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Abstract: Large language models (LLMs) are becoming increasingly popular and powerful
in terms of applications. They can be used for text and image generation, multimodal
models, and reasoning. Despite the numerous potential uses, there is a significant
problem with hallucinations and the generation of false, misleading, or inaccurate
information by the models. This paper conducts a thematic analysis of topics such as
hallucination types, mitigations, and the effects on multilingual models. There is also an
analysis of attempts to regulate the power of models. The solutions to the problem of
hallucinations vary from purely technological solutions to an interdisciplinary approach,
identifying both potential benefits and future risks. The sources analyzed are around 320
references, including preprint papers from the fastest-growing field of Al. This paper
focuses on equipping the reader with a basic conceptual understanding of the field and
directions for future research, to establish knowledge and build trustworthy Al systems.

Keywords: large language models, thematic analysis, Al governance, trustworthiness,
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INTRODUCTION

Large language models (LLMs) have been advancing at unprecedented speed and have
become a major focus of Al research. While recent breakthroughs like BERT’s (Devlin et al.,
2019) bidirectional pre-training architecture, multi-modal learning capability for both text,
vision, and audio (Bai et al., 2023; Chen et al., 2023), etc., bring unprecedented capability
to generate human language at scale, perform complex reasoning tasks, and capture very
specific contexts or scenarios, there are serious concerns regarding their trustworthiness,
explainability, and governance. To address the issues mentioned, in the literature and in
real-world applications, there is a growing interest in studying the so-called hallucinations;
i.e., generated outputs that are factually incorrect, misleading, or even entirely fake.
Studying hallucinations in LLMs is not only important from a technical perspective, but also
has implications for the ethical, legal, and social consequences of LLMs generating
inaccurate output, in domains like healthcare, law, and governance. The thematic analysis
enables us to map out the major themes and gaps in the literature, and to provide an
integrated overview of current work, highlighting directions for future research.

As LLMs are deployed globally by organizations of all shapes and sizes, it is
increasingly important to understand their behavior. As governments worldwide introduce
regulations on Al, this is no longer a topic reserved for researchers alone. As these areas
begin to emerge, they raise important questions about the equity and justice of current Al
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systems and their implications for linguistic justice and the fair deployment of technologies,
such as LLMs. Analyzing hallucinations in LLMs is important not only from a technical
perspective but also from an ethical, legal, and social perspective, especially as LLMs
generate output for an ever-increasing range of applications and generate false output for
any input. Hallucinations in LLMs that process medical input, for example, could have severe
consequences on patient safety. Dokumaci (2024) noted that there is pending liability or
accountability for harmful LLM speech. There has been a lot of writing about hallucinations
in LLMs in the last few months. Since the field is so new, | decided to do a thematic analysis
on the topic, drawing on ~320 references (including preprint articles). The LLM literature is
incredibly vast and diverse, encompassing many different types of analyses (technical,
descriptive, normative, etc.). This method of analysis allows major themes and research
gaps to be mapped and all relevant literature to be described in a clear and comprehensive
form with reference to future areas of research.

The references analyzed in this study comprise a research portfolio of 320 reports
from the academic literature. These references include peer-reviewed journal articles,
conference papers and proceedings, and preprints stored in open repositories. The inclusion
of preprints enables the study to capture the very latest research in this fast-moving field,
while peer-reviewed articles provide established theory and evidence on large language
models and hallucination. A thematic analysis was conducted and presented as a conceptual
map/guideline for future research into language model hallucination.

BACKGROUND

Thematic analysis is becoming increasingly used as a methodological approach to thematic
synthesis. In this paper, we discuss how thematic analysis can be used to identify and
describe how a set of key conceptual patterns (‘themes’) recur within and across diverse
sources, including technical documentation, empirical research, normative papers, and
preprints. Thematic analysis offers the researcher a structured approach to making sense of
the rapidly changing space of large language models and where future research might
fruitfully go (Dias et al., 2026a, 2026b; Lopes & Dias, 2026a, 2026b; Quintao et al., 2026).

Large language models (LLMs) have become the central axis of artificial intelligence
(Al) research. From a technical, ethical, and governance-oriented perspective, this article
discusses the relevance of LLMs. The rise of LLMs was mainly enabled by architectures that
learn to capture long-range dependencies in text, a task that can be addressed using long
short-term memory networks and attention mechanisms. In this context, pre-trained and
fine-tuned models like BERT (Devlin et al., 2019) and GPT-3 (Brown et al., 2020)
demonstrate the great potential of such models. 2020), transformers (Vaswani et al. 2017),
BERT (Devlin et al. 2019), RoBERTa (Liu et al. 2019), ALBERT (Lan et al. 2019), Longformer
(Bayer et al. 2020), Reformer (Kootstra et al. 2020).

In addition to the work by Arya et al. (2021), who provided an explanation of LLMs
and their interpretation, Al Explainability 360, published by Bai et al. (2021), questioned
the so-called ‘interpretability’ of attention mechanisms. The works stressed that attention
is not the same as explanation. To explain the behavior of LLMs, thematic approaches that
combine an analytical treatment of technical aspects with a critical discussion of the
respective underlying concepts are required. Previous work by Chopra et al. (2005) and Hahn
(2020) already theorized the limitations of self-attention. As LLMs become more ubiquitous
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and enter more aspects of society, people are starting to think about the governance of
these models. This includes how external stakeholders, such as policymakers, might
influence LLM design decisions. Conversely, LLMs could also raise new governance challenges
and opportunities.

Regulation of LLMs within the European Union has begun to take shape, with the
European Parliament and the European Council (2024) passing the Artificial Intelligence Act,
which imposes rules on Al use across all member states. In the short term, this may cause
developers to align with broader societal interests, but the European powers are now facing
their own ‘alignment problem’ for the governance of LLMs - i.e., how to ensure proper levels
of transparency, licensing, and auditability. In the UK justice system, HM Courts & Tribunals
Service and the Ministry of Justice (2025) intend to audit, restrict, and develop new
guidelines on the use of Al within justice institutions. In Singapore, the Infocomm Media
Development Authority and Personal Data Protection Commission (2025) have launched Al
Verify, which certifies organizations that adopt trustworthy LLMs within their operations.
Meanwhile, a variety of industry and sector-specific standards and guidelines for Al and LLMs
are emerging, including the recently released ISO/IEC 42001:2023 guidelines for
organizational excellence. Another theme highlighted in the literature is Healthcare
applications. Faust et al. (2018) reviewed the current state of deep learning applied to
physiological signals in healthcare.

METHODOLOGY

This study follows an interpretivist, inductive approach, as suggested by Saunders et al.
(2009). The study has an interpretivist epistemology and inductive methodology. The study
seeks to understand the phenomena of LLMs and how researchers, developers, and
institutions perceive them through the meanings they ascribe to them. An inductive
approach is particularly relevant here. As the field advances rapidly, themes will emerge
from the literature that may be considered outdated by prior theoretical constructs. The
Synthesis was conducted according to the principles of thematic analysis. Strauss and Corbin
(1998) stated that qualitative research must be conducted through an iterative process of
coding and constant comparison to develop conceptual categories that explain the
phenomena under study. The materials from the conducted contributions were read and
inductively coded. The categories were repeatedly revisited and refined throughout the
synthesis. The report contains the following themes: technical architectures for big data
offerings, interpretability in big data offerings, governance frameworks for big data
offerings, and ethical challenges related to big data offerings.

Analytical Approach

This analysis follows a three-step process: gathering sources, reading and coding them, and
analyzing the results to identify thematic clusters among concepts and gaps in the
literature. Saunders et al. (2009) state that rigor and transparency are as important in
qualitative research as they are in quantitative research. We ensured that the analysis
findings were reliable by recording coding decisions throughout the coding process,
revisiting them, and re-reading where necessary. Each thematic cluster was supported by
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evidence from multiple sources within the data, and the themes were rigorously developed
and checked against the data, with recourse to the transcripts where necessary.

Data Sources

We processed documents retrieved from academic databases and data repositories,
including Web of Science, Scopus, Google Scholar, and PubMed, as well as the open-source
trading data repository OpenAlex. Semantic Scholar was also used to enhance retrieval. We
searched for keywords related to LLMs and their applications, including references to
seminal work, such as Hochreiter & Schmidhuber (1997). Bibliometric maps were developed
using VOSviewer 1.6.20 (Eck & Waltman, 2010) to create co-authorship and keyword co-
occurrence maps and to calculate citation profiles of individual documents, thereby
identifying clusters of current research activity. Web-based software such as Voyant
(voyant-tools.org) was used to calculate frequency distributions and to derive further
context patterns from the abstracts and the keywords of all analyzed documents. These
results served as input for the thematic coding process. Normalization was performed using
VOSviewer 1.6.20 (Eck & Waltman, 2010). Thematic analysis was conducted using Voyant.
The methods for quantitative visualization of relations between bibliographic objects and
qualitative thematic analysis correspond to the methods of the interpretivist and inductive
research logic (Saunders et al. 2009). This combination of methods for analyzing LLM
research, to ensure rigor, was based on the emergent nature of the research. These
visualizations revealed clusters of research activity and thematic convergence within the
LLM literature. In addition, Voyant Tools (Sinclair & Rockwell, 2026) was used to analyze
abstracts and keywords, producing frequency distributions and contextual patterns that
enriched the thematic coding process.

Methodological Rigor

Using an interpretivist, inductive approach (Saunders et al., 2009), the study employs a
variety of methods, including grounded theory (Strauss & Corbin, 1998) and thematic
analysis, and draws upon bibliometric mapping techniques. The analysis of current themes
corroborates existing knowledge and informs potential future research directions on LLMs,
complemented by the structural insights from the bibliometric mapping.

FINDINGS AND ANALYSIS

In our study, we perform inductive thematic coding of research on LLMs and combine it with
a bibliometric map. We also perform additional textual analysis using Voyant Tools. The
results of our study provide insight into the current state of affairs and dynamics of technical
innovations, reliability issues, ethical concerns, and governance frameworks that are dealt
with in research on LLMs and are organized in distinct thematic clusters, as illustrated in
Figure 1:
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Figure 1: Network map
Source: VOSviewer (version 1.6.20). Adapted from van Eck and Waltman (2010)

Figure 1 shows the network diagram of language models. The center node is the
concept of “language model” and is connected to related concepts. Each node and each
color represent a different set of categories/tags. For example, “human feedback” is green,
“attention” is yellow, “chain” is purple, and “Gemini family” is red. The focus is on the
central language model concept, which connects to many different concepts involved in
language models. In addition, Figure 2 depicts a network of connections among various
researchers in artificial intelligence. Each node represents a researcher, and an edge
connects two nodes if those researchers co-authored a paper. The nodes are grouped into
clusters and colored according to the group or community they belong to. Radford et al.,
Raffel et al., Wang et al., and Zhang et al. are highly connected. This means they have
significant influence in their field and are likely to be leading figures. The graph also shows
relationships among the different research communities. Some individuals work across
several areas of Al research, bringing together distinct threads. The graph also conveys the
proximity between individual researchers and how ideas flow within and between different
research communities.
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Figure 2: co-authorship network map
Source: VOSviewer (version 1.6.20). Adapted from van Eck and Waltman (2010)

Figure 3 shows the words for large language models. The largest words—language,
models, large, and model— are the most important and most frequently referenced words.
The next set of smaller words—hallucination, learning, multimodal, training, generation,
vision, reasoning, understanding, text, review, image, video, neural, and intelligence— are
significant and frequently referenced. The size of words figures illustrates the distribution
of concepts that are currently discussed in the field of large language models. While
language models are the central topic of this field, many additional concepts are discussed
and explored, including multimodal models, hallucination, and factuality.
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Figure 3: Conceptual Word Cloud of Large Language Models
Source: Voyant 2.0. (Sinclair & Rockwell, 2016)
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The chapter also covers related topics explored in visualizing collaboration networks
and conceptual mappings for applications in natural language generation. The first part of
this section covers hallucination in large language models, including its causes, detection,
and mitigations. The next part discusses multimodal learning with text, images, video, and
audio, and how these different modalities can be incorporated into deep learning
architectures. The third part discusses training and optimization, specifically how pre-
training, fine-tuning, and other techniques can be leveraged to improve efficiency. The final
part discusses issues in evaluation and benchmarking, specifically the use of faithfulness,
factuality, and reliability metrics for assessing generated output.

Theme One: Hallucination & Reliability

Hallucinations in LLMs pose a challenge for researchers. Xu et al., 2024; Ye et al., 2023;
Zhang et al., 2023; Zheng et al., 2025; Zhu et al., 2025; Varshney et al., 2024; Vladika et
al., 2025. As shown in Figure 3, the term “hallucination” appeared repeatedly, which
indicates that the issue of hallucinations in LLMs has been a challenge in the field. Reliability
further requires governance to address the risk that users and applications misuse data and
models, leading to incorrect processing and inaccurate or misleading results.

Theme Two: Multimodality

While there is still a prevalent focus on using the primary input architecture in LLMs, there
is a growing interest in integrating additional ages,video, and audio within a single
architecture. In this direction, Rasheed et al. (2023), Sun et al. (2023), Tang et al. (2023),
Tian et al. (2024), Wu et al. (2023), Ye et al. (2023), Zhang et al. (2023), and Zhu et al.
(2023, 2024). Figure 3 shows that there is a particularly growing interest in LLM research on
“multimodal”, “vision”, and “video”.

Theme Three: LLM Mechanisms & Foundations

Theme three reveals the foundations of LLMs: Models of Reasoning, Coherence, and
Scalability. Vaswani et al. (2023), Raffel et al. (2020, 2023), Wei et al. (2022, 2023), Yao et
al. (2022). Structural relations between the three components, attention, human feedback,
and context, in Figure 1 are crucial to advance LLMs, and are treated as structural pillars to
develop LLMs in Figure 1.

Theme Four: LLM Research Ecosystem

The success of LLMs is not only the result of novel technological concepts and innovative
approaches but also of a very active global scientific community that collaborates to
advance the field. The Co-authorship networks in this contribution give a deeper view into
the structures of these communities. Touvron et al. (2023), Wu et al. (2023), Vazquez et al.
(2025) et Zhang et al. (2020, 2021). The cross-talk among groups was extensive, and several
of them contributed very substantially, including Radford, Rozenberg, and Guryanov, as well
as many others, including Brown and Radford et al. Figure 2 illustrates the extent of the
links, which were, in many cases, both dense and extensive. The theme of this collection of
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papers is LLM research: global, collaborative, with plenty of ideas and people crossing
disciplinary and national borders.

Finally, Table 1 summarizes the four emerging themes in our study, as follows:

Table 1: Summary of Thematic Findings: Focus, Representative References, and Key
Insights

Representative

Theme Focus
u References

Key Insights

Xu et al. (2024); Ye etal.  Hallucinations are inevitable but can be
d (2023); Zhang et al. (2023); managed through detection benchmarks,

Detection, mitigation, an . . .
g Zheng et al. (2025); Zhu et  uncertainty modeling, correction methods,

Hallucination &
governance of

Reliability hallucinations in LLMs al. (2025); V_arshney etal. and governance frameworks.
(2024); Vladika et al. (2025)
Rasheed et al. (2023); Sun  Multimodal LLMs expand capabilities by
. et al. (2023); Tang et al. combining different modalities, enabling
_ _ !ntegratlgn of text, . (2023); Tian et al. (2024);  richer understanding and generation
Multimodality image, video, and audio Wau et al. (2023); Ye etal. across text, vision, and video.

in LLMs (2023); Zhang et al. (2023);

Zhu et al. (2023, 2024)

Vaswani et al. (2023); Foundational elements such as attention,
Core mechanisms that ~ Raffel et al. (2020, 2023);  chain-of-thought reasoning, pretraining,
LLM Mechanisms enable reasoning and Wei et al. (2022, 2023); Yao and reinforcement learning with human
& Foundations generation in LLMs et al. (2022) feedback are the building blocks of
LLMs.

Touvron et al. (2023); Wu  Co-authorship graphs (Figure 2) reveal
et al. (2023); Vazquez et al. how researchers form clusters around

Collaboration networks  (2025); Zhang et al. (2020, LLM development, with hubs like Zhang
LLM Research

and global communities  2021) et al. and Radford et al. bridging
Ecosystem driving LLM innovation communities. These networks show the
collaborative and global nature of LLM
research.

Source: elaborated by the authors

DISCUSSION

Large language models (LLMs) are rapidly evolving in four important ways. First, while
current techniques for detecting "hallucinations” (i.e., model output not contained in input,
Xu et al. 2024, Ye et al. 2023, Zhang et al. 2023, Zheng 2025, Zhu 2025) have significantly
improved (Varshney 2024, Vladika 2025), there is much to consider regarding whether it is
desirable or feasible to entirely avoid generating hallucinations, and if not, how to "mitigate”
hallucinations (i.e., allow a model to express uncertainty as to whether it is generating
output that is compatible with input, while still providing the best output). For both
discourse and trust, the LLMs, especially those deployed in out-of-settings, evoked the
theme of “hallucination” vividly, which was thus highlighted as highly prominent in the
thematic map (Figure 3).

In addition to the input dimensionality, the language models have undergone
transformation along the second axis, namely multimodality. Rasheed et al. (2023), Sun et
al. (2023), Tang et al. (2023), Tian et al. (2024), Wu et al. (2023), Ye et al. (2023), Zhang

Vol. 13 No. 05 (2026): Advances in Social Sciences Research Journal Page | 43



Scholar Publishing

et al. (2023), and Zhu et al. (2023, 2024) have explored merged text, vision, audio, and
video-based generalized LLMs, which support higher dimensionality of input and output
modalities and enhance the models with capabilities of reasoning and synthesis that go
beyond typical language models. The third dimension of progress in this article is the
underlying mechanisms and principles that have enabled these developments. In this
dimension, Vaswani et al. (2023), Raffel et al. (2020, 2023), Wei et al. (2022, 2023), and
Yao et al. (2022) discuss novel model architectures that LLMs have leveraged, including
attention, chain-of-thought reasoning, pretraining methods, and reinforcement learning
with human feedback. Figure 1 illustrates these concepts emanating from the center of the
node “language model”, highlighting the importance of these novel developments within
deep learning for human and animal languages, as highlighted in this article.

Language models can be easily fine-tuned for many downstream NLP applications,
such as text classification, question answering, and object detection. These require
specialized models that have already been pre-trained on large amounts of text data. The
research ecosystem of the advances in this study finally places them within a global context
of collaborations and co-authorships. Touvron et al. (2023), Wu et al. (2023), Vazquez et al.
(2025), and Zhang et al. (2020, 2021) provide information on co-authorships to characterize
the underlying cluster structure and reveal the main protagonists and centers of activity,
ranging from the simple, single hub of Zhang to the highly active and highly creative Radford
and companions. Figure 2 shows a snapshot of the extremely high density and connectivity
of these LLM-related networks, and it is clear that the development of LLMs is an
international, highly collaborative field, with contributions from many disciplines and
countries, and significant knowledge sharing and exchange.

RESEARCH IMPLICATIONS

Following the guidance laid out in the report, the four axes of thought on models remain
valuable. By inevitably generating hallucinations, large language models force us to move
from a total-loss-focused prevention mindset (Ye et al. 2023, Zhang et al. 2023, Zheng 2025,
Xu et al. 2024, Zhu et al. 2025, Varshney et al. 2024) to a governance-and-mitigation-based
model. Hallucinations or not, reliability is not a binary property that can be designed into a
model and expected to achieve 100% reliability — rather, it can only be treated as a
spectrum that can be managed through benchmarks, models of uncertainty, and a healthy
research ecosystem. Multimodality goes beyond language modeling to include perception
and even generation in vision, audio, and video. Medicine, education, and creative industry
applications. Language modeling is becoming a general framework for intelligence that
operates across multiple modes of human input. This rapid growth in the field is driven by
scalability, reasoning, new architectural ideas such as attention, chain-of-thought
reasoning, pretraining, and reinforcement learning with human feedback. A key implication
of our work for the future is that there is more to be gained by further improving these
mechanisms to achieve a good enough balance of efficiency, interpretability, and
alignment. Finally, the research ecosystem in Figure 2 (Touvron et al. 2023, Wu et al. 2023,
Vazquez et al. 2025, Zhang et al. 2020, 2021) shows that the LLMs' progress is a global
collaboration. Thus, the effective governance, ethics, and innovation will depend on an
international collaborative research ecosystem. Turning to the future, | see challenges with
hallucinations, multimodality, foundations, and collaboration all at the same time. But
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viewed at a broad enough level, these challenges suggest that the future of LLMs will be
about managing them all at once to build more robust, more powerful, more governing LLMs
— in other words, to transform LLMs from technological systems to socio-technical systems.

CONCLUSION

Besides hallucination, reliability, multimodality, and the mechanisms behind them, we are
also interested in understanding the ecosystem around large language models. Multimodality
has significantly diversified LLMs' functionality, from a linguistically focused model to an
umbrella of multimodal intelligence models that hybridize linguistic and perceptual
intelligence to address a wide range of novel and increasingly complex problems in human
life and industrial development. Such models fuse human intelligence and machine
processing power to propose innovative solutions to real-world problems that go beyond
simple classification to sophisticated generation, fusion, and manipulation. The LLMs have
furthermore shifted from static media to dynamic analytics. Lastly, the scope of LLM
applications has increased exponentially. While early LLMs were confined to processing vast
amounts of static text, primarily textual data, current models can process data and
information of immense scale and complexity, encompassing dynamic, time-based media
such as video and real-time communication channels such as audio and video. Vaswani et
al. (2023); Raffel et al. (2020, 2023); Wei et al. (2022, 2023) describe key mechanisms
underlying scalability and reasoning in current models, along with the accompanying
architectural innovations, including attention, chain-of-thought reasoning, pretraining, and
reinforcement learning with human feedback. These modules form the core of current work
and will likely shape the field’s future developments. The analysis of the co-authorship
network reveals a clear global pattern, with dense clusters of individuals and organizations.

FUTURE RESEARCH

Future challenges for LLMs include reducing hallucinations, embracing multimodality, better
understanding and improving the basic mechanisms, and creating sustainable socio-
technical systems that enable long-term collaborative research ecosystems. As LLMs
transition from experimental technology to platforms for information generation,
dissemination, and consumption, they will have socio-technical implications that must be
considered in design and governance.
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