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 Large language models (LLMs) have transformed natural language 

processing (NLP), demonstrating exceptional proficiency in tasks such as 

text generation, translation, and summarization. However, LLMs are prone 

to generating biased, inaccurate, or contextually irrelevant outputs, posing 

significant risks in high-stakes domains such as healthcare, legal reasoning, 

and engineering. This paper systematically investigates the role of prompt 

engineering as a solution to these challenges. By strategically designing 

inputs, prompt engineering enhances LLM performance, yielding more 

accurate, contextually relevant, and ethically aligned outputs. Advanced 

techniques, including chain-of-thought (CoT) prompting and retrieval-

augmented generation (RAG), are examined for their ability to improve 

reasoning capabilities, reduce errors, and mitigate bias. CoT prompting 

facilitates structured, stepwise reasoning, while RAG incorporates real-time 

data, ensuring output accuracy in rapidly evolving fields. In addition, we 

present a novel comparative perspective on these techniques, highlighting 

their distinct strengths and limitations across specialized applications such as 

healthcare diagnostics and scientific data extraction. The findings 

demonstrate that sophisticated prompt engineering significantly elevates the 

reliability and precision of LLM outputs, while addressing critical ethical 

concerns such as data privacy, bias, and hallucination. These insights 

underscore the necessity of advanced prompt design in optimizing LLMs for 

high-impact applications, ensuring both performance and ethical integrity. 
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1. INTRODUCTION 

Large language models (LLMs) have rapidly become foundational in various academic and 

industrial sectors, primarily due to their remarkable proficiency in understanding and generating human 

language. These models, such as generative pre-trained transformer-4 (GPT-4) and bidirectional encoder 

representations from transformers (BERT), have revolutionized natural language processing (NLP)  

by leveraging vast datasets, allowing them to perform complex linguistic tasks with unparalleled accuracy 

[1], [2]. LLMs have demonstrated their ability to generalize across multiple tasks, excelling in settings that 

require minimal fine-tuning [3], [4]. However, maximizing their potential requires careful input  

structuring through prompt engineering—a practice that strategically crafts inputs to ensure optimal model 

performance [5]. Despite their strengths, LLMs present challenges such as inaccuracies, biases, and 

https://creativecommons.org/licenses/by-sa/4.0/
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inefficiencies in generating context-specific outputs. For instance, in critical fields like healthcare or 

education, a poorly structured prompt can lead to outputs that are irrelevant or even harmful [6]. This issue is 

exacerbated by the LLMs’ inherent tendency toward generating hallucinations—factually incorrect 

information—which could undermine trust in AI applications, particularly in sensitive domains like medical 

diagnostics or legal reasoning [7]. Consequently, the problem lies in effectively guiding LLMs to produce 

accurate, relevant, and ethically sound outputs, particularly in high-stakes fields where precision is crucial. 

Prompt engineering has emerged as a key solution to this problem. By designing precise, structured 

inputs, engineers can control and optimize the outputs of LLMs, making them more relevant and aligned with 

the user’s needs [8]. This technique has evolved significantly, with methods such as chain-of-thought (CoT) 

prompting and retrieval-augmented generation (RAG) being developed to enhance LLM performance in 

complex reasoning tasks [9]. These advancements have expanded the utility of LLMs beyond simple text 

generation, enabling their application in domains requiring nuanced problem-solving, such as scientific 

research, engineering, and medical diagnostics [10], [11]. The existing literature underscores the critical role 

of prompt engineering in enhancing LLM capabilities across various fields. In healthcare, for example, 

prompt engineering has been used to refine LLMs for diagnostic support, enabling more accurate and reliable 

outputs by structuring prompts to simulate clinical decision-making processes [12]. In educational settings, 

LLMs powered by prompt engineering have been used to generate personalized learning materials, tailoring 

content to meet the specific needs of students [13]. Furthermore, in technical documentation, prompt 

engineering allows LLMs to process and generate complex reports more efficiently, thereby improving 

workflow and information dissemination [14]. 

This study proposes that sophisticated prompt engineering techniques—particularly CoT prompting 

and RAG—can significantly mitigate the challenges of hallucinations and bias in LLMs. CoT prompting, 

which guides LLMs through a step-by-step reasoning process, has proven effective in reducing errors by 

breaking down complex tasks into manageable steps [6]. This method is especially valuable in fields like 

medical diagnostics, where the cost of errors is high. Similarly, RAG enhances LLM performance by 

incorporating external databases into the generation process, allowing LLMs to access up-to-date information 

and improve the accuracy of their outputs [10]. These innovations represent a shift from general text 

generation to specialized, high-accuracy applications, underscoring the transformative potential of prompt 

engineering. The novelty of this study lies in its comprehensive approach to integrating these advanced 

prompt engineering techniques into diverse research and industrial applications. While previous research has 

focused on the general capabilities of LLMs, this study provides a detailed examination of how CoT and 

RAG techniques can be applied to improve LLM outputs in specific, high-stakes environments. Moreover, 

this research addresses the ethical implications of LLM deployment, particularly the need for transparency, 

bias mitigation, and data privacy [7]. By combining technical advancements with ethical considerations, this 

study offers a more holistic framework for the responsible use of LLMs in sensitive fields. 

The proposed approach goes beyond existing literature by not only focusing on performance 

optimization but also addressing the ethical challenges that have become increasingly prominent as LLMs are 

integrated into critical decision-making processes. In healthcare, for example, CoT prompting and RAG can 

be used to improve diagnostic accuracy while simultaneously ensuring that patient data is protected and that 

biases in decision-making are minimized [15]. This dual focus on technical and ethical optimization sets the 

current study apart from prior research, which has often treated these issues separately. Prompt engineering 

represents a crucial advancement in the deployment of LLMs across various sectors. By strategically crafting 

inputs, engineers can guide LLMs to generate more accurate, relevant, and ethically sound outputs. 

Techniques such as CoT prompting and RAG are particularly promising, offering solutions to the persistent 

issues of hallucination and bias. Moreover, this paper emphasizes a comparative exploration of different 

prompting strategies, elucidating how domain-specific challenges—such as scientific data extraction or 

educational material development—can benefit uniquely from CoT, RAG, or contextual prompting 

approaches. This study’s contribution lies in it is integration of these advanced techniques into a 

comprehensive framework that addresses both performance and ethical considerations, marking a significant 

step forward in the responsible and effective use of LLMs. 

 

 

2. METHOD 

This study employed a systematic literature review (SLR) to explore the role of prompt engineering 

in enhancing LLMs across scientific and engineering applications, with a particular emphasis on the ethical 

implications of LLM deployment. The review followed a rigorous and structured approach to ensure 

comprehensive coverage of the most relevant and high-quality research. Additionally, a cross-comparative 

analysis of different prompt engineering methods was incorporated to highlight domain-specific strengths 

and weaknesses, thereby extending the scope beyond standard SLR practices. The study aimed to address the 
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following research questions: i) how does prompt engineering improve the performance of LLMs in scientific 

and engineering domains?; ii) what are the key techniques in prompt engineering, such as CoT prompting 

and RAG, that enhance the accuracy and relevance of LLM outputs?; and iii) what are the ethical challenges 

associated with LLM deployment in science and engineering, particularly concerning bias, hallucination, and 

data privacy? 

 

2.1.  Database selection 

The Scopus database was selected as the primary source for this review due to its extensive 

repository of peer-reviewed journals, conference proceedings, and authoritative reports [16]. Scopus is highly 

regarded for its comprehensive academic coverage. It is suitable for capturing studies that discuss both the 

technical aspects of prompt engineering and its applications in science and engineering [17]. 

 

2.2.  Search strategy 

A targeted search string was developed to capture the intersection of prompt engineering, LLMs, 

and their applications in research and industrial settings. The following search string was used in Scopus, 

with a focus on title, abstract, and keywords: TITLE-ABS-KEY ((“Prompt Engineering” OR “Prompt 

Design”) AND (“Large Language Models” OR ”LLMs”) AND (“Enhancing” OR ”Improving” OR 

“Optimizing”) AND (“Applications” OR “Use Cases”) AND (“Ethical Implications” OR “Ethics” OR 

“Responsible AI”) AND (“Science,” OR “Engineering”). This search string was designed to retrieve studies 

that focus specifically on the role of prompt engineering in improving LLMs in the context of scientific and 

engineering research. The inclusion of terms such as “science,” and “engineering” ensured the relevance of 

the articles to the study’s objectives. The flow of documents identification included in the current study 

presented in Figure 1. 

 

 

 
 

Figure 1. PRISMA flow 

 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1071-1086 

1074 

2.3.  Inclusion and exclusion criteria 

Table 1 presents the inclusion and exclusion criteria applied in the current study. The criteria were 

designed to ensure the relevance of the studies included in the review. They also help maintain the overall 

quality of the review.  
 

 

Table 1. Inclusion and exclusion criteria 
Inclusion criteria Exclusion criteria 

− Studies published between 2022 and 2024, reflecting the most 

recent advancements in LLMs and prompt engineering. 

− Peer-reviewed journal articles, conference papers, and 

authoritative reports that focus on prompt engineering within the 

context of science and engineering research. 

− Articles discussing the ethical implications of LLM usage, 

including concerns around bias, hallucination, and data privacy. 

− Articles that do not explicitly address prompt 

engineering or its application in LLMs. 

− Publications focused on LLMs in general, but without a 

clear focus on scientific or engineering domains. 

− Non-peer-reviewed materials, such as editorials, 

opinion pieces, or studies without empirical evidence. 

 

 

2.4.  Study selection process 

The initial search using the predefined string yielded a substantial number of studies. The first 

screening involved reviewing the titles and abstracts to remove irrelevant papers. In the second phase, a  

full-text review of the remaining studies was conducted to ensure that each paper met the inclusion criteria 

and addressed at least one of the research questions. Throughout the selection process, particular attention 

was paid to the rigor and relevance of each study’s methodology. Studies were evaluated based on their 

empirical approach, the clarity of their findings, and the significance of their contributions to understanding 

prompt engineering in LLMs. Articles that lacked sufficient methodological detail or were tangential to the 

core research questions were excluded. 
 

2.5.  Data extraction and synthesis 

For each selected study, key data were extracted, including: i) the specific prompt engineering 

techniques employed (e.g., CoT and RAG); ii) the domain of application (e.g., healthcare, scientific data 

extraction, and technical documentation); iii) the outcomes of implementing prompt engineering in LLMs, 

with a focus on improvements in accuracy, efficiency, and problem-solving capabilities; and iv) ethical 

considerations discussed by the authors, particularly related to bias, data privacy, and the problem of 

hallucination in LLM-generated content. Once data were extracted, the studies were synthesized to identify 

common themes and trends. During this synthesis, we also performed a domain-specific comparative review 

to assess the relative efficacy of each technique (e.g., CoT vs. RAG) within different high-stakes 

applications, such as scientific data extraction or engineering design. This approach provided a more nuanced 

understanding of how particular prompt engineering methods excel or face limitations in distinct contexts. 

Furthermore, the ethical concerns raised in these studies were grouped into recurring themes, such as model 

transparency, bias mitigation, and privacy protection. 
 

2.6.  Limitations 

While this systematic review provides a comprehensive synthesis of the role of prompt engineering 

in enhancing LLMs, it is important to acknowledge several limitations. First, the review focused  

exclusively on studies from the Scopus database, which may have excluded relevant studies indexed in other 

databases such as IEEE Xplore or Google Scholar. Second, the search string, while targeted, may have 

missed studies that used alternative terminology for prompt engineering or LLMs. Third, the review was 

restricted to studies published in English, which may have led to the exclusion of important research 

conducted in other languages. 
 

 

3. RESULTS AND DISCUSSION 

3.1.  Summary of findings 

Prompt engineering has emerged as a key methodology for optimizing the capabilities of LLMs in 

various domains, improving both the efficiency and effectiveness of LLM outputs. The current systematic 

review identifies several notable applications of prompt engineering (16 studies included for review)  

that administered in Table 2. To provide a more thorough comparative perspective, we have expanded  

Table 2 to include additional domain-specific details on each application, highlighting not only the ethical 

implications but also which prompt engineering techniques (e.g., CoT and RAG) were employed. This 

enrichment aims to more explicit demonstrations of how prompt engineering strategies impact LLM 

performance across diverse fields. 
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Table 2. Notable applications of prompt engineering based on synthesis results 
Role and application of LLMs/AI Prompt engineering techniques Ethical implications Ref 

Role of LLMs in feedback and education:  

− LLMs (e.g., GPT-3.5-turbo) used for 

generating personalized student feedback, 
improving revision performance (effect 

size d=0.19) and motivation (d=0.36).  

− Employed as educational assistants for 

tailored feedback.  

− Higher AI literacy identified as crucial for 

effective prompt design and improved 

learning outcomes. 

− LLMs enhance adaptive, personalized, 

and self-directed learning. 

− Iterative prompting 

(refining prompts for 

improved student 
feedback)  

− Contextual prompting 

(incorporating domain-

specific educational 

goals) 

− Misinformation risk: LLMs can generate 

inaccurate feedback if not verified by 

educators.  

− Accessibility and Bias: over-reliance on AI 

outputs may exacerbate bias, especially with 
limited AI literacy.  

− Unequal access: disparities in AI literacy can 

widen educational and professional 
opportunity gaps.  

− Privacy concerns: using commercial LLM 

services for sensitive student data may 

violate privacy. 

[18]
–

[21] 

Prompt engineering for task-specific optimization:  

− Iterative prompt refinement (e.g., Gaussian 

process expected improvement (GPEI) 

methodology) to optimize LLM responses.  

− Role-playing and CoT prompting for 

adaptability in tasks like patient 
interaction and cybersecurity.  

− Educational chatbots refined for 

responsiveness and adaptability. 

− GPEI for refining 

prompts  

− Role-playing prompts (to 

simulate real-world 

interactions)  

− CoT (stepwise reasoning 

for task complexity) 

− Privacy concerns: using commercial LLMs in 

healthcare may expose sensitive data to third 

parties.  

− Misalignment in AI outputs: role-playing or 

CoT prompting can introduce biases if not 

carefully controlled.  

− Bias and quality issues: despite refinements, 

prompt-engineered outputs can still exhibit 
inconsistencies and biases. 

[19], 
[22], 

[23] 

LLMs for enhancing educator efficiency 

and financial analysis: 

− Automating administrative tasks (e.g., 

clinical notes) and analyzing financial data.  

− Generating synthetic data for rebalancing 

training sets.  

− Analyzing financial and economic trends 

for investment and risk decisions 

− Contextual prompting 

(domain-specific prompts 

for financial or 

administrative tasks)  

− Iterative refinement 

(improving synthetic data 

generation accuracy) 

− Security and privacy risks: sensitive clinical 

or financial data could be mishandled.  

− Bias in generated data: synthetic data might 

embed or amplify existing biases.  

− Data security: confidential info leakage (e.g., 

ChatGPT exposure).  

− Bias in financial analysis: propagation of 

biased datasets may distort decision-making. 

[23]

–
[26] 

LLMs for personalized interactions and 

chatbots:  

− Used in healthcare diagnostics, 

multilingual public services, and 

education.  

− “Llama 2” deployed locally to extract 

structured medical data.  

− Chatbots for patient self-diagnosis and 

healthcare support. 

− Contextual prompting 

(adapting prompts to 

medical or multilingual 
settings)  

− Task-Specific Role 

Definition (e.g., patient 

vs. doctor roles) 

− Hallucination and misinformation: plausible 

yet false outputs pose risks in healthcare and 

education.  

− Bias and ageism: technology misuse may 

marginalize older adults with limited digital 
literacy.  

− Privacy concerns: cloud-based LLMs must 

comply with regulations (e.g., GDPR).  

− Risk of misinformation: misleading medical 

info may harm patients if unvalidated. 

[23], 

[24], 

[27], 
[28] 

LLMs for dataset Jailbreaking and adversarial 

attacks: 

− Genetic algorithms automate jailbreaking 

prompts to bypass alignment techniques.  

− Creation of universal jailbreak prompts 

across multiple LLMs.  

− Adversarial prompts undermine LLM safety. 

− Adversarial prompt 

engineering (exploiting 
system vulnerabilities)  

− Genetic algorithm-based 

prompt optimization 

(iteratively refining 

malicious prompts) 

− Security vulnerabilities: jailbreaking exposes 

flaws, letting adversarial prompts bypass safety.  

− Ethical misuse: universal jailbreak prompts 

pose risks of malicious exploitation.  

− Hallucinations in code: erroneous outputs 

become more frequent or less detectable 
under adversarial conditions. 

[29]

–
[31] 

Role of AI literacy in prompt engineering: 

− AI literacy is vital for non-experts to use 

LLMs effectively.  

− Prompt engineering skills directly affect 

output quality (iterative improvement).  

− Anthropomorphizing AI can lead to 

misunderstanding LLM capabilities.  

− AI literacy influences search strategies for 

clinical questions. 

− Iterative prompting (user-

driven feedback loops)  

− Contextual prompting 

(guiding non-experts to 
frame questions 

effectively) 

− Bias and misalignment: non-experts may 

misinterpret AI outputs, worsening bias and 
reliance on inaccuracies.  

− Privacy concerns: in educational contexts, 

insecure AI tools risk data exposure.  

− Risk of misinformation: retrieving false or 

outdated literature from LLMs can 

undermine research validity. 

[20], 

[21], 
[30], 

[32] 

LLMs in human evaluation and public services:  

− GPT-4 vs. Google AI comparison for 

translation, creativity, accuracy.  

− Automating tasks (e.g., drafting clinical 

notes) for administrative efficiency.  

− Testing bias in phishing detection (F1-

score 97.29% fine-tuned vs. 92.74% 
prompt-engineered). 

− Prompt-based vs. fine-

tuned approaches 
(comparing effectiveness 

in tasks like phishing 

detection).  

− Contextual prompting 

(e.g., domain-tailored for 
public services). 

− Privacy and misinformation risks: both GPT-4 

and Google AI show biases and hallucination 
issues, especially in critical areas like healthcare.  

− Ethical use: unvalidated LLMs may yield 

harmful advice in sensitive fields.  

− Transparency: need clarity and interpretability 

in AI outputs, especially in cybersecurity 
applications (e.g., phishing detection). 

[23], 

[28], 

[33] 

LLMs for code generation and debugging: 

− ChatGPT used to generate/refine code 

(e.g., constructing LDA topic models).  

− Streamlining and reviewing existing code 

for more efficient development. 

− Iterative code prompting 

(repeatedly refining and 

debugging code)  

− Potential CoT (stepwise 

explanation during code 

generation) 

− Hallucinations in code: silent errors may 

appear correct but function incorrectly.  

− Legal concerns: copyright issues arise if 

LLMs were trained on protected repositories.  

− Ethical attribution: proper acknowledgment of 

AI-generated code is necessary to maintain 

transparency and intellectual honesty. 

[31] 
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Prompt engineering has become a crucial tool in enhancing the performance of LLMs across various 

fields. In education, LLMs support personalized learning by generating feedback tailored to individual 

student needs, thereby improving learning outcomes and engagement. The iterative refinement of prompts, as 

seen in the feedback Copilot, showcases the importance of well-designed prompts in automating feedback 

processes [18], [30]. In healthcare, prompt engineering has optimized LLMs to deliver task-specific 

guidance, improving clinical interactions and automating administrative tasks [23], [27]. Data analysis  

has also benefited from prompt-driven synthetic data generation, improving dataset balance and model 

reliability [25]. Adversarial applications of prompt engineering, such as exploiting vulnerabilities in LLMs, 

have been further highlighted in Table 2 to illustrate the range of ethical concerns—from privacy risks and 

bias to the potential for AI misuse [29], [33]. Furthermore, disparities in AI literacy and access to prompt 

engineering skills highlight a growing need for equitable interventions to ensure fair use and benefit 

distribution of LLM technologies [21]. 

The growing role of prompt engineering in enhancing LLMs highlights the need for continued 

research and development to optimize both performance and ethical safety. Standardized guidelines for 

prompt engineering across various fields can help mitigate biases and improve the reliability of model 

outputs. Furthermore, integrating AI literacy, particularly prompt engineering, into educational curricula will 

empower educators and students alike, reducing the digital divide. Prompt-aligned gradient tuning emerges 

as a powerful strategy, allowing for the refinement of prompts to better align with the desired outputs. This 

mechanism highlights the nuanced control that prompt engineering affords, bridging the gap between human 

intention and AI execution, and underscores the importance of understanding how prompts catalyze specific 

responses from LLMs. Figure 2 showcase explicit examples of ineffective vs. effective prompts, each 

accompanied by representative outputs. In sectors like healthcare, prioritizing privacy-preserving AI 

approaches, such as locally deployed LLMs, is essential to address the risks associated with cloud-based 

models. Finally, establishing ethical frameworks for managing adversarial prompt use is critical to prevent 

misuse of these technologies. As prompt engineering continues to advance, ensuring its responsible 

application is key to maximizing its potential across different domains, while mitigating risks related to 

privacy, security, and bias. 

 

 

 
 

Figure 2. Simplified illustration of how effective prompting aids in obtaining the desired response in LLMs 

showing ineffective and effective promptings 
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3.2.  Research question 1: performance of LLMs in scientific and engineering domains? 

Prompt engineering is critical to improving the functionality of LLMs in specialized areas such as 

science and engineering. By carefully structuring inputs—known as “prompts”—researchers can direct 

LLMs to generate more accurate, contextually relevant outputs and tailor them to the specific technical 

demands of these fields. In scientific and engineering disciplines, where precision and technical 

understanding are vital, prompt engineering ensures that LLMs perform optimally, meeting the rigorous 

standards required. These insights also enable a comparative understanding of how different prompt 

strategies—such as CoT or iterative refinement—impact performance in high-stakes settings. These 

advancements underscore the versatility and expanding capabilities of LLMs, driven by cutting-edge research 

in prompt engineering. The most popular prompt techniques are summarized in Figure 3. 
 

 

 
 

Figure 3. Popular prompting techniques to enhance LLM’s capability in providing desired response 
 

 

3.2.1. Enhancing domain-specific understanding and contextualization 

A key advantage of prompt engineering is it is ability to refine LLM performance by incorporating 

domain-specific language and context into prompts. Scientific and engineering fields are marked by highly 

specialized jargon and concepts. LLMs trained on general data sets may misinterpret or generate outputs not 

aligned with such complex topics. Prompt engineering mitigates this by embedding detailed, relevant 

information within prompts, thus guiding LLMs to deliver outputs that meet the demands of specialized tasks. 

For instance, in materials science, researchers use specific prompts to help LLMs extract critical information 

from complex research papers, such as material properties, synthesis methods, and experimental data [14]. 

LLMs are better equipped to analyze and interpret technical literature by employing domain-specific 

terminology in prompts, reducing errors in subsequent research applications. This level of accuracy is crucial, as 

minor misinterpretations in scientific data can lead to significant consequences in research and development. 

In engineering design, particularly in civil or mechanical engineering fields, prompt engineering 

ensures that LLMs can understand detailed specifications, design constraints, and performance metrics. 

Prompts tailored to include technical terms related to load-bearing capacities, structural integrity, and thermal 

expansion allow LLMs to generate useful design alternatives that align with specific requirements [11]. This 

minimizes the need for extensive manual corrections, improving workflow efficiency and accuracy. In 

chemical engineering, prompts can also emphasize specific variables such as reaction mechanisms and catalyst 

efficiencies. This helps LLMs focus on critical aspects of scientific analysis, enhancing their ability to interpret 

complex data sets with precision [34]. In such fields, where reliability is crucial, prompt engineering provides 

a significant advantage by steering LLMs toward more accurate and reliable predictions. 
 

3.2.2. Improved reasoning through chain-of-thought prompting 

One of the main challenges in using LLMs for scientific and engineering applications is their 

difficulty in managing multi-step reasoning tasks. These tasks often require a logical sequence of steps, and 

without explicit guidance, LLMs may struggle to maintain coherence. CoT prompting addresses this issue by 

guiding LLMs through each step of the reasoning process. By structuring prompts to mirror logical 

progression, CoT prompting helps LLMs maintain consistency and reduce errors. 

In scientific research, CoT prompting improves LLM capabilities in hypothesis generation and 

experimental design by structuring the prompts according to the stages of scientific inquiry—from hypothesis 

formulation to data analysis [6]. This allows LLMs to assist in planning and interpreting experiments more 

effectively. In engineering tasks, such as circuit design and structural analysis, CoT prompting ensures that 

all critical variables, such as voltage, resistance, and structural stresses, are taken into account at each step of 

the process [35], [36]. This reduces the likelihood of the model skipping important steps, enhancing the 

reliability of the generated outputs. 
 

3.2.3. Real-time data integration with retrieval-augmented generation 

One limitation of traditional LLMs is their reliance on static datasets, which can quickly become 

outdated in fast-evolving fields like biomedical research and environmental science. RAG overcomes this by 
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enabling LLMs to access real-time data from external sources, integrating it into the generation process. We 

highlight that RAG can be configured to query domain-tailored repositories—such as specialized medical 

knowledge graphs or real-time environmental sensors—for more accurate and context-relevant outputs. This 

capability is particularly valuable in dynamic fields, where up-to-date information is crucial for accuracy. 

RAG combines LLM generation with a retrieval mechanism that allows access to real-time databases, 

improving the accuracy and relevance of outputs. For instance, in biomedical research, LLMs enhanced with 

RAG can access the latest clinical guidelines, ensuring that their recommendations are current and evidence-

based [10]. Similarly, in environmental science, RAG allows LLMs to retrieve real-time climate data or 

environmental impact reports, ensuring that models are grounded in the most recent information [13]. This 

real-time integration is essential for decision-making in fields that rely on constantly updated data. 
 

3.2.4. Enhancing interpretability and reducing errors 

In high-stakes fields like aerospace engineering or pharmaceutical research, the interpretability and 

reliability of LLM outputs are critical. Structured prompting, where prompts are designed to elicit detailed 

explanations of the reasoning process, enhances the transparency and trustworthiness of LLM outputs. For 

example, in mechanical engineering, prompts can guide LLMs to not only provide solutions but also explain 

how they arrived at those solutions. This allows engineers to review the logic behind the output, making it 

easier to identify and correct errors before implementation [37]. In pharmaceutical research, where even 

minor errors can have serious consequences, structured prompting reduces the risk of hallucinations—

incorrect but plausible-sounding information—by guiding the LLM to focus on verified data and key 

parameters [38]. This improves the reliability of outputs and ensures that generated content aligns with 

established scientific principles. 
 

3.2.5. Automation and efficiency gains through prompt engineering 

Prompt engineering also enhances automation by allowing LLMs to take over routine tasks, such as 

data extraction, literature review, and technical report generation. We note that iterative prompting often 

outperforms  single-pass approach in tasks like SLR, as repeated interactions can capture nuances missed in 

one-step queries. This frees up researchers and engineers to focus on more complex and creative tasks. In 

bioinformatics, for example, prompt engineering can automate extraction of relevant data from large research 

databases, speeding up the analysis process [11]. Similarly, in engineering, LLMs can be guided by prompts to 

generate technical reports that adhere to industry standards, saving time and reducing human error [14]. 
 

3.2.6. Cross-domain applications and interdisciplinary research 

One of the most exciting developments in prompt engineering is its ability to facilitate 

interdisciplinary research. In modern research, complex problems often require insights from multiple fields. 

Prompt engineering allows LLMs to function across various domains by guiding them to integrate knowledge 

from different disciplines. For instance, in environmental engineering, prompts can be structured to draw  

on climatology, ecology, and civil engineering, providing comprehensive solutions to environmental 

problems [13]. In biomedical engineering, prompts can guide LLMs to synthesize knowledge from biology, 

medicine, and mechanical engineering to develop advanced medical devices [39]. This cross-domain 

applicability fosters innovation by encouraging the synthesis of ideas from diverse fields. 
 

3.3.  Research question 2: key techniques in prompt engineering 

Prompt engineering is essential for optimizing the outputs of LLMs, particularly in specialized fields 

such as science and engineering. Key techniques, including CoT prompting and RAG, have emerged as 

powerful methods for overcoming limitations like static datasets and complex reasoning challenges. The 

RAG framework operates by translating input prompts into targeted queries, which are then used to fetch 

relevant information from an array of sources such as search engines or knowledge graphs. CoT excels at 

multi-step logical reasoning while RAG ensures access to current, domain-specific data—highlighting how 

each technique can be chosen or combined depending on the task requirements in scientific and engineering 

contexts. Figure 4 illustrates this process, showcasing how queries extracted from prompts can be augmented 

with information retrieved from external databases to synthesize more informed and context-rich responses 

[40]. This section explores how these and other techniques, such as contextual prompting and active learning, 

contribute to refining LLM performance in generating context-specific, accurate, and reliable outputs. 

 

3.3.1. Chain-of-thought prompting 

CoT prompting enhances the ability of LLMs to handle multi-step reasoning tasks. In scientific and 

engineering contexts, such tasks frequently involve carefully considering multiple factors, requiring the 

model to follow a logical sequence. CoT prompting helps LLMs manage this complexity by breaking down 

problems into smaller, more manageable steps. We underscore comparing CoT with other techniques like 
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contextual prompting: while CoT excels at stepwise logical flow, contextual prompting ensures  

domain-specific accuracy. CoT prompting guides LLMs through a process similar to “thinking aloud,” where 

the model is encouraged to articulate each step in the problem-solving process. This method improves 

transparency and reduces errors, especially in fields that require meticulous reasoning, such as mechanical 

engineering and mathematics. For example, in a calculation task, CoT prompting may ask the LLM to 

explain each phase of a design or analysis, significantly reducing the likelihood of errors or oversights [41]. 

This approach is equally valuable in symbolic reasoning tasks, such as algebraic equations or circuit design, 

where accuracy in each step is critical [37]. 

CoT prompting has proven particularly effective in hypothesis generation, experimental design, and 

data interpretation in scientific research. For instance, researchers working in material science may use CoT 

prompting to help an LLM systematically generate a hypothesis, plan an experiment, and interpret the results. 

By structuring the prompt to reflect the logical flow of scientific inquiry, LLMs can better provide consistent 

and reliable outputs grounded in scientific principles [33]. Moreover, CoT prompting addresses one of the 

major pitfalls of LLMs—hallucination, where the model generates plausible but incorrect information. By 

requiring the LLM to explain its reasoning process at every step, CoT prompting helps prevent hallucinations. 

This stepwise structure ensures that each conclusion is based on logical reasoning, making it easier for users to 

review and verify outputs. This is particularly important in high-stakes applications like medical diagnostics or 

aerospace engineering, where even small mistakes can have serious consequences [35]. 
 
 

 
 

Figure 4. Illustration of using a knowledge graph as a retrieval mechanism in conjunction with LLMs to 

enhance response with structured external knowledge [40] 
 
 

3.3.2. Retrieval-augmented generation  

While CoT prompting improves reasoning capabilities, RAG addresses another fundamental 

limitation of LLMs: their dependence on static, pre-trained datasets. LLMs are typically trained on large, 

fixed datasets, which may become outdated, especially in fields with rapidly evolving knowledge bases like 

biomedical research and environmental science. We note that RAG excels in scenarios requiring live updates 

or domain-specific queries—a key advantage over CoT’s focus on multi-step reasoning. RAG enables LLMs 

to query real-time external databases during the generation process, improving the accuracy and relevance of 

their outputs. RAG combines LLMs’ generative abilities with a retrieval mechanism that accesses up-to-date 

information from external sources. For example, in biomedical applications, LLMs equipped with RAG can 

retrieve the latest clinical guidelines or research findings, ensuring that outputs remain current and reflective 

of the most recent knowledge [10]. This capability is invaluable in medical diagnostics, where outdated 

information could lead to incorrect treatment recommendations. 

RAG allows LLMs to pull relevant data on demand in research and development fields. For instance, 

when summarizing research in neuroscience, a RAG-enabled LLM could access the latest studies from 

scientific databases, providing a more comprehensive and up-to-date analysis than a model relying solely on 

pre-trained knowledge [11]. This makes RAG particularly beneficial in fast-moving fields where new 

discoveries and data are continuously emerging. Integrating real-time data through RAG also enhances LLM 

outputs in engineering domains. For example, LLMs must often reference current building codes or material 
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specifications in civil or mechanical engineering to produce reliable design recommendations. RAG enables 

LLMs to access this up-to-date information, ensuring that outputs adhere to industry standards and regulations 

[13]. Moreover, in environmental modeling or market analysis, RAG allows LLMs to incorporate real-time 

data into predictive models, adapting to changing conditions and producing more relevant outputs [42]. 

RAG effectively bridges knowledge gaps in dynamic or highly specialized fields. As LLMs are 

limited by the static nature of their training datasets, their outputs may become obsolete. By incorporating 

real-time data retrieval, RAG ensures that LLMs can generate outputs that are both accurate and relevant, 

particularly in rapidly advancing areas like genomics or climate science [43], [44]. 
 

3.3.3. Contextual prompting 

Contextual prompting improves LLM performance by embedding domain-specific knowledge into 

prompts, while CoT and RAG focus on reasoning and real-time data integration. Contextual prompts are 

designed to include the relevant technical language and context necessary for LLMs to interpret queries more 

accurately. We clarify that contextual prompting can also work in tandem with active learning—introducing 

domain-specific constraints over multiple iterations—to correct misunderstandings in evolving queries. This 

is particularly useful in fields where terminology may have different meanings depending on the context. For 

example, in legal research, prompts that include specific legal definitions or references to case law can help 

LLMs generate more accurate interpretations of statutes or contracts [45]. This reduces the risk of 

misinterpretation due to the model’s lack of domain-specific understanding. Similarly, in biomedical 

engineering, contextual prompts can assist LLMs in navigating complex medical terminology, leading to 

more accurate diagnostic support or research outputs [7], [46]‒[48]. 

In physics and engineering, where terms like “force” or “energy” may have multiple interpretations, 

contextual prompting ensures that LLMs provide the correct responses based on the specific field of 

application. For instance, in thermodynamics, embedding clues in the prompt about whether “heat” refers to 

energy transfer or a colloquial concept helps refine the LLM’s output [39]. Combining contextual prompting 

with CoT and RAG techniques ensures that LLMs can produce highly relevant, context-sensitive outputs that 

align with the intricacies of specialized fields [10]. 
 

3.3.4. Active learning prompts and iterative refinement 

Active learning prompts focus on iterative refinement, engaging LLMs in continuously generating 

and refining outputs based on user feedback. This method is valuable in areas requiring precision and 

continuous improvement, such as software development or aerospace engineering. It is worth noting that 

active learning can be combined with CoT and RAG to provide both stepwise clarity and up-to-date data 

during iterative cycles—an approach particularly beneficial in complex tasks like multi-phase engineering 

projects. In software development, for example, active learning prompts allow LLMs to generate code, which 

is then iteratively refined based on performance feedback. This leads to outputs that are tailored to specific 

functional or security requirements [49]. 

In aerospace design, active learning prompts help optimize design variables by prompting LLMs to 

adjust recommendations based on feedback from engineers or real-time data. This iterative refinement results 

in more reliable and optimized outputs, which are crucial in fields where precision is paramount [50]. Active 

learning prompts are also useful in exploratory research. By guiding LLMs to revisit and refine their 

responses, researchers can explore alternative hypotheses or solutions, leading to more comprehensive and 

well-rounded outputs [14], [51], [52]. 
 

3.4.  Research question 3: ethical challenges 

The integration of LLMs into science and engineering is transforming these fields by enhancing 

innovation and streamlining processes. However, alongside these benefits come ethical challenges that 

require careful attention, especially in high-stakes applications like medical diagnostics, engineering design, 

and legal analysis. The primary ethical concerns include bias, hallucination, and data privacy—issues that 

can significantly affect the quality and safety of LLM outputs. We also underscore the role of prompt 

engineering in mitigating these issues—by embedding fairness prompts, enforcing stepwise logical checks, or 

integrating secure data retrieval routines—to ensure responsible LLM deployment and prevent unintended 

consequences in sensitive domains. 
 

3.4.1. Bias in LLM outputs 

Bias in LLM outputs represents a critical ethical concern. LLMs are trained on vast amounts of data, 

often sourced from the internet and other publicly available datasets, which inherently contain biases related 

to gender, race, culture, and socioeconomic status. These biases can influence LLM outputs, leading to unfair 

or inaccurate results in fields ranging from healthcare to engineering and legal research. The root cause of 

bias lies in the data used to train these models. Since LLMs learn by identifying patterns in their training 
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data, any biases present in the data can be reflected in the model’s outputs. We emphasize comparing 

multiple prompt strategies—for instance, fairness prompts vs. contextual prompts—to assess which approach 

more effectively mitigates domain-specific bias. For example, if an LLM is trained on historical medical 

research, it may inherit gender or ethnic biases, which could affect its diagnostic recommendations [15]. This 

is particularly concerning in healthcare, where biased outputs could disproportionately affect 

underrepresented groups [53], [54]. For instance, an LLM trained predominantly on data from male patients 

may provide less accurate diagnostic suggestions for female patients, especially in areas like cardiology, 

where symptoms can differ significantly by gender [7]. 

Bias is not limited to healthcare; it also extends to engineering and urban planning. In civil 

engineering, for example, LLMs might be used to analyze urban development projects. If the model’s 

training data includes biased historical planning decisions, the LLM’s outputs could perpetuate those biases, 

leading to decisions that disproportionately affect minority or disadvantaged communities [13]. Such biases 

can result in inequitable designs or predictions that fail to meet the needs of all groups, undermining the 

fairness of engineering decisions. To mitigate bias, efforts focus on curating diverse and representative 

datasets, although this is challenging given the scale and variability of data used to train LLMs [38]. 

Additionally, prompt engineering techniques are being developed to reduce bias. Fairness prompts, for 

instance, guide LLMs to produce more balanced outputs by explicitly instructing them to consider gender, 

racial, and ethnic diversity. In healthcare, prompts can be designed to ensure that the model accounts for 

demographic diversity when generating diagnostic recommendations [45]. However, while these strategies 

reduce bias, they do not eliminate it entirely, underscoring the need for ongoing research to develop more 

effective bias mitigation techniques. 

 

3.4.2. Hallucination in LLM outputs 

Hallucination, where an LLM generates factually incorrect or nonsensical information, is  

another major ethical concern. This issue is particularly problematic in fields like scientific research, 

engineering, and medicine, where accuracy is critical. LLMs do not “understand” the content they generate; 

they rely on patterns in their training data, which can lead to outputs that appear plausible but are factually 

incorrect or entirely fabricated. In scientific research, hallucinations can mislead users by producing 

inaccurate summaries of findings or even inventing non-existent studies. For instance, an LLM tasked with 

summarizing biomedical research might incorrectly interpret data or cite fictional studies, potentially leading 

researchers astray [6], [48], [54].  

In medicine, hallucinated outputs can have severe consequences, such as recommending incorrect 

treatments or diagnoses based on fabricated clinical guidelines, jeopardizing patient safety. Similarly, 

hallucinations can lead to flawed technical analyses or incorrect design recommendations in engineering. For 

example, an LLM used in structural engineering might fabricate safety calculations or suggest untested design 

methods, leading to safety risks or costly design errors [14]. These risks are particularly high in industries 

where the reliability of outputs is critical to safety and performance, such as aerospace or civil engineering. 

Techniques to mitigate hallucinations include RAG, which enables LLMs to access real-time, 

verified data from external databases. By grounding outputs in current, factual information, RAG 

significantly reduces the risk of hallucination [10]. In biomedical applications, for example, RAG allows 

LLMs to retrieve the latest clinical guidelines from trusted medical databases, ensuring that the model’s 

outputs are accurate and up to date [6]. Another effective method is CoT prompting, which enhances the 

logical reasoning process of LLMs. CoT prompting requires LLMs to explain each step of their reasoning, 

making it easier for users to follow the logic behind the outputs and verify their accuracy [41], [55], [56]. In 

medical diagnostics, for instance, CoT prompting can guide an LLM through a structured clinical reasoning 

process, ensuring that each recommendation is based on sound evidence and logic [35]. 

 

3.4.3. Data privacy and security concerns 

Data privacy and security are significant ethical concerns when deploying LLMs in sensitive fields 

like healthcare, legal research, and engineering. LLMs are trained on vast datasets, which may include 

personal or proprietary information, and their deployment often requires access to sensitive data such as 

patient health records or confidential engineering designs. This raises the risk of data breaches or misuse, 

which could have serious consequences for privacy and confidentiality. In healthcare, for example, LLMs 

used for diagnostic support or clinical decision-making often require access to patient data. This raises the 

possibility that sensitive health information could be inadvertently exposed, violating privacy regulations 

such as the Health Insurance Portability and Accountability Act (HIPAA) in the United States [57]. Such 

breaches could undermine trust in AI systems and lead to legal liabilities for healthcare providers. Similarly, 

in legal contexts, LLMs used to analyze case files or draft legal documents could expose confidential 

information, risking breaches of client-attorney privilege or intellectual property theft [38]. 
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Several strategies are being developed to address data privacy concerns. Data anonymization is a 

common approach, where personally identifiable information is removed before being processed by LLMs. 

While this reduces the risk of exposing sensitive information, it is not foolproof, as anonymized data can 

sometimes be re-identified when combined with other datasets [7]. Therefore, anonymization must be 

complemented by strict data handling protocols, such as encryption and access controls, to ensure that only 

authorized users can access sensitive data. We emphasize that secure prompt engineering—where prompts 

are carefully designed to exclude identifying details—can further minimize privacy risks in high-stakes 

fields. In addition, secure deployment environments for LLMs, particularly in fields like healthcare and 

engineering, are critical. For example, biomedical research applications can use locally deployed LLMs in 

controlled environments where data privacy regulations are strictly enforced [6]. Auditing mechanisms that 

track how data is accessed and used by LLMs can also help ensure accountability and transparency, quickly 

identifying any misuse of data [10]. 
 

3.4.4. Accountability and ethical transparency 

Beyond the specific challenges of bias, hallucination, and data privacy, the broader issue of 

accountability and transparency in LLM deployment also presents an ethical challenge. As LLMs are 

increasingly integrated into decision-making processes, determining who is responsible for the outcomes they 

generate becomes more complex. This is particularly important in high-stakes fields like medical diagnostics 

or engineering, where errors can lead to serious consequences. 

One challenge is the black-box nature of LLMs, which operate through complex neural networks that 

make it difficult to explain how they arrive at certain decisions. This lack of transparency complicates 

accountability, as it may be unclear who is responsible for an incorrect decision—whether it is the developers, 

users, or the model itself [39]. In fields like aerospace engineering, where safety is paramount, the inability to 

fully understand the decision-making process of an LLM could undermine trust in it is outputs.  

To address these concerns, there is a growing need for ethical guidelines and frameworks to govern 

the responsible use of LLMs. These guidelines should establish transparency, accountability, and fairness 

standards in LLM deployment. We also recommend the adoption of explainable prompt engineering (XPE), 

wherein prompts themselves include justification requests (e.g., “explain how you derived this”) to augment 

explainable artificial intelligence (XAI) approaches and make the decision pathway more explicit. Moreover, 

developing XAI techniques is essential to making LLM decision-making processes more understandable. 

XAI tools would enable users to audit and verify LLM outputs, ensuring that the results generated by these 

models can be trusted and validated, particularly in critical contexts like engineering and healthcare [13]. 
 

3.5.  Future research paradigm 

Integrating LLMs into scientific and engineering domains holds vast potential, but key ethical 

challenges must be addressed to ensure their responsible use. Future research should focus on mitigating 

issues such as bias, hallucinations, and data privacy, while improving transparency and accountability. We 

emphasize that prompt engineering—including fairness prompts, CoT, and retrieval-augmented methods—

can serve as a central scaffold for addressing these challenges by guiding LLMs toward more ethically 

aligned and context-specific outputs. 
 

3.5.1. Addressing bias in LLMs 

Bias remains a persistent challenge in LLM deployment due to the inherent biases in the datasets 

used for training. Although fairness-focused prompt engineering has shown some success, more robust 

methods are needed. Future research should also explore comparative analyses of CoT vs. contextual vs. 

fairness prompts in mitigating bias across domains, thereby identifying domain-specific best practices. Future 

research should develop comprehensive bias detection and correction frameworks, targeting the data 

preprocessing and model training stages [15]. Bias auditing tools could automatically identify and quantify 

biases in LLM outputs across domains, helping refine training data or prompts for more equitable results. 

Reinforcement learning could be combined with contextual prompting to allow LLMs to evolve toward 

generating less biased outputs over time, further enhancing fairness [58]. 
 

3.5.2. Mitigating hallucinations 

Hallucination, where LLMs generate incorrect or nonsensical information, poses significant risks, 

especially in high-stakes fields like medical research. Techniques like CoT prompting and RAG have helped 

reduce hallucinations by grounding outputs in logical steps or real-time data [59], [60]. Future research  

could explore iterative prompt engineering strategies that combine active learning with real-time retrieval, 

enabling LLMs to continuously self-check outputs for accuracy and consistency. Additionally, future work 

should focus on advancing these techniques to make them scalable and more robust. A promising area for 

research is hybrid models that combine LLMs with symbolic reasoning systems for real-time fact-checking. 
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Such models could cross-reference outputs with trusted knowledge bases, reducing the likelihood of 

hallucinations [6]. Enhancing explainability through XAI frameworks is also crucial. These frameworks 

would allow users to visualize LLMs’ decision-making processes, increasing transparency, particularly in 

fields where auditability is essential [35]. 
 

3.5.3. Enhancing data privacy and security 

Data privacy is a critical concern in fields such as healthcare and legal research, where LLMs handle 

sensitive information. Future research must focus on developing privacy-preserving AI technologies like 

federated learning, which trains LLMs on decentralized data without transferring sensitive information to a 

central repository [42]. Differential privacy mechanisms should also be integrated into LLM workflows to 

ensure that outputs do not reveal details about individuals whose data was used for training [61]. Data 

anonymization techniques must be refined to prevent re-identification risks, particularly in sensitive fields 

like biomedical research. Additionally, encrypted LLM systems and secure data-handling protocols must be 

developed to ensure the confidentiality of interactions, particularly in legal and medical contexts [45]. 
 

3.5.4. Accountability and ethical frameworks 

The black-box nature of LLMs presents challenges in determining accountability, especially when 

outputs lead to harmful consequences, such as faulty engineering designs or incorrect medical diagnoses. 

Future research on XPE could supplement existing XAI methods by requiring LLMs to generate structured 

rationale for outputs—thus making accountability more transparent. Future research should focus on 

developing ethical frameworks that clarify responsibility when LLMs are involved in decision-making [39]. 

These frameworks should address transparency, accountability, and fairness in LLM deployment, alongside 

regulatory guidelines that enforce adherence to ethical principles [62]. XAI tools should also be created to help 

users audit LLM decision-making processes, ensuring outputs can be verified in high-stakes environments like 

medical diagnostics and engineering design [35]. 
 

3.5.5. Interdisciplinary and cross-domain research 

LLMs are increasingly used across multiple domains, but interdisciplinary collaboration is essential 

for handling complex global challenges, such as climate change. Future research should aim to improve 

LLMs’ ability to synthesize information from diverse fields like ecology, engineering, and economics, 

providing holistic solutions [13]. Refining interdisciplinary prompt engineering techniques will ensure that 

LLMs maintain contextual relevance and avoid introducing biases when integrating data from various 

domains [11]. These efforts will make LLMs more effective in interdisciplinary research, enabling 

breakthroughs in fields like sustainable engineering and genomics [63]. 
 

 

4. CONCLUSION 

This review has explored the transformative potential of LLMs in enhancing scientific and 

engineering applications, focusing on the ethical challenges and the key techniques that can improve their 

accuracy, relevance, and usability. Techniques such as CoT prompting and RAG have been highlighted as 

pivotal in reducing errors and enhancing the reasoning capabilities of LLMs, particularly in domains that 

require complex problem-solving and real-time data integration. Additionally, contextual and active learning 

prompts have shown significant promise in tailoring LLMs for domain-specific tasks, improving their 

precision and adaptability. However, despite these advancements, LLM deployment is not without its 

challenges. Bias remains a critical issue, particularly in healthcare, legal research, and engineering, where 

biased outputs can lead to unfair or inaccurate results. Similarly, the risk of hallucination, where models 

generate incorrect or misleading information, poses significant concerns in high-stakes fields such as medical 

diagnostics and engineering design. Data privacy and security issues, especially when handling sensitive 

information, further complicate the responsible use of LLMs in these domains. The future research paradigm 

must focus on developing more robust bias mitigation strategies, improving the explainability of LLM 

outputs, and advancing privacy-preserving AI techniques. There is also a pressing need for clearer 

accountability frameworks to ensure that LLM-generated decisions are transparent and justifiable, especially 

in critical sectors. Additionally, the development of interdisciplinary frameworks and cross-domain 

knowledge integration techniques will be essential for unlocking the full potential of LLMs in addressing 

complex, global challenges. We further highlight that prompt engineering—particularly methods like fairness 

prompts, explainable prompts, and iterative refinement—can serve as cornerstones for ethical innovation, 

guiding LLMs to operate responsibly across diverse scientific and engineering contexts. In conclusion, while 

LLMs have the potential to revolutionize scientific and engineering research, their success depends on 

continuous innovation, ethical oversight, and collaboration across disciplines. By addressing these 

challenges, the scientific and engineering communities can ensure that LLMs are used responsibly and 

effectively, driving innovation while maintaining the highest ethical standards. 
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