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ABSTRACT

Clickbait headlines have become a persistent issue in online media, where attention often takes priority
over informational accuracy. While numerous computational approaches have been proposed to address
this issue, the field remains fragmented across datasets, modelling strategies, and linguistic representations.
This study presents a systematic literature review of clickbait detection research published between 2016
and 2025, following the Protocol, Search, Appraisal, Synthesis, Analysis, and Report framework to ensure
a structured and reproducible review process. A total of 646 records were initially identified from Scopus,
IEEE Xplore, Web of Science, and SpringerLink, from which 43 peer-reviewed journal articles were
selected for in-depth analysis. Across these studies, a clear shift is evident from traditional feature-based
machine learning toward deep learning and transformer-based models. Despite this progression, linguistic
cues remain central, either through explicit feature engineering or implicitly learned representations.
However, the review reveals a persistent gap: linguistic feature modelling and embedding-based
approaches are often developed in isolation. To address this limitation, this study proposes a conceptual
framework that integrates language-aware preprocessing, explicit linguistic features, and hybrid
embedding strategies within a unified framework. By synthesising these components, the framework offers
a more comprehensive perspective on clickbait detection, positioning it as an integrated linguistic and
contextual modelling task rather than a purely classification problem. The findings and proposed
framework provide a foundation for developing more robust, interpretable, and adaptable clickbait
detection systems, particularly in multilingual and low-resource settings.

Keywords: PSALSAR framework, text classification, multimodal processing, transformer, linguistic
feature.
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INTRODUCTION

The rapid growth of digital platforms, social networking services, and mobile technologies has
fundamentally transformed how information is created, distributed, and consumed. In this
increasingly interconnected digital environment, news and online content can now be disseminated
almost instantaneously across multiple platforms, thereby accelerating the circulation of information
among users. Within this evolving landscape, clickbait has become a persistent feature of online
media, largely driven by the intense competition for user attention. In general, clickbait refers to
content that uses sensational or misleading headlines to provoke curiosity and encourage clicks. The
main goal is often to increase engagement rather than provide meaningful information (Raj et al.,
2024). While these strategies can increase visibility, they also raise concerns about content quality and
credibility.

Clickbait practices are closely linked to platform-driven digital advertising ecosystems, where content
visibility and user engagement determine content success. Prior studies have indicated that
emotionally appealing and sensationalised content tends to generate higher levels of audience
engagement, including clicks, shares, and user interactions (Khawar & Boukes, 2025). In such
environments, content performance is frequently evaluated through measurable indicators, such as
reach and engagement, which subsequently shape content design strategies. Empirical evidence from
digital advertising research further demonstrates how different forms of content are systematically
optimised to achieve specific performance objectives, reinforcing the role of engagement-driven
mechanisms in shaping online content production (Zahirah et al., 2026). As a result, content creators
are often incentivised to prioritise attention-grabbing techniques over informational accuracy.

Other than that, recent studies also indicate that algorithmic distribution systems and digital
advertising infrastructures may unintentionally facilitate the dissemination of misleading or low-
guality content. Content that generates high engagement rates often receives greater financial rewards
and wider exposure (W. Ahmad et al., 2024). Over time, this creates an environment where clickbait
practices can continue to grow. It also contributes to the broader circulation of misinformation and
manipulative online media behaviour (Hu et al., 2025). In highly competitive digital news
environments, content that attracts more interaction tends to gain wider exposure, further reinforcing
these patterns (Simonov et al., 2025). Beyond engagement metrics, exaggerated or emotionally
charged language can distort expectations, contribute to misinformation, and erode trust in digital
journalism (Diez-Gracia et al., 2024; Jacobo-Morales & Marino-Jiménez, 2024). These challenges
have driven the development of computational approaches to detect clickbait content.

Existing studies have employed a wide range of techniques, including Natural Language Processing
(NLP) (Bajaj & Vishwakarma, 2024), classical machine learning (. Ahmad et al., 2020; Bronakowski
et al., 2023; Daoud & Abou EI-Seoud, 2019), and deep learning models (Ghosh, 2021; Naeem et al.,
2020; Panda et al., 2024). Beyond clickbait detection, prior research has also demonstrated the
effectiveness of analysing user-generated textual data, including social media comments, for
extracting meaningful information and improving content understanding (Thabet et al., 2021). This
reinforces the broader role of text-based analysis in interpreting digital content and highlights its
relevance for tasks such as clickbait detection, where linguistic cues play a central role.

Despite these advances, the existing literature remains methodologically fragmented. Variations in
dataset construction, preprocessing techniques, feature representation, and model design have led to
inconsistencies in reported findings. Consequently, this lack of methodological consistency makes it
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difficult to identify stable methodological patterns or establish reliable benchmarks for cross-study
comparisons. This lack of coherence limits the comparability of results and challenges the
development of more robust, generalisable detection systems.

To address these issues, this study presents a systematic literature review of computational approaches
to clickbait detection reported in studies published between 2016 and 2025. The review draws on
literature retrieved from major academic databases, including Scopus, IEEE Xplore, Web of Science
(WoS), and SpringerLink. Using a structured review protocol, this study analyses datasets,
preprocessing strategies, modelling techniques, linguistic features, and evaluation practices in existing
research. The objective is to identify methodological trends, highlight existing limitations, and
provide a clearer foundation for future research in developing more effective and generalisable
clickbait detection systems.

RELATED WORKS

Existing literature on clickbait detection was reviewed from various perspectives. However, the scope
and depth of these reviews have varied considerably. Some studies have emphasised conceptual and
behavioural aspects of clickbait. In contrast, others have focused on model performance or specific
algorithmic approaches. This variation has resulted in fragmented insights, particularly when
attempting to understand methodological developments in a unified manner.

Table 1 highlights differences in publication period, database coverage, number of reviewed articles,
and technical focus across previous reviews. Existing reviews differ substantially in both scope and
methodological transparency. Several studies provide broad overviews but offer limited technical
analysis. In contrast, others focus on performance evaluation without clearly specifying data sources
or selection criteria. For example, Jacobo-Morales and Marino-Jiménez (2024) analysed 165
publications from Scopus and WoS, focusing on conceptual and psychological aspects. While
informative, it does not sufficiently address technical design elements such as preprocessing
strategies, feature representation, or model architecture. In contrast, Raj et al. (2024) examined
performance benchmarks across different detection approaches, but lacked transparency in dataset
selection and methodology.

Table 1

Comparison of Current Systematic Review with Prior Studies

Study Period Database Number Focus Key limitation
covered of papers
Limited technical
4cobo-Moral I :
E\J/IZ(;?:;- Jin:)é:ieezs ?02 4) 2015 -2023 Scopus, WoS 165 E:)ncc:zt;aicz analysis; excludes
’ y g IEEE & Springer
Lacks

. . Perf hodological

(Raj et al., 2024) Not Stated Not Specified Not Stated erformance methodologica
Benchmarks transparency and

reproducibility

(continued)
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Study Period Database Number Focus Key limitation
covered of papers
Machine Limited analysis of
(Yadav & Bansal, 2023) 2016-2022 Not Specified Not Stated Learning preprocessing and
Overview linguistic features
(Zuhroh & Rakhmawati, IEEE, A.CM’ Early Detection Sma!l sample size;
2016-2019 Elsevier, 21 limited temporal
2019) Methods
Google Scholar coverage
Scopus, IEEE, End-to-end
This Study 2016-2025 WosS, 43 Technical -
SpringerLink Pipeline

Yadav and Bansal (2023) provided a more technical perspective on machine learning approaches but
offer limited discussion of preprocessing and linguistic features. Similarly, Zuhroh and Rakhmawati
(2019) reviewed early studies but are constrained by a small sample size and limited temporal
coverage. Overall, existing reviews tend to examine isolated aspects rather than providing an
integrated view of end-to-end pipelines. Differences in database coverage and methodological
transparency further limit comparability.

METHODOLOGY

This study adopted the Protocol, Search, Appraisal, Synthesis, Analysis, and Report (PSALSAR)
framework, which extends the Search, Appraisal, Synthesis, and Analysis (SALSA) approach by
incorporating explicit protocol definition and structured reporting to improve transparency and
reproducibility (Mengist et al., 2020). It comprises six stages: Protocol, Search, Appraisal, Synthesis,
Analysis, and Reporting. The stages ensure the review process remains consistent, traceable, and
methodologically sound.

Protocol

The protocol defines the scope and research direction through five Research Questions (RQs):

e RQ1: What datasets are commonly used?

e RQ2: What preprocessing techniques are applied?
¢ RQ3: What models or algorithms are employed?
e RQ4: What linguistic characteristics are used?

o RQ5: What evaluation metrics are reported?

Peer-reviewed studies were retrieved from four major academic databases: Scopus, IEEE Xplore,
WoS, and SpringerLink, selected for their broad coverage of computer science and information
technology research.

Search Strategy and Database Selection

b

The search strategy uses keyword combinations related to “clickbait” and “detection,” including
variations such as “click bait” and “click-bait” with detection-related terms (detect, classify, and
predict). We applied and adapted Boolean operators for each database. Correspondingly, searches
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were conducted across selected databases with filters for publication year and English language. This
approach captures both early foundational studies and recent developments, providing a
comprehensive starting point for the review process. Queries and results are summarised in Table 2.

Table 2

Search Strings Query

Database Query Additional feature Result
TITLE-ABS-KEY ((clickbait OR "click
Scopus bait" OR Click-Bait) AND (detect* OR Year:2016-2025 306
identificat* OR estimat* OR classificat* OR Language:English
predict*))
("clickbait™ OR "click bait" OR "Click-

|EEE Bait") AND ("detect" OR "identific*" OR Year:2016-2025 161

. o : L :English
"estim*" OR "classific*" OR "predict*") anguage-=ngiis

TS=(clickbait OR "click bait") AND )
WoS TS=(detect* OR identificat* OR estimat™ L\;ﬁazzoi'?zrfolzi:h 157
OR classificat* OR predict™®) guage-=ng

(clickbait OR "click bait") AND (detect* OR Year-2016-2025

Springer identificat* OR estimat* OR classificat* OR 0-e0 22
predict*) Language:English

Study Appraisal and Selection Criteria

The appraisal stage refines the initial dataset by systematically applying relevance and quality criteria,
as summarised in Table 3. This stage was conducted in two steps: first, applying predefined inclusion
and exclusion criteria; and second, conducting a structured quality assessment to retain only
methodologically sound studies. These criteria were established prior to the screening process to
promote methodological consistency and reduce potential selection bias.

Table 3

Inclusion and Exclusion Criteria

Type Criteria
Articles published between 2016-2025.

Peer-reviewed journals to guarantee scientific credibility.
Publications written in English.
Research focusing on clickbait detection, classification, or prediction

Inclusion

Research proposing or evaluating datasets, feature extraction methods, or machine/deep learning
models, aligning with the research objectives

Studies on clickbait without technical modelling.
Editorials, theses, or non-peer-reviewed publications

Exclusion Articles written in languages other than English.

Duplicate entries across databases

Studies lacking methodological detail, dataset description, or evaluation metrics make replication
or comparison impossible.
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In this study, the selection emphasises empirical research on clickbait detection from a computational
perspective. Only primary research articles published in peer-reviewed journals were included. This
decision ensured the studies considered provided sufficient methodological detail. Consistent with the
PSALSAR framework (Mengist et al., 2020), non-primary sources such as grey literature, extended
abstracts, presentations, and review articles were excluded. These types of publications often lack
complete methodological reporting and are therefore less suitable for systematic synthesis. Hence,
focusing on fully developed research outputs grounds the analysis in studies that have undergone
more extensive scrutiny and refinement.

A similar consideration applies to conference proceedings. While conferences play a central role in
disseminating emerging work in computer science and NLP, their format typically prioritises rapid
communication over comprehensive reporting. As a result, many conference papers are constrained by
strict page limits, which can limit the depth of methodological explanation and experimental
transparency (Gonzalez-Albo & Bordons, 2011). In addition, conference peer review is often shorter
and less iterative than journal review, offering fewer opportunities for substantial revision and
improvement (Offutt, 2019). This does not imply that conference publications lack value. On the
contrary, they are often the first venue for introducing new ideas. Nevertheless, as this review aims to
examine methodological trajectories and establish reliable benchmarks, completeness and
reproducibility take priority. In this regard, journal articles tend to offer a more stable basis for
synthesis, in both methodological transparency and sustained academic impact (Hao et al., 2025).

Quiality Assessment

Each study was evaluated using four criteria: scope clarity, completeness of search coverage, peer-
review status, and methodological detail, as summarised in Table 4. This step ensures that only
studies with sufficient methodological detail and reliability are included, thereby strengthening the
validity of the review findings.

Table 4

Quality Assessment Criteria

Code Quality assessment question Evaluation
QAL Avre the inclusion and exclusion criteria clearly The study explains how articles were
defined? selected and excluded.
Ao Is the literature search sufficiently The search covers multiple relevant
Q comprehensive? databases and sources.
. . . The study was published in a peer-reviewed
QA3 Were the included studies peer-reviewed? venue Y P P
Study provides sufficient methodological
. . - . detail, including dataset description,
QA4 Is the methodology described in sufficient detail? g P

preprocessing steps, model configuration,
and evaluation metrics.

Figure 1 illustrates the study selection process. The study initially identified 646 records from
multiple academic databases. After removing duplicate entries, 366 unique records remained.
Preliminary screening based on titles, abstracts, and keywords excluded 171 records for irrelevance to
clickbait. The remaining 195 studies were further assessed for topical relevance, excluding 52 studies
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that did not specifically address clickbait detection. Finally, 143 studies were evaluated based on
publication type, and only peer-reviewed journal articles were retained, yielding a final corpus of 43
studies for in-depth analysis.

Figure 1

Flow Diagram for the Database Search

#306 Scopus #161 IEEE #157 Web of #22 Springer
g Database Database |Science Database Database
w©
O©
—
i
Q
© ; ;
- Domain : Tittle/Abstract/Keyword
Records identified from databases
n =646
v
()] Screening Deduplication Records excluded
£ n =366 l—— n =280
QC, Records after duplicates removed (excluded due duplicates)
2
Q
(7))
v
; Records excluded
Screenmg (_T T;;)Abstracl) n=171
B (Not related to clickbait)
=
s |
(o)) S g Records excluded
= Eligibility (Topical relevance) | 5
w n=143 I N=ad ;
l (Not focused on clickbait detection)
©
(5}
T
=
[5} A Records excluded
= F"‘?’:.s:eze_,‘m’" «— n=100
= {Non-journal publications)

Synthesis

The synthesis stage systematically extracted and organised key information using a structured data
extraction form. Extracted attributes include bibliographic information, datasets, preprocessing
techniques, model approaches, linguistic features, and evaluation metrics, as summarised in Table 5.
Data extraction was conducted iteratively. The first pass captured general characteristics, while the
second focused on methodological details. Subsequently, studies were categorised by modelling
approach and dataset use to support comparison.
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Table 5
Study Synthesis
Extraction category Description Related RQ
Bibliographic Author(s), publication year, and source type (journal or i
Information conference)

Dataset name, availability (public/private), and language

Dataset T - RQ1

ataset Type and Source characteristics Q

Preprocessing Techniques Preprocessing methods are applied before modelling RQ2
Machine learni learning, hybri fusion-

Model Approach achine learning, deep learning, hybrid, or fusion-based RQ3
approaches

Feature Linguistic features used in Clickbait detection RQ4

Evaluation Metrics Metrics used for model performance evaluation RQ5

Findings, Challenges, and Main findings, limitations, and potential research gaps

.. . - All RQs
Opportunities identified by the authors

Analysis

The analysis stage interprets extracted data through two complementary approaches: narrative
synthesis and comparative evaluation. Narrative synthesis identifies recurring patterns in datasets,
preprocessing, models, linguistic features, and metrics. Meanwhile, comparative evaluation
complements this process by examining similarities and differences across studies. This comparative
analysis includes evaluating model performance on similar datasets, identifying commonly used
preprocessing pipelines, and examining trends in model complexity and evaluation practices. This
combined approach enables a more balanced interpretation, linking qualitative insights with
observable methodological patterns.

Reporting

The reporting stage presents the methodology and findings transparently and systematically,
documenting the protocol, search process, screening results, and quality assessment. Results are
organised by research question and supported by structured tables, enabling reproducibility and
clarity.

EVALUATION AND RESULTS

This section presents the findings derived from the selected studies, focusing on dataset
characteristics, preprocessing strategies, modelling approaches, linguistic features, and evaluation
practices. Rather than listing individual studies, the discussion highlights recurring patterns and
methodological tendencies observed across the literature.

Overview of Selected Studies

Research on computational clickbait detection began to gain momentum around 2016, a period largely
characterised by conference-driven contributions. Early works, such as the dataset introduced by
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Chakraborty et al., (2016) in 2016 and the Webis Clickbait Challenge by Potthast et al. (2016, 2018),
played a foundational role in shaping the field by defining benchmark datasets and shared evaluation
tasks. These studies provide historical and contextual grounding for clickbait detection research.

These conference publications are not part of the systematically selected corpus analysed in this
review. Instead, they illustrate the field's early stage, when researchers primarily disseminated outputs
through conferences before transitioning to more mature journal publications. Following this initial
phase, journal publications began to emerge more consistently after 2018, indicating a shift toward
more comprehensive experimentation and detailed methodological reporting. Figure 2 illustrates this
transition by reflecting the evolution of publication patterns in the field.

Figure 2

Number of Clickbait Distribution Studies each Year

Number of Studies
4]

T T T T T T T T
2018 2019 2020 2021 2022 2023 2024 2025

In line with the selection criteria defined in this study, only peer-reviewed journal articles were
included in the final analysis. The absence of journal publications before 2018 is not due to omission.
However, it reflects the field's publication dynamics, where early research contributions were
predominantly presented at conferences before being extended into journal articles.

RQ1: Dataset

Dataset analysis reveals a strong preference for textual data, particularly short-form content such as
news headlines and social media posts. As summarised in Table 6, only a small number incorporate
additional signals such as metadata or user interactions, indicating that clickbait detection remains
largely text-centric.
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Table 6

Clickbait Dataset

. . Public
No. Studies Language Type Class and size of dataset availability
(H.-T. Zheng et al., . Clickbait:7.461
P Jo019) Chinese Text Non-Clickbait:7.461 v
(Ldpez-Sanchez et al., . Clickbait:16.000
P2 J018a) English Text Non-Clickbait: 16.000 v
(Daoud & Abou ElI- . Clickbait:15.536
P® Seoud, 2019) English Text Non-ClickBait:6.497 v
Text comment . .
- Clickbait:141
P4 (Shang et al., 2019) English and metadata Non-ClickBait-484 X
video
. - . Clickbait:60.000
P5 (Singh Sisodia, 2019) English Text Non-ClickBait-40.000 X
. Clickbait:16.000
P6 (I. Ahmad et al., 2020) English Text Non-Clickbait:16.000 X
. Clickbait:16.000
P7  (Naeem et al., 2020) English Text Non-Clickbait: 16,000 \
Dataset 1 Clickbait: 15.999
Non-Clickbait:16.001
. Dataset 2: Clickbait: 5.637
P8  (Kauretal., 2020) English Text Non-Clickbait:6.080 \
Dataset 3: Clickbait: 1.200
Non-Clickbait:6.00
(William & Sari, ) Clickbait:6.290
P 2000) Indonesian Text Non-ClickBait:8.710 v
Dataset 1:Webis-Clickbait-17
(Twitter posts)
Dataset 2: Kaggle clickbait
. news dataset
P10 gggjia)paksha etal, English Text In both datasets, clickbait is a \
minority class: 1:3 vs.
non-clickbait in
Webis-Clickbait-17 and 1:4 in
the Kaggle set.
(Pujahari & Sisodia, . Clickbait: 16.000
P11 2021 English Text Non-Clickbait: 16.000 v
Video, . o
P12 (Varshney & English comment, Clickbait: 474 N

Vishwakarma, 2021)

channel profile

Non-Clickbait: 513
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. . Public
No. Studies Language Type Class and size of dataset availability
Dataset 1 Chinese Clickbait:
1.500
Chinese & Non-Clickbait:3.384
P13 (. Zhengetal., 2021) English Text Dataset 2 English: Clickbait: 8
4761
Non-Clickbait:14.777
(Mundotiya & Yadav, . Clickbait; 5.523
P14 2001) English Text Non-Clickbait: 16.510 v
. Clickbait: 23.981
P15 (Al-Sarem et al., 2021) Arabic Text Non-Clickbait: 30.912 v
. Clickbait: 5.523
P16  (Ghosh, 2021) English Text Non-Clickbait: 16,510 \
(Razaque, Alotaibi,
P17  Alotaibi, Amsaad, et English url links -l X
al., 2022)
. . Clickbait: 5.523
P18 (Wei & Nguyen, 2022)  English Text Non-Clickbait: 16.474 V
(Razaque, Alotaibi, Dataset 1: Clickbait: 16.000
. . . Text; URL . .
P19  Alotaibi, Hussain, et English Links Non-Clickbait: 16.000 N
al., 2022) Dataset 2: 38.517 Twitter Post
. Clickbait: 4.139
P20  (Zhou et al., 2022) Chinese Text Non-Clickbait: 4.037 X
3 Class:
. . General Clickbait: 4.854
P21  (Liuetal., 2022) Chinese Text Nor-Clickbait: 2.427 N
Malicious Clickbait:2.427
(Fakhruzzaman & . Clickbait: 3.000
P22 Gunawan, 2022) Indonesian Text Non-Clickbait: 3.000 v
Dataset 1: Clickbait: 4.760
. Non-Clickbait: 14.730
P23  (Meng et al., 2023) English Text Dataset 2: Clickbait: 2.620 X
Non-Clickbait: 3.132
. Clickbait: 24.031
P24  (Genc & Surer, 2023) Turkish Text Non-Clickbait: 24.029 N
3 Class:
. Clickbait: 3.316
P25 (Andono et al., 2023) Indonesian Text Non-Clickbait: 5.297 N
Gray Clickbait: 6.387
(Bronakowski et al., . Clickbait: 16.000
P26 2023) English Text Non-Clickbait: 16.000 v
Dataset 1: Clickbait: 16.000
P27  (Supriyaetal., 2023) English Text Non-Clickbait: 16.000 N

Dataset 2: 22.033 Twitter Post
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No. Studies Language Type Class and size of dataset av:it::l;ii(l:i ty
P28 (L'TSSZZZESL 2023) Hebrew Text Noni:l:::clfba;:?oooo v
R TR T - S
S T, i

. Clickbait: 7.735
P31 (Alhanaya et al., 2024) Arabic Text Non-Clickbait: 2.829 \

Clickbait: 6.000

P32 (Maetal., 2024) Chinese Text Non-Clickbait: 6.000 X
(H.-C. Wang et al., . Clickbait: 2.919
P33 2024) Chinese Text Non-Clickbait: 17.977 x
Clickbait: 29.312
P34  (Imran etal., 2024) Bangla Text Non-Clickbait: 223,758 \
. Clickbait: 2.000
P35 (Panda et al., 2024) English Text Non-Clickbait: 2.000 \
(Bajaj & . Clickbait: 16.000
P36 Vishwakarma, 2024) English Text Non-Clickbait: 16.000 v
(R. R. Sharma et al., . Clickbait: 26.678
P37 200a) Amharic Text Non-Clickbait: 26.549 v
Video Metada_ta 25 856 V/ideo
(C. Sharma et al., . (Text, Numeric . .
P38 024) English etadata Class imbalance ratio of 2.1 : 1 N
' (non-Clickbait: clickbait)
Images)
Dataset 1 :Clickbait: 16.000
Non-Clickbait: 16.000
(Y. Wang, Zhu, Li, . Dataset 2: Clickbait: 814
P39 Qiang, etal., 2025) English Text Non-Clickbait: 1.574 8
Dataset 3: Webis Clickbait-
23(W23C)
Dataset Tencent: Clickbait:
1.563
Non-Clickbait: 1.697
Dataset Zongxiang: Clickbait:
960
(Y. Wang, Zhu, Li, . Non-Clickbait: 1.168
P4 . h T - .
0 Wei, et al., 2025) Chinese ext Dataset Wangyi Clickbait: v
1.072
Non-Clickbait: 1.150
Dataset Wechat Clickbait:
11.925
Non-Clickbait: 5.731
Clickbait:500
P41 (Mugadas et al., 2025) Urdu Text Non-Clickbait-500 X
TikTok ICME Challenge &
P42  (J. Wang et al., 2025) English Text MIND Dataset Size not X
specified-
P43 (Lwin etal., 2025) English Text Clickbait:15.999 J

Non-Clickbait:16.001
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Most studies conceptualise clickbait detection as a binary classification task. This simplification is
applied consistently across datasets and languages, indicating a shared assumption that clickbait can
be clearly separated from non-clickbait content. Nevertheless, this assumption does not always hold.
A small number of studies have introduced a third category to capture ambiguous cases, where
headlines display partial clickbait characteristics or receive inconsistent annotations from human
evaluators. While these approaches acknowledge the subjective nature of clickbait, they remain
limited in adoption. Thus, most existing datasets do not adequately represent annotation uncertainty.

Public datasets available through platforms such as GitHub and Kaggle improve research
reproducibility, whereas privately collected datasets may limit cross-study comparability. As Figure 3
illustrates, the distribution of languages across the reviewed datasets is notably imbalanced. English
dominates the landscape, followed by Chinese, while other languages appear infrequently. This
concentration reflects resource availability rather than the absence of clickbait in other linguistic
contexts. For English, multiple independently developed datasets exist, enabling repeated
benchmarking and cross-study validation. Chinese datasets indicate a similar, though smaller-scale,
pattern.

In contrast, studies involving Indonesian and other low-resource languages tend to rely on a single
dataset reused across multiple studies, creating a structural limitation. Performance results in these
settings are often dataset-dependent and may not generalise across domains or platforms. Similar
patterns have been observed in Arabic, Turkish, and Urdu. Overall, the findings suggest that dataset
design in clickbait detection research prioritises availability and convenience over diversity. This has
enabled rapid methodological development, but it also constrains evaluations of model robustness
across languages and domains.

Figure 3

Clickbait Language Distribution

Turkish Arabic

Hebrew Indonesian
Bangla

Ambharic

urdu

Chinese

English
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RQ2: Preprocessing
Preprocessing practices vary widely across studies, both in technique and reporting detail, as

illustrated in Table 7. Although common steps such as tokenisation, stop-word removal, and
normalisation are frequently mentioned, studies rarely specify how they implement them.

Table 7

Preprocessing of Clickbait Detection

. Preprocessing activities Additional information
S“::)'es I;atjzeLTLRSLSTRTSPRpel
98¢ c cPWzZMZSNGSNFRN
P1 Chinese - - - - - - - - N - - A - - -
P2 English o Low-level prgp_rocessmg_steps are not
explicitly described
P3 English e Low-level pre_p_rocessmg_steps are not
explicitly described
P4 English o Low-level prgp_rocessmg_steps are not
explicitly described
P5 English e Low-level pre_p_rocessmg_steps are not
explicitly described
P6 English R Low-level prgp_rocessmg_steps are not
explicitly described
Py English e Low-level pre_p_rocessmg_steps are not
explicitly described
P8 English - ~ - - - - - ~ N - - - - - 4 Textual and non-textual input
P9 Indonesian v - N - - - - N - - - - - - . -
P10 English R Low-level prgp_rocessmg_stepsare not
explicitly described
P11 English e Low-level pre_p_rocessmg_steps are not
explicitly described
Three sets of features are extracted
from the video, comments, and
channel information.
P12 English - - - - - - - - - - - - - - - Google Speech API converts speech
to text.
(Low-level preprocessing steps are
not explicitly described)
P13 Chinese & Low-level preprocessing steps are not
English explicitly described
P14 English ~ - ~ - - - - A - - - - - - . nltk was used for preprocessing.
P15 Arabic Voo NN e A A A A - e e nltk 3.6.2 was used for preprocessing

Arabic text

(continued)
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Studies Dataset Preprocessing activities Additional information
o lanauage TLRSLSTRTSU®PRPGI
998° c cPWzZMZSNGSNFRN

P16 English o Low-level pre_p_rocessmg_steps are not
explicitly described

P17 English - - ~ v v - - - - - - - - - . .

Low-level preprocessing steps are not
. explicitly described . Stanford
P18 English - - - == o - e oL is used for preprocessing
the datasets.

P19 English S Low-level pre.p.rocessmg.steps are not
explicitly described

P20 Chinese o Low-level pre?p.rocessmg_steps are not
explicitly described

P21 Chinese - - - - - - - - - A A - - - - -

P22 indomesian - - - - - - Low-level pre?p.rocessmg_stepsare not
explicitly described

P23 English o Low-level pre.p.rocessmg.steps are not
explicitly described

P24 Turkish S ke.hme-bol library of the Kalb.ur

Project was used for preprocessing

Po5 Indomesian - - -~ - - - Low-level pre.p.rocessmg-steps are not
explicitly described

P26 English S Low-level prgp_rocessmg_steps are not
explicitly described

P27 English v - ~ - - - - ~ - - - ~ - - - -

Four groups use as features: statistical
features based on frequency,
P28 Hebrew - - - N - v - - - - - - - - - structural features on the headline,
semantic features, and structural
features on the URL
Stop words removed using an open-

P29 Indonesian - - - « - + v - - - - - - - - source Indonesian stop word remover
PySastrawi
P30 English . Low-level preprocessing steps are not

explicitly described

Used the Pyarabic library
(https://pyarabic.readthedocs.io/)
& the Rugia library
(https://github.com/Rugyai/Rugia-
P31 Arabic V- v v oA - W= - - Library) to perform Arabic-
specific preprocessing, including
text normalisation, tokenisation,
stemming, and stop-word
removal.

P32 Chinese - - v « - - N N -+ - - - - - .

(continued)
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Studies Dataset Preprocessing activities Additional information
no lanauage TLRSLSTRTSZPRPGI
91%° c cPWZMZSNGSNEFRN
P33 Chinese - - - - - - - - - N+ - - - - -
P34 Bangla Y - v - - - - A - - - A - - - -
P35 English - - - ~ - ~ - - - - - - - . =
Preprocessing steps are inherited
from the original dataset creators,
. and the article itself does not
P36 English - - - - - - - - - - - - - - -

provide a detailed description or
implement additional
preprocessing techniques.

\

.
2
2

,

,

,
2
2

,

.

.

.

.

.

P37 Ambharic

Thumbnail scraping and resizing:
O N Y L thumbnails were scraped from

P38 English YouTube and resized to reduce
memory & training time
. Low-level i
P39 English = = = = = = = = = = « - - - . ow-level preprocessing steps are

not explicitly described

Low-level preprocessing steps are
not explicitly described

P40 Chinese

P41 Udu - - v~~~ - - - - - -
. Low-level preprocessing steps are
P42 English - - - == e e e e e not explicitly described
English stop words were removed
P43 English - v ¥ ¥ ¥ - v - - = - N - - - using the NLTK stopword list,

and tokens were lemmatised using
the WordNetLemmatizer.

Notes. TC-Text cleaning (HTML or URL removed), LC-Lowercase (casefolding), RP-Remove Punctuation, SW-Remove
stop words, LZ-Lemmatisation, SM-Stemming, TZ-Tokenisation, RS-Remove special characters, TN-Text normalisation,
SG-Segmentation, PS-Padding the sequence, RN-Remove Numbers, PF-Part of Speech Filtering, GR-Convert to Grayscale,
I-N — Image Noise Remover.

A recurring observation is the absence of a clearly defined standard pipeline. While common
operations such as punctuation removal, stop-word filtering, tokenisation, lemmatisation, and
stemming are frequently mentioned, studies rarely describe their implementation in detail. In many
cases, studies state that they applied preprocessing without specifying the sequence, configuration, or
parameter choices. This lack of transparency makes it difficult to assess how preprocessing decisions
influence model performance.

Several studies report using established NLP tools, including NLTK, Stanford CoreNLP, and
language-specific libraries such as PySastrawi and PyArabic. However, these tools do not guarantee
reproducibility, as studies often omit exact preprocessing configurations. As a result, similar toolkits
may produce different outputs depending on undocumented settings, introducing hidden variability
across studies.
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Language characteristics further influence preprocessing choices: English and Indonesian typically
rely on whitespace tokenisation, whereas Chinese requires segmentation. These differences limit the
transferability of preprocessing pipelines. Beyond text, a small subset of studies has incorporated
multimodal inputs, including images, video metadata, and audio signals. These approaches introduce
distinct preprocessing requirements that extend beyond traditional text processing. For instance,
image-based pipelines may involve resizing or normalisation. Meanwhile, audio-based studies often
rely on speech-to-text conversion before textual analysis. Although these methods expand the scope
of clickbait detection, they also increase pipeline complexity and reduce comparability with purely
text-based approaches.

Overall, the findings indicate that preprocessing remains one of the least standardised components of
clickbait detection research. Such variations arise from linguistic differences, dataset characteristics,
and inconsistent reporting practices. This lack of standardisation limits reproducibility and
complicates cross-study comparison, particularly as observed differences in model performance may
stem from modelling techniques and from variations in preprocessing choices.

RQ3: Model and Algorithm

The reviewed studies employ a wide range of modelling approaches, spanning classical machine
learning, neural architectures, and more recent transformer-based frameworks. Table 7 summarises
these approaches, highlighting how studies combine representation methods and classification
strategies.

Table 8

Summary of Models, Algorithms, and Representation Methods Used in Clickbait Detection Studies

Embedding

No. Year Language .
guag representation

Best algorithm Type

Convolutional Neural Network

P1 2018 Chinese Word2vec (CNN) Deep Learning
P2 2018 English Word2vec Hybrid Neural-pase Based Machine Learning
Reasoning
P3 2019 English Bag of words SVM Machine Learning
P4 2019 English Doc2vec Adaboost Machine Learning
Ensemble Learning (bagging
P5 2019 English . Ha_nc?crafted classifier, random forest classifier, Machine Learning
linguistic features .
adaboost classifier)
P6 2020 English BERT BERT Deep Learning
P7 2020 English Word2vec LSTM Deep Learning
P8 2020 English Glove Hybrid CNN-LSTM Deep Learning
P9 2020 Indonesian - BiLSTM Deep Learning
P10 2021 English Robustly optimised BERT approach (ROBERTa) Deep Learning
P11 2021 English Word2vec SVM Machine Learning
P12 2021 English Handcrafted I8 A_Igorlthm Based ?n the Machine Learning
feature vector Decision Tree Algorithm

(continued)
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Embedding .
No. Year Language representation Best algorithm Type
BiLSTM+Attention (using cosine
Chinese & distance to calculate the similarity .
P13 2021 English Glove between headlines and content for Deep Learning
the final score)
Sentence
embeddings
P14 2021 English (BERT/ELMo) LST'M—based deep-neurz'il network Deep Learning
and word with dense and sigmoid layers
embeddings
(GloVe)
TF-IDF (Using
P15 2021 Arabic FV-ANOVA ?S a SVM Machine Learning
feature selection
method)
P16 2021 English Glove Logistic Regression Machine Learning
P17 2022 English - Deep Recurrent Neural Network Deep Learning
BiGRU-based sequence encoder.
(comprises two parts: (a) human
P18 2022 English Glove semantic knowledge extraction, and Deep Learning
(b) attention mechanisms guided by
knowledge graphs)
P19 2022 English Content to vector Blockchain-enabled deep recurrent Deep Learning
neural network
P20 2022 Chinese Graph Convolutional Network Deep Learning
P21 2022 Chinese BERT +GAT BiLSTM Deep Learning
P22 2022 Indonesian BERT BERT Deep Learning
BERT: word
embedding
GLU: Title
sentence feature
Attg)rjgzillggse q Neural Network with Softmax
P23 2023 English (fusion of information from both Deep Learning
Deep Relevancy titles and body contents)
Matching y
Network
(ARMN):
Similarity content
and body
P24 2023 Turkish - BIiLSTM Deep Learning
P25 2023 Indonesian BERT Neural network with Focal loss Deep Learning
P26 2023 English ) SVM & Gradient-Boosted Decision Machine Learning
Trees
P27 2023 English Sentence BERT SVM Machine Learning
P28 2023 Hebrew Bag Of Words SVM Machine Learning
P29 2023 Indonesian BERT Neural Network_ V.VIth Sigmoid Deep Learning
Classifier
P30 2023  English BERT BERT Deep Learning
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Embedding .
No. Year Language representation Best algorithm Type
P31 2024 Arabic Word2vec CNN with AdamOptimizer Deep Learning
Word embedding
P32 2024 Chinese (Not specifically Hybrid CNN-LSTM Deep Learning
mentioned)
P33 2024 Chinese BERT Bidirectional GRU Deep Learning
P34 2024 Bangla - mpnet-base-v2 Deep Learning
P35 2024 English BERT SVM Machine Learning
P36 2024 English BERT RoBERTa Deep Learning
P37 2024  Ambharic Fasttext CNN Deep Learning
Used a custom end-to-end deep neural network
P38 2024 English combining CNN (for images) and FastText (for Deep Learning
text+numbers) to perform final binary classification.
Used internal token representations of xlm-roberta-large
P39 2025 English and BERT within prompt-tuning and verbaliser Deep Learning
construction
o XLM-RoBERTa-large as pre-trained language
model
o Graph Attention Network used to model syntactic
PA0 2025 Chinese . CLIP_: Used as an image encoder to get hlgh—level Deep Learning
visual features from accompanying images;
e Multi-Layer Perceptron is used as a final
classifier to output a clickbait vs. non-clickbait
label
Sentence . .
P41 2025 Urdu Embedding BiLSTM Deep Learning
Cross Pairwise Ranking (CPR) loss
. . function as prediction layer
WE;%?;??SEZ:'X (combines WMF-based matrix
P42 2025 English factorisation, dynamic sampling, Deep Learning
(WMF) for . .
. CPR unbiased ranking loss, and
embeddings R L
cosine-similarity de-duplication
into one integrated framework)
P43 2025 English Count Vectoriser- Naive Bayes and Logistic Machine Learning

based n-gram regression

A consistent pattern is evident in the use of transformer-based models. In several studies, models such
as Bidirectional Encoder Representations from Transformers (BERT) are not used as end-to-end
classifiers, but as feature extractors to generate contextual embeddings. Researchers then pass these
representations to downstream models, including Bidirectional Long Short-Term Memory (BiLSTM),
Gated Recurrent Units (GRU), or Support Vector Machines (SVM), for final classification. To avoid
conflating these roles, this review distinguishes between transformers used as primary classifiers and
those used purely for representation. This distinction matters as it highlights a broader shift in
modelling practice. Rather than replacing earlier architectures entirely, researchers often integrate

transformers into existing pipelines as a representational layer.
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The distribution of primary classifiers in Figure 4 indicates that both SVM and transformer-based
models remain prominent. Their comparable frequency suggests that the field has not fully converged
on a single dominant approach. Instead, two paradigms continue to coexist. On the one hand, classical
models such as SVMs rely on clearly defined decision boundaries and benefit from well-engineered
features. On the other hand, transformer-based models leverage large-scale pretraining to capture
contextual meaning. The continued use of SVM, particularly with embeddings such as BERT or
word2vec, suggests that simpler models remain effective when supported by strong representations.

Figure 4

Distribution of Primary Classifiers
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Recurrent architectures, especially BiLSTM, also appear frequently. These models typically capture
sequential dependencies in headline structures, including patterns associated with forward referencing
or incomplete information cues. Convolutional models and hybrid CNN—Long Short-Term Memory
(LSTM) architectures also appear, though less consistently. Their role is generally limited to
extracting local lexical or syntactic patterns, and their usage appears to decline in more recent studies
where contextual modelling becomes more prominent.

Beyond these common approaches, several less frequently adopted methods have also been identified,
including graph-based models, ensemble techniques, and probabilistic classifiers. These approaches
are rarely adopted at scale and are often tied to specific datasets or experimental setups. Their limited
adoption suggests these methods remain exploratory rather than established solutions.

Temporal trends illustrated in Figure 5 indicate a clear transition. Early studies, particularly those
published between 2018 and 2019, relied predominantly on classical machine learning supported by
handcrafted features. From 2020 onward, deep learning approaches became more prevalent,
coinciding with the wider availability of pretrained embeddings and neural sequence models. This
shift continues in subsequent years, with deep learning approaches consistently outnumbering
classical methods.
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More recent studies have introduced prompt-based learning, soft prompt tuning, and multimodal
architectures, shifting beyond conventional classification pipelines toward approaches that frame
clickbait detection as a task conditioned on instructions or contextual signals. In some cases, textual
features are combined with visual or structural information, reflecting a broader interpretation of
clickbait as a multimodal phenomenon rather than purely textual manipulation.

Taken together, these findings indicate a gradual but clear evolution in modelling practices. While
deep learning and transformer-based approaches have become increasingly dominant in recent work,
earlier methods have not disappeared. Instead, they remain competitive when paired with strong
feature representations. This suggests that improvements in clickbait detection are driven less by
model complexity alone and more by how effectively linguistic and contextual information is
represented.

Figure 5

Annual Comparison of Machine Learning and Deep Learning Usage

Method Type
Bl Deep Learning
B Machine Learning
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RQ4: Linguistic Feature

Number of Algorithms Used

[¥]

Linguistic features are consistently operationalised as computational inputs rather than descriptive
constructs. They influence preprocessing, representation, and model performance. Linguistic features
are generally grouped into lexical, syntactic, and semantic levels, following common NLP practice
(Nickl et al., 2025; Qiao & Hu, 2019). Building on this foundation, the studies fall into four
categories, as illustrated in Table 9: stylistic-lexical, syntactic, semantic (including contextual
incongruity), and multimodal linguistic extensions. While the first three categories reflect established
feature hierarchies, the multimodal category captures recent developments where textual signals are
analysed alongside visual or audio information.
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Lexical and stylistic features are among the most commonly employed features in clickbait detection,
as they capture attention-grabbing linguistic characteristics such as emotional wording and
exaggeration. Some studies explicitly engineer these features, while others rely on deep models to
learn them implicitly. Note that syntactic features reflect structural patterns such as interrogatives,
imperatives, and incomplete clauses. These features are either explicitly encoded or learned by
sequence models and typically complement lexical cues.

Semantic features focus on meaning-level manipulation, particularly phenomena such as the curiosity
gap and inconsistencies between headlines and content. Unlike lexical or syntactic features, semantic
features often require the joint modelling of multiple inputs, such as headlines, article bodies, or
metadata. As a result, their extraction and interpretation are closely associated with representation
strategies such as similarity modelling and contextual embedding alignment. Multimodal extensions
integrate textual signals with visual or audio cues, reflecting a broader interpretation of clickbait.

Table 9

Linguistic Features Utilised in Clickbait Detection Models

Linguistic Description Studies
aspect

(Al-Sarem et al., 2021; Bronakowski et al.,
Use of attention-grabbing and emotionally 2023; Daoud & Abou EIl-Seoud, 2019; Geng
Stylistic and charged wording designed to provoke & Surer, 2023; Kaur et al., 2020; Lwin et al.,
Lexical curiosity or exaggeration. For example, 2025; Ma et al., 2024; Naeem et al., 2020;
Features sensational words, superlatives, emotional Natanya & Liebeskind, 2023; R. R. Sharma
expressions, and excessive punctuation et al., 2024; Singh Sisodia, 2019; Wei &

Nguyen, 2022; J. Zheng et al., 2021)
Structural patterns of headlines that deviate (Al-Sarem et al., 2021; Liu et al., 2022;
Syntactic from neutral news style fco incregse Lopez-Sanchez et al., 2018b; Mugadas et al.,
Features engagement. For example, interrogative 2025; Naeem et al., 2020; R. R. Sharma et al.,
sentences, imperative forms, short or 2024; Y. Wang, Zhu, Li, Qiang, et al., 2025;

incomplete clauses, unusual word order Y. Wang, Zhu, Li, Wei, et al., 2025)
(Al-Sarem et al., 2021; Ghosh, 2021; Liu et
Semantic Manipulation  of  meaning through al., 2022; Lopez-Sanchez et al., 2018a; Meng
Features . . . . . et al., 2023; Mundotiya & Yadav, 2021,

. information withholding or mismatch. . .

(Including Relationship  between  headline  and Natanya & Liebeskind, 2023; Panda et al.,
Contextual 2024; Supriya et al., 2023; H.-C. Wang et al.,

Incongruity)

surrounding content or metadata

2024; J. Wang et al., 2025; J. Zheng et al.,
2021)

Clickbait cues emerge from interactions

(Kaur et al., 2020; Shang et al., 2019; C.

Multimodal between textual headlines and other

Linguistic modalities. For example rovocative Sharma et ~al, 2024, Varshney &
g . . . ple. P . Vishwakarma, 2021; Y. Wang, Zhu, Li, Wei,

Extensions thumbnails, image—text  contradiction,

audio-derived cues

et al., 2025)

Language differences further influence feature extraction. Languages without explicit word
boundaries, such as Chinese, require language-specific segmentation procedures, whereas
morphologically rich languages require customised preprocessing. These variations highlight the
dependence between linguistic characteristics and preprocessing strategies, reinforcing the connection
between RQ4 and RQ2.
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RQ5: Evaluation Metrics

Evaluation is primarily framed as a classification problem. As Table 10 illustrates, most studies rely
on accuracy, precision, recall, and F1-score to assess model performance across different modelling
approaches.

Table 10

Evaluation Metrics in Clickbait Detection Models

Evaluation metric Other evaluation
NO™ Accuracy M?%fre Recall  Precision AUC  ROC
P1 \ - V v - - -
P2 v - v v - v -
P3 - \ v v v v -
P L Voo e e
P5 v v v v - - -
P6 v v v v - - -
P7 v v v v - - -
g v v v Voo :
P9 J - - - - - -
P10 v v v v - - MCC
P11 \ \ \ \ \ \ -
P12 S \ \ \ \ \ -
P13 V v - - - - -
P14 v v v v v v -
P15 \ \ \ V -
P16 \ \ \ V \ \ -
P17 \ - - - - - -

(continued)
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Evaluation metric

Other evaluation

No Accuracy Mj:%fre Recall Precision AUC ROC

P18 v v v v - - -

P19 v - - - - - -

P20 v v v v - - RMSE, MAE

P21 v v v v - - -

P22 - - - - v V -

P23 - v J v - - -

P24 v v v v - - -

P25 v - - - - - -

P26 v - v v - - -

p27 v v v v - - -

P28 v v v v - - -

P29 v v v v v v -

P30 v \ v v v - s(e:rlniftsic:f;tg;egmty

P31 v v v v - - -

P32 v v v v - - -

P33 v v v v - - -

P34 \ v - - - - Kappa

P35 v v v v - - McCC

SN . L SucesseRat, and Average P
turbed Rate.

P37 v v v v - - -

P38 v v - - - - -

P39 v v v v - -
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Evaluation metric Other evaluation
No F- -
Accuracy  Measure  Recall Precision AUC ROC
/F1

P40 \ \ \ V - - -

P41 N v v \ v \/ -

P42 - - - - - - Recall@K and NDCG@K
P43 v v v v v v -

Accuracy is frequently reported, particularly in studies that employ balanced binary datasets, where clickbait
and non-clickbait instances are represented in relatively similar proportions (Table 6). In such cases, accuracy
provides a straightforward measure of overall classification correctness. Nevertheless, relying solely on
accuracy can be misleading, especially when class distributions are skewed. For this reason, most studies
complement accuracy with precision and recall, which highlight the trade-off between false positives and false
negatives, and the F1-score, which balances both. This distinction becomes more important in imbalanced
settings. In clickbait detection, false-positive and false-negative errors may have different implications: false
positives may incorrectly classify legitimate content as clickbait, whereas false negatives may allow misleading
headlines to go undetected. As a result, several studies prioritise F1-score as the main evaluation metric, because
it reflects performance under uneven class distributions.

Some studies adopt MCC for more balanced evaluation, particularly in small or imbalanced datasets. Although
less frequently reported, its use reflects growing attention to evaluation robustness. Threshold-independent
metrics such as ROC and AUC assess model performance across decision thresholds. A small number of studies
also employ ranking-based metrics such as Recall @K and NDCG@K for recommendation-oriented scenarios.
Overall, metric selection depends on dataset characteristics and task formulation, with classification metrics
remaining dominant.

Discussions

This review indicates that research on computational clickbait detection has advanced considerably. However,
several methodological inconsistencies continue to persist across the literature. The synthesis across datasets,
preprocessing strategies, modelling approaches, linguistic features, and evaluation metrics reveals both
convergence in modelling trends and fragmentation in implementation practices.

Most studies rely on English datasets, many of which are reused across multiple studies. This practice supports
consistent benchmarking and performance comparisons. Nonetheless, it also limits the generalisability of
findings across languages and domains. In contrast, low-resource languages such as Indonesian, Arabic, and
Bangla appear in few datasets and are often reused within isolated studies. This imbalance suggests that reported
performance improvements may reflect familiarity with the dataset rather than true model robustness. Thus,
cross-lingual and cross-domain applicability remains an open challenge.

Preprocessing techniques lack standardisation. Steps such as tokenisation, stop-word removal, and normalisation
are frequently mentioned. Nevertheless, authors often omit implementation details, reducing reproducibility and
limiting cross-study comparison. Preprocessing pipelines also vary according to linguistic characteristics.
Languages without explicit word boundaries require segmentation, whereas morphologically rich languages
demand customised normalisation. These findings indicate that preprocessing is not merely a preparatory stage,
but a component that directly shapes feature representation and downstream modelling performance.
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From a modelling perspective, the findings confirm a shift from classical machine learning toward deep learning
and transformer-based approaches. Earlier studies relied heavily on manually engineered features combined
with algorithms such as SVM. In contrast, recent work increasingly adopts neural architectures that learn
representations directly from data. Nonetheless, classical models remain competitive when paired with effective
feature representations. Transformer-based models are also frequently used as embedding generators rather than
standalone classifiers, indicating the growing adoption of hybrid architectures. Linguistic features continue to
play a central role across modelling approaches. Lexical and stylistic cues remain dominant, while syntactic and
semantic features provide complementary contextual information. In traditional machine learning approaches,
researchers typically engineer these features explicitly. In contrast, deep learning models capture them implicitly
through embeddings and sequence modelling.

A notable gap in the literature is the limited integration of explicitly extracted linguistic features with advanced
embedding-based models. Studies that focus on linguistic features often employ classical machine learning
techniques. Meanwhile, transformer-based approaches tend to rely on implicit feature learning. This separation
indicates an opportunity to combine rule-based linguistic features with hybrid embedding strategies to improve
both representation quality and interpretability.

Proposed Conceptual Framework for Computational Clickbait Detection

Based on the synthesis of datasets, preprocessing strategies, linguistic representations, modelling approaches,
and evaluation practices identified across the reviewed studies, this review proposes a conceptual framework to
guide future research on computational clickbait detection. The proposed framework integrates language-aware
preprocessing, linguistic representation, hybrid feature fusion, and adaptive modelling strategies to address
current limitations related to generalisability, interpretability, multilingual applicability, and multimodal
adaptation. Figure 6 illustrates the proposed conceptual framework developed from the findings of this
systematic literature review.

The framework conceptualises clickbait detection as an integrated linguistic and contextual modelling task
rather than a purely classification-oriented problem. It highlights the interdependence between preprocessing,
linguistic representation, feature learning, and evaluation strategies across different language and dataset
conditions, particularly in multilingual and low-resource environments.

A key contribution of the framework is its hybrid representation-fusion layer, which integrates explicitly
engineered linguistic features with contextual embedding approaches, including FastText, Word2Vec, BERT,
and transformer-based representations. This integration addresses a methodological gap identified across the
reviewed studies, where traditional linguistic features and deep contextual embeddings are commonly
implemented separately. The framework, therefore, proposes a more integrative direction for future clickbait
detection systems that balances representation richness, interpretability, and modelling flexibility.

The proposed framework is intended as a modular conceptual architecture rather than a fixed implementation
pipeline. Not all components need to be used simultaneously. Instead, the framework synthesises the
methodological dimensions identified across the reviewed studies and highlights potential integration pathways
for future research.

This conceptual framework is the review's primary contribution. Unlike previous reviews that examined
datasets, algorithms, or linguistic features separately, this study synthesises these components within a unified
methodological perspective. The framework also provides a foundation for future research on hybrid clickbait
detection systems that integrate rule-based linguistic features, contextual embeddings, and neural sequence
modelling within a single architecture.
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Figure 6

Proposed Conceptual Framework for Computational Clickbait Detection Research

Stage 1: DATA & CONTEXT DIVERSITY

Core Components: Headlines, article bodies, metadata, multilingual datasets, multimodal
signals

Research role: Captures heterogeneous content sources across languages, domains,
platforms, and modalities.

v
Stage 2: LANGUAGE-AWARE PREPROCESSING

Core Components: Tokenisation, Normalisation, Segmentation, Stop-word removal,
Language-specific handling,Noise reduction

Research role: Adapts preprocessing strategies to linguistic and dataset-specific
characteristics.

v
Stage 3: LINGUISTIC REPRESENTATION

Core Components: Lexical and stylistic, Syntatic, Semantic Features, Multimodal Linguistic
signals

Research role: Captures multi-level linguistic characteristics associated with clickbait
behaviour and attention-oriented content patterns.

v

Stage 4: HYBRID REPRESENTATION FUSION

Core Components: Handcrafted linguistic features, Word embeddings (Fasttext, Word2vec
etc), Contextual embeddings (BERT, Transformer, etc), Feature concatenation and fusion

Research role: Integrates explicit linguistic knowledge with contextual representation
learning to improve representation richness, interpretability, and modelling flexibility.

v

Stage 5: ADAPTIVE DETECTION MODELS

Core Components: Machine Learning, Deep learning, Attention Mechanism, Prompt-Based
Learning, Multimodal Architectures

Research role: Supports flexible modelling strategies across different datasets, languages,
and clickbait detection scenarios.

v
Stage 6: ROBUST EVALUATION & DEPLOYMENT

Core Components: Confusion Metrics (Accuracy, Precision, Recall, F1-Score), MCC, ROC-
AUC, Ranking-based metrics, Cross-domain evaluation, Cross-lingual robustness,
Explainability and interpretability

Research role: Evaluates model robustness, generalisability, interpretability, and practical
applicability in real-world digital media environments.
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Evaluation practices are relatively consistent across studies, with most research relying on
conventional classification metrics such as accuracy, precision, recall, and Fl-score. While this
supports comparability, it also reflects a narrow formulation of clickbait detection as a classification
problem. More recent studies have begun to explore ranking-based metrics and multimodal
evaluation, but these approaches remain limited.

Overall, the findings suggest that future research should move beyond isolated improvements to
individual models or datasets and instead prioritise integrated methodological approaches that
combine linguistic insight, robust preprocessing, and advanced representation learning. Hence, such
integration is essential for developing clickbait detection systems that are both effective and
generalisable in real-world environments.

CONCLUSION

This study presents a systematic literature review of computational approaches to clickbait detection,
covering studies published between 2016 and 2025. Using a structured PSALSAR-based
methodology, the review examines datasets, preprocessing techniques, modelling approaches,
linguistic features, and evaluation metrics to develop an integrated understanding of methodological
developments in the field.

The findings demonstrate a clear evolution from feature-based machine learning methods toward deep
learning and transformer-based models. Despite this shift, linguistic information remains fundamental,
either as implicitly learned representations within neural architectures or as explicit features. The
review also identifies several persistent methodological challenges, including limited dataset diversity
across languages, inconsistent preprocessing practices, and the dominance of classification-based
evaluation frameworks.

A gap remains between linguistic feature engineering and embedding-based modelling. While both
approaches have proven effective, researchers rarely integrate them into a unified framework. This
suggests a promising direction for future research, particularly in combining rule-based linguistic
features with hybrid embedding methods to enhance representation richness and model
interpretability.

Future research may extend this work by incorporating conference publications and additional
databases to capture emerging developments. More diverse, publicly available datasets are also
needed, particularly for underrepresented languages. Thus, incorporating attention-based mechanisms
and multimodal information may further improve models' ability to capture complex clickbait
patterns, especially for headline-level detection.
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