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Abstract: This research investigates the dynamic relationship of Artificial Intelligence (AI) and Sociolinguistics
through bibliometric mapping in association with keyword content analysis. Utilizing 69 extracted publications
(2013-2024) after systematic deduplication, the study combines quantitative trend analysis with keyword-based
thematic interpretation. From an initial collection of 98 records obtained from Scopus (n = 64) and Web of Science
(n=34), asubset of 48 publications was sampled further pursuant to their conceptual relevance. Bibliometric anal-
ysis with the software ScientoPy and VOSviewer was employed to reveal publication trajectories, top contributors,
influential journals, geographic patterns, and knowledge hot spots. This mapping was supplemented with a quali-
tative examination of the space mapped using five major terms: Computational Sociolinguistics, Natural Language
Processing (NLP), ChatGPT, language and machine learning enabling us to track prevalent themes and concepts
structuring the field. These results indicate that scholarly interest in the sociolinguistic aspects of Al-mediated
communication has grown substantially, especially pertaining to language ideology, identity construction, and al-
gorithmic influence on discourse. Instead of portraying computational methods as passive and neutral tools, the
findings imply that technology such as NLP and large language models can be seen as both reproducing and desta-
bilizing linguistic hierarchies, bringing to light critical questions regarding representation, diversity, and equity in
digital space. In this work, we map the intersection of Al and Sociolinguistics through a combination of bibliometric
mapping and keyword-based interpretation, thus giving an overview of how the field has evolved over time. This
finding implies that debates about ethical and culturally inclusive Al design are coalescing into prominence in the
literature.
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1. Introduction

Artificial Intelligence (Al) is not just transforming technology and industry, but also altering the way users com-
municate and express themselves in modern communication systems. This mechanism has recast Al as a strategic
instrument of ideological production via reproduction of social values in language. It has also been found in related
researches that Al does have bias in NLP, such as dialect difference [1]. Building on this concern, Sheng et al. [2]
and Blasi et al. [3] point out that while Al is not linguistically neutral, it simply reinforces, if anything, dominant
language representations, and, by extension, perhaps marginalizes those variation types that were simply not part
of the main training example.

From a language ideology perspective, Al can contribute to supporting linguistic hegemony, and especially
the privilege of digitally powerful languages like English, a situation that explicitly or implicitly contributes to the
marginalization of minority languages [4,5]. This inequality represents a new instance of linguistic inequality in the
globalized digital sphere [6]. In the daily interactions, Al users (chatbots, virtual assistants) are exposed to systems
that reflect a form of meta-linguistic normalization, reinforcing the dominant linguistic practices and discarding
sociolinguistic diversity [7,8].

Al transforms portrayals of everyday language (in public discourse as well as in informal intersubjective com-
munication). Text-based NLP assists in shaping language patterns online [9] while Al helps influence pronunciation,
intonation, and even users’ sense of linguistic identity. In subsequent work, Twitter has served as an important site
for discourse analysis of digital sociolinguistic dynamics, including: syntactic change in dialect variation such as
African American English [10], dialectal variation in modal constructions [11], and individual celebrity identity en-
actment through linguistic imperfection features [12,13]. Extensive research into vocabulary change has also been
undertaken using Twitter corpora in Hong Kong and the Philippines [14], and the propagation of urban contact di-
alects such as Multicultural London English [15]. Ata geopolitical level digital media reproduce ethnic and linguistic
borders [16].

On the other hand, several studies have examined the relationship between Artificial Intelligence and language
learning, particularly through bibliometric approaches that map instructional and pedagogical trends [17,18]. How-
ever, these approaches rarely engage critically with the sociolinguistic dimensions highlighted in language ideology
research such as linguistic bias, identity representation, and ideological discourse reproduced by Al systems.

Regarding methodology, bibliometrics studies on Al are manifested in several fields, including operations man-
agement [19], e-commerce [20], renewable energy [21], and tourism [22]. In the area of linguistics, meanwhile, bib-
liometrics are more commonly applied to second language teaching and applied linguistics [23] and more broadly
understood as the interconnection of Artificial Intelligence studies and linguistics [24]. However, the intersection
of Al and sociolinguistics is still insufficiently researched, with few actual studies to account for. Furthermore, it
is challenging to analyze this domain owing to the need for double-edged consideration of both scientific and ideo-
logical processes and phenomena, which necessitates a conceptual and methodological merger of quantitative and
qualitative analytics.

This work attempts to address these gaps by the use of the term keyword-based content analysis with the
relativity of the broad narrative content analysis offered by Braun and Clarke [25] and Klarin [26]. The base of
keyword-based content analysis will be represented by the key unit of text that has discursive information about
ideas presented in a scientific text. The interpretation of keyword co-occurrence focuses primarily on the repre-
sentation of the co-word as a sign of the connection between the ideas and directions of research, the evolution of
learning. This is a branch of framework-based approaches [27,28] that consider research as a complex structure
to be read from the keyword level. Thus, the co-word analysis allows for interpreting the themes of the discourse
through the interaction of keywords while using bibliometric data.

An initial literature search with the terms “artificial intelligence,” “Al,” “sociolinguistics,” “bibliometric,” and/or
“scientometric” in Scopus and Web of Science revealed a lack of individual bibliometric studies on the intersection
between Al and sociolinguistics. Literature currently available either concentrates only on A as a technique in Al,
simply on sociolinguistic theory, or applies non-bibliometric methods. This demonstrates that we do not yet have
a complete mapping of the combination of both domains.

Furthermore, an analysis of recent bibliometric studies in similar fields shows that most of them use only one
database (Scopus or Web of Science) but not both. All the current analyses do not adopt a “double-search” policy
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merging Scopus and WoS simultaneously in order to get the most exhaustive coverage. Accordingly, the joint use of
these two well-known international databases in our study is a more abundant and comprehensive literature base
compared with previous studies.

In addition to the absence of systematic mapping, previous bibliometrics have tended to be descriptive-quantitative
and rarely accompanied by qualitative layers capable of reading the ideological meanings implied in the text [29,30].
To fill this gap, this study offers nine original contributions: First, itis one of the earliest bibliometric studies that has
focused on the intersection between Al and sociolinguistics. Second, it integrates two well-recognized international
databases (i.e., Scopus and Web of Science) for a strong search strategy to achieve complete literature coverage and
high reliability. Third, it combines quantitative bibliometric methods with qualitative keyword-based content anal-
ysis to help identify scientific trends and collaborative networks as well as thematic dynamics and the language
ideology embedded in the field. Fourth, the study demonstrates an undescribed epistemic shift from earlier techni-
cal research towards more ideological analyses of the question involving linguistic bias, representation, and identity.
Fifth, revealing cross-cluster thematic connections allows us to see how technical, sociocultural, and ideological ar-
eas are woven together to form a repeated structurally interdisciplinary network of knowledge. Sixth, the finding of
a territorial recentring of the epistemic Noeth and North American perspectives, complemented by contributions
from regions such as Scandinavia and Southeast Asia. Several ideology-bearing terms frequently appear, including
“identity,” “bias,” “representation,” and “language ideology,” suggesting the presence of linguistic power dynamics
and potential bias within Al research discourse. Eight, the study traces a three-stage developmental trajectory in Al
sociolinguistics, moving from initial technical exploration to a methodological phase and ultimately toward a more
ideologically informed stage. Ninth, it positions computational sociolinguistic theory, an emerging field that has
not been extensively documented in earlier literature.

Based on these objectives, this study is designed to answer the following four research questions:

¢ RQ1: What are the trends in the growth of publications on Al and sociolinguistics?

e RQ2: Who are the key actors—authors, institutions, and countries—and what are their collaboration patterns?

¢ RQ3: What are the main keywords that emerge, and how do their connections form the thematic structure of
this field?

¢ RQ4: What research gaps have been identified, and where should future research be directed?

By foregrounding the ideological and cultural urgency of understanding Al-mediated language practices, this
work does more than fill a gap in fragmented scholarship; it starts to generate a new dialogue about how Al and
sociolinguistics are co-constituting one another in a new emergent landscape of knowledge production.

2. Materials and Methods
2.1. Research Approaches

This paper calls for a mixed-methods, exploratory design which adopts bibliometric analysis and keyword-
driven qualitative interpretation to investigate interdisciplinary research at the intersection of Artificial Intelligence
(AD) with Sociolinguistics in general. This choice reflects an effort to obtain a broad understanding of the knowledge
structure, field maturation and ideological orientation in interdisciplinary Al-language research.

Bibliometric analysis was used to map publication growth, prolific authors, journals, countries, collabora-
tion patterns, and keyword structures, providing an overview of the intellectual structure and evolution of the
field [28,30]. The utility of bibliometric visualization for detecting thematic evolution and international collabora-
tion dynamics in different scientific fields has been well established [31,32], whereas the incorporation of network
analysis allows the identification of relational and dominance structures between communities [33].

To enrich this structural mapping, the paper used a keyword-oriented content analysis and limited it to author
keywords extracted in the bibliometric phase. Descriptors were taken to be symbolic-epistemic devices that reflect
conceptual preferences and ideological allegiances in scientific discourse [26,34]. Based on principles of co-word
analysis, this method supplements quantitative bibliometric results with interpretative insights by systematically
investigating main and co-occurrent keywords, which allows researchers to grasp the thematic and ideological di-
mensions of Al and Sociolinguistics studies in depth [27].

In addition to a bibliometric mapping, the current study applies keyword-based thematic interpretation to ex-
amine how conceptual patterns develop in the selected publications. This approach, however, does not correspond
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to the full qualitative thematic analysis as outlined by Braun and Clarke (2006) [25] involving systematic coding
and a close reading on a holistic level of full texts but rather works with interpretations of thematic signs taken
from keywords.

More exactly, the relationships between author’s keywords and co-word patterns as detected by a bibliometric
tool are analyzed. Such keyword networks reveal repeated conceptual bundles and the changes in research interests
over time, particularly on topics such as Computational Sociolinguistics, Natural Language Processing (NLP), Chat-
GPT, language, and machine learning. By focusing on relationships between keywords, the study seeks to identify
wider thematic orientations across the literature, although also remaining in harmony with a bibliometric analyti-
cal approach. The focus thus is on locating conceptual trends at a broad, macro level rather than cloistering around
in-depth qualitative interpretation of full-text data.

This method offers a more macroscopic view and is less sensitive to nuances of context from individual studies
compared to traditional qualitative thematic analysis. Nonetheless, the keyword-based thematic interpretation
offers a reasonable approach to review interdisciplinary growth and recognize emerging concept trends in this
discipline.

2.2. Data Sources

The bibliographic information was obtained from Scopus and Web of Science (WoS) databases due to their
trusted, standardized metadata and high multidisciplinarity coverage [35,36]. The information was limited to bib-
liographic metadata, such as titles, abstracts, author keywords, publication sources, author affiliations and citation
metadata. These are valid for use in bibliometric mapping and content analysis based on keywords.

2.3. Article Identification

The search strategy was performed by accessing Scopus and Web of Science (WoS) databases with institutional
accounts. Literature searches were conducted in article titles, abstracts and keywords to obtain comprehensive cov-
erage of relevant studies. The search string was the Boolean search: (“artificial intelligence”) AND (“sociolinguis-
tics” OR “language ideology” OR “sociolinguistic”), which targeted at retrieving articles that were directly concerned
with the interconnection between Artificial Intelligence and sociolinguistic research. Eligibility criteria for the doc-
uments included were: (1) academic publications, such as journal papers and conference papers; (2) materials
published in English; and (3) studies detailing a focus on conversational agents and visual storytelling. Exclusion
criteria involved review articles, books, book chapters and studies not written in English, as well as screening for
references that did not fit within the thematic scope of the study. According to these criteria, 98 records were found
at the first step of search (64 in Scopus and 34 in WoS) (Figure 1). The distribution of identified records by database
is summarized in Table 1.

Search within = Article Title, Abstract, keyword
Search documents = ("artificial intelligence™) AND
("sociolinguistic” OR "sociolinguistic”)

Inclusion Criteria :

1. Regular Publications
2. Journal arlicles and conference proceedings
3. English

Selected articles for further analysis :
98 documents (Scopus 64 & WoS 34)

Exclusion Criteria :
Records excluded due 1o review articles, books,
Chapters in books, non-English language

Flnal: 69 documents

Content Analysis:
48 Documents

Bibliometric: 69
Documents

Using Scientopy to analyze N
trends, authors, institutions, and Using Scientopy to

countries, and VOSviewer to map analyze keyword
research gaps.

Figure 1. PRISMA-styled flow chart of the process for selection of articles at the level of abstract screening.
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Table 1. Article Identification Stage.

Data Source Records Identified
Scopus 64
Web of Science (WoS) 34
Total records identified 98

2.4. Screening and Deduplication

Allrecords identified from Scopus and Web of Science (WoS) were merged and subjected to a systematic screen-
ing and deduplication process using ScientoPy. Duplicate identification was performed by an automated process
that compared various menu citation fields (such as document titles, author names, published years, source titles
and DOIs) to ensure that there were no duplicate records for a given publication. As shown in Table 2, a total of
98 records were screened 64 records from Scopus and 34 records from Web of Science (WoS). During deduplica-
tion, duplicate records were found and removed from Scopus dataset but no duplicate records were detected in
WoS. A total of 35 from Scopus and 34 records from WoS were included as unique references (after removal of
duplicates) [37,38]. In summary, the deduplication process yielded a final corpus of 69 unique documents, which
were then analyzed bibliometrically. This screening phase was necessary for avoiding redundancy derived from
cross-database indexing, circumventing the inflation of bibliometric indicators and also to guarantee the quality
and reliability of further bibliometric mapping and content analysis based on keywords [39,40].

Table 2. Screening and Deduplication Results.

Source Records before Screening Duplicates Removed Records after Deduplication
Scopus 64 29 35

WoS 34 0 34

Total 98 16 69

2.5. Inclusion for Bibliometric Analysis

Following the screening and deduplication process, all 69 unique documents were fully included in the biblio-
metric analysis. As shown in Figure 2, the findings of deduplication indicate that duplicate records were only found
in the Scopus dataset and there was no record repeated in WoS [41,42]. Although some duplicate entries were ini-
tially available in Scopus, all records left after data cleaning satisfied the pre-determined inclusion criteria [43,44].

I Documents kept
[ Removed dupl.

scopus I e

10 20 30 40 50
Total loaded documents, with percentage of removed documents

o

Figure 2. Deduplication results across Scopus and Web of Science datasets.

Consequently, we did not exclude any documents during the current step of screening as it also aimed at the
elimination of duplicate records rather than relevance-based filtering. The resulting dataset of 69 unique documents
therefore represents the complete bibliometric population, providing a comprehensive basis for mapping publication
trends, authorship patterns, journal distributions, and keyword structures at the intersection of Artificial Intelligence
and Sociolinguistics. All bibliometric analyses were subsequently conducted using ScientoPy [45,46].
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2.6. Inclusion for Keyword-Based Content Analysis

Based on the bibliometric results specifically the dominant and recurrent keywords identified using ScientoPy—
purposive subset of 48 full-text articles was selected for keyword-based content analysis. This choice did not entail
exclusion by irrelevance, instead, it was a methodologically justified qualitative subsampling in order to allow deeper
thematic and ideological interpretation of the most relevant concepts extracted from the bibliometric corpus.

2.7. Data Analysis Techniques

Bibliometric analysis was performed by ScientoPy to return descriptive statistics, including annual publication
outputs, top authors and journals, country rankings, and keyword occurrence. The review was conducted descrip-
tively to describe the temporal, spatial, and conceptual structure of the research field. The qualitative phase was
carried out at the level of author keywords (as opposed to full-text documents) by conducting a keyword content
analysis. Dominant keywords extracted from the bibliometric stage were manually coded and grouped to broader
sociolinguistic themes in Microsoft Excel [47,48].

The interpretive grouping followed general principles of thematic organization, as outlined in Section 2.1,
where thematic interpretation is conceptualized as a keyword-based analytical process rather than a full qualitative
thematic analysis in the sense of Braun and Clarke (2006) [25]. Keywords were inductively clustered into groups
based on their conceptual similarities and co-occurrences as observed during bibliometric analysis, thus enabling
the capture of broader sociolinguistic issues while paralleling the analytical approach of bibliometry [49].

2.8. Methodological Limitation

The results should be interpreted considering a number of methodological limitations. The database contains
only English-written papers, which could lead to language bias as well as when research is done in other languages
not being presented. Despite the use of Scopus and Web of Science, which have standardized, high-quality metadata,
using these databases could limit coverage to studies indexed elsewhere. Thematic interpretation with a keyword-
based search, as opposed to full-text analysis, was conducted above the author keywords. This allows systematic
mapping at the macro level but could lose the contextual details that are inherent in specific studies. The thematic
grouping was done by one researcher who may have made the categories somewhat arbitrary though he made an
effort to keep them consistent. Last but not least, bibliometric visualisation is accompanied by parameter choices
(for instance minimum occurrences threshold) that structure the visibility of keyword clusters and should be seen
as analytical interventions instead of as neutral representations of the research landscape.

2.8.1. Bibliometric Analysis

The bilingual analysis as presented in the previous study, was integrated with preliminary bibliometric data
analysis using two main tools: ScientoPy and VOSviewer. Temporal trends, dominant themes and metadata filter-
ing from the Scopus database were traced by ScientoPy [50]. This option was especially appreciated since it can
return some key bibliometric expressions such as: (i) the major keywords being used, (ii) productive authors, (iii)
leading countries and affiliations, and (iv) core journals within the field. It was instrumental in scientometric anal-
yses to facilitate systematic mapping of research trends and thematic structures [51,52]. In this sense, van Eck and
Waltman [53] underscore the capacity of ScientoPy to work with large sets of bibliographic data for the develop-
ment of reproducible and structured trend analyses. VOSviewer [54,55] was used for visualization of bibliographic
coupling, co-authorship networks and keyword co-occurrence to improve the interpretability of our bibliometric
data. As an effective bibliometric tool, VOSviewer can be utilized to understand the structure of the scientific net-
work, detect clusters in topics and visualize knowledge gaps and new trends [26]. Such capabilities helped shape
evidence-based research agendas and facilitate strategic research directions that are academically and societally
impactful [28].

The combined use of these bibliometric software tools has become a common practice and is popular [37] in
safety knowledge literature is able to effectively exploit the duo of ScientoPy and VOSviewer. Further, the choice
of Scopus and Web of Science as data sources is supported by Gazali and Saad [52], who claim that pooling these
two databases provides a wider and more varied coverage of literature in cross-disciplinary bibliometric research.
With this methodology the data was treated descriptively and visually to understand the dynamics of the study
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development in terms of temporal, spatial and conceptual axes. The results of this stage thus form the basis for
the next analytical procedure, i.e., keyword-based content analysis, which is focused on the meaning and thematic
changes in the sense of co-words and dominant topics based on the keywords obtained.

2.8.2. Keyword-Based Content Analysis

Content analysis employed in this research was an experiment-oriented keyword-based content analysis method,
which aimed to probe the conceptual meaning and ideological representation of the keywords that are listed in the
literature (i.e., no reading of the article’s full text). This choice is inspired by the assumption that keywords are inter-
preted as discourse nodes that model the epistemic structure (intent) and evolution of research in a given domain.

The investigation in this research was carried out with the help of two main techniques. We utilized ScientoPy
to generate and search the top used keywords for temporal trends. The second stage of the keyword results from
ScientoPy was to analyze these terms qualitatively in Microsoft Excel by coding and grouping them into sociolinguis-
tic themes, namely identity, language ideology, linguistic representation and digital hegemony. This process was
conducted through manual work alone, using the contextual information that this domain of research focuses on.

The keyword-based content analysis approach in this study is borrowed from the modern co-word analysis
described by Braun and Clarke [25] and Klarin [26], analyzes how word co-occurrence patterns in a corpus can
be used to systematically identify, cluster and interpret key concepts in terms of objective empirical rules, so that
researchers can establish empirical thematic conceptual structures. This approach is justified by Klarin [26], who
recommends combining keyword analysis and experts’ conceptual analysis to increase the strength of a thematic
analysis. Similar work was done by Olmeda-Gémez et al. [56] which maps the landscape of knowledge in a field
through keyword cooccurrence and semantic clustering within a network structure representing discourse.

Related to this approach, this paper aims at interpreting keywords as discursive units reflecting meaning-
making process, ideological bias and epistemic orientations in scientific literature of Artificial Intelligence (Al) and
Sociolinguistics.

3. Results
3.1. RQ1: What Are the Trends in the Growth of Publications on Al and Sociolinguistics?

Figure 3 shows the temporal distribution of publications related to the themes of Artificial Intelligence and
Sociolinguistics, based on data taken from two main databases, Scopus and Web of Science (WoS), during the period
1990 to 2024. The results of this bibliometric analysis suggest that interest in it from a scientific standpoint has
started to gain momentum and concentrate after 2010 with respect to the published documents, particularly during
thelast decade. Publications retrieved from Scopus (blue circles) exhibit a variable but stable trend since 2010, with
minor peaks in 2012 (3 papers), 2014 (4 papers) and 2023 (8 papers). This indicates that researchers from various
disciplines have begun to focus their studies on issues at the intersection of Al and sociolinguistics, in line with the
development of natural language processing technology and machine-based social data analysis.

10 1 @ Scopus
WosS

Number of documents

0

1990 1995 2000 2005 2010 2015 2020 2025 2030
Publication year

Figure 3. Trends in Artificial Intelligence and Sociolinguistics Publications in the Scopus and Web of Science
Databases.
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Meanwhile, publications from WoS (marked with orange triangles) show a relatively slow trend until 2021, but
experience a sharp increase in 2024, reaching 10 reaching 10 WoS-indexed publications in one year. Figure 3 has
also been resized to maintain proportional scaling and improve readability. This peak signifies a surge in global aca-
demic attention to the integration of artificial intelligence and sociolinguistic studies, which may correspond with
the global attention toward generative Al development and its linguistic applications rather than directly resulting
from it.

Scopus’ dominance throughout most of the period indicates that many interdisciplinary publications in this
field are still predominantly found in conference proceedings and technical journals, which are more extensively
indexed in Scopus. The significant rise of WoS articles in recent years, nevertheless, might indicate that literature
on this theme is starting to be incorporated in journals with a more rigorous academic selectivity and accumulated
scientific impact.

The upward slope in both databases suggests that Computational Sociolinguistics is becoming an established
interdisciplinary field of inquiry within contemporary linguistics. This bibliometric trend indicates the growing in-
terconnectedness of Al and sociolinguistics as two strategic and interdisciplinary domains. The rise in publications
not only reflects a growth of academic interest, but also indicates great potential for theoretical inquiry and ethical
reflection in this area, especially regarding the development of technology and social consciousness concerning the
impact of language on Al.

3.2. RQ2: Who Are the Key Actors—Authors, Institutions, and Countries—And What Are Their
Collaboration Patterns?

To answer RQ 2, see Table 3 and Figure 4. Table 3 shows who the leading authors are (Strzalkowski T., Shaikh
S., etc.), how active their contributions are, and their bibliometric metrics.

Table 3. List of Most Productive and Influential Authors in Artificial Intelligence and Sociolinguistics Studies.

Pos. Author Total AGR ADY PDLY h-Index
1 Strzalkowski T. 5 0.0 0.2 40.0 4
2 Shaikh S. 4 0.0 0.1 25.0 4
3 Boz U. 3 0.0 0.0 0.0 3
4 Broadwell G.A. 3 0.0 0.0 0.0 3
5 LiuT. 3 0.0 0.0 0.0 3
6 Stromer-Galley J. 3 0.0 0.0 0.0 3
7 Taylor S. 3 0.0 0.0 0.0 3
8 Ravishankar V. 2 0.0 0.0 0.0 2
9 Ren X. 2 0.0 0.0 0.0 2
10 Briggs G. 1 0.0 0.0 0.0 1

Hebrow univ jerusaem, sroc!- ] -

Dept Commun & Learning Sci, Sweden 100%
Inst Teknol Sepuluh Nepember, Indonesia 100%

Pontificia Univ Javeriana, Colombia 0%
Roskilde Univ, Denmark 100%

Stanford Univ, United States 0%
Udayana Univ, Indonesia 100%

Univ Florida, United States 0%

Univ Gothenburg, Sweden 100%
Univ Queensland, Australia 4 | 100%

Univ Tecnol Bolivar, Colombia 0%
I Before 2024
Virginia Polytech Univ, United States I Between 2024 - 2025

I T T T T
0.0 0.5 1.0 15 2.0
Total number of documents, with percentage of docum
published in the last years 2024 - 2025

Figure 4. Institutional and National Distribution of Publications on Artificial Intelligence and Sociolinguistics and
Percentage of Recent Documents (before 2024 vs. 2024-2025).
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Table 3 presents the ten most productive and influential authors in Artificial Intelligence and Sociolinguistics
research, showing that Strzalkowski T. ranks first with five publications (h-index = 4), followed by Shaikh S. with four
publications (h-index = 4), both of whom have played a pivotal role in developing computational sociolinguistics and
Al-mediated discourse analysis. Meanwhile, a second group comprising Boz U., Broadwell G.A.,, Liu T, Stromer-Galley
J., and Taylor S., each producing three documents (h-index = 3), contributes to studies on language variation, human-
Al communication, and digital discourse, whereas Ravishankar V. and Ren X. authored two papers each (h-index = 2),
and Briggs G. produced one publication (h-index = 1). Although all authors record zero Annual Growth Rate (AGR)
and low Average Documents per Year (ADY), the Percentage of Documents in the Last 10 Years (PDLY)—40% for
Strzalkowski and 25% for Shaikh—indicates that recent research activity is increasingly concentrated among leading
contributors. In general, the results presented also confirm in this case how Strzalkowski T. and Shaikh S. dominate
over the corpus while other scholars provide sporadic and different contributions, revealing an emerging but not
yet stabilized trend going across Al literature and sociolinguistics itself as a growing interdisciplinary field, not yet
measure that is developed through collective and focused interest, rather than individual dominance.

Figure 4 illustrates the distribution of institutional contributions across countries, distinguishing publica-
tions produced before 2024 and between 2024 and 2025. The data reveal growing global diversification in Al-
Sociolinguistics research. Institutions such as the Department of Communication and Learning Sciences (Sweden),
Institut Teknologi Sepuluh Nopember (Indonesia), Roskilde University (Denmark), Udayana University (Indonesia),
University of Gothenburg (Sweden), and University of Queensland (Australia) show 100% of publications between
2024 and 2025, indicating an emerging and active research engagement. The Hebrew University of Jerusalem (Is-
rael) maintains continuity with 50% of its outputs in the recent period, reflecting sustained scholarly involvement.

Conversely, earlier contributions are dominated by Pontificia Universidad Javeriana (Colombia), Stanford Uni-
versity, University of Florida, Universidad Tecnolégica de Bolivar, and Virginia Polytechnic Institute (United States),
all showing no new publications in 2024-2025. This trend is indicative of a movement away from North American
and Latin American centrality, towards the emergence of research activity in Scandinavia, Southeast Asia and Aus-
tralia as part of a more general transnational expansion phenomenon for the Al-sociolinguistics epistemic network.

3.3. RQ3: What Are the Main Keywords That Emerge, and How Do Their Connections Form the
Thematic Structure of This Field?

Figure 5 shows the distribution of the five main keywords based on year of publication. The keyword Computa-
tional Sociolinguistics has the longest time span, starting in the early 1990s and continuing through the mid-2020s,
but only one document or fewer is recorded each year. Natural Language Processing stands out in 2021 with the
highest number of documents among all keywords in a given year. The keyword ChatGPT appears in the last two
years on record, namely 2024 and 2025. Machine Learning is identified at several scattered points in time, namely
around 2013, 2014, and 2024. Meanwhile, Language only appears once, namely in 2019. This graph shows that
each keyword has a different pattern of appearance, both in terms of time and the number of related documents.

2.00 1 @ Computational Sociolinguistics
Natural Language Processing
175 | -l ChatGPT

—-@- Machine Learning

“— Language

1.50 4

1.254

1.00 4

0.75 4

Number of documents

0.50 4

0.25 4

0.00 4

T T T T T T T T
1990 1995 2000 2005 2010 2015 2020 2025 2030
Publication year

Figure 5. Visualization of Keywords in Artificial Intelligence and Sociolinguistics.
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In addition to frequency and year of presence, the keyword co-occurrence analysis also clarifies the differen-
tiated thematic clusters in configuring the knowledge structure. Cluster 1 (red) includes terms like Computational
Sociolinguistics, Language Ideology and Bias, showing the epistemological and ideological aspects of language in
Al Cluster 2 (green): comprising Natural Language Processing, Machine Learning and ChatGPT, which is referred
to as the technological and algorithmic core of Al-based linguistic research. Cluster 3 (blue) features terms such as
Discourse Analysis, Identity Construction, or Multilingualism, which are indicative of the sociocultural trend in cur-
rent research. Thematic Markers of intersection between these clusters imply a dialectical pattern: computational
methods are now being applied to the study of sociolinguistic phenomena, and ideological and ethical debates fol-
low from these computational applications. This is an example of how the language study of Al itself is changing
from a strictly technical analysis to more analytic and socially anchored questioning.

The field is seen in clear temporal terms to move from cataloguing intellectual and technical issues (2010-
2018) to ideological and ethical ones (2019-2025). The introduction of ChatGPT and similar generative models
has hastened interest in language ideology, bias, and representativeness indicating a wider epistemological shift
within computational sociolinguistics.

3.3.1. Computational Sociolinguistics

Computational Sociolinguistics appears to have become more significant in corpus as a keyword, operating in
an explicit and implicit manner either as a methodological platform or an epistemological mediator between the
computational model and the social analysis of language. In the context of keyword-based content analysis, it mir-
rors academic teeth gnashing about how social relations are reified through statistical model engineering linguistics
features. This framework has been utilized by several works that incorporate sociolinguistic variables into Al dia-
logue modeling. For example, interactional attributes such as authoritativeness, heteroglossia, and power-relevant
phenomena—such as topkill dominance and disagreement—have been proposed to account for the complexity of
multi-party communication [57]. Furthermore, research that employed both linguistic and sociocultural cues inves-
tigated gender specific properties in social media discourse [58]. One step further, Grieve et al. [59] suggest that
(Large) Language Models (LLM) are artifacts of computational sociolinguistics, since social language varieties are
encoded in LLMs and thus linguistic justice principles should be embedded already at the model design level. Simi-
larly, Abitbol et al. [60] and Tarrade et al. [61] use French-language Twitter data to show the correlations between
linguistic patterns and socio-economic status of users and 24 illustrate how lexical novelties are spread through dig-
ital networks using big data. Departing from, but not dismissing entirely, critical readings of bias and dominance,
Nissan [62] points to the performing capacities of this paradigm through the ONOMATURGE system which uses Al
to save national languages by creating new lexical items for marginalized linguistic communities. They also show
that Computational Sociolinguistics appears not only as a technical-methodological field but as an epistemological
commitment to the inclusion of sociolinguistic relativism in Al modelling, by establishing an attending discussion
on linguistic justice, language ideology and equitable representation of language for the digital era.

3.3.2. Natural Language Processing (NLP)

The term NLP (natural language processing) appears frequently in examined corpora and implies a good-
minded concept integration in the Al interdiscipline with sociolinguistics. Through the keyword content analysis,
NLP is approached not only as a device for technically parsing language but also an ideological instrument that re-
flects and replicates contested sociolinguistic systems. Multiple papers discuss how NLP systems tend to introduce
bias towards non-standard language idiosyncrasies [63,64], where processing of dialectal and casual orthography
especially on social media poses a challenge for most systems so that they favour standard linguistic forms. Sim-
ilarly, Astuti and Sari [65] emphasize that NLP-based speech recognition often misunderstands African American
Vernacular English (AAVE) and supports digital exclusion through the linguistic “othering” process.

In the Indonesian context, Guo et al. [66] emphasize NLP approaches’ incapability to address widespread
code-mixing on regional social media; it demonstrates how mainstream systems cannot tailor themselves to soci-
olinguistic variation in the Global South. These local findings resonate with wider critiques that many NLP systems
represent majority linguistic ideologies while sidelining minority and underrepresented languages. For instance,
Waliya [67] and Tran and Stell [68] posit that NLP methodologies encode normative assumptions about language
use and spread discrimination patterns or ignore demographic properties of language production among minor-
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ity users. Similarly, Tran and Stell [68] comment that those tools are frequently constructed under those strong
assumptions on linguistic uniformity, ignoring pragmatic, contextual and cultural variation. In practice, NLP is of-
ten used to predict social traits such as demographics [4], gender [5], and personality [6] from textual data; in this
mode of application, the computer is provided with samples of human language and makes predictions about hu-
man social properties. For example, Moreno-Sandoval et al. [13] employ NLP in the exploration of lexical polysemy
in Colombian academic discourse at the university level, displaying two faces, inspired and reductive. In the clini-
cal space, Guo et al. [66] underscore that while NLP-based large language models are promising as conversational
agents in mental health care, they still have the potential to propagate semantic and ideological bias via predictive
language modeling. In general, NLP is not a neutral linguistic mechanism: it encodes epistemic and ideological
assumptions that regulate how linguistic norms and power relationships are mediated in digital environments.

3.3.3. ChatGPT

The keyword ChatGPT becomes heavily prominent within the analyzed corpus, specifically after 2023 when it
is quickly accepted into interdisciplinary conversations about Al and Sociolinguistics. In the analysis of a keyworded
corpus, ChatGPT is not merely seen as a technological object but rather as a discursive one that reifies sociolinguis-
tic stratification. In current research it has been described as both a linguistic generator and a normative actor
that constrains perceptions, values, and communicative authority in the digital world at large. Empirical work [69]
shows that ChatGPT systematically projects biases from its training on Standard English, and tends to produce re-
sponses that stereotype or suppress other serviable varieties. Also, Yibokou et al. [70] find that its partial inclusion
of Vietnamese and Mandarin dialectal variants consolidates the dominance of standard languages and threatens a
linguistic ‘recolonization’ in educational settings. Beyond linguistic priming, it impacts discourse authorship and
pedagogy: ChatGPT’s linguistic framing biases credibility appraisal of crisis information [71], while English lan-
guage learners’ (ELL) stylistic patterns are affected by structural dominance, e.g., participial clauses [72]. Similarly,
Xiao and Yu [69] and Sanei [73] caution that wholesale incorporation of ChatGPT into EFL and L2 educational con-
texts might sound the death knell for indigenous linguistic traditions along with culturally based pedagogies. Si-
multaneously, as conversations unfold, it seems that while ChatGPT is a limited medium for cultural nuance, when
critically and contextually applied to pedagogy—it holds potential for flexible learning support. Overall, the discus-
sion suggests that ChatGPT is not only a language generator but also an ideological agent that reshapes linguistic
norms, reallocates communication authority, and makes dominant variants of speech more prestigious. However,
recognizing these constraints also paves the way for creating culturally adaptive and inclusive Al technologies that
support linguistic diversity as well as equitable representation across geopolitical contexts.

3.3.4. Language

As a result, we select “Language” as the keyword which is of high frequency and more multidimensional to
connect Artificial Intelligence (AI) with sociolinguistic discourse. In a keyword-based analysis of content, domain
“language” covers the ideological spectrum from representation and social categorization to linguistic exclusion
in technological contexts. Researchers have discussed the ways in which language does not serve as a barrier, but
rather an instrument of power and social signification, in digital contexts. Laitinen et al. [74] argue that on the Inter-
net, language use replicates social inequalities and as Laitinen and Lundberg [75] stress the normative character of
Internet orthography in which language is a field of power and agency enacting discursive chronotopes. Similarly,
Goel et al. [76] and Gonzales [77] position language as a social marker that is traded over digital networks with
social mobility and network connectivity affecting rates of linguistic adoption and change.

Syntactic variation and form selection are thus seen as markers of social identity construction [78,79]. While
Dijkstra etal. [80] and Alshaabi et al. [81] portray digital communication as a site of contestation between linguistic
survival and extinction, especially for endangered and minority languages. But language also possesses affective
and expressive qualities; Krishna et al. [82] demonstrate how it functions as a medium of emotional reference while
also providing grounds for insult within online contexts. The centrality of English has frequently been associated
with the increasing homogenization of language practices globally, determining patterns of persuasion and the or-
ganization of communication across space. In educational and interactive settings, language is not merely a tool of
communication; it is also a strategic resource for learning, translation, and social encounter. Taken together, these
perspectives suggest that language operates as a political and ideological space, where algorithmic systems in Al
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and NLP shape visibility, legitimacy, and inclusion within global digital communication.

3.3.5. Machine Learning

The keyword “Machine Learning (ML)” occupies a key position in this analysis, particularly gaining prominence
in the post-2020 corpus. In keyword analysis of content, ML encompasses not just the computational methods used
to manipulate textual data but also the procedural practices that manage how linguistic identities and social cate-
gories are classified. A number of studies emphasize the importance of interdisciplinary relationships between lan-
guage and technology in helping to develop computational approaches for processing linguistic data [83]. Following
up on this research, workin the study of social media environments (notably Twitter) has shown that machine learn-
ing can use lexical and interaction features to detect gender profiles [84] as well as anonymous accounts [22]. Taken
as a whole, these studies demonstrate how the models can be used to transform patterns of linguistic behaviour
into numerical measurements of social identity.

Unfortunately, this precision often comes at the price of contextual knowledge. Simaki et al. [85] point out that
ML models lack the “human context”, while, Tarrade et al. [61] critically note that NLP and ML paradigms consider
language as neutral statistical data and disregard its sociocultural and ideological implications. Technically, Devi
and Sharma [86] show that deep learning models can distinguish Arabic dialects within multilingual corpora with
high accuracy (and are sensitive to phonetic and linguistic diversity) while Barakat et al. [87] and Glazkova et al. [88]
find that document level lexical cues increase predictive accuracy in age-based text classification exemplifying how
technical precision may blind us to social nuance.

Taken together, in digital sociolinguistics “machine learning” operates as a methodological tool and an ideo-
logical technology of social classification that may unwittingly rigidify linguistic diversity, user agency, and non-
quantifiable forms of the social. These models not only predict language but also naturalize identities that are
formed by statistical prejudice. For this, we have to follow (ML) applications in linguistic questions with a critical
consideration between precision and the social meaning of such a kind of algorithmic representation as Glazkova
et al. [88] warn for.

3.4. RQ4: What Research Gaps Have Been Identified, and Where Should Future Research Be Di-
rected?

The bibliometric profiling offered in the previous section offers a macro-view on the topography of Artificial In-
telligence (AI) and sociolinguistic enquiry. However, in order to go beyond these trends of publication, a qualitative
approach is necessary that enables us to delve into the discursive constructions that make these trends possible, ad-
dress what meaning is being produced and what is being contested, and what the ideology and power relations that
are intrinsic to these scientific forms of knowledge. For this purpose, the paper is going to rely on a content analysis
of digital media content, utilizing keywords as entry points into the discursive formations that might constitute the
intersections of language, power and technology drawing upon keyword work.

This is how we see keywords at links, not as thematic indices, but the conceptual nodes that represent par-
ticular epistemological interests (and often strategic battlegrounds of negotiation and meaning). For this reason,
the five most dominant keywords in the bibliometric network namely Computational Sociolinguistics, Natural Lan-
guage Processing (NLP), Machine Learning (ML), ChatGPT, and Language are critically examined to reveal how
technology and language are constructed, disciplined, and positioned within contemporary academic discourse.
Through this analysis, the study aims to demonstrate that linguistic dynamics within the domain of Al are far from
neutral; instead, they reflect complex social, cultural, and ideological configurations.

Figure 6 is a summarizing diagram of the key research gaps discovered in Al and Sociolinguistics for which di-
rections for future research are proposed. The figure consolidates both the bibliometric and content analysis results,
identifying six main axes where more attention should be devoted by scholars, including, for example, the ideologi-
cal dimension in NLP studies, or the presence of minority languages in our core set. It indicates how methodological
innovation, rather than just descriptive methods should underpin future empirical work, harnessing critical, ethi-
cal and interpretive frameworks. In particular, it provides a conceptual link between the empirical mapping of the
field and the normative agenda to promote socially responsible and inclusive Al research.
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Figure 6. Research Gaps and Recommended Future Directions.

Table 4 presents a detailed correspondence between six identified research gaps and their associated recom-
mendations for future research directions. The first three gaps overemphasize on representational bias, lack of
focus on minority languages, and insufficient sociolinguistic theorization reflect epistemological limitations in cur-
rent Al-linguistic studies. Gaps between technical and humanities work, in lack of attention to user agency and
quantitative positivism, as well as fragmentation represent methodological challenges for the discipline. The table
offers practical recommendations, including the inclusion of critical sociolinguistic approaches, promotion of inter-
disciplinary collaborative effort and application of combined qualitative-quantitative fieldwork methods. Overall,
Table 4 serves as an integrated roadmap for future research to grow into a more inclusive, reflexive and theoreti-
cally coherent field of Al-mediated language practices.

Table 4. The research gaps and recommended future directions.

No. Research Gaps Recommended Future Research Directions
1 An overemphasis on bias and representation issues in In-depth investigations into how Al internalizes and disseminates dominant language
’ NLP without deeper ideological exploration ideologies through algorithmic structures
2 A lack of research on minority languages, local languages,  Prioritize the representation of marginalized languages in Al development, and
: and multilingual communities examine its implications for language preservation and homogenization
- Ce L . Integrate critical sociolinguistic theories to examine power relations embedded in Al
3. Absence of critical sociolinguistic perspectives in analysis R
design and output
4 Fragmentation between technical (Al) and humanities Foster interdisciplinary collaboration among NLP engineers, sociolinguists, and digital
’ (sociolinguistic) approaches humanities scholars
o . . . . Conduct studies on how users adapt to, negotiate, or resist linguistic forms embedded
5. Limited focus on user agency in Al-mediated interactions ) ptto, neg ! 8
in Al systems
6. Predominance of descriptive-quantitative methodologies Combine bibliometric analysis with content analysis, discourse analysis, and

qualitative approaches for more reflective and context-sensitive insights

4. Discussion

This research highlights the complex interrelation between artificial intelligence (Al) and sociolinguistics from
methodological, epistemological and ideological perspectives. The paper looks at four main research questions:
RQ1 (publication trends); RQ2 (top actors and collaborations); RQ3 (ideological representations by keywords) and
RQ4 (research gaps and future study directions). It pools Scopus and Web of Science (WoS), and involves quanti-
tative as well as qualitative analysis. This technique is a new approach to enhance the comprehensiveness of data
coverage, improve the accuracy in analysis and enrich the understanding of literature interpretation.

4.1. RQ1: What Are the Publishing Trends Concerning Al and Sociolinguistics from 2013 to 2024?

Otherwise, the bibliometric analysis using dual-database integration (Scopus and Web of Science) shows a
growing interest from 2013 to 2024 for publications at the crossroad between Artificial Intelligence (AI) and Soci-
olinguistics with an upward trend forecast that this should increase since 2020. This increase reflects the increasing
popularity of language-based Al applications like Natural Language Processing (NLP) and Large Language Models
(LLMs). Generative Al, as observed by Hagos et al. [89], enables us to do a statistically massive inquisitive linguistic
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task. These developments also illustrate that language technologies interact ever more actively with sociolinguistic
practices, indicating that the Al-language interface has crucial ideological dimensions.

While the specific term “Computational Sociolinguistics” is still not extensively used, its concept becomes more
widespread. Computational framings of linguistic influence and power, as seen in the studies of Blodgett et al. [9]
and Habernal and Gurevych [90], can create empirical connections between language and data on one hand, and
social structure on the other. In a similar vein, Strzalkowski et al. [91] show that the linguistic variation in digital
platforms is actually indicative of underlying social dependencies, once again attesting to the fact that Al-based
methods have become sociological tools for unearthing social meaning from language traces.

Geographically, most publications are still coming from Global North (United States, United Kingdom and China),
but countries in Southeast Asia especially Indonesia and Malaysia, have been more active since 2020. Implications
This trend demonstrates on the one hand the continuing asymmetry in (knowledge) production at global level and
ambition on the other of epistemic diversity that is already beginning to assert itself with this study, which method-
ologically is also able to fill a gap by combining quantitative bibliometrics and qualitative keyword-based content
analysis in two steps so as not only to record but bring into view—using both structural and ideological dimensions.
The general direction of travel suggests that Al and Sociolinguistics are not only methodologically intersecting, but
ideologically: the specter of computational tools is increasingly mediating how language, identity and social power
are enacted in digital spaces.

4.2. RQ2: In What Manner Do the Primary Keywords Embody Theme Frameworks and Discursive
Perspectives?

By examining keywords “Natural Language Processing (NLP),” “Machine Learning (ML),” “ChatGPT,” and “Lan-
guage”, topical patterns along with stark ideological postures that Al may possess when it encounters the practice
of language are also uncovered. These keywords are discursive signifiers which contain encoded value systems
about language, power and representation in digital environments. These are not just technologies but as we will
see come to represent competing epistemologies across computational sociolinguistics: from the modeling of lin-
guistic patterns quantitatively to critically reflecting on language as a site of social inequality and digital marginal-
ization.

Recent literature has raised growing concerns about the assumption that natural language processing (NLP)
and machine learning are neutral tools, highlighting how they often reproduce central linguistic patterns in their
training data. Research on generative Al in academic and scientific writing shows how linguistic monolingualism
and standardization are often favored, posing issues of bias and epistemic homogeneity in scholarly communica-
tion [92,93]. Past studies also show that algorithmic bias is the result of under-representation of non-standard
language varieties and minority speech patterns, which further replicate already existing linguistic hierarchies in
computational systems [94]. These trends also appear in analyses of standard language ideology in Al- generated
texts where linguistic homogeneity can tacitly present itself as correctness or quality [95]. In this way then, Al is not
only the processor of language, but in fact a participant in the building of linguistic authority by encoding patterns
that resonate with existing ideological prejudices.

4.3. RQ3: Ideological Aspects of Keywords

The socio-political nature of language processing as opposed to its undeniable neutrality has become evident
through the ideological dimensions present in Al-driven linguistic technologies. As noted by Blodgett et al. [9],
these are merely ‘technical issues with representation’ in NLP, and not the only source of bias; rather, they also
manifest in the reproduction of social hierarchies and ideological beliefs around language use. In the analysed
corpus, NLP and ML are epistemic tools identifying the linguistic data, while maintaining contemporaneously nor-
mative régimes of “acceptable” language. This is particularly evident in the way that NLP models systemically mis-
represent non-standard styles, dialects or code-mixed speech, and with it erase alternative linguistic forms beyond
dominant norms.

More generally, Dunn and Edwards-Brown [96] demonstrate that language models like ChatGPT turn varia-
tion into ordered evaluations, in which proximity to Standard English becomes synonymous with credibility and
accuracy. Such algorithmic assessments reproduce what Astuti and Sari [65] term “sociolinguistic encoding”: the
nesting of social meaning within computational representations of language. What results then is an unconscious
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ideology that valorizes full language users and disempowers those communities, that speak with a linguistic reper-
toire beyond standard conventions.

From a more general point of view, by way of this analysis we can see how Al technologies both translate and
regulate language through algorithmic classification. As Doval et al. [97] underline, computational normalization of
linguistic data sorts and classifies users in geographic and phonetic patterns consolidating power disparities. Thus,
Al-mediated language use has ideological effects that entangle issues of representation, access and epistemic justice,
underlining the fact that digital linguistics is a domain through which social power and computational authority
intersect.

4.4. RQ4: Research Deficiencies and Future

Despite progress in Al-based language tools, crucial gaps exist, in relation to inclusivity and linguistic diversity
as well as socio-linguistic grounding. Data-based models often reduce complex social categories like class, race and
region to statistical abstractions which in turn can serve to sustain existing hierarchies. Yet the growing digital lan-
guage gap is further marginalizing under-resourced languages in standard NLP development. These trends mirror
larger data access and research priorities imbalances that perpetuate the hegemony of Global North linguacentric
perspectives.

In addition, very little literature considers sociolinguistic theory when implementing a computational model.
As Curry et al. [98] note, much work in NLP and ML considers bias as a technical feature of a model rather than
as a social artefact, failing to take account of how ideology will shape what is considered to be ‘fair’ or ‘accurate’.
Abitbol et al. [60] also lambast the sociolinguistics-analytic tradition in relation to computational modeling, for
being non-reflexive and utilitarian. These lacunae point to the necessity for a more radical theoretical engagement
that apprehends language as a symbolic order and a scene of ideological contestation.

However, in future work a holistic approach that combines computational accuracy with sociolinguistic intu-
ition should be pursued. This requires creating Al models in support of minority and low-resource languages so
that inclusivity is by design rather than an afterthought. More generally, a successful linkage of technically innova-
tive with social accountability could help research on Al to grow from being strictly descriptive modeling theories
toward transformative practice in which digital linguistics serves as not just an instrument of technological improve-
ment but also as a force for linguistic justice and epistemic diversity in the world knowledge ecosystem.

5. Conclusions

This research maps knowledge in the intellectual and thematic space between Artificial Intelligence and Soci-
olinguistics using bibliometric analysis, keyword-based content analysis, and a combination of Scopus and Web of
Science. This dual-database, dual-method approach constitutes a new methodological strategy that combines quan-
titative trend analysis with qualitative discourse interpretation in order to capture both structural and ideological
change within the field. Findings indicate the increasing academic interest in this nascent interdisciplinary area by
researchers, focusing on Computational Sociolinguistics, NLP, ChatGPT and language and machine learning. The
two levels of investigation, bibliometric and content analysis, in combination point to how Al-facilitated research
mirrors dynamic epistemic paradigm transformations away from technically modelled language towards questions
about the nature of language as a sociocultural object enmeshed within digital systems.

This binocular way of analyzing does not simply chart the state of the art in the field, it reveals voids and
emerging areas, particularly with regards to sociolinguistic implications of Al. It brings to the fore, the necessity for
socially responsible and linguistically diverse Al systems that enable epistemic inclusivity and linguistic fairness in
computational work. Bringing together bibliometric precision with sociolinguistic interpretation, the study offers
a fuller understanding of how power, ideology and representation are implicated in Al-mediated communication.

In closing, this study pushes for a future-facing agenda that sees Al not only as a technology but as an increas-
ingly sociolinguistic form of discourse and identity and inclusion in the digital age. It provides a foundation to
outgrow and rethink an angle of deploying technology that can nurture fairer, multilingual, human-centered com-
munication ecosystems in the future.
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