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The increasing use of AI-assisted coding tools is reshaping software development, including Eu-
ropean regulated healthcare environments. These environments are shaped by regulations and 
quality requirements, and put great value on safety, reliability, transparency, and traceability of 
software systems. AI-assisted coding tools offer potential benefits in productivity or creativity; 
however, existing regulations and standards provide high-level requirements, however, they of-
fer limited practical guidelines on how such tools should be used in daily coding and quality as-
surance practices. This can cause uncertainty for developers and organizations aiming to bal-
ance productivity and regulatory compliance. 

The objective of this thesis was to examine how developers can adapt their coding and QA 
practices when using AI-assisted coding tools in European regulated healthcare environments. 
The study focused on identifying benefits and risks associated with AI-assisted coding, analyz-
ing how European regulations influence modern healthcare software development, determining 
necessary adaptations to maintain safety and compliance, and comparing AI-assisted coding 
with conventional coding in terms of coequalities coverage, and development efficiency. The 
theoretical framework of this study was based on European healthcare regulations and stand-
ards, including MDR/IVDR, IEC 62304, ISO 13485, ISO 14971, GDPR, and the emerging EU AI 
Act. 

The study was implemented using a mix-method approach. Empirical data was collected 
through six semi-structured interviews with professionals related to software development and 
quality assurance and through a comparative coding experiment including a prototype cardio-
vascular report generation system implemented both manually and with AI assistance. The find-
ings indicate that AI-assisted coding improved development in terms of efficiency, especially for 
routine tasks, however, it introduces risks in reliability, explainability, data security, and in-
creased QA workload. Test coverage remained similar between AI-assisted and manual imple-
mentation, with differences in defects, code duplication, and structural code quality. 

Based on these findings, a practical developer-oriented framework was created supporting re-
sponsible use of AI-assisted coding tools in European regulated healthcare environments. The 
framework complements existing regulations and standards and provides practical guidelines in 
data governance, human oversight, review process, testing, traceability, and developer training.  
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1 Introduction 

Healthcare software development is one of the most regulated industries, where its integration with 

AI-assisted coding tools presents both opportunities, risks, and challenges. These tools promise 

faster development and improved efficiency; however, they additionally raise concerns about AI-

generated code outputs’ reliability, safety, and transparency. Therefore, it is essential to ensure 

compliance with strict legal frameworks such as, such as the Meical Device Regulation (MDR) or 

General Data Protection Regulation (GDPR) (Regulation on medical devices (EU) 2017/745; Regu-

lation on the protection of personal data 2016/679). The rising shortage of medical staff and profes-

sionals, and the rising number of patients, call for reliable and efficient healthcare software more 

than ever (European Parliament 2025). Therefore, the adoption of AI-assisted coding tools into 

healthcare software development environments is appealing to many. This creates a need for 

structured and systematic practices that developers and quality assurance specialists can use to 

remain in control over these adaptations. 

This thesis aims to address these issues by exploring how coding and quality assurance practices 

can be adapted when AI-assisted coding tools are used in European healthcare environments. 

1.1 Objectives, research problems, and demarcation 

The primary objective of this thesis is to combine a literature review, semi-structured interviews, 

and a comparison prototype experiment to create a practical framework for the responsible use of 

AI-assisted coding tools in the European regulated healthcare environment. The framework con-

sists of guidelines and QA recommendations. To ensure the framework is supported by different 

sources, this research applies triangulations through a mixed-method approach combining qualita-

tive research (semi-structured interviews), quantitative research (comparative prototype experi-

ment), and a literature review. 

The main research problem of this thesis is: How can developers adapt their coding and quality as-

surance practices when using AI-assisted coding tools in European regulated healthcare environ-

ments.  

Investigative questions are formed in attempt to solve this question. The first investigative question 

explores the benefits and risks behind AI-assisted coding to identify motives behind adapting such 

tools into the software development and identify what risks must be watched out for when adopting 

them. However, framing the discussion between only benefits and risks may oversimplify the out-

comes, therefore this question requires a deeper understanding of real development environment 

functioning.  
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The second investigative question explores the impact of European regulations on software devel-

opment in healthcare. This question aims to contribute to the main research questions by defining 

current conditions or giving examples to which software developers must adhere to and under-

stand how software developer practices can be adapted without compromising existing regulations. 

However, this question impels that regulations alone determine developer practices, whereas 

these regulations often define only high-level obligations. The third investigative question investi-

gates what adaptations are necessary to use AI-assisted coding and addresses this issue by indi-

cating where developers can strengthen their coding and QA practices when using AI without com-

promising human responsibility. Additionally, this question is necessary to identify which main prac-

tices are affected by AI-assisted coding tools. Although identifying individual adaptations is benefi-

cial, this question does not address how these adaptations can be put into use.  

The fourth investigative question aims to solve this issue by transforming adaptations into a usable 

framework that developers can apply in their work. By synthesizing the adaptations into a frame-

work, this question is necessary to ensure the research outcomes extend beyond isolated recom-

mendations. However, even well-defined adaptations can be applied incorrectly, this critique moti-

vates the need for a framework that can be translatable to many environments. Finally, the fifth in-

vestigative question shows differences between manual and AI-assisted coding, reinforcing the 

main research question by investigating the level of technical contrast between the two methods 

and providing support for empirical evidence. However, comparative results will reveal only perfor-

mance differences, the fifth question is used to contribute to the first and third questions by provid-

ing technical insights.  

This research is deliberately limited to meeting the timeframe and scope of a bachelor’s thesis. 

This work will focus on the European healthcare market and EU/EEA laws such as Medical Device 

Regulations (MDR) and General Data Protection Regulations (GDPR), and harmonized standards 

such as ISO and EN IEC. The empirical part contains the comparison prototype experiment, which 

involves the development of a cardiovascular report generation system in two versions (Traditional 

and AI-assisted) and not a production-level healthcare software or comparison between AI-assis-

tant tools; therefore, it will not make use of clinical trials or any access to patient data (the data 

used will be synthetic). Additionally, the empirical section will contain semi-structured interviews 

with only software professionals working in healthcare or other regulated environments. No outside 

EU/EEA market regulations will be included. 

1.2 Key Concepts 

• AI-Assisted Coding Tools – Computer programs using AI to help developers in any form. 
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• Software Industry professionals – People working is software-related positions with ex-

perience in software development, quality assurance or related technical roles.  

• Software Development Practices – Common to software development practices (such as 

version control, testing, documentation or code reviews) 

• Software Quality Assurance (QA) – System responsible for monitoring product standards 

• Healthcare IT Systems – systems designed for healthcare environments 

• Regulated Environments – Industries subjected to government-mandated rules 

1.3 Sustainability Perspective 

The objectives of this thesis reflect sustainability in multiple forms: 

• Economic sustainability – By exploring how developers can increase their productivity by 

using AI-assisted coding tools, this thesis contributes to a more efficient and cost-effective 

software development, which companies can use to stay highly competitive and effective 

without sacrificing regulatory compliance. 

• Social sustainability – Safe and reliable code is the foundation of trust between the devel-

oper and customer; AI-generated coding weakens trust. This thesis strengthens this bond 

by exploring how AI-coding techniques can stay transparent and compliant, ultimately, im-

proving patient outcomes and reducing usage strain on healthcare IT systems. 

• Environmental sustainability – By promoting responsible training for using AI-assisted 

coding tools, this thesis establishes awareness about sustainable and energy-cautious AI, 

leading to better resource management. (Strubell, Ganesh & McCallum 2020.) 

1.4 Cover Matrix 

Investigative Questions Theoretical 
Framework  

Results Methods 

1. What benefits and risks hide behind AI-assisted 
coding in European healthcare software develop-
ment? 

2.1, 2.4 4.1.1 Literature review, 
interviews 

2. How do European regulations influence modern 
software development in healthcare? 

2.2, 2.3 4.1.2 Literature review, 
interviews 

3. What adaptations are necessary to use AI-as-
sisted coding and maintain safety, transparency, re-
liability, and compliance? 

2.2 4.1.3 Literature review, 
interviews 

4. How can those adaptations be put together into a 
usable framework that developers can use? 

2.1, 2.2 4.1.3, 
4.2 

Prototype experi-
ment 

5. How does AI assisted coding compare to conven-
tional coding in terms of code quality, test coverage, 
and development efficiency?  

2.1, 2,4 4.1.4 Integration of in-
terview & proto-
type results 
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2 Theoretical Framework 

Every day, we become more dependent on tools that make us more efficient; it is no different in 

software development. The advancements in artificial intelligence prompted the emergence of AI-

assisted coding tools such as GitHub Copilot and ChatGPT, which have affected how software de-

velopment functions. These tools, built upon Large Language Models (LLMs) and trained with vast 

amounts of programming data and code, can automate numerous tasks previously perceived as 

solely for programmers, and by utilizing Natural Language Processing (NLP), these tools have no 

challenge in understanding and generating human or programming language. Unlike traditional 

coding, they use pattern recognition and nonlinear thinking to generate contextual code, sugges-

tions, and decisions, making them appeal to a range of developers. The adoption of AI-assisted 

coding tools changes how developers work, from sole programmers to putting them into a collabo-

rative state with the AI tools. (Wong, Guo, Hang, Ho & Tan 2023.) 

The right column of Figure 1 was originally used in the work of Saravanan & al (2025), to present 

an Overall System Architecture as part of their dual-module approach. To illustrate the differences 

between manual and AI-assisted coding workflows, this thesis adapted the workflow and added 

manual coding system architecture.  

 

Figure 1. Comparison of manual and AI-assisted coding workflows (Right column (AI-assisted 

workflow) adapted from Saravanan et al. 2025, 2911) 
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The development of AI-assisted coding tools builds upon a long history of Programming assistants. 

Early tools, such as IntelliSense or static analyzers, offered autocomplete features and syntax 

checkers, however, were limited to the programming language or coding environment used. The 

release of ChatGPT Codex in 2021 and, soon after, GitHub Copilot marked a tipping point in soft-

ware development, and the adoption of AI-assisted coding tools skyrocketed. As shown in Figure 

2, 84% of developers use or plan to use AI tools for coding in year 2025. This rapid industry 

change calls for structured and systematic practices that developers and quality assurance special-

ists use to adapt AI-assisted coding tools into their work. 

 

Figure 2. AI tools in the development process (Stackoverflow 2025) 

Beyond its rapid adaptation speed, AI-assisted coding tools are additionally known for the numer-

ous benefits they offer in software development in European healthcare. One of the benefits re-

ferred to is increased development efficiency, compared to traditional coding, where developers 

were responsible for manually implementing logic, writing unit tests, and debugging errors (Peng, 

Kalliamvakou, Cihon & Demirer 2023; Yuan & al. 2024). Developers using AI-assisted coding tools 

can widely automate these tasks, allowing them to prioritize system design and innovations. How-

ever, a study by Becker, Rush, Barnes and Rein (2025) found that experienced developers can be 

slowed down by these tools. Another benefit of AI-assisted coding tools is that they can serve as a 

learning aid, especially for junior and new developers. These tools can generate suggestions, feed-

back, and promote best practices, helping developers with less experience to boost their code and 

framework understanding. (Ferino, Hoda, Grundy & Treude 2025.) Additionally, these tools can 

function as a "programmer assistant”, by generating suggestions that help developers brainstorm 

functionalities and debugging, or explain documentation, ultimately increasing developers’ output 

(Chen & al. 2025). Taken together, these benefits show that AI-assisted coding tools not only boost 

developers’ productivity, however, additionally change how they function daily. 
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Even though AI-assisted coding tools offer multiple benefits, they come with risks and challenges 

that need to be properly addressed before implementing these tools into software development in 

the European healthcare environment. The most popular vulnerability is the code quality produced 

by these tools, as AI-generated code can be over-engineered, incorrect, or disregard coding stand-

ards (Licorish, Bajpai, Arora, Wang & Tantithamthavorn 2025). Another major risk is maintaining 

safety and compliance, as developers who use AI-assisted coding tools can create significantly 

more security vulnerabilities compared to those who do not. What is worse is that these developers 

can be convinced that they wrote secure code. (Perry, Srivastava, Kumar & Boneh 2023.) Another 

risk and challenge are maintainability issues; a significant number of healthcare software systems 

cannot be left unattended after deployment and need to be accessed for potential updates or modi-

fications. When it was the AI that created or coded the software, the risk of poorly documented and 

less readable code rises (Abbassi, Silva, Nikanjam & Khomh 2025). AI-assisted coding tools are 

effective in generating vast amounts of tests, which can often fool developers. These tests, how-

ever, have proven to lack behind in execution, finding edge cases, and in some cases, simply inef-

fective. (Huang & al. 2025.) 

The combinations of benefits, risks, and challenges are proof that AI-assisted coding tools can be 

positive and negative for developers, which not only increase productivity, however, additionally 

change how developers operate entirely. These tools shift developers entirely from manual coding 

to prompt engineering, reviewing, and output selection, putting more weight on quality assurance 

systems, especially in regulated environments such as healthcare. It is essential that the wide ap-

plicability of AI-assisted coding tools does not cause overreliance and overconfidence in them and 

does not weaken the developer’s creativity and critical thinking, as those attributes are the founda-

tional reasons why we can enjoy safe and reliable healthcare systems all over the world.  

2.1 Software Development and Quality Assurance in Regulated Environments 

Quality assurance (QA) plays a key role in European regulated environments; it is essential in in-

dustries such as healthcare, where badly organized systems or code defects can not only lead to 

financial losses or reputation damage, however, additionally endanger human life. In non-regulated 

environments, QA can be more flexible and focus its main resources on business objectives or per-

formance, whereas in regulated industries, QA is responsible for risk management or ensuring 

compliance with strict legal frameworks such as Medical Device Regulations (MDR). It consists of 

multiple activities, however, the most common in regulated software development environments 

are test planning and design, test execution and bug fixing, and documentation and reporting. It 

serves not only as a test foundation, however, additionally as a wide system for accountability and 

defect management, ensuring that the development processes are safeguarded in terms of 
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compliance, efficiency, reliability, and safety, ultimately building trust for regulatory institutions, 

businesses, and customers. (Niţă, Stan & Țîţu 2024.) 

Quality assurance (QA) in a regulated software environment is built upon numerous industry stand-

ards and internal company processes. These processes include Verification & Validation (V&V) 

that check if the right software is being built and if it is done in the right way, and process audits 

where the development practices are validated for adherence to the industry standards. These pro-

cesses are supported by standards such as EN ISO 13485 (Medical device QMS standard), EN 

ISO 14971 (Medical device risk management standard), EN IEC 62304 (Medical device software 

lifecycle standard), EN IEC 81001-5-1 (Health software cybersecurity lifecycle standard), and EN 

IEC 82304-1 (Health software product safety standard). (ISO 13485:2016; ISO 14971:2019; IEC 

62304:2006/Amd 1:2015; IEC 81001-5-1:2021; IEC 82304-1:2016.) 

Together, these standards form a framework that directly impacts how developers write compre-

hensive documentation, implement risk management, and ensure safety and full transparency, for 

example, by requiring that every code block needs to be properly documented, tested, and linked 

to the right requirement/ticket. By compliance with these standards, developers can contribute to 

safer software, better market access, and continuous improvement. It is essential to mention that 

these EN ISO and EN IEC standards are not laws themselves, rather they are part of the harmo-

nized standards of MDR which is a European law, these standards are recommended to show 

compliance with legal regulations (European Union s.a.). Unlike nonregulated environments where 

quality assurance can be lightweight and inexpensive, in regulated environments they are often 

complex, formalized, and resource heavy.  

Although Quality assurance and regulations can contribute to product safety and reliability, various 

of those practices can cause complications and a need for developers to adapt when using AI-as-

sisted coding tools in regulated environments. A range of AI-generated codes can appear correct 

and well-structured while containing multiple flaws uncaught by a developer’s naked eye. A study 

by Pearce, Ahmad, Tan, Dolan-Gavitt and Karri (2025) in accessing AI-generated code found that 

out of 1689 generated programs, 40% were vulnerable; this leads to a risk of those vulnerabilities 

being pushed further in the development cycle or even to the production line. Developers to detect 

these flaws early and maintain reliability should adopt quality analysis of AI-generated code, static 

analyzers, and implement a mandatory human code review.  

As AI-assisted coding tools evolve, maintaining transparency in complex environments can be-

come more challenging, and calls for adaptations for developers to avoid conflicting with standards 

such as EN IEC 62304 (which requires documentation, planning, verification, and traceability). 

Watson and Van Itallie (2025) recommend organizations to a develop comprehensive GenAI 
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transparency strategy, including an immediate implementation of a transparency system to monitor 

AI-generated code throughout the whole life cycle, an investment in education and training to in-

crease understanding of AI tools and transparency practices, additionally they recommend inte-

grating government policies (quality standards, security requirements, intellectual property man-

agement procedures) into the software development lifecycle. 

Due to LLMs being used in AI-assisted coding tools are trained on vast amounts of publicly availa-

ble data (for example, from GitHub) and data from prompts shared with the tools can be reused as 

training data, these tools can unintentionally generate license-protected code (King, Klyman, Cap-

stick, Saade & Hsieh 2025; Xu, Gao, He & Zhou 2025). As it is difficult to spot license issues and 

security vulnerabilities, causing security and compliance risks, developers can adapt by using 

SAST/DAST (Static / Dynamic Application Security Testing) and Software Composition Analysis 

(SCA) tools. Additionally, a recent study in developer self-declaration of AI-generated code showed 

that almost 25% of responders claimed to never self-declare AI-generated code, this could lead to 

license issues, or difficulties in categorizing of AI-generated code. The study recommended prac-

tices such as writing comments indicating code origin, prompt used, and scope of AI-gen parts. 

(Kashif, Liang & Tahir 2025.) 

While these complications can slow down software development in regulated environments, quality 

assurance practices and regulations can give valuable insight into safe and reliable software devel-

opment across all industries. By combining these insights from recent research, industry regula-

tions and standards, semi-structured interviews, and proposed implementations such as traceabil-

ity structure, static analyzers, and variability and license scanners, a practical framework can be 

created to guide developers for safe use of AI-assisted coding tools in software development in Eu-

ropean healthcare-regulated environments. 

Multiple existing frameworks intend to mitigate with the challenges and risks introduced by AI-as-

sisted coding tools. However, numerous of them focus on high-level structures or are insufficiently 

addressed to practices of the European and Healthcare software development domain. The EU 

Ethics guidelines for trustworthy AI are one of the most cited frameworks for responsible AI use. 

While it focusses on promoting and maintaining human agency, transparency, accountability, and 

technical robustness, relating closely to this works framework, it remains intentionally abstract, and 

does not provide concrete practices for developers on adapting AI-assisted coding tools.  

Similarly, the EU AI Act introduces legally binding principles such as human oversight, risk man-

agement, and documentation for high-risk AI systems. Even though the act has high influence on 

European healthcare software development, it focuses mainly on regulating AI systems based on 

risk classification (Regulation (EU) 2024/1689). Other organizational frameworks such as the 
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ISO/IEC 42001 focus on managerial governance levels, and while essential for maintaining organi-

zational readiness, they do not focus on developer level activities for adopting AI-assisted coding 

tools (ISO/IEC 42001:2023). 

Finally, recent HULA (Human-in-the-Loop LLM-based Agents) framework introduces a structured 

human-AI collaboration process that enables AI planning and code generation while maintaining 

human control. Unlike high-level frameworks HULA focusses on enabling human oversight 

throughout reach development stage. However, it primarily focusses on interactions and control 

flow and does not cover topics such as data governance or QA integration. (Takerngsaksiri & al. 

2025.) 

 

Figure 3. Overview of the Human-in-the-Loop LLM-based software development agents’ 

framework (HULA) for solving a Jira ticket (adopted from Takerngsaksiri et al., 2025) 

Despite the availability of ethical, regulatory and organizational AI frameworks, a clear gap remains 

in developer-oriented adaptations for coding and quality assurance practices for AI-assisted soft-

ware development in regulated healthcare environments. In contrast to these frameworks, the pro-

posed framework in this thesis focusses on day-to-day developer level operations that should di-

rectly influence coding and QA practices when dealing with AI-assisted coding tools in European 

regulated healthcare environments. The proposed framework discusses regulatory and theoretical 

requirements and translates them based on empirical evidence from semi-structured interviews 

and a comparative coding experiment to developer-oriented adaptations.  
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2.2 Healthcare IT Regulations in Europe 

Coverage reports were generated identically using command represented by figure 5. These laws 

have been established to protect patients by ensuring the safety, reliability, and accountability of 

medical software systems and their development processes which is especially important when AI-

assisted code might look correct, however, is flawed. The General Data Protection Regulation 

(GDPR) is a fundamental law of the EU/EEA, whose primary purpose is to ensure that every indi-

vidual has control over how their personal data is collected, processed, stored, and shared (Regu-

lation on The Protection of Personal Data 2016/679). It was adopted in 2016 and made fully appli-

cable in 2018. In terms of coding and QA practices, it mandates, for example, that developers ad-

here to privacy by design principles by default, data minimization, security through encryption and 

testing, user rights such as data access and deletion, and full documentation of data processing 

and handling.  

Another important regulation for healthcare software development is the European Medical Device 

Regulation (MDR) (Regulation on Medical Devices (EU) 2017/745) which applies to devices that 

have direct contact with or influence on the patients, such as surgical instruments or implants. 

Through its adaptation in 2017 and making it fully applicable in 2021, the European Parliament and 

the European Council mandate developers to follow, software risk classifications, verification and 

validation processes, traceability, change and configuration management, and documentation. 

Additionally, Vitro Diagnostic Regulation (IVDR) applies to software that analyzes in vitro (biologi-

cal samples) It was adopted in 2017 and made fully applicable in 2022; it specifically refers to in 

vitro diagnostic medical devices used, for example, in lab analysis, genetic testing, or disease 

screening (Regulation on in Vitro Diagnostic Medical Devices (EU) 2017/746). Both MDR and 

IVDR are closely related and cover several similar areas, such as software lifecycle management, 

V&V, traceability, and documentation. However, MDR is intended for traditional medical devices, 

and IVDR was for in vitro diagnostic medical devices; these differences lead to variations in areas 

such as classification rules, risk assessment, and documentation depth. 

To put legal regulations such as GDPR, MDR, and IVDR into practice, developers and quality as-

surance specialists rely on harmonized standards. While MDR and IVDR define legal obligations, 

they do not provide exact technical processes or practices required. This is where harmonized 

standards come into play; by giving guidance on quality management, risk control, and the medical 

device software lifecycle, they help developers achieve adherence to MDR or IVDR. Harmonized 

standards are not legally mandatory, and their use is voluntary; however, following them demon-

strates compliance with legal frameworks, and organizations are still free to choose different tech-

nical solutions to demonstrate compliance.  
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Developers using AI-assisted coding in healthcare environments should follow standards such as 

EN ISO 13485:2016, which was introduced already in 1996, and with its most recent amendment 

A11 in 2021, was harmonized with its amendment under MDR and IVDR in 2022 (ISO 13485:2016; 

Commission Implementing Decision (EU) 2022/757). Though quality management system princi-

ples that are tailored for the safety and reliability requirements of medical devices, it shapes how 

developers do software design, implementation, validation, and documentation. EN ISO 

14971:2019, built from earlier standards with its first consolidated version published in 2000, with 

its most recent amendment A11 in 2021, became harmonized under MDR and IVDR in 2022 (ISO 

14971:2019; Commission Implementing Decision (EU) 2022/757). It governs the risk management 

of medical devices. For developers, this standard declares how software should be designed, im-

plemented, and maintained with a focus on finding, evaluating, and controlling risks through soft-

ware lifecycles.  

EN IEC 62304:2006, being first published in 2006, with its first amendment (Amd 1) in 2015, was 

announced as a harmonized standard under MDR and IVDR in 2021 (IEC 62304:2006; Commis-

sion Implementing Decision (EU) C(2021) 2406 final). It provides information and guidelines for 

software lifecycle processes for software used in medical devices, covering planning, require-

ments, design, implementation, verification, validation, and maintenance. IEC 81001-5-1:2021 pub-

lished in 2021 and announced harmonized under MDR and IVDR in 2024 (IEC 81001-5-1:2021; 

Commission Implementing Decision (EU) C(2021) 2406 final). It mandates that developers must 

implement various security activities though the lifecycle such as threat analysis, secure coding, 

and vulnerability handling. EN IEC 82304-1:2016 published in 2016 and harmonized under MDR 

and IVDR in 2024 (IEC 82304-1:2016; Commission Implementing Decision (EU) C(2021) 2406 fi-

nal). It defines general security requirements thought the whole software lifecycle. 

Requirements from MDR/IVDR, GDPR and harmonized standards such as EN ISO 13485, EN ISO 

14971, and IEC 62304, can overlap with each other; to avoid repetition and formulize them into 

concrete examples of obligations from coding and QA practices in healthcare environments, they 

can be grouped into categories such as lifecycle processes, traceability, risk management, data 

protection, verification, and quality.  

In lifecycle processes, developers are required under MDR/IVDR, EN IEC 62304, and EN ISO 

13485 create a documentation system (e.g. confluence) that incorporates the whole software 

lifecycle process throughout all the requirements, design, implementation, verification, and mainte-

nance stages, store all decisions such as inputs, outputs, reviews, and V&V, and implement ver-

sion control (e.g. Git) and change control by tracking, versioning, risk assessing, and impact analy-

sis of all updates made. Additionally, developers are obligated to integrate post-market monitoring 
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and updates as a normal part of the development cycle. For traceability, MDR/IVDR, EN IEC 

62304, and ISO 13485, require that all code must be justified and linked to requirements, design, 

and verification in a requirements management and issue tracking system (e.g. JIRA or GitHub Is-

sues), forming a thread-like structure that can follow the clinical requirement all the way back to the 

code snippet. In addition, these regulations and standards require risk traceability through docu-

mented threats, mitigation, and test evidence.  

In risk management, MDR/IVDR, EN IEC 81001-5-1, and EN ISO 14971 require a systematic risk 

identification protocol that identifies possible software hazards (e.g. misdiagnosis, wrong alerts), 

with risk classification, using modules identified as high risk through stricter V&V and documenta-

tion, and implementing a risk control system that proceeds to mitigation procedures and alerts in 

case of any failures, if any risks remain after mitigation attempts, they should be documented and 

justified clearly. For data protection, GDPR and EN IEC 81001-5-1 requires developers to use data 

encryption and pseudonymization methods and collect/use only minimal and necessary data rele-

vant to their projects. Users should be presented with consent forms allowing them to agree to use 

their data with the option of withdrawing; additionally, they should have the right to access, edit, de-

lete, and export their data. Systems created by the developers are required to have a logging sys-

tem for all activities and an incident reporting system.  

In verification, MDR/IVDR and standards EN IEC 62304, EN ISO 13485, EN ISO 14971, and EN 

IEC 81001-5-1 dictate that developers must perform systematic code reviews, static analysis, cre-

ate, execute, and document all unit and integration tests for software requirements, depending on 

the risk classification and system tests for products intended use covering performance and func-

tional requirements. Additionally, developers must ensure through tests that each risk control exe-

cutes properly and simulates clinical real-world performance. Developers can prove adherence 

with quality obligations through meeting requirements from the previous sections in lifecycle pro-

cesses, traceability, risk management, data protection, and verification. Additionally, developers 

are required to be qualified for medical software development and follow a structured development 

system with adherence to coding conventions, peer reviewing, and confirming the technical suita-

bility of third-party libraries, APIs, and AI models. (Regulation on the protection of personal data 

2016/679; Regulation on medical devices (EU) 2017/745; Regulation on in vitro diagnostic medical 

devices (EU) 2017/746; ISO 13485:2016; ISO 14971:2019; IEC 62304:2006.) 

When developers use AI-assisted coding tools, they fall under the EU AI Act expectations for trans-

parency, human oversight, and risk management, as a result the outcome is a high-risk medical 

software. It requires, among others, that developers have full control and can intervene, override, 

and stop AI-generated decisions. (European Commission 2025.) 
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2.3 Explainability, Transparency and Trust in AI 

Using AI-assisted coding tools in healthcare can cause major doubt in code quality and product re-

liability. This is due to numerous AI models work as “black boxes” with billions of parameters, inter-

nal reasoning, and operations that are hard to justify at first sight, causing difficulties for developers 

and clinicians. This problem closely relates to the interpretability of AI models, which is explained 

as the level of AI models’ internal workings that can be understood. It determines how much devel-

opers and clinicians can understand why a model behaves in a specific way. (Garouani, Mothe, 

Barhrhouj & Aligon 2024.) 

Interpretability is crucial for debugging, validation, and assessment of AI-assisted coding tools. 

However, developers cannot simply look at model weights and justify the reasoning behind the AI-

generated code. To increase interpretability, one can apply explainability methods. Explainability 

refers to the set methodologies used to increase interpretability of an AI model, and involves docu-

mentation and techniques such as confidence scoring, assigning a confidence level to each AI 

generated output, prompt-to-code attribution, where each code generates is linked to the used 

prompt, and semantic and structural analysis, such tools help explain and understand the AI gener-

ated code,, however, these techniques are experimental and not widely adopted yet. In regulated 

environments, explainability and interpretability can support transparency and verification. 

Transparency and trust in medical software are cornerstones of efficient collaboration between de-

velopers and clinicians. Studies on explainable AI in healthcare show that clinicians are more likely 

to trust and accept systems where they understand their inner workings (Markus, Kors & Rijnbeek 

2021; Dave, Naik, Singhal & Patel 2020). Especially as transparency is expected from MDR/IVDR 

and EN ISO 14971. Developers ensure transparency through the Software Development Life Cycle 

(SDLC) and use it in software validation, documentation, and maintainability. Clinicians, on the 

other hand, use transparency, for example, to understand, evaluate, and trust the software’s func-

tionalities, make informed decisions, and ensure accurate data processing (U.S. Food and Drug 

Administration 2024). 

However, ethical questions arise when developers use AI-assisted coding tools. Alongside reliabil-

ity concerns, safety risks, and intellectual property concerns on AI-assisted coding tools, to what 

extent are developers ethically responsible for AI-caused problems/bugs? When coding or devel-

oper decisions are influenced by AI-assisted coding tools, where does the use of these tools offi-

cially start and where does it end? And at what point should it be disclosed? How ethically respon-

sible should developers be for maintaining their coding competence, judgment, and preventing 

over-reliance on AI-assisted coding tools? Additionally, when clinicians decide to incorporate sys-

tems that were developed with the use of AI-assisted coding tools, they face several ethical 
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questions. Should clinicians trust systems developed with the use of AI-assisted coding tools? Es-

pecially if they do not know the extent of AI involvement? To what extent should clinicians trust the 

medical output of an AI-built system, given the Hippocratic Oath? How ethically responsible should 

the clinician be if an AI-built system mispresents patient results? Should clinicians disclose that 

their system was built with AI-assisted coding tools? And will disclosure cause concerns and 

weaken patients’ trust? These questions are not only theoretical; however, they additionally directly 

relate to patient safety, professional integrity, and public trust in the application of AI-assisted cod-

ing tools in healthcare. 

2.4 Summary of Theoretical Frameworks 

AI-assisted coding tools in Software Development change the role of developers in software pro-

jects. Developers by entering a collaborative state with these tools, expect opportunities such as 

increased efficiency and faster development speeds, leading to these tools becoming rapidly more 

common, however, they additionally carry risks and challenges such as concerns about the quality, 

safety, and maintainability of AI-generated code, that need to be carefully evaluated, especially 

when ap-plying these tools in regulated healthcare environments.  

To ensure oversight and structurization of healthcare software development, the EU/EEA has 

adopted several regulations, such as MDR, IVDR, GDPR, and regulatory standards such as EN 

IEC 62304, EN ISO 13485, and EN ISO 14971. These regulations and standards collectively influ-

ence coding and QA practices by directing how healthcare software must be developed, validated, 

documented, and maintained, and defining requirements for software lifecycle processes, tracea-

bility, risk management, data protection, and quality assurance.  

For developers, quality assurance not only serves as a tool to achieve compliance with legal 

frameworks, however, additionally as a set of internal company processes that enhances the con-

trol and understanding of the development processes. Developers to achieve compliance with reg-

ulatory frameworks and address the risks of using AI-assisted coding tools in healthcare software 

environments must follow rigorous quality assurance practices, including static analyzers, quality 

analysis of AI-generated code, and enhanced validation and documentation. As a result of using 

these tools can introduce uncaught flaws that are invisible to developers.  

Concurrently, transparency and trust remain crucial for software systems developed with AI-as-

sisted coding tools, as healthcare professionals and regulators require not only safe and reliable 

systems, however, additionally transparent, easy-to-understand, and justifiable systems, as they 

may have an impact on human health. Together, these perspectives reveal a need for a structured 

and systematic framework that can guide developers and quality assurance specialists to remain in 
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control when using AI-assisted coding tools in European healthcare environments. The next chap-

ter is an empirical investigation, exploring though semi-structured interviews and a comparison pro-

totype experiment, the importance of QA practices, the impact of AI-assisted coding tools, adapta-

tions needed, and comparison between manual and AI-assisted coding. 
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3 Empirical Part 

The empirical part of this thesis focuses on investigating how AI-assisted coding tools influence 

coding and QA practices in European healthcare software development. The research target of this 

section is to generate empirical insights that contribute to the overall aim of this thesis: creating a 

practical framework that developers can use to responsibly use AI-assisted coding tools in the Eu-

ropean regulated healthcare environment. 

This was done through the two primary objectives of this section:  

• Conduct Semi-structured interviews with professionals working in software development to 

collect practical viewpoints on the benefits and risks associated with AI-assisted coding 

tools, the influence of European regulations on coding and QA practices, and adaptations 

viewed as necessary to use AI-assisted coding tools.  

• Conduct a prototype comparison experiment by developing cardiovascular report genera-

tion software in two versions, one with the use of traditional coding practices and one with 

the use of AI-assisted coding tools, to test the practical implementation of those tools and 

evaluate the differences in code quality, test coverage, and development efficiency. 

Together, the results from these objectives will be combined with theoretical frameworks to create 

conclusions and recommendations. 

3.1 Research Methods and Justifications 

A mixed-method research approach was chosen for this thesis, combining qualitative and quantita-

tive research methods. This design allows for exploring both professionals’ viewpoints and a com-

parative experiment of how AI-assisted coding tools affect coding and QA practices in European 

healthcare software development. According to Ahmed, Pereira and Jane (2024) mixed-method 

research approach of qualitative and quantitative methods can be used to deepen the understand-

ing of complex phenomena and offers an enhanced research process. By the combination of these 

methods, researchers can cover areas that each method alone misses, and therefore, it is suitable 

for research questions that require insights from different perspectives. Alternative approaches 

were considered, such as surveys, however, were not selected as they provide less contextual 

data compared to interviews, needed for the thesis objective.  

Semi-structured interviews were conducted as a qualitative method, because they offer a flexible 

and concurrently structured approach that allows researchers to gain in-depth information and un-

derstanding from interviewees staying on track with the research topic, with the possibility of asking 

spontaneous follow-up questions (Mashuri, Sarib, Alhabsyi, Syam & Ruslin 2022). This approach is 
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well suited for complex and context dependent topics such as regulatory compliance challenges, 

different perspectives, and professional practices in healthcare software development. Compared 

to an unstructured approach with no predefined questions. 

To complement the qualitative method, a quantitative method of a prototype comparison experi-

ment has been conducted. Experimental approaches allow for careful examination under controlled 

conditions and allow for a comparative evaluation of different approaches (Juristo & Moreno 2013; 

(Sjoeberg & al. 2005). Making it an ideal approach to evaluate and compare the influence of AI-

assisted coding tools on code quality, test coverage, and development efficiency between the two 

software prototypes. This method was selected over observational study and case study due to 

their lack of controlled conditions needed for the comparison between AI-assisted and traditional 

development code outcomes. 

3.2 Implementation of Semi-Structured Interviews 

The implementation of semi-structured interviews in this research consisted of planning and valida-

tion of the interview guide, recruiting and selecting interview participants, conducting and recording 

of the interviews, and analyzing the interview results.  

3.2.1 Progression of the Semi-Structured Interview Study 

The planning of the interviews started with consultation and creation of interview questions based 

on the thesis research questions and theoretical frameworks relevant to Coding and QA practices, 

European healthcare, AI-assisted coding, and potential adaptations. This resulted in an interview 

guide document that was validated by academic experienced professionals and can be found in 

Appendix 1.  

The interview participants were selected from researcher’s network using purposive sampling. The 

aim of this selection was to find industry professionals with backgrounds in software development, 

European healthcare or medical devices, and those that can comment on QA and regulatory com-

pliance. This group included professionals with experience using AI-assisted coding tools. The se-

lection resulted in 6 participants. The target profiles included: 

• Roles relevant to regulatory and QA compliance (CTO, QA manager, product owner) 

• Software Developers working in healthcare or medical device projects 

Selection criteria included:  

• At least one year of experience in software development in a relevant field 

• Past or present Involvement in projects that required European healthcare regulation 
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The interviews were anonymous and conducted online (Microsoft Teams and Google Meet) to en-

sure time and location flexibility for interviewees. Each interview lasted from 30 minutes to an hour 

depending on the participant’s availability and depth of conversation. During the interview partici-

pant approved notes were taken, with follow-up questions to elaborate and deepen participant an-

swers.  

3.2.2 Interview Guide 

The interview guide was constructed to be semi-structured and lead the interview though its main 

themes additionally, allowing the interviewer to adjust the order depending on the conversation and 

ask elaboration and follow-up questions. The Interview Guide main themes include: 

1. Background 

a. Role and experience in software development 

b. Project examples relevant to regulatory compliance and healthcare 

2. Coding and QA Practices 

a. Typical coding workflow  

b. Most important quality assurance practices 

c. Big challenges in ensuring compliance with healthcare regulations 

3. AI-Assisted Coding 

a. AI-assisted coding tools usage extent 

b. Potential benefits behind using AI-assisted coding tools 

c. Potential risks behind using AI-assisted coding tools 

4. Adaptations and Future Outlook 

a. Adaptations needed in coding and QA practices for wider adaptation of AI-assisted 

coding tools at work 

b. Guidelines, checklists, and regulations recommendation 

5. Closing 

a. Additional comments and experience about coding, QA, or AI-assisted coding tools 

3.2.3 Ethical Considerations 

To ensure ethicality of the interview process several measures have been applied:  

The participation is voluntary, and the participants have been informed in advance about the pur-

pose of the research, how their data will be used, their right to withdraw, and their anonymity. Par-

ticipation consent forms Appendix 2. and participant information sheets Appendix 3. have been col-

lected according to Haaga-Helia guidelines and kept in a secure location. In case of withdrawal 

from the participation, all data will be removed if still technically feasible.  
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Interviews avoided collecting unnecessary data and any data collected was transcribed and stored 

in a password-protected location in researcher’s personal computer and backed up in cloud stor-

age provided by Haaga-Helia. All participant specific information was aggregated or para-

phrased when transcribed to ensure anonymity of the individuals.  

No sensitive information other than professional background and role was intentionally collected. 

The study follows Haaga-Helia ethical guidelines. 

All interview data such as notes and transcripts, and consent forms will be permanently deleted 3 

months after the thesis has been accepted and graded. Only anonymized and rephrased frag-

ments included in the thesis will remail as part of permanent research record 

3.2.4 Analysis 

After the interview phase, findings have been manually checked for correctness, transcribed, and 

imported to a text editor tool. Data from the six interviews was subjected to a thematic analysis 

flowing the principles of (King & Brooks 2017). Because the interview guide was structured around 

five predefined themes, such as: Background, Coding and QA Practices, AI-assisted Coding, Ad-

aptations and Future Outlook, and Additional Observations, the transcripts were organized deduc-

tively. This approach allowed consistency in statement comparison, pattern identification, and flexi-

bility to incorporate predefined themes derived from Theoretical Frameworks. 

Within each interview statement, its main ideas were highlighted and assigned an interpretive code 

that was later grouped up in a matrix. With rows representing the main themes and columns repre-

senting the anonymous participants, the researcher was able to compare all statements within x 

and y axis as well as individual boxes. The similarities and recurring ideas were subsequently 

grouped into sub-themes that described shared perspectives. The defined sub-themes were con-

firmed with raw statements to ensure their accuracy and minor adjustment were made to manage 

overlapping ideas. The analysis was finalized by writing down findings for each theme including 

main pattern of the theme, key ideas (both shared and individual), and a summary of the theme.  

3.3 Implementation of the Prototype Experiment 

The implementation of the Prototype Experiment in this research was conducted by developing a 

cardiovascular report generation system in two versions. The development of the two versions in-

cluded panning mutual requirements and setting up the environment, two separate development 

phases, one conducted manually and one conducted with use of AI-assisted coding tools, by the 

researcher. A comparative analysis between the two versions focusing on code quality, test cover-

age, and development efficiency. 
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3.3.1 Progression of the Prototype Experiment 

The prototype experiment started with planning and setting the base requirements, resulting in the 

decision to develop a cardiovascular report generation system due to its lightweight, low risk, medi-

cal aspects, the base requirements were set to meet with the research objectives and theoretical 

frameworks defined earlier in this thesis.  

The requirements were:  

• The system generates its own patient mock data in a JSON format with vitals such as CCA 

(psv_cm_s, edv_cm_s, imt_mm), ICA (psv_cm_s, edv_cm_s, imt_mm), and ECA 

(psv_cm_s, edv_cm_s). 

• The system inputs the JSON data, analyses the data, and generates a HTML/PDF docu-

ment containing patient data and diagnosis. 

• The system contains unit tests for all report generation modules 

The development was conducted twice using identical requirements. The Manual coding imple-

mentation was carried out first by the researcher, consequently its development was not affected 

by the AI-Assisted coding implementation logic. The AI-Assisted coding implementation was car-

ried out with use of ChatGPT and Copilot, prompts were used to generate modules, structure, doc-

umentation, and tests. Adjustments were made only where necessary to ensure functional and de-

sign correctness, the initial AI prompt can be found under Appendix 4. As result, two functionally 

comparable, however, structurally different codebases were produced, allowing a fair comparison 

of Reliability, Security, Maintainability, test coverage, and development efficiency. 

Both versions were created with VS Code 1.105.1, Python 3.12.7, pytest 7.4.4, weasyprint 66.0, 

Jinja2 3.1.4 

Both implementation versions can be found in researchers GitHub repository: 

https://github.com/Blazej3/cardio_report_experiment 

The data collection proceeded with the developer (researcher) measuring time of completion for 

each implementation and using a static analysis tool SonarQube. This tool was chosen because it 

is research validated platform for detecting maintainability issues, code smells, security hotspots, 

and test coverage metrics in software engineering projects. Prior research indicates that numerous 

companies and developers constantly rely on static analysis tools such as SonarQube to detect 

defects and enforce coding standards. Additionally, Guaman, Quezada-Sarmiento, Barba-

Guamán, Cabrera and Enciso (2017) demonstrate that SonarQube is one of the most used tools in 

industry and academia for evaluating code quality due to its high-quality models and well-defined 

metrics, that link its evaluation criteria to software quality frameworks such as ISO-9126 and 

https://github.com/Blazej3/cardio_report_experiment
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SQALE. On top of metrics collected during the implementation phase, the researcher collected per-

sonal observations seen as noteworthy. 

3.3.2 Ethical Considerations  

To ensure ethicality of the experiment process several measures have been applied. The experi-

ment did not use any sort of patient data and only random synthetic mock data was used. The soft-

ware was explicitly defined as non-medical to prevent misinterpretation for medical diagnosis/ad-

vice software. The AI-assisted coding was transparently documented, and all AI generated code 

was manually verified to ensure human oversight in line with the EU AI Act. The analysis phase for 

both implementations was conducted identically to ensure fair and controlled comparison to avoid 

bias. Additionally, all methodological choices were documented to ensure reproducibility, transpar-

ency, and academic integrity. 

3.3.3 Analysis 

The individual implementation analysis was conducted by first setting up a local SonarQube server 

deployed using Docker (sonarqube:lts) and accessed via http://localhost:9000, with each imple-

mentation containing a separate sonar-project.properties file, defining a unique sonar.projectKey, 

project name, source paths, and coverage report paths, this ensured SonarQube treated the imple-

mentations as two separate projects. For each implementation the scanner was executed from pro-

ject root directory using the official SonarScanner CLI container, figure 4. Coverage reports were 

generated identically using command represented by figure 5 

 

Figure 4. Docker command used to run the SonarScanner CLI container 

 

Figure 5. Pytest command used to run tests with branch coverage 

The resulting coverage.xml file for each project were automatically imported by SonarQube. Suc-

cessful ingestion was confirmed via SonarQube dashboard, where code quality, and test coverage 

metrics were displayed for each project independently. SonarQube analysis for Manual implemen-

tation is represented by figure 6. and analysis for AI-Assisted implementation is represented by fig-

ure 7. 
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Figure 6. SonarQube overall code quality dashboard summarizing metrics from the manual 

implementation. 

 

Figure 7. SonarQube overall code quality dashboard summarizing metrics from the ai-assisted 

implementation. 
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It is essential to mention that in the manual implementation, SonarQube reported two security 

hotspots related to the use of Python’s random module for generating synthetic patient attributes 

(age_years and sex). These were automatically flagged under rule python: S2245, which warns 

against pseudorandom number generators in security-critical contexts. In this implementation, the 

random values were sole used for mock patient data generation in a controlled non-production en-

vironment. This required a human review, which classified both risks as safe. Additionally, the data 

generation module was not subjected to any tests because it does not contribute to the core be-

havior of the report generation system. However, it was still subjected to static analysis and test 

coverage reporting, because SonarQube evaluates structural quality of the entire codebase, and 

not functional modules, which makes it appropriate for collecting maintainability and security data. 

3.4 Empirical Results 

This section presents empirical results from semi-structured interviews and the comparison proto-

type experiment conducted in this thesis. The purpose of this section is to present results without 

interpretation. These results are later discussed and connected to theoretical frameworks in Chap-

ter 4. 

Table 1. Findings from Semi-Structured Interviews 

Theme 1: Professional Background and Experience  

Pattern:  

All participants have over one year experience in various fields such as: research-based ML en-
gineering (P1), long-term health-tech product development (P2), backend development (P3), 
feature planning and implementation (P4), full-stack and product management (P5), and test 
management in QA (P6).  

Key Insights:  

Regulatory experience increases with seniority; juniors rely more on leadership for compliance. 

Summary:  

Participants come from various backgrounds, years of experience, career stages, and positions.  

Theme 2: Coding and QA Practices  

Pattern:  

All participants follow some form of SDLC model adaptation to their projects’ needs (often re-
quirement analysis, design, implementation, and testing), with tests and reviews being cen-
tral to QA practices.  

Key Insights:  

Testing (e.g. manual, unit, robustness, functionality) and reviews/pull request (e.g. peer re-
view) are seen as essential in quality assurance.  

Documentation is crucial in regulated environments (P4, P5).  

Challenges include regulatory communication (P1), ambiguous QMS requirements (P2), 
and multi-layered documentation and requirements mapping (P1, P2, P5).  
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Summary:  

QA precatives can vary depending on the project; participants expressed importance of testing 
and documentation; however, regulation requirements can cause extra complexity and in-
creased workload.  

Theme 3: AI-Assisted Coding and Its Impact  

Pattern:  

Five out of six participants have used AI-assisted coding tools for coding; however, the level of 
use varied from light assistance (P3) to integrated daily use (P1, P4, P5, P6).  

Key Insights:  

The perceived benefits included speed and efficiency in routine tasks (P1, P4, P5, P6), quality 
improvements for simple tasks (P2, P6), knowledge support (P3), and compliance potential if 
tools could “understand the QMS” (P1, P3, P5).  

The perceived risks included code security and data leakage during prompting (P3, P4, P6), 
overreliance and quality loss (P2, P5), lack of explainability (P3, P6), and limited compliance 
model awareness (P1, P6).  

Summary:  

Ai-assessed coding tools that can understand QMS can be a huge benefit. Ai-assessed coding 
tools are better for simple tasks than complex ones. Multiple developers are cautious about 
overreliance in AI. Several participants agree that AI should assist and not replace human rezon-
ing. Use of AI-assisted coding tools can speed up coding, however, can additionally put more 
pressure on QA, leading to no change in productivity. 

Theme 4: Adaptations needed for QA and Coding Practices  

Pattern:  

Participants expressed, adopted QA system, developer training, and organizational control re-
quirements for wider AI adaptations.  

Key Insights:  

Increased reviews and tests for AI-generated code and logic (P1, P3, P4)  

Smarter and broader QA coverage using AI itself (P2)  

Implement data governance policies (what data can be shared with AI) (P3, P5)  

Developer awareness of responsible use of AI-assisted coding tools (P1, P3, P4, P5, P6)  

Summary:  

Multiple participants emphasized the importance of understanding proper use of AI-assisted cod-
ing tools. QA should remain a stable part of the AI workflow. Implementation of internal data hi-
erarchy (which files can be used with AI). Reviewers must use a structured review system 
and frequently review logic and code created with AI. Human oversight is necessary (Human-in-
the-loop) in the whole SDLC, especially in the review stage.  

A comparative prototype experiment was conducted to evaluate the differences in code quality, 

test coverage, and development efficiency between manual coding and AI-assisted implementation 

of a “Cardiovascular Report Generation System”. The key results are represented by table 2. 
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Table 2. Findings from Prototype Experiment 

Code Quality Manual Implementation AI-Assisted Implementation 

Bugs 2 4 

Vulnerabilities 0 0 

Security Hotspots 0 (two false positives) 0 

Code Smells 7 (~51 min to fix) 0 

Duplications on Lines 0.0% on 362 lines 6.5% on 530 lines 

Test Coverage1 74.6% 73.2%  

Development Efficiency 19 hours 9 hours 

Additional observations  The developer experienced 
higher sense of trust in the 
tool and possibility to clar-
ify/advice on ideas. 

1Test coverage excludes the data generation module in both cases 

3.5 Summary of Empirical Insights 

The empirical findings of semi-structured interviews and the comparative prototype experiment re-

veal several key findings. The interviews showed that all participants regardless of background al-

ready follow structured coding practices, with testing, documentation, and reviews being central 

QA activities. Participants viewed AI-assisted coding tools as beneficial for routine tasks and 

early/small implementations, with speed and efficiency gains, however, highlighted potential risks 

with data security, explainability, and potential overreliance. Additionally, they emphasized the 

need for increased reviews, stronger QA processes, and clear organizational guidelines (particu-

larly with data governance), when integrating AI-assisted coding tools into regulated environments. 

The comparative prototype experiment supported these observations. AI-assisted development re-

duced implementation speed by more than 50%, however, produced more bugs and a higher level 

of code duplication. In contrast, the manual implementation produced a cleaner structure, and So-

narQube reported two security hotspots which were identified as false positives in an additional 

manual review. Both implementations had similar test coverage and reported no vulnerabilities, 

with the manual implementation having more code smells with an estimate of 51 min to fix, addi-

tionally during the development of the manual implementation developers experience a higher 

sense of trust in the AI-assisted coding tool. These results suggest that AI-assisted coding tools 

accelerate small scale development (Potentially forming advantages for incremental development 

strategies.) and shift the workload to review, verification, and refactorization.  
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Together these empirical insights present both potential advantages and disadvantages in using 

AI-assisted coding tools and combined with theoretical frameworks from Chapter 2, form a founda-

tion for the proposed framework presented in Chapter 4, where a deeper discussion and interpreta-

tion of them is provided. 
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4 Discussion and Conclusion 

This chapter interprets empirical findings collected in Chapter 3 and explains their relationship with 

theoretical frameworks and regulatory requirements presented in Chapter 2. By the combination of 

interview findings, prototype experiment findings, and theoretical frameworks this chapter identifies 

key adaptations when using AI-assisted coding tools in European Healthcare environments.  

4.1 Discussion of Findings 

This discussion is structured around research questions from Section 1.5 focusing on addressing 

benefits and risks of AI-assisted coding, influence of European healthcare regulations, adaptations 

needed to ensure responsible AI use, and how does AI-assisted coding compare to conventional 

development. 

4.1.1 Benefits and Risks of AI-Assisted Coding 

 Interview participants and coding experiment results highlighted several benefits and disad-

vantages consistent with literature on AI in software development. Majority of interview participants 

expressed benefit in using AI-assisted coding tools for speed and efficiency in routine tasks, such 

as debugging and documentation generation aligned with resent study on AI impact on developer 

productivity (Peng et al. 2023; Chen & al. 2025). Additionally, this was confirmed by the coding ex-

periment where AI-assisted development reduced implementation by more than 50% compared to 

the manual implementation speed. The interview results additionally showed that these tools can 

work as learning support for junior developers as shown by participant interest and use of AI-as-

sisted coding tools only for those purposes. This stands with the additional observations generated 

by the coding experiment where the developer conducting the experiment observed the opportunity 

of asking the tool for additional clarity or advice on coding. This finding is confirmed by the state-

ments made in the study by Ferino et al. (2025). 

Despite these benefits empirical data revealed multiple substantial concerns that align with theory 

associated with AI-assisted coding tools. Interview participants highlighted concerns about data 

leakage, security, and uncertainty about what information can be used in the prompts. These is-

sues are directly linked to GDPR requirements and highlighted by Licorish et al. (2025) that em-

phasized the possibility of over-engineered, incorrect, or disregard coding standards code. Addi-

tionally, participants reported worries about hallucinations, limited explainability, unpredictable 

logic, and overreliance supported by research on vulnerabilities and maintainability of AI-generated 

code (Perry e al. 2023; Abbassi et al. 2025). The coding experiment reinforced these issues, alt-

hough AI-assisted implementation was nearly twice as fast, it produced more bugs and had a 
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higher level of code duplication, indicating that the price of initial coding speed impact the speed of 

review and correction.  

Another recurring theme during interviews was overreliance on AI tools that can impact developers’ 

ability to reason and decrease competency. This was observed in the coding experiment, even 

though it produced more faults the developer reported higher sense of trust in the tool which could 

result in overreliance. This concern was noticed by Perry e al. (2023) where developers created 

security vulnerabilities using AI-assisted coding tools convinced that they wrote secure code. 

Collectively, these findings highlight the two-sided aspect of using AI-assisted coding tools in Euro-

pean regulated healthcare environment. While they increase developer productivity, speed, and 

support learning, they additionally introduce reliability, security, oversight, and overreliance risk 

challenges. 

4.1.2 Influence of European Healthcare Regulations 

Empirical findings show a significant relationship between European regulations and software de-

velopment, especially in healthcare environments. Interview participants working in Health-IT em-

phasized the role of documentation, testing, code reviews, step-by-step workflows, and traceability 

in shaping daily development work. These practices are closely related to regulations and stand-

ards outlined in Chapter 2, including MDR/IVDR, IEC 62304 and ISO 13485. The most brought up 

topic in terms of importance were verification practices, particularly performing tests, and reviews. 

Interview participants often mentioned the importance of testing and review activities in meeting 

regulatory expectations. Functional, automated, robustness, and edge case testing, with pull re-

quest reviews, and peer review practices were often performed by the participants and described 

as “most important”. These findings reflect the verification and validation principles required under 

IEC 62304 standard for software lifecycle processes for software used in medical devices.  

Additionally, an often repeated view among the participants was the intensity of documentation and 

traceability requirements. Participants described detailed documentation as being an important and 

challenging part of their daily work and ensuring compliance. This aligns with the IEC 62304 stand-

ard which requires complete documentation of design, implementation, verification, and change 

history throughout the software lifecycle. Some participants noted that documentation becomes 

much heavier in regulated environments such as healthcare, especially as every feature and re-

quirement must be mapped. Furthermore, participants described their coding workflow to be clear 

and systematic, often including requirement analysis, design, implementation, and testing, which 

flow the lifecycle requirements in standards such as IEC 62304 and ISO 13485.  
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A further observation form interview results suggest some participants experience practical chal-

lenges of navigating regulatory requirements. One participant described difficulties for companies 

to communicate with regulation institutions, noting that responses can be slow or inconsistent. An-

other participant stated having experience numerous “gray spots” in regulations as numerous are 

not definitely defined, complicating interpretation and implementation. A Third participant high-

lighted that when multiple regulations apply to the same product forming a “regulation matrix” navi-

gation between them becomes increasingly complicated. These findings suggest that some devel-

opers do not potentially struggle with regulations themselves, however, rather with their interpreta-

tion and receiving clear guidelines.  

Interview participants did not particularly mention related to risk management or data governance; 

this does not imply that participants didn’t see any value in those topics, however, rather that they 

preferred to focus on more visible aspects such as documentation, resting, or review. It may addi-

tionally reflect that often risk management or data governance practices are carried out by dedi-

cated regulatory or QA professionals. Additionally, interview results showed that regulatory experi-

ence increases with seniority and juniors rely more on leadership for compliance. 

Taken together, these findings reflect that European regulations substantially influence coding and 

QA practices by requiring deep documentation, structured workflows, systematic testing, and trace-

ability. Concurrently, developers experience uncertainties caused by regulative ambiguity and de-

pendance on senior team members. 

4.1.3 Adaptations Needed to Ensure Responsible AI Use  

Empirical findings collected in this research indicate that the integration of AI-assisted coding tool 

into healthcare software development would greatly benefit from special adaptations to coding and 

quality assurance practices. One of the most referenced adaptations by interview participants was 

the need for extended and more righteous review processes. Participants repeatedly highlighted 

that work created with AI-assisted coding tools “needs more reviews”, “puts pressure on reviews”, 

and may “behave in unexpected ways without human oversight”, consequently suggesting that 

some AI-generated work should be reviews differently than manual work. Results from the coding 

experiment confirm these statements as AI-assisted implementation produced more bugs and du-

plications that were not noticed by the developer before the review process. Standards such as the 

IEC 62304 and EU AI Act indirectly support these statements by requiring risk-based verification 

and adequate human review for any software that introduces potential risks and High-Risk AI sys-

tems. 
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Moreover, to ensure reviewability of all decisions and code created with use of AI-assisted doing 

tools, would require additional transparency measures specifically directed for AI. According to re-

cent literature, immediate implementation of advanced transparency practices would allow for ad-

herence to internal and external requirements (Watson and Van Italie (2025). Additionally, inter-

view results revealed that one participant recommended making QA as a stable part of any AI tool 

interaction. Although they did use the term transparency explicitly, this recommendation inherently 

implies it, as maintaining transparency is a stable part of QA practices. This suggests that transpar-

ency measures for code and work created with use of AI-assisted coding tools would benefit from 

labeling which parts were and to what extent were influenced by these tools which are in accord-

ance with Kashif et al. (2025). 

Another adaptation identified by participants concerns is data governance and secure prompting. 

Most participants expressed concerns about “security”, “data sharing when prompting”, “sensitive 

data leakage”, these issues would potentially be caused by accidental leakage of personal or 

safety-critical information through AI prompts, and some participants suggested implementing “in-

ternal hierarchy of files that can be shared”. Although not found in the coding experiment, these 

suggestions align with integration of government policies and intellectual property management 

procedures recommend for organizations by Watson and Van Italie (2025). Additionally, Xu et al. 

(2025) and King et al. (2025) support this claim by highlighting that by using correct prompts can 

cause the AI-assisted coding tools can generate license-protected code and potential data leakage 

though prompts. This issue potentially violates the GDPR’s requirements for data minimization and 

secure processing. 

A further observation confirmed the importance of human oversight and human-in-the-loop strate-

gies throughout the while SDLC. According to participants AI-assisted coding tools in their work en-

vironment “should assist, not replace” developers and developers should always fully understand 

the product of their work. Which was experienced in the coding experiment which required occa-

sional adjustments to the generated code during development and a human review. These obser-

vations directly align with the EU AI Act’s requirements for meaningful human oversight. Conse-

quently, deducing that all AI decisions affect functionality, safety, logic, data handling, or architec-

ture must be thoroughly reviewed and fully understood by a human developer, who remains re-

sponsible for the outcome. (European Commission 2025; Takerngsaksiri & al. 2025.) 

Finally, Empirical findings revealed the importance of developer training and organizational guid-

ance. Participants repeatedly highlighted the need for “learning proper use of AI”, “developer 

awareness”, and “company internal guidelines for using AI”. An investment in education and train-

ing (for staff and organization) to increase understanding of AI tools and transparency practices is 
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recommended by Watson and Van Italie (2025). These observations match the 13485’s compe-

tence requirements and highlight that safe use of AI integration depends not only on tools, how-

ever, additionally on organizational maturity and staff capabilities. Ultimately suggesting allowing 

only developers that undergo internal/external training to use these tools would be beneficial and 

contribute to responsible and aware use of AI-assisted coding tools. 

In summary, the empirical findings show that for safe adoption of AI-assisted coding tools into Eu-

ropean healthcare development requires adaptations in review processes, testing practices, data 

governance, human oversight, and developer training. These findings are supported by interview 

participant responses, the coding experiment outcomes, regulatory and theoretical requirements.  

4.1.4 How Does AI-Assisted Coding Compare to Conventional Development 

The prototype experiment demonstrated clear differences between conventional (manual) coding 

and AI assisted coding in terms of coding quality and development efficiency, however, test cover-

ages were highly similar across both cases. The AI-assisted implementation was completed in 9 

hours compared to the manual implementation that took 19 hours, supporting interview results that 

claimed AI-assisted coding tools can significantly accelerate and enhance development processes 

and quality improvements for simple tasks. This is in accordance with research on the impact of AI 

on developer productivity that reveal that 55.8% developers with access to the AI pair programmer 

completed the test in the study faster than others (Peng et al. 2023). This finding confirms the clear 

benefit of using AI-assisted coding tools, however, additionally rases the question about its down-

sides, the coding experiment along with interview results introduces a concern, code quality.  

The coding experiment resulted in SonarQube finding 2, 7 code smells that estimated would take 

51 minutes, 2 false positive security hotspots and 0% code duplication in the manual implementa-

tion compared to the AI-Assisted Implementation which had 4 bugs, 0 code smells, 0 security 

hotspots, and 6.5% of line duplications. This underlines the possibility of AI-assisted code could 

introduce more vulnerabilities and faults showcased by Licorish et al. (2025) and Perry e al. (2023). 

Interview participants shared a similar view claiming that unsupervised or unreviewed code gener-

ated with these tools can cause additional issues. This as a result could cause more pressure on 

the QA processes as one participant in the interviews mentioned that using these tools “becomes a 

zero-sum game, due to the time you save on development you have to compensate in the QA”, as 

the work shifts it calls for an immediate investment in AI oriented QA practices.  

Test coverage was similar in both implementations (74.6% manual and 73.2% AI-assisted), both 

AI-assisted and manual created tests considered all vital functionalities. This finding is accurate to 

one interview participant, mentioning that one benefit of AI-assisted coding tools is test generation, 
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and potentially suggests that using AI-assisted coding tools has no effect on test coverage. These 

findings are supported by a study evaluating ChatGPT for unit test generation (in terms of test cov-

erage) however, the research suggests AI-assisted coding tools may lack in execution, finding 

edge cases, and in some cases, simply ineffective (Yuan & al. 2024; Huang & al. 2025). 

4.1.5 Discussion of Findings Conclusion 

Overall, this comparison illustrates that the use of AI-assisted coding tools can accelerate develop-

ment, however, puts more pressure on the review, test, and verification processes. Manual coding 

can be slower; however, it is more stable and easier to interpret. Code experiment results are sup-

ported by interview results that AI-assisted coding tools “should not replace human reasoning, and 

their effectiveness depends on developers using it and QA practices implemented”. These conclu-

sions create a foundation for the framework proposed in chapter 4.2. 

4.2 Proposed Framework 

Based on empirical findings, theoretical and regulatory frameworks discussed in earlier chapters, 

this section proposes a framework to guide in safe, compliant, and efficient use of AI-assisted cod-

ing tools in European healthcare environments. This framework is designed to address key chal-

lenges identified through this study, including data governance, human oversight, review process, 

testing, traceability, and developer training. Its aim is to provide practical guidelines that comple-

ment existing practices and standards such as MDR/IVDR, IEC 62304, ISO 13485, ISO 14971, 

GDPR, and the EU AI Act. The framework is intended for developers and quality assurance spe-

cialists and is meant to support and not replace existing quality assurance processes.  

1. AI Usage and Data Governance Controls 

Organizations should establish rules for which data can be shared with AI tools, in-

cluding which files can be submitted and use of safe and secure prompting prac-

tices. The structure should include security designation of data and files and prohibi-

tion of sharing personal and patient information to AI tools.  

2. Human-in-the-loop review 

All work created with use of AI-assisted coding tools must be verified in a human 

overseeing process before integration and must be linked with a person responsible 

for their review or implementation. Human reviews should verify logic, consistency 

with codebase, and adherence to the requirements.  

3. AI-assisted code review checklists 

All code created with use of AI assisted doing tools should be reviewed with AI-spe-

cialized checklist that includes logic validation, dependency correctness, style con-

sistency, hallucination mitigation, and regulatory adherence. The checklist must 
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integrated mandatory requirements from IEC 62304 (verification and validation) and 

ISO 14971 (risk controls). 

4. Enhanced testing for AI-generated code 

Personnel responsible for tests must treat code created with AI-assisted coding 

tools with consideration that AI tools have impacted this code and generate tests 

according to the possible vulnerabilities of AI-generated codes. This includes explicit 

verification of AI-generated logic and bugs. AI tools may be used to generate tests 

given that they have been verified for correctness by a human.  

5. Documentation and transparency 

Code created with a heavy dependence on AI-assisted coding tools must be labeled 

as such. All prompts and AI interactions should be recorded where feasible.  

6. Developer training and organizational guidelines 

Developers, to utilize AI-assisted coding tools in their work must be required to have 

underwent training for responsible use of AI, regulatory risks, and secure prompting, 

with optional training for maximizing developer efficiency with AI tools. 

 Organization should implement a basic set of internal guidelines outlining roles and 

responsibilities in terms of AI use.  

4.3 Framework Justification 

The proposed framework is justified based on semi-structured interviews and coding experiment 

conducted in this study, and the theoretical frameworks discussed in chapter 2. Each section of the 

framework is justified by challenges and requirements found throughout this study and aligned with 

existing requirements for safety, quality, and accountability in European healthcare software devel-

opment. 

AI Usage and Data Governance Controls are included in the framework in section 1, due to partici-

pants continuous expression of major concerns about data leakage and inappropriate information 

sharing during AI prompting. Additionally, Xu et al. (2025) and King et al. (2025) underline the risk 

of data leakage though prompts. The aim of this section is to address these issues by mandating 

adaptation of explicit data management rules for AI use, ensuring compliance with GDPR require-

ments. 

Human-in-the-loop review section 2 is justified by both interviews, coding experiments and theoreti-

cal findings. Interview participants highlighted the need for human overuse and that AI tools should 

only complement developers. The coding experiment underlined the need for this section by mak-

ing the developer feel a higher level of trust in the AI tools that could cause potential issues with 
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overreliance. This section is motivated by Takerngsaksiri & al. (2025) and the EU AI Act’s to miti-

gate possible hidden errors, hallucinations, or unnecessary complexities.  

AI-assisted code review checklists are included in section 3 because interview participants empha-

sized the need for structured and frequent validation of AI-generated logic. This section aims to de-

crease the complexity when multiple regulations influence the same development process and help 

developers reduce the challenges caused by AI-assisted coding tools. The implementation of a 

checklist would support consistent verification practices required by IEC 62304 and ISO 14971. 

Enhanced testing for AI-generated code section 4 is justified by the code experiment that showed 

increased defects for AI-generated code and code duplications in the AI-assisted implementation. 

Additionally confirmed by Perry e al. (2023) and Licorish et al. (2025) this section aims to reduce 

the number of defects generated by AI-assisted coding tools, by treating all AI outputs correspond-

ently. 

Documentation and traceability section 5 is included because interview participants highlighted the 

regulatory importance of documentation in healthcare development, additionally helping other de-

velopers or reviewers understand the code more efficiently. In addition, this section is motivated by 

Abbassi et al. (2025) which highlighted the risk of poorly documented code by AI-assisted coding 

tools. This section aims to address these risks and support sections 1-4, for easier detecting AI-

influenced work. 

Section 6 Developer Training and organizational Guidelines is included because interview partici-

pants highlighted the need for properly understanding AI usage practices and the risks of overreli-

ance, particularly among less experienced developers, and the need for organization rules for re-

sponsibilities. This section aligned with studies suggestions about developer training from Watson 

and Van Italie (2025). Additionally structured training supports competence requirements under 

ISO 13485 and promotes responsible AI usage. 

4.4 Limitations 

This study has introduced several limitations that should be considered when interpreting the re-

sults and applying the proposed framework. Firstly, the semi-structured interviews were conducted 

with a limited number of participants (n=6). Although the interviews focus on quality over quantity, 

they may not capture the full range of perspectives across the European healthcare software in-

dustry.  

Secondly, the coding experiment was conducted by the same developer in a short time span in be-

tween in implementation. The Manual implementation was performed first which could have 
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obscured the AI-assisted implementation which was second with information the developer learned 

from the first implementation. 

Thirdly, the cardiovascular report generation system used in the experiment was a non-medical 

prototype developed for research purposes only. The system was not intended for clinical decision 

making or diagnostic functions, therefore the findings cannot be compared to high-risk medical de-

vice software without further validation. Fourth, the study focused on commonly available AI-as-

sisted coding tools at the time of writing. Rapid advancements of these tools and regulations may 

affect specific findings over time. Finally, the framework which resulted from this study was not vali-

dated in an industrial setting.  

4.5 Conclusion 

This thesis examined how developers can adapt their coding and quality assurance practices when 

using AI-assisted coding tools in European regulated software development environments. 

Through a mixed-methods approach, this thesis combined semi-structured interviews and a com-

parative coding experiment. The study explored the benefits and risks behind AI-assisted coding, 

influence of European regulations on modern software development in healthcare, adaptations 

necessary to use AI-assisted coding and maintain safety, transparency, reliability, and compliance, 

how can adaptations be put together into a usable framework that developers can use, and com-

parison of AI assisted coding and conventional coding in terms of code quality, test coverage, and 

development efficiency. 

The findings show that AI-assisted coding offers clear benefits in European healthcare software 

development, most popular benefits are associated with increased development speed, support for 

routine tasks, and knowledge assistance, while additionally introducing risks related to reliability, 

explainability, data security, and overreliance. Additionally, the findings revealed that European 

regulatory frameworks such as MDR/IVDR, IEC 62304, ISO 13485, ISO 14971, GDPR, and the EU 

AI Act strongly influence healthcare software development processes. By enforcing structured 

lifecycles, extensive documentation, traceability, risk management, and data governance, they 

shape coding and QA practices.  

The study determined that safe, transparent, reliable and compliant AI-assisted coding requires ad-

aptations including strengthened human-in-the-loop review processes, AI aimed testing, secure 

data governance, clearer documentation practices, and developer training. These adaptations 

were put together into a framework in section 4.2 that utilizes regulatory and empirical require-

ments for practical adaptations developers can integrate into existing quality management sys-

tems. The comparative coding experiment demonstrated that AI-assisted coding tools increase 
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development efficiency, however, risk producing more defects and structural issues than conven-

tional coding, while test coverage remained comparable, this highlighted the need for increased 

review and quality assurance efforts when AI-assisted coding tools are used. 

Overall, this thesis contributes an empirically grounded and regulation-aware perspective on using 

AI-assisted voting tools in European healthcare software development environment. By combining 

theoretical frameworks with practical insights into a framework, this study supports developers and 

organizations in adopting AI-assisted coding tools responsibly without compromising safety or 

compliance. While AI-assisted coding offers significant increases in development speeds, this work 

demonstrates that these advantages must be balanced out by straightening quality assurance 

practices. The proposed framework forms a ground for future research as AI tools and regulations 

continue to evolve.  

4.6 AI Usage Disclaimer 

The thesis has used chatgpt.com, keenious.com, and mybib.com to support Information and docu-

ment search and analysis, planning of the thesis structure, development of interview questions, 

and selected parts of the AI-assisted coding experiment. In addition, Microsoft Word’s built in AI 

accessibility features were used to generate alternative text for tables and figures. AI tools were 

further used for reference data retrieval and assisted with dictionary use and grammar correction in 

the English Language. All reference information was verified by the author against the original 

source. 

For example, the questions "How can the research objective of the thesis xxx be further delimited 

and broken down into sub-objectives?" or “Provide a list of sources alongside with links to the origi-

nal documents related to QA and the use of AI-assisted coding in healthcare in European environ-

ments” have been used as prompt. All AI generated content has been further refined to make it er-

ror free, relevant, clear and understandable. The AI applications have been used responsibly, con-

sidering data protection and copyright. All sources cited in the report have been used correctly and 

are not AI generated. 

4.7 Recommendations for Future Work 

Future research should evaluate the effectiveness of the framework in real-world healthcare soft-

ware development projects. Additional studies could involve a higher number of participants and a 

real-world medical coding experiment, to improve generalizability of the European healthcare soft-

ware development market. Further work is additionally recommended beyond Europe, diving into 

other markets such as USA and the FDA regulation. 
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