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Abstract—This systematic review explores the applications of
Large Language Models (LLMs) across a variety of academic
disciplines and professional fields. The analysis is structured
through a methodical examination of data derived from the
Scopus database over the period from 2017 to 2024. We created
both annual and comprehensive datasets of articles and related
information based on a generic query, which allowed us to
track the development and integration of LLMs into different
application fields. To this end, we conceived a dedicated
approach that includes an analysis of the trends of subject areas
and a Pertinence Analysis (PA) to filter out articles that are
not genuinely related to LLMs. Additionally, we performed an
annual and overall Terminological Relevance Analysis (TRA)
using Machine Learning (ML) techniques, and we examined
the yearly trends in research areas containing LLM-related
articles by observing the relevance indicators of emerging
terms. This extensive investigation highlights how LLMs are
increasingly being utilized to improve efficiency, accuracy
and productivity, particularly in health and healthcare care,
guiding the responsible advancement and application of these
technologies in sensitive domains.

Index Terms—large language models, systematic review,
Scopus database, trend analysis, metadata analysis, pertinence
analysis, terminological relevance, health and healthcare, an-
nual trend, professional fields, machine learning

I. INTRODUCTION

LLMs have become fundamental tools in computational
linguistics, leveraging advances in deep learning to process
and generate text that mimics human communication. These
models have significantly evolved since the introduction of

the Transformer architecture, which introduced self-attention
mechanisms, enabling models to weigh the importance of
words in a sentence regardless of their positional distance
[1]. Although at that time this seminal work did not intro-
duce the term Large Language Model, this innovation paved
the way for transformative models like GPT (Generative
Pre-trained Transformer) [2], extending their influence be-
yond traditional natural language processing to fields such
as text generation and language translation. Building on
the Transformer’s capabilities, LLMs have revolutionized
how machines understand and generate language, marking
a paradigm shift in computational linguistics [3]. As a
consequence, in the last few years, this topic reached a no-
table increase in academic publications and general interest,
indicating a growing recognition of their potential. Recent
surveys on LLMs highlighted their expansion, explained
the evolution of their functioning, how they are trained,
and also attempted to classify them into ’families’ [4]–
[6]. Nonetheless, the integration of LLMs across diverse
industries such as healthcare [7], robotics [8], [9], and
decision support systems [10] has not yet been sufficiently
explored, while the pervasive nature of this technology is
evident thanks to many specific examples that are present in
the literature. For example, Thirunavukarasu et al. demon-
strated the significant capabilities of LLMs in transforming
medical practices, highlighting their potential to enhance
diagnostic accuracy and personalize patient care [11]. Be-
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  yond healthcare, LLMs have found application in several
other critical sectors like clinical decision support systems,
educational technology, or financial sector, demonstrating
their versatility and wide-reaching implications. In robotics,
Yamazaki et al. developed a scenario-based dialogue system
to enhance android interactions, overcoming the limitations
of traditional LLM implementations by segmenting tasks like
summarization and response generation for more coherent
communication [12]. Similarly, Yoshikawa et al. demon-
strated how LLMs can automate complex chemical experi-
ments, translating natural language into robotic commands
and improving lab operations for non-experts [13]. In social
robotics, Onorati et al. introduced dynamic and personalized
interactions by adapting dialogue based on users’ social
media activities, greatly enhancing user engagement [14].
In another research, Serfaty et al. used nonverbal cues
such as eye gaze and facial expressions to improve human-
robot interactions, showcasing a zero-shot learning approach
for adaptable nonverbal communication [15]. In healthcare,
Umerenkov et al. propose a LLM based clinical decision
systems by processing extensive patient data to improve
diagnostics and treatments [16]. Another significant study by
Mehandru et al. evaluated LLMs in ”Artificial Intelligence
Structured Clinical Examinations” to assess their viability
as proactive agents in clinical environments, emphasizing
their potential to influence healthcare outcomes [17]. In
educational technology, Hosseini et al. explored the inte-
gration of ChatGPT in education, revealing uncertainties
about its effective application, while Kasneci et al. in another
research highlighted how LLMs could personalize learning
environments to suit individual student needs [18], [19].
Furthermore, in finance, LLMs like BloombergGPT have
shown remarkable capabilities in analyzing financial data
and performing complex tasks like sentiment analysis and
named entity recognition, demonstrating the extensive utility
of these models in the sector [20]. These developments
underscore the transformative impact of LLMs and illustrate
how they build on and expand the capabilities of earlier
architectures, setting new benchmarks in the field of artificial
intelligence and Machine Learning (ML). However, this
rapid increase in their use complicates the task of pinpointing
the specific fields in which they are used. Consequently,
unlike other articles that merely define and explain the
workings of specific LLMs or their adoption within a single
scientific domain, and unlike previous reviews that primarily
catalog the technical evolution of LLMs, our systematic
review identifies the specific fields that have embraced this
transformative technology. An innovative aspect of our study
is the use of an LLM to disambiguate and refine the results
of our literature search, ensuring greater accuracy and rele-
vance. Therefore, this review aims to trace and understand
the real-world deployment of LLMs across a broad spectrum
of disciplines in recent years. By highlighting the diverse
directions and applications of this technology, we provide
an in-depth and comprehensive overview of its current and
potential impact, shedding light on how LLMs are revolu-

tionizing various fields and guiding future advancements.

II. PROPOSED WORK

A. Creation of the dataset

To facilitate a comprehensive study on the usage of
LLMs, data acquisition involved automated downloads from
the Scopus database using a Python script, which effectively
communicated with Elsevier’s Scopus API. Utilizing the
Scopus API presents both advantages and disadvantages.
On the one hand, the API primarily provides access to
article metadata such as titles, abstracts, and keywords,
rather than full-text content. This limitation means that,
while a substantial amount of data can be retrieved about
a wide array of articles, the complete documents are often
inaccessible directly through the API. However, this method
enables researchers to gather and analyze large datasets
efficiently, offering a broad overview of research trends
and facilitating comprehensive bibliometric analysis. Using
the extensive metadata available, we were able to identify
patterns, trends, and connections in a vast number of
publications, aligning with our primary objective. Focusing
on the Abstract, Title, and Keywords sections of each
article ensured a targeted and relevant approach, as these
sections typically capture the core themes and focal points
of the research. If a term or concept such as ’medical’ is
mentioned in these sections, it is reasonable to infer its
centrality to the content of the article, making this approach
practical and justifiable. The following are the steps we
took to build the dataset for the analysis. Configuration:
the script was initialized with the relevant API key and base
URLs for fetching data about articles, abstracts, and serial
titles. Query Preparation: the query has been written to
retrieve all documents starting from 2017 that mentioned
Large Language Model, LLM or variations thereof, i.e.,
(( TITLE-ABS-KEY ( "large language model"
) OR TITLE-ABS-KEY ( "large language
models" ) OR TITLE-ABS-KEY ( "LLM" ) OR
TITLE-ABS-KEY ( "LLMs" ) ) AND PUBYEAR >
2016). Iterative Requests: the script made HTTP GET
requests to the Scopus API endpoint, iteratively fetching
results paginated by 10 articles at a time. This was to
ensure that the API’s response limits were respected while
capturing all relevant data. Data Handling: each article’s
details, such as title, abstract, keywords, publication year,
citation count, and subject areas, were extracted. Subject
areas were further fetched from both the article and journal
level using specific endpoints provided by the Scopus
API. Data Storage: all successfully retrieved data were
stored in CSV files organized by publication year. The
script maintained a progress log to restart the process from
the last successful fetch in case of interruptions. Before
saving any data, the script checked and created necessary
directories based on the year of data retrieval to organize
the outputs systematically.
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  TABLE I
NUMBER OF DOCUMENTS BY YEAR OF PUBLICATION, BEFORE AND

AFTER PA.

Year Before PA After PA
2017 63 0
2018 71 4
2019 79 5
2020 99 13
2021 151 55
2022 137 67
2023 4308 3731
2024 3117 1961

B. Disambiguating research papers through Pertinence
Analysis

A Pertinence Analysis (PA) has been conducted to ensure
that our dataset only included articles relevant to our study
on LLMs. To this aim, we used an ML-based method
to examine each CSV file, year by year. This analysis
was performed to separate the relevant from the irrelevant
articles based on their content. Each CSV containing the
metadata of the articles from various years was passed
through an LLM, i.e., Mixtral 8x7B [21]. The LLM was
prompted to analyze the abstract, author keywords, and
index keywords of each article. The specific prompt used
for this analysis was: Respond with ’TRUE’ or
’FALSE’ only, without any other comment.
Does the following text discuss large
language models: ’text_to_analyze’.
Each field was evaluated three times to enhance the accuracy
of the analysis, with the three results averaged to determine
the pertinence. An article was classified as relevant if any
of the three analyzed fields indicated relevance. Table I
shows the number of documents found by year, before and
after the process.

C. Analysis of Subject Area Trends Over the Years

The results of the query, before the PA, along with the
cleaned dataset, have been used to analyze the trends of
various subject areas over the years, as shown in Fig. 1. This
involved conducting an analysis of how many articles were
labeled year-by-year according to Scopus in various subject
areas, and the same was done for the articles considered
relevant with the subsequent analysis. Subject areas were
grouped as follows: Computer Science and Technology,
Engineering and Applied Technology, Biological Sciences
and Medicine, Social Sciences and Humanities, Communi-
cation, Management Sciences, Applied and Interdisciplinary
Sciences.

D. Keywords and Relevant terms extraction

This study employed a systematic approach to extract
and analyze key terms from a corpus of collected articles
using the Orange Text Mining software [22]. This process
is vital for discerning thematic concentrations and tracking
terminological evolutions within the domain of LLMs across
specified periods. In Fig. 2 we provides a detailed visualiza-
tion of the entire processing pipeline, showcasing each node

involved in our knowledge extraction study. The pipeline is
designed to optimize code reuse and allow for the selection
of specific parts of the dataset by modifying the filtering
phase, making the process streamlined and efficient. Detailed
below are the specific steps and corresponding function calls
utilized throughout the analysis:

• Corpus Creation (CSV File Import, Corpus):
initially, the collected articles were loaded into the
Orange environment, enabling further processing.

• Text Preprocessing (Process Text): the text data
underwent preprocessing removing stop words, ap-
plying stemming, and lemmatization. These steps are
essential for reducing words to their base forms and
ensuring that the analysis focuses on the content’s
essence without common linguistic redundancies.

• Filtering the data (Raw and Columns
selections): The selection of specific rows
and columns from the preprocessed dataset enables us
to dynamically and easily filter by specific years (row
selection) and fields (column selection) without the
need to prepare separate corpora or redesign the entire
pipeline.

• Vectorization (Bag of Words): after preprocessing,
the text was converted into a vector format using
the TF-IDF (Term Frequency-Inverse Document Fre-
quency) technique [23]. This method is very effective
because it enhances the importance of unique terms in
each document while diminishing the impact of those
common across many documents. The TF-IDF score
acts as a weighting factor in information retrieval, mea-
suring the relevance of a term relative to a collection of
documents. The mathematical representation of TF-IDF
is given by:

(TF )i,j =
Num. of occurrency of term i

Total num. of terms in doc. j

(IDF )i = ln

(
Total num. of docs

Num. of docs that contains term i

)

(TF − IDF )i,j = (TF )i,j · (IDF )i
• Keyword Extraction (Extract Keywords): subse-

quently, the keywords were identified and scored based
on their TF-IDF values. Keywords with higher scores
were deemed more significant and indicative of the core
topics discussed in the texts.

• Keyword Visualization (Data Table): a detailed
table was automatically compiled, listing the keywords
along with their respective TF-IDF scores for each year
and cumulatively for the entire period (Tab. II).

III. RESULTS AND CONCLUSIONS

Important observations are immediately visible from the
annual publication numbers reported in Table I. It is evident
that after the dataset undergoes disambiguation through
pertinence analysis, there are no articles discussing large
language models (LLMs) prior to the one considered the
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  Fig. 1. Trends of Subject Areas before (above) and after (below) Pertinence Analysis (PA).

Fig. 2. Detailed pipeline with relative function chain for keyword extraction using Orange [22].

pioneer in this technology [1]. An important observation
is that, while LLMs were introduced in 2017 and quickly
gained traction within the field of computer science, but it
took a few years for their adoption to reach a truly expo-
nential growth, which is identifiable in the year 2023. The
analysis of the trends of LLMs divided by different subject
areas (Fig. 1), confirmed that, in that year, the explosive
growth of LLMs in computer science has finally extended
to other sectors, which are now beginning to widely and
reliably adopt this technology to enhance diverse solutions.
The sector most impacted by this shift is medicine and
healthcare, followed by significant increases in engineering,
communication, finance, and marketing. This broader adop-
tion reflects the transformative potential of LLM technology
across multiple fields. The evolving trends in keyword signif-
icance over the years offer a more comprehensive insight into
the shifting focus areas within the research and application
of LLMs. Our analysis, derived from the frequency and TF-
IDF scores of keywords from 2017 to 2024, reveals a gradual

yet evident increase in terms not traditionally associated
with computer science and NLP. For example, terms like
education, medical, and human from 2023 onwards, point to
a broadening horizon where LLM applications intersect with
diverse disciplines such as education, healthcare, and social
sciences. This interdisciplinary trend is not just incidental
but reflects a deeper integration of LLM capabilities in
addressing complex issues beyond their conventional tech-
centric applications. In 2021, terms like semantic, knowl-
edge, and understanding begin to emerge more prominently,
suggesting a shift towards more nuanced and context-aware
applications of LLMs. By 2024, the persistence of educa-
tion and medical alongside performance and information
underscores the role of LLMs in educational frameworks and
medical diagnostics, illustrating their penetration into sectors
requiring nuanced human-like understanding and decision-
making processes. Given these results, the concentration in
recent discussions and research appears to be focused on
the following fields: AI and Machine Learning Focus:
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  TABLE II
EXTRACTED KEYWORDS

2018 2019 2020 2021
word TF-IDF word TF-IDF word TF-IDF word TF-IDF
end 0.213 paraphrasing 0.200 pruning 0.054 learning 0.034
adaptive 0.129 nuclear 0.115 structured 0.054 training 0.028
keyboard 0.129 clinical 0.082 training 0.048 transformer 0.024
system 0.129 concept 0.082 baltic 0.046 tuning 0.024
data 0.119 contextual 0.082 modeling 0.045 semantic 0.023
recognition 0.118 embeddings 0.082 generation 0.045 knowledge 0.022
speech 0.118 enhancing 0.082 story 0.045 understanding 0.021
machine 0.109 extraction 0.082 conversational 0.044 pre 0.020
monolingual 0.109 adjectives 0.058 play 0.044 trained 0.020
neural 0.109 captains 0.058 plug 0.044 fine 0.020
systematic 0.109 challenge 0.058 knowledge 0.043 bert 0.019
translation 0.109 commonsense 0.058 alternative 0.038 generation 0.018
russian 0.107 dataset 0.058 entity 0.038 data 0.017
cast 0.079 objects 0.058 evaluation 0.038 text 0.017
containing 0.079 reasoning 0.058 holms 0.038 shot 0.017
explosives 0.079 submarines 0.058 latvian 0.038 classification 0.017
heat 0.079 application 0.055 named 0.038 multilingual 0.016
ignition 0.079 common 0.055 recognition 0.038 programming 0.016
loading 0.079 driven 0.055 summary 0.038 controlling 0.015
microscopic 0.079 eeg 0.055 answering 0.036 dialogue 0.015

2022 2023 2024 2017-2024
word TF-IDF word TF-IDF word TF-IDF word TF-IDF
ai 0.027 chatgpt 0.019 chatgpt 0.020 chatgpt 0.019
code 0.024 ai 0.016 ai 0.018 ai 0.016
learning 0.022 learning 0.015 learning 0.014 learning 0.014
machine 0.022 generation 0.012 intelligence 0.014 generative 0.012
artificial 0.021 generative 0.012 artificial 0.014 intelligence 0.012
intelligence 0.021 text 0.011 generative 0.014 generation 0.012
programming 0.020 knowledge 0.011 analysis 0.012 artificial 0.012
gpt 0.020 intelligence 0.011 generation 0.011 text 0.011
search 0.020 artificial 0.011 data 0.010 knowledge 0.011
human 0.019 gpt 0.010 text 0.010 data 0.010
writing 0.018 data 0.010 evaluation 0.009 gpt 0.010
generation 0.018 analysis 0.008 knowledge 0.009 analysis 0.009
shot 0.017 evaluation 0.008 education 0.009 evaluation 0.008
conference 0.017 human 0.008 gpt 0.009 medical 0.008
proceedings 0.017 education 0.008 medical 0.009 education 0.008
natural 0.017 medical 0.008 prompt 0.008 human 0.008
translation 0.017 detection 0.007 performance 0.008 prompt 0.007
system 0.017 natural 0.007 human 0.008 code 0.007
data 0.017 prompt 0.007 information 0.007 detection 0.007
prompts 0.016 exploring 0.007 code 0.007 exploring 0.007

The presence of terms such as AI, machine learning, deep
learning, neural, training, prediction, and dataset suggests
a strong emphasis on the development and application of
AI technologies. This is indicative of ongoing advancements
in AI capabilities and their broad applications across vari-
ous domains. GPT and Generative Models: the frequent
mention of GPT, generative, and transformer indicates spe-
cific interest in transformer-based models, especially those
related to OpenAI’s GPT series. These models are central
to discussions on natural language processing, showcasing
their significant role in advancing conversational AI and text
generation. Moreover, it is evident that, albeit many models
(e.g., llama, Gemini, Mixtral) have emerged in the last
few years, these models fail to gain enough significance to
appear among the most frequent keywords, and GPT models
remains by far the most widely used model. Application
Areas: words like healthcare, medical, education, and legal
suggest that AI’s impact is being explored across critical

sectors. This aligns with the trend of deploying AI for
specialized applications, reflecting a maturation in the field
where AI moves from theoretical exploration to practical,
impactful applications. Evaluation and Performance: terms
like evaluation, performance, benchmark, accuracy, and
efficiency highlight the importance of metrics and testing
in AI development. This indicates a focus on not just
creating AI models but also on validating their effectiveness
and efficiency in various settings. Ethics and Challenges:
the inclusion of terms like bias, ethical, challenges, and
limitations points to a growing awareness and discussion
around the ethical implications of AI. It shows that alongside
technological advancements, there is a parallel conversa-
tion about the societal impacts of AI, including concerns
about bias, fairness, and the transparency of AI systems.
Technical Aspects and Innovation: words like architecture,
code, framework, and engineering imply a robust discussion
around the technical underpinnings and innovations in AI.
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  This might involve exploring new model architectures, en-
hancing existing frameworks, and improving the integration
of AI into software engineering practices. Knowledge and
Information: terms such as knowledge, information, data,
semantic, and extraction underscore the centrality of data
and knowledge management in AI. This reflects the AI
field’s reliance on vast amounts of data to train models
and the ongoing efforts to refine information extraction and
semantic analysis techniques.

This latter deeper analysis on frequent and significant
terms depict a domain that is growing not only technolog-
ically but also in its complex interactions with important
ethical, practical, and societal issues. The emphasis covers
everything from basic technologies and methods to applica-
tions that affect daily life and essential sectors.

In conclusion, this review showcased the broad application
of LLMs across various sectors, highlighting their potential
to enhance efficiency, accuracy, and productivity. Notable
strengths observed include their ability to generate coherent
and relevant texts across diverse contexts and to learn
effectively from minimal examples. Nonetheless, limitations
such as the potential for generating inaccurate or incoherent
outputs, perpetuating biases from training data, and lacking a
true understanding of human language and context were also
noted. This comprehensive analysis provided an overview of
the subclassifications, fields, strengths, and weaknesses of
LLM use, indicating their significant yet recent impact in
transforming industry paradigms and replacing less efficient
systems or improving them thanks to their integration.
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