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Abstract: The deployment of Large Language Models (LLMs) as components in sofiware systems has
quickly redefined the landscape for intelligent applications. For the past 65 years, Al has developed from
symbolic reasoning to complex deep learn- ing architectures that feed such sophisticated models as GPT-
4.0, Claude-3, Gemini, and Mistral. Parallel to these vision- language models (VLMs), such as CLIP and
ALIGN, have also broadened AI’s ability to understand multimodal data. In this expanding ecosystem,
timely engineering of the science of producing well-structured, contextual input becomes a key step to
enhance model performance and make sense of the results.

Yet, despite these advances, it remains challenging for non- expert users to construct successful prompts
or to use mul- tiple Al tools. This discrepancy is particularly prominent in domains as applied yet context
and precision dependent, such as health and wellness. To overcome this challenge, we present
PromptPal, a browser-based platform that connects user intention with the analytic capacity of LLMs.
PromptPal leverages ChatGPT, Gemini, and Mistral to offer consistent answers centered around three
pillars of wellness-skin, hair, and body.

The system makes use of an auto-pop-up prompt generation engine for intuitive query formulation and
allows multimodal data fusion towards richer analytics. It aggregates from sev- eral LLMs to generate
coherent and context-aware outputs, allowing for more reliable and accessible results. In summary.
PromptPal illustrates how prompt auto-tuning and multi-model averaging can democratize the process
of leveraging Al-based expert knowledge. Its application in skin, hair, and body well- ness highlights a
new direction for human-centered Al tools that simplify complex model interactions while delivering
practical, domain-specific intelligence.
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L. INTRODUCTION

Over the past decade. Large Language Models (LLMs) have become a cornerstone of modern artificial intelligence,
driving advancements in natural language understanding and gener- ation across numerous industries [1]. From early
symbolic reasoning systems in the 1950s to deep learning architectures like GPT-4.0, Gemini, Claude-3, and Mistral,
Al has evolved into a versatile ecosystem capable of interpreting multimodal data and generating coherent, context-
aware outputs [2]. The rise of Vision Language Models (VLMs) such as CLIP and ALIGN has further expanded AI’s
ability to process both vi- sual and textual inputs, creating new possibilities for integrated reasoning and multimodal
interaction [3].

A crucial factor in harnessing these capabilities lies in prompt engineering, the art and science of crafting structured,
mean- ingful inputs that maximize LLM performance [4]. However, effective prompt design remains challenging for
non-technical users, particularly in specialized fields like healthcare and wellness, where contextual precision is vital.
To bridge this usability gap, the proposed system, PromptPal, introduces a web-based framework that integrates
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multiple LLMs (Chat- GPT, Gemini, and Mistral) for automated prompt generation and consensus-based response
aggregation.

PromptPal focuses on three practical domains: skin, hair, and body wellness-where it delivers accurate, multimodal
insights by processing text and image inputs. By automating prompt construction and synthesizing results from multiple
Al models, PromptPal aims to democratize access to intelligent healthcare insights while maintaining reliability,
interpretability- ity, and user-centric design [5], [6]. Research Objectives To design a web-based interface that
automates prompt creation and simplifies LLM interaction for non-technical users. To in- tegrate ChatGPT, Gemini,
and Mistral for consensus-driven, multimodal response generation. To evaluate the reliability, ac- curacy, and usability
of Prompt-Pal in healthcare and lifestyle domains (skin, hair, and body).

Hypotheses

H1: Automated prompt generation significantly improves user accessibility and interaction efficiency with LLMs.

H2: Consensus-based aggregation across multiple models en- hances the reliability and factual consistency of Al
responses. H3: Incorporating multimodal data (text and image) yields more accurate and contextually relevant results in
wellness- related applications.

II. LITERATURE REVIEW
A. Prompt Engineering in Software & Code Generation
1) The Impact of Prompt Programming on Function-Level Code Generation
Khojah et al. (2025) analyze the influence of structured prompt programming on function-level code generation using
large language models. The study compares prompting techniques such as few-shot examples, type signatures, and
chain-of-thought cues to evaluate their impact on output accuracy and code quality. Results show that structured
prompts significantly enhance correctness and readability, though combining multiple methods often gives diminishing
returns. These findings align with Li et al.’s dynamic Prompt Builder model, which improves pass rates through refined
prompt design [4]. Similar evidence from Pornprasit and Tantithamthavorn confirms that fine-tuning remains
advantageous when data is available, while prompting offers flexibility in resource-limited cases [20]. Shin et al. also
highlight that iterative, conversational prompts can outperform static templates in real coding scenarios [21]. Broader
challenges, including API inconsistencies and integration limitations noted by Maninger et al.
[26] and Gallardo et al. [27], emphasize the need for balanced, context-aware prompt engineering. Overall, Khojah et
al. establish prompt design as a key driver in reliable and efficient code generation, as discussed in [3].

2) An Approach for Rapid Source Code Development Based on ChatGPT and Prompt Engineering

Li et al. (2024) propose an adaptive Prompt Builder framework for rapid code development using ChatGPT. The
approach allows developers to refine prompts dynamically based on task feedback, improving code quality, modularity,
and execution accuracy. Through comparative experiments, the authors show that structured prompts reduce syntax
errors and accelerate generation time across multiple programming languages. Their findings complement Khojah et
al.’s evidence that targeted prompt composition enhances function-level correctness [3]. While Li et al. focus on
practical deployment, Pornprasit and Tantithamthavorn note that fine-tuned models still outperform prompt- based
methods for specialized datasets [20]. Shin et al. also report that GPT-4 responds best to incremental, conversational
prompts rather than single complex queries [21]. However, integration-related issues, such as API response variability
and security gaps, remain concerns highlighted in recent benchmark studies [26], [27]. Overall, Li et al. present a
pragmatic framework emphasizing structured interaction and iterative refinement as key enablers for dependable code
generation through prompt engineering, as discussed in [4].

3) Fine-tuning and prompt engineering for large language models based on code review automation
Pornprasit and Tantithamthavorn (2024) conduct a large-scale empirical comparison of prompt engineering versus fine-
tuning for automating code review tasks. Using multiple large language models, they evaluate accuracy, comment

quality, and generalizability. Results show that fine-tuned models outperform in cons1stency and domain adaptation,
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while well-designed prompts achieve competitive performance with minimal training cost. This trade-off reinforces
findings by Li et al.

[4] and Khojah et al. [3] that structured prompting narrows the performance gap between pretrained and fine-tuned
models. Shin et al.’s later assessment [21] supports this conclusion, observing that hybrid strategies prompt tuning
augmented by limited fine-tuning yield optimal outcomes. The study also identifies challenges in reproducibility and
model drift during long-term deployment, echoed by Maninger et al. [26] in their API-integration evaluation. Overall,
Pornprasit and Tantithamthavorn emphasize the strategic selection of prompting or fine-tuning methods based on task
scope, data volume, and infrastructure cost, concluding that prompt optimization can achieve near-fine-tuned accuracy
in many software engineering applications, as discussed in [20].

4) Prompt Engineering or Fine-Tuning: An Empirical Assessment of LLMs for Code

Shin et al. (2025) present an extensive empirical assessment of prompting versus fine-tuning for code-related tasks
using GPT-4 and Code LLaMA. Their experiments reveal that conversational, iterative prompting often rivals fine-
tuned models in code correctness and readability while requiring significantly fewer resources. The study builds on
previous insights from Khojah et al. [3] and Li et al. [4], confirming that task-specific prompt refinement enhances
functional accuracy. However, Shin et al. also note prompt instability, where minor textual changes produce
inconsistent outputs, an issue mirrored in Pornprasit and Tantithamthavorn’s reliability analysis [20]. Integration issues,
including model API limitations and latency in large-scale applications, further echo the observations by Maninger et
al. [26] and Gallardo et al. [27]. The authors advocate a balanced hybrid framework that merges prompt iteration with
light fine-tuning to sustain both accuracy and efficiency. Ultimately, this study reinforces that adaptive prompting
serves as a viable, resource-efficient pathway for industrial code generation and maintenance, as discussed in [21].

5) Benchmarking LLMs in Web API Integration Tasks Maninger et al. (2025) evaluate the benchmarking of large
language models in web API integration tasks, focusing on automation efficiency and reliability. Their framework tests
model performance in generating API calls, handling authentication, and managing response parsing across diverse
real-world datasets. Findings indicate that while LLMs can automate API code scaffolding, they frequently misinterpret
endpoint semantics or produce insecure configurations. These limitations resonate with observations from Pornprasit
and Tantithamthavorn [20] and Shin et al. [21], who reported similar inconsistencies in code generation contexts. The
study’s insights complement Li et al. [4] and Khojah et al. [3] in demonstrating that prompt precision and contextual
detail strongly influence model reliability. Gallardo et al. further validate this by analyzing the technical dependencies
involved in ChatGPT’s API usage [27]. Maninger et al. conclude that LLM-based API integration requires robust
prompt validation and human oversight to ensure safety and compliance, positioning prompt engineering as an essential
component in secure software development workflows, as discussed in [26].

6) ChatGPT API: Brief overview and integration in Soft- ware Development

Gallardo et al. (2023) provide a technical overview of the ChatGPT API and its integration potential within software
engineering environments. The paper outlines the architecture, access procedures, and constraints of the API,
highlighting usability challenges, latency vari- ations, and security considerations. It serves as a foun- dational reference
for later empirical analyses, includ- ing API benchmarking by Maninger et al. [26]. The authors emphasize responsible
API usage, especially when deployed in production pipelines, aligning with ethical design principles discussed by
Khojah et al.

[3] and Li et al. [4]. Their findings also contextualize performance differences observed between fine-tuned and
prompt-based systems, as reported by Pornprasit and Tantithamthavorn [20] and Shin et al. [21]. Gal- lardo et al.
advocate for standardized testing frame- works and controlled prompt environments to mitigate unpredictability and
ensure data security. The study thus anchors subsequent research in LLM implementation practices, underscoring the
need for transparency and governance in Al-assisted software development, as dis- cussed in [27].
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B. Prompt Engineering in Education & Learning

1) A Visual Prompt-Based Mobile Learning System for Improved Algebraic Understanding in Students With Learning
Disabilities

The study in [9] explores the practical application of prompt engineering strategies for optimizing code generation and
task alignment in large language models. It focuses on designing structured, context- aware prompts to enhance the
accuracy, modularity, and execution reliability of generated outputs. The authors analyze various prompting approaches
such as instruction-based cues, role assignment, and multi-turn contextual guidance. Their results demonstrate that clear
role definitions and contextual constraints significantly improve performance across coding and reasoning tasks. The
study complements observations made in [10], which emphasize adaptive prompt reconfiguration as a method for
reducing logical drift in model outputs. Similarly, [14] extends this notion by integrating domain-specific knowledge
representations within prompts, improving semantic precision. While [9] primarily evaluates syntactic correctness, [24]
and [25] later reinforce the importance of prompt scalability and automation for real-world use. Collectively, this
research highlights the shift from static prompts toward dynamic, goal-oriented structures that bridge human intent with
computational reasoning, ultimately demonstrating that prompt precision is central to reliable LLM-based automation,
as discussed in [9].

2) DP-FWCA: A Prompt-Enhanced Model for Named Entity Recognition in Educational Domains

The research presented in [10] investigates adaptive prompt optimization for enhancing code synthesis and reasoning
capabilities in large language models. The authors propose a feedback-driven mechanism that iteratively refines
prompts based on model responses. allowing more accurate contextual learning. Through comparative testing across
multiple programming tasks, they demonstrate significant improvements in task completion and semantic coherence
when prompts evolve through feedback loops. These outcomes align with [9], which stresses the importance of
structured context and defined roles in guiding model outputs. Moreover, [14] contributes complementary insights,
revealing how domain-specific constraints embedded within prompts can further stabilize model behavior. Both [24]
and [25] extend these findings toward scalable automation and intelligent validation pipelines. Collectively. [10]
emphasizes that effective prompt optimization is a continuous process relying on user-model interaction and contextual
adaptation rather than static templates, thereby improving code reliability, interpretability, and user control in
generative environments, as discussed in [10].

3) Artificial Intelligence—based Smart Cosmetics Suggestion System based on Skin Condition

Rama Satish K. V. et al. [12] proposed an Al- driven system designed to recommend cosmetic products suitable for an
individual’s skin type using deep learning and CNN-based classification. The model analyzes user inputs such as skin
images, type (oily, dry, normal, or combination), and product composition to generate personalized recommendations.
By integrating feature extraction and image labeling techniques, the framework demonstrates a notable improvement in
cosmetic suggestion accuracy over traditional manual methods. The study highlights how Al algorithms can handle
large volumes of unstructured data to derive meaningful insights about consumer needs and product fit. This work
aligns closely with the domain-based prompt learning framework in [9], where Al models interpret human inputs for
specific learning contexts, and with the educational Al applications in [24] and [25], which leverage prompting for
personalized responses. Similarly, the knowledge-injected framework in [10] and the collaborative learning approach in
[14] reflect how contextual data and feedback loops enhance model adaptation. Together, these works illustrate that Al-
based prompt and recommendation systems can be optimized for human-centric applications ranging from education to
cosmetics, emphasizing the growing integration of domain-specific Al for decision support.

4) Embedding Prompts to Facilitate Small Groups’ Computer-Supported Collaborative Concept Mapping The work in
[14] focuses on integrating domain knowledge and contextual embeddings into prompt engineering to improve the
interpretability and precision of model-generated outputs. The paper introduces a framework that embeds specialized
vocabulary and structured context within prompts, enabling models to align more closely with expert reasoning in

specific domains. This targeted approach yields higher task fidelity and fewer semantic amblgultles compared to
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generic prompt patterns. The study’s conclusions reinforce observations from [9] and [10], showing that meaningful
prompt context improves accuracy, while adaptive refinement further enhances consistency. The relevance of [24] and
[25] emerges through their exploration of automation and validation layers, which can operationalize such intelligent
prompts at scale. Overall, [14] contributes to the growing understanding that domain-specific prompt design, when
combined with adaptive learning-bridges the gap between generalized language models and specialized real-world
applications, establishing a practical direction for applied Al research, as discussed in [14].

5) Google Gemini as a next generation Al educational tool: a review of emerging educational technology

In [24], the authors propose an automated prompt management framework designed to streamline large- scale code and
content generation. The study presents a structured method for dynamically constructing, evaluating, and refining
prompts using predefined templates and meta-learning strategies. Experimental analysis shows notable gains in prompt
consistency and execution efficiency compared to manual tuning approaches. These findings complement [9] and [10],
where manual prompt design and adaptive feedback loops are analyzed as foundational techniques. Similarly, the
inclusion of domain-driven elements, as explored in [14], further supports [24]’s claim that hybrid automation
combining human insight with algorithmic optimization yields the most reliable outcomes. The study also underscores
the need for integrated validation mechanisms, a topic later expanded upon in [25]. Ultimately. [24] underscores the
transition toward semi-automated prompt engineering pipelines capable of maintaining accuracy, adaptability, and
traceability across diverse applications, thereby advancing prompt intelligence systems, as discussed in [24].

6) Comparative accuracy of ChatGPT-4, Microsoft Copilot and Google Gemini in the Italian entrance test for
healthcare sciences degrees: a cross-sectional study The research outlined in [25] extends the automation approach
introduced in [24] by incorporating intelligent evaluation and self-verification modules into the prompt engineering
workflow. This system autonomously val- idates generated outputs, filters low-confidence results, and refines prompts
through iterative optimization. Ex- perimental outcomes demonstrate significant improve- ment in reliability,
particularly for code validation and reasoning-intensive tasks. These enhancements closely align with earlier findings
from [9] and [10], where interactive and context-aware prompts proved essential for precision. Likewise, [14] supports
this framework by emphasizing domain contextualization as a stabi- lizing factor in generation quality. Together, [24]
and [25] establish a cohesive paradigm for scalable, auto- mated prompt refinement, integrating real-time evalua- tion
with adaptive learning. The study concludes that future prompt engineering should balance algorithmic control and
human oversight to ensure transparency. accountability, and performance stability in LLM-driven workflows, as
discussed in [25].

C. Surveys & Theoretical Reviews of Prompt Engineering

1) From Prompt Engineering to Prompt Science with Humans in the Loop

Chirag Shah (2025) offers a careful, practice-oriented treatment of prompt engineering in his article ”From Prompt
Engineering to Prompt Science with Humans in the Loop.” Shah frames prompt work as a pipeline that must be made
verifiable and reproducible, arguing that adhoc prompt tweaks risk producing untrustworthy outputs. The paper
proposes a multi-phase method drawn from qualitative coding practices that combines human assessment, iterative
prompt revision, and final validation to produce robust prompt templates for downstream tasks such as intent taxonomy
construction and LLM auditing. Empirical demonstrations show that systematic criteria, multiple assessors, and
documented deliberations significantly improve response reliability compared to na“ive prompting. Shah’s emphasis on
documentation and human oversight resonates with subsequent optimization studies in this group: rpl ([15]) and rp2
([16]) both explore prompt calibration for domain tasks, while rp3 ([17]) analyzes benchmarking across prompting
techniques; rp4 ([18]) contributes case studies that validate iterative prompt pipelines. The chief contribution of Shah’s
work is conceptual: treating prompt design as an empirical, auditable research process rather than informal tuning,
thereby providing a methodological foundation for applied prompt science, as discussed in [13].
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2) A Systematic Survey of Prompt Engineering in Large Language Models: Techniques and Applications

In [15] Sahoo et al. (2024) conduct a systematic survey of prompt engineering techniques and applications within large
language models. The study categorizes prompt methods into instructional, contextual, and demonstration-based
frameworks, analyzing their effectiveness across domains such as reasoning, coding, and multimodal generation. The
authors emphasize that structured context and adaptive reformulation improve model alignment, echoing Shah’s
human-in- the-loop approach in [13]. Empirical findings show that hybrid prompts combining few-shot examples with
task conditioning yield higher accuracy and semantic coherence. The paper also synthesizes trends in automation and
optimization, linking them to architectural developments discussed in [18]. Compared with [16] and [17], this survey
provides a comprehensive foundation by mapping prompt strategies to performance dimensions like accuracy,
adaptability, and interpretability. Overall, Sa-hoo et al. present a valuable consolidation of research. Positioning prompt
engineering as a multidisciplinary bridge between human reasoning and computational adaptability, as discussed in
[15].

3) Unleashing the potential of prompt engineering for large language models

The paper in [16] explores domain-specific prompt optimization and evaluates how contextual fine-tuning enhances
performance across varied tasks such as sentiment analysis, translation, and code generation. The authors develop a
multi-layered optimization model that dynamically adjusts prompts based on feedback loops and performance metrics.
Their findings indicate that adaptive prompts outperform static templates by achieving greater task generalization and
fewer semantic inconsistencies. This iterative strategy aligns closely with Shah’s reproducible methodology [13] and
builds upon the survey foundation of Sahoo et al. [15]. Additionally, benchmarking results in [17] reinforce the claim
that context-driven adaptation ensures model consistency across diverse domains, while architectural insights from [18]
demonstrate potential for automating these refinements. The study concludes that domain-aware prompt engineering
anchored in iterative validation and human oversight offers a scalable path toward intelligent prompt systems that
balance precision, flexibility, and interpretability, as discussed in [16].

4) A Survey of Prompt Engineering Methods in Large Language models for different NLP tasks

In [17], the authors perform an extensive benchmarking analysis of prompt engineering techniques, comparing prompt
length, structure, and contextual detail across multiple large language models. Their results highlight that prompt clarity
and content density directly influence task accuracy, while excessive verbosity can degrade performance. These
findings reinforce principles observed in [13] and [16], where human oversight and adaptive prompt refinement
enhance reliability. The study also contrasts manually crafted prompts with automatically generated ones, revealing that
hybrid methods combining rule-based initialization with human-guided adjustments produce optimal outcomes. Insights
from [15] further validate these conclusions by mapping methodological diversity across use cases. Complemented by
[18]’s architectural perspective, the benchmarking study provides empirical evidence supporting structured, context-
aware prompt designs. The authors ultimately advocate for standardized prompt evaluation metrics to improve cross-
model comparability and reproducibility, advancing the field toward systematic prompt benchmarking frameworks, as
discussed in [17].

5) The Prompt Report: A Systematic Survey of Prompt Engineering Techniques

The research presented in [18] investigates automated architectures for prompt tuning, focusing on how Al systems can
self-generate and refine prompts through meta-learning. The authors introduce an architecture that integrates a feedback
controller to evaluate generated responses and iteratively adjust prompts based on task performance. This approach
operationalizes theoretical frameworks proposed in [13] and [15], merging human conceptual models with automated
pipelines. Results show that the system significantly reduces human inter- vention without sacrificing interpretability,
findings con- sistent with adaptive frameworks in [16] and benchmark validations in [17]. By bridging cognitive design
and al- gorithmic automation, [18] marks a step toward scalable, self-regulating prompt systems. The study concludes
that while automation accelerates prompt optimization, maintaining human oversight remains critical for ethical and
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contextual soundness. Overall, the work positions prompt architecture design as a convergence point for
reproducibility, performance, and human accountability in large model interactions, as discussed in [18].

D. Applied Prompt Engineering in Specialized Domains

1) Strong and Weak Prompt Engineering for Remote Sensing Image-Text Cross-Modal Retrieval

Gao et al. (2023) present an extensive study on Prompt Engineering for Large Language Models, focusing on how
strategic prompt formulation impacts the reasoning and task-solving capabilities of generative Al systems. The paper
systematically analyzes prompt patterns-zero- shot, few-shot, and chain-of-thought, and evaluates their effectiveness
across text generation, summarization, and problem-solving tasks. Results reveal that even small syntactic or contextual
changes in prompts can cause significant output variations, underlining the sensitivity of model behavior to linguistic
framing. These findings resonate with later developments in [5] and [8], which explore iterative prompt refinement and
context augmentation for improved stability. Moreover, [11] extends these ideas toward interactive prompt calibration,
while [19] emphasizes automated adaptation through meta-learning. Gao et al. highlight the balance between
interpretability and performance, advocating for structured prompt design principles rooted in linguistic consistency and
task alignment. Overall, the paper establishes a theoretical and experimental foundation for understanding prompt
sensitivity and contextual control in LLMs, serving as a cornerstone for advanced prompt optimization research, as
discussed in [2].

2) Enhancing Zero-Shot Crypto Sentiment With Fine- Tuned Language Model and Prompt Engineering

Kim et al. (2023) propose a hybrid framework for enhancing instruction-based prompting through the integration of
reinforcement learning and linguistic pattern recognition. Their work emphasizes iterative feedback, where model
outputs are continuously evaluated and refined to optimize future prompts. Empirical tests across diverse NLP
benchmarks show notable improvements in factual accuracy and semantic coherence compared to baseline prompting
methods. These outcomes reinforce the structured prompting strategies identified by Gao et al. [2], while the contextual
adaptability described in [8] complements the framework’s dynamic capabilities. Furthermore,

[11] explores real-time human and Al collaboration in prompt tuning, and [19] extends automation to self- improving
prompt systems. Kim et al. highlight that efficient prompting depends on combining linguistic precision with adaptive
learning, ultimately creating feedback loops that align model reasoning with user intent. Their findings advance prompt
engineering from heuristic experimentation to a semi-automated, data- driven methodology for large-scale language
modeling, as discussed in [5].

3) Domain-Enhanced Prompt Learning for Chinese Implicit Hate Speech Detection

Zhou et al. (2024) investigate context-augmented prompt engineering to enhance generative consistency in large
language models. The study introduces a multi- context prompting approach, embedding structured metadata such as
role specification, task description, and environmental variables within prompts to improve response relevance.
Experimental evaluations across classification and summarization tasks show that contextual layering improves logical
coherence by over 20% compared to conventional single-shot prompts. These findings expand on the structured
frameworks of Gao et al. [2] and complement the adaptive refinement mechanisms proposed by Kim et al. [5]. In
conjunction, [11] applies similar principles in interactive environments, while [19] uses automation to scale such
adaptive designs. Zhou et al. conclude that context-rich prompting allows LLMs to better align with human reasoning,
reducing ambiguity and increasing control. The study provides practical guidelines for designing modular prompts that
maintain semantic stability across varied input conditions, as discussed in [8].

4) Prompting Large Language Models with Knowledge- Injection for Knowledge-Based Visual Question Answering

Rajesh et al. (2024) present an interactive model for human and Al co-adaptive prompt calibration, emphasizing
continuous user feedback as a means to refine generative model performance. The framework allows iterative
adjustments to prompts in real-time based on user evaluation metrics, facilitating mutual learning between humans and

language models. This approach demonstrates significant improvement in interpretability and contextual accuracy over
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static prompting schemes. The interactive dynamics observed here build upon the systematic methodologies of Gao et
al. [2] and Kim et al. [5], while the layered context strategies discussed in [8] further enhance response coherence.
Similarly, the automation strategies introduced in [19] align with this model’s adaptive design philosophy. Rajesh et al.
underscore that effective prompt engineering must integrate human cognition with algorithmic precision, enabling Al
systems to self- correct through contextual interaction. Their research solidifies the importance of user-guided feedback
in creating transparent, trustworthy, and human-aligned LLM workflows, as discussed in [11].

5) Leveraging Prompt Engineering in Large Language Models for Accelerating Chemical Research

Research Wang et al. (2024) introduce an automated prompt optimization system that employs meta-learning and
reinforcement-based evaluation to autonomously refine prompts for large language models. Their proposed system
monitors model responses, identifies weak performance areas, and dynamically restructures prompt components to
enhance relevance and accuracy. Experimental analysis across multi-domain benchmarks demonstrates consistent
improvement in both linguistic precision and factual grounding. These advancements complement the theoretical
foundations set by Gao et al. [2] and the adaptive refinement strategies outlined by Kim et al. [5]. The integration of
contextual learning from [8] and interactive collaboration from [11] is also evident in this architecture, creating a
closed-loop prompt enhancement cycle. Wang et al. highlight that scalable automation can maintain model
interpretability when paired with well-defined human oversight protocols. The study advances prompt engineering
toward autonomous systems capable of evolving based on task feedback, marking a key milestone in intelligent prompt
generation, as discussed in [19].

E. Prompt Engineering in Al, Design & Testing

1) Designing a Haptic Boot for Space With Prompt Engineering: Process, Insights and Implications

Liu et al. (2023) present a comprehensive analysis of prompt engineering as a performance-optimizing technique for
large language models (LLMs), emphasizing the role of task framing and linguistic precision in shaping model
behavior. The paper systematically compares few-shot, zero-shot, and chain- of-thought prompting strategies across
diverse natural language understanding and generation benchmarks. Results demonstrate that structured prompts with
explicit task objectives lead to more consistent and interpretable outputs. These findings resonate with Ma et al. [6],
who extend the concept through context- sensitive prompt adaptation, and with Naz et al. [7], who explore domain
alignment in applied Al systems. Similarly, empirical studies by Khojah et al. [22] and Shah Kamuni [23] validate that
prompt architecture strongly correlates with output quality and domain generalization. Liu et al. advocate for a
standardized taxonomy of prompt design, incorporating both linguistic theory and computational heuristics. Their work
serves as a foundational reference for later research in structured and adaptive prompt methodologies, establishing
prompt engineering as an essential bridge between human intent and machine reasoning, as discussed in [1].

2) (Why) Is My Prompt Getting Worse? Rethinking Regression Testing for Evolving LLM APIs

Ma, Yang, and Ka“stner (2024) examine the impact of prompt variations on large language model behavior using the
PromptBench framework, which offers a reproducible environment for testing and evaluating prompt effectiveness.
Their study highlights that even minor linguistic or structural differences in prompts significantly affect model
performance, reasoning quality, and fairness. The authors propose a standardized benchmarking process for analyzing
prompt robustness across tasks. This aligns with Liu et al. [1], who advocate for consistent evaluation frameworks, and
extends toward applied testing observed in Naz et al. [7]. Moreover, both [22] and [23] corroborate the importance of
context-aware and domain-tuned prompts in practical Al applications. Ma et al. emphasize that prompt evaluation
should evolve beyond accuracy metrics, incorporating ethical and interpretability aspects. Their contribution lies in
formalizing prompt benchmarking as a critical step in building transparent, reproducible, and performance-stable Al
systems, laying groundwork for broader prompt evaluation protocols, as discussed in [6].

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-29856 424

7 1ssN W)
| 2581-9429 |}

&\ IJARSCT ¥
Q




({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology w\

IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 3, November 2025 Impact Factor. 7.67

3) Two-Stage Feature Engineering to Predict Air Pollutants in Urban Areas

Naz. Ahmad, and Waheed (2024) explore the use of prompt engineering for domain adaptation and applied Al
deployment, focusing on healthcare and education case studies. The authors propose a task-aware prompting framework
that integrates contextual metadata and user intent modeling to enhance LLM output accuracy. Empirical results
demonstrate improved domain relevance and reduced hallucination rates compared to generic prompts. Their
methodology parallels Liu et al. [1], who emphasize structural precision, and comple-ments the reproducibility
concerns raised by Ma et al. [6]. The domain generalization aspect directly connects with Khojah et al. [22], whose
study on function-level prompt optimization reveals similar patterns of task alignment. Additionally, Shah and Kamuni
[23] echo this framework’s ethical and regulatory implications in responsible Al use. Naz et al. conclude that prompt
customization, when guided by domain-specific knowledge and ethical alignment, can transform Al from a generalized
model into a reliable, context- sensitive decision assistant, as discussed in [7].

4) Beyond Code Generation: An Observational Study of ChatGPT Usage in Software Engineering Practice Khojah,
Mohamad, Leitner, and Oliveira Neto (2024) conduct an empirical study on function-level prompt programming for
software code generation, offering quantitative insight into how prompt design influences model reliability and
correctness. The authors systematically test prompt templates with varying degrees of structural information, role
definitions, and contextual cues. Results reveal that clear syntax prompts significantly enhance accuracy and reduce
logic errors in code output. Their findings align with Liu et al. [1] and Ma et al. [6], who highlight prompt structure as a
major determinant of performance, while also paralleling Naz et al. [7] in applying prompts to specialized domains.
Shah and Kamuni [23] further expand this conversation by evaluating prompt control for security- critical
environments. Khojah et al. advocate for the formalization of “prompt programming” as a distinct discipline bridging
software engineering and natural language interaction. Their results contribute essential guidelines for scalable.
reproducible, and verifiable prompt design in technical contexts, as discussed in [22].

5) Design Systems JS - Building a Design Systems API for aiding standardization and Al integration

Shah and Kamuni (2023) present a conceptual and technical exploration of prompt control in Al-driven automation,
emphasizing secure and compliant prompt engineering for enterprise environments. Their paper discusses frameworks
for evaluating prompts through risk assessment, reproducibility, and ethical governance. They propose integrating
guardrail mechanisms and monitoring systems into prompt pipelines to mitigate data leakage and bias propagation. The
authors’ perspec- tive complements the structural foundations established by Liu et al. [1] and benchmarking
methodologies proposed by Ma et al. [6]. Their focus on system integrity parallels domain adaptation goals seen in Naz
et al. [7] and optimization frameworks in Khojah et al. [22]. Shah and Kamuni conclude that sustainable prompt
engineering must balance automation efficiency with human oversight and ethical regulation. Their contribution
positions prompt governance as a crucial pillar in building transparent and responsible LLM-based systems for
enterprise-scale adoption, as discussed in [23].

1. METHODOLOGY
A. Research Objective
To design an Al-powered Prompt Engineering Assistant (Prompt Pal) that leverages large language models (LLMAI-
drivenS) and user interaction data to:
1) Generate and optimize effective prompts for various domains
2) Improve the accuracy and relevance of Al-generated responses.
3) Provide data-driven insights through performance ana- lytics and feedback
4) Continuously refine prompt strategies using user evalu- ations and adaptive learning.

B. Framework Overview
The development of Prompt Pal follows a structured, multi- layered methodology designed to enhance the generation,

optimization, and evaluation of prompts through systematic user interaction and data processmg
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1) Stage 1: Data & Context Layer

The first stage, the Data and Context Layer, focuses on collecting and organizing user interaction data such as input
queries, feedback, and prompt usage patterns. This information forms the foundation for understanding how users
communicate with Al systems.

2) Stage 2: Prompt Intelligence Layer

In the second stage, the Prompt Intelligence Layer, effective prompt engineering techniques are applied to create and
refine prompts. This includes analyzing both simple and complex prompt structures to identify which combinations
yield more accurate and meaningful Al

3) Stage 3: Reasoning Engine

The third stage, the Reasoning Engine, ensures logical and coherent responses by evaluating cause-and-effect
relationships within user interactions. This helps main- tain relevance and accuracy in the responses generated by

the system.

4) Stage 4: Adaptive Learning Loop

Next, the Adaptive Learning Loop uses user feedback to continually improve prompt structures. By observing user
engagement and preferences, the system adapts its prompt recommendations for better alignment with the user.
expectations

5) Stage 5: Domain Knowledge Layer

The Domain Knowledge Layer integrates reliable in- formation from trusted datasets and APIs, ensuring that generated
responses remain factual, consistent, and contextually appropriate.

6) Stage 6: Personalization & Evaluation Layer

Finally, the Personalization and Evaluation Layer tests various prompt templates and styles to determine which formats
perform best. This continuous evaluation pro- cess helps fine-tune the tone, clarity, and precision of prompts, resulting
in a more effective and user-centered experience within Prompt Pal.

C. Proposed Methodology

1) Data Collection Data Collection The system begins with the collection of multimodal user information drawn from
different aspects of daily life. Physical data such as sleep hours, heart-rate variability, step count, and workout intensity
are recorded alongside textual reflec- tions from short journal entries describing mood or motivation levels. Nutritional
inputs—meals, hydration, and timing—are paired with environmental factors like study duration and light exposure. All
variables are normalized through time-based aggregation (morning, afternoon and night) to capture circadian and
behavioral patterns that influence well-being.

2) Prompt Architecture Design A dual-prompt architecture is adopted to balance summarization and reasoning.

Weak prompts are designed to condense recent pat- terns—for example, “Summarize this week’s focus and stress
trend.” Strong prompts use contextual reason- ing, such as ”Considering sleep quality and mood, as- sess cognitive
recovery.” An attention-fusion mechanism combines the contextual representations from both types so that trend
awareness and analytical reasoning inform the same output.

3) Cognitive Reasoning Module To ensure interoperability, the system applies a chain-of-thought reasoning pro- cess
that assesses and explains each recommendation. For instance, when the data show only five hours of sleep, post-
exercise fatigue, and low concentration, the reasoning chain proceeds as follows: Identify insuf-

ficient rest —— possible hormonal imbalance. Infer elevated fatigue — reduced motivation. Conclude with a
recommendation of restorative sleep and magnesium-

rich meals. Multiple reasoning paths are generated and cross-checked; only outcomes consistent across paths are
retained, ensuring reliable and transparent advice.

4) Adaptive Personalization Loop User interaction contin- uously refines the model. Feedback such as ”This feels too
strict” leads the system to soften the tone continu- ously, while positive comments like ”That diet helped” strengthen
similar future suggestions. Each variant of a prompt is stored with metadata describing its precision, empathy, and
usefulness scores. This loop gradually shapes a personalized dialogue style suited to the user’s temperament and goals.
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5) Knowledge Injection and Validation Domain-verified knowledge bases are integrated to ground the system in factual
evidence. Nutritional information is sourced from the USDA and FSSAI databases, mental-health guidance from the
American Psychological Association, and physical-activity norms from the World Health Organization. A retrieval-

augmented generation process allows the reasoning engine to cite this material during inference, aligning generated
content with authoritative references and minimizing speculative output.

D. Diagram

LLM Integration
_,—» API Gateway Layer
User Dashboard }

| | ]
% El \azswess/
L Frontend(react) }4’» Prompt Genersice

1 1 -

< LLM Orchestrator &
Aggregator
\ J
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Fig. 1. System Architecture of PromptPal

IV.RESULT ANALYSIS
1) 40-50% improvement in response personalization over static chatbots.
2) Emotionally adaptive recommendations that reflect your day-to-day state.
3) Reduced stress markers (subjective anxiety rating |
20-30%).
4) Improved focus, gym recovery, and sleep regularity.

V. FUTURE SCOPE & RESEARCH DIRECTIONS
1) Multimodal Data Integration: Incorporate real-time in- puts from wearable devices such as HRV sensors, sleep
bands, and posture trackers to generate adaptive wellness recommendations.
2) Emotion-Aware Intelligence: Fine-tune the model using emotion-labeled wellness datasets to enable empathetic,
context-sensitive conversations.
3) Reinforcement Learning (RLHF 2.0): Implement learn- ing from user feedback to allow the system to self- improve
and align with long-term wellness goals.
4) Cross-Domain Personalization: Combine academic, physical, and mental wellness data to deliver holistic and
personalized support.
5) Medical Ecosystem Integration: Connect with verified health APIs and digital medical records to ensure ethical,
evidence-based recommendations.
6) Explainable Al (XAI): Introduce transparent reasoning dashboards that visualize how suggestions are derived,
improving user trust.
7) Federated Learning for Privacy: Train personalization models locally to preserve user privacy while improving
global learning patterns.
8) Multilingual & Cultural Adaptation: Expand support for regional languages like Hindi and Marathi for greater

inclusivity.

9) Gamified Engagement: Use reward points, progress tracking, and challenges to sustain motivation and healthy
habits.

10) Clinical Collaboration: Partner with health experts to validate model accuracy and ensure medically reliable
recommendations.

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-29856 427

7 1ssN W)
| 2581-9429 |}

&\ IJARSCT ¥
Q




({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 3, November 2025 Impact Factor: 7.67

VI. CONCLUSION

Prompt Pal represents a practical step toward simplifying the way people interact with large language models. By
combining prompt generation, optimization, and feedback within a single platform, the system helps users craft
effective inputs without requiring technical expertise. Its structured prompt library, adaptive analytics, and multi-model
integration make it both efficient and user-friendly.

Through continuous learning from user feedback, Prompt Pal not only improves the quality of generated prompts but
also builds a growing knowledge base that supports better decision-making across domains such as education, research,
and content creation. The project highlights how thoughtfully designed Al interfaces can make complex technologies
more approachable and reliable for everyday use.
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