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Abstract14

Healthcare AI software systems raise ethical concerns that are often discussed as high-level principles15

but are difficult to translate into concrete software engineering requirements. This emerging-results16

paper reports preliminary findings from a multi-stakeholder interview study on how practitioners17

experience and prioritise ethical concerns in healthcare AI software systems. We conducted 1718

semi-structured interviews with healthcare professionals (n=5), healthcare researchers (n=6), and19

software engineers (n=6). Using thematic synthesis, we identified three AI use contexts and four20

recurring challenge categories: model reliability and quality, data quality and processing, human21

oversight and skills gaps, and institutional and regulatory constraints. Privacy and safety emerged22

as baseline concerns across roles, while bias, accountability, and transparency varied depending on23

practitioners’ responsibilities and use contexts. Based on these preliminary findings, we propose24

role-specific patterns as lightweight requirements artefacts to translate practitioner priorities into25

actionable software engineering practices across requirements elicitation, system design, testing, and26

auditing. We present these patterns as an initial artefact for community feedback and as a first27

step toward a broader approach to ethical requirements engineering (RE) for healthcare AI software28

systems. Future work will validate and refine the patterns using a larger, more balanced sample,29

evaluate their usefulness through practitioner workshops, and develop a reusable catalogue with30

guidance on traceability, verification, and auditing. Long-term, our goal is to support healthcare AI31

teams in moving from abstract ethical principles to testable requirements that can be integrated32

into existing development and governance workflows.33
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1 Introduction39

Artificial intelligence is increasingly embedded into healthcare software systems, including pre-40

dictive models, AI-assisted imaging, clinical documentation tools, patient-facing applications,41

robotic support systems, and newer large language model (LLM)-based applications [17, 19].42

In healthcare AI-based software systems (henceforth, HAISS), the stakes are acute: software43
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behaviour is tied to sensitive patient data, clinical decision-making, and organisational44

accountability. Failures can therefore cause harm rather than prevent it, including poor45

predictive accuracy, racial or demographic bias, unsafe recommendations, and increased46

clinician workload [4]. From a requirements engineering (RE) perspective, this turns ethics47

from a post hoc discussion into a concrete engineering problem: ethical concerns must be48

elicited, negotiated among stakeholders, specified as verifiable requirements, and checked49

throughout design, validation, deployment, and audit. Yet in practice, teams often do50

not treat ethics as requirements; privacy and safety concerns are identified late in develop-51

ment, as incidents or ad-hoc checks, rather than as elicited and verifiable non-functional52

requirements (NFRs) [22, 18]. Because these concerns arise at handoffs among engineers,53

clinicians, and researchers, we frame them as a cooperative RE problem. As AI systems54

become increasingly sophisticated, ethical dilemmas and RE challenges arise. Early work55

in AI ethics emphasised transparency, fairness, accountability, and privacy [14], prompting56

numerous ethical guidelines and frameworks [15]. In HAISS, AI is integrated into diagnostic57

imaging, digital health applications used by patients and staff, predictive analytics, and58

robotic surgery—settings where ethical concerns are acute due to patient sensitivity and59

direct impact on human lives [12]. Researchers have advocated multi-scale approaches to60

govern AI ethics in healthcare, operationalised through SE practices that span requirements61

to deployment [25]. Despite the growing number of ethical guidelines and frameworks, a62

significant gap remains as they rarely incorporate the perspectives of the software engineers63

who design and validate HAISS, nor those of the healthcare practitioners whose daily64

use shapes how principles are realised, and they seldom translate high-level principles into65

concrete SE activities [14, 5, 27]. Real-world, multi-stakeholder evidence is therefore needed66

to ground ethical principles in practice.67

In this paper, we treat ethical priorities as ethical requirements spanning (i) quality68

requirements (NFRs), (ii) constraints (e.g., data residency, access controls), and (iii) as-69

surance/process requirements (e.g., audits, monitoring, incident response), and we explore70

how to operationalise them via lightweight If-Then requirement patterns. To do so, we71

conducted 17 semi-structured interviews with software engineers, healthcare professionals,72

and healthcare researchers across three countries. Our study is guided by three research73

questions (RQs): RQ1. In what contexts and use cases is AI currently applied in healthcare?74

RQ2. What challenges and limitations do practitioners report when deploying AI in HAISS?75

RQ3. Which ethical considerations of HAISS do practitioners prioritise, and how?76

Contributions. In this emerging results paper, we provide an initial empirically grounded77

artefact and make three contributions to industrial SE practice:78

1. Empirical analysis of role-specific AI use. We characterise how software engineers,79

healthcare professionals and researchers incorporate AI in practice, and show how these80

distinct usage patterns imply different requirements, verification, and integration concerns.81

2. Role-specific challenges. We identify four recurring challenge categories across three82

roles, and locate where each calls for new requirements, tests, or deployment safeguards.83

3. Ethical priorities → SE artefacts. We map how practitioners prioritise five ethical84

dimensions and derive lightweight If-Then patterns that operationalise these priorities85

into actionable requirements.86

Paper Structure. Section 2 reviews background on AI in healthcare and ethics. Section 387

describes our research methodology. Section 4 presents the results. Section 5 discusses our88

findings and implications. Section 6 reports threats to validity. Section 7 concludes with89

directions for future work.90
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2 Background / Related Work91

Ethics of AI use in Healthcare. Prior work on healthcare AI ethics has identified92

recurring principles and risks, but it has also been less often explained how they should93

be operationalised as concrete SE requirements. Reviews of AI in healthcare highlight94

concerns around transparency, fairness, bias, privacy, patient safety, and accountability, while95

also noting that practitioner perspectives are underrepresented in the implementation of96

ethical principles [24, 13]. Karimian et al. identify key principles such as privacy, fairness,97

explicability, and human autonomy, but also show that tools and processes for testing and98

upholding ethical requirements remain under-specified [16]. Li et al. similarly map ethical99

issues and proposed strategies for healthcare AI, while emphasising the need to translate these100

strategies into practice in system development [20]. In our prior work, we organised ethical101

concerns of generative AI around five recurring dimensions: safety, privacy, transparency,102

bias/fairness, and accountability, and synthesised mitigation strategies including governance103

frameworks, human oversight, auditability, and privacy-preserving methods [14]. Building on104

this work, we use these five dimensions to elicit and compare practitioners’ ethical priorities.105

Practitioner Perspectives on AI in Healthcare. Practitioner studies show that health-106

care professionals recognise both the opportunities and risks of AI adoption. Prior qualitative107

work has identified concerns about transparency, equity, accountability, data privacy, and the108

effect of AI on patient care and professional relationships [9, 23, 2]. These studies provide109

valuable insight into clinical and nursing perspectives, but the role of software engineers110

remains less visible. Existing work often treats software engineers as technical implementers111

rather than stakeholders who shape ethical outcomes through requirements, design, valida-112

tion, deployment, and maintenance decisions [7]. Building on this gap, we incorporate the113

perspectives of healthcare professionals, healthcare researchers, and software engineers to114

examine how ethical concerns are discussed across roles in HAISS.115

3 Methodology116

We conducted a qualitative interview study across three stakeholder groups to investigate117

how practitioners experience, encounter, and prioritise ethical concerns in HAISS. We chose118

semistructured interviews because our goal was to surface reasoning specific to each role and119

varying with context, which structured surveys cannot capture. We analysed the resulting120

transcripts using the thematic synthesis process recommended for software engineering by121

Cruzes and Dybå, which proceeds in five steps [8].122

Research Questions. The study is guided by three research questions (RQs).123

RQ1: In what contexts and use cases is AI currently applied in healthcare? We124

examine real-world applications and the roles AI plays in patient care, diagnostics, and125

operations, including how AI is integrated into workflows, the motivations behind adoption,126

and the applications supported.127

RQ2: What challenges and limitations do practitioners report when deploying128

AI in HAISS? We examine implementation and integration issues, ethical dilemmas, and129

operational constraints, comparing experiences across roles to understand factors that hinder130

adoption and areas for improvement.131

RQ3: Which ethical considerations of HAISS do practitioners prioritise, and132

how? We aim to understand which of the five ethical dimensions carried over from our prior133

synthesis [14] (privacy, safety, bias, accountability, and transparency) practitioners consider134

most important.135

ESEM 2026
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Participant recruitment and sampling. In our study, we aimed to recruit a diverse136

sample of participants representing three key groups: healthcare professionals, healthcare137

researchers and software engineers, as mentioned above. We advertised the study through a138

multi-channel strategy across professional and social platforms (LinkedIn, WeChat, and X)139

and recruited from IT companies, clinics, hospitals, and universities across China, Australia,140

and India. The first author conducted all interviews between February and July 2025, both141

via video conference and in person. The final sample comprised 17 participants (8 female,142

9 male) with 1 to 24 years of professional experience. We continued recruitment until we143

reached this sample and observed thematic recurrence across the three roles. The study was144

approved by our institutional human research ethics committee (Project ID [45523]).145

Interview Protocol Before the main study we conducted three pilot interviews, one per role,146

and made minor refinements to the wording and the order of sections based on the feedback.147

Each interview lasted approximately 30 minutes and followed a protocol with three phases148

aligned to the research questions, preceded by an introduction and demographics questions.149

The first phase, Practical Use Scenarios, asked participants to describe in detail how they150

use AI in their clinical practice, research, or development work, and the benefits they have151

experienced. The second phase, Current Challenges and Limitations, asked participants152

about the limitations of failures they had encountered, the specific incidents involved, and153

whether and how these had been resolved. The third phase, Ethical Considerations, asked154

participants to rank the five ethical dimensions from 1 (highest priority), to 5 (lowest),155

having first been given brief definitions and examples of each, and to justify they ranking156

and suggest any solutions.157

Analysis We analysed the transcripts following the five stpes of thematic synthesis recom-158

mended for software engineering by Cruzes and Dybå [8]: (1) reading all transcripts and159

noting recurring ideas; (2) segmenting each transcript into units aligned with the three160

research questions; (3) coding each segment with concise labels (for example, AIUseCase161

or TransparencyIssue); (4) merging overlapping codes into sub-themes; and (5) grouping162

sub-themes into the higher-level themes used to structure our results. For RQ3, we report the163

distribution of ranks assigned to each dimension and qualitatively analyse the accompanying164

justifications to explain how priorities differed across roles.165

Trustworthiness of the analysis The first author performed the primary coding of all166

17 transcripts. Because a single coder introduces a risk of interpretation bias, we took two167

steps to make the analysis traceable. First, we maintained an audit trail: every code records168

the transcript identifier and the verbatim segment it was derived from, so each sub-theme169

and theme can be traced back to the utterances that produced it. Second, we attended170

explicitly to cases that diverged from the emerging pattern, most notably P12, who declined171

to produce a single ranking, and P16, whose account of accountability differed from that of172

every other software engineer.173

From Findings to Artefacts To turn our findings into an actionable artefact, we derived174

role-specific If-Then patterns through a systematic mapping procedure. For each recurring175

challenge identified in RQ2, we identified the ethical dimension from RQ3 that it most176

directly threatens, and then formulated a concrete SE response that combines participants’177

suggestions with the corresponding regulatory or technical obligation. Each resulting pattern178

specifies a trigger condition drawn from our interview data, a response, the responsible role,179

and the applicable guideline. This mapping is the methodological bridge between our findings180

and the proposed artefact, and it can be repeated as new scenarios emerge.181
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Table 1 Participant summary

Group n Countries Experience AI usage
Healthcare professionals 5 China, Australia 3–24 yrs Rarely–Always
Healthcare researchers 6 China, Australia 1–10 yrs Sometimes–Always
Software engineers 6 India, Australia 2–10 yrs Sometimes–Always
Total 17 China (8), Australia (8), India (1) 1–24 yrs Rarely–Always

4 Results182

The following findings in this section are reported from the participants’ perspective on the183

real-world RE challenges in HAISS development. Specifically, how role-specific contexts,184

recurring failure modes, and different ethical priorities create requirements that cannot be185

captured by generic, one-size-fits-all ethical frameworks.186

Demographics of Participants. To achieve diversity, we recruited 17 participants (8187

female, 9 male) across healthcare systems, institutional settings, and cultural backgrounds188

from China, Australia, and India. The participants worked in IT companies, clinics, hospitals,189

and universities, and reported 1–24 years of professional experience. Table 1 summarises roles,190

countries, experience and levels of AI usage; Healthcare professionals (P2–P4, P14–P15),191

researchers (P1, P5–P8, P12), and software engineers (P9–P11, P13, P16–P17).192

4.1 RQ1 (Use cases of AI) Results193

We used thematic analysis to identify application areas for each participant role.194

4.1.1 Software Engineers’ perspectives195

SE-Led Clinical Model Development. Software engineers focused on designing and196

training domain-specific clinical models rather than deploying generic tools. P9 described197

augmenting minority-class skin cancer data to address dataset imbalance: “In the medical198

domain, we required a balanced dataset, so I used generative AI to enhance the control199

subject data — we had around 400,000 images used to classify lesions from darker skin as200

malignant.” P10 also reported a high staging accuracy of their developed system in cancer201

detection, though it varied across cancer types.202

Leveraging AI Tools as “Hacks” for Quick Explanations. Software engineers used203

LLMs to bridge knowledge gaps when working across unfamiliar clinical domains. P11204

described using chatbots for explanation of multidisciplinary fields: “When working with205

medical professionals from a field I am not familiar with, these tools can give you a ‘hack’206

or a basic explanation of a topic.” P17 similarly noted reliance on AI when going through207

fragmented medical data and ethics approvals.208

SE Practices for AI Adoption in Healthcare. Software engineers consistently identified209

interoperability and data isolation as the primary deployment challenges of HAISS. P13210

described the burden in the background: “There is a lot of effort being done in the background211

to synchronise the data, to fit into every single system, to provide consistency so they get212

the data rather than manual digging.” P11 also described that regulatory constraints213

simultaneously restrict data access and reduce prototype quality: “Even if you had to do a214

prototype, it has to be on minimal accuracy and minimal data.” The conflict between ethical215

safeguards and system quality is a distinctive challenge for HAISS.216

ESEM 2026
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4.1.2 Healthcare Professionals’ perspectives217

Use of Medical Bots in Practice. Healthcare professionals described AI as embedded218

across multiple clinical workflow modalities. P2 described two types of bots in Chinese219

hospitals: surgical support robots for min. invasive procedures and pharmacy dispensing220

bots that automatically collect and dispense medication based on prescriptions.221

Use of AI Assisted Imaging System. P3 described a cloud-based CT diagnostic system:222

“Our doctors from the CT department use this system to aid them with the diagnosis of223

patients’ CT scans. The system detects anomalies and generates a report for the doctors.”224

This system draws on large reference databases to support diagnostic uses across orthopedic225

and radiology departments.226

Use of Online Medical Scribe Platforms. P14 described using both Heidi1 and i-scribe2,227

which are online medical scribe platforms that help transcribe consultations and generate228

draft clinical letters, reducing administrative burden. P14 emphasised the benefit of these229

platforms: “My clinical notes are a lot more accurate and rarely anything is missed”, while230

also noting that AI sometimes adds clinical advice that was never given, requiring thorough231

review of every generated note.232

4.1.3 Healthcare Researchers’ perspectives233

Use of AI Models for Data Processing. Healthcare researchers predominantly used AI234

for data-processing tasks, motivated by speed and the need to manage large, heterogeneous235

datasets. P5 described combining traditional Chinese medicine and Western medicine data236

using AI models for interpretation, while P6 used large models to process classical medical237

texts imported from classical sources. These tasks highlight AI as a tool for accelerating238

data interpretation that researchers had to frequently validate.239

Use of AI Models for Image Processing. AI models were also widely used for automated240

image analysis. P7 described using AI algorithms for human skeletal structure segmenta-241

tion, automatically generating images in various formats across large visual datasets. P1,242

specialising in biomechanics and gait motion, similarly used AI models for walking video243

classification and image processing. For these researchers, AI enabled the processing of large244

volumes of visual data that would be difficult to handle manually.245

Labelling Datasets Smartly. Healthcare researchers also used AI to label datasets more246

efficiently, reducing manual annotation effort and improving consistency at scale. P8 stated:247

“I use AI models to label my datasets smartly and generate them in various formats” P12248

confirmed good labelling accuracy on omic-based data: “After I collect and organise my249

omic-based data, I use AI models to label them — they have a good accuracy in labelling.”250

RQ1 Findings: Software engineers, healthcare professionals and researchers adopt
AI for different objectives. Software engineers focus on building customised AI frame-
works, solving interoperability problems, and bridging cross-disciplinary knowledge gaps.
Healthcare professionals focus on practical clinical applications such as medical bots,
AI-assisted imaging, and scribe platforms. Researchers devote most of their effort to
data-centric tasks such as augmenting imbalanced datasets, interpreting complex texts,

251

1 https://www.heidihealth.com/
2 https://i-scribe.com.au/
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and automating image segmentation. Despite their varied approaches, all three groups
share a common goal of improving healthcare outcomes and supporting medical staff.

252

4.2 RQ2 (Challenges and Limitations) Results253

We further asked participants to describe the main challenges and limitations they encounter254

when applying AI in their clinical, research or HAISS development workflows.255

Model Reliability & Quality. Healthcare professionals reported diagnostic inaccuracies256

from AI-assisted imaging systems (P3, P4). An illustrative example came from a clinician257

using AI scribe tools, where the system added clinical advice that had never been spoken,258

recommending lifestyle modifications based on the patient’s BMI without the clinician having259

mentioned it (P14). Software Engineers also highlight hallucinations more broadly: P11260

noted that output always requires sanity checking and P9 described persistent garbage261

outputs even after extensive model training. Across different roles, the unreliability of AI262

forces practitioner into time-consuming manual verification, reducing the efficiency gains AI263

was intended to provide.264

Data Quality & Processing. Healthcare researchers reported the most acute data quality265

challenges. P7 described a model that filled gaps in incomplete records with fabricated266

data, increasing manual review complexity. A particularly striking example came from P9,267

who trained a skin cancer classifier on 400,000 images drawn predominantly from European268

and American populations: because the training data contained almost no darker-skinned269

samples, the model consistently classified benign lesions from Asian skin as malignant —270

a false positive with significant potential to cause patient distress. P5 reported domain271

mismatch errors where specialised medical terminology was misrecognised, yielding erroneous272

outputs. These failures demonstrate how data representativeness and completeness directly273

affect the reliability and fairness of HAISS outputs.274

Human Oversight & Skills Gaps. Healthcare professionals consistently described man-275

datory manual validation as a basic operational necessity. P14 stated clearly: “I never rely276

on the answer of AI to a specific scientific question. Rather, I ask AI to provide the evidence277

and articles. I make the final call.” The need for medical expert validation also created278

resource constraints for researchers: P9 noted that generating realistic clinical images still279

requires domain expert review, which is both costly and time-consuming given the burden280

already placed on healthcare systems. P16 highlighted that non-technical stakeholders, such281

as medical practitioners and researchers, often adopt AI tools without fully understanding282

their limitations or the associated ethical risks. This places an additional responsibility on283

SE practitioners to account for gaps in stakeholder awareness during requirements elicitation.284

Institutional & Regulatory Constraints. Data access red tape was a consistent barrier285

described. P13 described a structural paradox in ethics approval processes: “You can’t even286

request if you don’t know what you’re requesting for,” meaning software engineers cannot287

specify required data fields in their ethics applications because they lack the data visibility to288

know what to ask for. P9 raised privacy concerns that aligned with reinforced institutional289

restrictions. P12 observed that commercial AI platforms often operate on tiered pricing290

models, where paid subscriptions offer stronger data privacy and security features than free291

access. In healthcare contexts, this means institutions with greater financial resources can292

provide stronger data protections for their patients, while under-resourced practitioners may293

inadvertently expose sensitive data to greater risk.294

ESEM 2026
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RQ2 Findings: Participant groups reported concerns shaped by their professional
roles and goals. Software engineers highlighted technical obstacles, hallucinations, and
institutional restrictions that limit AI deployment in healthcare. Healthcare professionals
described diagnostic issues, the burden of mandatory manual validation, and AI-generated
content that was inconsistent with clinical facts. Healthcare researchers identified
fabricated outputs, demographic bias in the training data, and unreliable model behaviour,
all of which compromised the validity of the research.

295

4.3 RQ3 (Ethical Considerations) Results296

For RQ3, we asked participants to rank five ethical dimensions on a scale of 1 (highest297

priority) to 5 (lowest priority), and to explain their reasoning. Privacy received the highest298

priority (mean = 1.2), followed by safety (mean = 2.2). Bias ranked third (mean = 3.3),299

while accountability (mean = 3.7) and transparency (mean = 4.5) ranked lowest.300

Privacy emerged as the top priority across all roles. Participants consistently emphasised301

that patient data must remain tightly controlled, grounding this concern in both institutional302

policy and personal experience. P14 described stripping patient identifiers from all AI-assisted303

consultations, while P12 noted that even unpublished research data is strictly prohibited304

from being entered into AI tools in their institution. In Chinese hospitals, P2 described strict305

governance measures that prevent the export of patient data outside the hospital.306

Safety ranked second and was also closely linked to privacy from participants’ perspectives.307

P4 stressed the importance of data containment: “For imported machines and bots, the308

database should be based in China”, which highlights how participants associate safety with309

physical and institutional control over sensitive data.310

Bias was ranked third. P9 described how datasets trained on different populations can311

cause patient distress and clinical harm. By contrast, practitioners whose systems undergo312

institutional validation prior to deployment (P11, P16) considered bias more manageable,313

since verification processes identify biased outputs before they reach patients.314

Accountability was ranked fourth, and divergent across roles. P17 argued that without315

clear attribution of responsibility for AI outputs, it is difficult to correct the errors: “When a316

ML tool is made, we don’t know who is making that model. If there is anything wrong with317

a patient’s medication or history, there will be no one accountable.” P9 similarly argued318

that given the life-critical stakes, accountability must be the primary concern for developers.319

Healthcare professionals framed accountability within existing clinical responsibility struc-320

tures, as doctors are already responsible for decisions made by HAISS, making additional321

accountability feel less urgent. P16 noted that, in their context, accountability was largely322

pre-empted by design: their application explicitly prepares patients for GP consultations323

rather than replacing clinical advice, removing ambiguity about who bears responsibility.324

Transparency was ranked the lowest overall. Healthcare professionals stated that clinicians325

lack the capacity to understand the logic behind HAISS outputs. P14 stated that “can deal326

with not much transparency, I am 100% sure about the rest.” P9, a software engineer, stated327

that while explainability tools such as SHAP and LIME are promising, a significant gap328

remains in interpreting black-box AI in clinical contexts. P12, declined to provide a single329

ranking, noting that “priority depends entirely on context and purpose: for patient care,330

privacy comes first; for teaching, transparency; for research, security.” This response illustrates331

that a single, unified ethical requirements ranking is insufficient, and that role/context-specific332

elicitation is required.333
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Table 2 Role-specific If-Then patterns derived from practitioner perspectives.

If (Scenario) Then (Response) Role Guideline(s)

Building models for un-
derrepresented populations
with imbalanced data (P9).

Augment minority classes, document in
model cards, validate with domain ex-
perts, and report metrics separately for
synthetic and natural data.

SE EU AI Act [11];
FDA GMLP [31]

SE teams lack medical know-
ledge and use LLMs for
quick explanations (P11,
P17).

Limit LLM use to preliminary under-
standing, maintain validated glossaries,
and mandate clinical review before im-
plementation.

SE IEEE EAD [6];
ACM Ethics [1]

Deploying AI where data
must stay within institu-
tional boundaries (P13, P9).

Architect for on-premise or private cloud
only, block public APIs, and log all ac-
cess to verify no external transmission.

SE HIPAA [28];
GDPR Art. 44–
50 [10]; PIPL [26]

AI imaging systems produce
occasional diagnostic errors
(P3, P4).

Require radiologist double-read of AI-
flagged findings, surface confidence
scores, and maintain an audit trail.

HP ACR [3]; FDA
CDS [30]

Clinical staff lack the know-
ledge to operate AI tools
(P2).

Provide mandatory role-specific training
with certification and simplified inter-
faces, and collect usability feedback.

HP WHO [33]; FDA
HF [29]

AI fabricates data to fill
gaps (P7).

Reject incomplete records, use statist-
ical rather than generative imputation,
mark synthetic values, and exclude them
from primary analysis.

HR FAIR [32];
CONSORT-
AI [21]

SE = Software Engineer; HP = Healthcare Professional; HR = Healthcare Researcher.

RQ3 Findings: Privacy and safety were ranked in the top two positions by a large
majority of participants and with little spread, indicating that both function as a baseline
expectation across all three roles rather than as a discriminating priority; privacy was
nonetheless ranked ahead of safety more often than the reverse. Bias, accountability,
and transparency were ranked lower on average but with substantially wider variation,
and their placement was tied to whether a participant had encountered a concrete
failure of that kind. Accountability was ranked lower by healthcare professionals, who
described it as already absorbed by existing clinical responsibility structures, than by
software engineers, who described it as unassigned. One participant declined to rank the
dimensions at all, arguing that priority is determined by purpose rather than by role.

334

5 Discussion335

Our findings suggest that ethical risks in HAISS are not uniform. Instead, they vary336

systematically with (i) practitioners’ roles and responsibilities, (ii) the regulatory constraints337

they operate under, and (iii) the organisational settings in which HAISS are designed and338

used. This variation explains why “one-size-fits-all” ethical requirements often fail in practice,339

and why responsible HAISS development benefits from cooperative but role-specific RE.340

Lesson 1: Ethical requirements in HAISS are role-specific, not universal. Across341

all groups, privacy (mean ≈ 1.2) and safety (mean ≈ 2.2) consistently appear as baseline342

NFRs; participants widely expect that sensitive data must be protected and that system343

ESEM 2026



71:10 Ethical Requirements for Healthcare AI Software Systems

behaviour should not introduce avoidable harm. The remaining dimensions, however, showed344

greater variance across roles, and their importance depended on how each role encountered345

ethical concerns in everyday work. Healthcare professionals concentrated on issues that346

directly affect clinical decision-making, researchers emphasised reproducibility, and software347

engineers focused on implementable governance mechanisms and on how ethical requirements348

translate into testable constraints. For RE, this implies that eliciting ethics requirements349

in HAISS cannot rely on a single fixed checklist, but must be stratified by role. We state350

this as a hypothesis rather than a finding. Because role and country are confounded in our351

sample, the stratification we observe may be organised as much by regulatory setting as by352

professional role. What the data more securely support is the weaker claim that a single,353

fixed checklist did not match how any of our participant groups encountered ethical concerns.354

Lesson 2: Role boundaries are the primary hotspots for ethical risk. Several severe355

issues reported were not confined to a single role; they appeared at the boundaries, where356

one group produces artefacts that another group relies on. Examples included hallucinated357

outputs that appear clinically plausible and are mistakenly trusted; demographic bias that358

increases false positives and forces clinicians to make rapid judgments under pressure; and359

fabricated or low-quality data propagating through research workflows. These failures360

often arise because validation expectations and accountability are not explicitly specified at361

handoffs, allowing errors or uncertainty to flow downstream. This suggests that handoffs362

themselves should be treated as requirements artefacts, with explicit validation criteria and363

accountability assigned at each role boundary.364

Lesson 3: Regulatory compliance and ethical requirements are related, but not365

interchangeable. Compliance is essential, but it represents a minimum legal threshold366

rather than a complete account of ethical practice. A system may satisfy data residency367

rules while still producing biased outcomes, or obtain consent in a legally correct way while368

operating as a “black box” that makes accountability difficult to assign when something goes369

wrong. For SE practitioners, this is why data governance and residency should be treated as370

core architectural requirements rather than background tasks, with provenance tracking and371

automated completeness checks built in, rather than relying on compliance sign-off alone.372

Based on our findings, we propose role-specific If-Then patterns as lightweight SE artefacts373

that operationalise practitioner-identified ethical priorities into actionable requirements. Each374

pattern specifies a trigger condition (If) drawn from a recurring scenario in our interview data,375

a concrete SE response (Then) grounded in both participant suggestions and established376

regulatory guidance, the responsible role, and the applicable guideline. The patterns were377

derived by mapping each RQ2 challenge sub-theme to the ethical dimension it most directly378

threatens (RQ3), then formulating a response that combines participant suggestions with the379

corresponding regulatory obligation. Table 2 presents an initial set of six patterns spanning380

all three roles, intended as structured prompts during requirements elicitation. We did not381

attempt to operationalise every RQ2 challenge. A sub-theme was carried forward only if it382

was reported by at least two participants or by one participant describing a specific incident,383

if its trigger could be stated as a condition a development or clinical team can observe,384

and if a response could be formulated that maps onto an obligation in a publicly available385

instrument. Sub-themes excluded on these grounds were P13’s ethics-approval paradox,386

whose trigger is organisational rather than a property of the software, and P5’s terminology387

mismatch, for which we could not formulate a response that did not restate the problem.388

Guidelines were selected by matching each response to the narrowest instrument that covers389

the obligation and applies in at least one of the three jurisdictions in our sample; we do not390

claim that the cited instrument mandates the specific response, only that the response is391
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intended to discharge the obligation it states. The responses combine participant suggestions392

with our own additions, most often a verification or logging step that makes a participant’s393

suggestion checkable, so the patterns are our formulation rather than a direct transcription394

of participant views. Their triggers are grounded in observed practice, but the responses395

have not been applied to a real project, and evaluating them through practitioner workshops396

is the first item of our future work.397

6 Threats to Validity398

6.1 Construct Validity399

The five ethical dimensions were not derived inductively from the interview data. We adopted400

them from our prior systematic mapping study of ethical concerns in generative AI [14],401

which synthesised 39 primary studies into five recurring dimensions. Because the same team402

produced the framework and applied it as an elicitation instrument, a concern absent from403

the mapping study is unlikely to have surfaced here. The ranking task compounds this. It404

captures relative priority only, so a low rank means a participant placed that dimension405

below the others, not that they judged it unimportant, and the low rank of transparency406

should be read in this way. It also records what participants say they prioritise rather than407

what their projects protect in practice, since we did not observe any participant’s work. To408

limit these effects, each interview included open discussion in which participants could raise409

concerns outside the five labels, and we asked every participant to justify their ordering,410

which is how the qualitative account in Section 4.3 was built. In the planned practitioner411

workshops we will elicit priorities against concrete scenarios rather than in the abstract,412

and compare stated priorities against project artefacts such as requirements documents and413

ethics applications.414

6.2 Internal Validity and Credibility415

The primary coding was performed by a single researcher, which is the most significant threat416

to the credibility of our themes. Section 3 describes the steps we took to reduce it: an audit417

trail linking every code to the transcript segment it came from, and explicit attention to418

cases that diverged from the emerging pattern. We did not conduct a formal inter-coder419

reliability assessment, nor did we ask participants to validate the themes. Our themes should420

therefore be read as an interpretation that can be traced back to the data and justified,421

rather than as the only structure a coder could have derived from these transcripts. To make422

competing interpretations possible, we release the codebook with links from each code to its423

source segment, so that another researcher can trace how each theme was built and construct424

an alternative reading from the same material.425

6.3 External validity and Transferability426

Our sample of 17 participants is small and unevenly distributed, and the distribution427

is not independent of role. Healthcare professionals were recruited only in China and428

Australia; software engineers, only in India and Australia; and India is represented by a429

single participant. Role and country are therefore confounded: any pattern we attribute430

to the software engineering role is, on this sample, indistinguishable from one attributable431

to the regulatory or institutional context in which those engineers work. This affects RQ3432

most directly, since data-protection regimes differ sharply across the three jurisdictions.433

Australia is the only country represented in all three role groups, so we checked whether434
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the role-level ordering holds there as well. Privacy and safety retain their positions, but435

the placement of bias, accountability, and transparency differs from the overall pattern, so436

the role differences we report for these three dimensions may partly reflect jurisdictional437

differences. Recruitment through professional and social platforms further biases the sample438

toward practitioners already engaged with AI. We therefore make no claim of statistical439

generalisation and present the role-specific findings as hypotheses. To test them we are440

extending the study to a sample stratified by role within each jurisdiction, so that role and441

country can be varied independently, and we will re-examine the ordering reported here442

before generalising from it.443

7 Conclusion444

In this paper, we demonstrate that understanding multifaceted AI adoption in healthcare445

requires considering the perspectives of stakeholder groups with distinct roles. By examining446

RQ1, we found that healthcare researchers use AI for data-centric tasks, healthcare profes-447

sionals focus on integrating AI into diagnostic workflows, and software engineers focus on448

building and maintaining AI systems. Each group has unique challenges they encounter449

(RQ2) and ethical considerations they prioritise (RQ3), which are shaped by their objectives.450

Based on these findings, we suggest creating role-specific guidelines that ground high-level451

principles in everyday practices by formulating if-then patterns. While our sample captures452

diverse geographic and institutional contexts, it remained limited in size and scope. As future453

work, we plan to implement these if–then patterns within role-specific guidelines, drawing on454

existing regulatory frameworks and ethical standards, and to validate and refine them across455

a wider range of healthcare environments to ensure broader applicability and relevance. By456

incorporating continuous practitioner feedback, we aim to produce a set of actionable rules457

that can be streamlined and, ultimately, embedded into an adaptive, ethical healthcare AI458

framework capable of evolving with emerging technologies and practical scenarios.459

Data Availability460

An anonymised replication package containing the interview protocol and the thematic code-461

book is available at https://anonymous.4open.science/r/EMSE_Emerging-Results-1F8B/462
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