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 A B S T R A C T 
This work provides a thorough SWOT analysis of large language models (LLMs). We employ several techniques and language 

concepts to determine the strengths, weaknesses, opportunities and threats posed by LLMs1. To begin with, our results provide 
information for improving language model understanding of human cues and maximizing AI interactions. The research then 
covers various strategies including fine-tuning and template-based approaches, addressing the drawbacks and difficulties of each 
strategy. Finally, we conclude by outlining potential avenues for future study to increase rapid engineering efficacy and eventually, 
enhance human-machine communication.
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an analysis of more than 100 research publications, the 
study assesses LLMs’ strengths, such as their scalability and 
adaptability, while simultaneously addressing their weaknesses, 
including their computational requirements and possible 
biases. Developments in multimodal systems and specialized 
applications, especially in fields like clinical decision assistance 
and medical literature analysis, present significant prospects. 
But external dangers including privacy issues, ethical dilemmas 
and regulatory obstacles are also examined. ITogive a thorough 
grasp of LLM technology and to direct future research and 
useful deployment tactics, the technique entails grouping ideas 
from the literature into these four categories.

3. Background
3.1. NLP Principles

Natural Language Processing (NLP) is a critical field of 
artificial intelligence that focuses on enabling machines to 
understand, interpret and respond to human language. NLP, 
which has its roots in linguistics, integrates syntactic and 
semantic knowledge to process language in meaningful ways. 
Semantics is concerned with the meaning of words and phrases 
about their contexts, whereas syntax is concerned with the 
structure of sentences—how words are put together to create 
grammatically valid sequences. For NLP systems to carry out 
tasks like machine translation, speech recognition, sentiment 
analysis and question answering, these two foundations of 
language understanding are necessary.

Rule-based methods were the mainstay of systems in the 
early phases of NLP development. These systems relied on 
dictionaries and pre-established grammatical rules to manually 
encode language knowledge. However, these systems faced 
serious challenges as language processing became more 
complicated, especially when it came to handling the ambiguity 
and variety of human language. For example, it was challenging 
for rule-based models to function effectively across a variety 
of use cases due to homonyms, idiomatic idioms and context-
specific meanings.

NLP was revolutionized by the development of machine 
learning, particularly deep learning, which enables models 
to discover patterns in massive datasets without the need for 
manually created rules. More adaptable and scalable solutions 
were made possible by this change, which improved model 
generalization across many languages, tasks and domains. Word 
embeddings, like Word2Vec and GloVe, which map words to 
vectors in a continuous vector space and capture their semantic 
links and contextual meanings, were a significant advancement 
in natural language processing. More complex text analysis was 
made possible by these embeddings, which completely changed 
how models saw the relationships between words6.

NLP was further developed throughout time by deep learning 
architectures such as Recurrent Neural Networks (RNNs) and 
Long Short-Term Memory (LSTM) networks, which enabled 
models to handle sequential input, including sentences and 
documents and capture word dependencies. However, because 
these models were unable to effectively handle long-range 
dependencies in text, they had trouble with longer sequences.

Transformer-based Architectures were developed in 
response to the demand for more scalable and effective models. 
These designs are now the foundation of contemporary NLP 
developments, such as Large Language Models (LLMs)7

1. Introduction
Large Language Models (LLMs) have revolutionized natural 

language processing (NLP) through their exceptional ability 
to generate human-like text and comprehend complex queries. 
Notable for their scalability and versatility, well-known models 
like OpenAI’s GPT-3 and GPT-4 and Meta’s LLaMA find use 
in a variety of fields, from chatbots for customer service to 
biomedical research, where specialized models like BioMistral 
are making important contributions in the healthcare industry2.

LLMs are advanced artificial intelligence (AI) systems that 
use deep learning methods, especially transformer structures. 
These models can understand intricate language patterns 
and carry out a range of tasks, including text synthesis, 
summarization, translation and question-answering.

AI models, such as the generative pre-trained transformers 
(GPT), are part of the LLMs. For instance, GPT-3 has about 175 
billion parameters, while its sibling has one trillion. GPT-3.5 is 
an intermediate version, but it focuses on predicting the next 
word in a sequence from an enormous dataset of internet text. 
ChatGPT is based on the model for the current iteration4.

These LLMs are trained on vast data sets that enable them to 
detect complex patterns and relationships and simulate human-
like language comprehension. With a prompt or question, 
ChatGPT can give relevant, coherent responses to questions 
based on the linguistic patterns it has absorbed. These models 
have sometimes been labeled “foundation models” or “base 
models,” although they are essential building blocks for more 
complex and complex applications in generative AI.

Domain-specific models like Bio BERT and Clinical BERT, 
which have been tailored for use in healthcare applications, 
their performance gets better as the dataset they are trained on 
increases in size5.

In addition to processing text, LLMs are increasingly 
integrated into multimodal systems capable of handling various 
data types such as images and audio. Models like Med Alpaca 
and PMC-LLaMA, for example, are designed for specific uses in 
the medical domain, helping with activities like clinical literature 
analysis and patient data generation5.

Applications for LLMs can be found in a variety of areas. 
Chatbots used in customer service improve user interactions and 
automate responses. They produce marketing collateral, articles 
and even creative writing as part of the content development 
process. LLMs help with clinical data summarizing, medication 
discovery and medical literature analysis in the healthcare 
industry. Through dialogue-based AI, they also provide 
individualized instruction in education and in research, they 
help with sophisticated scientific analyses and academic paper 
summarization. (Nature Machine Intelligence. 2023). A SWOT 
analysis will be used in this study to assess the strengths, 
weaknesses, opportunities and threats related to LLMs, with an 
emphasis on how they are used in the biomedical industry and 
other fields.

2. Research Methodology
A SWOT analysis technique will be used to assess the 

strengths, weaknesses, opportunities and threats related to 
Transformer-based Architecture focusing on their applications 
in the biomedical industry and other specialized fields. Through 
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3.2. Transformer-based Architecture

The Transformer-based Architecture revolutionized NLP by 
introducing an attention-based model that could handle long-
range dependencies more efficiently than previous sequential 
architectures like RNNs and LSTMs. The transformer, which 
was created by8 in their 2017 work “Attention is All You Need,” 
employs a self-attention mechanism that enables it to assess 
each word’s significance in connection to every other word in a 
phrase. The limits of sequential processing in previous models 
are overcome by this innovation, which enables the model to 
concentrate on pertinent portions of the input independent of the 
word positions.

Each encoder and decoder in the transformer’s architecture 
is made up of layers that process and change input data. In an 
NLP setting, the decoder creates the output sequence (such 
as a translation or a response) after the encoder processes the 
input sequence (such as a sentence). These layers’ self-attention 
mechanism allows the model to flexibly shift its attention to 
various input elements, catching intricate correlations between 
far-flung words.

Transformers’ capacity to process sequences in parallel rather 
than sequentially is one of their main strengths; this greatly 
boosts computational efficiency and enables the scaling of 
models to previously unheard-of sizes. Large Language Models 
like GPT-3, BERT and LLaMA are powered by this scalability. 
Because these models have billions to trillions of parameters, 
they can generate content, summarize, answer questions and 
even write code, among other activities. (Kingma, D. P., & 
Welling, M., 2014). 

Another prevalent problem in earlier models—the challenge 
of comprehending long-range dependencies—is likewise 
addressed by the self-attention mechanism. In language, words 
that are widely apart in a sentence frequently determine a word’s 
meaning. Because they analyzed phrases word by word in a 
sequential fashion, traditional models like RNNs had trouble 
remembering earlier parts of a sentence. Transformers, on 
the other hand, are far better at capturing these dependencies 
because they can directly access any portion of the sentence.

In addition to their success in natural language processing, 
transformers have made it possible for multimodal models to 
incorporate text with other kinds of data, including audio, video 
and graphics. The creative industries, autonomous driving 
and healthcare are just a few of the businesses that will be 
significantly impacted by this development into multimodal 
learning. Examples of domain-specific transformers designed 
for the medical industry are MedAlpaca and PMC-LLaMA, 
which support clinical literature analysis and patient data-driven 
decision-making.

The importance of this design can be seen in the quick 
development of LLMs based on transformers. These models 
demonstrate how AI can combine several data sources to 
provide richer, more informative outputs. They are also at the 
forefront of multimodal applications, in addition to excelling at 
text-related tasks. Transformers will probably continue to be at 
the core of AI developments as model scale increases, pushing 
the boundaries of natural language creation and comprehension.

Modern LLMs are built on the base of the Transformer-
based Architecture and the integration of NLP techniques. By 
automating difficult linguistic activities, increasing machine 

understanding precision and opening up new avenues for 
human-AI connection, these models are revolutionizing several 
industries.

4. Literature Review
Recent research has examined the development, difficulties 

and future of large language models (LLMs) from a variety 
of angles, illuminating both their intrinsic limitations and 
transformational potential. One study, Evolution and Prospects 
of Foundation Models (Chen et al.), highlights the critical 
importance of transformer designs while outlining the historical 
developments in LLMs. Natural language processing (NLP) 
has benefited greatly from the invention of LLMs, which have 
made tasks like text production, translation and summarization 
possible. The paper emphasizes how self-attention processes in 
LLMs let these models process context well, increasing their 
adaptability and versatility to a variety of tasks.

But as Resnik (2024) notes in Large Language Models are 
Biased Because They Are Large Language Models, there are 
drawbacks to the development of LLMs, especially when it comes 
to dealing with prejudice and fairness. Resnik contends that the 
large datasets and probabilistic techniques that support LLMs 
inevitably result in biases. The article highlights how challenging 
it is to differentiate between neutral and harmful biases because 
of the nature of LLM training. Although there has been some 
progress, attempts to address these biases using methods such as 
Reinforcement Learning from Human Feedback (RLHF) have 
not completely fixed the problem, suggesting that the way LLMs 
are created and improved needs to be re-examined. (Jiaqi Wang, 
“A Comprehensive Review of Multimodal Large Language 
Models: Performance and Challenges Across Different Tasks”).

Giray et al. (2023) offer a more application-focused 
viewpoint in their study, SWOT Analysis of ChatGPT in 
Scientific Research. This study used a SWOT analysis to 
assess ChatGPT’s application in research, pointing to its broad 
knowledge base and language skills as strengths and pointing 
out drawbacks such contextual awareness and informational 
bias. The study highlights how LLMs may help with literature 
reviews, concept generation and language translation, but it also 
warns about hazards including plagiarism, ethical issues and an 
excessive dependence on AI-generated work. The results show 
that although LLMs have a lot of promise, ensuring research 
integrity requires careful deployment management.

5. Related Works
Our study conducts a comprehensive Strength Weakness 

Opportunity and Threat (SWOT) analysis, focusing specifically 
on the strengths, weaknesses, opportunities and threats associated 
with LLMs.

5.1. Strengths of LLMs

5.1.1. Versatility and Adaptability of LLMs: One of the 
most distinctive features of large language models (LLMs) is 
their versatility. They can perform a wide variety of linguistic 
tasks thanks to their design, ranging from basic ones like text 
generation, translation and summarization, to more intricate 
uses like coding or even the creation of conversational agents. 
Because of the adaptability of their underlying transformer 
topologies, LLMs are able to achieve this variety. Transformers 
function by employing mechanisms such as self-attention, 
which process text sequences in parallel and enables the efficient 
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computing of contextual links, to capture dependencies between 
words and contexts.

5.1.2. Capabilities Across Different Tasks: Tasks using zero-
shot, few-shot or fine-tuning-based learning methodologies can 
be completed by LLMs. LLMs can adjust to new duties thanks 
to these skills without requiring a lot of retraining. 

5.1.3. For instance: Even if they were not specifically taught on 
those activities, zero-shot learning enables LLMs to generalize 
and react to completely new tasks given the instructions.

Few-shot learning guides the LLM’s response to a prompt 
by using in-context examples. LLMs can mimic patterns from a 
limited number of demonstrations thanks to this characteristic. 
By training the LLM on particular datasets or employing 
parameter-efficient tuning techniques like Low-Rank Adaptation 
(LoRA) and prefix-tuning, users can fine-tune the models for 
domain-specific applications8.

5.1.4. Use Cases Across Domains: LLMs have demonstrated 
efficacy in a variety of fields and are not limited to a small 
number of applications. Here are few instances:

Applications in drug discovery and medical literature 
analysis are made possible by models like BioBERT, which have 
been optimized to excel in comprehending biomedical language. 
Because of these models’ adaptability, better clinical support 
systems have been developed to help medical personnel diagnose 
patients and make well-informed judgments. (Zhang, L., Zhang, 
L., & Wang, J., 2020). LLM-based chatbots and customer 
support representatives are frequently used in businesses to 
process high amounts of inquiries in a logical and customized 
way. To produce precise replies depending on user inputs, these 
agents rely on the model’s profound contextual comprehension9.

LLMs are used to create instructional materials, offer 
individualized coaching, summarize research articles and even 
assist researchers with literature reviews. They are useful tools 
in academic and scientific situations because of their capacity to 
understand complicated language inputs.

5.2. Improved Health Communication via LLM-Based 
Chatbots

The research of Ayers, among other scholars, revealed the 
remarkable ability of ChatGPT to offer patients empathic quality 
answers. Ayers compared responses from licensed physicians and 
ChatGPT to 195 questions on Reddit’s platform. Professionals 
who were part of the researchers made the assessment, wherein 
responses from chatbots elicited more favorable preferences 
among respondents compared to physicians regarding 78.6% of 
evaluations. The chatbot responses scored much higher in the 
quality and empathy dimensions. Results like these indicate that 
AI-based chatbot assistants and other validations from healthcare 
providers may help substantively aid patients in developing 
answers to their questions.

A conversation model based on LLaMA-7B was trained 
using 52,000 synthetic data points (made by the Alpaca 
project at Stanford University) and fine-tuned on 100,000 
patient-physician conversations from an online telemedicine 
consultation platform. This resulted in the creation of the 
ChatDoctor application that also comes with a knowledge brain 
that connects to both Wikipedia and offline medical database 
storage for real-time information. ChatDoctor was effective 
in similarity metrics, such as precision, recall and F1 score. 

This dramatically improved its ability to understand patients’ 
questions and guide them appropriately.

5.3. Flexible Design and Transfer Learning

The adaptability of LLMs is supported by the transformer 
architecture that serves as their foundation. Transformers can 
capture complex links between words and phrases and analyze 
long-range dependencies more effectively than previous models 
such as Recurrent Neural Networks (RNNs). Transfer learning, 
which involves adapting models that have already been trained 
on large datasets to particular domains or tasks, increases this 
flexibility. Support for multimodal learning, which enables 
models to process text in addition to images, audio or even video 
data, further demonstrates the adaptability of LLMs.

In conclusion, the transformer-based architecture, effective 
training mechanisms and adaptable design of LLMs allow them 
to exhibit remarkable versatility. Their ability to generalize 
across different domains and applications is made possible by 
these properties, which make them essential tools in a variety of 
industries, including customer service and healthcare2.

5.4. Scalability and Efficiency of LLMs

The ability of Large Language Models (LLMs) to scale 
efficiently, both in terms of model size and training data, is one 
of its main advantages. Their ability to scale is essential to their 
performance and success while managing challenging linguistic 
assignments. The transformer design is the foundation of this 
scalability, enabling LLMs to efficiently process enormous 
volumes of data and parallelize computations.

5.5. Scalability in Model Size

The fact that LLMs can have billions or even trillions of 
parameters greatly improve their ability to recognize complex 
linguistic patterns. With 175 billion parameters, for example, 
models such as GPT-3 may produce accurate and contextually 
relevant responses. The most recent developments, such GPT-4 
and Molmo, keep pushing the envelope by enhancing model 
efficiency and adding even more parameters. LLMs are better 
equipped to handle complicated NLP tasks like question-
answering, dialogue management and long-form text production 
as a result of this increase in model size, which also enables 
them to comprehend more intricate relationships within text9.

5.6. Efficient Parallel Processing

By using a self-attention mechanism, the transformer design 
allows models to analyze text sequences concurrently. This is 
a significant change from previous models, such as Recurrent 
Neural Networks (RNNs), which were prone to losing contextual 
links over lengthy text spans and processed input sequentially. 
LLMs may effectively manage long-range dependencies thanks 
to self-attention, which preserves coherence while collecting 
context and meaning across massive inputs. Furthermore, to 
further minimize memory and computational requirements, 
technologies like sparse attention and flash attention have 
been created, which lowers the cost of training big models and 
improves their scalability.

5.7. Handling Complex Data and Multimodal Inputs

In addition to processing bigger datasets, LLMs may now 
incorporate various data kinds (such as text, graphics and 
audio) as they grow in size. Transformer-based architectures are 
used by advanced multimodal LLMs to accomplish tasks that 
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integrate these various input types, opening up new applications 
like medical diagnostics, image captioning and visual question-
answering. Exploring increasingly complicated and rich data 
scenarios is made possible by these models’ scalability, both in 
terms of their design and multimodal capabilities.

5.8. Training on Large Datasets

The breadth and diversity of training datasets are important 
aspects of scalability. Large-scale datasets with a variety of text 
formats can be used to train LLMs, which allows them to handle 
differences in terminology, language style and tone as well as 
generalize across several domains. For instance, GPT-3 can 
adapt to a variety of subjects and jobs because it was trained on 
datasets that included books, papers, webpages and other types 
of human-created information.

5.9. Challenges and Efficiency Innovations

Although performance is enhanced by increasing model 
size and training data, there are drawbacks in terms of resource 
consumption and computing needs. Researchers have created 
methods like parameter-efficient fine-tuning and distributed 
training to overcome these obstacles. LLMs can be trained 
across several GPUs or cloud servers using distributed training 
techniques including data parallelism, pipeline parallelism 
and tensor parallelism, which save time and money without 
sacrificing accuracy. By allowing users to adjust individual 
layers or parameters without retraining the entire model, 
parameter-efficient fine-tuning approaches such as prefix-tuning 
and Low-Rank Adaptation (LoRA) reduce computational load 
and energy consumption.

To summarize, LLMs exhibit remarkable scalability 
and efficiency by utilizing huge parameter counts, handling 
enormous datasets, integrating multimodal data and processing 
inputs in parallel. These advantages allow them to take on more 
challenging assignments while enhancing output and broadening 
their industry applicability. But these developments also bring 
with them difficulties in the management of computational 
resources, which researchers are still working to solve with 
creative training and fine-tuning methods.

5.10. Advanced Understanding and Contextual Awareness of 
LLMs

The advanced capacity of Large Language Models (LLMs) 
to comprehend and produce coherent, contextually appropriate 
text is one of their most notable advantages. This capacity 
results from architectural advances, including the usage of 
transformers’ self-attention processes. In order to effectively 
reply to complicated inputs and inquiries, LLMs-like GPT-4, 
BERT and LlaMA succeed at capturing complex links between 
words, phrases and even paragraphs10.

5.11. Self-Attention and Contextual Understanding

Based on their contextual relevance, LLMs use self-attention 
mechanisms to give each word in a sentence a varying degree 
of importance. Long-range dependencies within text may be 
processed by models thanks to this method, which is essential for 
deciphering the intent and meaning of user input. To guarantee 
that the output produced reflects a thorough comprehension of 
the context, models like as BERT’s self-attention component, 
for example, can dynamically shift focus to the pertinent words 
in a sentence. In tasks where understanding relationships across 

several words or paragraphs is frequently necessary for meaning, 
such as question-answering, summarizing and conversation 
production, this context-awareness is especially important.

5.12. Handling Ambiguity and Complex Language Structures

Idiomatic expressions, polysemy (words with numerous 
meanings) and ambiguous language—all of which are frequently 
difficult for conventional NLP models to handle-have been 
successfully handled by LLMs. Large-scale training on a variety 
of datasets teaches LLMs to differentiate between context-
based interpretations of the same word. They can negotiate 
intricate linguistic frameworks, distinguish subtleties in human 
communication and provide accurate and contextually relevant 
responses because of this skill3.

5.13. Application in Conversational and Human-AI 
Interaction

Because of their deep comprehension, LLMs are perfect for 
creating chatbots and conversational agents. For example, models 
such as ChatGPT maintain relevance during several exchanges 
by using their contextual understanding to have logical multi-
turn conversations. This is accomplished by keeping track of 
and consulting previous exchanges to generate precise follow-
up answers. Applications ranging from virtual assistants and 
customer service to educational tutoring and mental health help 
require these features11.

5.14. Context Awareness in Specialized Domains

Context awareness is essential in specialized industries like 
healthcare and finance, not merely a luxury. ClinicalBERT and 
BioBERT are examples of domain-specific LLMs that are refined 
on datasets with particular terminology and language. Their 
ability to comprehend and produce answers in a particular field, 
like identifying medical jargon in patient records or deriving 
insightful conclusions from financial reports, is enhanced by this 
fine-tuning. The same holds true for technical or legal domains, 
where LLMs are taught to understand terminology and context 
unique to their respective fields.

5.15. Incorporating Multimodal Context

Some LLMs are developing into multimodal models that can 
integrate text, pictures and audio inputs in addition to textual 
understanding. Applications like picture captioning, video 
summarization and medical diagnostics are made possible 
by these multimodal models’ ability to evaluate and correlate 
textual and visual input to produce deeper insights. Their 
comprehension capacities are expanded by this contextual 
synthesis across modalities, which improves applications in fields 
like media, healthcare and autonomous driving. In conclusion, 
the employment of complex self-attention processes, extensive 
training on a variety of datasets and the capacity to adjust to 
specialized domains are the key causes of LLMs’ superior 
comprehension and contextual awareness. These capabilities 
make LLMs effective tools for a variety of applications by 
enabling them to manage ambiguity, preserve coherence in 
discussions and produce outputs that are pertinent to the context. 
Their potential for thorough comprehension is further increased 
by the increasing integration of multimodal inputs, creating new 
opportunities for industry-wide decision-making and human-AI 
interaction.
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5.16. Multimodal Integration

Generative AI is the latest technology in artificial intelligence 
that has been making headway in recent years due to high interest 
and capital inflows. These recent interesting developments led 
to several hundreds of startups who worked to come up with 
a solution for GAI models, which, in simple terms, enables 
these models to generate varied media, for example, text and 
images, audio and videos and even 3D models in response 
to specific requests by users. Using pattern recognition and 
learning from existing data, GAI produces innovative outputs 
with characteristics very close to its training data. This is why 
GAI’s ascent has positioned it as one of the most sought-after 
technologies in the world.

GAI is unique compared to other types of AI because it 
can produce coherent and realistic outputs. Unlike traditional 
AI systems, which are task-specific, GAI goes beyond the 
conventional rule-based approach. It uses advanced machine 
learning techniques such as Deep Learning (DL), Natural 
Language Processing (NLP) and Neural Networks. These 
techniques allow GAI to learn patterns in large training datasets, 
thus generating new data that retains unique characteristics. 
With time, GAI models have increased while developing 
sophistication to produce stable, high-quality outputs in various 
modalities. This led to techniques such as conditional generation 
in Generative Adversarial Networks (GANs), fine-tuning 
language models and others for high accuracy and control over 
generated content.

Examples of GAI systems include ChatGPT, DALL-E, 
Midjourney and Bard. Open AI has developed ChatGPT for 
natural language processing capabilities where users can 
engage in meaningful contextual conversations. Such large 
language models, GPT, have fundamentally transformed NLP 
by representing excellent language generation capabilities 
mainly because of their vast scale and intricate architecture.
Large Language Models (LLMs) harness the capabilities of 
Generative AI to interpret and integrate data from a variety 
of sources, including text, photos, audio and even video. For 
AI applications to advance in fields that demand thorough 
contextual understanding from a variety of data kinds, this 
multimodal integration is essential25. 

5.17. Expanding Beyond Text

Text-based activities including text production, 
summarization, translation and question-answering were the 
main focus of traditional LLMs. Multimodal models, on the 
other hand, have emerged as a result of recent developments that 
integrate language comprehension with additional modalities 
such as visual information, aural cues and tabular data. The 
versatility of LLMs in comprehending and producing context 
across various formats is increased by CLIP (Contrastive 
Language–Image Pre-training), which can link text with 
corresponding images and OpenAI’s GPT-4V, which can process 
images and text to describe scenes or respond to visual questions.

5.18. Multimodal Applications and Use Cases

Numerous industries are seeing revolutionary uses as a result 
of LLMs’ integration of multimodal capabilities:

Multimodal AI is being used in a wide range of industries 
outside of healthcare and autonomous systems. By fusing text 

prompts with pictures or videos, these models may provide 
intricate, multimedia outputs for the creative business, which has 
uses in content production, marketing and advertising. A content 
producer might, for example, provide personalized product 
descriptions and images using a multimodal approach to make 
online shopping more interesting (Harvard Medical School. 
(2024).

By integrating text, images and audio inputs, multimodal 
LLMs can replicate real-world situations in training and 
education. To help medical students practice making decisions 
under pressure, a training module can, for instance, imitate 
an emergency room setting with realistic audio and video 
components. Because of this, multimodal AI is a priceless tool for 
creating immersive training environments that closely resemble 
actual situations, which improves learning and retention.

Multimodal LLMs aid in the analysis of visual sensors, 
auditory and environmental data in autonomous systems to give 
a thorough grasp of their environment [MIT Technology Review. 
(2023]. Enhancing navigation, safety and decision-making skills 
in robotic systems and self-driving cars requires this integration.

Multimodal LLMs are employed in creative applications 
including as content production, video summarization and picture 
captioning, where AI systems produce textual descriptions from 
visual content. This affects industries including journalism, 
entertainment and content production.

5.19. Transformational Impact on AI Systems

A paradigm shift in the way AI systems interact with their 
surroundings is represented by LLMs’ increasing capacity to 
assimilate multimodal data. The development of LLMs into 
multimodal systems enables them to handle a larger collection 
of inputs, producing more accurate and significant outputs 
than traditional NLP models, which were restricted to textual 
inputs. This feature increases AI’s usefulness in fields where 
context is extracted from various data types. For instance, LLMs 
have already demonstrated their capability as capable agents 
bypassing the United States Medical Licensing Examination, 
publishing research articles and analyzing electronic medical 
records. In particular, applying generative AI for interpreting 
EMR data patient notes to lab results and billing further cement 
AI closer to clinical practice. We can use them for EMR data 
to improve predictive accuracy, reduce model development time 
when large amounts of labeled data are unnecessary and reduce 
deployment costs.

5.20. Technical Advancements in Multimodal LLMs

Multimodal integration has been made possible in large part 
by technological advancements like cross-attention techniques. 
Models can align and correlate several input modalities by using 
cross-attention, such as linking words in a sentence to regions 
in a video frame or parts in a picture. Additionally, pre-training 
on sizable datasets that include text with visual or audio input 
is a common component of training procedures for multimodal 
LLMs. This enables models to acquire deeper representations 
and interactions across modalities14.

LLMs’ flexibility and industry-wide usefulness are greatly 
increased by the incorporation of multimodal capabilities. The 
ability to handle and comprehend a variety of data kinds is a 
major advancement in the development of LLMs, from enhancing 
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healthcare diagnostics to developing autonomous systems and 
facilitating creative content creation. This feature not only 
increases the range of LLM applications but also strengthens 
their influence on how decisions are made in intricate, real-
world situations.

5.21. Current Applications LLMs in Healthcare

Large language models (LLMs) promise to manage, educate 
and communicate effectively in healthcare13 divided ChatGPT 
applications into two aspects: the medical tasks they deal with 
and the kind of users for whom they are targeted. Significant 
areas include triage, translation, research, clinical workflow, 
education, consultation and multi-modal support.

An application in triage would be to reduce the length of 
patient stay reports and write brief letters for discharge; an 
example is where LLMs may gather disjointed information. 
This would also ease documentation burdens on healthcare 
professionals while improving interpretability in managing 
health data.

The authors classified the articles published into three 
categories: Level 1 (41%): preliminary knowledge regarding 
general applications and niche uses; Level 2 (28%): specific 
applications with few sentences on accuracy.Level 3 (31%): 
Comprehensive evaluation in debates on specific topics, most 
often in clinical training 

For example, a level 2 investigation demonstrated that 
suggestions made by ChatGPT for breast tumor rounds were on 
the same page 70% of the time but did not suggest calling in a 
radiologist.

Research results vary, with some appreciating its ability to 
fact-check while others find more complex procedural questions 
with mistakes. Nonetheless, since the integration of generative 
AI into healthcare is still very early in the process, there is a 
need for more study and development in clinical workflows to 
improve them. (Humza Naveed, “A Comprehensive Overview 
of Large Language Models” 

6. Weaknesses
6.1. Bias and Misinformation in LLMs

The vulnerability of Large Language Models (LLMs) to 
prejudice and false information is one of its main drawbacks. 
Large datasets gathered from a variety of sources, such as books, 
websites, social media and scholarly publications, are used to 
train these models. The size and diversity of these databases, 
however, may unintentionally add biases that mirror the 
preconceptions, stereotypes and inequities that are pervasive in 
society. Particularly when used in delicate applications, LLMs 
like GPT-3 and GPT-4 have shown a propensity to perpetuate 
preexisting prejudices pertaining to gender, race, religion and 
political ideology, raising ethical questions. One example, 
for instance, concerned an AI system that was employed 
by American health networks. The algorithm was shown to 
give healthier white patients more priority for further care 
management than ill Black patients. The fundamental problem 
was that the model was trained using cost information instead of 
patient care requirements, which resulted in biased suggestions 
for extra assistance.

6.2. Sources of Bias

6.2.1. Biases in LLMs primarily originate from three sources:

Training Data: Large datasets, which frequently include 
unfiltered text from the internet and other public archives, are 
used by LLMs for training. LLMs unavoidably inherit the biases 
present in these datasets since they are not filtered to eliminate 
harmful or biased content. For example, online interactions may 
be dominated by assumptions about ethnic groups or gender 
roles, which may cause LLMs to embrace and spread these 
biases.

Model Architecture and Objective Functions: LLMs use 
statistical probabilities obtained from their training data to 
predict the subsequent word or phrase. Therefore, if there are 
biased patterns in the dataset, the probabilistic predictions made 
by the model might also be biased, which could propagate false 
information or reinforce preconceptions. This is especially 
problematic for applications such as computerized medical 
diagnostics, legal decision-making and recruiting systems.

Reinforcement Learning from Human Feedback (RLHF): 
Although techniques such as RLHF seek to improve LLMs 
by matching their answers with human feedback, this strategy 
is constrained by the prejudices of the people who supply the 
feedback. During fine-tuning, the LLM may reinforce any biases 
held by the evaluators who are giving feedback. Therefore, if 
they are not closely watched and varied, even attempts to reduce 
biases may unintentionally make them worse45.

6.3. Consequences of Bias and Misinformation

The propagation of biases in LLMs has several negative 
implications:

6.3.1. Social Impacts: Biased LLM outcomes in social 
applications have the potential to reinforce negative attitudes 
and fuel discrimination. For example, biased customer care 
chatbot responses may result in bad user experiences and harm 
a brand’s reputation. Furthermore, biased AI-generated content 
in educational tools has the potential to support problematic 
narratives and sway researchers’ or students’ opinions.

6.3.2. Misinformation: Because of their probabilistic nature 
and extensive training, LLMs occasionally produce false 
or misleading information. These events, referred to as 
“hallucinations,” compromise the accuracy of LLM-generated 
responses in critical domains such as law, healthcare and 
finance. For instance, biases in the training data may cause a 
medical LLM to produce incorrect health recommendations or 
misinterpret symptoms, which may result in a misdiagnosis or 
inappropriate treatment. Nie, D., Wang, L., & Yang, X. (2020). 
Medical image synthesis with deep learning methods)

6.3.3. Ethical and Legal Risks: Biased LLMs provide ethical 
and legal issues when they are used in decision-making 
procedures including credit scoring, resume screening and 
law enforcement. Organizations that use LLMs run the danger 
of facing legal repercussions if they yield discriminatory 
results. For example, discriminatory algorithms used in hiring 
procedures may unfairly exclude competent applicants on the 
basis of gender or ethnicity.

6.4. Limitations and Mitigation Techniques

This situation forces a closer look at the underlying reasons 
of these biases rather than just the AI systems themselves. Biased 
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decision-making, unfair resource distribution and systematic 
underrepresentation of minorities in clinical trials are just a few 
of the long-standing problems in healthcare that are reflected in 
AI biases. Because of this, AI models that inherit these biases not 
only mirror but also perpetuate the shortcomings of healthcare 
systems.

Several mitigating strategies have been proposed to reduce bias 
and misinformation in LLMs:

6.4.1. Preprocessing and Dataset Filtering: Two key tactics 
include using preprocessing techniques to identify and minimize 
biased language or curating training datasets to exclude 
damaging information. However, eliminating biases entirely 
from big datasets remains a challenging task.

6.4.2. Tools for detecting bias and post-training corrections: 
Algorithms and tools have been created to assess and fix the biases 
in LLM output. Algorithms for real-time bias identification, for 
instance, can identify problematic outputs and prompt further 
investigation or human review.

6.4.3. Diverse and Inclusive RLHF Approaches: Attempts to 
reduce biases during fine-tuning can be achieved by diversifying 
the human evaluators involved in RLHF. This approach is not 
infallible, though, as biases could still exist if the assessors don’t 
represent a variety of viewpoints or cultural settings. (Louis 
Giray, “Strengths, Weaknesses, Opportunities and Threats of 
Using ChatGPT in Scientific Research”)

Furthermore, including interdisciplinary viewpoints into the 
creation of AI-such as those of ethicists, sociologists, patient 
advocates and medical professionals-can guarantee that AI 
systems are sensitive to ethical and cultural norms and offer 
deeper insights into biases.

Eliminating prejudices from LLMs is a difficult and 
continuous task, notwithstanding these attempts. Because LLMs 
rely on probabilistic predictions from datasets that are inherently 
skewed, bias is frequently unavoidable, which raises questions 
regarding their use in situations that are sensitive to social and 
ethical issues. The extensive use of LLMs and their propensity to 
generate erroneous or biased results emphasize the necessity of 
ongoing oversight and ethical AI development procedures.

6.5. High Computational Costs and Environmental Impact

Large Language Models (LLMs) are expensive and have 
an impact on the environment because they take a lot of 
computational power to train and implement. To compute the 
massive datasets they rely on, LLMs like GPT-3, which has 175 
billion parameters or even larger models like GPT-4 require 
a significant amount of processing power. The computing 
demands of these models expand exponentially with their size 
and complexity, leading to significant energy consumption and 
higher expenses.

There is more to this problem than just training energy 
usage. With billions of parameters, LLMs like GPT-4 demand 
enormous amounts of processing power for both training and 
continuous use in practical applications. Every day, millions of 
users are served by well-known models like OpenAI’s ChatGPT, 
which necessitates steady and significant processing power. The 
sustainability of this trend has been questioned by researchers, 
who point out that energy demand in AI research is doubling 
roughly every six months, adding to worries about global 

greenhouse gas emissions.

6.6. High Computational Demands

Because of their architecture and design, LLMs require a lot 
of resources. In order to examine long-range dependencies in 
language, the transformer architecture-the foundation of LLMs-
relies on self-attention mechanisms. Despite its effectiveness, 
this method necessitates a massive amount of parallel processing 
capacity, which is usually supplied by sizable clusters of GPUs 
or TPUs. Training LLMs requires a lot of resources because 
such infrastructure is expensive to develop and maintain.

Both deployment and training have clear budgetary 
ramifications. Millions of dollars are spent on specialist hardware 
and cloud computing expenses to train models like GPT-3, 
according to different estimations. Additionally, sustaining 
LLMs for real-time applications necessitates strong servers 
and constant energy use, raising operating expenses. These 
constraints reduce democratization and increase the resource 
gap in AI development by restricting access to LLM technology 
to well-funded schools and major tech corporations14.

6.7. Environmental Impact

The carbon emissions linked to the energy usage of training 
big models are the source of LLMs’ environmental impact. 
Large quantities of electricity are used for the computationally 
demanding processes involved in training an LLM. The 
carbon footprint might be significant depending on whether 
the electricity comes from fossil fuels or renewable sources. A 
single large-scale LLM can produce hundreds of tons of CO₂ 
during training, which is equal to the emissions of several 
human lifetimes, according to research. For instance, it has 
been calculated that the carbon footprint of training GPT-3 
is equivalent to the carbon footprint of numerous cars driven 
nonstop for a year.

Concerns over the sustainability of AI development have 
been raised by this environmental cost, particularly while larger 
models are still being built. The tendency presents a serious 
obstacle to sustainable AI operations as businesses scramble to 
create ever-larger and more intricate models. Researchers and 
business professionals are increasingly calling for more energy-
efficient models and optimal training techniques.

6.8. Efforts to Address High Costs and Environmental 
Impact

AI academics and business executives are looking at 
innovative approaches to lessen the carbon footprint of AI 
models in order to allay these worries. In an effort to promote 
better sustainability and transparency in the development of AI, 
companies such as Hugging Face have also started disclosing 
the carbon emissions of their models.

The continuous development of big language models 
necessitates a careful balancing act between environmental 
responsibility and technological advancement. In order to lessen 
the wider effects of AI on climate change, it is imperative that 
sustainable practices be incorporated into model development 
and deployment as AI continues to advance.

6.3.1. Techniques for Parallel and Distributed Training: 
New training techniques that divide the effort over several 
GPUs or cloud-based infrastructures, like data parallelism, 
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tensor parallelism and pipeline parallelism, aid in lowering 
the computational load. By maximizing hardware utilization, 
these techniques enable quicker training times and reduced total 
energy consumption21.

6.3.2. Effective Parameter-Tuning: LLMs can be adjusted 
without retraining the entire model thanks to advancements in 
parameter-efficient fine-tuning, such as Low-Rank Adaptation 
(LoRA) and prefix-tuning. This makes domain-specific 
adaptation more economical by lowering the energy and 
computing requirements related to customization.

6.3.3. Initiatives for Sustainable AI: By constructing energy-
efficient data centers or making investments in green energy 
solutions, several businesses are aggressively pursuing 
sustainable AI practices. To lessen the environmental effect 
of their AI models, OpenAI, for example, has pledged to use 
renewable energy and carbon offsets for their data centers.

Notwithstanding these initiatives, striking a balance between 
sustainability and the requirement for strong LLMs continues to 
be extremely difficult. Significant concerns regarding the trade-
offs between environmental costs and performance are brought 
up by the growing dependence on large-scale AI models. 
Addressing the financial and environmental load of LLMs is 
essential to guaranteeing their long-term sustainability and 
accessibility as AI advances13. 

6.4. Vulnerability to Prompt Manipulation and Security 
Risks

Prompt-based assaults are manipulation techniques that 
take advantage of large language models’ (LLMs’) dependence 
on human-provided input prompts. This flaw stems from the 
fundamental architecture of LLMs, which bases their outputs on 
the context and patterns of the cues they receive. Prompts can 
be purposefully created by adversarial actors to fool LLMs into 
generating undesirable or unexpected results, jeopardizing their 
security and integrity.

6.5. Prompt Injection and Jailbreaking Attacks

Attacks known as prompt injections occur when a user 
creates ambiguous or deceptive prompts in order to influence 
an LLM. The model may produce undesirable results as a result 
of this manipulation, including the disclosure of private data 
or the execution of unexpected actions. An attacker might, for 
instance, create a prompt that deceives the LLM into disclosing 
private information or producing dangerous recommendations. 
Often called “jailbreaking,” these attacks take use of the model’s 
intrinsic inability to distinguish between friendly and hostile 
cues24.

Because prompt injection attacks focus on the LLM’s natural 
language processing capabilities rather than a code-based 
input, they are distinct from more conventional cyberattacks 
like SQL injection. In one famous instance, a car dealership 
chatbot was deceived by witty prompts into offering a car at 
an absurdly low price. These examples highlight the dangers 
of instantaneous manipulation in systems intended to make 
decisions automatically or communicate with users on their own.

6.6. Sensitive Information Disclosure

Because of poorly designed prompts or insufficient 
safeguards, LLMs may unintentionally reveal sensitive 

information. Even if the model isn’t specifically built to provide 
information, prompt extraction is a particular kind of attack in 
which the attacker carefully crafts prompt to extract information 
from the model. Applications where LLMs are tied to external 
databases, like chatbots for customer support that are connected 
to financial or personal records, are particularly vulnerable to 
this type of flaw. Successful data extraction from the LLM by an 
attacker may result in privacy violations or legal ramifications 
for the implementing business.

6.7. Misleading and Malicious Outputs

In addition to data leaking, quick manipulation might 
provide outputs that are harmful or misleading. It is possible for 
attackers to create prompts that tell the LLM to reply with false 
information, bogus news or possibly dangerous suggestions. 
These hazards are especially problematic when LLMs are used 
for financial services, legal advice or healthcare applications. 
Prompt-based manipulations pose a significant security risk 
since users interacting with LLMs in these domains could 
depend on the model’s outputs for important decisions.

6.8. Phishing and Social Engineering Attacks

LLMs also create new opportunities for social engineering and 
phishing assaults, in which criminals utilize the conversational 
features of the model to trick users into clicking on harmful links 
or disclosing personal information. For example, by inserting the 
command within an apparently innocent question, an attacker 
may tell an LLM-based chatbot to reply with a fake URL. This 
type of phishing is very successful since the user is actively 
looking for information and is hence more inclined to trust 
the response produced by the LLM. Since traditional security 
systems rely on normal language rather than code or established 
dangerous patterns, they may have trouble identifying such 
phishing efforts.

One can take advantage of prompt injection in a number 
of ways. An LLM-powered chatbot, for instance, could be 
tricked by a hacker who creates seemingly harmless prompts 
that are intended to extract private data. By inserting malicious 
instructions into seemingly innocent-sounding queries, an 
attacker could fool a customer support bot into disclosing private 
customer information or company insights. The disruptive 
potential of such assaults was demonstrated by a well-known 
instance in which hackers utilized prompt injection to force a 
chatbot in an auto dealership to offer cars at exorbitant prices.

Prompt-based manipulations are difficult for current 
cybersecurity defenses to identify in real-time because they 
lack the obvious signs of typical cyberthreats, like malware 
signatures or questionable code execution. Rather, LLM-based 
assaults function in the linguistic domain, where conventional 
filtering techniques could miss malicious intents incorporated 
into everyday speech12.

6.9. Mitigation Strategies

Multiple security layers must be implemented in order to 
address these vulnerabilities:

Input Validation and Filtering: To identify and stop 
potentially dangerous prompts organizations can use input 
validation techniques. Prompt injection attempts can be detected 
and stopped with the aid of filters that look for keywords, 
questionable patterns or structured prompts.
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6.9.1. Training in Security for Developers: It is essential to 
teach developers secure prompt design and testing techniques. 
Developers can proactively create LLM programs to identify 
and reduce hostile inputs by being aware of the possible dangers 
of prompt manipulation.

6.9.2. Limitations on Data Access and API: Limiting LLMs’ 
access to sensitive databases or systems can help lower the 
possibility of inadvertent disclosures. Protecting against 
phishing attempts and prompt extraction can also be achieved 
by putting AI firewalls into place and keeping an eye on API 
calls for odd activity.

In conclusion, although LLMs have a lot of potential, their 
dependence on natural language inputs makes them vulnerable 
to quick manipulation and security threats. Vigilant monitoring 
of LLM-based applications, strong filtering systems and a 
proactive approach to secure prompt design are necessary to 
address these flaws.

6.10. Contextual Understanding and Hallucination Issues

Accurately comprehending and preserving context remains 
a major difficulty for Large Language Models (LLMs) such as 
GPT-3, GPT-4 and BERT, despite their sophisticated architecture. 
This flaw, called hallucination, describes LLMs’ propensity to 
produce information that seems believable but is either false 
or factually inaccurate. In fields like healthcare, finance and 
legal advice where precision and credibility are crucial, such 
hallucinations compromise the models’ dependability.

6.11. Hallucination in LLMs

Because LLMs produce answers based on statistical 
correlations and probabilities extracted from their training data 
rather than an innate knowledge of logic or facts, hallucinations 
can occur. LLMs may give confident-sounding responses that are 
either wholly false, wholly inaccurate or wholly manufactured 
when confronted with difficult or cryptic questions. This is 
problematic in situations like financial assessments or medical 
consultations when users rely on the model’s responses to make 
decisions.

For instance, because the model cannot access current or 
validated medical knowledge, a user may query a healthcare-
oriented LLM about symptoms and receive a false diagnosis. 
These kinds of instances have sparked worries about using 
LLMs in situations where inaccurate results could have serious 
real-world repercussions.

6.12. Inconsistency in Multi-Turn Conversations

The inability of LLMs to consistently maintain context 
throughout multi-turn talks is another prevalent problem. Even 
though LLMs are made to remember context during a discussion, 
they frequently have trouble doing so over lengthy exchanges. 
As a result, the model’s answers may start to repeat themselves, 
become inconsistent or contradict earlier claims. Applications 
where continuity and dependability are essential, such as 
chatbots for customer service, virtual assistants and educational 
resources, are hampered by this inconsistency31.

6.13. Limited World Knowledge and Time-Sensitivity

ChatGPT and other LLMs are trained on large datasets 
up until a certain point in time. As a result, the information in 
their knowledge base is naturally restricted to that which was 

accessible during the most recent training cycle. As a result, 
LLMs might not take into consideration current events or fresh 
data in real time, which could result in responses that are out of 
date or unrelated. This restriction can greatly affect the efficacy 
of LLM applications in situations where time-sensitive data is 
essential, like market analysis or real-time news reporting.\

6.14. Challenges with Domain-Specific Context

LLMs may nevertheless have trouble comprehending 
extremely specialized vocabulary or complex circumstances 
peculiar to a given area, even though they are frequently trained 
to handle domain-specific activities (such as medical records, 
legal paperwork or technical reports). For example, due to 
insufficient exposure to such specialist language during training, 
LLMs may misunderstand or miss important nuances in medical 
or legal applications. This may lead to replies that are too 
generic or inaccurate for use cases that are specialized to a given 
domain. (Jiaqi Wang, “A Comprehensive Review of Multimodal 
Large Language Models: Performance and Challenges Across 
Different Tasks”)

6.15. Efforts to Address Hallucination and Contextual Issues

Researchers have put up several tactics to address these 
issues40 

Improved Adjustment Using Domain-Specific Information: 
The possibility of hallucinations can be decreased by fine-tuning 
LLMs on premium, carefully selected datasets that are suited to 
particular domains. By strengthening the model’s comprehension 
of domain-specific language, this method seeks to lower errors 
in crucial applications like healthcare and finance.

Validation and fact-checking after training: The dissemination 
of false information can be reduced by putting in place post-
training validation mechanisms that confirm the model’s outputs 
are accurate. For instance, real-time updates and answers based 
on the most recent data can be obtained by connecting external 
knowledge bases or real-time databases with LLMs.

Prompt Engineering and Context Management: In multi-
turn talks, LLMs can preserve context by using efficient prompt 
engineering strategies. To improve continuity and coherence 
in dialogue-based tasks, these techniques include employing 
structured prompts, clearly defining context or making use of 
auxiliary memory systems.

6.16. Opportunities

In this section, key opportunities in LLMs will be highlighted 
and then further explained to show its usefulness in the practical 
world. Here are five key opportunities in the development and 
application of large language models (LLMs):

1.	 Automation Across Industries
2.	 Education and Knowledge Dissemination
3.	 Enhanced Decision-Making
4.	 Creativity and Content Generation
5.	 Research and Knowledge Extraction

6.17. Automation Across Industries

Large Language Models (LLMs) have the ability to automate 
a variety of industries, improving operational effectiveness, 
cutting expenses and freeing up human resources for jobs 
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requiring intricate decision-making or innovative input. Here 
are some ways that LLMs are significantly influencing several 
fields:

6.17.1. Customer Service: Automated Assistance: LLMs, 
particularly ChatGPT and related models, can handle large 
numbers of support requests by responding to consumer 
questions 24/7. They respond to often asked inquiries, offer 
guidance on difficulties and even independently process refund 
or return requests. LLMs can smoothly transmit cases to human 
agents with all the required context for more complicated issues, 
increasing customer satisfaction and efficiency41.

Personalization: By using their sophisticated natural language 
comprehension, LLMs are able to modify responses according to 
the unique characteristics, inclinations and previous exchanges 
of each client, providing a customized experience on a large 
scale. By better satisfying particular demands, this customization 
boosts client happiness and loyalty15.

6.17.2. Healthcare

Medical Documentation in Healthcare: By streamlining 
administrative duties like medical documentation, LLMs free 
up healthcare workers to concentrate on patient care rather 
than paperwork. LLMs save physicians and nurses time on 
documentation by accurately transcribing patient exchanges and 
summarizing information.

Diagnostics and medical Engagement: In addition to 
transcribing, LLMs assist with initial evaluations by analyzing 
symptoms reported in medical records. Additionally, 
LLM-powered chatbots can interact directly with patients by 
scheduling appointments, reminding them and monitoring their 
prescribed course of therapy.

LLMs can offer preliminary mental health support through 
chatbots, counseling and emotional support, thus making it more 
accessible to those unwilling to see a therapist.

The research could be on developing LLM-based chatbots 
that can understand the subtlety of mental health, pick up on 
emotional cues and give appropriate resources or coping 
strategies.

These recognitions of mental health based on the capabilities 
of detection of mental health signs that LLMs hold due to such 
patterns of language used for anxiety or depression to prompt a 
user toward getting help can be maximized.

They can provide continuous availability for mental health; 
such LLMs are most effective in underserved communities. 
Studies can decide how people interact with such systems and 
what results result from this interaction.

6.17.3. Financial Services

Fraud Detection: LLMs are able to look for trends and highlight 
odd transaction patterns that can point to fraud. They can serve 
as early anomaly detectors and give financial organizations 
real-time notifications thanks to their quick evaluation of vast 
volumes of data.

Financial Planning and Customer Relations: LLMs are being 
used more and more by financial advisors to create financial 
plans, write reports and even engage in first-contact client 
communications. These programs free up human advisors to 

work on intricate financial plans and client interactions that call 
for skill and discernment.

6.17.4. Manufacturing and Supply Chain

Process Automation and Quality Control: LLMs in 
manufacturing are able to decipher sensor data, identify problems 
with quality and automate certain production line decision 
points. This enables producers to maintain high standards of 
quality without requiring manual inspection at every turn.

Demand and Inventory Forecasting: By anticipating demand, 
determining ideal stock levels and coordinating just-in-time 
supply chain procedures, LLMs enhance inventory management. 
They assist businesses in cutting down on overstock and 
preventing supply chain interruptions by examining past data 
and market patterns.

6.17.5. Retail and E-Commerce

Product Suggestions: By creating product recommendations 
based on browsing patterns, past purchases and preferences, 
LLMs improve the shopping experience for customers. By 
offering a more individualized shopping experience, this 
automation increases sales.

Marketing material development: Retailers utilize LLMs to 
automate the development of material for social media posts, 
marketing emails and product descriptions. In addition to saving 
time, this automatic content creation allows for quick campaign 
modifications in response to new inventory or seasonal patterns34.

6.17.6. Patient Interaction and Education

Large language models can extensively educate patients 
by answering health-related questions, explaining medical 
conditions and providing treatment options in simple terms. 
Research should concentrate on communication effectiveness 
with LLMs, especially how well they convert complex medical 
jargon into layperson’s language so that patients can understand 
their health and care regimens, such as managing diabetes.

Integrating LLMs into patient portals or even mobile health 
apps is also possible. They provide real-time responses to all 
questions and improve overall user experience so physicians 
can focus on more severe issues. Moreover, based on LLMs, 
chatbots may be proactive regarding interactions with patients- 
to inquire about symptoms and update them regarding their 
schedule of appointments or medication-which enhances 
adherence to treatment plans, motivating them to become 
proactive participants in their health.

6.18. Education and Knowledge Dissemination

LLMs have the potential to revolutionize education and 
the spread of knowledge by facilitating scalable knowledge 
management in academic and business contexts, accessible 
educational content and personalized learning. The following 
summarizes the ways in which LLMs are transforming certain 
fields:

6.18.1. Personalized Learning Experiences

Adaptive Learning routes: To provide individualized learning 
routes, LLMs can assess a student’s development, strengths and 
shortcomings. By recommending extra materials, modifying 
the level of difficulty of practice questions and offering focused 
feedback, they may design a customized learning path for every 
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learner. By reaching students at their own skill levels, EdTech 
platforms, for example, can use LLMs to modify content in 
real-time based on student answers, boosting engagement and 
retention38.

Language Support: By offering translation services and 
language support, LLMs promote multilingual education. In 
globalized learning contexts, they can assist non-native speakers 
by breaking down language barriers by translating complex 
vocabulary, simplifying challenging concepts or translating 
instructional materials into the student’s native tongue.​

6.18.2. Content Generation for Educational Materials

Lecture Summaries and Study Guides: LLMs can quickly 
produce key point summaries, study guides and lecture 
summaries from textbooks, saving teachers time and assisting 
students in concentrating on important ideas. This capacity is 
particularly helpful for condensing vast amounts of information, 
allowing pupils to efficiently review material before to tests or 
evaluations.​

Automated Qui z and Exercise Creation: To help teachers 
scale their r esources, LLMs can create practice questions, 
exercises and quizzes based on particular subjects or skill levels. 
This is helpful in large courses where it can be difficult to create 
customized pr actice materials. Teachers can quickly deliver 
a variety of evaluations that support learning objectives by 
utilizing LLMs35.

Moreover, LLM s may assist in creating extra resources 
like interactive exercises, summaries and tests, which will save 
teachers a great deal of time and guarantee that students have 
access to per tinent materials. Teachers are able to concentrate 
on areas where human insight has the most impact and improve 
the overall q uality of education by spending more time on 
meaningful, individualized interactions with pupils.

6.18.3. Tutoring and Real-Time Assistance

Instant Homew ork Help and Q&A: Students can ask 
questions, get answers to their problems and get immediate help 
on assignments by using tutoring apps that are powered by LLM. 
With this help, students can contact a virtual “study partner” and 
study on their own at any time. Instead of only offering solutions, 
some platforms employ LLMs to help students solve problems 
and promote critical thinking.​

Language and Writing Support: B y providing helpful 
criticism and  recommendations f or enhancements, LLMs can 
help students  with grammar, str ucture and style when they 
are working o n essays, reports or creative writing. They also 
aid students in learning new languages by offering context for 
cultural allusions, vocabulary growth and pronunciation advice.​ 
(The Role of AI in Creative Wri ting and Content Generation, 
2024)

6.18.4. Corporate Training and Knowledge Management

Employee Onboarding and Training: By providing 
information on company rules, procedures and compliance 
needs, LLMs assist with employee onboarding in corporate 
settings. They serve as knowledge resources that are available 
whenever needed, which speeds up the onboarding process for 
new hires and eliminates the need for ongoing human assistance.

Continuous Learning and Upskilling: LLMs provide scalable 

training programs to help staff members advance their knowledge 
in technical, soft and project management domains. An LLM, 
for example, can operate as a digital coach by offering input on 
interactions between employees, recommending resources for 
leadership development or leading scenario-based training.​

6.18.5. Scalable Knowledge Management for Institutions

Accessible information Repositories: By providing real-time 
assistance, summarizing lengthy papers and responding to 
commonly asked questions, LLMs help to make institutional 
information more accessible. For example, LLMs at universities 
can answer administrative questions, give details on school rules 
and aid students in locating resources without requiring direct 
staff support.

Support for Research and Academic Writing: LLMs can be 
used by academic institutions to help students and researchers 
with article preparation, literature reviews and hypothesis 
development. In order to increase productivity and decrease 
the amount of time spent on literature investigation, LLMs can 
identify important insights from academic papers, recommend 
pertinent studies and even assist in drafting portions of research 
articles.​

6.18.6. En hancing Access and Equity in Education: The 
capacity o f LLMs to democratize access to excellent learning 
resources is among their most revolutionary effects in education. 
Virtual learning assistants and tutoring programs driven by AI 
can help students in impoverished or distant places who might 
not have e asy access to trained teachers. These models can 
produce a variety of educational resources, including as adaptive 
tests and language translation, enabling students from different 
backgrounds to learn more inclusively and in a language they 
can comprehend.

For instance, real-time translation is supported by LLMs with 
multilingual capabilities, removing linguistic barriers that could 
impede lea rning. Furthermore, text-to-speech and speech-to-
text tools make it easier for students with disabilities-like those 
who have dyslexia or visual impairments-to access instructional 
materials, fostering a more welcoming learning environment for 
all students.

6.19. Enhanced Decision-Making

By offerin g sophisticated analytics and predictive insights 
that optim ize operations and enhance results, large language 
models (LLMs) are revolutionizing decision-making procedures 
in the hea lthcare and financial industries. Professionals may 
make well- informed decisions more rapidly and precisely 
because to  these models’ analysis of massive information, 
actionable insights and data-driven suggestions.

6.19.1. Data Interpretation and Understanding Creating and 
Handling Complicated Datasets:

 Large datasets can be analyzed by LLMs to find patterns and 
produce useful insights that would take a lot of time for human 
analysts to do by hand. This is especially helpful in industries 
like banki ng, where LLMs may monitor consumer behavior, 
economic s tatistics and market trends to help with investment 
decisions. For example, LLMs are used by financial institutions 
to evaluat e real-time data streams from several sources (such 
as news stories, reports and social media) and provide current 
insights that help risk assessment and portfolio management.​
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Natural La nguage Summarization: By condensing intricate 
reports an d papers, LLMs help decision-makers understand 
the main i deas and act promptly. LLMs can analyze industry 
statistics in fields like utilities and energy, highlighting patterns 
in energy use or changes in regulations that affect business plans.

6.19.2. Forecasting and Predictive Modeling

Predicting  Supply and Demand Trends: LLMs can assist 
companies in anticipating changes in demand and streamlining 
supply chain processes by evaluating both historical and current 
data. Sale s patterns, seasonal variations and outside variables 
like the s tate of the economy are used to forecast inventory 
requiremen ts in the retail and manufacturing industries. This 
reduces overstocking and understocking, enabling businesses to 
effectively adjust to changes in demand.

Energy Usa ge and Conservation: LLMs are able to predict 
patterns of consumption in the energy sector, which helps with 
grid manag ement and energy conservation. By anticipating 
regions of high demand and allocating resources appropriately, 
utilities businesses utilize this information to make strategic 
decisions regarding energy distribution, load balancing and even 
decarbonization initiatives.​

6.19.3. Risk Management and Compliance Monitoring

Fraud Dete ction and Risk Asse ssment: By identifying 
irregulari ties in huge datase ts, LLMs are able to immediately 
identify possible threats. LLMs use this application extensively 
in banking and insurance, where they examine transaction data, 
past claim histories and outside sources to spot unusual activity 
or fraud t rends. Businesses can increase overall efficiency by 
reallocating resources to more complex inquiries by lowering 
human monitoring on fundamental assessments.​

Regulatory  Compliance: By kee ping an eye on r egulatory 
changes an d guaranteeing oper ational conforma nce, LLMs 
assist fir ms in being complia nt in highly reg ulated sectors 
like heal thcare and finance.  They can scan p apers, identify 
discrepancies and point out  places where ex isting procedures 
might not  be in line with t he new rules, reducing the risk of 
noncompliance.​

6.19.4. Enhanced Customer Insights and Personalization

Behaviora l Analysis and Customer Segmentation: To offer 
tailored suggestions, LLMs assist businesses in examining the 
preferenc es, pa st purchases and behavior of their customers. 
By cateri ng to individual interests, this enhances consumer 
happiness and loyalty in e-commerce and digital marketing by 
supporting segmented customer outreach, personalized product 
suggestions and targeted ad campaigns.

Feedback and Sentiment Analysis: Companies use LLMs to 
examine consumer reviews, surveys and social media posts in 
order to spot recurring issues or encouraging patterns. Businesses 
may modify their goods and services in response to consumer 
feedback thanks  to this real-time sentiment analysis, which 
makes decision-making more responsive and customer-focused.​ 
(Harvard Busine ss Review, “Financial Decision-Making and 
Risk Management with AI, 2024) 

6.19.5. Strategic Planning and Competitive Analysis

Competitor Analysis and Market Research: LLMs support 
competiti ve ana lysis by gathering information on competitor 

activities, industry trends and market changes. In industries like 
technolog y and consumer goods, LLMs analyze public data, 
news articles and market reports to track competitors, helping 
companies refine their strategies and stay competitive.

Product Development and Innovation: By identifying unmet 
customer needs  and emerging trends, LLMs guide product 
innovatio n and  development. For instance, they can analyze 
online di scuss ions, reviews and market research to suggest 
features for n ew products or improvements to existing ones, 
aligning product strategies with market demands​ 

6.20. Creativity and Content Generation

By simplifying content production, encouraging innovation 
and enabl ing m ore dynamic and personalized media, large 
language model s (LLMs) have transformed creativity and 
content g enera tion and provided distinctive solutions for 
companies, educators and creators. LLMs are changing this field 
in the following ways Synthes:

6.21. Automated Writing and Content Creation Support

Large language models (LLMs) have opened up a new era 
of automa ted c ontent creation, ideation and creative support, 
making them indispensable tools in the marketing and media 
industries. These models enable marketers and media producers 
to create captivating, brand-consistent content at scale by quickly 
producing high-quality text, audio and even video content. To 
meet the fast-paced demands of digital marketing, for instance, 
LLMs can quickly produce blog pieces, social media updates, 
product descriptions and ad text without sacrificing quality.

Dynamic c onten t generation, in which AI technologies 
produce c ustom ized messages based on each customer’s 
preferences or engagement history, is one of the most successful 
applications of LLMs in this field. For instance, LLMs can create 
customized subject lines and body language for email marketing 
that appe al to  recipients based on their prior interactions, 
increasing open rates and conversions. AI is also being used for 
targeted messaging on social media, where LLMs may examine 
user preferences and trends to recommend content that would 
likely be successful on particular channels. Blog Posts, Articles 
and Social Media Content: LLMs are able to provide excellent 
written content on a range of subjects, giving media outlets and 
companies a scalable way to keep up active online presences. 
Consistent brand message and audience engagement are made 
possible by these models’ ability to generate blog articles, social 
media updates,  emails and product descriptions with minimal 
input. For example, platforms such as Jasper AI assist content 
teams and  mark eters in rapidly drafting language with little 
editing.​

6.21.1. Writing Support and Style Optimization: By providing 
grammatical checks, style corrections and clarity upgrades, LLMs 
serve as virtual editors for writers, learners and professionals. 
They simplify sentence structure, provide contextual vocabulary 
alternati ves and offer rephrasing suggestions. More polished, 
professio nal writing that fits the author’s voice and intent is 
guarantee d with this help. (Will Knight “The Most Capable 
Open Source AI Model Yet Could Supercharge AI Agents”)

6.21.2. Inspiration for Writers and Artists through Creative 
Ideation and Brainstorming: In order to generate ideas for 
novels, p oetry and artistic creations, LLMs assist creators in 
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overcoming writer’s block. They give creatives a starting point 
by produc ing character descriptions, plot ideas, outlines and 
even whol e paragraphs. LLMs are occasionally employed in 
the cinema and video game development industries to produce 
script, d ialogue and scenario description drafts, assisting 
writers a nd artists during the brainstorming stage.​Poetry and 
Songwriting: LLMs such as ChatGPT and OpenAI’s models are 
able to produce poetry, verses and lyrics in a range of formats 
and styles, providing poets and musicians with original lines or 
prompts to help them with their work. They make it possible 
to explor e subjects, rhyme schemes and tones that co uld be 
challenging to produce on-demand38.​

6.21.3. Interactive and Customizable  Content for Training 
and Educa tion Lesson Plans and Educa tional Content: 
Teachers can utilize LLMs to create study guides, lesson plans 
and tests that are appropriate for various topic areas and learning 
levels. LLMs contribute to the creat ion of interesting content 
that serv es a range of learning dema nds and may be tailored 
to certai n curricula or age groups b y producing interactive 
exercises, real-world examples and explanations on demand.

Corporate  Training Simulations and M odules: LLMs help 
companies  develop corporate training  materials that integrate 
best prac tices, workflows and compan y policies. They can 
create ca se studies, role-playing s cripts and realistic scenario 
simulations, which enhances the effectiveness and immersion of 
staff training.

6.21.4. P ersonalized Marketing and Advertising Content 
Ad Copy and Product Descriptions: By examining consumer 
preferenc es, demographics and purchasing patterns, LLMs 
are able to produce personalized marketing content. They 
assist co mpanies in creating promotional messages, product 
descriptions and ads that are specifically targeted to particular 
audience segments, increasing engagement and conversions. 
Given that relevance may make or break a campaign’s success 
in digita l marketing, this degree of customizations is very 
beneficial33.

LLMs are  useful for marketing organizations when 
conducti ng A/B testing, which generates several variations of 
headlines, captions and ad copy. This makes it possible for quick 
testing and tweaking, which helps companies determine which 
messaging appeals to certain clientele and maximizes campaign 
performance.​

6.21.5. Enhanced Multimedia Content Creation

LLMs hel p con tent producers create storyboards, voice-
overs an d scr ipts for video production. LLMs expedite the 
pre-prod uctio n stage for YouTubers, filmmakers and digital 
content producers by creating outlines or developing concepts 
into complete  screenplays, freeing them up to concentrate on 
honing their visual components and on-screen performance.

Interactive Experiences: LLMs produce dynamic dialogue and 
storylines in virtual reality and gaming that react to user inputs, 
improving the interactivity of experiences. This helps in role-
playing games  (RPGs), where players interact with complex, 
artificial intelligence-generated dialogue that enhances the game 
world’s immersion and adaptability to player actions.

By auto matin g monotonous operations, helping with 
brainst ormin g and providing tailored, scalable content across 
several formats and platforms, these apps show how LLMs may 
unleash new levels of creativity.

6.21.6.  Appl ications in Finance: LLMs improve fraud 
detecti on, i nvestment analysis and risk management in the 
financial industry. Although financial analysts typically invest a 
lot of  time reading and analyzing intricate reports and market 
trends, LLMs are able to quickly summarize these documents, 
enabling professionals to act on findings immediately. To assist 
analysts in determining market trends, LLMs, for instance, might 
examine market sentiment from news stories, publications and 
social  media to give an overview of public opinion regarding 
investments.

By see ing o dd trends in transactional data that can point 
to fraudulent conduct, LLMs also play a critical role in fraud 
detection and prevention. Standard abnormalities can be flagged 
by traditional rule-based systems, but LLMs go one step further 
by lea rning  from large, historical datasets to identify subtle 
or new fraud patterns as these strategies change. By assisting 
financial organizations in better mitigating risk, this predictive 
skill lowers the financial losses brought on by fraud.

6.21 .7. R esearch and Knowledge Extraction: Professionals 
and s chola rs may now more easily access, evaluate and 
synth esize  information from a wide range of fields thanks to 
Large Language Models (LLMs), which are propelling important 
advances in research and knowledge management. A closer look 
at how LLMs support these areas is provided below:

Quick  Anal ysis of Academic Papers: By rapidly reviewing 
and summarizing books, papers and other sources, L1. Review 
of th e Lit erature and Synthesis of Scientific Investigations 
expedite literature studies. Because LLMs create summaries and 
emphasize important findings across disciplines, researchers can 
access pertinent papers and new trends more quickly and with 
less effort. LLM-powered tools, such as Semantic Scholar, have 
simplified the process of summarizing entire fields of study and 
analyzing large academic databases17.​

Cross -Dis ciplinary Knowledge Discovery : By finding links 
between several topics, LLMs aid in interdisciplinary study. To 
assis t academics, comprehend how answe rs in one field may 
illuminate difficulties in another, they can, for instance, correlate 
engin eeri ng advancements with results  in environmental 
science. This capacity for cross-referencing is especially helpful 
in de velo ping domains like bioinforma tics, where progress 
necessitates knowledge from both computer science and biology.​

Hypothesis Generation and Experiment Design

Proposing New Hypotheses: LLMs examine the literature and 
data currently available to propose new research questions and 
hypotheses. This can be helpful in areas like materials science 
and biotechnology where discoveries are still being made. For 
example, by identifying trends and gaps in the existing body of 
knowledge , LLMs may suggest new resea rch topics, igniting 
studies in previously unimagined avenues36.

Experimental Planning and Protocol Optimization: Based on 
previously published research, LLMs help develop experimental 
proto cols  by recommending the best pr actices, supplies and 
analy tica l strategies. For example, i n biomedical research, 
an LLM may suggest other testing procedures or offer advice 
on possible hazards, guaranteeing that trials are thorough and 
economical with resources.​

Data Analysis and Visualization

Natural Language Data Querying: By using straightforward 
natural language questions,  LLMs allow academics to engage 
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with intr icate datasets. Pr ofessionals without considerable 
progr ammi ng knowledge will find this capability especially 
helpful as it enables them to create data summaries, statistical 
analy sis and even simple vi sualizations without the need to 
write code. An LLM could, for instance, be asked to “summarize 
cance r in cidence trends ove r the past decade” and provide a 
response based on the data that is now available.​

EDA o r ex ploratory data ana lysis: By spotting anom alies, 
patte rns and correlations, LLMs support explorator y data 
resea rch in data-intensive domains like biology an d finance. 
Addit iona lly, they can prod uce early hypotheses fo r further 
research,  saving researchers time on basic data in terpretation 
and freeing them up to concentrate on more complex analyses 
and conclusions.​

Enhanced Knowledge Management for Organizations

Infor mati on Retri eval and Knowledge Base Automation: 
By indexing, classifying and retrieving information as needed 
organizations use LLMs to administer internal knowledge bases. 
In industries where access to pertinent case studies, court rulings 
or pa tien t histor ies is essential, such as healthcare and legal 
services, it is advantageous. Knowledge retrieval is centralized 
and automated by LLMs, ensuring that teams have rapid access 
to the most relevant information.

19Exp ert Systems to Assist in Decision Making: LLMs 
make it possible to create expert systems that support intricate 
decis ion- making b y offering knowledge derived from best 
practices and past examples. For example, in engineering, LLMs 
assis t ex perts in  troubleshooting problems by recommending 
fixes that worked in comparable previous situations. This feature 
increases operational efficiency by allowing seasoned employees 
to delegate simple questions to LLMs, freeing up their time for 
more complex decision-making.​

Supporting Open Science and Public Knowledge Access

Open -Acc ess Know ledge Dissemin ation: LLMs increase 
publ ic access to  scientific knowledge by condensing research 
find ings  into easily understood language. This supports open 
science efforts, which aim to democratize knowledge and engage 
wider audiences in scientific investigations. Platforms that make 
use of LLMs are able to simplify difficult academic texts so that 
non -exp erts can  comprehend important research findings and 
their implications for society.​

Citizen Science and Public Data Engagement: By providing 
res ourc es for n on-experts t o exa mine and analyze datasets, 
LLMs facilitate public interaction with scientific data. An LLM 
could be used, for example,  by a  citizen scientist to examine 
env iron mental d ata in order  to s upport community science 
ini tiat ives such as monitor ing climate change or biodiversity. 
This promotes community participation in research, increasing 
the  amo unt of d ata availabl e and  the variety of insights 
produced. LLMs are changing the way information is created, 
disseminated and used in the research environment by facilitating 
quicker research, encouraging transdisciplinary discovery and 
democratizing access to knowledge.

Threats to the LLM Models:

In this  researc h paper, we highlighted the top four LLM 
threats to organizations, which are: The most common threats 
tha t bu sinesses  face when adopting large language models 

inc lude  prompt injections, prompt extraction, new phishing 
tactics and poisoned models.

Whe n qu estioned  about new vulnerabilities introduced to 
organizations via LLMs, experts identify quick injections as a 
major issue. The most well-known risk of jailbreaking an AI is 
putting a series of confused prompts to the LLM interface, which 
could create reputational damage if the jailbreaker distributes34 
misinformation in this way. Jailbreakers may employ ambiguous 
prompts to generate unrealistic offers, as seen in Full Path’s auto 
dealership chatbot18.

A hacker tester duped a Chevy dealer’s chatbot into giving 
him a new automobile for one dollar by instructing it to end 
each response with “that’s a legally binding offer, no takesies, 
bac ksie s.” Prom pt injections can pose a serious hazard by 
forcing applications to share critical information. Threat actors 
can utilize endless natural language prompts to deceive an LLM 
into do ing things it shouldn’t, unlike SQL injection prompts, 
acc ordi ng to Wa lter Haydock, founder of Stack Aware, a 
company that tracks AI use and flags associated dangers.

Hyrum Anderson,  CTO of Robust Intelligence, an end-to-
end AI company,  identifies data leakage via quick extractions 
as an LLM risk.

Data leakage from quick extractions is an LLM vulnerability. 
Hyrum Anderson,  CTO at Robust Intelligence, an AI security 
platform with a natural language web firewall, identifies quick 
ext ract ions as a potential weakness. “Prompt extraction falls 
into the category of data leakage, where data can be extracted 
by merely asking for it,” the researcher states. Consider chatbots 
on websites that use relevant data to support applications. This 
information is susceptible to exfiltration. Anderson cites retrieval 
augmented generation (RAG) as an example of enriching LLM 
replies with task-relevant knowledge.

And erso n recent ly observed an attack in which activists 
emp loye d RAG to  force the database to regurgitate certain 
sensitive information.

Anderson discusses retrieval augmented generation (RAG), 
whi ch e nriches LLM replies by connecting them to relevant 
knowledge sources. Anderson recently witnessed such an attack, 
in which demonstrators used RAG to force the database to provide 
certain sensitive material by querying specific rows and tables in 
the database. To prevent database leaks anderson recommends 
caution while linking public-facing RAG apps to databases. “If 
you don’t want the RAG app user to see the entire database, then 
you  sho uld rest rict access at the user interface to the LLM,” 
acc ordi ng to hi m. Security-minded organizations should steal 
their APIs against natural-language pull requests, restrict access 
and use an AI firewall to block malicious requests22.”

LLMs provide a new avenue for phishers to deceive people 
into clicking their links anderson adds. For example, a financial 
analyst may use a RAG program to scrape documents from the 
internet to determine a company’s earnings. However, the data 
supply chain may include instructions for an LLM to react with 
a phishing link. So, suppose I ask it to retrieve the most recent 
information in the wealth of data it sent and it responds, ‘click 
here.’ “And then I clicked a phishing link.” This type of phishing 
is effective because the user is actively seeking an answer from 
LLM. Traditional anti-phishing solutions may not detect these 
fraudulent URLs anderson notes. He recommends the CISOs to 
upgrade their employee training programs.
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Poi sone d LLMs: There are serious worries about model 
poi soni ng and other security threats as open-source large 
lan guag e models (LLMs) gain popularity. With open-source 
models, businesses may take use of cutting-edge AI capabilities 
without  having to pay for a custom model. Nevertheless, this 
accessibility also creates risks because publicly available models 
could be altered during training or fine-tuning, jeopardizing their 
accuracy. One such risk is model poisoning, in which malevolent 
individuals add skewed or damaging data to a model’s training 
set, causing it to produce inaccurate or damaging results under 
specific circumstances.

A model used to provide medical advice, for instance, might 
be modified to minimize symptoms or make false suggestions, 
which would seriously jeopardize patient safety. A tainted model 
in finance could produce skewed projections or inaccurate risk 
assessments, which could result in bad investment choices. For 
high-stakes applications, where inaccurate outputs could have 
legal  or regulatory repercussions for businesses depending on 
the se  compromised models, model poisoning is especially 
problematic.

According to Diana Kelley, CISO at Protect AI, a platform 
for AI and ML security, models from open-source repositories 
and the data used to train LLMs can also be tainted. “The model 
itsel f or the data the LLM was trained on, who trained it and 
where it was downloaded from could pose the biggest threats,” 
she says. “OSS models have a lot of privileges, but not many 
businesses check them before using them and the accuracy and 
dependability of the LLM are directly impacted by the quality of 
the training data. CISOs must oversee the ML supply chain and 
monitor components at every stage of the lifecycle in order to 
identify and control AI-related risks and stop poisoning attacks23.

1. Healthcare Domain: Risk to LLM in the Medical Field

Michael Bray, the CISO at the Vancouver Clinic, is ecstatic 
about the countless ways that large language models (LLMs) will 
enhance patient care. He claims that “metabolic interactions, lab 
services, diagnostics, DNA-based predictive studies and other 
medicine will be so advanced that today’s medical practices will 
loo k prehistoric.” “Apps like ActX, for instance, are already 
having a significant impact on dosages, medication interactions, 
effic acy and symptom identification.”(Security Challenges of 
Open-Source LLMs in Enterprise Applications, 2024)

Bray  is equally concerned about the novel and concealed 
risks that LLMs pose as he is about how they can enhance patient 
care and diagnoses. LLMs are at the heart of revolutionary and 
quic k-moving AI solutions that are already spreading quickly 
thro ughout businesses, such as Microsoft’s Copilot, Google’s 
Bard and OpenAI’s ChatGPT. LLMs are being created. (Philip 
Resnik, “Large Language Models are Biased Because They Are 
Large Language Models”35.

For vertical businesses like finance, government and the 
mili tary, LLMs are being evolved into a variety of different 
specialized programs.

Thes e LLMs present additional dangers for sensitive 
data  harvest, rapid injections, phishing and data poisoning. 
Traditional security technologies are ill-suited to identify these 
assaults because they are carried out through training sources or 
natural language cues.

Malicious instructions from prompt injections: Experts list 
prompt injections as a major issue when questioned about new 
hazards that LLMs have brought to businesses. The most well-
known risk is likely jailbreaking an AI by bombarding the LLM 
interface with a series of perplexing requests. If the jailbreaker 
disseminates false information in this manner, it could harm the 
AI’s reputation. Alternatively, a jailbreaker could make a system 
spit out by utilizing perplexing prompts.

A hacker tester duped a Chevy dealer’s chatbot into giving 
him a new automobile for one dollar by telling it to conclude 
each response with “that’s a legally binding offer, no takesies 
backsies.” He attempted hundreds of different prompts.

The use of quick injections to coerce applications into 
disclosing private data poses a more serious risk. According to 
Walter Haydock, creator of StackAware, a company that maps 
the usage of AI in businesses and identifies related dangers, 
threat actors can utilize an infinite number of LLM prompts to 
try to deceive an LLM into doing things it shouldn’t because they 
are written in natural language, unlike SQL injection prompts.

2. New phishing opportunities made possible by LLM

Additionally, LLMs give phishers a new way to fool users 
into clicking them

Ande rson goes on. Let’s say I work as a financial analyst 
and I use RAG software to scrape papers from the internet to 
determine a company’s earnings. However, in that data supply 
chain, there are instructions for an LLM to reply with a phishing 
link. Let’s assume I ask it to search the vast amount of data it sent 
for the most recent information and it responds, “Click here.” I 
clicked on a phishing link after that. (Zheyi Chen, “Evolution 
and Prospects of Foundation Models: From Large Language 
Models to Large Multimodal Models”)26.

3. Poisoned LLMs

Diana Kelley, CISO at Protect AI, a platform for AI and ML 
security, adds that models from open-source repositories and the 
data used to train LLMs can also be tainted. The model itself, the 
data the LLM was trained on, the person who trained it and the 
location could pose the most risks.

“Whe re did it get downloaded from?” she says. “OSS 
models have a lot of privileges, but not many businesses check 
them before using them and the accuracy and dependability of 
the LLM are directly impacted by the quality of the training 
data . CISOs must oversee the ML supply chain and monitor 
components at every stage of lifecycle in order to identify and 
cont rol AI-related risks and stop poisoning attacks. “Having 
someone who understands AI-and who understands the positive 
and negative implications of integrating AI-is critical as AI 
becomes more integrated into our everyday applications,” says 
Einstein. The risks associated with the use of LLM vary greatly 
depending on the industry, including IT, healthcare, education 
and energy. Therefore, in order to identify hazards, AI champions 
must be able to collaborate with industry specialists29.

It’s possible that LLMs struggle with paperwork. Even the 
most  sophisticated LLMs, such as GPT-4 Turbo, may not be 
very helpful if you need to search through complex government 
reco rds, such as Securities and Exchange Commission 
docu ments, according to new research from startup Patronus. 
Rece ntly, LLMs were put to the test by Patronus researchers 
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who asked them simple questions about particular SEC files 
that they had been given. According to CNBC, the LLM would 
frequently “hallucinate” or “refuse to answer” questions about 
numbers and data that weren’t included in the SEC filings. The 
idea that AI is a suitable substitute for corporate secretaries is 
somewhat refuted in the paper27. 

Acco rding to Politico, the infamous military community 
thin k-tank known as the “Pentagon’s brain,” the RAND 
Corporation, has been surpassed.

According to Politico, the “effective altruism” movement has 
surpassed the RAND Corporation, the infamous defense sector 
think-tank known as the “Pentagon’s brain.” According to the 
publication, the CEO and other important think tank members 
are “well known effective altruists.” Even worse, it appears 
that  RAND was instrumental in crafting President Biden’s 
most recent executive order on AI earlier this year. According 
to Politico, RAND recently received more than $15 million in 
discretionary grants from Open Philanthropy, a charity closely 
linked to successful altruist causes and co-founded by billionaire 
Face book co-founder Dustin Moskovitz and his wife Cari 
Tuna. Politico notes that the “policy priorities pursued by Open 
Phil anthropy” “closely” align with the policy requirements 
included in Biden’s EO by RAND.

Amazon is annoying vendors with its use of AI to condense 
prod uct reviews. Amazon introduced a Rotten-Tomatoes-
styl e tool earlier this year that summarizes product reviews 
using artificial intelligence. The gadget is now giving retailers 
problems, according to Bloomberg. There have been complaints 
that  the AI summaries are often inaccurate or will arbitrarily 
draw  attention to unfavorable aspects of the product. The AI 
tool  once referred to a massage table as a “desk.” In another, 
desp ite the fact that only seven out of 4,300 ratings indicated 
an odor, it accused a tennis ball brand of being foul-smelling. 
In summary, reviews of Amazon’s AI technology appear to be 
somewhat conflicting.

4. Transportation Sector: Risk to LLM in the Transportation 
Sector:

As some enterprising people manipulated our GPT chatbot to 
do absurd things like write a poem, run a Python script, repeat after 
them to price a car at a dollar (thus our big disclaimers) and, of 
course, recommend a Tesla, you may have heard that our chatbot 
went viral over the weekend, including an Elon Musk comment. 
 
The following information explains the amusing meme:

The system operated just as intended, despite hundreds of 
attempts to hack the conversation that all failed.

Ninety-nine percent of the 3,000 attempts to get the chat to 
say stupid things were rejected. (K. Schiffer, “I’d Buy That for a 
Dollar: Chevy Dealership’s AI Chatbot Goes Rogue)

5. Ethics and Bias in AI

Large language models and other AI technologies have 
fallen under much-needed ethical considerations. Most of these 
models feed on massive datasets, often biased, misleading 
or even wrong. This can give rise to outputs that reproduce 
stereotypes and discrimination. Barocas et al. (2019) state that 
“algorithmic bias can arise at different stages of the machine 
learning pipeline, including data collection, feature engineering 

and model evaluation.” The effects are drastic in sensitive fields 
such as health care since biased algorithms can significantly 
influence how patients receive care and have unequal results in 
treatment.

There is a considerable need to develop structured approaches 
that help identify and rectify biases in AI systems. Such 
frameworks can include data auditing, training over diversified 
datasets and formulating algorithms to be transparent. Using 
these strategies, we can work towards more impartial AI systems 
that do not promote existing societal biases.

Transparency refers to making the operation of AI models 
transparent and intelligible to users and other stakeholders. 
Methods such as XAI can explain decisions or methods used 
to reach them. Transparency is essential in developing trust and 
accountability in AI Technologies. Developers organizations 
and policymakers have ethical responsibilities in deploying AI. 
These include responsible development and application of AI 
systems, education on best practices in AI and development of 
guidelines for responsibility to ensure AI is not misused.

7. Conclusion
While recognizing the substantial obstacles that LLMs 

present, this analysis has brought attention to their revolutionary 
potential. The flexibility and scalability of LLMs allow for 
significant applications in a variety of sectors, such as healthcare, 
customer service and education. Through their ability to analyze 
multimodal and sophisticated linguistic inputs, these models 
continue to transform automation and enhance decision-making 
abilities. Critical flaws, like innate biases and computational 
requirements, highlight the necessity of ongoing advancements 
in model design and training techniques. Additionally, even 
while there are many prospects for LLMs, including improving 
content creation and assisting with research and automation, 
serious risks like security flaws continue to be major worries. 

To ensure that LLMs serve society ethically and successfully, 
addressing these issues will call for strict ethical considerations, 
strong security measures and developments in bias mitigation. 
The future of LLMs in a variety of industries ultimately rests on 
a well-rounded strategy that optimizes their advantages while 
lowering risks and promoting the ethical application of AI.

By prioritizing security and establishing safeguards 
organizations can capitalize on the benefits of open-source 
LLMs while minimizing risks, ensuring these models remain 
safe, reliable and valuable for end users.
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