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and published studies (Hillmann et al. 2022). This examination activity is preemptible. If a nurse issues an
emergency page, the doctor abandons the ongoing check-up to attend to the urgent situation. Upon exiting
the Check-Up block, the model determines whether the examination was completed or interrupted. If the
actual duration is shorter than the expected duration, the task is marked as incomplete and rescheduled for
a later time; otherwise, the doctor proceeds to the next patient. After all patients have been visited, a final
check is performed to determine whether the ward round is complete. If no patients remain, the doctor
transitions to other duties; otherwise, the process repeats.

Figure 6: Doctor agent ward round flowchart.

The doctor agent duties flowchart, illustrated in Figure 7, models non-routine tasks performed by the
doctor agent, including emergency response and administrative responsibilities such as documentation.
Upon entry, the doctor first checks for any critical patients requiring immediate attention. If such cases
exist, the doctor responds; otherwise, they proceed with administrative duties. When responding to an
emergency, the doctor verifies whether a specific patient has been assigned. If so, they provide the necessary
care; if not, the flow restarts. In the absence of active emergencies, the model checks whether the doctor
has any remaining ward-round duties. If pending duties exist, the doctor transitions to the ward-round
flowchart; otherwise, they proceed to assess their shift status. If the shift is ongoing, the doctor enters the
Paperwork block, where interruptions may occur if a new task or emergency arises. If no further actions
are required and the shift has ended, the doctor is released from duty. Unlike nurses, doctors are not tied to
specific patients in a shift change. At the start of each shift, new doctor agents are generated and assigned
to the doctor agent duties flowchart.

Figure 7: Doctor agent duties flowchart.

4 PROOF-OF-CONCEPT DEMONSTRATION

The ICU simulation model is designed to replicate the Pediatric Intensive Care Unit (PICU) at the Hospital
for Sick Children (SickKids) in Toronto, Ontario, Canada. AnyLogic was selected as the simulation software
because of its flexibility in supporting hybrid modeling. The software offers a Java-based object-oriented
framework for logic customization. The spatial structure modeled in the simulation is based on the actual
PICU floor plan to support realistic agent navigation and interaction. A demonstration version of the
model can be accessed by clicking the following link: https://rb.gy/ub71ph. Users first configure the input
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parameters through an interface, after which patient, nurse, and doctor agents are initialized in the simulation
environment. At this stage of development, the model serves as a proof of concept for a foundational ICU
simulation framework, which can later be expanded with real-world data and routine care processes.

4.1 Design of Scenarios

We selected 23 bed spaces in the PICU (12 single-bed wards and 11 shared-bed wards) for simulation and
tested three theoretical scenarios to evaluate how patient census and nurse-to-patient ratios affected alarm
response times and staff utilization. In Scenario 1, 10 single-bed wards and 10 shared-bed wards were
occupied (approximately 87% occupancy), and each of the 20 patients had a dedicated nurse. Scenario 2
maintained the same patient census but assigned 1:1 nursing only to single-bed patients, while shared-bed
ward patients were cared for at a 1:2 nurse-to-patient ratio. Scenario 3 reduced the census to 6 single-bed
patients and 5 shared-bed ward patients (approximately 50% occupancy), with all 11 patients receiving
1:1 nursing. For all three scenarios, doctor coverage was fixed at 1 doctor during the midnight shift, 3
doctors during the morning shift, and 2 doctors during the afternoon shift. Alarm response times and staff
utilization metrics for each scenario were gathered and compared in the Results section.

4.2 Results

The hourly average alarm response time was calculated by aggregating the nurse alarm response times for
each patient within the same hour, resulting in a unit-level performance indicator of overall responsiveness.
Figure 8 compares these averages over a 24-hour window for all three scenarios. In Scenarios 1 and 3,
where each nurse cared for a single patient, response times remained below 1 minute for approximately 85%
of the day. In contrast, in Scenario 2, where half of the patients were managed under a 1:2 nurse-to-patient
ratio, the average response time exceeded 1 minute for 90% of the period, peaking at nearly 4 minutes
during the third shift. In all scenarios, response times showed brief increases after handovers at hours 8 and
16, reflecting delays caused by handover tasks and initial assessments as nurses settled into their duties.
Furthermore, analysis of individual alarm response times showed that, for 90% of all patients, there were
no differences greater than 1 minute across bed locations.

Figure 8: Nursing team average response time by hour across three scenarios.

Staff utilization was collected by surveying all staff’s working status every 2 minutes and summarized
as hourly averages. This metric reveals the general availability to respond to alarms for each type of staff.
Figure 9 presents the utilization of the doctor team (left) and the nurse team (right) across the three scenarios
over a 24-hour period. Doctor utilization varies early in the day but converges after hour 10, showing
a similar trend across all three scenarios. No significant differences are observed between Scenarios 1
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and 2, which have the same number of patients. Scenario 3, with fewer patients, maintains a consistently
lower utilization throughout the period, ranging from 5% to 25% compared with the other scenarios. For
nurses, utilization exhibits a distinct pattern: Scenario 2 consistently shows higher utilization, averaging
approximately 61%, compared to 46% in Scenarios 1 and 3. This outcome aligns with expectations, as a
1:2 nurse-to-patient ratio naturally results in a higher workload compared to a 1:1 assignment.

Figure 9: Doctor Utilization (Left) and Nurse Utilization (Right) across three scenarios.

The doctor’s response time was measured for each emergency case. It was defined as the interval from
when the nurse notified the doctor to when the doctor arrived at the patient’s bedside. Figure 10 summarizes
these times in the three scenarios. Scenario 3, characterized by the lowest patient census, demonstrated the
best performance, with 90% of responses occurring within 5 minutes. With fewer concurrent emergencies
competing for doctors’ attention, queueing delays and backlogs were minimal. In contrast, Scenarios 1
and 2 showed longer right-hand tails. Their patient loads are approximately double those in Scenario 3,
increasing the likelihood of overlapping emergencies competing for limited medical resources. As a result,
the proportion of rapid responses decreased, while prolonged waits became more common, particularly in
Scenario 2, where some nurses were responsible for two patients instead of one.

Figure 10: Distribution of doctor response times for emergency cases.

5 DISCUSSION

In the ICU, delays in responding to alarms can significantly influence patient outcomes. Variations in alarm
types (e.g. false alarms, actionable alarms) and constraints on staffing (e.g., staffing ratios, competing
priorities) make this problem hard to model and analyze. The simulation proposed in this paper provides a
foundational model that captures the interactions between key ICU staff and simulates the logical workflows
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of each agent. Preliminary evaluations suggest that the results of the model are consistent with practical
expectations. However, further development and validation are needed before fully integrating it into
real-world ICU resource planning.

5.1 Limitations

As a proof-of-concept model, the simulation includes only patients, nurses, and doctors, omitting specialists
such as respiratory therapists and pharmacists. In reality, ICU care is delivered through multidisciplinary
collaboration and alarms related to ventilator management or medication safety often require specialized
expertise. This exclusion underestimates the complexity and workload of coordination. Furthermore, the
model also assumes a static patient census, overlooking admissions and discharges that affect staffing
needs and alarm volume. In addition, patient acuity is approximated solely by alarm frequency. Although
this approach enables basic differentiation between patients, it oversimplifies the complexity of real-world
clinical conditions. Integrating data from the electronic health record (diagnosis and physiological scores)
would provide a more realistic patient profile and improve the model’s ability to predict patient outcomes.

5.2 Future Work

Future improvements to the ICU simulation model can be achieved by enhancing agent logic, incorporating
various clinical roles, and integrating more comprehensive data. Admission rates could be introduced to
simulate alarm response performance during peak periods or surges in patients. For discharges, a recovery
policy could be used to track patient progress, and significant care delays could prolong hospital stays. This
would provide insight into how the workload of the staff and the response times to alarms impact patient
outcomes. Inspired by recent work from Ortiz-Barrios et al. (2023), future developments may explore a
two-step simulation pipeline to improve patient demand modeling. In this approach, an AI model would
first predict patient characteristics by learning from historical clinical records. These predicted profiles
would then serve as input to the simulation, enabling a more data-driven and realistic representation of
patient populations. This integration would greatly improve the fidelity of the model and support a smoother
implementation of the simulation into existing hospital planning workflows and decision support systems.

5.3 Conclusion

The ICU simulation model developed in this study provides a foundational framework for analyzing care
delivery dynamics, with a particular focus on alarm response under varying care-team configurations. The
results are consistent with practical expectations and offer preliminary evidence of the influence of nurse-
to-patient ratios on response times. However, further scenario testing and integration of real-world data are
needed to strengthen the model’s workflow logic and overall robustness. Despite its current limitations,
the model serves as a starting point for future research aimed at improving the realism and applicability
of ICU simulations for resource planning and operational decision making.
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