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Abstract. Experience-Based Co-Design (EBCD) is a participatory approach 
commonly used to improve healthcare services. However, its application in 
guiding the design of technologies, particularly artificial intelligence (AI) 
systems, remains limited. This study adapts EBCD to support nurse-centered 
design of AI-enhanced electronic health records (EHRs) for patient 
handover. Drawing on interviews and co-design activities with nurses, AI 
experts, and UX designers in Australia, we identified workflow 
misalignments and co-developed AI features that address clinical challenges. 
Based on these findings, we propose a tailored EBCD approach for AI design, 
comprising five guiding elements: Scenario Co-Construction, Experience-
Based Facilitation, Technical Feasibility Alignment, Design Integration, and 
Common Adjustment. This approach is aimed at promoting equitable 
participation, grounding design in real-world experience, and ensuring AI 
tools align with clinical workflows. Our work contributes a technology 
design pathway that builds on an established method and centers frontline 
clinicians as equal partners in shaping AI-integrated healthcare systems. 

Keywords: Experience-Based Co-Design, EBCD, Patient handover, 
Electronic health record, EHR, Co-design, Nurses’ perspectives 

1 Introduction 

Experience-Based Co-Design (EBCD) is a participatory approach that enables 
healthcare staff and patients (or other users) to co-design services and care 
pathways together [1]. It gathers in-depth narratives of their experiences, 
identifies key “touch points” (critical moments), and uses these insights to drive 
improvements [1]. This collaborative approach has led to tangible service 
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improvements and better patient experiences, as it centers design efforts on real-
world challenges and insights from end users [2]. However, while EBCD has 
proven successful in refining healthcare workflows and service touchpoints, its use 
has remained largely confined to organizational and process improvements. While 
EBCD is well established in service improvement, its use in guiding technological 
innovation and healthcare technology design, particularly for AI integration, 
remains less explored. 

Recent years have seen rapid growth in the integration of artificial intelligence 
(AI) within healthcare, especially in domains like electronic health records 
(EHRs). Hospitals are increasingly embedding machine learning algorithms into 
EHRs to aid in risk prediction, documentation, and care coordination [3, 4]. 
Likewise, AI-driven decision-support tools are being developed to assist clinicians 
with diagnostics and treatment recommendations, promising to enhance decision-
making and patient outcomes [1, 12, 46]. Despite their potential, many AI tools in 
healthcare fail to align with frontline workflows. Instead of improving efficiency, 
poorly designed systems often disrupt routines, increase workload, and lead to 
unsafe workarounds and slower adoption [8–11]. These issues highlight a critical 
challenge: successful AI integration in EHRs is not merely about technical 
performance; it requires aligning these active agents with the complex, day-to-day 
service workflows of frontline professionals. 

One significant factor contributing to this misalignment is the limited 
involvement of nurses in designing and refining EHR systems, especially those 
integrated with AI [12]. However, this limited engagement is not merely an 
organizational oversight; it stems from structural and epistemic challenges specific 
to the nature of AI design. 

First, the inherent complexity and opacity of AI technologies create a barrier 
for non-technical stakeholders in the earliest exploratory phases. Unlike 
traditional software, where interface changes can often be easily envisioned, AI 
capabilities often function as “black boxes,” making it difficult for nurses to 
conceptualize how these abstract tools can address their specific needs without 
prior scaffolding [13, 14]. Second, AI innovation is frequently driven by the 
technology-centric approach, often initiated by vendors or data scientists focused 
on data availability and technical feasibility rather than clinical necessity [15, 16]. 
Consequently, multidisciplinary stakeholders rarely engage together in the 
conceptualization phase; instead, nurses are often brought in only at late stages to 
validate pre-determined solutions. 

This disconnect is particularly critical given the vital role nurses play in 
hospital operations. With the large number of nurses on duty and the frequency of 
shift turnovers [17], nurses play a vital role in inpatient handovers, exchanging 
essential information to ensure continuity of care. These time-pressured moments 
involve distilling key details, often within fragmented documentation systems 
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[17–19]. Yet, despite being among the primary users of these systems, nursing 
perspectives remain underexplored in the development of AI-driven tools [10, 20].  

Notably, there is a strong demand from the nursing profession to bridge this 
gap. Studies indicate that nurses recognize the value of greater involvement in 
technology design. In one large US survey, 73% of nurse respondents stated that 
having nursing input into the design and optimization of AI tools would help 
alleviate their concerns about adopting AI in practice [21]. Nurses are eager to 
share their hands-on expertise regarding patient needs and workflow priorities. 
Yet connecting their lived experiences with the design of AI systems remains a 
critical, underexplored avenue to clinical innovation that understands and 
foregrounds everyday practice. 

This study extends the well-established EBCD approach in healthcare by 
drawing on co-design traditions rooted in technology design and development. 
While EBCD was originally developed for service improvement, we argue it is 
uniquely suited to the specific challenges of AI integration. First, unlike passive IT 
tools, AI systems function as “active agents” that fundamentally reconfigure 
clinical workflows, effectively altering the “service” of care itself. Therefore, 
designing AI requires a holistic service design lens rather than a purely technical 
one. Second, the “black box” nature of AI presents a barrier to traditional 
participatory design (PD), because it can be difficult to explain, interrogate, and 
meaningfully negotiate system behaviour with participants during the design 
process. EBCD’s core strength lies in anchoring design not in technical 
specifications, but in narrative and lived experience. This provides a tangible 
scaffold for nurses to articulate what the AI should solve based on their needs, 
helping to bridge the gap between clinical reality and algorithmic feasibility. 

Based on empirical work conducted in Australia, we demonstrate how 
experiential knowledge for service and practice improvement can also guide the 
design of AI-supported healthcare IT systems.  In the context of AI in healthcare, 
from the perspective of a key stakeholder group (nurses), we position EBCD not 
just as a means to improve workflows or service practices, but as a foundation for 
collaborative technology design. By gathering stakeholders’ experiences and ideas, 
the design process can center on the actual challenges nurses face. The exploration 
focused on the potential value of AI-enhanced EHR during patient handovers and 
patient information management. With EBCD’s core premise,  all stakeholders, 
from end-users to developers, collaborate to co-create solutions, in an effort to 
ensure the outcome is both feasible and grounded in real needs [22, 23]. Building 
on the above motivations, this study:  

1. Explores nurses’ experiences with EHRs during patient handovers. Through 
interviews, we investigate how nurses currently interact with EHR systems and 
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AI features in the context of handover communications, identifying pain points 
and opportunities from the users’ perspective. 

2. Facilitates design participation for AI innovation. Using an EBCD approach, we 
engage nurses in the co-design of improved AI-supported handover tools. This 
involves collaborative workshop where nurses and developers jointly envision 
features or modifications that would better support clinical information 
exchange and workflow needs. 

3. Proposes an application of the EBCD approach to align AI technology 
solutions, with real-world healthcare practice, using nursing practice as a case 
in point. Based on our findings, we propose a set of design guiding elements 
that ground the approach in practitioners’ experiences, while fostering 
collaboration with design and AI experts in the integration of AI into EHR 
systems. This extended approach to EBCD offers guidance for developing AI 
tools that are closely aligned with the practical realities of healthcare delivery. 

By addressing these objectives, the research prioritises healthcare professionals’ 
expertise and experiences to generate new insights for collaborative design of 
healthcare technologies. It also provides new perspectives and practical cases for 
applying EBCD as an approach beyond service design and process improvement. 

2 Related Works 

In this section, we explore how co-design has been applied in healthcare and its 
connection to digital health innovation. We then examine collaborative design in 
contexts where user needs are complex and often underrepresented, such as 
nursing handovers. Finally, we consider how expanding the EBCD approach can 
support more equitable and context-sensitive integration of AI into healthcare 
workflows. 

2.1 EBCD for AI-Driven Healthcare Innovation 

Co-Design and EBCD: A Structured and Experience-Driven Approach. In recent 
years, co-design has emerged as a critical methodology for aligning AI 
technologies with real-world healthcare practices. As AI becomes increasingly 
embedded in clinical decision-making and patient-facing systems, the need to 
involve frontline users in shaping these tools has become both a technical and 
ethical imperative [20]. Co-design offers an alternative by fostering early-stage 
engagement and shared authorship between technologists and healthcare 
stakeholders, enabling AI systems to better reflect the workflows, values, and 
constraints of their intended settings [24, 25].  
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Recent studies across Human-Computer Interaction( HCI) and health 
domains document numerous co-design initiatives aimed at engaging 
stakeholders (patients, clinicians, and caregivers) in designing health 
technologies [26–30]. A systematic review of 171 digital health co-design studies 
(2015–2024, indexed in PubMed, Scopus, Web of Science, CINAHL, PsycINFO, 
and IEEE Xplore) concluded that participatory co-design is the most proactive 
and impactful approach to involving end users in the collaborative design of digital 
health interventions [28]. Key benefits include fostering collaboration and 
ideation, building shared ownership, and enhancing creative problem-solving. 

Despite its promise, challenges persist in operationalizing co-design across 
disciplinary boundaries, especially when integrating AI capabilities into critical 
health services [14, 31]. Reviews of co-design research highlight that practical 
guidance for coordinating multidisciplinary participants in healthcare is still 
emerging, with existing approaches varying widely in scope and consistency [28, 
32]. This reflects broader disciplinary misalignments: while HCI-led teams often 
prioritize iterative prototyping and user experience, healthcare institutions focus 
more heavily on clinical safety, regulatory compliance, and evidence-based 
outcomes. As a result, co-design efforts often unfold in isolation, lacking deep 
integration into clinical frameworks and failing to achieve sustained, cross-
disciplinary collaboration [33]. 

To address these limitations, EBCD offers a well-established structured 
methodology and is widely used in healthcare. Emerging in the mid-2000s as a 
form of participatory action research, EBCD draws explicitly from user-centered 
design principles and design theory [34]. It blends narrative-based research 
methods, such as interviews and observations, with service design tools to deeply 
explore lived experiences and collaboratively redesign care processes [23, 35, 36]. 
At its core, EBCD aims to flatten traditional power hierarchies by treating 
patients, families, and frontline staff as equal partners in analyzing problems and 
generating solutions [34].  

By engaging those who give and receive care, EBCD aims to foster shared 
ownership of service improvements and to renegotiate roles and expectations in 
the improvement process [34]. EBCD generally unfolds in two main phases: (1) 
understanding the experiences of relevant user groups (e.g., patients and 
healthcare professionals), and (2) their direct participation in co-design workshops 
and service improvement activities. Since its inception, EBCD has been adopted 
across a wide range of healthcare settings, including emergency departments, 
cancer care, mental health, geriatrics, and chronic disease services, in the UK, 
Europe, North America, and Australasia [2, 22, 29, 34]. These projects 
demonstrate how EBCD can address various aspects of care delivery, including 
communication processes, care pathways, ward environments, and care 
coordination. 
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Facilitation is a central feature of EBCD. Skilled facilitators help build trust, 
foster open storytelling, and ensure that discussions are balanced and inclusive 
[34, 35]. By centering on real experiences, EBCD fosters empathy and a shared 
understanding that drives meaningful change [35]. In this way, EBCD operates at 
the intersection of patient-centered care and human-centered design, being 
collaborative, reflective, and transformation-oriented. It seeks not only to improve 
systems and workflows but also to shift the culture of healthcare toward one that 
values the expertise of lived experience [34]. 

Extending EBCD to Digital Health and AI Innovation. Despite its broad 
application in service delivery redesign, EBCD remains underutilized in the 
development of health technologies, especially in the domain of AI. There is little 
attention on EBCD-driven digital health projects. For example, even when digital 
tools aim to support the experiences of patients or clinicians, users are often 
involved only through usability testing or pilot feedback, rather than being 
embedded in the design process from the start [37].    

In this paper, we define AI-driven healthcare innovation as the design and 
deployment of digital tools that incorporate machine learning or rule-based 
algorithms to support clinical decision-making, workflow optimization, or 
stakeholder engagement [5, 38]. We focus on AI-enhanced EHRs as a 
representative case, referring to systems augmented with predictive analytics, 
natural language processing, or intelligent decision-support features that move 
beyond basic data storage [6]. These technologies present a timely opportunity to 
integrate stakeholder experience from the outset of design, yet co-design in this 
space is still rare and often lacks structured guidance [16, 28]. 

Several recent initiatives indicate promising directions. The Australian RMHive 
project employed an accelerated EBCD method in which healthcare workers led 
the design of a mental health mobile app during the COVID-19 pandemic, using 
storytelling and iterative prototyping to surface needs and shape features [37]. In 
RMHive, technical experts and designers largely acted as enablers, translating 
healthcare workers’ priorities into app functionality rather than co-defining 
technical constraints or negotiating interdisciplinary trade-offs from the outset. 
Similarly, Ghosal et al. (2024) proposed an “AI-informed EBCD” approach in the 
UK for developing a virtual reality mindfulness app for patients with diabetes 
distress [39]. In this study, patients first engaged with VR experiences and 
participated in focus groups to surface their needs; designers and engineers then 
interpreted and integrated those insights into the app, with patient feedback 
incorporated in later iterations. 

These examples successfully amplify end-user voices from early stages, helping 
ensure that designs better respond to final users’ needs. However, they also share a 
limitation: multidisciplinary stakeholders rarely engage together in the earliest 
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exploratory phase, leading to collaborations that are indirect, sequential, or 
stage-shifted [16, 27, 28, 30]. This means end-users, AI experts, and designers 
often operate in parallel rather than jointly shaping the problem space from the 
start. 

This gap presents an opportunity. As healthcare systems increasingly adopt 
digital and AI-driven tools, there is growing recognition that the success of these 
innovations hinges not only on technical performance but also on meaningful, 
participatory engagement from end-users and implementation partners [16, 27, 
40]. Yet, while EBCD excels at surfacing experiential insights from patients and 
staff, it has rarely addressed how to integrate these with technical feasibility 
concerns in the earliest stages of innovation [28, 35]. Conversely, user-centered 
design approaches in digital health frequently prioritize usability and feature 
refinement, but often lack the deep participatory grounding that EBCD provides 
[14, 25, 31]. 

2.2 Nurses’ Roles in Patient Handovers and Information Transfer 

Patient handover is defined by the Australian Medical Association as the process 
of thorough exchange of information and transfer of responsibility for a patient 
from one healthcare professional to another, ensuring no data is lost or omitted 
[17]. Nurses bear legal responsibility and accountability for conveying critical, 
accurate, patient- specific information during handovers. The handover process is 
a crucial element in the daily clinical practice of nurses, marking the period when 
the duty and accountability for a patient’s care shift [41].  

Studies have highlighted that handover communication often lacks structure, is 
informal, and is prone to errors; formal protocols for handover are often advocated 
as a result [18]. The adoption of EHRs has also been promoted to improve the 
reliability and structure of handovers by unifying healthcare professionals on a 
single platform for entering and accessing clinical and care information [42, 43].  

EHRs are designed not only to replace paper records but also to transform 
nursing practices and workflows, influencing the timing, location, and methods of 
documenting care delivery [44, 45]. Systems such as Epic and Oracle Cerner are 
noted for their features, such as auto-populated information sources, real-time 
data synchronization, and structured report inputs [46, 47]. The primary 
advantages include reinforcing the continuity of care by transferring 
responsibilities and duties [48]; acquiring and sharing information [49]; supporting 
structured handover methods and aiding in the management of clinical tasks [50]. 

Nurses are the largest segment of the healthcare workforce and among the 
heaviest users of EHRs [12, 51, 52]. They handle a vast amount of patient 
documentation, medication administration, care coordination, and monitoring 
through EHR systems on a 24/7 basis. Because nurses are on the front lines of care 
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and continuously interact with patients, their use of EHRs is critical for successful 
implementation and for maintaining continuity and quality of care. Research 
emphasizes that nurses’ engagement with an EHR profoundly influences its 
overall effectiveness. Nurses are expected to adopt and use the system efficiently, 
with the aim that patient information will be more accurate and accessible, which 
in turn impacts patient safety and care outcomes [8]. 

While the Scandinavian PD tradition, exemplified by the seminal Florence 
project [53], has long championed the engagement of nurses as equal partners, 
mainstream EHR design efforts have centered on physicians or technical 
requirements, overlooking that nurses “utilize EHRs the most” in daily care [54]. 
Nurses themselves report that EHRs are both a boon and a source of frustration; 
they appreciate the benefits (like improved data access and patient safety) but 
often struggle with design shortcomings [55]. This is increasingly acknowledged. 
Nurses are now recognized as essential stakeholders for EHR success, and there 
are growing calls to amplify the nursing voice in health information technology 
decisions. 

2.3 Engaging Nurses with AI More Equitably 

The integration of AI into healthcare has been fueled by the availability of high-
density datasets such as those enabled by EHRs. These datasets enable more 
precise disease classification, risk stratification, and care coordination based on 
unique individual characteristics within EHRs [3, 4]. A recent systematic review 
found that 71% of studies reported AI tools significantly reduced medication 
errors, underscoring AI’s role in preventing harm [38]. By supporting clinicians 
with data-driven insights and automation, AI-integrated EHRs aim to reduce 
human errors and streamline care delivery for better patient outcomes. 

Despite its promise, AI adoption in healthcare faces significant challenges. The 
traditional data-oriented AI development practices often result in AI systems that 
do not fully meet the needs of end-users, primarily because of an oversight of 
human- centric considerations [56–58]. There is a tendency to exclude 
stakeholders without a background in data science or AI from discussions 
regarding the objectives of underlying models or the formulation of overall 
problems [27, 59]. A closer review of AI practices in healthcare shows a tendency 
for passive engagement among medical professionals, who are often involved only 
in the late stages of technology development [60, 61]. This approach may burden 
healthcare providers by requiring them to adapt to and evaluate these technologies 
and reduce their detailed feedback to simple ratings. Indeed, common barriers 
identified in the literature include workflow misalignment, usability issues, and 
lack of user trust, all stemming from poor integration of AI into the clinical 
environment [62]. Researchers emphasize that without rigorous user-centered 

Interaction Design and Architecture(s) Journal - IxD&A, N.68, 2026, pp. 38 - 76 
DOI: 10.55612/s-5002-068-002

45



design and early stakeholder input, AI systems tend to be misaligned with actual 
workflows and needs, undermining their adoption and effectiveness [9, 62]. 

Nurses, who are among the primary users of EHRs, have not been equally 
represented in AI design compared to physicians [63]. In healthcare teams, 
hierarchical dynamics sometimes result in nurses’ insights being undervalued or 
dismissed [64]. This imbalance carries over to technology projects, where 
physicians’ perspectives often dominate design requirements for clinical AI tools. 
Studies have shown that when nurses’ workflows and expertise are not taken into 
account, AI implementations can suffer from poor usability and low relevance to 
nursing practice [10, 20]. For instance, early versions of AI-driven symptom 
checkers in telehealth were found to overlook the telenurse’s established 
assessment process, excluding certain patient scenarios and disrupting how nurses 
triage calls [20]. Such misalignment can increase nurses’ workload (e.g., 
workarounds or duplicate documentation) and hinder EHR integration into 
nursing care. Experts argue that nurses should be engaged as equal partners in the 
innovation process so that AI tools can be tailored to complement nursing 
workflows and information needs [65]. By leveraging nurses’ on-the-ground 
insights, our study aims to propose pathways for including nurses’ perspectives to 
promote their more equitable participation in technological innovation. 

This research proposes an extension of the well-established EBCD approach in 
healthcare from enhancing service delivery and patient-centered care to re-
engaging with co-design traditions in collaborative technology development with 
stakeholders. In this work, through EBCD with a focus on co-designing AI 
features within EHRs alongside nurses, ensuring closer alignment with their 
practice and support improved care delivery. In doing so, it contributes to the 
broader discourse on collaborative AI design and offers a pathway for more 
equitable inclusion of practitioners in the innovation process in healthcare 
settings. 

3 Method 

This research employed an EBCD approach through a two-phase study, 
integrating qualitative methods to explore nurses’ perspectives on AI-enhanced 
EHR systems. By combining semi-structured interviews (Phase 1) and a co-design 
workshop (Phase 2), we sought to gain a deep understanding of nurses’ 
experiences with patient handovers and EHR use, uncover design challenges, and 
collaboratively explore AI-driven solutions. 

To analyze the data, we conducted an inductive thematic analysis, iteratively 
refining themes through multiple discussions with the research team. In the first 
phase, the first author transcribed the interview data and iteratively reviewed and 
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discussed with the research team, which helped develop themes as new data from 
subsequent interviews were added. Details of the analysis and themes are 
presented in Section 3.1. Ultimately, these findings informed co-design activities 
aimed at ensuring AI solutions align with nurses’ needs and workflows. Phase 2 
data included audio-recorded participant interactions and discussions during the 
design workshop, as well as design insights and artefacts generated during Phase 2 
activities. Section 3.2 details the data collected and the analysis that followed.  

This study received ethical approval from the University of Queensland’s 
Human Research Ethics Committee. Participants were recruited via network 
referrals and snowball sampling [66]. Interested participants were provided with 
an information sheet and a consent form. After confirming their participation, we 
scheduled a session at their convenience, explained the study in detail, and 
obtained written consent. 

3.1 Phase 1: Semi-structured Interviews 

The first phase of the study comprised semi-structured interviews to gain an in-
depth understanding of nurses’ handover processes, their use of EHRs, and their 
attitudes toward AI integration. To capture a broad range of perspectives, we 
recruited 10 nursing professionals from different hospitals across multiple 
Australian states, with experience ranging from 1 to over 30 years (Table 1). This 
sampling approach helped us capture perspectives across different sites and levels 
of experience, rather than reflecting one local context. 
 

Table 1. Roles of Interviewed Participants. 

ID	 Role	 Department	 Exp.	 State	 Format	
IN1	 Ground	Nurse	 Surgical	Ward	 1-2	yrs	 QLD	 Zoom	
IN2	 Registered	Nurse	(RN)	 Emergency	Department	 	 2-3	yrs	 NT	 Zoom	
IN3	 Ground	Nurse	 Rehabilitation	Unit		 1-2	yrs	 VIC	 Zoom	
IN4	 Physiotherapist	 Cardiorespiratory	Ward		 	 0-1	yrs	 QLD	 Co-located	
IN5	 Physiotherapist	/	RN	 Orthopaedic	Ward	 0-1/4	yrs	 QLD	 Co-located	
IN6	 RN	 Emergency	Department	 3-4	yrs	 QLD	 Co-located	
IN7	 RN	 Float	Pool	 2-3	yrs	 VIC	 Zoom	
IN8	 RN/	Nurse	Lead	 Spinal	Injuries	Unit	 	 3/11	yrs	 QLD	 Co-located	
IN9	 RN	 Post-Anaesthesia	Care	Unit	 17	yrs	 QLD	 Zoom	
IN10	 RN	 Surgical	Ward	 30+	yrs	 QLD	 Zoom	

 
The interview protocol was organized into three parts: (1) typical handover 

processes and associated tools, (2) experiences with EMR systems, including 
challenges and workarounds, and (3) general opinions and expectations regarding 
AI in clinical practice. Each interview lasted between 60 and 90 minutes and was 
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conducted either via Zoom or in person in a location convenient to the 
participant. 

While specific tooling varied, ranging from different commercial EHR systems 
to paper-based records, all participants were trained to various standardized 
handover delivery protocols such as ISBAR (Identification, Situation, Background, 
Assessment, Recommendation) or “I have SHARED” (Situation, History, 
Assessment, Risk, Expectation, Documentation) frameworks for clinical handover 
[17]. This shared protocol served as the structural foundation for our co-design 
process, allowing us to identify common information bottlenecks and design AI 
solutions that are adaptable across different technical environments. 

Interviews were audio-recorded and transcribed by the first author. The first 
two authors collaboratively conducted an inductive thematic analysis using an 
iterative process. Initial codes were generated from transcripts and grouped into 
preliminary themes using Miro, a collaborative digital workspace. Emerging 
themes were continuously refined as new interviews were analyzed (Fig. 1). 

  

	

Fig. 1. Initial thematic work (different colors represent different participants): With a local 
zoom of the ‘Handover Processes & Structure Methods’ theme. 

 
The first two authors categorized nurses’ handover practices into a “Nursing 

Handover Journey” using a user journey mapping approach [67]. This visual 
framework structured the observed processes and EHR interactions across five key 
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handover stages: group shift briefing, pre-review and individual planning, bedside 
handover, care activities, and final documentation. 

Further analysis was supported by thematic networks (Fig. 2) [68], which 
narrowed down the initial findings with four major themes: Patient Information, 
Professional Communication & Collaboration, Patient Well-being, and Nurse 
Mental Health & Well-being. These themes and their sub-theme now serve as 
design material that supports discussions for Phase 2 of the study. 

 

 
Fig. 2. Thematic Networks Map: The initial four challenge themes of patient handover and 
their detailed sub-themes. 

3.2 Phase 2: Co-design Workshop 

Following the interview study, we conducted a 90-minute co-design workshop to 
explore how AI might help address handover challenges identified by nurses. The 
workshop brought together three nurses, three AI experts, and three UX designers 
(Table 2). To ensure continuity and validate Phase 1 findings, two of the nurses 
(WN2, WN3) were recruited from the interview cohort, while the third (WN1) 
brought a fresh perspective. The aim was to enable equal participation across 
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clinical, technical, and design domains. The structure emphasized mutual respect 
and equal participation, echoing EBCD’s ethos of flattening hierarchies and 
valuing each participant's lived experience. 
 

Table 2. Roles of Co-design Workshop Participants. 

ID	 Role	 Exp.	
WN1	 Student	Nurse	 1-2	yrs	
WN2/IN5	 Physiotherapist	/	RN	 0-1/4	yrs	
WN3/IN6	 RN	 3-4	yrs	
A1	 AI	Expert	 1-3	yrs	
A2	 AI	Expert	 1-3	yrs	
A3	 AI	Expert	 3-5	yrs	
D1	 UX	Designer	 2	yrs	
D2	 UX	Designer	 2	yrs	
D3	 UX	Designer	 5	yrs	

 
To support collaboration, we developed three tailored tools (see Appendix A 

and B): (1) Theme Cards that summarized key concerns from Phase 1, such as 
information gaps, communication strain, and emotional stress; (2) AI Capability 
Cards adapted from Yildirim et al. [69], offering examples like predictive analytics 
and summarization; and (3) a Collage Creation Toolkit inspired by Sanders and 
Stappers [70], where teams grouped features into “Required,” “Preferred,” and 
“Desired” categories. 

 

	

Fig. 3. The four-part co-design workshop flow. 
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The session was structured into four parts (Fig.3). Participants first viewed two 
short videos, which helped establish a shared point of reference and served as 
inspiration for discussion. One illustrated a nurse handover following a 
standardized protocol. While operational details vary across Australian hospitals, 
this video demonstrated the core workflow common to the profession. The other 
video introduced applications of AI in clinical settings such as medical imaging 
diagnostics, predictive analytics for patient deterioration, and automated clinical 
documentation. Next, the participants in interdisciplinary teams discussed current 
pain points and brainstormed potential AI support using the cards. They then 
created collages and low-fidelity sketches of AI-enhanced EMR interfaces. The 
workshop concluded with a reflective sharing session, where teams refined ideas 
together based on clinical relevance and technical feasibility. 

Throughout the process, nurses’ real-world experiences anchored the design 
work. The collaborative structure allowed each group to surface concerns, test 
assumptions, and build shared solutions. Data collection included audio 
recordings, design artifacts (e.g., sticky notes, sketches), and field notes. These 
materials were analyzed by profession and theme, forming the basis for the 
findings presented in the next section. 

4 Findings 

This section presents findings from our two-phase study on enhancing nursing 
handovers through AI-integrated EHRs, grounded in an EBCD approach. In Phase 
1, we mapped nurses’ handover workflows and EHR interactions through semi- 
structured interviews, highlighting key challenges in information management, 
documentation, and transfer of responsibility. In Phase 2, an interdisciplinary co-
design workshop translated these real-world challenges into actionable AI design 
opportunities. Across both phases, nurses’ lived experiences were centered, first to 
identify critical workflow pain points, then to drive collaborative ideation and 
refinement of AI functionalities. The findings are organized into three parts: (1) a 
detailed account of current handover practices and EHR interactions, (2) nurses’ 
central role and influence in the co-design process, and (3) how co-design enabled 
the development of AI features that align with clinical needs while preserving 
professional autonomy. Together, these findings demonstrate the value of 
participatory approaches in shaping context-sensitive, nurse-aligned AI 
interventions. 
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4.1 Nurses’ Handover Processes with EHR Interactions 

	

Fig. 4. Nursing Handover Journey: with different stages and interactions with EHRs. 

 
Patient handover is a critical period during nurses’ clinical practice, involving the 
structured exchange of patient information and shifting responsibilities from one 
nurse to another. Based on our interview data, Fig. 4 maps a typical nursing 
handover journey. While operational details may vary between hospitals, this 
workflow reflects the core structural stages, preparation, exchange, and post-
handover documentation, common to nursing practice in Australia. Each stage 
involves specific interactions with EHR systems, highlighting nurses’ dependence 
on these technologies for accurate and effective patient information exchange. 

Group Shift Handover. The handover process typically commences with a group 
briefing led by the outgoing charge nurse. This session is crucial as it serves to 
synthesize and relay important patient information across the entire ward. During 
this stage, the charge nurse prepares a handover sheet, which includes critical 
information such as each patient’s personal details, medical history, and current 
health status. While some participants rely on traditional paper-based handover 
sheets, others use integrated handover documents in the EHR system. 

Pre-Review and Individual Planning. Following the group briefing, each incoming 
nurse conducts an individual pre-review of their assigned patients’ files. This 
review is pivotal for developing a personal daily care plan, which is distinct from 
the general care plans created for patients. Such personal plans typically focus on 
the nurse’s primary responsibilities for the day, detailing necessary examinations, 
care requirements, surgical needs, and scheduling. Nurses often document these 
plans on the handover sheet, either in handwriting or by using customized, 
structured formats. The primary interaction with the EHR during this phase 
involves accessing patient medical histories and basic information to inform the 
care plans. 
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Individual Patient Handover. The individual patient handover is usually 
conducted through bedside discussions between the outgoing and incoming 
nurses. This step is vital for involving patients in the handover process, ensuring 
they are aware of the nurse responsible for their care and allowing for any 
immediate concerns to be addressed. It also facilitates a detailed exchange of 
patient-specific information, ensuring continuity and precision in care delivery. 
The outgoing nurse utilizes the EHR to summarize and convey detailed patient 
information to the incoming nurse. 

Daily Care Activities. Nurses subsequently begin their formal care duties, during 
which they continue to document their observations and actions in their personal 
notes. These notes, which vary between digital and handwritten formats 
depending on the nurse’s preference, serve as informal yet critical records of 
completed tasks and significant events. Interaction with the EHR during this 
phase typically involves viewing and updating the progress of each care activity. 

Final Documentation and shift handover. After personal note-taking, nurses are 
required to update the EHR with comprehensive patient care plans. These updates 
are crucial as they provide a collaborative platform for all health professionals 
involved in a patient’s care, ensuring that the care plan is exhaustive and omits no 
critical details. This documentation is essential for the subsequent handover, 
securing a proper transition and ongoing patient care.  

Through our analysis and summary of the nursing handover journey, it 
becomes evident that while verbal communication and printed handover sheets 
remain essential components of the handover process, the EHR plays a vital role. 
Not only does the EHR support by providing access to relevant information, but it 
also often takes a more dominant role in documenting and facilitating the flow of 
information. 

Additionally, the patient handover process experienced by some participants 
varies between paper-based, digital systems, and a combination of the two. Most 
hospitals where our participants work are in the process of transitioning from 
paper-based to fully digital EHR systems. Many nurses prefer digital handovers for 
clearer viewing of diagnoses, faster recording, and precise responsibility transfer. 
Some favor a hybrid approach, combining digital and personalized written 
formats. While many nurses appreciated the clarity and efficiency that EHRs can 
offer, they also raised concerns related to usability (e.g., difficulties “searching for 
specific information quickly” or ensuring that “documentation is accurate and 
complete”), system integration (e.g., the desire for a system that can “update in 
real time” and “pull together previous medical history and test results”), and 
flexibility (e.g., wanting to “organize information using main titles and 
subheadings” or “adapt care plans from a list of appropriate options”).  
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4.2 Nurses’ Central Role in the EBCD Process for AI 

Phase 2 involved a co-design workshop focused on nurses’ perspectives on 
technology innovation. Nurses mapped their handover processes, shared lived 
experiences with EHRs, and identified both advantages and challenges in their 
workflow. AI integration was introduced only after these perspectives were firmly 
established, ensuring that design discussions were grounded in nursing practice. 

Nurses as Equal Partners in Interdisciplinary Co-Design. Every session began with 
activities that foregrounded nursing practice, for example, nurses opened with 
personal stories about handover challenges and daily workflow pain points, which 
set an experiential foundation before any technical ideas were introduced. The 
facilitator used open-ended prompts and probing questions to encourage each 
nurse to share insights, ensuring that design conversations started from the nurses’ 
lived experience rather than from technology features. Throughout the workshop, 
co-design techniques were employed to keep the focus on nursing needs. For 
instance, the team engaged in experience mapping of a typical shift handover, 
allowing nurses to walk through their routine step-by-step and highlight 
inefficiencies or information gaps they face. Scenario brainstorming was also used 
to detail a single handover section and its main interaction with EHRs. In this 
case, nurses, AI experts, and designers jointly envisioned ideal handover situations 
guided by nurses’ day-to-day realities. 

These facilitation techniques ensured that nurses’ voices led the ideation: 
technical team members were there to listen and respond, while nurses defined 
the problems and proposed initial solutions. A neutral facilitator (usually the 
designers) actively moderated the discussions to prevent any single group (e.g., the 
developers) from dominating. Whenever conversations veered into technical 
jargon or abstract AI capabilities, they were steered back to how the idea would 
solve a nurse-identified issue in practice.  

Designer 1: “[In addition to a buddy-system] So I think for the 
information loss, they were kind of a little overwhelmed? 
because after you read some rate, some number, or some 
value, you just directly put it into the electronic system, the 
online system. And also for the ratings you have, I say a tutor 
kind of thing guarantees you don’t make like wrong 
judgment.” 

AI Expert 1: “So, how is AI affecting these issues, how it’s 
currently affecting them, or how the implementation of AI 
would be able to affect them?” 
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Nurse WN1: “I think [a more important thing is] the 
assessment part and how we use the system, and I just got a 
picture you can see [pointing to the screen].” 

This approach of sharing power in discussion and using nurses’ stories as the 
design springboard elevated the nurses’ voices throughout the process. In line with 
co-design practices, the workshops built a safe space where nurses felt their 
perspectives were not only heard but valued in the decision-making.  

Collaborative Decision-Making Across Disciplines Experts. When prioritizing 
which AI features to develop or which handover problems to tackle first, the 
group used open group dialogue where nurses’ preferences carried equal weight to 
those of the technical experts. In one instance, an AI expert initially proposed 
incorporating an alert feature into the EHR system to highlight omitted care tasks, 
outlining the potential advantages of using AI for this specific functionality. 
However, the nurse clarified that such omissions were uncommon in their 
practice, as daily tasks are systematically recorded and further supervised through 
a buddy-nurse system, ensuring comprehensive task completion as detailed in the 
above quote block. 

As the discussion advanced, the nurse identified a more pressing and realistic 
challenge: assessments were typically presented as extensive textual narratives 
within the EHR system, making it difficult for nurses to rapidly locate key 
information. The nurse articulated this issue by stating, “It’s very difficult, you 
know, we can't grasp the meaning within maybe one minute. We need to read 
through all of this text [pointing to a screenshot of their current assessment 
interface]. It’s a huge task for us.” 

The AI expert expressed immediate interest, prompting further clarification by 
asking, “Is this how it is currently affecting you, or are you referring to how our 
implementation could address this issue? What exactly do you need?” This 
exchange effectively redirected the group’s focus toward a genuine clinical need, 
fostering a productive and targeted discussion on how AI capabilities could assist 
nurses by prioritizing and clearly structuring assessment information within the 
EHR. More importantly, technical constraints or design considerations were not 
dictated unilaterally by the developers or designers; instead, when a nurse’s idea 
faced a feasibility challenge, the issue was openly discussed, and the group 
collectively brainstormed alternatives or workarounds. This ensured that nurses 
remained empowered in shaping the solution, rather than having their ideas 
overridden by “what the tech can do.” 

The interdisciplinarity of the collaboration in these workshops was visible in a 
number of ways. For example, as nurses described what an ideal handover tool 
should display, UX designers sketched wireframe interfaces in real-time based on 
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those descriptions. Nurses then reviewed and refined these sketches on the spot, 
suggesting layout changes or data elements to include, while developers 
considered how an AI might provide that information. Such interactions 
exemplify how shared ownership of ideas was established; the final design choices 
were neither the nurses’ nor the developers’ alone, but co-created outputs of their 
combined insights. Below is an example of this interaction, where the idea is co-
created, making it from “I” to “we [our]” in the conversation: 

Designer 2: “So is this [pointing at the sketched interface 
on the paper] OK? The user interface is like a card.” 

Nurse WN2: “I will prefer…I’m not sure about this. If it’s 
like this, this, this [drawing some on the paper] would be 
easier. I mean, it’s clearer for us to view because if it’s like 
this, it would be very occupied, we'd like this.” 

AI Expert 2: “We also don’t want too many buttons.” 

Nurse WN2: “Yeah, yeah, too much clicking. Of course.” 

AI Expert 2: “It’s almost like…” 

Designer 2: “One-clicking.” 

AI Expert 2: “Yeah, if it’s not even in little sections like 
that, if it’s just like one page.” 

By the end of the workshop, participants from non-healthcare domains 
expressed heightened empathy and understanding toward nursing workflows, 
highlighting comments such as, “the current nurse handover system is awful,” and 
“I learned how different nurses’ work really is.” These reflections illustrate the 
establishment of empathy and mutual respect among interdisciplinary participants 
throughout the co- design process. The collaborative exchange between nurses, AI 
experts, and UX designers facilitated a collective learning experience, ensuring 
that the resulting AI tool genuinely reflected nurses’ real-world needs and 
positioned their contributions as equally valuable to those of technical experts. 
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4.3 Refining AI’s Role in Nursing Workflows Through Co-Design 

The co-design process translated nurses’ real-world challenges into specific, 
practical AI features of an EHR system. In Phase 1, Nurses highlighted three core 
issues during handovers: information overload, documentation challenges, and 
transfer of responsibility. These insights, used in Phase 2, guided the development 
of AI functions aimed at solving actual clinical problems. 
 
Table 3. Summary of Challenges and AI Potential Use Cases in Patient Handovers. 

 
Table 3 summarizes the challenges associated with EHR systems and 

corresponding AI solutions that could enhance patient handovers. For each 
challenge, the team identified corresponding AI functions: one-page summaries 
for navigating fragmented patient data, keyword prompts for time-limited 
documentation, and triage alerts to clarify care responsibilities. 

Intelligent Handover Summary. Nurses often spend valuable time sifting through 
complex EHR entries to compile handover notes. For instance, Nurse IN1 
described this problem in detail: 

Nurse IN1: “I wish it had a search function that could locate 
specific paragraphs, but IEMR (the local EHR system used in 
[state]) requires step-by-step navigation. For example, if I 
wanted to review a patient’s history, but each doctor’s 
notation can vary. In this case, I have to click through each 
entry one by one because of the absence of a quick search 
feature.” 

Theme Challenge	with	EMRs Potential	AI	Use	Case 
Information	
Overload  

Navigating	Target	Data One-page	Daily	Summary:	Presenting	
the	most	relevant	patient	information Synchronizing	History	

Medical	Records 
Multiple	Systems	
Integration 

Documentation	
Challenges 

Individualized	
Comprehensive	Care	Plans 

Prioritize	Patient’s	Conditions:	
Optimizing	the	structure	of	personal	
notes 

Time	Limited	
Documentation 

Transfer	of	
Responsibility  

Ambiguous	Transfer	of	
Responsibility 

Listening	and	Synthesizing	Records:	
Supporting	record	evidence 

Patient	Awareness	and	
Record	Accuracy 
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In response, the proposed AI design integration is to auto-generate a concise 
patient summary for handover. This summary prioritizes the information nurses 
deem most critical, for example, recent changes in vital signs or medications, 
outstanding tasks, and any new consults, so that incoming nurses get a quick, 
reliable overview. Nurses in the workshops determined what “critical 
information” entails, effectively teaching the AI what to include. This feature 
addresses information overload by letting the AI perform the initial data 
distillation, while nurses can review and adjust the summary as needed. 

Priority Alerts for Omissions and Risks. Another insight from nurses was that the 
lengthy assessment interface makes it challenging to quickly locate key 
information during busy shifts. To mitigate this, the team’s designed AI-enabled 
technology includes alert functionality that flags high-priority items for handover 
(fig. 5). For instance, if a critical lab result returned during the shift or a planned 
intervention was not completed, the AI would highlight it for the outgoing nurse 
to mention. One nurse (Nurse IN1) participant explained, “We need to read from 
here to here [pointing to an assessment document]. It’s a huge job for us…We 
definitely need to address the issues, and some are less important. We need to 
divide [them] into the most important and less important [ourselves].”  

This feedback informed the development of an AI-driven alert system that acts 
as a triage assistant, surfacing essential updates while minimizing cognitive 
burden. Importantly, the thresholds and presentation style for these alerts were 
not predetermined by the technical team but were co-defined by the nurses. As a 
result, the proposed AI design is to augment nurses’ clinical judgment, functioning 
as a context-sensitive support tool that helps ensure critical information will not 
be missed during handover. 

	

Fig. 5. Sketch of Group 1’s design idea: an interface for prioritizing patients’ conditions. 
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Preserving Nurse Autonomy and Trust. A crucial outcome of the workshop was 
defining an AI role that supports decision-making without undermining the 
nurse’s authority. Nurses were clear that they wanted an assistant, not an 
autonomous decision-maker. Thus, the AI’s suggestions are advisory, always 
leaving the final judgment to the nurse. For example, if the AI identifies a trend or 
suggests a reminder, it does so with explanations (e.g., “Patient’s blood pressure 
trending up from baseline”) so the nurse understands why it’s flagged, and the 
nurse can choose to act on it or not. Additionally, nurses requested the ability to 
provide feedback on the AI’s recommendations (such as marking an alert as not 
useful), which was incorporated to continually refine relevance. This feedback 
loop not only improves the AI over time but also reinforces nurses’ sense of 
control. By co-designing these guardrails, the team addresses concerns about the 
trustworthiness of AI and how it could be designed in practice, as an assistant that 
amplifies nurses’ capabilities and expertise rather than competing with them. 

These AI examples illustrate how nurses’ experiential knowledge directly drove 
the AI’s feature development, resulting in a tool or system with finely tuned 
features to actual workflow needs. The workshop facilitated the translation of 
abstract AI capabilities, such as summarization, prioritization, and detection, into 
clinically actionable functionalities that address tangible challenges in handovers 
and daily care. This process repositioned AI’s role as one of augmentation, 
managing routine data processing and vigilance tasks to enable nurses to prioritize 
the human-centered aspects of care. 

More importantly, our findings emphasized that preserving nurse autonomy 
should be a central AI design consideration. Nurses made clear that AI should 
support, not dictate, clinical decisions. Thus, AI suggestions are framed as optional, 
explanatory prompts, with nurses retaining authority over action. A feedback loop 
allows nurses to rate AI suggestions, improving relevance over time while 
reinforcing their control.  

Through the presented co-design process, we observed how nurses' situated 
expertise, rooted in the rhythms, constraints, and relational dynamics of their 
daily work, shaped the conceptualization of AI not merely as a functional tool, but 
as a partner that aligns with their professional values and practices. Rather than 
producing standalone features, the workshops highlighted how technology design 
is deeply intertwined with how problems are surfaced, negotiated, and owned by 
end-users. The EBCD approach, which grounds lived experience and equal 
participation, enabled such needs to surface and be translated into contextually 
appropriate design directions. In what follows, we reflect on how the EBCD 
methodology itself played a significant role in mediating interdisciplinary 
understanding and shaping design priorities, offering methodological insights for 
future technology development in complex clinical environments. 
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5 Discussion 

Our findings underscore that the design of AI technologies should not be 
decoupled from the social and experiential contexts in which they are meant to 
operate. In our study, the influence of EBCD did more than elicit feature 
suggestions; it created a participatory space where nurses’ practical reasoning and 
affective labor could actively shape design imagination. Unlike traditional 
requirements engineering, which often focuses on isolated functional features, the 
EBCD approach allowed us to frame AI as an active “service partner” within the 
clinical journey. 

A key methodological insight from our study is directly linked to EBCD’s 
narrative-driven nature. In our study, EBCD served not simply as a method for 
gathering design input but as a scaffolding that sustained equitable, experience-
driven collaboration. By mapping critical moments of nurse experience rather 
than just technical steps, the method enabled new insights to emerge regarding 
the relational fit of AI. Specifically, the approach adapting the EBCD process, 
center the nurses’ experiences with five guiding elements (Fig. 6). This illustrates 
how EBCD can be reoriented to support the design of AI systems, moving beyond 
“feature-centric” design to a “service-centric” approach that ensures AI tools are 
supportive and sensitive to clinicians' everyday practice. 

	

Fig. 6. Five Guiding Elements for Extending the EBCD Approach to Healthcare Technology 
Design. 
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Element 1: Scenario Co-Construction to Build Shared Knowledge. A common 
challenge in interdisciplinary co-design efforts is the disparity in domain 
knowledge between technical experts and end-users [69, 71]. This reflects a core 
concern in PD: the need to establish “mutual learning,” where designers gain 
insight into the users’ work context while users acquire the technical literacy to 
envision new possibilities [72]. Nurses may lack familiarity with AI capabilities, 
while AI experts often have limited exposure to real-world clinical workflows [13, 
73]. To bridge this gap and facilitate such mutual learning, the co-design process 
began with establishing a shared context through scenario-based learning. Our co-
design process revealed that mutual legibility, the ability of participants from 
different disciplines to make sense of each other’s language, priorities, and 
assumptions, was not a precondition for collaboration but an outcome cultivated 
through intentional scaffolding. Short videos of real nursing handovers and demos 
of potential AI applications were used as “prompts” to ground participants in 
current practice and envision technological possibilities. It is widely 
acknowledged that scenario-led co-design generates rich insights and a deeper 
understanding [2]. Rather than jumping directly into solution ideation, scenario 
co-construction invited nurses, AI experts, and designers to anchor abstract ideas 
in the sensory, temporal, and technical dynamics of real clinical encounters. 

Importantly, this phase did more than align understanding; it reshaped the 
nature of the design problem itself. By visualizing how nurses interact with EHRs 
in routine practice and current applications of AI in the clinical context, AI 
experts gained insight into real-world workflow constraints, while nurses 
developed an initial understanding of AI’s actual capability. Similar knowledge-
building strategies have been shown to enhance engagement and problem 
definition in co-design processes [72].  

We extend prior work on co-designing AI in health in several key ways. First, 
while toolkits such as those developed by Yildirim et al. [69] help surface AI 
concepts for non-technical stakeholders, our scenario co-construction approach 
enabled a deeper shift: participants did not simply imagine features, but 
reconceptualized AI’s role, from an add-on tool to a situated collaborator in care. 
Second, prior work often assumes some foundational understanding of AI on the 
part of participants, or relies on pre-structured design prompts to simulate that 
understanding [35, 73]. We found that mutual legibility, the ability for 
participants to make sense of each other’s assumptions and constraints, was not a 
prerequisite but an emergent outcome, cultivated through shared narrative 
grounding. Third, our scenario-based activities served as both cognitive and 
relational equalizers, allowing practitioners and technical experts to 
collaboratively reframe the design problem itself. In this way, we move beyond 
ideation support to show how shared meaning-making can restructure how 
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problems are defined, needs are interpreted, and solutions are envisioned in 
interdisciplinary AI-health design. 

Element 2: Experience-Based Facilitation for Identifying Key Issues. Building on 
the shared grounding established through scenario co-construction, the 
facilitation process shifted focus toward surfacing problems through lived 
experience rather than technical abstraction. While scenario prompts helped 
bridge initial disciplinary gaps, the more substantial shift occurred in how 
problem identification was conducted. In many AI-health co-design projects, 
technical experts often set the frame for “what’s wrong,” focusing on data 
completeness, system latency, or efficiency bottlenecks [13, 73]. However, in our 
EBCD-informed approach, problem definition was led by practitioners, and began 
not with data patterns but with stories of breakdown, ambiguity, and emotional 
burden in handover practice. 

By sharing stories, nurses articulated specific pain points. For example, the 
difficulty of quickly extracting critical assessment data from dense, text-heavy 
fields. Rather than approaching these sessions as problem-solving activities, the 
facilitation is framed as sensemaking exercises. Nurses led the conversation, while 
AI experts and designers practiced attentive listening without prematurely 
offering solutions. This temporal delay in ideation was critical - it preserved the 
integrity of nurses’ experiential authority and resisted the tendency for technical 
perspectives to dominate early-stage framing. As a result, issues such as difficulty 
accessing critical assessment data within text-heavy records emerged not as 
usability complaints, but as systemic tensions tied to time pressure, cognitive load, 
and accountability during high-stakes transitions. 

This approach aligns with recent extensions of EBCD that bring clinician 
narratives into redesign processes [2, 35], but we extend this trajectory by showing 
that the emotional and affective dimensions of practice are not just data, they are 
framing mechanisms. Emotional labor, for example, was not interpreted as a well-
being issue separate from design, but as a structuring condition that shaped how 
tasks were prioritized, how information was retrieved, and how responsibility was 
managed during transitions. Unlike conventional user-centered design approaches 
that extract “needs” in isolation, our facilitation style supported co-design as a 
collective act, in which nurses, designers, and AI experts co-constructed the 
meaning and boundaries of the problem space. 

In doing so, our process contributes a methodological refinement to both EBCD 
and interdisciplinary co-design in AI-healthcare contexts. We demonstrate that 
delaying ideation and centering narrative expression are not passive activities but 
essential design moves [2], ones that help resist premature closure, shift epistemic 
power toward practitioners, and open up space for more situated, relationally 
grounded AI interventions. 
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Element 3: Technical Analysis to Align AI Capabilities with Needs. Once nurses 
had defined key handover challenges, AI experts assessed how AI capabilities 
could be leveraged to address these issues. Unlike conventional AI development, 
which often emphasizes technical feasibility over user needs, this phase ensured 
that AI functions were explicitly matched to user-defined problems rather than 
preemptively imposed by developers [58]. They analyzed data requirements, 
algorithmic capabilities, and integration points for each potential solution. This 
technical scrutiny ensured that design ideas were grounded in reality, aligning 
creative proposals with what AI can achieve in practice. 

This element extends the EBCD methodology, which traditionally focuses on 
service touchpoints, by introducing a structured translational layer between 
experience-based insights and computational design. Whereas traditional EBCD 
emphasizes experience gathering and collective ideation, digital health efforts, 
such as RMHive or AI-informed EBCD for VR mindfulness apps, show the 
potential of applying EBCD to technology contexts, yet often stop short of deeply 
embedding technology feasibility analysis into participatory cycles [37, 39]. Our 
process bridged this gap: AI developers were not late-stage implementers but 
active participants in early design sense-making, translating frontline narratives 
into achievable functionalities. 

Early direct engagement between AI experts and domain experts serves two key 
purposes. First, it helps establish realistic expectations, preventing domain experts 
from being disappointed by solutions that exceed the current capabilities of AI. 
Second, it enables AI experts to gain a clearer understanding of the actual 
technological needs and priorities of domain experts. Essentially, this step embeds 
a feasibility check within the co-design cycle, ensuring that creative ideas are 
grounded in technical reality. As Dove et al. [13] and Shneiderman [58] argue, 
successful human-centered AI design requires breaking down silos between data 
science and users’ lived practice. Our approach fostered this integration early, 
enabling a productive interplay between imagination and implementation. 

Element 4: Design Integration for Translating Needs into Prototypes. While much 
of EBCD emphasizes narrative elicitation and emotional resonance, our process 
highlighted the complementary power of visualization in turning conceptual ideas 
into concrete design directions. Once nurses and AI experts had articulated core 
needs and feasible solutions, UX designers translated these insights into low-
fidelity prototypes of AI tools integrated within the handover workflow, such as a 
dynamic summary page or an alert system for flagged indicators.  

Prototyping played a crucial role in grounding abstract ideas into the tangible 
realities of interface interaction. By visualizing how AI might manifest in 
everyday practice, participants could immediately assess, critique, and refine these 
early concepts. This aligns with growing recognition in co-design literature that 
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even rough sketches or wireframes serve as powerful boundary objects [74], 
especially in complex domains like digital health [29, 35]. Prior work, such as 
RMHive, demonstrated how iterative visual representations helped bridge 
disciplinary gaps and foster emotional engagement across stakeholders [37]. 

In our sessions, for instance, when a priority-based summary view was 
introduced, nurses actively reconfigured the ordering of clinical indicators and 
suggested specific visual cues, such as color and typography, to convey urgency. 
This exchange illustrates a critical design move: not only were nurses shaping 
what AI should do, but also how it should appear, behave, and communicate in 
context. As Yildirim et al. argue, co-creation through visual artifacts scaffolds 
shared ideation and AI design logic, enabling a more inclusive and iterative 
refinement process [69]. By embedding prototyping and visualization within the 
expanded EBCD approach, this element helped translate collective aspirations into 
interface logic. It ensured that nurses retained agency over design direction while 
allowing designers to continuously iterate on how AI could be woven into routine 
clinical interaction. Rather than treating prototyping as a later-stage step, we 
positioned it as an evolving dialogue, an essential practice for aligning user 
expectations, technical feasibility, and design coherence.	

Element 5: Common Adjustment for Feasibility and Refinement. The final 
element in our adapted EBCD process centers on interdisciplinary refinement, 
where nurses, AI experts, and designers collectively adjusted the proposed 
prototypes to ensure alignment with both frontline needs and technical feasibility. 
While traditional EBCD concludes with identifying service improvement 
priorities, the design of AI- integrated tools often involves a wider array of 
potential features, constraints, and ethical considerations. In this context, 
structured prioritization becomes essential for transforming open-ended ideation 
into implementable solutions. 

Recent work in healthcare AI co-design has demonstrated the value of such 
structured methods. For example, Canfell et al. (2024) employed a MoSCoW 
priority mapping scheme to classify AI-driven features for analyzing patient-
reported experience measures (PREMs) across a large hospital network [75]. This 
categorization, “Must	have,” “Should	have,” and “Could	have,” enabled stakeholders 
to focus on the most critical functions and negotiate feasible compromises early in 
the design cycle. Similarly, Park et al. (2025) conducted an exploratory co-design 
with 33 hospital nurses to determine what information and layout best support 
nurses’ shift handovers [76]. These methods did more than capture preferences. 
They externalized decision logic, supported aggregation of divergent inputs, and 
facilitated practical trade-offs in design. In our study, this refinement phase was 
operationalized through a “Collage Creation Activity” that functioned as an 
embedded prioritization tool. Participants used color-coded sticky notes to classify 
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proposed features, including AI functionalities, interface components, and 
workflow needs, into three priority levels: required, preferred, and desired. This 
activity aligned with the MoSCoW framework, enabling participants to 
distinguish essential from aspirational functionalities within the constraints of 
real-world implementation. Visual mapping made each individual’s reasoning 
visible, fostering transparent discussions about feasibility, importance, and trade-
offs [20, 75, 76].  

While approaches like MoSCoW mapping [75] and participatory interface co-
design [76] provide valuable prioritization scaffolds, they typically enter the 
design process after technical or institutional agendas have already scoped 
problem definitions. In contrast, our approach embeds prioritization within an 
EBCD-informed process that grounds decisions in experiential narratives from the 
outset [2, 34]. Rather than layering feasibility constraints onto an abstract wishlist, 
our collage activity allowed participants to reflect on which features felt most 
necessary and meaningful in relation to the work of care. This marks a shift from 
approaches that emphasize interface-level preferences (e.g., layout, data density) 
toward an integrative reflection that also surfaces ethical tensions, such as clinical 
safety vs. algorithmic transparency [25, 73]. In doing so, we extend EBCD by 
demonstrating how structured yet experience-led prioritization tools can reconcile 
interdisciplinary logics and reframe feasibility not just as a technical filter, but as a 
collaborative judgment of what is viable, safe, and valuable in context. 

Through these five guiding elements, our adaptation of the EBCD approach 
foregrounds frontline needs, ensuring that lived experience drives the design of AI 
solutions while technical expertise shapes them into practical innovations. Early 
and ongoing end-user involvement not only generates more relevant solutions but 
is crucial for improving user acceptance of new technology [72, 77].  

While this approach offers a novel extension to EBCD, it is fundamentally 
grounded in the tenets of PD. Our findings resonate deeply with established PD 
concepts such as “mutual learning” [72], and the use of prototyping as “boundary 
objects” [74] is well-established in the PD tradition. However, traditionally, EBCD 
has evolved as a distinct methodology focused on service improvement rather than 
technological innovation. Our work bridges this gap by operationalizing these PD 
principles within the specific, clinically familiar structure of EBCD. 

Consequently, our contribution is twofold. First, to EBCD, we introduce a 
“technological layer” (specifically Elements 3 and 4) that the traditional 
framework lacks, enabling it to handle the complexity and opacity of AI systems. 
Second, to the broader field of PD, we demonstrate how participatory mechanisms 
can be productively integrated into high-stakes clinical environments to support 
AI design and innovations from the outset. By embedding tools like scenario co-
construction and low-fidelity prototyping into the EBCD framework, we offer a 
pathway for sustaining democratic design practices in healthcare settings that are 
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often resistant to open-ended creative processes. Ultimately, this adapted 
framework provides a roadmap for integrating innovations like AI in ways that are 
engaging, meaningful, and centered on practitioners’ needs. 

6 Limitations and Future Research 

We recognize that the specialized context of our participant group may not 
generalize to broader populations. Our focus on nurses and their interactions with 
AI-enhanced EHR systems provides depth rather than breadth, reflecting 
particular workflows and challenges specific to this demographic. The degree to 
which our findings may apply to other roles or healthcare environments relies on 
the reader’s judgement, acknowledging the unique intersection of AI and nursing 
practices within patient handover processes that our study addresses. Our analysis 
embraces these limitations, allowing for a focused exploration of human-AI 
collaboration in this specific professional cohort. 

Several limitations shape the scope of this study and suggest directions for 
future research. First, the sample size was relatively small and context-specific. 
Including a more diverse group of nurses across hospitals and countries could 
uncover how different healthcare environments influence interactions with AI-
enhanced EHRs. Second, while interviews revealed rich insights, ethnographic 
methods such as in-situ observation could surface deeper, context-dependent 
challenges in real-time clinical workflows, particularly those not easily verbalized. 
Third, organizational factors such as team dynamics, leadership structures, and 
institutional culture were outside the immediate scope of our study but are known 
to significantly affect the adoption and effectiveness of AI systems. Future work 
should examine how these systemic elements shape the real-world integration of 
AI tools into nursing handover practices.  

Addressing these limitations in future studies will deepen our understanding of 
AI integration in complex work environments, such as healthcare, and enhance 
collaboration with practitioners, particularly in nursing. This, in turn, can guide 
the development of AI tools that more effectively support both healthcare 
practitioners and the patients they care for. 

7 Conclusions 

This paper demonstrates how extending EBCD can support the development of 
AI-enhanced healthcare technologies that are deeply aligned with frontline 
practice. Focusing on nurses’ roles in patient handovers, we combined qualitative 
inquiry with interdisciplinary co-design to foreground experiential knowledge in 

Interaction Design and Architecture(s) Journal - IxD&A, N.68, 2026, pp. 38 - 76 
DOI: 10.55612/s-5002-068-002

66



the creation of AI-integrated EHR features. Our study contributes five guiding 
elements: Scenario Co-construction, Experience-based Facilitation, Technical 
Feasibility Alignment, Design Integration, and Collaborative Prioritization, that 
reorient EBCD toward the technical realities of digital innovation while 
preserving its participatory ethos rooted in lived experience. 

By embedding AI experts and UX designers into an EBCD-informed process, we 
illustrated how experiential insights and computational constraints can be 
negotiated in tandem. Rather than treating AI as an external layer imposed on 
clinical workflows, this approach positions AI as a responsive and situated 
collaborator, shaped by those who work closest to patients. Through this 
methodological shift, we offer a pathway for more equitable, transparent, and 
context-sensitive innovation in healthcare. 

More broadly, this work contributes to ongoing efforts in HCI to rethink how 
PD can be adapted to complex sociotechnical systems. As healthcare technologies 
become more intelligent and autonomous, grounding innovation in lived 
experience is not only a matter of usability, but of trust and safety. Our approach 
suggests that integrating experiential and technical knowledge through structured, 
interdisciplinary processes can support the co-creation of technologies that are not 
only functional but meaningful and sustainable in practice. 
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