecessary in this context.

When the category label was appended to the query text for TF-IDF and BM25,
these models benefited from direct string matching on the category name. For
SBERT, the category was incorporated indirectly through a centroid similarity score,
which was computed as the average embedding of all journals belonging to a category.
This averaging produced a more diffuse signal compared to exact lexical matching,

which explained a significant portion of the performance gap.

The journal metadata consisted of relatively short texts (titles and subject
descriptors). Transformer models typically demonstrate their advantages on longer
documents where word order, context, and semantics matter more. For short metadata,

the bag-of-words approach of TF-IDF captured sufficient information.

59

Bachelor of Computer Science (Honours)
Faculty of Information and Communication Technology (Kampar Campus), UTAR



CHAPTER 6

The evaluation metric (same-category match) inherently favoured models that
could leverage category information directly. This was a characteristic of the dataset

design rather than a fundamental limitation of SBERT.

These findings aligned with observations from the B!SON framework [19],
where the Elasticsearch BM25 baseline remained competitive with neural embedding

approaches for journal-level metadata retrieval.
6.5 Objectives Evaluation
The objectives stated in Section 1.4 of the FYP1 report were evaluated as follows:

"Gather and normalize journal scope metadata from multiple sources to reach
over ~10,000 journals." Achieved. The DOAJ dataset contained 21,782 journals, of
which 21,782 were normalised and used (17,426 train, 4,356 test).

"Examine both keyword-based models (TF-IDF, BM25) and BERT models in
retrieving manuscripts against journal scopes." Achieved. All three models were

implemented, tuned with Bayesian optimisation, and evaluated systematically.

"Compare different processing pipelines and experiment with title-abstract-
category as input; an accuracy increase of 2% is considered as success." Exceeded. The
Title+Scope+Cat strategy improved HitRate@1 by 9.64% to 22.59% over
Title+Scope, far exceeding the 2% target.

"Measure and compare the effectiveness of each method using ranking metrics
mainly with Precision@K and Accuracy@K." Achieved with revised metrics. As
discussed in Section 3.3, the metrics were updated to HitRate@K (equivalent to
Accuracy@K), MAP@K and NDCG@K to provide a more comprehensive

evaluation aligned with the B!SON framework.
6.6 Concluding Remark

The experimental results confirmed that all three models achieved high
performance when provided with scope and category information, with TF-IDF being
the most accurate (88.84% HitRate@]1), fastest (3.71 seconds) and simplest model. The
equal distribution experiment and per-category analysis further validated these

findings.
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CHAPTER 7

Conclusion and Recommendation

7.1 Conclusion

This project addressed the challenge of aligning manuscripts with suitable
journals by implementing and benchmarking three retrieval models — TF-IDF, Okapi
BM25, and Sentence-BERT — on the DOAJ journal metadata dataset containing

21,782 journals across 327 categories.

A key methodological improvement from FYP1 to FYP2 was the adoption of
Bayesian hyperparameter optimisation using the Optuna framework, replacing the
originally proposed manual grid search. This enabled efficient search over continuous
parameter spaces and produced optimal configurations that would not have been

discovered through the limited discrete grid originally proposed.

The evaluation framework was also strengthened by adopting HitRate@K,
MAP@K and NDCG@K as the primary metrics, replacing the originally proposed
Accuracy@K and Recall@K. Two evaluation setups (random and equal distribution)

and three input strategies were tested to ensure the validity of the results.

The experimental results demonstrated that TF-IDF achieved the highest
HitRate@]1 of 88.84% with the Title+Scope+Category input strategy, outperforming
BM25 (83.47%) and Sentence-BERT (68.53%). This finding contradicted the initial
hypothesis that transformer-based models would yield superior performance, and was
attributed to the standardised vocabulary and short document lengths in the DOAJ

journal metadata.

The equal distribution experiment confirmed the validity of these findings
across balanced category distributions. The per-category analysis revealed that TF-
IDF was the best-performing model in 78.5% of all analysed categories, with
specific category labels achieving near-perfect accuracy across all models while broad

labels presented challenges for all approaches.
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7.2 Recommendation

Based on the findings of this research, the following recommendations are

proposed for future work:

The current evaluation used journal-level queries (matching journals to
journals within the same category). By evaluating on article-to-journal matching,
where actual manuscript abstracts are matched against journal scopes, it would provide
a more realistic assessment of the system's practical utility. In such a setup, SBERT's
semantic understanding may prove more valuable due to the greater vocabulary

diversity in manuscript abstracts compared to standardised journal metadata.

Secondly, given that TF-IDF excelled at lexical matching while SBERT
captured semantic relationships, a learned ensemble combining both signals could
potentially yield performance improvements. A fusion approach that uses TF-IDF
scores as a primary signal with SBERT re-ranking could leverage the strengths of both

approaches.

Hence, the current research used only the DOAJ dataset. Incorporating
additional datasets such as Web of Science and Scopus journal metadata, could test

whether the findings generalize to other publishers and metadata formats.

Conducting a user study with real manuscripts from researchers would
validate whether the offline metrics can actually translate into practical usefulness. This
could involve a controlled experiment where researchers evaluate the top-5

recommended journals for relevance and suitability.
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APPENDIX

Poster

A Tool for Aligning Manuscript with Suitable Journals

Introduction

This

research explores the performance difference of aligning
manuscripts that implements with different processing techniques and
algorithms. To analyze the the best performing model and input strategy
for aligning manuscripts with journals.

Methodology

/' FlareSearch Q

e Gathered and normalised 21,782 journals from the DOAJ open-

access directory across 327 categories.

Evaluated three models: TF-IDF, Okapi BM25 and Sentence-BERT.

and

Tuned hyperparameters using Bayesian optimisation (Optuna)

Tested three input strategies: Title, Title+Scope
. ;’ Title+Scope+Category.
» . . S e .
with 5-fold cross-validation.

Measured performance using HitRate@K, MAP@K and NDCG@K

Results

TF-IDF achieved the highest HitRate@1 of 88.84%, followe
BM25 (83.47%) and SBERT (68.53%).

by

Including category as input improved accuracy by 9-22%, far

exceeding the 2% target.

TF-IDF was the fastest model at 3.71 seconds, compared to SBERT

(124s) and BM25 (175s).

TF-IDF was the best model in 78.5% of all analysed categories.

Conclusion

FlareSearch evaluated three retrieval models — TF-IDF, BM25 and
Sentence-BERT on 21,782 DOAJ journals across 327 categories.
Using Bayesian optimisation (Optuna) for hyperparameter tuning,
TF-IDF achieved the highest HitRate@1 of 88.84%, outperforming
BM25 (83.47%) and SBERT (68.53%). Including category as input

improved accuracy by 9-22%, far exceeding the 2% target.
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