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Abstract

The governance of hate-related online communication increasingly relies on artificial intelli-
gence, yet the scientific landscape linking computational detection methods with regulatory
and ethical frameworks remains fragmented. This study provides a systematic bibliometric
analysis of scholarship on the application of artificial intelligence to hate speech detection
in digital environments, focusing on literature that examines hate speech and online hate
through artificial intelligence, machine learning, deep learning, natural language process-
ing, and other automated detection techniques. A dataset of 2137 publications indexed
in Scopus between 2013 and 2026 was constructed and analyzed using the bibliometrix
package in R. Descriptive indicators, thematic mapping, keyword co-occurrence analysis,
citation structures, and temporal trend analysis were employed to examine the field’s
conceptual organization, methodological evolution, and publication dynamics. The results
reveal rapid annual growth, strong interdisciplinary collaboration, and a research struc-
ture dominated by language-processing methodologies, with natural language processing,
machine learning, and deep learning constituting the central analytical infrastructure. Tem-
poral patterns indicate a progression from dataset construction and feature engineering
toward neural architectures, transformer models, and increasing attention to multilingual
challenges. Overall, the findings indicate that the field remains predominantly oriented
toward the development of scalable computational detection systems, while governance-
related concerns, such as transparency, accountability, and linguistic inclusivity, emerge
as structurally secondary, albeit increasingly salient, dimensions within the broader Al-
centered research landscape.

Keywords: artificial intelligence; machine learning; hate speech; UNESCO; algorithmic
governance; digital regulation; scientometrics

1. Introduction

The regulation of hate speech occupies a structurally contested position within inter-
national human rights law, as it stands at the normative intersection of equality protection
and freedom of expression (Heinze, 2016; Brown, 2015). Foundational instruments such
as the International Covenant on Civil and Political Rights (ICCPR) simultaneously en-
shrine the protection of expression under Article 19 and impose an obligation to prohibit
advocacy of hatred constituting incitement under Article 20 (Alkiviadou, 2018). Similarly,
the International Convention on the Elimination of All Forms of Racial Discrimination
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(ICERD) establishes more explicit duties regarding racist propaganda and the prohibition
of discriminatory organizations (Kapelaniska-Pregowska & Pucelj, 2023). Scholarly analysis
consistently emphasizes that these provisions do not yield a singular, operational definition
of hate speech; rather, they articulate a contextual threshold framework contingent upon
intent, likelihood of harm, speaker authority, and prevailing social circumstances. This
approach is most systematically reflected in the Rabat Plan of Action’s multi-factor incite-
ment test (Vidgen & Derczynski, 2020). The resulting doctrinal indeterminacy acquires
heightened significance in the context of digital governance, where speech crosses juris-
dictions with divergent legal traditions and regulatory capacities, thereby complicating
the translation of international norms into platform moderation standards and automated
detection architectures (Gorwa et al., 2020; Fortuna & Nunes, 2018).

Digital communication infrastructures further intensify these tensions because plat-
form architectures do not merely host content but actively structure its visibility, am-
plification, and perceived harm (Gillespie, 2018; Matamoros-Ferndndez, 2017). Empiri-
cal research on social media governance demonstrates that algorithmic ranking systems,
engagement-driven recommendation mechanisms, and network clustering dynamics can
amplify emotionally polarizing or identity-targeted content, thereby facilitating coordi-
nated harassment and large-scale exposure (Cinelli et al., 2021; M. H. Ribeiro et al., 2020).
In contrast to traditional broadcast media, digital speech is transnational, persistent, and
frequently anonymized, rendering jurisdictional attribution and enforcement mechanisms
increasingly complex (DeNardis & Hackl, 2015). Moreover, linguistic variability, coded
discourse, and culturally embedded idioms complicate classification efforts, as the se-
mantic valence of potentially harmful expression often depends on contextual pragmatics
rather than lexical indicators alone (Davidson et al., 2017; Waseem, 2016). These structural
characteristics explain why contemporary governance of online hate speech increasingly
relies on hybrid regulatory configurations that combine formal legal obligations, platform
self-regulation, and international normative guidance rather than relying exclusively on
criminal prohibition (Jhaver et al., 2018; Chandrasekharan et al., 2017). Within this broader
context, the present study investigates the evolution of scholarship at the intersection of
hate speech, online hate, artificial intelligence, machine learning, deep learning, natural
language processing, and automated detection technologies.

2. Literature Review
2.1. International and Regional Governance Frameworks

The governance of online hate speech has increasingly been shaped by multilateral
initiatives and regional regulatory instruments that emphasize procedural operationaliza-
tion rather than purely substantive definition (N. Suzor et al., 2018). The United Nations
Strategy and Plan of Action on Hate Speech adopts an intentionally expansive policy
conception that encompasses both unlawful incitement and lawful yet harmful expression,
thereby foregrounding prevention, education, and coordinated institutional responses
(Gagliardone et al., 2015). The Council of Europe’s Recommendation CM/Rec (2022)16 sim-
ilarly conceptualizes hate speech as a layered phenomenon requiring proportionate legal,
administrative, and pedagogical interventions (Buyse, 2014). The European Union’s Digital
Services Act represents a more binding procedural model, imposing structured obligations
on large online platforms regarding transparency reporting, systemic risk assessment, user
complaint mechanisms, and the mitigation of harmful dissemination dynamics (Frosio &
Geiger, 2023). Academic commentary frequently characterizes this regulatory evolution as
a movement away from direct speech prohibition toward process-oriented accountability
regimes that regulate decision-making structures and governance procedures rather than
prescribing substantive outcomes in advance (Peitz, 2025).
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2.2. Computational Detection Methods and Their Limitations

The movement from legal definition toward procedural governance also creates a
conceptual tension for automated detection research. Surveys of the field have repeatedly
identified definitional inconsistency as a persistent limitation in computational hate speech
studies (Fortuna & Nunes, 2018; Schmidt & Wiegand, 2017). For instance, research has
shown that hate speech is frequently difficult to distinguish from offensive language in
automated classification tasks (Davidson et al., 2017). Related research also demonstrates
that dataset construction and annotation practices shape what is ultimately classified as
hateful content (Waseem & Hovy, 2016). Consequently, studies categorized as hate speech
detection research do not always examine hate speech in the narrower legal or human
rights sense. Instead, they often evaluate computational approaches for identifying broader
forms of harmful online communication, depending on the categories embedded in the
dataset and the objectives of the classification task.

Alongside these governance developments, the technical literature on automated hate
speech detection has undergone a significant methodological transformation (Schmidt &
Wiegand, 2017). Early computational approaches relied predominantly on supervised ma-
chine learning models, such as support vector machines and logistic regression, employing
manually engineered lexical and syntactic features (Nobata et al., 2016). Contemporary
systems increasingly deploy deep neural architectures, particularly transformer-based
pretrained language models such as BERT and multilingual derivatives, which enable
contextual semantic modeling through self-attention mechanisms and large-scale pre-
training across heterogeneous textual corpora (Devlin et al., 2019). These architectures
have substantially improved performance on benchmark toxicity datasets by capturing
long-range dependencies and contextual word meaning, thereby enabling more nuanced
differentiation between superficially similar utterances with distinct pragmatic implica-
tions (Zhang et al., 2018). Nonetheless, empirical research consistently demonstrates that
high benchmark accuracy does not necessarily translate into robust real-world moderation
performance, especially within multilingual or culturally heterogeneous environments
(Arango et al., 2022; Rottger et al., 2021).

A central technical challenge concerns dataset bias and representational asymmetry
(Mehrabi et al., 2021). Hate speech corpora often overrepresent English-language West-
ern social contexts, leading to systematic performance degradation for under-resourced
languages and dialectal communities (Joshi et al., 2020). Research on dialectal variation,
including African American English and other sociolects, reveals that models often misclas-
sify identity-linked linguistic features as toxicity indicators due to spurious correlations
embedded within training data (Sap et al., 2019; Blodgett et al., 2016). This phenomenon
raises profound concerns about equality, as automated moderation systems may dispropor-
tionately flag expressions from already marginalized communities, thereby reproducing
structural discrimination under the guise of algorithmic neutrality. UNESCO’s ethical
principles of inclusiveness and fairness intersect directly with these challenges. However,
within the Al-focused scholarly corpus examined in this study, the explicit translation of
UNESCO'’s Al ethics framework into concrete machine learning implementation practices
does not emerge as a dominant or consolidated line of inquiry (Floridi et al., 2018).

Explainability and accountability constitute an additional critical interface between
technical capability and normative governance. Machine learning classifiers, particularly
deep neural networks, are frequently criticized for opacity, as their internal representations
are often difficult to interpret (Lipton, 2018). Explainable Al methodologies, including
local feature attribution techniques and structured model documentation frameworks, seek
to mitigate this opacity by providing post hoc explanatory mechanisms or standardized
reporting of model limitations (Mitchell et al., 2019; M. T. Ribeiro et al., 2016). However,
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technical transparency alone cannot resolve the fundamental statistical trade-offs inherent
in automated moderation. Detection systems necessarily balance false positives, which
risk suppressing legitimate political or identity-based expression, against false negatives,
which permit harmful content to remain visible (Gorwa, 2019). Such trade-offs cannot be
eliminated through algorithmic refinement alone; rather, they necessitate normative de-
terminations concerning acceptable risk allocation, procedural safeguards, and thresholds
for human review (Selbst et al., 2019; Ananny & Crawford, 2016). Within the scope of the
present bibliometric analysis, transparency-related concepts, including explainability, inter-
pretability, and XAlI, are therefore examined in terms of their relative prominence within the
Al-centered scholarly corpus, rather than as independently analyzed doctrinal constructs.

2.3. Human Rights Implications and the Governance Gap

The technical limitations of automated detection become especially significant when
such systems are embedded within platform moderation infrastructures. Their deployment
raises broader human rights considerations regarding due process, transparency, and
accountability in corporate governance (N. P. Suzor, 2019). Scholars of platform regulation
caution that large-scale automated filtering may have chilling effects on lawful expression
when users lack meaningful avenues for appeal or clarity about moderation criteria (York
& Zuckerman, 2019; Penney, 2016). Simultaneously, platforms often resist comprehensive
transparency into their proprietary models, invoking trade secret protections and the
risk of adversarial manipulation, thereby perpetuating an accountability deficit (Burrell,
2016). UNESCO'’s governance framework addresses this structural tension by emphasizing
human-in-the-loop oversight, institutional accountability mechanisms, and continuous
system auditing, rather than relying exclusively on automated decision-making (Cath et al.,
2018). This orientation reflects an emerging consensus that Al moderation should operate
as a decision-support infrastructure embedded within deliberative institutional processes
rather than as an autonomous enforcement authority (Rahwan, 2018).

Beyond detection and sanctioning, UNESCO'’s policy paradigm foregrounds preven-
tive strategies grounded in education and social resilience (Grizzle et al., 2014). Media and
information literacy programmes, counter-speech initiatives, and intercultural dialogue
strategies are conceptualized as structural interventions targeting the socio-political drivers
of hate speech rather than its symptomatic manifestations alone (Mihailidis & Viotty, 2017).
This preventive orientation reconceptualizes Al not merely as a punitive filtering instru-
ment but as a potential analytical and pedagogical resource capable of identifying emergent
discourse patterns, supporting early-warning monitoring frameworks, and informing tar-
geted digital citizenship initiatives (Taddeo & Floridi, 2018). Such an expanded analytical
framework repositions hate speech governance from a narrow focus on classification ac-
curacy toward long-term societal capacity building, while also highlighting the need to
integrate technical moderation systems more explicitly within broader accountability and
human rights frameworks.

2.4. Research Gaps

Existing scholarship has generated substantial insights into the legal, governance,
and computational dimensions of hate speech moderation, while review studies have con-
centrated primarily on conceptual definitions, methodological approaches, and technical
advances within the field (Schmidt & Wiegand, 2017; Fortuna & Nunes, 2018). By contrast,
comparatively limited attention has been devoted to systematically mapping the intellec-
tual structure, thematic evolution, and knowledge base of research at the intersection of
hate speech and artificial intelligence. Consequently, the manner in which technological
innovation, governance challenges, and emerging scholarly priorities converge within
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this interdisciplinary domain remains insufficiently understood. These shortcomings are
particularly apparent in relation to the incorporation of normative governance principles
into Al-driven research and practice. More specifically, the extent to which UNESCO’s Al
ethics principles are translated into machine learning implementation remains inadequately
specified, particularly with respect to operational auditing procedures, multilingual data
governance, and rights-sensitive evaluation frameworks. Similarly, empirical evidence as-
sessing whether UNESCO-informed governance approaches improve moderation fairness
or reduce discriminatory outcomes remains limited. In addition, the continued dominance
of high-resource languages in natural language processing research raises unresolved
concerns regarding equitable protection across linguistically diverse populations. Collec-
tively, these limitations highlight the need for scholarship that moves beyond parallel legal
and technical perspectives and advances more integrated frameworks connecting human
rights principles with the design, evaluation, and governance of Al-mediated content
moderation systems.

3. Methods

This study employs a systematic bibliometric approach to examine the scientific land-
scape surrounding artificial intelligence methodologies for hate speech detection and their
relevance to governance-oriented frameworks. A structured dataset was constructed using
the Scopus database, selected for its extensive multidisciplinary coverage across computer
science, the social sciences, decision sciences, and the humanities (Baas et al., 2020). The
database was chosen to ensure comprehensive indexing of both computational research
and policy-oriented scholarship addressing digital content moderation while providing
standardized citation metadata suitable for bibliometric mapping, citation analysis, and
thematic network construction. Although specialized technical databases provide impor-
tant coverage of computer science and engineering research, the use of Scopus as a single
source ensured methodological consistency, comprehensive multidisciplinary coverage,
and a uniform metadata structure throughout the analytical process (Schotten et al., 2017).
To curate the dataset, a targeted search query was developed. The search query used is
as follows:

TITLE-ABS-KEY ((“hate speech” OR “online hate” OR “digital hate”) AND (“artificial
intelligence” OR “machine learning” OR “deep learning” OR “natural language process-
ing” OR “automated content moderation” OR “algorithmic detection”)) AND (LIMIT-TO
(SUBJAREA, “COMP”) OR LIMIT-TO (SUBJAREA, “DECI”) OR LIMIT-TO (SUBJAREA,
“ARTS”) OR LIMIT-TO (SUBJAREA, “SOCI”)) AND (LIMIT-TO (DOCTYPE, “ar”) OR
LIMIT-TO (DOCTYPE, “cp”)) AND (LIMIT-TO (LANGUAGE, “English”)).

The temporal scope encompassed publications from 2013 to 2026, with 2013 represent-
ing the earliest publication year retrieved by the search query and marking the emergence
of indexed scholarship on Al-based hate speech detection within the dataset. The screening
and selection procedures adhered to the PRISMA 2020 guidelines to ensure transparency
throughout the identification, eligibility assessment, and inclusion stages (Page et al., 2021).
Duplicate records, non-English publications, and materials falling outside the defined
thematic scope were excluded (see Figure 1).

Following the construction and refinement of the dataset, the analytical process pro-
gressed through successive bibliometric stages to capture both the field’s structural compo-
sition and developmental trajectory. Descriptive statistics were first generated to evaluate
annual scientific output, citation performance, document typologies, authorship distribu-
tion, and patterns of collaboration. These indicators facilitated the identification of growth
phases, shifts in publication formats, and evolving configurations of collective research
activity. Particular emphasis was placed on accelerating publication rates over time and on
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the distribution between conference proceedings and journal articles, given the domain’s
technological orientation. All data processing and quantitative analyses were conducted
using the bibliometrix package in R, thereby ensuring systematic metadata management
and analytical reproducibility (Aria & Cuccurullo, 2017).

[ Identification of studies via the Scopus Database ]
=
£ Total number of records identified
«
é through the Scopus database
= (n=2664)
<
L]
P v

Records were excluded at the title
Total number of records screened, and abstract screening stage if they
did not address hate speech, AI-

based on relevant Scopus subject
based detection, or the technological

Screening

S and governance dimensions of online
(n=2664) content moderation
(n=527)
—
< Total number of studies included for
= bibliometric analysis
= (n=2137)

Figure 1. PRISMA 2020 flow diagram of the selection process.

Subsequent stages focused on mapping the conceptual and intellectual architecture of
the research landscape. Frequency analyses and co-occurrence networks were constructed
to identify dominant thematic clusters and structural interconnections among recurrent
research elements. This approach enabled the detection of thematic concentrations and clar-
ified how methodological innovations and problem-oriented research trajectories interact
within the broader domain. Science mapping techniques were used to visualize thematic
positioning based on centrality and density, thereby distinguishing foundational, consoli-
dated, specialized, and emerging areas of inquiry. Temporal analyses further traced the
evolution of research priorities, illuminating shifts in methodological orientation and the
diffusion of advanced modeling approaches. Complementary network analyses, including
collaboration structures and citation patterns, supported the interpretation of the field’s
institutional organization and knowledge flows.

Collectively, these procedures provide a coherent analytical framework for examining
the structural dynamics and conceptual development of Al applications in hate speech
research within a multidisciplinary context. At the same time, certain methodological con-
straints delimit the scope of interpretation. The search strategy was deliberately designed
to capture literature located at the intersection of hate speech and Al methodologies; by
incorporating computational descriptors such as “machine learning,” “deep learning,” and
“natural language processing,” it structurally prioritizes technically oriented scholarship.
Consequently, regulatory or doctrinal analyses that address hate speech governance with-
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out explicit reference to Al-related terminology may be underrepresented. Furthermore,
inclusion was based on the presence of the selected search terms in titles, abstracts, or
keywords; therefore, hate speech was not necessarily the sole focus of every retrieved
publication. In addition, the restriction to English-language publications necessarily shapes
the proportional representation of scholarship produced in non-Anglophone regulatory
contexts. Additionally, records for 2025-2026 reflect the state of database indexing at the
time of data extraction; associated bibliometric indicators should therefore be interpreted
in light of the evolving nature of database coverage. Finally, while bibliometric analysis
enables the identification of patterns in publication output, citation structures, and thematic
associations, it does not directly measure regulatory effectiveness or institutional impact;
references to governance implications in this study thus pertain to the structural positioning
of such concepts within the research landscape rather than to an empirical evaluation of
policy outcomes.

4. Results

The results section presents the empirical findings of the bibliometric analysis, iden-
tifying the structural themes, methodological trajectories, and publication patterns that
characterize contemporary research on computational hate speech detection. These findings
are systematically organized around thematic mapping, keyword distribution, temporal
trends, citation structures, and descriptive statistical indicators.

4.1. Descriptive Statistics

In Table 1, the descriptive statistics are depicted for the bibliometric dataset covering
the period 2013-2026, synthesizing key indicators of publication output, citation patterns,
authorship configuration, and document typology. The corpus comprises 2137 documents
distributed across 933 distinct sources, revealing considerable dispersion across journals,
conference proceedings, and edited volumes. An annual growth rate of 34.69 percent signals
pronounced expansion, indicating that scholarly activity in this domain has accelerated
sharply over the past decade. The relatively low average document age of 3.34 years further
confirms the field’s recency, underscoring its ongoing dynamism and developmental
fluidity. This temporal concentration closely corresponds to the broader proliferation of
artificial intelligence and machine learning methodologies in recent years. An average of
16.28 citations per document suggests moderate citation impact, characteristic of a domain
that is both active and consolidating, rather than one that has reached paradigmatic stability.
The presence of 10,926 cited references points to extensive intertextual engagement and a
dense network of methodological and conceptual cross-referencing.

Regarding content descriptors, the dataset contains 5427 Keywords Plus entries and
3178 author-provided keywords. The disparity between these figures reflects the interplay
between database-generated indexing expansion and author-driven conceptual framing.
The high overall volume of keywords indicates substantial thematic diversity, suggest-
ing methodological pluralism and ongoing conceptual experimentation within the re-
search landscape.

Authorship patterns reveal that 5812 authors participated, yet only 89 produced
single-authored documents. Although 99 publications are single-authored, the average
of 3.74 co-authors per document points to a predominantly collaborative research culture.
This collaborative orientation is further reinforced by an international co-authorship rate of
24.66 percent, indicating the existence of transnational research networks. The technical
complexity inherent in computational modelling, dataset curation, and algorithmic evalua-
tion likely necessitates interdisciplinary collaboration that integrates expertise in linguistics,
computer science, data science, and social analysis.
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Table 1. Descriptive Statistics.

Description Results
MAIN INFORMATION ABOUT DATA
Timespan 2013:2026
Sources (Journals, Books, etc.) 933
Documents 2137
Annual Growth Rate % 34.69
Document Average Age 3.34
Average citations per doc 16.28
References 10,926
DOCUMENT CONTENTS
Keywords Plus (ID) 5427
Author’s Keywords (DE) 3178
AUTHORS
Authors 5812
Authors of single-authored docs 89
AUTHORS COLLABORATION
Single-authored docs 99
Co-Authors per Doc 3.74
International co-authorships % 24.66
DOCUMENT TYPES
article 634
conference paper 1503

The distribution of document types demonstrates a clear predominance of conference
papers (1503) over journal articles (634). This imbalance reflects the publication norms
characteristic of computer science and artificial intelligence, where conference proceedings
frequently serve as the primary venue for disseminating cutting-edge findings. The promi-
nence of conference outputs implies rapid methodological iteration and comparatively
short research cycles, consistent with the pace of technological innovation in machine
learning and natural language processing.

Ultimately, these descriptive indicators portray a rapidly expanding, highly collab-
orative, and methodologically agile field. The concentration of recent publications, the
density of thematic descriptors, and the dominance of conference-based dissemination
collectively signal strong alignment with computational research traditions and underscore
the emergent yet consolidating character of automated hate speech analysis (see Table 1).

4.2. Annual Scientific Production

The graph in Figure 2 shows the annual number of published articles from 2013 to
2026, thereby tracing the longitudinal expansion of computational research on hate-related
content. The temporal distribution reveals a pronounced transformation from marginal
scholarly activity to sustained, high-volume production. The initial phase, spanning 2013
to 2016, is marked by extremely limited output: one article in 2013, one in 2015, and two
in 2016. This sparse production indicates that computational approaches to hate speech
had not yet coalesced into a distinct and rapidly advancing research domain. The low
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publication density suggests exploratory efforts dispersed across adjacent fields rather
than a consolidated scholarly trajectory. A modest inflection point becomes visible in 2017,
with seven published articles. Although still limited in scale, this increase signals the early
aggregation of thematic and methodological attention.

Year Published

450

315
264
250
200
168
150
100 %2
M 48 I 48
50
0 1 1 2 —
2017 2018 2019 2020 2021 2022 2023 2 2025 2026

2013 2015 2016

Number of Articles Published

Figure 2. Annual Scientific Production.

A decisive structural shift emerges in 2018, when annual output rises sharply to
48 articles, followed by continued expansion to 92 in 2019. This period coincides with
the consolidation of neural network architectures and the widespread diffusion of deep
learning techniques within natural language processing. The rapid adoption of these
modelling paradigms appears to have catalyzed publication activity, lowering technical
barriers and enabling scalable detection experiments across an increasingly available set of
social media datasets.

From 2020 onward, the trajectory enters a phase of accelerated, near-exponential
growth. Publication output increases to 168 articles in 2020 and to 264 in 2021, representing
a near-doubling within two years. Expansion continued in 2022, with 315 articles, and inten-
sified further in 2023, with 392 publications. The peak occurs in 2024, reaching 450 articles,
the highest annual production recorded in the dataset. The steep upward curve between
2019 and 2024 reflects not merely incremental growth but a structural transformation of
the field. During this period, computational hate speech analysis evolves from a special-
ized subdomain into a central and highly institutionalized research priority, attracting
sustained scholarly investment across computer science, linguistics, and interdisciplinary
governance studies.

A partial decline is observable in 2025, with output decreasing to 349 articles. How-
ever, this figure remains substantially above all pre-2021 levels and does not indicate a
substantive contraction of research activity. Rather, it may reflect indexing delays, database
coverage dynamics, or the beginning of stabilization following rapid expansion. The 2026
value of 48 articles is clearly incomplete and most plausibly represents a partial reporting
year; it should therefore not be interpreted as evidence of a downturn.

Overall, the annual production pattern delineates three analytically distinct stages: an
exploratory phase prior to 2017, characterized by minimal output; a consolidation phase
between 2018 and 2019, marked by steady growth and methodological alignment; and an
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acceleration phase from 2020 to 2024, defined by exponential expansion. The magnitude
and velocity of growth in the latter period underscore that computational analysis of hate
speech has become a core and rapidly evolving research agenda, driven by advances in
machine learning and natural language processing and reinforced by intensifying societal
and regulatory attention to online harms (see Figure 2).

4.3. Most Relevant Author Keywords

Figure 3 presents the most salient author keywords, ranked by frequency of occur-
rence in the dataset. The distribution is markedly concentrated around a limited set of
highly recurrent terms. With 740 occurrences, the expression ‘hate speech” overwhelm-
ingly dominates the corpus, signaling strong thematic coherence and minimal dispersion
toward adjacent or loosely affiliated phenomena. This concentration demonstrates that the
dataset is not diffused across broader categories of online harm but is instead explicitly
anchored in a clearly delimited conceptual object. In descending order of frequency, natural
language processing (536 occurrences), machine learning (473), and deep learning (444)
follow closely behind. The proximity among these methodological descriptors suggests
that computational modelling does not merely supplement the field but constitutes its
epistemic foundation. Their prominence indicates that algorithmic approaches function
as the principal analytical infrastructure through which the phenomenon is interrogated
and operationalized.

natural language processing @
machine learning @
deep learing o)
hate speech detection @
social media @

bert

Author's Keywords

text classification
sentiment analysis:
twitter

0 200 400 600
Occurrences

Figure 3. Most Relevant Author Keywords.

A second tier of keywords reflects increasing technical specificity and task orientation.
The term’ hate speech detection” appears 325 times, indicating a notable shift from concep-
tual framing to applied system development. Although less frequent than the core phe-
nomenon and the broader methodological categories, it is present in substantial numbers,
indicating that a significant proportion of the literature is explicitly dedicated to operational
detection and classification tasks. The recurrence of social media (293 occurrences) further
situates the empirical focus within platform-mediated communication environments, indi-
cating that digital platforms serve as the primary data source and application context for
algorithmic interventions.

More specialized methodological terms appear less frequently: the BERT model is
mentioned 155 times, text classification 146 times, and sentiment analysis 134 times. The
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relatively limited visibility of specific architectures compared to broader methodological
paradigms suggests a preference for general computational frameworks over particular
technical implementations. Twitter, with 116 occurrences, represents a common empirical
focus, indicating that datasets are concentrated around a limited number of platforms.

Ultimately, the keyword distribution outlines a research landscape shaped by the in-
tersection of a clearly defined social phenomenon and computational language-processing
techniques. The prevalence of methodological descriptors among the most frequent terms
indicates that the literature is primarily structured around algorithmic detection frame-
works, with digital communication platforms as the primary empirical environment for the
development, testing, and deployment of these systems. Equally revealing is the absence
of governance-oriented concepts among the most prominent keywords. Terms associated
with regulation, accountability, transparency, platform governance, and human rights do
not emerge as dominant thematic markers, suggesting that the field remains principally
oriented toward technical detection challenges, while broader governance concerns occupy
a comparatively peripheral position within the research landscape (see Figure 3).

4.4. Trend Topics

The trend topics graph in Figure 4 traces the temporal evolution of selected author
keywords from 2019 to 2025. Horizontal lines denote the duration of prominence for
each term, while bubble size represents relative frequency. Taken together, these visual
cues illuminate shifts in methodological orientation and the progressive consolidation of
thematic priorities within the field.

large language models - )

low-resource language - °

encoder ions from (bert)- o
hate speech detection - )
artificial intelligence - O

cyberbullying - L ]

hate speech -
natural language processing - L
machine learning - L Tomfreqtency
E 0 0
twitter - L
]
4 @ w0
transfer learning - ® ® s

neural networks - ®
abusive language - L4
offensive content - ®
hate-speech - °
social media mining - .
n-gram - °

data annotation - °

crowdsourcing -

2019
2021
2023
2025

Year

Figure 4. Trend Topics.

The earliest phase, spanning approximately 2019 to 2021, is marked by the promi-
nence of terms such as crowdsourcing, data annotation, n-gram, and social media mining.
These keywords reflect an initial stage primarily focused on infrastructure development:
constructing labeled datasets, refining annotation protocols, and extracting data from
platform-based environments. The visibility of crowdsourcing and annotation during
this period indicates that substantial effort was directed toward assembling supervised
learning corpora to support computational classification tasks. Likewise, the presence
of n-gram signals relies on conventional text-representation techniques, characteristic of
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pre-transformer approaches grounded in feature engineering rather than contextualized
semantic modelling.

Beginning around 2021, a discernible methodological transition emerges. Terms such
as neural networks, transfer learning, and machine learning expand both in temporal
span and frequency, signaling a shift toward more sophisticated modelling strategies. By
2022-2023, natural language processing and hate speech have increased in prominence,
with larger bubble sizes reflecting intensified research activity. This phase suggests a
movement from exploratory experimentation toward methodological consolidation. Com-
putational approaches, particularly those centered on language-based detection systems,
appear to have matured into standardized analytical frameworks, reinforcing the structural
centrality of NLP-driven architectures within the domain.

The most recent period, extending into 2024-2025, introduces keywords such as large
language models, low-resource language, and bidirectional encoder representations from
transformers. Their emergence signals a new stage characterized by technological re-
finement and conceptual expansion. The emergence of large language models signals
engagement with generative, transformer-based architectures operating at scale, while
attention to low-resource languages reflects growing concern for linguistic inclusivity and
cross-lingual adaptation. This development suggests that the field is gradually extend-
ing beyond high-resource, predominantly Anglophone datasets toward more globally
representative linguistic contexts.

Throughout the period, artificial intelligence and hate speech detection remain visible,
underscoring their structural embeddedness within the research trajectory. Despite evolving
methodologies, the core objective remains stable: the computational identification, classifica-
tion, and mitigation of harmful linguistic content in digital communication environments.

Overall, the temporal configuration reveals three analytically distinct yet sequential
phases: an initial infrastructure-building stage focused on annotation and feature extraction;
a consolidation phase centered on neural and NLP-based modelling; and a recent expansion
toward transformer architectures and multilingual challenges. This progression reflects not
only increasing technical sophistication but also a widening epistemic and linguistic scope
in the automated analysis of hate speech (see Figure 4).

4.5. Thematic Map

The thematic map organizes keyword clusters along two analytical dimensions: cen-
trality, which represents the degree of interaction with other themes in the network, and
density, which indicates the internal development and conceptual cohesion of a cluster.
The four resulting quadrants distinguish motor themes (high centrality, high density), basic
themes (high centrality, low density), niche themes (low centrality, high density), and
emerging or declining themes (low centrality, low density).

The cluster comprising hate speech, machine learning, and deep learning is located
within the basic themes quadrant. Its high centrality demonstrates its role as a structural
core of the dataset, maintaining extensive connections with other thematic domains. How-
ever, its relatively low density indicates that the cluster remains conceptually broad and
internally diverse. The combination of the social phenomenon of hate speech with broad
methodological approaches such as machine learning and deep learning suggests that
the field is primarily structured around applying computational techniques to a specific
societal issue. Rather than constituting a highly specialized subdomain, this cluster serves
as a foundational axis around which more technically differentiated themes are organized.

In contrast, the cluster comprising natural language processing, hate speech detec-
tion, and text classification falls within the motor themes quadrant. Its combination of
high centrality and high density indicates both strong integration within the broader the-
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matic network and significant internal consolidation. This suggests that language-centered
computational detection has reached methodological maturity, as evidenced by stable
terminology and frequent use. The prominence of text classification in this cluster high-
lights the operational focus on automated categorization of textual data, confirming that
computational language analysis is the field’s primary technical trajectory.

The upper-left quadrant contains the cluster of support vector machine, random forest,
and logistic regression, which are categorized as niche themes. Although these approaches
are well-developed internally, their relatively low centrality suggests limited interaction
with dominant thematic areas. This suggests that classical machine learning methods
persist in specific research strands but no longer define the field’s main direction. Their
continued presence reflects methodological continuity rather than current centrality. Finally,
the cluster comprising BERT, a convolutional neural network, and an LSTM occupies the
emerging or declining quadrant. Their low density and limited centrality indicate that
these architectures, while technically significant, have not yet formed a cohesive, widely
integrated thematic core within the dataset. This may reflect transitional dynamics in model
architectures or fragmentation across specific applications.

Collectively, the map illustrates a field anchored in computational detection method-
ologies, with increasing consolidation around natural language processing. The thematic
structure emphasizes the dominance of technical approaches to hate speech analysis and de-
lineates a clear empirical context for situating broader governance and normative questions
(see Figure 5).

support vector machine
random forest
logistic regression

natural language processing
hate speech detection
text classification

Development degree
(Density)

hate speech
machine learning
deep learning

bert
convolutional neural network
Istm

Relevance degree
(Centrality)

Figure 5. Thematic Map.

4.6. Top Ten Most Cited Papers

In Table 2, the top ten most cited papers are reported along with their total citation
counts. Survey-oriented and framing contributions occupy a foundational position. Most
prominently, Schmidt and Wiegand (2017), with 1136 citations, consolidate hate speech
detection as a task within natural language processing while simultaneously foregrounding
definitional ambiguity, contextual dependence, and the centrality of annotation practices.
Their review systematizes modelling strategies and identifies persistent constraints, includ-
ing dataset and domain dependence, limited cross-dataset comparability, and substantial
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annotation variability. In parallel, Gorwa et al. (2020), cited 630 times, reconceptualize
algorithmic content moderation as a socio-technical governance infrastructure rather than
a purely technical classification problem. By emphasizing scale, institutional embedding,
and the political consequences of classification choices, the analysis demonstrates that
improvements in predictive accuracy alone cannot resolve concerns related to opacity,
accountability, and legitimacy. Taken together, these two publications delineate the concep-
tual perimeter of the domain: one consolidates its technical foundations, while the other
situates detection systems within regulatory and institutional architectures.

Table 2. The Top Ten Papers With the Most Citations.

Paper Total Citations

(Schmidt & Wiegandf 2017) Socialnlp—Int Worl.<shop ‘Nat Lang 1136
Process Soc Media, Proc Workshop Afnlp Sig Socialnlp

(Badjatiya et al., 2017) Int World Wide Web Conf, WWW Companion 1013

(Nobata et al., 2016) Int World Wide Web Conf, WWW 985

(Gorwa et al., 2020) Big Data Soc 630

(Zampieri et al'., 201.9). Naacl Hlt—Conf N Am Chapter Assoc 616

Comput Linguistics: Hum Lang Technol—Proc Conf

(Burnap & Williams, 2015) Policy Internet 511

(Gamback & Sikdar, 2017) Proc Annu Meet Assoc Comput Linguist 462

(Mathew et al., 2021) AAAI Conf Artif Intell, AAAI 452

(Watanabe et al., 2018) IEEE Access 369

(Kwok & Wang, 2013) Proc AAAI Conf Artif Intell, AAAI 345

Methodological consolidation and acceleration are strongly reflected in highly cited
deep learning contributions. Badjatiya et al. (2017), with 1013 citations, report neural net-
work experiments for tweet-level hate speech detection, demonstrating performance gains
over earlier feature-engineered baselines on benchmark datasets. The study exemplifies the
transition from manual feature construction to distributed representations and end-to-end
learning architectures. Complementing this trajectory, Gamback and Sikdar (2017), cited
462 times, introduce a convolutional neural network model for classifying short Twitter
texts into racism and sexism categories, thereby reinforcing the applicability of neural ap-
proaches in noisy, user-generated language environments. A related operational orientation
appears in Watanabe et al. (2018), with 369 citations, where a lexicon-driven data collection
strategy is combined with supervised classification to distinguish hateful, offensive, and
neutral content. Collectively, these works entrench the treatment of hate-related content as
a detection task centered on extracting linguistic signals, with deep learning architectures
emerging as the methodological standard.

A further cluster of highly cited publications provides the empirical and taxonomic in-
frastructures that enable cumulative research. Nobata et al. (2016), cited 985 times, develop
large-scale abusive language detection across multiple topical domains using annotated
user comments. The study explicitly demonstrates the limitations of keyword-based fil-
tering and highlights cross-domain variability, thereby underscoring the contextual and
distributional sensitivity of abusive language classification. Zampieri et al. (2019), with
616 citations, advances taxonomic refinement through a hierarchical annotation framework
for offensive-language identification, distinguishing among offensive and non-offensive
content, targeted versus untargeted offense, and the nature of the target. This layered
structure extends analytical granularity beyond binary hate detection, enabling more differ-
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entiated evaluation protocols. Earlier dataset-driven modelling is exemplified by Kwok
and Wang (2013), cited 345 times, which formulates anti-Black racist content detection on
Twitter as a supervised classification task while foregrounding the methodological difficulty
of identifying low-base-rate harmful content within high-volume communication streams.

Another influential strand connects detection to governance-relevant contexts, inter-
pretability, and decision support. Burnap and Williams (2015), with 511 citations, utilize
human-annotated Twitter data following a specific event to train classifiers and subse-
quently apply statistical modelling to analyze the temporal diffusion of cyber hate. Here,
detection is embedded within broader analytical objectives, including forecasting and
situational awareness, rather than treated as an isolated optimization exercise. More
recently, Mathew et al. (2021), cited 452 times, introduced the HateXplain benchmark
dataset, incorporating not only hate speech labels but also identified target communities
and human-provided rationales. By facilitating evaluation of model explanations and bias
alignment, this framework reorients evaluative emphasis from predictive performance
alone toward transparency, interpretability, and accountability.

To conclude, across the table, citation prominence converges around three interrelated
functions: defining the conceptual and methodological boundaries of hate speech detec-
tion; consolidating technical practice through reusable neural baselines; and constructing
datasets, taxonomies, and analytical infrastructures that enable governance-aware assess-
ment. For scholarship on international policy and legislative frameworks for platform
moderation, the most salient conceptual bridge emerges when detection systems are held
accountable through structured taxonomies, transparent annotation logic, and interpretable
outputs. These elements are central to evaluating automated moderation for fairness, pro-
portionality, and regulatory oversight, thereby linking computational detection practices to
normative and institutional considerations (see Table 2).

5. Discussion

The bibliometric evidence indicates that research on automated hate speech analysis
has evolved into a distinctly technology-centered domain, with computational language
modelling as the primary analytical orientation. The thematic structure reveals that the
conjunction of hate speech with machine learning and deep learning functions as the
principal organizing axis of the literature. Its position as a highly connected yet internally
heterogeneous cluster suggests that a single dominant modelling paradigm does not define
the field; rather, it is unified by the shared deployment of algorithmic approaches to a
common social problem. By contrast, the cluster linking natural language processing with
detection and classification appears both internally cohesive and structurally influential,
indicating that language-driven automated categorization has consolidated as the most
stable methodological trajectory. This configuration implies that the empirical investigation
of hate speech has largely crystallized around text-processing pipelines, while alternative
methodological strands remain comparatively marginal.

Patterns of keyword frequency reinforce this interpretation by disclosing an unusually
concentrated thematic core. The predominance of hate speech as the principal descriptor,
combined with the recurrent presence of central computational methodologies, confirms
that the literature is firmly anchored in the algorithmic operationalization of a clearly
delimited social phenomenon. Secondary terms associated with detection tasks and social
media environments underscore the applied orientation of the research, signaling that
platform-mediated communication spaces function as the primary empirical laboratory
for model development and evaluation. The relatively limited salience of specific model
architectures suggests that scholarly attention is directed less toward discrete technical
implementations and more toward scalable methodological frameworks. Taken together,
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the keyword configuration portrays a research landscape structured predominantly by
methodological functionality rather than by competing theoretical traditions.

Temporal topic evolution further elucidates the emergence of this configuration. Early
scholarly activity centered on dataset construction, annotation protocols, and conventional
text-representation techniques, reflecting the infrastructural prerequisites of supervised
learning paradigms. A subsequent phase incorporated neural modelling strategies and
placed greater emphasis on computational language processing, marking the transition from
exploratory experimentation to methodological consolidation. More recent developments
indicate the integration of transformer-based architectures alongside growing concern for
multilingual and low-resource contexts. This shift signals a movement beyond performance-
driven optimization toward broader considerations of linguistic inclusivity and global
applicability. The appearance of large-scale language models suggests that the research
frontier is now oriented toward refinement, scalability, and cross-contextual adaptation
rather than toward demonstrating the fundamental feasibility of automated detection.

Descriptive indicators in the dataset closely align with this developmental trajectory.
The rapid proliferation of publications, coupled with a relatively young average document
age, confirms that automated hate speech research is a dynamic, still-expanding scholarly
domain. High levels of collaboration and substantial international co-authorship reflect
the interdisciplinary character of the field, which necessitates integrating computational
expertise, linguistic analysis, and socio-cultural interpretation. The predominance of
conference proceedings over journal articles further signals a research culture shaped by
accelerated technological iteration and compressed innovation cycles, features commonly
associated with artificial intelligence research ecosystems. Collectively, these structural
characteristics point to a domain that prioritizes methodological experimentation and
technical advancement, while theoretical consolidation remains comparatively secondary.

Citation patterns among the most influential publications provide further insight into
the intellectual structure of the field. Highly cited contributions tend to cluster around
three interconnected domains: the clarification of definitional and annotation challenges,
the demonstration of the advantages of neural architectures over earlier computational
approaches, and the development of reusable datasets and taxonomic frameworks that
support cumulative research. This distribution suggests that scholarly influence is derived
not only from improvements in algorithmic performance but also from infrastructural
contributions that standardize research tasks, benchmarking procedures, and evaluation
criteria. The prominence of studies addressing annotation practices, dataset construction,
and model interpretability further indicates a growing awareness that detection systems
should be understood not merely as technical classifiers, but as socio-technical instruments
situated within broader analytical, institutional, and regulatory environments. Neverthe-
less, the citation structure also reveals that scholarly attention remains concentrated on
the design, assessment, and refinement of detection methodologies rather than on examin-
ing the prevalence, drivers, or societal consequences of hate speech itself. Consequently,
much of the field’s intellectual impact continues to stem from advances in classification
techniques, data infrastructures, and evaluation frameworks, rather than from empirical
investigations of hate speech as a social phenomenon.

Finally, longitudinal publication trends illustrate the transformation of automated hate
speech analysis from a peripheral research endeavor into a large-scale and institutionalized
scholarly agenda. Limited output before the late 2010s gave way to steady growth and,
subsequently, rapid expansion, coinciding with the widespread adoption of deep learning
techniques in natural language processing. The sustained high volume of publications
in subsequent years indicates that computational hate speech analysis has become firmly
established as a central research priority. This expansion reflects both technological matura-
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tion and intensifying societal concern regarding digital communication risks, suggesting
that methodological innovation and external institutional pressures have jointly contributed
to the field’s consolidation.

Overall, the cumulative bibliometric evidence portrays a research domain whose empir-
ical core remains firmly anchored in automated language processing and scalable detection
systems. The predominance of computational methodologies, the concentration of empir-
ical inquiry on social media platforms, and the sustained growth in publication output
collectively suggest that scholarly attention has been directed primarily toward enhancing
detection capabilities. In contrast, the comparatively limited visibility of governance-related
themes indicates that normative and regulatory considerations have received considerably
less attention than methodological advancement. This imbalance is particularly significant
because automated hate speech detection systems do more than identify harmful content;
they influence the conditions under which expression, participation, and protection are
negotiated within digital public spheres. Although such technologies may contribute to
safeguarding targeted communities and reducing exposure to harmful communicative envi-
ronments, they may also restrict lawful expression or reproduce existing biases affecting
minority groups when implemented without adequate safeguards for transparency, account-
ability, and proportionality. Taken together, these findings point to a persistent gap between
progress in computational detection and the governance mechanisms necessary to ensure
that digital content moderation remains both rights-sensitive and publicly accountable.

6. Conclusions

This study demonstrates that research on computational hate speech detection has
consolidated around language-processing methodologies that serve as the field’s dominant
analytical infrastructure. Bibliometric evidence indicates that natural language processing,
machine learning, and deep learning collectively constitute the structural core through
which hate-related communication is operationalized, categorized, and empirically in-
terrogated. Thematic mapping reveals that broad computational paradigms provide the
foundational axis of the research landscape, while language-centered detection systems
exhibit the highest degree of methodological consolidation and internal coherence. At
the same time, classical machine-learning approaches persist within specialized research
strands, and emergent neural architectures continue to surface without yet crystallizing
into fully integrated thematic cores. These patterns point to a domain characterized by
simultaneous methodological stabilization and ongoing architectural experimentation.

Temporal analysis further delineates a sequential developmental trajectory. Initial
scholarly activity centered on the construction of annotated datasets, the refinement of
labelling protocols, and the application of conventional feature-engineering techniques
required for supervised classification. This infrastructure-building phase was succeeded by
a period of consolidation marked by the widespread adoption of neural modelling strategies
and the normalization of language-processing pipelines as the default analytical framework.
More recent developments signal a turn toward transformer-based architectures and an
expanding focus on multilingual and low-resource contexts. This progression reflects not
only increasing technical sophistication but also a growing recognition that computational
detection systems must operate across heterogeneous linguistic environments and globally
distributed communication platforms.

Descriptive indicators reinforce the interpretation of a rapidly expanding and techno-
logically dynamic research ecosystem. A pronounced annual growth rate, the concentration
of publications within recent years, and elevated levels of collaborative authorship col-
lectively demonstrate that Al-driven hate speech detection has matured into a large-scale
interdisciplinary research priority. The predominance of conference proceedings over
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journal articles further suggests that innovation cycles remain closely aligned with the
accelerated rhythms characteristic of contemporary artificial intelligence research cultures.
Citation patterns among the most influential studies indicate that scholarly impact is concen-
trated in contributions that clarify annotation practices, develop reusable and benchmark
datasets, and establish methodological baselines for neural classification. This distribu-
tion underscores the centrality of infrastructural and evaluative frameworks alongside
incremental improvements in predictive performance.

Collectively, these findings suggest that the scholarly literature is primarily oriented
toward the development of scalable algorithmic detection systems, with social media
platforms constituting the dominant empirical setting for their design, testing, and im-
plementation. This technical focus carries important governance implications. First, the
operational categories employed in computational detection may blur the distinction be-
tween hate speech as a legal and human rights concept and broader forms of harmful
online communication, such as offensive language, toxicity, and abuse. Second, automated
detection systems may have significant implications for freedom of expression when classi-
fication errors result in the removal, demotion, or indirect suppression of lawful content.
Third, the limited prominence of governance-related concepts within the keyword structure
indicates that issues such as fairness, accountability, and transparency remain secondary
to the development of detection capabilities. Taken together, these challenges underscore
the need for transparent, accountable, and proportionate governance frameworks that
extend beyond measures of classification performance and address the broader social and
normative consequences of automated content moderation.

Future research should move toward more fully operationalized forms of interdis-
ciplinary integration that connect computational modelling practices with governance-
oriented evaluative criteria. Particularly, funding agencies and research councils could
incorporate multilingual benchmark evaluation and subgroup-sensitive performance as-
sessment as explicit project requirements. Such measures would strengthen the structural
alignment between technical development and normative commitments to equity, ensur-
ing that questions of fairness are not treated as peripheral add-ons but as constitutive
dimensions of system design. In parallel, leading conference venues in computational
linguistics and Al might establish dedicated tracks or workshops that explicitly link mod-
elling performance to fairness auditing and regulatory compliance frameworks, thereby
institutionalizing dialogue between technical innovation and public accountability.

Greater attention to interpretable decision-making workflows can be advanced by
systematically integrating established explanation techniques, such as LIME, SHAP, and
counterfactual explanation methods, alongside structured documentation instruments,
including model cards and dataset datasheets. Embedding these tools within content moder-
ation pipelines would facilitate more transparent reporting of system limitations, epistemic
uncertainties, and decision rationales, particularly in high-impact deployment contexts
where automated judgments may carry significant social consequences. Such integration
would also promote more reflexive forms of model evaluation, encouraging practitioners to
articulate the normative assumptions embedded within algorithmic architectures.

Expanding empirical coverage beyond a narrow set of dominant platforms and fre-
quently reused datasets is equally imperative. A broader evidentiary base would contribute
to a more representative and contextually grounded understanding of online communica-
tive dynamics, especially across diverse linguistic, cultural, and regulatory environments.
Structured collaboration mechanisms, such as joint funding calls between computer science
and law faculties, interdisciplinary doctoral training networks, and co-organized academic-
policy workshops, offer promising institutional pathways for sustained cross-disciplinary
engagement. More fundamentally, durable collaboration among computational researchers,
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social scientists, and policy specialists is most likely to prove effective when embedded
at the design stage of research projects rather than appended retrospectively. Such early
integration ensures that Al-based hate speech detection systems evolve not merely as
technically efficient classifiers, but as accountable socio-technical instruments capable
of supporting equitable, transparent, and context-sensitive moderation practices within
increasingly complex digital communication ecosystems.
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