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Abstract: The rapid proliferation of Generative Al (GenAl) technologies has introduced a new era of content creation,
automation, and intelligence augmentation. However, the growing reliance on prompt-based interfaces within these models
has surfaced critical concerns related to prompt injection, data leakage, adversarial manipulation, and regulatory non-
compliance. Despite advancements in large language models (LLMs), the absence of standardized and secure prompt
engineering frameworks leaves a vulnerability gap—especially in high-stakes and regulated domains such as healthcare,
law, finance, and government operations. This research proposes PromptSecure, a comprehensive protocol-driven
framework that introduces secure, context-aware, and auditable prompt engineering methodologies designed for GenAl
deployments in regulated environments. Unlike traditional prompt tuning approaches that prioritize model performance,
PromptSecure integrates principles from cybersecurity, differential privacy, and software verification to construct a
hardened prompt lifecycle—from design and sanitization to execution and monitoring. The protocol encapsulates both static
and dynamic prompt validation mechanisms, role-based access control for sensitive prompt execution, and traceable prompt
history management using secure audit trails. PromptSecure also incorporates a layered compliance scaffold tailored to
conform with GDPR, HIPAA, ISO/IEC 27001, and other global AI governance directives. Experimental evaluation within
sandboxed enterprise-grade GenAl environments demonstrates PromptSecure’s capability to mitigate injection risks,
enforce prompt boundaries, and retain system integrity under adversarial probing. This study fills a critical research gap at
the intersection of prompt engineering and Al governance, and lays the groundwork for establishing secure-by-design GenAl
practices essential for building public trust and institutional adoption of foundation models.
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achieved one million users in mere hours—a feat
underscoring the growing appetite for Al-powered tools

L INTRODUCTION

» Contextualizing the Rise of Generative Al in Business and
Technology

The 21st century has witnessed a tectonic shift in
computational paradigms, primarily driven by the confluence
of data explosion and algorithmic sophistication. At the heart
of this revolution lies Generative Artificial Intelligence
(GenAl)—a class of systems capable of synthesizing content,
solving complex problems, and simulating human-like
intelligence. The deployment of GenAl tools, particularly
Large Language Models (LLMs) such as GPT-series
(Radford et al., 2018; Brown et al., 2020), has redefined the
boundaries of automation, creativity, and cognitive
augmentation. Generative AI’s meteoric rise across industrial
sectors is not merely technological but transformational.
From software development and customer support to
education and legal reasoning, GenAl has demonstrated an
unprecedented capacity for scale, adaptability, and reasoning
(Chui et al., 2023). This proliferation is well captured in the
statistical trajectory of platforms like Threads, which
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(Buchholz, 2023).

Traditional machine learning frameworks, characterized
by predictive analytics and classification-based outputs, are
increasingly supplemented or replaced by generative
architectures capable of content creation. This transition is
both architectural and philosophical. Joshi (2019) argues that
GenAl represents a cognitive leap beyond pattern recognition
into knowledge synthesis and emergent reasoning. Foster
(2019) articulates this evolution through creative domains—
painting, writing, composing—where GenAl models do not
merely mimic but originate artifacts. This principle extends
to organizational contexts, where generative models now
handle tasks like business report generation, legal
summarization, and product design ideation (Raj et al.,
2023).The role of GenAl in enhancing strategic alignment
and operational efficacy within enterprises merits special
attention. Baier et al. (2008) emphasized that strategic
alignment, particularly in supply chain and procurement
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functions, has a direct correlation with financial performance.
Today, the integration of GenAl into enterprise resource
planning (ERP), customer relationship management (CRM),
and supply chain analytics creates a data-intelligent layer that
supports real-time strategic decisions. This interdependence
of strategy and digital tools necessitates new frameworks for
leadership. As Chui et al. (2023) noted, CEOs and business
leaders must adopt a GenAl-literacy agenda to navigate
regulatory risks, data biases, and ethical deployment.

Among the critical enablers of GenAl functionality is
prompt engineering—the deliberate crafting of input queries
to guide model behavior. Prompt engineering has emerged as
both an art and a science. Lester et al. (2021) explored
parameter-efficient tuning approaches, while Liu et al. (2023)
offered a systematic taxonomy of prompting methods in NLP.
This evolution has profound implications for model usability,
fairness, and performance. Recent scholarship emphasizes the
role of prompts not merely as queries but as algorithmic
instructions. Busch et al. (2023) suggest that prompt
engineering will soon become a core competency in business
process management. Complementarily, Clavié et al. (2023)
demonstrated how task-specific prompt templates
significantly improve classification accuracy in occupational
prediction. One of the most profound contributions of LLMs
is their capacity for reasoning and abstraction through few-
shot, zero-shot, and chain-of-thought prompting. Wei et al.
(2022) advanced the notion that sequential reasoning can be
elicited through structured prompting, thereby enabling
complex task resolution in domains such as mathematics,
logic, and law.Dang et al. (2022) assessed such capabilities in
creative industries, where human-Al collaboration depends
on how well the model can infer intent and context from
minimal guidance. The potential of this interaction paradigm
is immense, as it moves GenAl from being a reactive engine
to a proactive cognitive partner.The transformative potential
of GenAl spans across disciplines—engineering, finance,
medicine, education, and law. Ooi et al. (2023) articulated a
detailed cross-disciplinary perspective, asserting that GenAl
acts as an epistemological disruptor in conventional academic
and industrial practices. This ubiquity, however, necessitates
thoughtful discourse on ethics, governance, and pedagogy.
Despite its promise, GenAl faces persistent challenges related
to explainability, bias, and black-box decision-making.
Tredinnick and Laybats (2023) introduced the term black-box
creativity to describe the unpredictable, often untraceable
generative outputs of models like GPT-4. Such opacity poses
significant risks in regulated industries, where transparency
and auditability are paramount.

Yin (2018) recommended case study methodologies to
explore the decision pathways in Al systems, while Mayring
(2014) argued for content analysis frameworks that can trace
semantic shifts in model outputs. Together, these approaches
provide a qualitative lens to understand and demystify LLM
behavior.

Instruction tuning—training models to follow human
guidance—has become central to making LLMs useful in
enterprise contexts. Ouyan et al. (2022) and Mishra et al.
(2021) emphasized how reframing prompts with better
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context alignment results in more accurate and human-
aligned responses. This has direct implications for e-learning
platforms, HR automation, and digital customer service.
Moreover, Shanahan et al. (2023) explored roleplay-based
interaction with LLMs, simulating negotiation, conflict
resolution, and empathetic communication. Such interactive
design elements expand the frontier of GenAl from utility to
emotional intelligence. The procurement function is
undergoing radical transformation through GenAl infusion.
Monczka et al. (2009) and van Weele (2010) outlined the
traditional structures of procurement as largely human-driven
processes reliant on negotiation and vendor alignment. Today,
LLMs offer real-time market trend summarization, automated
risk profiling, and negotiation strategy generation (Micus et
al., 2023).Al-driven analysis of customer usage data now
feeds directly into product development pipelines, creating a
closed feedback loop between market signals and
manufacturing decisions—a significant departure from linear
production paradigms. Benchmarking the performance and
generalizability of prompts is essential for sustainable
deployment. Santu & Feng (2023) proposed TELeR, a
general taxonomy for prompt types aimed at evaluating
LLMs across complex reasoning tasks. This work is
instrumental in establishing industry standards for prompt
reproducibility and generalization.

In document classification, Wang et al. (2023) examined
the comparative efficacy of soft and hard prompts,
concluding that prompt format impacts both accuracy and
explainability. Their research emphasizes the importance of
meta-level understanding in prompt design—not just what is
said, but how it is said.

The ethical deployment of GenAl hinges on two pillars:
feedback integration and fairness. Liu et al. (2023) addressed
how reinforcement learning from human feedback (RLHF)
can align LLM outputs with societal norms and human
expectations. Feedback, in this context, is more than
correction—it is the substrate upon which models learn
empathy, restraint, and contextual nuance. Rane (2023)
warned of the business risks associated with unregulated
GenAl  deployment—hallucinated  facts,  copyright
infringement, and cultural insensitivity. Thus, the need for
organizational policies, regulatory frameworks, and
transparency reports has never been more pressing. In
synthesizing these diverse perspectives, it becomes evident
that GenAl is not just a technological toolkit but a
philosophical shift in how knowledge is created, shared, and
operationalized. The work of Garcia-Penalvo and Vazquez-
Ingelmo (2023) offers a systematic mapping of GenAl’s
evolution, from rule-based bots to self-reflective agents.
Porter’s (1985) theory of competitive advantage is
particularly relevant here. As GenAl becomes embedded in
value chains, it moves from being a support function to a
strategic differentiator. Organizations that integrate GenAl
with ethical foresight and technical rigor will lead the next
frontier of digital transformation.

» Aim of the Research
The primary aim of this research is to design, develop,
and validate a secure, regulation-compliant, and context-
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aware prompt engineering framework—termed
PromptSecure—that safeguards generative Al systems
against misuse, prompt injection attacks, data leakage, and
compliance  violations in  high-stakes, regulated
environments. This study seeks to transform prompt
engineering into a structured discipline governed by formal
security, privacy, and auditability principles—bridging the
current gap between the creative flexibility of LLM interfaces
and the stringent operational requirements of domains such as
healthcare, finance, legal systems, and public sector
governance. Through this work, the goal is to provide a
foundational protocol that ensures trust, traceability, and
transparency in GenAl interactions without compromising
system performance or user accessibility.

II. RELATED WORKS

» Strategic Alignment, Al, and Enterprise Transformation
The integration of generative artificial intelligence
(GenAl) into enterprise architecture has sparked significant
interest in its alignment with organizational strategy. Baier et
al. (2008) emphasized the importance of strategic alignment
between purchasing efficacy and financial outcomes, arguing
that organizations which integrate technology strategically
experience enhanced performance. In the era of GenAl, this
alignment has become even more critical, as Al systems
influence core decision-making processes, from procurement
to customer relationship management. Chui et al. (2023) have
extended this line of inquiry by outlining what every CEO
must understand about generative Al, especially the
implications for competitive advantage and digital
transformation. They caution that while GenAl offers
tremendous capabilities, its implementation must be
contextually embedded in organizational goals and risk
frameworks. Similarly, Porter’s (1985) foundational work on
competitive advantage underlines how technological
differentiation, when aligned with value chain efficiencies,
translates into market leadership—a point that is gaining
renewed relevance with GenAl's pervasive influence.

» Generative Al: Capabilities, Evolution, and Industrial
Momentum

Radford et al. (2018) laid the groundwork for generative
pre-training in language models, marking a seminal shift from
supervised learning to unsupervised large-scale modeling.
Brown et al. (2020) extended this with the introduction of
GPT-3, establishing that LLMs could perform few-shot
learning without task-specific fine-tuning. This was a turning
point in Al development, as it removed the barrier of large
annotated datasets and enabled more generalizable
applications. The real-world impact of this capability is seen
in the rapid adoption of Al-powered platforms. Buchholz
(2023) illustrated this phenomenon using the example of
Threads, which surpassed one million users faster than any
platform in history—an indicator of user readiness for
generative interfaces. Foster (2019) emphasized that
generative deep learning goes beyond automation—it enables
machines to create, compose, and ideate. This sentiment is
echoed by Garcia-Penalvo and Vazquez-Ingelmo (2023), who
conducted a systematic mapping of GenAl’s evolution,
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showing a clear trajectory from rule-based systems to
autonomous generative agents.

» Prompt Engineering: The Keystone of Generative Al
Performance

As generative models evolve, prompt engineering has
become central to their optimization and real-world usability.
Busch et al. (2023) positioned prompt engineering as a
decisive element in business process management, where
prompt design determines the accuracy and contextual
relevance of Al responses. Chen et al. (2023) further
elaborated that prompt engineering unlocks latent potential in
LLMs, enabling them to perform specialized tasks without
additional model training. Liu et al. (2023) provided a
comprehensive survey on prompting methods in NLP,
highlighting  structured prompt formats, template
engineering, and contextual embeddings as key strategies.
Complementarily, Lester et al. (2021) demonstrated the
power of parameter-efficient prompt tuning, enabling model
specialization without retraining full networks—an approach
critical in low-resource environments.

» Instruction Tuning and Human Feedback

Instruction tuning, a method of aligning LLM responses
with user expectations through guided prompting, has gained
prominence in recent research. Mishra et al. (2021) studied
how instructional prompt reframing enhances LLM
comprehension and adherence to intent. They argued that
better phrasing, context, and constraints lead to more faithful
and nuanced outputs. Ouyan et al. (2022) extended this
argument by integrating human feedback loops in the
instruction tuning process. Their study on fine-tuning LLMs
using reinforcement from human preferences (RLHF)
provides a framework for ethical alignment and bias
mitigation. The importance of this tuning becomes even more
critical when these models are deployed in sensitive domains
like healthcare, education, or law. Wei et al. (2022) introduced
chain-of-thought prompting, which compels the model to
reason step-by-step before arriving at a conclusion. This
methodology enhances interpretability and robustness,
especially in tasks involving logic, math, or long-form
reasoning.

» Prompt Typologies and Benchmarking Frameworks

Santu and Feng (2023) proposed TELeR, a taxonomy
for LLM prompts, to benchmark model performance on
complex tasks. They emphasized that prompt classification—
spanning instructions, completions, reasoning, and data
transformations—must be  formalized to evaluate
performance objectively across use cases. This typology is
foundational for building reproducible, scalable prompt-
based systems. In a similar effort, Wang et al. (2023) studied
soft and hard prompting techniques in document
classification. Their results demonstrated that even when
label names are used alone (a form of soft prompting),
performance variations can be substantial based on token
positioning and syntactic structure.

WWWw.ijisrt.com 3023


https://doi.org/10.38124/ijisrt/25jul1787
http://www.ijisrt.com/

Volume 10, Issue 7, July — 2025
ISSN No:-2456-2165

» Human-AI Interaction in Creative and Workplace
Environments

Dang et al. (2022) explored the implications of zero-shot
and few-shot learning in human-Al co-creative tasks. They
found that the quality of interaction is highly sensitive to how
tasks are framed within prompts, reaffirming the importance
of context-sensitive design. Their study, situated within
creative fields such as music and writing, underscores the
emotional and expressive capabilities of generative Al
Shanahan et al. (2023) introduced role-playing techniques to
simulate dynamic conversations between users and LLMs.
Their findings point to promising applications in negotiation,
mental health support, and training simulations. Clavié et al.
(2023) offered a complementary view by applying prompt
engineering for job type classification. Their study showed
significant accuracy gains when using role-specific
prompts—demonstrating that even minor modifications in
phrasing can lead to meaningful improvements.

» Multidisciplinary Perspectives on Generative Al

Ooi et al. (2023) conducted an interdisciplinary
assessment of GenAl’s potential, examining its applications
across domains such as law, education, medicine, and
marketing. Their findings reinforce the need for context-
driven Al deployment and a stronger alignment with
disciplinary standards. This aligns with the insights of
Dwivedi et al. (2023), who posed critical questions about the
authorship, originality, and ethics of Al-generated content,
especially in academic and scientific research. Tredinnick and
Laybats (2023) coined the term black-box creativity to
describe the unpredictable and opaque outputs of LLMs.
They argued for increased explainability and traceability in
model design, especially in high-stakes domains like finance
and healthcare. Mayring (2014) proposed qualitative content
analysis as a method to explore semantic shifts in Al-
generated text, offering a structured approach to studying Al
behavior and content alignment.

» Generative Al in Business Operations and Product
Development

Raj et al. (2023) identified multiple business use cases
of GenAl, including customer support automation, report
drafting, and decision-making aids. Their quantitative
analysis revealed significant improvements in operational
efficiency, cost reduction, and user satisfaction. Rane (2023)
addressed the counterpoint—exploring the risks of
hallucinated outputs, misinformation, and intellectual
property disputes when LLMs are deployed without
regulatory oversight. Micus et al. (2023) studied how
customer usage data, when coupled with GenAl, informs
product development in the automotive industry. Their work
presents a case for data-driven innovation, where GenAl
translates market behavior directly into design specifications
and prototyping strategies.

» Al-Augmented  Procurement and Supply  Chain
Management
Procurement and supply chain management have
historically relied on structured data, human negotiation, and
inventory heuristics. Monczka et al. (2009) and van Weele
(2010) laid the theoretical foundations of modern
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procurement strategy, emphasizing supplier relationships and
cost management. Today, GenAl introduces an adaptive layer
to this process by automating vendor analysis, risk profiling,
and contract negotiation. Baier et al. (2008) connected
purchasing efficacy to organizational performance, a
relationship that GenAl could amplify by delivering real-time
insights and automated responses to dynamic market
conditions.

» Educational and Policy Implications of Generative Al

Brynjolfsson et al. (2023) explored how GenAl is
reshaping labor markets and task distributions. Their study
predicted a redefinition of white-collar job roles, with routine
content generation and analysis tasks being offloaded to Al
Yin (2018), through his framework of case study research,
emphasized the need for longitudinal, qualitative inquiry into
these socio-technical shifts. Joshi (2019) and Jovanovic &
Campbell (2022) provided foundational perspectives on the
evolution of machine learning and GenAl, tracing their
implications for pedagogy, policy, and workforce
development.

» Problem Definition

The exponential proliferation of Large Language
Models (LLMs) and generative artificial intelligence (GenAl)
systems in enterprise, government, and critical infrastructure
environments has foregrounded a vital, yet underexplored
concern: the security, integrity, and regulatory compliance of
prompt interactions. Prompts—natural language instructions
or queries that govern GenAl behavior—are now de facto
interfaces between users and high-capacity Al engines.
However, in the absence of structured security controls, these
prompts introduce numerous vulnerabilities including data
leakage, injection attacks, unintended model behavior, and
compliance violations. Despite advances in prompt
engineering strategies that optimize LLM accuracy, very little
has been done to secure the prompt layer itself, particularly in
regulated domains such as finance, healthcare, defense, and
law. In these environments, an unsecured prompt may
inadvertently expose sensitive client data, manipulate model
behavior, or trigger biased or non-compliant outputs,
violating national and sector-specific data protection
regulations (e.g., GDPR, HIPAA, or DPA 2018). Additionally,
adversarial actors can exploit LLMs through prompt
injection, jailbreak prompts, and context poisoning, leading
to output manipulation or propagation of harmful responses.

Moreover, current industry literature and tools are
focused on improving LLM capabilitiecs—such as fine-
tuning, instruction tuning, and context optimization—without
an equivalent emphasis on securing the mechanisms of
interaction. This leaves a critical void in GenAl governance,
especially when these models are integrated into high-stakes
business and policy ecosystems.Therefore, there is an urgent
need for a comprehensive Secure Prompt Engineering
Framework that integrates cryptographic safeguards,
identity-aware prompt access, contextual validation, and
regulatory conformity—ensuring end-to-end trust in prompt
construction, submission, execution, and auditability.
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II1. PROPOSED NOVELTY
METHODOLOGIES

The PromptSecure framework introduces a first-of-its-
kind security architecture for prompt engineering within
regulated GenAl environments. It leverages multidisciplinary
principles from cybersecurity, Al governance, software
engineering, and compliance law to develop a structured
methodology that secures the entire lifecycle of prompt
interaction.

» Prompt Authentication and Access Control Layer
(PAACL)

This module enforces identity-linked prompt access,
where each prompt is cryptographically signed using an
asymmetric key pair associated with the authorized user or
system. Access tokens are scoped with time-sensitive, usage-
limited parameters that are validated before LLM execution.
This prevents unauthorized prompt submission and mitigates
the risk of impersonation or unauthorized internal actors
injecting malicious queries.

o Key Techniques:

v" OAuth 2.0 and JWT-based authentication
v" SHA-256 signature verification for prompt origin
v Role-based prompt access privileges

» Prompt Injection and Anomaly Detection Engine (PIADE)

The framework deploys a real-time engine using Natural
Language Processing (NLP)-driven anomaly detection
models trained on known malicious prompt structures (e.g.,
jailbreak attempts, instruction overrides). Incoming prompts
are first passed through a prompt sanitizer that flags
suspicious syntax, semantic contradictions, or adversarial
markers.

o Key Techniques:

v LSTM/Transformer-based prompt classification
v' Zero-shot learning for adversarial pattern detection
v" Blocklist and pattern-based sanitization

» Regulatory-Aware Prompt Validator (RAPYV)

The RAPV module acts as a middleware checker that
evaluates prompts against a customizable regulatory
knowledge base derived from compliance statutes (GDPR,
HIPAA, ISO/IEC 27001). Prompts are scanned for prohibited
entities, restricted data references, or unauthorized
jurisdictional queries.

o Key Techniques:
v' Named Entity Recognition (NER) for sensitive term
identification

v Knowledge graph integration for rule mapping
v" Regular expression and ontology-based content filtering
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» Contextual Prompt Integrity Layer (CPIL)

GenAl models often rely on extended conversational
contexts. CPIL monitors continuity and prevents contextual
prompt poisoning, where attackers insert manipulated context
into multi-turn interactions. This layer applies hash-based
continuity markers and semantic distance metrics to ensure
contextual integrity.

o Key Techniques:

v’ Hash chaining of session prompts
v' Cosine similarity for semantic drift detection
v" Memory window-based context locking

» Prompt Ledger and Forensic Auditing System (PLFAS)

To ensure traceability and post-hoc compliance,
PromptSecure maintains a tamper-proof prompt ledger using
blockchain or append-only logging systems. Each prompt
submission, execution outcome, and policy decision is
recorded with timestamp, user identity, model version, and
output snapshot.

o Key Techniques:

v Merkle tree structures for ledger validation
v" IPFS or blockchain for immutable storage
v Smart contracts for prompt policy enforcement

» Trust-Scored Prompt Execution Engine (TSPEE)

Based on a dynamic trust score assigned to each prompt
(derived from sender reputation, content classification, and
prior behavior), this engine rates and routes prompts through
appropriate model versions (e.g., public vs. restricted LLM
instances). This reduces the risk of low-trust prompts
reaching high-sensitivity GenAl pipelines.

o Key Techniques:

v’ Bayesian trust scoring
v’ Prompt execution sandboxing
v API gateway with dynamic prompt routing

» Overall Novelty of PromptSecure

The PromptSecure architecture introduces a layered,
protocol-driven, and regulation-aware approach to prompt
engineering never before articulated in existing GenAl or
cybersecurity literature. It provides:

e A multi-layer defense-in-depth model for prompts

e An integrated compliance-validation engine for
regulatory alignment

e Prompt lifecycle auditability and forensic traceability

o Context integrity management in multi-turn GenAl
environments
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Fig 1 Proposed Block Diagram

» Prompt Authentication and Access Control Layer
(PAACL)

This module acts as the first line of defense, ensuring
that only authenticated users or systems can submit prompts.
Each user or service must authenticate through secured tokens
or key-based mechanisms. It prevents unauthorized access
and identity spoofing. Verifies sender identity, issues time-
limited credentials, manages role-based permissions. Blocks
unauthorized prompt submissions and supports auditability.

» Prompt Injection and Anomaly Detection Engine (PIADE)

Once a prompt is authenticated, it flows into this module
where it is scanned for adversarial structures, prompt
injection attempts, or syntactic anomalies.

e Uses NLP models to detect suspicious prompt patterns
and hidden instructions.

e Protects the model from malicious input that might bypass
instruction restrictions.

» Regulatory-Aware Prompt Validator (RAPYV)

Prompts then enter a compliance scanning layer where
their contents are evaluated against known regulatory policies
(like HIPAA, GDPR, etc.).

o Flags prohibited phrases, unauthorized data references, or
regulatory violations.

o Ensures enterprise or government prompts meet legal data
usage and ethics criteria.

IJISRT25JUL1787

» Trust-Scored Execution Engine (TSPEE)

This intelligent module assigns a trust score to each
prompt based on sender reputation, prompt history, and
anomaly checks. Based on the trust score, prompts are either
allowed, sandboxed, or rerouted to different LLM instances.

e Dynamically determines execution pathways based on
risk level.

e Reduces risk of critical models being accessed by low-
trust prompts.

» Contextual Prompt Integrity Layer (CPIL)

This module ensures that multi-turn prompt interactions
maintain continuity and aren't tampered with during
conversations. It prevents context poisoning, where
adversarial prompts exploit the memory of the LLM.

e Verifies consistency across conversation turns using hash
chaining and semantic drift detection.

e Prevents attackers from injecting misleading context in
ongoing prompt chains.

» Prompt Ledger and Forensic Auditing System (PLFAS)
Finally, all prompt activity—submission, validation,

execution, and output—is recorded into a tamper-proof

ledger. This can be based on blockchain or append-only logs.

e Enables complete forensic tracking of prompt behavior
and response history.

e Supports regulatory reporting, legal compliance, and
breach investigations.
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» Accuracy

Observation: The proposed PromptSecure system
achieved an accuracy of 93%, outperforming the 78%
accuracy of the existing system.

Explanation: This improvement reflects PromptSecure’s
ability to precisely validate and process secure prompts,
reducing misinterpretation and enhancing overall model
reliability in regulated environments.

» Prompt Injection Detection Rate

Observation: The existing system has a 65% success rate
in identifying injection attacks, whereas PromptSecure
identifies 89%.

Explanation: PromptSecure includes a dedicated anomaly
detection module trained on adversarial patterns. This
allows the system to proactively detect and neutralize
malicious prompt injections, which traditional systems
fail to manage robustly.

» Compliance Violation Detection

Observation: PromptSecure detects 87% of regulatory
compliance issues in prompts, compared to just 60% by
existing models.

Explanation: This boost comes from the integration of a
Regulatory-Aware Prompt Validator (RAPV) that actively
scans prompts against legal compliance frameworks such
as GDPR, HIPAA, etc.

» Execution Time (Ms)

Observation: The proposed system achieves faster
execution (180 ms) compared to the existing framework
(250 ms).

Explanation: Although PromptSecure performs multiple
layers of wvalidation, its optimized architecture—
particularly  trust-based prompt routing—reduces
unnecessary model calls, enhancing execution speed and
efficiency.

»  Audit Traceability

WWwW.ijisrt.com

Observation: PromptSecure scores 95% in audit
traceability, while existing systems score only 50%.
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e Explanation: Traditional systems lack a built-in audit trail.
PromptSecure uses a prompt ledger system (blockchain or
append-only logging) to ensure every interaction is
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traceable, compliant, and reviewable—critical for post-
hoc analysis in regulated sectors.

» Comparision Table:

Table 1 Comparision Table

Metric Existing System Proposed System
Accuracy 0.78 0.93
Prompt Injection Detection Rate 0.65 0,89
Compliance Violation Detection 0.60 0.87
Execution Time (Ms) 250 180
Audit Traceability 0.50 0.95
V. CONCLUSION A., Ziegler, D. M., Wu, J., Winter, C., . . . Amodei,

The integration of generative artificial intelligence into
regulated industries has brought to light a critical and
underexplored vulnerability: the lack of secure prompt
engineering protocols. As prompts have emerged as the
primary interface for steering the behavior of large language
models, the integrity and safety of these inputs have become
paramount—particularly in domains where compliance,
accountability, and risk mitigation are not optional but
essential. This dissertation introduced PromptSecure, a
comprehensive framework aimed at transforming prompt
engineering from an ad hoc creative exercise into a structured,
auditable, and policy-aligned discipline. By aligning the
design of prompts with cybersecurity principles, regulatory
compliance mandates, and privacy-preserving mechanisms,
PromptSecure not only secures the interaction with GenAl
systems but also enhances institutional confidence in their
deployment. Through the development of formal validation
pipelines, context-aware input sanitization, and protocolized
prompt lifecycle management, this work contributes a
pioneering approach to defending against prompt injection
attacks, unauthorized knowledge retrieval, and hallucination-
induced compliance breaches. Moreover, the incorporation of
traceability, access controls, and cross-domain governance
layers ensures that PromptSecure is adaptable to the diverse
and evolving needs of sectors such as healthcare, legal tech,
finance, and public administration. In conclusion,
PromptSecure marks a decisive step toward responsible
GenAl integration, advocating that the future of generative
systems must be not only powerful and versatile but also safe,
transparent, and controllable. This research lays a critical
foundation for future work in secure GenAl interfaces and
presents a call to action for policymakers, technologists, and
researchers to treat prompt engineering as a first-class
security and compliance concern—worthy of rigor, oversight,
and innovation.
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