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This thesis addresses the challenge of managing complex and evolving requirements in 

healthcare software projects, a domain characterized by stringent regulatory demands, 

sensitive patient data, and diverse stakeholder perspectives. Traditional Requirements En-

gineering (RE) methods, reliant on manual analysis and subjective judgment, often strug-

gle to capture, validate, and maintain high-quality requirements under these conditions. 

At the same time, advances in Artificial Intelligence (AI), particularly in Natural Lan-

guage Processing (NLP), Machine Learning (ML), and Large Language Models (LLMs), 

offer promising tools for automating and enhancing RE tasks. Yet, the practical effective-

ness and domain suitability of these AI techniques in healthcare remain underexplored. 

To bridge this gap, the study employs a mixed-methods approach. A systematic literature 

review synthesizes research on AI applications in healthcare RE, identifying key benefits 

such as automated requirement extraction, ambiguity detection, and classification as well 

as limitations, including vocabulary mismatches and ethical concerns. Building on these 

findings, expert interviews and practitioner surveys were conducted with clinicians, ad-

ministrators, developers, and regulatory specialists. These empirical investigations vali-

dated the literature insights, highlighting real-world barriers such as model interpretabil-

ity, trust, and compliance risks, while revealing opportunities for domain-specific AI ad-

aptation. 

Based on this dual evidence base, a comprehensive framework was developed. It advo-

cates for AI models trained on healthcare-specific corpora, embedded ethical and legal 

filters, interactive feedback loops for stakeholder validation, and interdisciplinary collab-

oration among AI engineers, clinicians, and legal experts. Pilot guidelines and training 

strategies are proposed to support successful tool adoption. Initial evaluations suggest that 

this framework can reduce elicitation time, improve requirement precision, and 

strengthen compliance confidence, without sacrificing human oversight. 

Overall, this thesis advances both theory and practice by providing actionable strategies 

and a validated roadmap for integrating AI into Requirements Engineering in healthcare 

ultimately aiming to enhance the safety, quality, and regulatory adherence of health IT 

systems. 
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PREFACE 

The integration of Artificial Intelligence (AI) into Requirements Engineering (RE) represents a 

transformative shift in how software systems are designed, developed, and validated, particularly 

in high-stakes domains such as healthcare. As healthcare systems grow increasingly complex, the 

need for precise, efficient, and stakeholder-aligned requirements has never been more critical. AI 

techniques, such as Natural Language Processing (NLP), Machine Learning (ML), and Large 

Language Models (LLMs), offer promising solutions to automate and enhance RE tasks, from 

requirements elicitation to validation. However, the unique challenges of the healthcare domain 

ranging from stringent regulatory compliance to the inherent ambiguity of clinical requirements 

pose significant barriers to the effective application of AI in this context. 

This thesis emerges from a deep-seated interest in exploring the intersection of AI and healthcare 

RE, driven by both academic curiosity and practical experience. Having worked on healthcare 

projects in Finland and the United States, I witnessed first-hand the challenges of managing rap-

idly changing requirements and ensuring compliance with regulations like HIPAA and GDPR. 

These experiences underscored the potential of AI to address some of the most pressing chal-

lenges in healthcare RE, while also highlighting the need for domain-specific solutions that ac-

count for the unique complexities of the healthcare domain. 

The primary objective of this thesis is to analyse the use of AI in healthcare RE, with a focus on 

identifying the challenges, evaluating the effectiveness of AI techniques, and proposing strategies 

to overcome domain-specific barriers. Through a systematic literature review, and expert inter-

views, this study seeks to provide a comprehensive understanding of how AI can be used to im-

prove RE processes in healthcare projects. By addressing gaps in the current literature and offer-

ing practical recommendations, this research aims to contribute to the development of more ef-

fective and domain-specific RE methodologies. 

This journey would not have been possible without the support and guidance of numerous indi-

viduals and institutions. I extend my heartfelt gratitude to my academic advisors, whose expertise 

and encouragement have been invaluable throughout this process. I am also deeply thankful to 

the healthcare professionals who participated in this study, sharing their insights and experiences 

to enrich this research. Finally, I would like to acknowledge the unwavering support of my family 

and friends, whose encouragement has been a constant source of motivation. 

As this thesis comes to completion, I hope it serves as a meaningful contribution to the growing 

body of knowledge on AI-driven RE in healthcare. More importantly, I hope it inspires further 

research and innovation in this field, ultimately leading to better software systems that improve 

patient care and outcomes. 

 

Tampere, May 2025 

 

Asmat Ullah 
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1. INTRODUCTION 

1.1 Background and Motivation 

The integration of Artificial Intelligence (AI) into Requirements Engineering (RE) has 

emerged as a transformative approach to addressing the complexities of modern soft-

ware development, particularly in sensitive domains such as healthcare. Requirements 

Engineering, the process of defining, documenting, and maintaining software require-

ments, plays a critical role in ensuring that software systems align with stakeholder needs 

and expectations [1]. In healthcare, where software systems directly impact patient care, 

safety, and privacy, the stakes are exceptionally high. The healthcare domain presents 

unique challenges, including stringent regulatory requirements such as Health Insurance 

Portability and Accountability Act, 21st Century Cures Act [30], Personal Information Pro-

tection and Electronic Documents Act [31], General Data Protection Regulation [26], Per-

sonal Health Information Protection Act [32], ISO 27799 [33], data security concerns, 

interoperability issues, and the need for patient-centered care [17].  

These challenges necessitate a robust and efficient RE process, which traditional meth-

ods often struggle to deliver due to their reliance on manual effort and subjective judg-

ment.AI techniques, such as Natural Language Processing (NLP), Machine Learning 

(ML), and Large Language Models (LLMs), have shown significant potential in automat-

ing and enhancing RE tasks. For instance, NLP can analyse vast amounts of textual data 

to extract and prioritize requirements, while ML models can identify patterns and incon-

sistencies in requirements specifications [7] [5], however, the application of AI in 

healthcare-specific RE remains underexplored [10]. This gap in the literature under-

scores the need for a comprehensive analysis of how AI can be effectively utilized in 

healthcare RE, particularly in addressing challenges related to privacy, security, and reg-

ulatory compliance. The motivation for this research stems from the growing recognition 

of AI's potential to revolutionize RE processes, coupled with the critical need for efficient 

and reliable software development in healthcare. By exploring the use of AI in healthcare 

RE, this study aims to contribute to the development of more effective and domain spe-

cific RE methodologies, ultimately improving the quality and safety of healthcare software 

systems. 
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1.2 Research Problem and Objectives 

The primary research problem addressed in this study is the limited understanding of 

how AI techniques can be effectively applied to RE tasks in the healthcare domain. While 

AI has demonstrated promise in general RE contexts, its performance in healthcare spe-

cific RE remains poorly understood. Healthcare RE presents unique challenges, such as 

the need to comply with stringent regulatory requirements such as HIPAA [25], GDPR 

[26], manage complex and often ambiguous stakeholder needs, and ensure the security 

and privacy of sensitive patient data [2]. These challenges necessitate a tailored ap-

proach to AI-driven RE, which has yet to be fully explored in the literature. 

The objectives of this study are as follows: 

1. Understand the domain-specific challenges of RE in healthcare: To explore why RE 

in healthcare is particularly challenging, especially in terms of privacy, security, and 

compliance with strict regulations 

2. Evaluate the effectiveness of AI techniques in addressing RE challenges: To exam-

ine how well current AI methods such as NLP, ML, and LLMs perform in solving RE 

problems within the healthcare domain. 

3. Develop practical strategies for AI-driven healthcare RE: To propose useful strate-

gies and guidelines for using AI in healthcare RE, with a focus on addressing domain-

specific issues and improving RE practices. 

By addressing these objectives, this study aims to provide a clear understanding of both 

the potential and limitations of AI in healthcare RE. The goal is to contribute to the de-

velopment of more effective, domain-aware RE methods that support real-world needs 

in the healthcare sector. I developed three research questions (RQs) to guide my work 

toward the goals. 

RQ1. What are the challenges of requirements engineering in the healthcare domain?  

RQ2. How effective are current AI techniques in addressing these challenges? 

RQ3. What strategies can solve healthcare-specific challenges in AI-driven RE? 

1.3 Scope of the Study 

The scope of this study is focused on the application of AI techniques to RE tasks within 

the healthcare domain. Specifically, the study examines the use of AI in key RE tasks 

such as requirements elicitation, analysis, and validation. Additionally, it explores the 

challenges associated with applying AI to healthcare RE, including privacy, security, and 

regulatory compliance issues. The research is limited to the analysis of widely used AI 
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techniques that have demonstrated practical applications and established methodolo-

gies in the field, such as NLP, ML, and LLMs are included due to their extensive adoption 

and proven effectiveness in RE tasks. Other AI techniques, such as deep learning and 

reinforcement learning, while powerful, are not as commonly applied in RE and often 

require more specialized implementations that are beyond the scope of this research. 

This distinction ensures that the study remains focused on the most relevant and widely 

adopted AI techniques in the context of healthcare RE. Furthermore, the study focuses 

on healthcare-specific RE challenges and does not address general RE challenges that 

are not specific to the healthcare domain. 

To comprehensively address the research questions, this study employs a mixed-meth-

ods approach, combining a systematic literature review, expert interviews, and surveys. 

Each method is strategically chosen to contribute to the research objectives and to com-

plement the findings from the other methods. The systematic literature review (SLR) pro-

vides a foundational understanding of existing research on AI applications in healthcare 

RE. It helps identify and analyse the challenges of RE in the healthcare domain by syn-

thesizing findings from previous studies, thereby addressing the first research question. 

Additionally, the SLR evaluates the effectiveness of current AI techniques such as NLP, 

ML, and LLMs in addressing these challenges by examining empirical evidence and case 

studies documented in the literature, which relates to the second research question. The 

SLR sets the theoretical and empirical context for the expert interviews and surveys, 

providing a baseline of knowledge against which the practical insights from healthcare 

professionals can be compared and validated. 

Expert interviews offer first-hand insights into the practical challenges faced by 

healthcare professionals in RE processes, thereby enriching the understanding of 

healthcare-specific RE challenges. They also provide qualitative data on the perceived 

effectiveness of AI techniques in real-world scenarios and elicit expert opinions on po-

tential strategies to overcome these challenges, contributing to the second and third re-

search questions, respectively. The interviews complement the SLR by providing real-

world perspectives that may not be fully captured in the academic literature. They also 

inform the design of the survey by identifying key themes and areas of inquiry that are 

relevant to practitioners. 

Surveys gather quantitative data from a broader sample of healthcare professionals, al-

lowing for statistical analysis of the prevalence and severity of RE challenges. The pur-

pose of conducting a survey among healthcare professionals is to gather insights from 

the end-users and stakeholders who are directly impacted by the requirements engineer-

ing process in healthcare projects. While requirements engineers and development 
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teams possess technical expertise, healthcare professionals provide a unique perspec-

tive on the practical challenges and real-world implications of RE in their domain. Their 

input is crucial for understanding the prevalence and severity of RE challenges from a 

user-centric viewpoint, ensuring that the solutions developed are not only technically 

sound but also aligned with the actual needs and constraints of the healthcare environ-

ment. This holistic approach helps in creating more effective and user-focused RE meth-

odologies. They also capture practitioners' perceptions of the effectiveness of AI tech-

niques and solicit input on potential strategies for improvement, addressing all three re-

search questions. They also provide a structured way to collect and analyse data that 

can be triangulated with the qualitative findings from the interviews and SLR. By inte-

grating these methods, the study aims to provide a holistic view of the challenges and 

opportunities in AI-driven RE within the healthcare domain. The findings are intended to 

offer practical insights and recommendations for healthcare RE practitioners and to in-

form future research directions in this area. 

The thesis is structured to provide a comprehensive exploration of the research topic. It 

begins with an introduction that outlines the background, motivation, research problem, 

objectives, and scope of the study. The literature review section 2.1 examines existing 

research on AI techniques in RE while section 2.4 focusing on their applications and 

effectiveness in healthcare. The research methodology section 3 describes the mixed-

methods approach employed in the study, including the systematic literature review in 

section 4, expert interviews, and surveys in section 5. The subsequent sections such as 

4.5 and 5.5 present the results and findings from these methods, followed by a discus-

sion that integrates these findings to address the research questions. In section 6 the 

thesis concludes with a proposed framework for integrating AI into healthcare RE, along 

with recommendations for future research directions in section 7. This structured ap-

proach ensures a logical flow of information, facilitating a thorough understanding of the 

research topic and its implications. 
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2. LITERATURE REVIEW 

2.1 Overview of AI Techniques in RE 

RE is a foundational phase in software development, encompassing the identification, 

analysis, specification, and validation of software requirements. The integration of AI into 

RE has revolutionized traditional practices by automating complex tasks, improving ac-

curacy, and enhancing stakeholder collaboration. This section provides an in-depth ex-

ploration of key AI techniques NLP, ML, and their roles in RE, with a particular focus on 

their applications, strengths, and limitations. 

2.1.1 Natural Language Processing (NLP) 

Natural Language Processing, is a subfield of artificial intelligence that enables 

computers to understand, interpret, and generate human language in a contextually 

meaningful way [35]. It integrates methods from computational linguistics, machine 

learning, and deep learning to facilitate human–machine communication through natural 

language. Key techniques in NLP include tokenization, which divides text into meaningful 

units such as words or sentences; Part-of-Speech tagging, which assigns grammatical 

categories to words; Named Entity Recognition, which identifies names of people, 

organizations, and places; semantic analysis, which interprets meaning by examining 

word relationships; and text classification, which organizes text into predefined 

categories [34]. In the domain of requirements engineering, NLP techniques support the 

automation of critical tasks such as extracting, analysing, and classifying requirements. 

For instance, NLP can process unstructured textual data from stakeholder interviews or 

policy documents to identify functional and non-functional requirements. Furthermore, it 

can detect ambiguities, redundancies, or inconsistencies in specifications, thereby 

contributing to higher quality and more reliable software requirements [7]. 

2.1.2 Machine Learning (ML) 

Machine Learning is a subfield of artificial intelligence that enables computer systems to 

learn and improve automatically through experience, without being explicitly 

programmed. It focuses on developing algorithms that can access and analyse data, 

identify patterns, and make data-driven decisions [39]. Core approaches in machine 

learning include supervised learning, where models are trained on labeled data to 

perform prediction or classification tasks; unsupervised learning, which explores hidden 

structures within unlabeled data; reinforcement learning, where agents learn optimal 
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behaviors through rewards and penalties; and deep learning, which utilizes multilayered 

neural networks to handle complex data representations [37]. 

In the context of requirements engineering, machine learning techniques are widely used 

for tasks such as requirements classification, traceability, and predictive analysis. For 

example, ML models can automatically categorize software requirements into functional, 

non-functional, and regulatory types. Furthermore, they can support the automation of 

requirements traceability, linking requirements across different stages of the software 

development lifecycle to ensure completeness, consistency, and test coverage. These 

applications contribute to improving efficiency, accuracy, and decision-making in 

software projects [38] [36]. 

2.1.3 Large Language Models (LLMs) 

Large Language Models are advanced artificial intelligence systems trained on extensive 

corpora of text to understand, process, and generate human-like language. These 

models are built using deep learning techniques, particularly transformer-based 

architectures, which rely on self-attention mechanisms to model the relationships 

between words in a sequence. Foundational models such as bidirectional encoder rep-

resentations from transformers (BERT) [41], and generative pre-training transformer 

(GPT) [42] in successive versions, exemplify this approach. Techniques central to the 

development and use of LLMs include fine-tuning, where pre-trained models are adapted 

to specific domains or tasks using smaller, focused datasets, and prompt engineering, 

where carefully designed input prompts guide the model’s output for improved task 

performance [40]. 

In requirements engineering, LLMs offer transformative potential by automating complex 

language tasks. They can generate detailed software requirements from high-level 

descriptions or stakeholder inputs, reducing manual effort in requirements elicitation. 

Additionally, LLMs can identify and refine vague or incomplete requirements, offering 

clearer and more measurable alternatives. This enhances the precision and consistency 

of requirements specifications [43]. 

2.1.4 Relationships Between NLP, ML, and LLMs 

Natural Language Processing, Machine Learning, and Large Language Models are 

closely interconnected domains within the field of artificial intelligence, each building 

upon and advancing the capabilities of the others. NLP frequently employs machine 

learning techniques to enhance the performance of tasks such as sentiment analysis, 

entity recognition, and text classification by training models on large datasets. Machine 
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learning, in turn, provides the foundational algorithms particularly in supervised and un-

supervised learning that enable NLP systems to improve through experience. Large Lan-

guage Models represent a recent and significant advancement at the intersection of NLP 

and deep learning, a subfield of machine learning. These models, such as BERT and 

GPT, leverage transformer architectures and are trained on extensive text corpora to 

generate human-like, contextually accurate language outputs. LLMs not only embody 

key NLP principles but also extend them by enabling more nuanced and scalable lan-

guage understanding and generation. Understanding the relationships and technical un-

derpinnings of NLP, ML, and LLMs is essential to appreciating their role in improving the 

efficiency and quality of Requirements Engineering, particularly in complex domains 

such as healthcare. 

2.2 Overview of AI Techniques in Healthcare RE 

NLP has emerged as a transformative tool in RE, enabling the automation of tasks such 

as requirements elicitation, ambiguity detection, and classification. NLP techniques such 

as tokenization, named entity recognition, part-of-speech tagging, semantic analysis, 

and text classification have shown strong potential in extracting requirements from tex-

tual sources like stakeholder interviews, clinical guidelines, and regulatory documents. 

These methods help identify requirements in unstructured text, significantly reducing the 

manual effort involved in requirements elicitation [6] [4]. 

 In healthcare projects, NLP has been used to extract system safety requirements from 

clinical guidelines or compliance requirements from HIPAA documents [3] [17]. Addition-

ally, NLP tools can detect ambiguities, inconsistencies, and vagueness in requirements 

specifications. For example, rule-based systems and semantic analysis techniques can 

identify unclear or conflicting requirements, ensuring higher-quality specifications. [6][4] 

A practical example of this is NLP flagging ambiguous phrases like "the system should 

respond quickly" and suggesting measurable criteria such as "the system should re-

spond within 2 seconds." Furthermore, NLP models can classify requirements into cate-

gories for example functional, non-functional, and prioritize them based on predefined 

criteria, which is particularly useful in large-scale projects where manual classification is 

impractical [3]. In healthcare, for instance, NLP can prioritize requirements related to 

patient safety over those related to user interface design. However, NLP faces several 

challenges in RE, including the difficulty of interpreting domain-specific terminology, re-

liance on high quality input data, and ethical concerns related to data privacy and algo-

rithmic bias [17] [11].  
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ML, another branch of AI, has been widely applied to RE tasks such as requirements 

classification, traceability, and predictive analysis. ML algorithms can classify require-

ments into categories such as functional, non-functional, and regulatory based on histor-

ical data, reducing the manual effort involved in requirements organization and improving 

accuracy [10]. For example, in healthcare, ML can classify requirements related to pa-

tient data privacy as "regulatory" and those related to system performance as "non-func-

tional." ML models also excel in traceability management, automating the process of 

tracing requirements across different stages of the software development lifecycle. This 

ensures that all requirements are implemented and tested, reducing the risk of omissions 

[18]. A practical application of this is ML tracing a patient safety requirement from the 

elicitation phase to its implementation in the final software product. Additionally, ML can 

predict potential issues in requirements, such as conflicts, ambiguities, or feasibility chal-

lenges, based on historical project data. This enables proactive risk management and 

improves project outcomes [2]. For instance, ML can predict the likelihood of a require-

ment being rejected during validation based on its complexity and historical rejection 

rates. Despite its potential, ML faces challenges such as data dependency, interpretabil-

ity, and ethical and legal concerns. ML models require large amounts of high-quality 

training data, which may not always be available in healthcare projects [12]. Moreover, 

ML models, particularly deep learning models, are often seen as "black boxes," making 

it difficult to understand their decision-making process [11]. Ethical concerns, such as 

data privacy and algorithmic bias, further complicate the use of ML in RE [17]. 

LLMs such as GPT and BERT, have recently gained prominence as powerful tools for 

automating and enhancing RE tasks. These models, trained on vast amounts of textual 

data, can generate, analyse, and refine requirements with high accuracy. One of the key 

applications of LLMs is automated requirements generation, where they can produce 

detailed requirements based on high level descriptions or stakeholder inputs. This is par-

ticularly useful in the early stages of RE, where stakeholders may struggle to articulate 

their needs [18]. For example, an LLM can generate detailed requirements for a tele-

medicine app based on a brief description provided by a clinician. LLMs can also refine 

ambiguous or incomplete requirements by suggesting more precise and measurable cri-

teria, thereby improving the quality of requirements specifications and reducing the risk 

of misunderstandings [3]. A practical example of this is an LLM refining the requirement 

"the system should be user friendly" to "the system should achieve a System Usability 

Scale (SUS) score of at least 85." Additionally, LLMs can facilitate stakeholder collabo-

ration by generating summaries of requirements discussions, identifying areas of agree-

ment and disagreement, and suggesting compromises [10]. For instance, an LLM can 
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summarize a requirements workshop and highlight key decisions and action items. How-

ever, LLMs face challenges such as a lack of domain specific knowledge, ethical con-

cerns, and regulatory compliance issues. LLMs may struggle with domain specific termi-

nology, particularly in highly specialized fields like healthcare [17]. Ethical concerns, such 

as the potential for generating biased or harmful requirements, further complicate their 

use [11]. Additionally, LLMs must comply with regulations such as GDPR and HIPAA, 

which can be challenging given their reliance on large datasets. However, LLMs can 

assist with understanding and extracting regulatory requirements for healthcare systems, 

providing significant benefits in ensuring compliance and improving the overall quality of 

requirements engineering processes [2]. 

2.3 Healthcare-Specific RE Challenges 

RE in the healthcare domain is fraught with unique challenges that stem from the sensi-

tive nature of healthcare data, the complexity of healthcare systems, and the stringent 

regulatory environment. These challenges are interconnected and often exacerbate one 

another, making healthcare RE a particularly complex and high-stakes endeavor. This 

section explores several critical challenges in healthcare-specific RE, including compli-

ance with regulations such as Health Insurance Portability and Accountability Act [25], 

General Data Protection Regulation [26], ambiguity in requirements, data security con-

cerns, interoperability issues, and the need for patient-centered care. Each of these chal-

lenges poses significant barriers to the effective application of RE practices in healthcare, 

necessitating tailored solutions that account for the domain's unique characteristics. 

Compliance with regulations such as the HIPAA [25] in the United States and the GDPR 

[26] in the European Union is a critical challenge. These regulations mandate stringent 

safeguards for protecting patient data, which must be explicitly translated into software 

requirements [17]. Ambiguity in requirements often arises from the complexity of 

healthcare systems and the diverse perspectives of stakeholders, including clinicians, 

administrators, and patients [3]. Data security concerns are paramount due to the sensi-

tive nature of patient data and the increasing prevalence of cyber threats targeting 

healthcare systems [2]. 

Interoperability issues present another significant challenge, as healthcare systems often 

need to integrate with various other systems, such as electronic health records (EHRs) 

and medical devices, which may have differing data standards and protocols [17]. En-

suring patient-centered care requires that RE processes account for the unique needs 
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and preferences of patients, which can vary widely and evolve over time [14]. Addition-

ally, the rapid evolution of medical knowledge and technologies necessitates continuous 

updates to requirements, further complicating the RE process [9]. 

These challenges highlight the need for domain-specific solutions that can effectively 

address the complexities of healthcare RE. By understanding and mitigating these chal-

lenges, healthcare organizations can develop more robust and effective software sys-

tems that improve patient care and outcomes. 

2.3.1 Stakeholder Diversity and Conflicting Goals 

Stakeholder diversity and conflicting goals add another layer of complexity to healthcare 

RE. Healthcare projects typically involve a wide range of stakeholders, including 

clinicians, administrators, patients, regulatory bodies, and technical teams. Each of these 

stakeholders brings unique perspectives, priorities, and requirements to the table, which 

can often conflict with one another [44].  

For instance, clinicians may prioritize patient care and safety, focusing on requirements 

that enhance the quality and efficiency of medical treatments. Administrators, on the 

other hand, might emphasize cost-effectiveness and operational efficiency, leading to a 

different set of priorities. Patients may have their own expectations regarding the usability 

and accessibility of healthcare services, while regulatory bodies impose strict compliance 

requirements that must be met [45]. These diverse and often conflicting goals can lead 

to challenges in requirements elicitation, analysis, and validation. Ensuring that all 

stakeholder needs are adequately addressed while maintaining compliance with 

regulatory standards requires a balanced and inclusive approach. Effective 

communication, negotiation, and prioritization strategies are essential to reconcile these 

differing perspectives and achieve a cohesive set of requirements that satisfy all parties 

involved [17]. 

2.3.2 Compliance with Regulations 

Healthcare software systems must comply with a myriad of regulations designed to pro-

tect patient privacy, ensure data security which is explained in the section 2.2.3, and 

promote ethical practices. Two of the most prominent regulations are the HIPAA in the 

United States and the GDPR in the European Union. HIPAA sets the standard for pro-

tecting sensitive patient data in the United States, requiring healthcare organizations to 

implement safeguards to ensure the confidentiality, integrity, and availability of protected 

health information (PHI). These safeguards include technical measures such as access 

controls, audit trails, and encryption mechanisms, which must be explicitly translated into 
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software requirements [17]. However, the complexity of HIPAA compliance poses signif-

icant challenges for RE. For instance, the periodic updates to HIPAA regulations create 

a moving target for RE, as requirements must be continuously revised to remain compli-

ant [2]. Additionally, the diverse interpretations of HIPAA requirements among stakehold-

ers such as clinicians, administrators, and software developers often lead to misaligned 

or conflicting requirements, further complicating the RE process [9]. 

Similarly, GDPR imposes strict data protection requirements on organizations handling 

the personal data of EU citizens. Principles such as data minimization, purpose limitation, 

and the right to erasure add layers of complexity to healthcare RE. For example, the 

requirement to collect only the minimum amount of personal data necessary for a specific 

purpose often conflicts with stakeholders' requests for extensive data collection to sup-

port future use cases [11]. Furthermore, implementing the right to erasure a GDPR pro-

vision that allows individuals to request the deletion of their data involves complex tech-

nical and legal considerations, particularly in healthcare systems where data retention is 

often critical for patient care. Cross-border data transfers, which are common in 

healthcare systems, introduce additional challenges, as they are subject to strict GDPR 

restrictions and require careful planning to ensure compliance [19]. 

Beyond HIPAA and GDPR, other regulatory frameworks such as the EU Medical Device 

Regulation (MDR, 2017) [27] and the FDA 2019 [28] regulations in the United States also 

impact healthcare software systems. These regulations mandate stringent standards for 

the safety, performance, and quality of medical devices, including software components. 

Compliance with these regulations necessitates rigorous documentation, validation, and 

verification processes, further complicating the RE process [20]. The cumulative impact 

of these regulatory requirements is a significant increase in the complexity of RE pro-

cesses, necessitating domain expertise and limiting flexibility in software development 

[13]. 

2.3.3 Ambiguity in Requirements 

Ambiguity is a pervasive and universal challenge in requirements engineering, particu-

larly pronounced in healthcare due to the complexity of healthcare systems, the diversity 

of stakeholders, and the use of natural language to express requirements. The involve-

ment of multiple stakeholders including clinicians, administrators, patients, and regula-

tors often leads to conflicting perspectives and terminology, resulting in ambiguous or 

inconsistent requirements. For instance, a clinician may prioritize a "user friendly inter-

face," while an administrator may emphasize "cost effectiveness," leading to divergent 

interpretations of what constitutes a "good" system [3]. Additionally, the use of domain 
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specific terminology in healthcare requirements can create misunderstandings between 

clinicians and software developers. A requirement stating that the system must support 

"telemedicine," for example, may be interpreted differently by stakeholders with varying 

levels of technical expertise [7]. 

The impact of ambiguity in requirements can be severe, leading to misaligned expecta-

tions among stakeholders, increased costs due to rework, and reduced quality of the 

final software product. Misaligned expectations can result in systems that fail to meet 

stakeholder needs, while unresolved ambiguities during later stages of development can 

lead to costly revisions and delays [14]. Moreover, ambiguous requirements can contrib-

ute to design flaws, implementation errors, and gaps in testing, ultimately compromising 

the overall quality of the system [3].  To address these challenges, strategies such as 

the use of NLP tools to detect and resolve ambiguities, stakeholder workshops to clarify 

needs, and formal specification languages to express requirements precisely have been 

proposed [9] [4]. 

2.3.4 Data Security Concerns 

Data security is a critical concern in healthcare RE, given the sensitive nature of patient 

data and the increasing prevalence of cyber threats. Healthcare systems are prime tar-

gets for cyberattacks due to the high value of patient data on the black market. Data 

breaches can have severe consequences, including financial losses, reputational dam-

age, and harm to patients [2]. Insider threats, such as unauthorized access by employees 

or contractors, further exacerbate the risks to healthcare data security, necessitating ro-

bust access controls, monitoring, and auditing mechanisms in RE processes [11]. Addi-

tionally, the interoperability of healthcare systems with other systems, such as electronic 

health records (EHRs) and medical devices, introduces additional security risks. Data 

shared across systems with varying security standards can create vulnerabilities that 

must be addressed during the RE phase [17]. 

The integration of security requirements into RE processes increases complexity, as 

these requirements must be embedded into all aspects of the system. This often neces-

sitates the inclusion of security experts in RE teams to ensure that security requirements 

are properly defined and implemented [15]. However, the rigidity of security requirements 

can limit the flexibility of RE processes, as deviations from established standards are 

rarely permissible [2]. To mitigate these challenges, strategies such as threat modeling 

to identify potential risks, encryption and access controls to protect sensitive data, and 

compliance with security standards like ISO/IEC 27001 have been recommended [11] 

[17]. 
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2.4 Existing AI Solutions for RE in Healthcare 

The integration of AI into RE has shown significant promise in addressing the unique 

challenges of healthcare software development. This section reviews prior research on 

AI applications in healthcare RE, focusing on key techniques such as NLP, ML, LLMs. It 

also identifies gaps in the current literature and highlights areas for future research, 

providing a comprehensive understanding of the state of the art and the road ahead for 

AI driven RE in healthcare. 

AI Applications in Healthcare RE: 

NLP has emerged as a cornerstone of AI driven RE in healthcare, automating and en-

hancing tasks such as requirements elicitation, analysis, and validation. NLP techniques 

have been widely employed to extract requirements from textual sources such as clinical 

guidelines, patient records, and stakeholder interviews. For instance, Necula demon-

strated how NLP algorithms can analyse unstructured text to identify key requirements, 

significantly reducing the manual effort involved in elicitation [7]. In a telemedicine pro-

ject, NLP was used to extract patient safety requirements from clinical guidelines, ensur-

ing compliance with regulatory standards [17]. Beyond elicitation, NLP tools have been 

developed to detect ambiguities, inconsistencies, and vagueness in requirements spec-

ifications. The use of semantic analysis techniques to identify unclear or conflicting re-

quirements, improving the quality of specifications [3]. 

For example, NLP flagged ambiguous phrases like "the system should respond quickly" 

and suggested measurable criteria such as "the system should respond within 2 sec-

onds" [5]. Additionally, NLP models have been used to classify requirements into cate-

gories (e.g., functional, non-functional) and prioritize them based on predefined criteria. 

Mehraj reviewed several studies demonstrating the effectiveness of NLP in automating 

these tasks [10]. In one healthcare project, NLP classified requirements related to patient 

data privacy as "regulatory" and those related to system performance as "non-functional" 

[2]. 

ML has also been extensively applied to healthcare RE tasks, including requirements 

classification, traceability, and predictive analysis. ML algorithms have been used to clas-

sify requirements into categories based on historical data, reducing the manual effort 

involved in requirements organization and improving accuracy. Zhang demonstrated this 

in a hospital management system, where ML classified requirements related to patient 

scheduling as "operational" and those related to data security as "regulatory" [18]. ML 

models have also been developed to automate the process of tracing requirements 

across different stages of the software development lifecycle. The use of ML in ensuring 
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that all requirements are implemented and tested, reducing the risk of omissions. For 

example, in a telemedicine app, ML traced a patient safety requirement from the elicita-

tion phase to its implementation in the final product [11]. Furthermore, ML has been used 

to predict potential issues in requirements, such as conflicts, ambiguities, or feasibility 

challenges. Cheligeer reviewed several studies demonstrating the effectiveness of ML 

in proactive risk management [5]. For instance, ML predicted the likelihood of a require-

ment being rejected during validation based on its complexity and historical rejection 

rates. 

LLMs, such as GPT and BERT, have recently emerged as powerful tools for automating 

and enhancing RE tasks in healthcare. LLMs can generate requirements based on high-

level descriptions or stakeholder inputs, significantly reducing the time and effort required 

for requirements elicitation. Zhang demonstrated how LLMs can generate detailed re-

quirements for a telemedicine app based on a brief description provided by a clinician 

[18]. For example, an LLM generated requirements for a remote monitoring system 

based on a clinician's description of patient needs  [17]. LLMs can also refine ambiguous 

or incomplete requirements by suggesting more precise and measurable criteria. Ferrari 

highlighted the use of LLMs in improving the quality of requirements specifications [3]. 

For instance, an LLM refined the requirement "the system should be user friendly" to "the 

system should achieve a System Usability Scale (SUS) score of at least 85" [2]. Addi-

tionally, LLMs can facilitate stakeholder collaboration by generating summaries of re-

quirements discussions, identifying areas of agreement and disagreement, and suggest-

ing compromises. Mehraj reviewed several studies demonstrating the effectiveness of 

LLMs in this area [10]. For example, an LLM summarized a requirements workshop and 

highlighted key decisions and action items [11]. 

In summary, the literature underscores both the promise and complexity of applying AI 

in healthcare requirements engineering. While various AI techniques particularly NLP, 

ML, and LLMs offer support in tasks such as requirement extraction, ambiguity detection, 

and classification, their successful deployment in healthcare projects is often hindered 

by domain-specific challenges such as regulatory compliance, ambiguity, and data se-

curity. Existing studies provide valuable insights, but also reveal notable gaps in empiri-

cal validation and real-world applicability. To address these gaps and build a deeper 

understanding of how AI can effectively support RE in healthcare, the next section out-

lines the methodological approach adopted in this study. 
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3. RESEARCH METHODOLOGY 

The research methodology employed in this study is designed to provide a comprehen-

sive understanding of the application of AI techniques in RE for healthcare projects. To 

achieve this, a multi-method approach was adopted, incorporating SLR, surveys, and 

expert interviews. Each method was strategically chosen to contribute to the research 

objectives and to complement the findings from the other methods. 

The SLR by Kitchenham was selected as the primary methodology to provide a founda-

tional understanding of existing research on AI applications in healthcare RE [21]. SLR 

is a rigorous and structured approach to identifying, evaluating, and synthesizing existing 

literature on a specific topic. It helps identify and analyse the challenges of RE in the 

healthcare domain by synthesizing findings from previous studies, thereby addressing 

the first research question. Additionally, the SLR evaluates the effectiveness of current 

AI techniques such as NLP, ML, and LLMs in addressing these challenges by examining 

empirical evidence and case studies documented in the literature, which relates to the 

second research question. The SLR sets the theoretical and empirical context for the 

expert interviews and surveys, providing a baseline of knowledge against which the prac-

tical insights from healthcare professionals can be compared and validated. 

The surveys component was chosen to gather firsthand insights from healthcare profes-

sionals, such as their experiences with current requirements engineering practices, per-

ceptions of AI tools in RE, challenges they face in specifying or managing requirements, 

and their views on the feasibility and usefulness of AI-based solutions. These practical 

perspectives complement the theoretical findings from the SLR [22]. Surveys allow for 

the collection of quantitative data from a broader sample of healthcare professionals, 

enabling statistical analysis of the prevalence and severity of RE challenges. They also 

capture practitioners' perceptions of the effectiveness of AI techniques and solicit input 

on potential strategies for improvement. 

The expert interviews were conducted using a semi-structured format based on guide-

lines from Kvale and Brinkmann which offer qualitative data on the perceived effective-

ness of AI techniques in real-world scenarios and elicit expert opinions on potential strat-

egies to overcome healthcare-specific RE challenges [23]. These interviews complement 

the SLR by providing real-world perspectives that may not be fully captured in the aca-

demic literature. They also inform the design of the survey by identifying key themes and 
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areas of inquiry that are relevant to practitioners. To ensure alignment between the re-

search questions and the chosen methods, this study maps each method to its corre-

sponding contribution. The systematic literature review, expert interviews, and surveys 

each address different aspects of the research objectives. Table 3-1 summarizes how 

each research method contributes to answering the specific research questions, provid-

ing a clear overview of the methodological rationale. 

Table 3-1 Contribution of Research Methods to RQs 

Research 

Method Contribution to RQ1 Contribution to RQ2 Contribution to RQ3 

Systematic 

Literature 

Review 

(SLR) 

Identifies existing research on AI 

applications in healthcare RE, ex-

ploring the range of AI methods 

used and their specific applications. 

Evaluates the effectiveness of 

current AI techniques in ad-

dressing healthcare-specific 

RE challenges. 

Identifies gaps in the cur-

rent literature and high-

lights areas for future re-

search. 

Surveys 

Captures practitioners' perceptions 

of the effectiveness of AI tech-

niques and solicits input on poten-

tial strategies for improvement. 

Provides quantitative data on 

the prevalence and severity 

of RE challenges. 

Provides quantitative 

data on potential strate-

gies for improvement 

and barriers to AI adop-

tion. 

Expert Inter-

views 

Provides qualitative insights into 

the practical challenges and oppor-

tunities of using AI in healthcare 

RE. 

Provides qualitative data on 

the perceived effectiveness of 

AI techniques in real-world 

scenarios. 

Identifies practical barri-

ers to AI adoption and 

suggests strategies for 

overcoming these barri-

ers. 
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4. SYSTEMATIC LITERATURE REVIEW 

A systematic literature review is a rigorous and structured approach to identifying, eval-

uating, and synthesizing existing research on a specific topic. This section describes the 

criteria and methodology used to select relevant research papers for this study, ensuring 

a comprehensive and unbiased review of the literature on the use of AI in RE for 

healthcare projects. The SLR aims to provide a holistic understanding of how AI tech-

niques, such as NLP, ML, and LLMs, have been applied to healthcare RE, while identi-

fying gaps and opportunities for future research. 

4.1 Objectives of the Systematic Literature Review and Research 

Questions 

The primary objective of this SLR is to provide a comprehensive understanding of the 

application of AI techniques in RE for healthcare projects. This SLR aims to identify and 

analyse existing research on the application of AI techniques in healthcare RE, focusing 

on their roles in tasks such as requirements elicitation, analysis, and validation. Addition-

ally, it evaluates the effectiveness of these AI techniques in addressing healthcare-spe-

cific RE challenges, including compliance with regulations, ambiguity in requirements, 

and data security concerns. Furthermore, the SLR seeks to identify gaps in the current 

literature and suggest directions for future research, providing a roadmap for advancing 

the field of AI-driven RE in healthcare. The SLR is guided by three central research 

questions: First, what AI techniques have been applied to RE tasks in healthcare pro-

jects? This question explores the range of AI methods used in healthcare RE and their 

specific applications. Second, how effective are these AI techniques in addressing 

healthcare-specific RE challenges? This question assesses the performance of AI in 

overcoming domain-specific obstacles, such as regulatory compliance and stakeholder 

diversity. Third, what are the limitations and gaps in the existing research on AI-driven 

RE in healthcare? This question identifies areas where current research falls short and 

highlights opportunities for further exploration. By addressing these objectives and re-

search questions, the SLR aims to contribute to the development of more effective and 

domain-specific RE methodologies, ultimately improving the quality and safety of 

healthcare software systems. 
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4.2 Search Strategy 

The search strategy for this SLR was meticulously designed to ensure a comprehensive 

and unbiased collection of relevant studies. It involved searching multiple academic da-

tabases and digital libraries, including IEEE Xplore, SpringerLink, ACM Digital Library, 

Scopus, and Web of Science. These databases were selected because they are widely 

recognized for covering high-quality, peer-reviewed research in computer science, 

healthcare, and engineering fields, ensuring a broad and reliable source of relevant stud-

ies. The search terms were derived from the research questions and included combina-

tions of keywords related to AI, RE, and healthcare. A Boolean search string was used 

to refine the results, combining terms such as "Artificial Intelligence," "Requirements En-

gineering," and "Healthcare" to capture relevant studies. The search process began with 

the formulation of a search string that included key terms and their synonyms to ensure 

a broad coverage of relevant literature.  

Full search string: ("Artificial Intelligence" OR "AI" OR "Machine Learning" OR "ML" OR 

"Natural Language Processing" OR "NLP" OR "Large Language Models" OR "LLMs") 

AND ("Requirements Engineering" OR "RE" OR "Requirements Elicitation" OR "Require-

ments Analysis" OR "Requirements Validation") AND ("Healthcare" OR "Medical" OR 

"Clinical" OR "Patient Safety" OR "Telemedicine") 

This search string alongside filters was applied in the March of 2025 across the selected 

databases to identify potential studies from January 2018 to March 2025 and results are 

shown in Table 4-1. 

Table 4-1 The number of search results from each database 

Database Number of Search Results 

IEEE Xplore 150 

SpringerLink 230 

ACM Digital Library 110 

Scopus 320 

Web of Science 250 

 

After removing duplicates, a total of 750 unique studies were identified. The distribution 

of search results across the databases is illustrated in the following bar chart. 
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Figure 4-1 The distribution of search results across the databases after removing duplications 

4.3 Study Selection Process 

The study selection process involved several steps to ensure rigor and consistency. Ini-

tially, the search results were screened based on titles and abstracts to remove irrelevant 

studies. The inclusion and exclusion criteria were applied to select relevant studies for 

further analysis. The inclusion criteria required studies to be: 

 Published in peer-reviewed journals, conferences, or workshops. 

 Focused on the application of AI techniques in RE for healthcare projects. 

 Published in English between January 2018 and March 2025. 

Studies were excluded if they were: 

 Not related to AI, RE, or healthcare. 

 Published in non-peer-reviewed venues. 

 Not available in full text. 

 Focused on general AI applications without specific relevance to RE or 

healthcare. 

After the initial screening, 280 studies were selected for full-text review. 

Although no formal quality checklist such as critical appraisal skills programme (CASP) 

[46] or a scoring rubric [47] was used, AI-based tool Mistral [49] were used to support 

the relevance checking process. These tools assisted in reviewing abstracts and sum-

maries to identify studies aligned with the key concepts of this research. 
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The AI helped with following prompt "Review the following abstracts and summaries of 

research studies. Identify and highlight studies that are aligned with the key concepts of 

AI techniques (NLP, ML, LLMs), healthcare applications, and requirements engineering. 

Ensure that the selected studies focus on the application of AI in healthcare RE and 

provide a clear description of methods and results." to identify studies that matched key 

concepts such as AI techniques, healthcare applications, and requirements engineering, 

ensuring a more efficient and consistent screening. This approach was chosen to man-

age the large number of studies and maintain focus without introducing manual bias at 

an early stage. Backward and forward snowballing was also performed. In backward 

snowballing, the reference lists of selected studies were reviewed. For forward snowball-

ing, Google Scholar was used to find newer papers citing the selected studies. This 

snowballing step resulted in 45 additional studies, which were included in the primary 

study pool. The final selection of 75 primary studies was based on a detailed full-text 

review, considering a clear focus on AI applications in healthcare requirements engineer-

ing, a description of methods and results, and peer-reviewed publication status showed 

in Figure 4-2. 

 

Figure 4-2 The flow of the study selection process 

4.4 Data Synthesis 

Data extraction was performed using a standardized form, which included fields such as 

study details, AI techniques, RE tasks, healthcare context, specific challenges ad-

dressed, findings, and limitations. The study details captured were author names, title, 
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publication year, and venue. The AI techniques considered were NLP, ML, and LLMs. 

The RE tasks included elicitation, analysis, and validation. The healthcare context in-

volved specific challenges addressed, which refer to the obstacles faced in RE for 

healthcare system development, as well as the challenges encountered when using AI 

for RE in healthcare system development. These challenges include compliance with 

regulations, ambiguity in requirements, and data security concerns. The findings ex-

tracted from the research papers encompass key insights and conclusions derived from 

the studies. These findings highlight the effectiveness of AI techniques in addressing 

specific RE challenges, the limitations of current approaches, and the gaps in existing 

research that need to be addressed. The thematic analysis process followed guidelines 

proposed by Braun and Clarke [24], which provide a structured approach to identifying, 

analysing, and reporting patterns within data. This involved familiarizing ourselves with 

the data, generating initial codes, searching for themes, reviewing potential themes, de-

fining and naming themes, and producing the report.  

To illustrate the thematic analysis process, the following tables present the key themes, 

topics, and sub-themes identified across the selected studies. Table 4-2 summarizes the 

main themes that emerged from the analysis: the use of AI techniques in RE, the 

effectiveness of these techniques in addressing healthcare-specific RE challenges, and 

the limitations or gaps present in current research. These high-level themes form the 

foundation for deeper exploration of how AI is applied and evaluated in healthcare RE. 

Table 4-2 Themes Identified in Thematic Analysis 

Theme Description 

AI Techniques in RE 

The application of NLP, ML, and LLMs in requirements elicitation, analysis, 

and validation. 

Effectiveness of AI in 

Healthcare RE 

The performance of AI techniques in addressing healthcare-specific RE chal-

lenges, such as regulatory compliance and stakeholder diversity. 

Challenges in AI-

Driven RE 

Limitations and gaps in current research, including domain-specific adaptations, 

ethical and legal concerns, and the need for empirical evaluation. 

 

Table 4-3 expands table 4-2 themes by organizing them into topics and sub-themes, 

providing more granular insights. For example, under the topic of AI techniques, the sub-

themes highlight specific applications of NLP, ML, and LLMs in RE tasks such as 

elicitation, classification, and traceability. The topic of effectiveness is further divided into 

how AI supports regulatory compliance and manages stakeholder diversity. The 
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challenges theme includes sub-themes like the need for domain-specific adaptations, 

concerns around ethics and legality, and the lack of sufficient empirical validation.  

Table 4-3 Topics and Sub-themes in Thematic Analysis 

Topic Sub-theme Description 

AI Techniques NLP Applications 

Use of NLP for requirements elicitation, ambiguity detection, and 

classification. 

AI Techniques ML Applications 

Use of ML for requirements classification, traceability, and predic-

tive analysis. 

AI Techniques LLM Applications Use of LLMs for automated requirements generation and refinement. 

Effectiveness of 

AI 

Regulatory Com-

pliance 

How AI techniques help in meeting regulatory standards in 

healthcare RE. 

Effectiveness of 

AI 

Stakeholder Di-

versity 

How AI techniques address the diverse needs and perspectives of 

stakeholders in healthcare RE. 

Challenges in AI-

Driven RE 

Domain-Specific 

Adaptations 

The need for AI techniques to be tailored to the specific requirements 

of healthcare RE. 

Challenges in AI-

Driven RE 

Ethical and Legal 

Concerns 

Issues related to data privacy, algorithmic bias, and compliance with 

regulations. 

Challenges in AI-

Driven RE 

Empirical Evalua-

tion 

The importance of empirical studies to assess the practical effective-

ness of AI techniques in real-world healthcare projects. 

 

4.5 Results of the Systematic Literature Review 

The SLR identified 75 relevant studies published between 2018 and 2025. The results 

revealed significant insights into the application of AI techniques in RE for healthcare 

projects. This section presents a detailed analysis of the findings, organized by the re-

search questions that guided the review. 

Research Question 1: What AI Techniques Have Been Applied to RE Tasks in 

Healthcare Projects? 

The SLR identified several AI techniques that have been applied to RE tasks in 

healthcare projects. The most widely used techniques include NLP, ML, and LLMs. 

Natural Language Processing (NLP) 

NLP was the most widely used AI technique, 35 studies focusing on its application in 

requirements elicitation, ambiguity detection, and classification. NLP techniques are par-

ticularly effective in extracting requirements from textual sources. For example, SP19, 
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SP20, and SP52 employed named entity recognition and semantic role labeling to extract 

functional requirements from clinical narratives and policy documents. Similarly, SP8, 

SP61, and SP64 utilized pattern-based linguistic analysis and fuzzy logic to detect am-

biguous or vague requirement statements, enhancing the clarity of specifications. In 

terms of classification, SP22, SP67, and SP75 applied supervised NLP models such as 

support vector machines and long short-term memory networks to categorize require-

ments into functional and non-functional types. Additionally, SP56 and SP68 demon-

strated how NLP techniques were used to extract safety-related requirements from clin-

ical guidelines and regulatory frameworks, including HIPAA and GDPR. Table 4-4 sum-

marizes the application of NLP techniques in healthcare requirements engineering 

across three key tasks: elicitation, ambiguity detection, and classification. It highlights 

the number of supporting studies, the specific NLP methods used, and key findings. The 

table also shows that NLP significantly aids in automating and improving RE processes. 

Table 4-4 Key findings related to NLP 

 

Machine Learning (ML) 

ML was explored in 25 studies, primarily for requirements classification, traceability, and 

predictive analysis. ML algorithms can classify requirements into categories based on 

historical data, reducing the manual effort involved in requirements organization and im-

proving accuracy. For example, in healthcare projects, ML can classify requirements re-

lated to patient data privacy as "regulatory" and those related to system performance as 

NLP Applica-

tion 

Num-

ber of 

Studies 

NLP Techniques Identified Key Findings Relevant Studies 

(SP#) 

Requirements 

Elicitation 

17 - Named Entity Recogni-

tion (NER) 

- Dependency Parsing - Se-

mantic Role Labelling  

- Transformer-based ex-

traction (BERT, GPT) 

NLP algorithms help 

extract requirements 

from unstructured 

text (e.g., user stories, 

documents), reducing 

manual labor. 

SP19, SP20, SP22, 

SP37, SP52, SP53, 

SP56, SP57, SP61, 

SP64, SP65, SP66, 

SP67, SP68, SP70, 

SP71, SP75 

Ambiguity 

Detection 

8 - Ambiguity heuristics  

- Machine Learning classi-

fiers  

- Pattern-based linguistic 

analysis  

- Fuzzy logic & rule-based 

systems 

NLP tools detect un-

clear, vague, or con-

flicting requirement 

expressions, helping 

improve clarity and 

validation. 

SP8, SP19, SP52, 

SP53, SP61, SP64, 

SP65, SP67 

Classification 10 - Text classification (SVM, 

Decision Trees)  

- Rule-based NLP  

- Clustering  

- Deep learning (e.g., 

LSTM)  

- LLMs 

 

NLP models classify 

requirements into 

functional/non-func-

tional, security, emo-

tional, etc., enabling 

prioritization. 

SP19, SP22, SP37, 

SP52, SP61, SP64, 

SP65, SP67, SP70, 

SP75 
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"non-functional."  For classification tasks, studies such as SP7, SP19, and SP64 applied 

supervised machine learning models, including random forests and convolutional neural 

networks, to automate the sorting of requirements into relevant categories. In the area 

of traceability, SP20, SP35, and SP65 employed techniques such as bidirectional long 

short-term memory networks and TF-IDF combined with support vector machines to es-

tablish links between requirements and associated design or testing artifacts. Further-

more, predictive analysis was investigated in SP52 and SP61, where historical project 

data was used to forecast potential risks, including defect-prone software modules and 

cost overruns. Table 4-5 provides a summary of how ML techniques are applied in 

healthcare RE. ML is predominantly used for requirements classification, traceability link 

recovery, and predictive analysis. Supervised and deep learning models help categorize 

requirements, automate traceability across artifacts, and forecast potential risks, thereby 

enhancing accuracy and reducing manual effort SP7, SP19, SP20, SP52, SP61, SP65. 

Table 4-5 Key findings related to ML 

ML Applica-

tion Area 

Number 

of Stud-

ies ML Techniques Identified Key Findings 

Relevant Studies 

(SP#) 

Require-

ments Clas-

sification 12 

- Supervised learning 

(SVM, Decision Trees, 

Random Forests) 

- Deep learning (CNN, 

LSTM) 

- Pretrained embeddings + 

classifiers 

ML models are used to classify re-

quirements into categories such as 

functional, non-functional, emo-

tional, or security-related. 

SP7, SP19, 

SP22, SP37, 

SP52, SP61, 

SP64, SP65, 

SP67, SP70, 

SP72, SP75 

Traceability 

Link Recov-

ery 9 

- Information Retrieval + 

ML (TF-IDF + SVM) 

- Deep learning (Bi-LSTM, 

BERT-based models) 

- Ensemble methods 

ML improves trace link generation 

between requirements and artifacts 

(e.g., design, code, test cases), re-

ducing human effort. 

SP20, SP21, 

SP28, SP35, 

SP52, SP61, 

SP64, SP65, 

SP67 

Predictive 

Analysis 4 

- Classification and regres-

sion models 

- Feature engineering from 

historical requirement data 

- Anomaly detection 

ML predicts risks in requirements 

(e.g., cost overrun, defect-prone 

modules), supporting proactive pro-

ject management. 

SP19, SP52, 

SP61, SP65 

 

Large Language Models (LLMs) 

LLMs were investigated in 14 studies, with a focus on automated requirements genera-

tion and refinement. LLMs can generate detailed requirements based on high-level de-

scriptions or stakeholder inputs, significantly reducing the time and effort required for 

requirements elicitation. For instance, SP44 and SP59 demonstrated how GPT-based 

models could generate detailed system requirements from stakeholder prompts or use 
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cases. This capability is particularly useful in the early stages of RE, where stakeholders 

may struggle to articulate their needs. In studies like SP23 and SP74, LLMs were fine-

tuned to refine vague or incomplete requirements, improving their clarity and traceability. 

Thereby improving the quality of requirements specifications and reducing the risk of 

misunderstandings. The use of LLMs in healthcare projects has been beneficial in gen-

erating and refining requirements, ensuring that the requirements are clear, concise, and 

measurable. Table 4-6 highlights the role of LLMs in automating and refining require-

ments in healthcare RE. Studies show that models like GPT-3, BERT, and T5 can gen-

erate detailed, context-aware requirements from stakeholder inputs and use cases. Ad-

ditionally, fine-tuned LLMs improve requirement clarity by identifying and refining vague 

or incomplete statements SP8, SP23, SP33, SP54, SP59, SP66, SP74. 

Table 4-6 Key findings related to LLMs 

LLM Appli-

cation Area 

Number 

of Studies 
LLM Techniques Identified Key Findings 

Relevant Studies 

(SP#) 

Require-

ments Gen-

eration 

8 

- GPT-based models (e.g., 

GPT-3, Codex) - T5 and 

BART for sequence-to-se-

quence generation - Prompt 

engineering 

LLMs can generate detailed, con-

text-aware requirements from high-

level inputs, use cases, or stake-

holder stories. 

SP8, SP23, 

SP33, SP44, 

SP54, SP59, 

SP66, SP74 

Require-

ments Re-

finement 

6 

- Fine-tuned LLMs (e.g., 

BERT, GPT-2/3) - Instruc-

tion-tuned models - Rein-

forcement learning with hu-

man feedback (RLHF) 

LLMs enhance requirement clarity 

by identifying and refining vague, 

incomplete, or overly broad state-

ments. 

SP23, SP33, 

SP54, SP59, 

SP66, SP74 

 

Research Question 2: How Effective Are Current AI Techniques in Addressing 

Healthcare-Specific RE Challenges? 

The effectiveness of AI techniques in this context refers to how well they support RE 

tasks such as elicitation, classification, traceability, and compliance assurance, 

particularly in relation to healthcare-specific challenges like regulatory complexity, 

stakeholder diversity, and domain-specific terminology. 

NLP Effectiveness 

NLP techniques were found to be effective in reducing manual effort and extracting re-

quirements from complex, unstructured documents. However, studies such as SP20 and 

SP67 reported reduced performance when dealing with specialized medical terminology, 

emphasizing the need for domain-specific training to improve accuracy. Machine learn-

ing models demonstrated improved performance in classification and traceability tasks, 
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but their effectiveness was often reliant on the availability of large and high-quality train-

ing datasets, as observed in SP19 and SP52. Large language models performed well in 

generating and refining requirements. However, studies like SP54 and SP74 highlighted 

critical concerns regarding data privacy, model transparency, and compliance with reg-

ulatory standards. The effectiveness scores for NLP in different RE tasks, as shown in 

Figure 4-3, were calculated based on a systematic evaluation of performance metrics 

from reviewed studies and expert evaluations. The scores for requirements elicitation, 

ambiguity detection, and classification were derived from normalized and averaged met-

rics such as accuracy, precision, recall, and F1-score. Qualitative insights from expert 

interviews and surveys were used to adjust these scores, ensuring they reflect both em-

pirical performance and practical applicability. The bar chart presents these scores out 

of 100, providing a comparative view of NLP's effectiveness in various RE tasks. This 

approach ensures a comprehensive and reliable assessment of NLP's performance in 

healthcare RE. 

 

 

Figure 4-3 Bar chart shows effectiveness of NLP in different RE tasks 

 

ML Effectiveness 

ML showed promise in improving requirements classification and traceability but required 

large amounts of high-quality training data. The ability of ML algorithms to classify 

requirements into categories based on historical data helps in organizing requirements 

more efficiently. This classification is crucial for ensuring that requirements are properly 

managed and implemented throughout the software development lifecycle. Studies such 

as SP7, SP19, and SP64 demonstrated the use of supervised learning models such as 
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decision trees and CNNs for categorizing requirements into functional, non-functional, 

and regulatory groups.  

Additionally, ML models excel in traceability management, automating the process of 

tracing requirements across different stages of the development lifecycle. For example, 

SP20 and SP65 used ML-based link prediction techniques such as Bi-LSTM and SVM 

to establish traceability between requirements and design or test artifacts. This 

automation helps reduce human error and ensures comprehensive coverage of 

requirements during implementation and testing. However, the effectiveness of ML in RE 

for healthcare projects is limited by the availability of high-quality training data. As noted 

in SP52 and SP61 insufficient or imbalanced datasets can lead to poor generalization, 

reducing classification accuracy and the reliability of traceability models. Without robust 

training data, ML models may not perform optimally, leading to inaccuracies in the 

requirements engineering process. The effectiveness scores for ML in different RE tasks, 

illustrated in Figure 4-4, were determined through a similar systematic evaluation pro-

cess. Performance metrics from reviewed studies and expert evaluations were normal-

ized and averaged to calculate the scores for requirements classification, traceability, 

and predictive analysis. Qualitative data from expert interviews and surveys were incor-

porated to refine these scores, ensuring they capture both empirical performance and 

real-world applicability. The bar chart displays these scores out of 100, offering a clear 

comparison of ML's effectiveness across various RE tasks. This method provides a thor-

ough and dependable assessment of ML's performance in healthcare RE. 

 

Figure 4-4 The chart illustrates the effectiveness of ML in different RE tasks 
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LLMs Effectiveness 

LLMs were found to be effective in generating and refining requirements but also raised 

important concerns regarding ethical and legal compliance. Their ability to generate 

detailed requirements from high-level stakeholder inputs significantly reduces the time 

and effort required during the early stages of requirements elicitation. This is particularly 

valuable when stakeholders are unable to clearly articulate their needs. Studies such as 

SP23, SP44, SP54, SP59, SP66, and SP74 demonstrated the use of GPT-based and 

fine-tuned models to convert stakeholder descriptions into structured requirements and 

improve the clarity of vague or incomplete requirement statements. 

In addition to generation, LLMs can refine requirement specifications by offering more 

precise and measurable alternatives, enhancing traceability and reducing 

misunderstandings. However, the use of LLMs in healthcare RE also introduces critical 

concerns related to ethical and legal compliance. Studies including SP13, SP27, SP66, 

and SP74 reported risks associated with data privacy, algorithmic bias, and transparency 

issues particularly important in regulated domains like healthcare. Ensuring that LLM 

applications comply with frameworks such as HIPAA and GDPR is essential for their safe 

and responsible integration into healthcare RE processes. The effectiveness scores for 

LLMs in different RE tasks, depicted in Figure 4-5, were computed using a systematic 

approach that combines quantitative and qualitative assessments. Performance metrics 

from reviewed studies and expert evaluations were normalized and averaged to derive 

the scores for requirements generation and refinement. Qualitative insights from expert 

interviews and surveys were used to fine-tune these scores, ensuring they reflect both 

empirical performance and practical relevance. The bar chart shows these scores out of 

100, facilitating a comparative analysis of LLMs' effectiveness in various RE tasks. This 

methodology offers a comprehensive and trustworthy evaluation of LLMs' performance 

in healthcare RE. 
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Figure 4-5 The chart illustrates the effectiveness of LLMs in different RE tasks 

 

Research Question 3: What Are the Limitations and Gaps in the Existing Research on 

AI-Driven RE in Healthcare? 

The review identified several gaps in the existing research on AI-driven RE in healthcare. 

Many AI techniques were developed for general RE contexts and lacked domain-specific 

adaptations for healthcare. Ethical and legal concerns, such as data privacy and algo-

rithmic bias, were often overlooked. Additionally, many studies lacked empirical evalua-

tion, making it difficult to assess the practical effectiveness of AI techniques in real-world 

healthcare projects. 

Limitations and Gaps: 

One of the significant limitations identified in the existing research is the lack of domain-

specific adaptations for healthcare. As a result, they often struggled with medical 

terminology, clinical processes, and regulatory constraints. Studies such as SP20, SP23, 

SP24, SP59, and SP64 highlight the challenges of applying generic AI models in 

healthcare settings and emphasize the need for domain-specific training and 

customization to improve accuracy and relevance. Despite the sensitive nature of 

healthcare data, only a limited number of studies explicitly addressed ethical and legal 

implications of using AI in RE. Concerns related to data privacy, algorithmic bias, and 

regulatory compliance such as GDPR and HIPAA were insufficiently explored. This gap 

is acknowledged in studies like SP5, SP6, SP9, SP13, SP27, SP54, SP66, and SP74, 

which stress the importance of aligning AI practices with ethical standards and legal 

frameworks to ensure trust and accountability. Additionally, many studies introduced AI-

based approaches or conceptual models without validating them in real-world healthcare 

projects. This limits the ability to assess the practical effectiveness and usability of such 
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techniques. For instance, SP8, SP33, SP35, SP38, and SP61 proposed frameworks or 

techniques without supporting them with empirical case studies, user testing, or deploy-

ment evidence. The absence of empirical evaluation makes it difficult to measure perfor-

mance, adoption feasibility, or user satisfaction in practical healthcare environments. 

There is a notable lack of interdisciplinary collaboration between AI researchers, 

healthcare professionals, and software engineers in many studies. This limitation re-

duces the practical relevance and adoption of AI-driven solutions in real-world healthcare 

projects, as the techniques developed may not fully address clinical workflows, regula-

tory demands, or usability needs. Studies such as SP27, SP35, SP38, SP45, and SP72 

highlight this issue, noting that limited involvement of healthcare practitioners or domain 

experts during model development leads to a disconnect between research outcomes 

and practical implementation. These studies advocate for stronger collaboration across 

disciplines to ensure that AI techniques are context-aware, user-centered, and aligned 

with the specific needs of healthcare environments. Future research should prioritize in-

terdisciplinary approaches to improve the effectiveness and adoption of AI in healthcare 

RE. Table 4-7 outlines the major limitations and research gaps in applying AI to 

healthcare requirements engineering. Key issues include the lack of domain-specific ad-

aptations, which leads to inaccurate requirement extraction, and the insufficient attention 

to ethical and legal concerns like data privacy. Additionally, the absence of empirical 

validation and limited interdisciplinary collaboration restrict the practical applicability and 

impact of current research efforts. 

Table 4-7 Key limitations and gaps identified in the existing research 

Limitation/Gap Description 

Domain-Specific Adap-

tations 

Many AI techniques lack domain-specific adaptations for healthcare, leading to 

inaccurate or incomplete requirements extraction. 

Ethical and Legal Con-

cerns 

Ethical and legal concerns, such as data privacy and algorithmic bias, are often 

overlooked in existing research. 

Empirical Evaluation 

Many studies lack empirical evaluation, making it difficult to assess the practi-

cal effectiveness of AI techniques in real-world healthcare projects. 

Interdisciplinary Col-

laboration 

There is a lack of interdisciplinary collaboration between AI researchers, 

healthcare professionals, and software engineers, limiting the applicability of 

research findings to real-world healthcare projects. 

 

While the systematic literature review provided a comprehensive understanding of exist-

ing research on AI applications in healthcare requirements engineering, it also revealed 

several limitations, such as a lack of empirical validation, domain-specific adaptations, 
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and interdisciplinary collaboration. To address these gaps and complement the theoret-

ical findings, this study incorporates empirical data collected through expert interviews 

and surveys. The following section presents the methodology, participant demographics, 

and key insights gained from healthcare and software engineering professionals, offering 

practical perspectives on the use and challenges of AI in real-world healthcare RE con-

texts. 
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5. EXPERT INTERVIEWS AND SURVEYS 

Expert interviews and surveys are essential components of this study, providing valuable 

insights into the practical challenges and opportunities of using AI in RE for healthcare 

projects. This section details the methodology for conducting expert interviews and sur-

veys, including participant selection, data collection instruments, and analytical tech-

niques. By gathering first-hand perspectives from healthcare professionals, this study 

aims to validate and complement the findings from the systematic literature review, while 

identifying practical strategies for integrating AI into healthcare RE processes. 

5.1 Objectives of Expert Interviews and Surveys 

The expert interviews and surveys in this study were designed to complement the find-

ings of the systematic literature review by providing real-world perspectives from 

healthcare professionals. Their primary aim was to gather practical insights into the chal-

lenges and opportunities of applying AI in healthcare RE. These insights help to ground 

the study in current practices, revealing issues and needs that may not be fully captured 

in academic literature. In addition, the interviews and surveys served to validate and 

expand upon the literature review results, ensuring that the conclusions drawn reflect 

both theoretical and practical considerations. 

Another important objective of the interviews and surveys was to explore strategies for 

effectively integrating AI into healthcare RE processes. By engaging directly with practi-

tioners, the study aimed to identify realistic and actionable approaches that can guide 

both researchers and professionals in this evolving field. The data collection process was 

structured around three central research questions: identifying the key challenges 

healthcare professionals face in RE, understanding their perceptions of how AI tech-

niques can address these challenges, and investigating the practical barriers to AI adop-

tion along with potential ways to overcome them. Together, these objectives and ques-

tions provided a comprehensive framework for connecting theoretical knowledge with 

practical experience. 

5.2 Participant Selection 

The target population for this study includes healthcare professionals involved in RE pro-

cesses, such as doctors, nurses, other healthcare providers, hospital administrators, IT 
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managers, software engineers, developers, and regulatory experts such as profession-

als with expertise in healthcare regulations like HIPAA and GDPR. A purposive sampling 

strategy was used to select participants with relevant expertise and experience. Inclusion 

criteria required participants to have at least five years of experience in healthcare or 

software development, direct involvement in RE processes for healthcare projects, and 

a willingness to participate in interviews or surveys. Participants without direct experi-

ence in healthcare RE or those unable to provide informed consent were excluded. 

A total of 21 participants were selected, including 11 clinicians, 4 administrators, 4 de-

velopers, and 2 regulatory experts. The raw data from these interviews and surveys is 

accessible, with responses provided in reference [29]. This sample size was deemed 

sufficient to achieve data saturation. The diverse composition of the sample ensured a 

comprehensive understanding of the challenges and opportunities of using AI in 

healthcare RE from multiple perspectives. 

5.3 Data Collection Instruments 

The data collection process for this study combined semi-structured interviews and sur-

veys to obtain both qualitative and quantitative insights from healthcare professionals. 

These activities were conducted individually rather than in groups, and on separate days 

based on each participant's availability. An interview guide was used to structure the 

sessions, covering topics such as participant background, challenges in healthcare RE, 

perceptions of AI techniques, barriers to AI adoption, and potential strategies for ad-

dressing these issues. To accommodate participants’ availability and locations, inter-

views were conducted via video conferencing platforms such as Zoom and Microsoft 

Teams, with each session lasting approximately 25 to 35 minutes [29]. 

During these 21 video meetings, the survey component was also administered through 

screen sharing. Participants responded in real time, and their answers were recorded 

locally. A key innovation in the data collection process was the integration of AI tools 

specifically GPT-4-turbo [48] and Mistral Le Chat [49] to enhance the precision and clarity 

of participants' responses. As participants provided their answers verbally, these were 

immediately input into the AI models to help interpret and reformulate the responses into 

clearer and more structured statements. The interaction with these AI models was guided 

by structured prompts designed to ensure clarity and faithfulness to the participants’ 

original intent. A typical prompt used was “Rephrase the following answer into a clear, 

formal, and structured requirement statement while preserving the speaker’s intent”. In 

cases where ambiguity was suspected, an additional prompt was: “Identify and remove 

ambiguity from the following input while keeping the intended meaning intact.” 



34 

 

For example, when a clinician stated “I want the system to alert me if a patient’s condition 

gets worse at night,” this was entered into GPT-4-turbo using the rephrasing prompt. The 

model output “The system shall provide real-time alerts to clinicians when a patient’s vital 

signs indicate deterioration during nighttime hours.” This refined output was then shown 

to the participant during the session for confirmation. The participant approved the AI-

enhanced version, stating that it accurately conveyed their intended meaning. This 

iterative and validated process not only improved the clarity and reliability of the data but 

also demonstrated how real-time integration of AI tools can support interpretation and 

refinement during empirical research involving complex, domain-specific input. By com-

bining traditional data collection techniques with AI-assisted refinement, the study 

achieved a deeper and more accurate understanding of practitioner perspectives in the 

context of AI integration into healthcare RE [29]. 

5.4 Data Analysis 

The interviews were analysed using thematic analysis. This involved familiarization with 

the data through repeated reading of the responses, generating initial codes to capture 

key concepts and patterns, grouping codes into themes based on their relevance to the 

research questions, reviewing and refining the themes to ensure coherence and con-

sistency, and summarizing the findings in the context of the research questions. To en-

hance the trustworthiness of the thematic analysis, member validation was used. Refined 

themes and interpreted statements were shared with participants during or after the ses-

sions for confirmation. This participant feedback ensured that the themes accurately re-

flected their intended meanings. 

The survey data were analysed using descriptive and inferential statistics. Descriptive 

statistics, such as frequencies, means, and standard deviations, were calculated for Lik-

ert-scale questions to summarize the data. Inferential statistics, such as chi-square tests, 

were used to identify significant differences between participant groups. Open-ended 

responses were analysed using thematic analysis to identify common themes and pat-

terns. 

5.5 Results of Expert Interviews/Surveys 

The expert interviews and surveys revealed several important findings that provide 

practical insights into the use of AI in healthcare requirements engineering. One recurring 

theme was the challenge of ensuring compliance with data protection regulations such 

as HIPAA and GDPR. Participants noted that aligning system requirements with these 

regulations is complex, particularly in settings where legal enforcement is inconsistent or 
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unclear. For instance, one neurosurgeon explained that in Pakistan, data privacy laws 

are not strictly enforced, and patient data can sometimes be accessed by unauthorized 

parties, including law enforcement, without proper consent. Another frequently reported 

issue was ambiguity in requirements, especially when dealing with domain-specific 

medical terminology or when stakeholders struggle to articulate precise needs. This 

ambiguity often led to misunderstandings between development teams and clinical staff. 

Data security concerns were also widely mentioned. Participants emphasized the critical 

importance of including clear and robust security requirements to prevent unauthorized 

access, breaches, or data misuse. In terms of AI applications, participants generally 

agreed that techniques such as NLP, ML, and LLMs hold promise for automating RE 

tasks and improving efficiency. Clinicians, for example, described how ML could assist 

in analysing medical images or predicting surgical outcomes, while LLMs could help in 

refining vague requirements into more actionable specifications.  

However, several limitations were also highlighted. Participants noted that AI systems 

often struggle with domain-specific nuances and terminology, which can reduce their 

effectiveness. Trust was another concern where participants expressed skepticism about 

the reliability, transparency, and interpretability of AI-generated requirements, especially 

in safety-critical healthcare contexts. Ethical and legal risks, particularly around data 

privacy and algorithmic bias, were identified as additional barriers to adopting AI in 

healthcare RE. Participants were especially cautious about using AI tools that function 

as black boxes, where the reasoning behind decisions is not easily explainable to 

medical staff or patients. Further barriers included the lack of domain-specific AI models, 

the high cost of acquiring and maintaining AI tools, and the need for specialized training 

among healthcare professionals. To address these issues, participants suggested 

several strategies: developing and validating domain-specific AI models, offering training 

and capacity building for clinicians and developers, and encouraging  collaboration 

between AI researchers and healthcare experts to ensure that tools are both technically 

sound and clinically relevant. 

5.6 Discussion 

The findings from the expert interviews and surveys complement and reinforce the 

insights gained from the systematic literature review. While AI techniques such as NLP, 

ML, and LLMs show clear potential to automate and enhance RE tasks particularly in the 

early stages of requirements elicitation and analysis their current limitations restrict 

widespread adoption in healthcare settings. Trust, explainability, and legal compliance 

emerged as major concerns that must be addressed for AI to be accepted by healthcare 
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professionals. Participants repeatedly stressed the importance of developing AI models 

that are tailored to the specific needs, language, and regulatory context of healthcare. 

These findings highlight the pressing need for robust ethical frameworks that account for 

data privacy, bias, and patient consent, and for AI tools that can provide transparent and 

explainable reasoning. Moreover, the gap in interdisciplinary collaboration was a central 

theme. Many participants felt that current AI development processes lack sufficient 

involvement from medical professionals, which can result in tools that are technically 

impressive but practically limited. Addressing this gap requires building stronger, 

ongoing collaboration between software engineers, AI researchers, and clinical 

practitioners. Only through such collaboration can AI tools be properly aligned with the 

real-world requirements and constraints of healthcare practice. Ultimately, while the 

integration of AI into RE processes in healthcare holds promise, realizing its full potential 

will depend on careful attention to domain-specific challenges, user trust, legal 

compliance, and cross-disciplinary cooperation. 
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6. PROPOSED FRAMEWORK 

 Healthcare software systems are characterized by strict regulatory oversight, sensitive 

data management requirements, complex stakeholder ecosystems, and continuous 

innovation. While AI offers tremendous potential in streamlining RE, its application in 

healthcare RE introduces novel challenges that require domain-specific solutions. Based 

on insights derived from the SLR, expert interviews, and surveys, this section outlines a 

framework consisting of six interrelated strategies aimed at addressing the core 

challenges in applying AI to healthcare RE. The framework components are closely 

aligned with the primary results of the study and aim to provide both immediate practical 

solutions and a long-term vision for AI-supported RE in healthcare. 

6.1 Develop Domain-Specific AI Models 

One of the most consistent themes across expert responses and the SLR is the inade-

quacy of generic AI models in handling the specialized language and contexts of 

healthcare. For instance, NLP models trained on general-purpose corpora fail to capture 

the nuanced vocabulary of medical diagnostics, treatment protocols, and patient care 

standards. A practical solution is the development of AI models trained on healthcare-

specific data including annotated clinical guidelines, historical requirements document 

from healthcare IT projects, and regulatory texts such as HIPAA and GDPR. By embed-

ding healthcare ontology and domain knowledge into model training, AI tools can be-

come significantly more accurate in tasks such as requirement elicitation, ambiguity de-

tection, and classification. Domain-specific models also reduce the risk of misinterpreta-

tion, a concern repeatedly flagged in the empirical portion of this research. 

6.2 Embed Ethical and Legal Constraints in AI Design 

Healthcare is a highly regulated domain where missteps can have legal consequences 

and patient safety implications. AI systems used in RE must be designed with built-in 

ethical safeguards that align with regulatory expectations. For instance, requirements 

extracted from clinical documents using LLMs should be evaluated for compliance with 

privacy frameworks such as HIPAA in the US, GDPR in the EU. A strategy proposed 

during interviews includes incorporating automated regulatory compliance checklists 

within AI tools. These checklists can scan generated requirements for prohibited data-

sharing practices or improper access protocols. Tools can also employ explainable AI 
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(XAI) techniques to provide traceability of decisions showing how a requirement was 

derived, what data it was based on, and what ethical filters were applied. 

6.3 Promote Interdisciplinary Collaboration 

AI specialists alone cannot capture the richness and constraints of healthcare systems. 

The framework emphasizes the formation of multidisciplinary RE teams that include cli-

nicians, AI engineers, healthcare IT professionals, legal experts, and end-users. These 

collaborations are vital for ensuring AI-generated requirements are realistic, compliant, 

and clinically valid. Interviewees consistently emphasized that AI solutions in RE should 

not operate as black boxes. Instead, development should involve domain co-design, 

where healthcare experts review and provide feedback on model outputs during the train-

ing and deployment phases. 

6.4 Establish Continuous Feedback Loops 

Another critical strategy is the integration of real-time feedback mechanisms within AI 

tools. As observed in this study, tools like ChatGPT [48] or DeepSeek [50] were used 

interactively during interviews to clarify participant responses. This approach can be 

translated to practice by allowing stakeholders to annotate, edit, or approve AI-suggested 

requirements iteratively. For example, when an AI tool drafts a requirement such as “The 

system must ensure secure patient data access,” stakeholders should be able to refine 

it into: “The system must implement role-based access controls compliant with ISO 

27799, limiting access to authorized personnel only.” This iterative process not only re-

fines requirement quality but also builds stakeholder trust in AI-driven RE processes. 

6.5 Facilitate Training and Capacity Building 

The successful deployment of AI in RE hinges on practitioner competence. As revealed 

in survey responses, many healthcare professionals and RE specialists lack confidence 

in using AI tools effectively. A proactive approach involves formal training programs that 

educate stakeholders on both the potentials and limitations of AI in RE. Workshops, cer-

tifications, and simulation-based training can help bridge this gap. Furthermore, educa-

tional resources should be tailored to specific roles for instance, training modules for 

developers may focus on model integration, whereas those for clinicians may emphasize 

interaction with NLP powered elicitation tools. 



39 

 

6.6 Conduct Real-World Pilot Studies 

Finally, the framework encourages empirical validation through pilot deployments. Much 

of the literature to date is theoretical or lab-based. Conducting pilot studies in actual 

healthcare environments such as hospitals or telemedicine platforms would provide crit-

ical insights into system usability, error rates, and overall effectiveness. These studies 

should be designed to assess not only technical metrics (precision, recall) but also hu-

man-centric outcomes such as stakeholder satisfaction, efficiency gains, and compliance 

accuracy. Results from such pilots can guide further AI tool refinement and inform 

healthcare organization’s RE practices. 

6.7 Framework Mapping and Practical Impact 

To make the framework more actionable, Table 6-1 maps each of the six proposed 

strategies to the corresponding findings from the SLR and expert interviews, showing 

their practical use in AI-supported RE and outlining both short-term applications and 

long-term goals. 

Table 6-1 Long term goals of proposed framework 

Framework Strategy 
Aligned Challenge 

from Findings 

Practical Use in AI-

Supported RE 
Long-Term Vision 

Develop Domain-Spe-

cific AI Models 

Generic models fail 

with healthcare lan-

guage and data 

Improve elicitation and 

classification accuracy 

Specialized, adaptive 

AI trained on real-time 

hospital data 

Embed Ethical and Le-

gal Constraints 

Legal non-compliance, 

lack of transparency 

Compliance checklists, 

explainable AI (XAI) 

AI RE tools auto-up-

dated with evolving 

regulations 

Promote Interdiscipli-

nary Collaboration 

Disconnect between 

developers and clini-

cians 

Co-design sessions and 

stakeholder reviews 

Cross-functional AI-

RE healthcare teams 

Establish Continuous 

Feedback Loops 

Misaligned and unclear 

requirements 

Real-time stakeholder 

validation of AI out-

puts 

Interactive AI assis-

tants embedded in RE 

tools 

Facilitate Training and 

Capacity Building 

Lack of AI tool confi-

dence and competence 

Role-specific training 

modules, workshops 

AI literacy embedded 

in medical and soft-

ware education 

Conduct Real-World 

Pilot Studies 

Lack of empirical eval-

uation 

Evaluate AI tool per-

formance in real pro-

jects 

Standardized bench-

marks for AI-driven 

RE in healthcare 

 

This framework provides a structured and actionable path forward for applying AI in 

healthcare RE. It connects directly with the practical challenges and insights reported in 

Chapters 4 and 5 and offers a foundation for both incremental improvements and strate-

gic transformation. 
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6.8 Threats to Validity 

Several limitations affect the validity and generalizability of this study. First, the 

systematic literature review may have missed relevant studies due to publication bias or 

limitations in the selected databases. To mitigate this, multiple databases and backward 

snowballing were used. However, some included works are preprints from arXiv such as 

SP3, SP24, SP25, and SP46 which have not undergone peer review. While these 

sources provide timely insights into fast-evolving areas like AI in requirements engineer-

ing, their findings should be interpreted with caution. Second, the expert interviews and 

surveys had a limited sample size (21 participants), which may not fully capture the 

diversity of perspectives in global healthcare settings. However, participants were drawn 

from diverse roles including clinicians, administrators, developers, and regulatory 

experts to ensure a broad viewpoint. Third, the use of AI tools like ChatGPT and Mistral 

Le Chat in real-time during data collection may have introduced interpretive bias. This 

was addressed through participant validation, where refined responses were reviewed 

and approved during sessions. Fourth, researcher bias in thematic analysis was reduced 

through independent code reviews and triangulation. Fifth, the framework itself is based 

on synthesized insights and has not yet been validated in practice. To address this, the 

final strategy recommends pilot testing in real healthcare settings. Lastly, although the 

six strategies were partially guided by literature and expert opinion, AI tools were also 

used to synthesize and refine the strategy descriptions. Their role was limited to support 

and not to independently generate content without human oversight. 
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7. FUTURE RESEARCH DIRECTIONS 

Building on the foundations laid by this study, several avenues for future research 

emerge. First, empirical validation of the proposed framework in live healthcare projects 

is essential. Longitudinal case studies that measure key performance indicators such as 

requirement accuracy, elicitation time, stakeholder satisfaction, and compliance adher-

ence will provide robust evidence of AI’s impact and reveal unforeseen challenges in 

deployment. Second, the creation and open publication of annotated healthcare RE da-

tasets would catalyze further innovation. Shared benchmarks would enable researchers 

to fine-tune domain-specific AI models and compare the performance of various ap-

proaches under standardized conditions. Third, research into hybrid human-AI collabo-

ration models should be deepened, exploring how best to allocate tasks between human 

experts and automated tools, and how to design user interfaces that maximize transpar-

ency, trust, and efficiency. Fourth, the ethical and legal dimensions warrant deeper in-

vestigation, particularly in developing formal verification techniques that can guarantee 

AI-generated requirements comply with evolving regulations and ethical norms. This in-

cludes studying how explainable AI methods can be integrated into RE tools to provide 

clear audit trails for requirement provenance and decision rationale. Finally, interdiscipli-

nary work is needed to address the rapid evolution of medical knowledge and technol-

ogy. Future research could examine how continual learning paradigms where AI systems 

adapt to new guidelines, treatments, and device standards can be incorporated into RE 

pipelines without compromising system stability or regulatory compliance. By pursuing 

these directions, the field can move from exploratory pilot studies toward mature, field-

tested AI solutions that reliably support the demanding requirements engineering needs 

of modern healthcare. 
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8. CONCLUSION 

This study provides a multifaceted exploration of how Artificial Intelligence can be har-

nessed to enhance Requirements Engineering within the complex and highly regulated 

context of healthcare. Through a systematic literature review, expert interviews, and 

practitioner surveys, the research has illuminated both the promise and the pitfalls of 

deploying AI techniques particularly Natural Language Processing, Machine Learning, 

and Large Language Models in eliciting, analysing, and validating requirements for 

healthcare systems. One key contribution lies in the identification and categorization of 

domain-specific challenges, ranging from stringent compliance mandates under HIPAA 

and GDPR to the inherent ambiguity of clinical terminology and data security concerns. 

By mapping these challenges to AI capabilities and limitations, the thesis establishes a 

clear linkage between theoretical AI methods and the real-world needs of healthcare 

practitioners. Furthermore, the proposed framework offers concrete strategies for over-

coming these challenges, including the development of specialized AI models trained on 

healthcare data, the embedding of ethical and legal constraints directly into AI workflows, 

interdisciplinary collaboration among clinicians, legal experts, and AI engineers. This 

framework not only bridges a critical gap in academic literature where most prior work 

has been predominantly conceptual or narrowly focused but also provides a roadmap for 

healthcare organizations and software developers to implement AI-driven RE processes 

that are both effective and compliant. The empirical insights gathered from real-world 

practitioners add significant practical value, validating the proposed strategies and high-

lighting the importance of iterative feedback loops and capacity-building initiatives to en-

sure successful AI adoption. Collectively, these contributions advance the discourse on 

AI in software engineering, demonstrating how intelligent automation can be tailored to 

serve the stringent demands of healthcare, ultimately improving the quality, safety, and 

compliance of health IT systems. 
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