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Abstract

Effective nurse handover is crucial in high-pressure environments like Intensive Care Units (ICUs), where accurate
communication of patient-specific information directly shapes patient care and clinical decision-making. We
conducted seven interviews with ICU nurses to understand current handover practices. Preliminary findings
reveal significant challenges, including high cognitive load from fragmented EMR data, the risk of technology
hindering interpersonal rapport, and the loss of nuanced data during shift transitions. These issues lead to
cognitive overload and information omission, particularly during fast-paced shift transitions when staff fatigue
is prevalent. We explore the potential for in-situ Augmented Reality (AR) overlays and Artificial Intelligence
(AI) agents to support ICU nurse handover by enabling hands-free information access, procedure guidance and
documentation assistance.
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1. Introduction

Effective nurse shift handover in Intensive Care Units (ICU) is critical to patient safety and continuity of
care. Handovers are complex and cognitively demanding processes that require the exchange of critical
and extensive patient information, including medical history, vital signs, medications, and treatment
plans [1, 2]. Traditional approaches (e.g., verbal reports and handwritten notes) are susceptible to
omissions and inefficiencies, which can negatively affect care quality [3]. Fragmented tools, including
spreadsheets, paper-based records, and poorly integrated Electronic Medical Record (EMR) systems,
further increase cognitive load and risk of information loss [4, 5]. Although electronic documentation
systems and communication frameworks, such as ISBAR (Identify, Situation, Background, Assessment,
Recommendation), have been introduced to standardise and support handovers, they present usability
and integration challenges. Kowitlawakul et al. [6] and Pinevich et al. [1] report that existing digital
systems often lack seamless EMR integration and impose rigid workflows that do not align well
with clinical practice. As a result, nurses frequently resort to workarounds, leading to incomplete or
duplicated information. Similarly, Spooner et al. [7] found that structured EMR-based handover tools,
while improving standardisation, still suffer from missing content, interface complexity, and limited
adaptability to dynamic ICU environments. Together, these findings highlight the limitations of current
digital solutions and underscore the need for more intuitive, integrated, and context-aware technologies
to better support ICU handovers.

Augmented Reality (AR) devices, such as head-mounted displays, enable hands-free interaction, real-
time data access, and reduced workflow interruptions, which may improve task efficiency and situational
awareness [8, 9]. In surgical training and medical education, AR has demonstrated effectiveness in
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improving learning outcomes, spatial understanding, and procedural accuracy [10, 11]. Despite these
advances, the application of AR to ICU nurse handovers remains largely underexplored. Preliminary
studies suggest that AR-based visualisations of patient data could enhance information clarity, reduce
cognitive load, and minimise communication errors during handovers [12, 13].

Artificial Intelligence (AI) has increasing potential to support ICU nurse handover by assisting with
documentation, generating concise summaries of patient information, and highlighting important
changes in patient status. Advances in Natural Language Processing (NLP) and Large Language Models
(LLMs) have shown promise in clinical note generation, information extraction, and summarisation from
EMRs, helping reduce documentation burden and improve information clarity [14, 15, 16]. In complex
care environments, such as the ICU department, Al systems have also been explored for synthesising
large volumes of data and presenting key insights to support clinical decision-making [17, 18]. Despite
advances in Al-driven clinical summarisation and decision support, little is known about how these
technologies can be meaningfully integrated into the collaborative, time-sensitive workflow of ICU
nurse handovers. In particular, empirical evidence is lacking on how Al-generated insights, potentially
delivered through AR interfaces, could affect communication quality, cognitive load, and patient safety
in real-world handover settings.

In this paper, we describe our initial investigation towards understanding opportunities and require-
ments for the above concepts. As described in Section 2, we have conducted interviews with experienced
nurses to understand the role such technologies can play in assisting with handover. These interviews
led us to propose an integrated solution to address challenges in ICU nurse handover that leverages
AR and Al technologies through in-situ spatial dashboards and Al-facilitated conversational agents, as
described in Section 4.

2. Method

We conducted semi-structured interviews with ICU nurses to gain a better understanding of their current
handover practices, covering six main topics: handover practices, safety, workflow, communication,
technology usability, and future technology-related improvements.

We began by eliciting participants’ professional background (e.g., years of experience) and their
typical handover processes, including the types of technologies currently used and how these are
integrated into practice. We then examined perceived impacts of technology on care quality and safety.
Participants were asked how existing tools support safe handovers, including maintaining accuracy and
completeness of information, as well as ensuring continuity of care and patient safety. Next, we explored
the influence of technology on workflow and efficiency. Participants reflected on how digital tools affect
the efficiency of handover processes, which features are most beneficial, and what challenges arise. We
further investigated the role of technology in communication and collaboration, focusing on how digital
systems shape information exchange between nurses during handover. In addition, we probed usability
and barriers by asking participants to evaluate the ease of use of current technologies and identify
aspects that are time-consuming or difficult to operate. Finally, to establish a shared understanding
of emerging technologies, we introduced Al and AR concepts through a short presentation consisting
of eight slides. This included illustrative examples of AR devices (e.g., Even Realities G1 Glasses,
Meta Ray-Ban Smart Glasses, and Magic Leap’s Android XR prototype), as well as explanations of
key concepts (e.g., differences between AR headsets and AR glasses). We also presented potential Al
capabilities relevant to handover, such as automated transcription, and record-keeping. These materials
were used to provide a common baseline for discussion rather than to constrain participants’ responses.
Participants were then invited to reflect on the potential use of these technologies in future handover
scenarios.

The study was approved by the Human Research Ethics Committee at Monash University (ID: 48992).
Each 60 min. 1:1 interview was conducted via Zoom. In total, seven ICU nurses (P1-P7) participated
in the study. The participants represent a diverse cross-section of the field, with extensive clinical
experience ranging from 6 to 35 years. This includes two participants with less than 10 years of



experience, two with 10-20 years, and three with over 20 years. Six of the participants worked in public
clinical settings, while one nurse worked in a private hospital.

3. Preliminary Results

Thematic analysis of interview transcripts led to the grouping of the six interview topics as follows.

3.1. Nurse-Computer Interaction

Participants cited the presentation of data in current EMR systems as a primary source of cognitive
load. While digital records offer superior legibility and comprehensive historical data compared to
handwritten notes, the Ul often obscures the clinical narrative through diminished visual salience.
Significant parameters are frequently presented in small font or as tabulated raw numbers (P3), which
increases cognitive effort and hinders nurses’ ability to detect clinically meaningful trends (P3, P6, P7).
This lack of intuitive visualisation contributes to what P3 and P4 described as difficulty in tracking
patient trajectories, as current systems tend to prioritise static snapshots of data over longitudinal
trends. P7 identified a temporal resolution gap, whereby the hourly data archived in EMRs fails to
capture second-by-second instability visible on bedside monitors. This forces nurses to continuously
cross-reference disparate sources to build an accurate clinical picture. This process introduces risks of
missing subtle deterioration patterns that are not immediately visible in a tabular UL

Cognitive burden is further compounded by navigational effort, described by participants as “click
fatigue”. Time is lost navigating disparate tabs to consolidate a single patient’s profile (P2, P3, P5). This
imposes a search latency that competes with the working memory required to sustain the handover’s
momentum. P7 also highlighted the issue of “double-documentation”, where data entered in one module
may not cross-populate other relevant logs, necessitating manual search and re-entry. This structural
friction shifts the focus of clinical communication to data navigation, introducing latent risks during
the transition of care.

3.2. Nurse-Nurse Interaction

Participants perceive handover as fundamentally a face-to-face, one-on-one interpersonal interaction.
Eye contact, verbal communication, and non-verbal cues are considered essential for clinical safety.
Therefore, any technology that obstructs this rapport is perceived to compromise the quality of the
handover (P1, P2, P5). This need for unobstructed presence extends to the patient. Participants noted
that visual access is vital for detecting distress cues, and that digital overlays must not obscure the
patient’s face or clinical field of view. To preserve this connection, participants advocated for high levels
of user autonomy regarding the interface. Specifically, the ability to toggle digital panels was viewed as
a necessity, ensuring that the system remains a supportive tool rather than a distraction (P2, P4).

Beyond technical utility, the visual conspicuity of head-mounted displays presents a significant
barrier to empathetic care. Participants responded negatively to VR headsets, citing both ergonomic
impracticality and their “odd” or alienating appearances in a clinical setting (P2, P3, P6). While AR
glasses were viewed more favourably for their resemblance to standard eyewear, their presence still
introduces ethical friction. Participants raised concerns that the cameras and microphones embedded in
AR glasses could trigger anxiety, as they could capture sensitive audio and visual data. This underscores
the necessity of informed consent, as any perceived lack of discretion risks eroding the trust fundamental
to critical care (P2, P4).

Furthermore, the structural rigidity of standard EMR fields complicates the capture of soft data
required for holistic care. Sensitive information, such as family restrictions and patient temperament,
is often relegated to handwritten notes or verbal asides because it lacks a designated digital field (P2,
P4). This suggests that existing documentation systems force a trade-off between structured data and
the nuanced context required for holistic care. This “off-the-record” communication increases the



risk of information loss during shift transitions, as it is not formally documented within the patient’s
permanent digital record.

3.3. Nurses’ Perceptions of AR/Al

Participants viewed future technologies not as replacements for clinical judgement, but as safety nets
to mitigate human error during high-pressure transitions. P6 explicitly noted that the “stream of
consciousness” nature of verbal reporting often leads to the omission of specific checks. In response
to this issue, most participants responded favourably to the concept of an intelligent agent capable of
listening to and flagging omissions in real-time. This aligns with positive feedback from P1, P3 and P5
regarding the potential for Al summarisation to alleviate the administrative burden of manual docu-
mentation. This concept of “revealing the unseen” extended to AR. P7 proposed that AR could provide
non-invasive visualisation of wound healing beneath dressings, eliminating the need to physically
disturb the patient during checks. Similarly, P6 noted that such overlays could bridge knowledge gaps
for junior staff encountering complex diagnoses. However, trust in autonomous interpretation remains
a primary barrier. Participants cited privacy concerns regarding voice-enabled features, particularly the
potential for unintended disclosure of sensitive diagnoses to unauthorised individuals in shared clinical
environments. Furthermore, P7 warned that generative models may lack the contextual nuance to
interpret clinical vernacular. This highlights the necessity of domain-specific training for Al to prevent
interpretation errors that could compromise patient safety:.

4. Discussion

The preliminary findings suggest that challenges in current ICU nurse handover arise not from in-
sufficient information, but from the high interaction cost associated with retrieving, navigating, and
interpreting data within the EMR. Informed by these findings, we propose two design concepts (In-Situ
Spatial Dashboard and Al-Assisted Conversational Agent) to be developed as technical probes for
upcoming co-design workshops. These designs are intended to reduce cognitive load by streamlining
information access, supporting contextual sense-making, and minimising disruptive interface switching
during handover.

4.1. In-Situ Spatial Dashboard

To mitigate the cognitive load imposed by data fragmentation, we propose an in-situ spatial dashboard.
Unlike EMRs, which abstract physiological data into decontextualised tables, this concept leverages
AR to restore the spatial context of clinical information. By anchoring pathological trends (e.g., fluid
balance and sepsis markers) directly on the patient’s body, we facilitate rapid cross-system assessment
by externalising these internal states. This creates an immediate semantic link between the abstract data
and its physical source, thereby reducing the cognitive effort to construct a mental model of the patient’s
physiological status. Crucially, these overlays are on-demand, ensuring the technology supports rather
than impedes interpersonal connection.

4.2. Al-Assisted Conversational Agent

To mitigate omission errors and reduce administrative burden, we propose a multimodal Al agent
that functions as a proactive safety net during clinical handover. The agent validates verbal reports
against the ISBAR framework, issuing real-time prompts when critical information is absent, thereby
reducing the risk of incomplete information transfer. In parallel, it extracts and schedules follow-up
tasks, diminishing reliance on working memory and informal notes during shift transitions. Following
handover, the system converts the spoken exchange into draft clinical documentation, decreasing the
cognitive effort and time required for record keeping. Voice-based queries enable hands-free access to
patient data, preserving attention at the bedside. Crucially, the system employs a human-in-the-loop



architecture: all Al-generated outputs require manual verification, and the interface is fully toggleable,
ensuring that nurses retain final authority over the clinical record.
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