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Abstract

Background: In the era of Health 4.0, Emergency Departments (EDs) face increasing
crowding and complexity, necessitating smart management solutions to balance efficiency
with equitable care. Effective scheduling is critical for optimizing patient throughput and
mitigating congestion. Methods: This paper constructs a decision support framework
using Discrete Event Simulation (DES) to evaluate three patient scheduling strategies,
including the Initial-First policy, Alternating 1:1 policy and a Slack-Based dynamic policy.
The simulation framework has been conducted using a standardized operational dataset
representing typical ED dynamics. The threshold of SBP was optimized by a grid search
method to guarantee an objective comparison. Results: The simulation results show that
when adopting the optimized SBP policy, the mean waiting time was shortened by around
23.8%, thus meeting all triage service level targets. Also, it could be seen that Slack-Based
dynamic policy was robust under different arrival rates and physician staffing levels.
Conclusions: This proposed model can provide a real-time and dynamic solution for ED
resource allocation, meeting the demand of modern smart hospitals management.

Keywords: emergency patient scheduling; discrete event simulation; dynamic scheduling
strategies; resource allocation

1. Introduction

Healthcare facilities are complex, resource-intensive systems, and their overall sustain-
ability is a growing global concern. With the rapid development of Artificial Intelligence
and the Internet of Medical Things, the focus of healthcare management has shifted from
traditional administrative protocols to smart, algorithmic optimization of hospital opera-
tions. Specifically, leveraging digital tools and real-world operational data to enhance the
efficiency of healthcare service delivery has become a central pillar of the “Smart Hospital”
concept [1,2].

Emergency departments (EDs) are critical bottlenecks in healthcare systems that
demand effective management strategies. EDs worldwide are under pressure from crowd-
ing due to rising patient volumes, increasing case complexity, and limited healthcare
resources [3]. Such congestion results in prolonged waiting times, treatment delays, re-
duced patient satisfaction, and even higher in-hospital mortality rates [4,5]. As population
aging and public health crises intensify these challenges, developing dynamic scheduling
strategies to optimize patient flow has become a critical priority.
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The foundation of patient scheduling begins with triage, which provides the institu-
tional foundation for determining priority [6]. However, most hospitals still implement
simple, static policies based on this triage, such as first-come—first-served or fixed priority
rules [7,8]. While easy to implement, these static rules do not take advantage of the real-time
operations now available in emergency departments. Theoretical queueing models demon-
strate that simple priority queues can cause excessive delays for low-priority patients [9] or
be suboptimal when downstream blocking occurs [10]. In practice, physicians’ operation-al
decisions often deviate from these static rules during high congestion, suggesting their
inadequacy [11].

Recognizing these limitations, a number of researchers have proposed more mature
and flexible ways of managing limited resources with sophisticated dynamic scheduling
approaches. Many papers attempted to develop job-shop scheduling models using ge-
netic algorithm [12] or compose an opportunity constrained model [13] for ED-scheduling.
Among these, slack-based strategies have emerged as a particularly promising dynamic
alternative. This concept, initially proposed by Davenport et al. [14], uses temporal slack
to enhance robustness. Subsequent applications in EDs have used deadline-aware con-
trol [15] and real-time algorithms according to residual slack [16], demonstrating that
data-responsive dynamic scheduling outperforms conventional fixed-priority policies.

Methodologically, Discrete Event Simulation (DES) has become the indispensable tool
for modeling and comparing the performance of these complex scheduling strategies [17,18].
Unlike analytical models, DES can explicitly represent the stochastic arrivals, heterogeneous
patient paths, and resource competition inherent in ED operations [19]. Comprehensive
reviews have confirmed that simulation-based methods are essential for assessing and
improving ED performance [20]. Despite these advantages, a gap remains. Most prior
studies examine isolated strategies rather than conducting comprehensive comparative
evaluations of multiple representative strategies, such as static, alternating, and dynamic,
within a single, unified simulation framework [21]. Moreover, systematic research applying
these models to specific regional contexts, such as China’s four-level triage system, is
still insufficient.

Recent studies have demonstrated the capability of analytical approaches to model
increasingly complex systems, particularly through the use of Matrix-Analytic Methods as
illustrated by Alexander Dudin and co-authors. These works successfully describe complex
details such as correlated arrival processes and arrivals in groups [22,23]. Researchers have
also improved these models to handle different types of customers, flexible entry rules [24],
and systems with mixed service rules under limited resources [25]. These studies provide a
strong foundation for understanding how these complex queueing networks work.

However, the emergency department system in this study has specific features that
render exact mathematical solutions infeasible. First, the patient flow is not stable. Real-
world data shows that arrival rates change significantly depending on the time and day,
which is different from the stable conditions assumed by most analytical models. Second, it
is very hard to model the competition for resources when the schedule depends on waiting
times. To use these rules, the model must track exactly how long every patient has waited.
This creates a huge number of system states, known as state space explosion. This makes
calculation impossible. Therefore, discrete-event simulation is the best method.

To address these concerns, this work uses a discrete-event simulation (DES) model to
evaluate and compare different scheduling approaches used for treating Level IIl and IV
patients. In this model, three schedule design methods are utilized, namely the Initial-First
Policy (IFP), the Alternating 1:1 Policy (ALT), and the Slack-Based Policy (SBP). The model
represents patient-flow dynamics and event interactions using an event-driven queuing
structure combined with discrete-event analytical procedures, enabling dynamic allocation
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of medical resources throughout the simulation process. A grid search approach was
applied to find an optimal threshold for the delay tolerance parameter in the Slack-Based
strategy, and the evaluation focused on average waiting time, total processing time, and
service level compliance. In addition, the modeling could provide useful information for
emergency care management on how to achieve timely as well as fair resource allocation.
There are two major innovations from this research, the first of which is establishing a
unified Discrete Event Simulation (DES) model to evaluate medical resource allocation. This
model evaluated and compared the performance of the Initial-First Policy, the Alternating
1:1 Policy, and the Slack-Based Policy using the Chinese four-tier triage system. The second
innovation involved optimizing the Slack-Based Policy using a grid search algorithm to find
the optimal threshold values and thereby greatly improved operations while providing a
meaningful and intelligent decision making tool to hospitals in their management process.
The paper structure is as follows: In Section 2, the patient flow simulation modeling
framework is described. Specifically, it covers the three-stage process of initial consultation,
medical examination, and follow-up treatment. This section also elaborates on the mathe-
matical implementation of the three scheduling strategies and defines the key performance
metrics. In addition, this section proves the effectiveness of the simulation model. In
Section 3, comparative analysis of waiting time, service level and resource usage are con-
ducted based on different scheduling strategies. It also reports the parameter optimization
results for the Slack-Based Policy. Moreover, this section performs sensitivity analysis to
observe robustness under varying patient arrival rates and physician staffing levels. Finally,
managerial implication and direction for future research is discussed in Section 4.

2. Materials and Methods
2.1. Problem Descriptions

A study was conducted to analyze patient flow within an emergency department (ED)
by measuring waiting times under different scheduling strategies. The patient-care process
consists of three stages, namely the initial consultation, medical examination, and follow-
up treatment, each constrained by the limited availability of physicians and diagnostic
equipment, respectively. The overall configuration of the system is depicted in Figure 1.

Initial
[ Patient Arrival }Consultation{ Scheduling Strategy j—b[ Consultation j
Queue

Follow-up
Consultation Queue

[ Discharge j [Medical Examinationsjdee

N,
INO’

Need Examination?

7

Figure 1. Flowchart of the Emergency Department System.

2.1.1. Patient Arrival and Triage

The patient journey begins upon arrival, which is modeled as a non-homogeneous
Poisson process. The arrival rate A, is dynamic, varying by both the day of the week (d)
and the hour of the day (%) to reflect weekly periodic patterns.

Upon registration, each patient is triaged into one of four levels following the national
emergency classification guideline. Level I (critical) and Level II (severe) patients receive im-
mediate attention in resuscitation or intensive care units and are excluded from the present
analysis. Level Il and Level IV patients, representing moderate and low urgency cases, ac-
count for the majority of ED visits and constitute the primary population considered in this
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study. Their treatment process—comprising waiting, physician consultation, and potential

diagnostic examinations—forms the basis of the scheduling model developed herein.
Leti =1,2,---,I denote the patient index, and Aflm-v . represent the set of patients

arriving at time f. Each newly arriving patient is assigned a triage level # € {3,4}, corre-

sponding to urgent and non-urgent cases, according to a probability mass function Pr(¢).

2.1.2. Consultation Process

Consultations are assigned to a designated group of physicians, who serve as the
primary resources within the system. The number of doctors available R! varies across
time periods according to their working shifts in the morning, afternoon, and night, and
each shift is characterized by a distinct staffing level.

This physician pool has patients coming in from three different queues, includ-
ing Level III initial patients Wj ., 5, Level IV initial patients W}, ,,
tients W} vilow- Lhe Consultation time is modeled by a truncated exponential distribution
Ti(k)

consultation (k = 1) and follow-up (k = 2). These distributions are specified to take account

and follow-up pa-

~TruncExp(Ay, [ax, b)), with the distribution of time used differing between an initial

for the different times required for these consultations according to the varying complexity
of cases.

2.1.3. Medical Examinations and Patient Flow

After the initial consultation, a patient is either discharged or, with a probability of
Pexam, Tequires one or more medical examinations. The examination subsystem consists of
J distinct modalities, such as laboratory tests, X-rays, and CT scans.

Each examination j is characterized by a processing time 7j, and a reporting delay J;.
Patients requiring multiple examinations are scheduled sequentially. The scheduling se-
quence is prioritized in descending order of reporting delay, such that 6; > J;, > --- > ¢,
which ensures that tests with the longest reporting times are initiated first. An additional
queueing delay p; may be incurred if all relevant devices are occupied. Once all examina-
tions are completed and results are available at time {*", the patient joins the follow-up

set A} vllow And enters the follow-up queue W} ollow 1O @await their final consultation.

2.1.4. The Scheduling Decision Mechanism

The core challenge addressed by this model is the dynamic allocation of available
physicians R’ among the three competing patient queues: W}, 5, W} ., ;, and W}o” o A
scheduling decision is triggered at any decision epoch t when a physician completes a
service and becomes available, contingent upon at least one of the three patient queues
being non-empty. If only one queue contains waiting patients, the first patient from that
queue is immediately selected. However, when patients are waiting in multiple queues,
the system must employ a priority rule to select the next patient. This selection is dictated
by the specific scheduling strategy being evaluated, which can be based on criteria such
as urgency level, queue length, or dynamic slack evaluation. This entire mechanism is
designed to capture the dynamic allocation of medical resources and allows the model to
illustrate the operational differences among the alternative policies.

2.2. Methodology
2.2.1. Simulation Framework and Workflow

A discrete-event simulation (DES) model was developed to evaluate alternative emer-
gency patient scheduling strategies under stochastic arrivals, time-varying queue lengths,
and resource competition. The DES framework is well suited for this context because
patient arrivals, queue formation, resource contention, and service completion in the ED
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occur on an event-by-event basis. The simulation model was implemented in Python
Version 3.13.3, utilizing a custom discrete-event engine built on priority queues to manage
system dynamics. This event-driven framework maintains precise lists for patient arrivals,
service completions, and re-source updates. The model adopts a modular architecture, as
illustrated in Figure 2, consisting of five interdependent components.

Foundation and Execution
Layer

Entity Definition Module \supply entity

data structures

supply entity Event Scheduling Module
data structures

advance
simulation clock

| i
supply entity Core Decision Layer

data structures

/y Statistical Output Module

resource state

update
resource

allocation request

Resource Scheduling record key performance
Module indicators

\

record resource utilization

Strategy Execution Module

Figure 2. Modular architecture of the emergency department DES system.

The Entity Definition Module defines the data structures of patients and events. The
Event Scheduling Module manages event generation and sequencing, advancing the sim-
ulation clock chronologically. The Resource Scheduling Module dynamically allocates
physicians, consultation rooms, and diagnostic equipment according to availability. The
Strategy Execution Module implements the alternative scheduling policies, including the
Initial-First Strategy (IFP), the Alternating 1:1 strategy (ALT), and an optimized Slack-Based
Strategy (SBP). It triggers decision-making whenever a resource becomes idle or a new
patient arrives. The Statistical Output Module records and aggregates key performance
indicators (KPIs), including waiting times, length of stay, and resource utilization. Through
data exchange and event triggering, these modules form a cohesive logic that ensures a
consistent and transparent representation of ED operations.

To ensure statistical robustness and minimize the impact of random fluctuations,
100 independent replications were conducted for each scheduling strategy, with each run
representing one full operational week.
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2.2.2. Key Model Process and State Definitions

To ensure the model’s reproducibility and generality, this section defines the key

variables, processes, and states implemented in the simulation. Table 1 summarizes the

primary notation used in the model.

Table 1. Key variables used in the model.

Symbol Description
t Simulation time epoch
T Total simulated minutes
N! Cumulative ED arrivals by time ¢
d Day-of-week index
h Hour-of-day index
Adn Arrival rate for day d, hour h
Njp arrivals in hour & of day d
i Patient index
Al New arrivals at epoch ¢
4 Acuity level
Pr(¢) Probability mass of level #
Xij Exam- j required by patient i
p; Probability exam j is required
th Backlog of device j at start of ¢
D]t- Total demand for device j at time ¢
Tj Exam duration on device j
Jj Result-report delay for device j
O; Extra delay if j busy
tft]Zr t Start of i’s k-th exam on j
gexam Time patient i finishes exams
A} ollow Patients awaiting follow-up at f
k 1 = initial, 2 = follow-up
Tl.(k) Type-k consult time for patient i
Ak Rate parameter
[ak, by Duration bounds
D! . i3 Total urgent-initial demand at ¢
D}its Total low-urgent-initial demand at ¢
D} silow Total follow-up demand at ¢
Wiia Urgent initial queue at ¢
Wt L4 Less-urgent initial queue at ¢
Wi ottow Follow-up queue at
Al Newly arrived patients at ¢
R! Available physicians at ¢
ki, ko Early-urgent thresholds
T, time limit

(1) Patient Arrival Process Implementation

The simulator generates patient arrival events according to the non-homogeneous

Poisson process described in Section 2. At any given simulation time ¢, the corresponding

day-of-week index d and hour-of-day index  are calculated via Equation (1):

J= VJ mod 7, h— {WM‘NJ 1)

1440

60
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The empirical arrival rate A; j, for that period is used to generate the number of arrivals
within that hour, N, ;,, which follows a Poisson distribution:

N,y ~Poisson(Agy), d=0,1,---,6; h=0,2,---,23 (2)

(2) Medical Examination Process Modeling

The simulator explicitly models the examination stage. For each patient i, the system
assigns the need for examination j according to a probability p;, represented by a Boolean
indicator x; ;:

x;; € {0,1} @3)

where x; ; = 1 indicates patient i requires examination j. If the required device is occupied,
the patient must wait, incurring an additional queueing delay p;. As shown in Equation
(4), the completion time of all examinations for patient i, {**", is defined as the latest
completion time among all required examinations. This time accounts for the examination
start time, processing duration (7)), reporting delay (¢;), and queueing delay (p;):

tart
1 = max (B0 47 48+ py) @

tart __ gexam_start tart __ ystart . _
where #7777 = 1 S = T, k=2, m
(3) Queue Demand State Definition
Scheduling decisions rely on the real-time assessment of demand from the three

primary queues. At any given decision epoch t, the system measures total demand D as the
sum of the backlogged demand in the waiting queue W and the arrival of new patients A.

Dfnit,?a = Wlﬁnit,3 + |Afnit,3| (5)
Dfnit,4 = Wltnit,4 + |A§nit,4| (6)
D}ollow = W}ollow + ‘Aj’ollow’ )

These demand state variables, identified as Dfm.t 5 for total Level III initial demand,

t
Dinit,4

the direct inputs for the scheduling strategies detailed in Section 2.2.3. As such, they form

for total Level IV initial demand, and D} vilow TOT total follow-up demand, constitute

the foundation for the model’s decision-making logic.

2.2.3. Scheduling Strategy Implementation

This section elaborates on specific algorithm realization methods used in the simulation
model of the aforementioned three scheduling strategies. To handle resource contention
consistently, the model applies a uniform rule across all strategies. Specifically, patients
with equal priority are processed based on who arrived earliest, ensuring that the selection
order is determined by arrival time rather than random selection.

(1) Initial-First Strategy

Under this policy, initial consultations always take precedence whenever their queues
are non-empty, prioritized in the order Level Il initial — Level IV initial — follow-up. The
allocation of physician capacity at each decision epoch f is determined as follows:

N 3= min(D

init

fnit,?)’ Rt) (8)

Nt

init,

4= min(DfnitA' R' - Ntnit,S) )

1
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N}ollow = min (D}ollow' Rt - Nitnit,3 - Nitnit,4) (10)

Here, Nitmtl3, Nitmt, 4 and N} ollow indicate the number of patients allocated to consulta-
tions at different time periods. Once a physician begins service, the service process will not
be interrupted.

(2) Alternating 1:1 Strategy

This strategy attempts to balance resources between initial and follow-up patients.
When both categories of queues are non-empty, physicians alternate between initial and
follow-up patients at a 1:1 ratio. Within the initial consultation group, Level III patients are
prioritized over Level IV patients.

At any given decision point, the number of initial consultations provided would be no
more than half of the available physicians:

Rt
t t . t t
Nipit3 + Nigit 4 = min(Djys 3+ Djpyiy 4, {ZJ ) (11)

The system first satisfies the Level III initial demand, then allocates the remaining
initial-patient quota to Level IV:

. R! . R!
Nitnit,’j - mm(thnit,B' {ZJ )' Nitnit,4 = mm(Dfnit,zl' \‘ZJ - Nz?nit,B) (12)
Finally, all remaining physician capacity is allocated to the follow-up queue:

thfollow = min (D}ollow' R — Nitnit,?) - Nitnit,4) (13)

When a queue contains fewer patients than what it was allocated, the remainder of
the capacity is dynamically reassigned to other queues to maximize the use of resources.

(8) Slack-Based Strategy

This strategy introduces a time-based urgency, setting waiting time thresholds T3 and
T4 for Level IIl and Level IV initial patients, respectively. Slack tolerance parameters k; and
k, define how far in advance of these thresholds a patient is considered “urgent.”
A patient i is flagged as “urgent” at time ¢ if their waiting time w;(t) satisfies the
condition in Equation (14):
wi(t) > Tp — ke (14)

This defines two dynamic “urgent sets” at time #:
Ué(kl) = {Z : wi(t) > T3 — kl}, Ui(kz) = {l : wi(t) > Ty — kz} (15)
At decision epoch t, the system applies the following priority hierarchy:

Ui(ky) > Ul(ko) > F' > H!, (16)

init

where F! indicates the follow-up queue while H! . refers to the remaining non-urgent

initial patients. For each group, Level Il has higher priority than Level IV, which assigns
the physicians in turn according to the sequence of these priorities:

n3 = min(|U3],R") (17)
ny = min(|Uy|, R" — n3) (18)
ng = min(|F'|,R" — n3 — ny) (19)
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ny = min<|Hfmt|,Rt—n3—n4—nf) (20)

At the end of each time step, patients who have left the queue during that step are
removed from it, while those remaining are carried over to the next time step:

1 t
Wit;;?t,s = Witnit,3 + Diyi3 — 13 (21)
1 ¢
Wit = Wiisa + Dhyipg — 14 (22)
t41 t t
Wfo+llow = Wfollow + Dfollow —ny (23)

(4) Performance Metrics

In order to compare the advantages of different solutions in the simulation process, it
is necessary to monitor key performance indicators:
(1) Average Waiting Time:

e  Average waiting times for level [ initial patients, W,

— 1
Winit) = e ) W (24)

| Simit, i€Sinit,

e  Average waiting times for follow-up patients, Wfollow

# Z w; (25)

iesfollow

Wfollow =

‘S follow
e  Overall average waiting time across all patients, W,

Zi€51m’r,3 U Sinit,aU S fotton Vi

|Sinit3| + [Sinital +

Wta tal — (26)

Sfollow’

where Sjyit3, Sinita and Sgoi10, denote the sets of patients who completed their
consultations during the simulation period.

(2) Overtime Ratio/Service Level:

e  The proportion of patients of level # patients whose waiting times exceeds the
clinical time T,, denoted as A,

Ziesmitfl(wi > Tf)
Ay = -

, for¢e{3,4} (27)

|Sinit,f

where 1(w; > T,) is the indicator function.
e  Service level SL;, defined as the complement of the overtime ratio 1 — A,

Ziesim-t,fl(wi < Tf)
|Sinit,e

SLy=1-A, = , for £e{3,4} (28)

(3) Resource Utilization

e  Physician utilization Uy,,: the ratio of busy time to total available time for physicians

T t,s
Zt:l ZS N severd

u =
doc 23;1 Rt

(29)
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t,s
where Nseverd
day t.

e  Resource utilization Uj: the ratio of busy time to total available time for devices j

be the total number of consultations completed during shift s on

YL, min (D]t-, Cj)
Uj = T
Yi-1 Cj

/j:lrzr"'lj (30)

2.2.4. Model Validation

To validate the model, the simulation follows the national four-tier triage system
of China. Level I and Level II patients are critical and are sent directly to resuscitation
units. Therefore, they are excluded from the general consultation queues. Instead, the
simulation focuses on Level III and Level IV patients. This approach reflects real-world
operations where critical patients receive immediate care. By focusing on these moderate
and non-urgent cases, the model accurately represents the resource competition in the
emergency department.

Furthermore, the operational dynamics are modeled to faithfully reproduce real-
world complexity. The simulation traces the complete patient journey by integrating
triage, initial consultation, diagnostic procedures, and follow-up consultation. Within this
process, patients arrive in varying volumes throughout the day and week, creating realistic
demand fluctuations. The system utilizes an event-driven mechanism where physicians are
dynamically allocated to patients from the queue based on the active schedule. Finally, the
patient arrival patterns were calibrated against historical data to ensure that the simulated
load aligns with actual operations, thereby guaranteeing flow conservation.

2.2.5. Justification for the Simulation Approach

This study uses Discrete-Event Simulation to evaluate the proposed scheduling strate-
gies. Although analytical methods like Matrix-Analytic Methods work well for some
systems, the specific features of our model make simulation the best choice.

The choice of simulation is justified by three key complexities that preclude exact
analytical solutions. First, the system is highly non-stationary. As shown in Table 2,
patient arrival rates vary significantly by hour and day, and staffing levels fluctuate across
shifts, which makes steady-state analytical frameworks inapplicable. Second, the service
process violates standard Markovian assumptions. The use of truncated exponential
distributions and fixed deterministic durations for equipment checks is incompatible with
the memoryless property required by most analytical models. Finally, the simulation
explicitly captures the history-dependent Slack-Based Policy. Analytically modeling this
strategy requires tracking the exact waiting history of every individual patient as a state
variable. This leads to state space explosion, where the massive increase in system states
renders exact mathematical derivation computationally intractable. Therefore, Discrete-
Event Simulation provides a more robust and feasible platform for this study.
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Table 2. The average patient arrival rate per hour.

Hours Mon. Tue. Wed. Thur. Fri. Sat. Sun.
0-1 7.84 7.5 7.51 7.49 7.49 7.13 712
1-2 5.79 5.37 5.38 5.35 5.36 5.07 5.06
2-3 4.94 4.5 4.51 4.5 4.49 431 4.32
3-4 3.7 3.33 3.34 3.3 3.34 3.11 3.12
4-5 2.19 1.83 1.81 1.8 1.82 1.68 1.68
5-6 4.33 3.58 3.59 3.54 3.55 3.21 3.19
67 6.78 6.39 6.4 6.37 6.36 6.08 6.07
7-8 8.83 8.23 8.17 8.18 8.25 7.98 797
89 15.23 14.95 14.93 14.9 14.9 14.49 14.48

9-10 21.59 21.26 21.24 21.23 21.27 20.64 20.61

10-11 21.71 21.44 2143 21.45 2143 20.65 20.64

11-12 17.53 17.11 17.12 17.11 17.1 16.59 16.51

12-13 15.55 15.18 15.17 15.18 15.17 14.73 14.72

13-14 18.26 17.93 17.94 17.92 17.92 17.43 17.41

14-15 20.87 20.76 20.77 20.75 20.77 19.97 19.96

15-16 18.28 18.14 18.15 18.13 18.13 17.33 17.35

16-17 17.31 17.14 17.15 17.13 17.14 16.47 16.45

17-18 16.28 l6.1 16.11 16.08 16.1 15.38 15.39

18-19 16.87 16.46 16.44 16.43 16.44 15.97 15.98

1920 22.61 22.47 22.46 2243 22.44 21.64 21.63

20-21 23.05 22.81 22.8 22.79 22.79 22.44 2243

21-22 17.53 17.23 17.24 17.21 17.22 16.75 16.74

22-23 12.49 12.31 12.3 12.29 12.29 11.83 11.82

23-0 7.52 7.23 721 7.22 7.24 7.03 7.02

3. Results
3.1. Simulation Setup

The simulation model is parameterized using a standardized operational dataset de-
rived from the actual records of a Grade-A tertiary hospital in China. This dataset captures
critical real-world ED dynamics, including the distribution of heterogeneous patient ar-
rivals, stochastic service times, and resource constraints. Integrating these empirical factors
ensures the model’s validity and reliability for evaluating scheduling strategies

Based on this dataset, patient inflow was modeled as a piecewise-constant, non-
homogeneous Poisson process with a weekly cycle to replicate the temporal dynamics of
emergency department arrivals. The specific hourly arrival rates are presented in Table 2.
In alignment with the case study’s observed proportions, Level III and Level IV patients
accounted for 25% and 75% of arrivals, respectively. The corresponding target waiting
times were set at 30 min for Level III and 120 min for Level IV.

For these arriving patients, service durations were defined. Initial and follow-up
consultations followed truncated exponential distributions with means of 9 and 15 min,
respectively. The truncation bounds were 5-15 min for initial consultation and 5-25 min
for follow-up consultation. Examination times were set at 1.19 min for laboratory tests,
6.58 min for B-ultrasound, 3.99 min for X-ray, and 2.45 min for CT. Report availability
delays were assumed to be 20 min for laboratory tests, immediate for B-ultrasound, and
30 min for both X-ray and CT. Among initial patients, 60% required at least one diagnostic
test, with independent probabilities of undergoing laboratory, B-ultrasound, X-ray, and CT
set at 92%, 22%, 29%, and 55%, respectively.

To manage these service processes, the emergency department operated in three
shifts per day, namely 07:00-15:00 with 5 physicians, 15:00-22:00 with 5 physicians, and
22:00-07:00 with 3 physicians, reflecting typical staffing levels observed in the hospital.
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3.2. Optimization of Slack-Based Strategy

Unlike the static Initial-First and Alternating 1:1 policies, the performance of the
Slack-Based strategy is directly contingent upon its delay tolerance parameters, k1 and ky.
Therefore, before conducting a comprehensive comparison against the other strategies, this
section first optimizes these parameters.

The goal is to find the optimal parameter pair by minimizing the overall average pa-
tient waiting time, W, (k1, k2), while adhering to minimum service-level (SL) constraints.
This optimization problem is formally defined as:

minwtotul (klz k2) (31)
kl/kz
subject to:
SL; > SLg”", SLy > SLT”’ (32)

To resolve this, we apply a two-stage iterative grid search method that derives the best
possible setting for parameters. Based on evaluating the simulation result under a large
number of thresholds, we get the parameter thresholds that can be applied in the next trip.

In the first phase, a coarse search with a step size of 1 was conducted to determine the
neighborhood of the optimal solution. Table 3 presents the five best-performing parameter
combinations from this initial search, ranked by average waiting time. The analysis identi-
fied the parameter pair of 13 and 2 as the preliminary optimum, achieving a mean waiting
time of 36.38 min. To further refine this result, a fine-grained search was subsequently
performed using a step size of 0.1 within the neighborhood of the preliminary optimum,
specifically covering the range from 12 to 14 and 1 to 3. Table 4 lists the top outcomes
from this second phase. This precise optimization revealed that the parameter pair of 13.1
and 2.1 is the global effective combination, further reducing the lowest mean waiting time
to 35.25 min.

Table 3. Top performing parameter combinations from the coarse grid search (Step size = 1.0).

. Average 95%
Rank Parameter Pair Waitil%g Star}da}rd Confidence
(k1,ke2) Time (min) Deviation Interval
1 13,2 36.38 11.27 [33.25, 39.50]
2 15,11 36.90 11.51 [33.71, 40.09]
3 14,0 36.96 12.13 [33.59, 40.32]
4 26,2 37.10 11.40 [33.93, 40.26]
5 10, 40 37.69 11.53 [34.50, 40.88]

Table 4. Top performing parameter combinations from the fine grid search (Step size = 0.1).

Parameter Pair Avgrf;lge Standard 9.5%
Rank (k1K) Waiting Deviation Confidence
12 Time (min) Interval
1 13.1,2.1 35.25 6.10 [34.06, 36.45]
2 134,2.1 35.28 6.16 [34.08, 36.49]
3 12.8,1.7 35.30 5.83 [34.11, 36.44]
4 13.1,1.6 35.30 6.10 [34.11, 36.49]
5 13.3,2.1 35.31 6.10 [34.15, 36.50]

Notably, this final configuration demonstrates high reliability, with a standard de-
viation of 6.10 min and a 95% confidence interval ranging from 34.06 to 36.45 min. This
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robust statistical profile confirms the stability of the selected parameters and validates their
suitability for operational implementation.

3.3. Comparative Analysis of Scheduling Strategies

The performance of the emergency department under the three scheduling strategies
was evaluated using the metrics from Section 2.2.3. The following sections compare the
Initial-First, Alternating 1:1, and the optimized Slack-Based (k; = 13.1, ko = 2.1) strategies
in terms of average waiting time, service level, and resource utilization. To ensure statistical
robustness, each strategy was assessed over 100 independent replication runs.

3.3.1. Average Waiting Time Comparison

As shown in Figure 3, the average waiting times of Level III patients, Level IV patients,
and all patients were compared under the three scheduling strategies.

T —
Level Il
100 ~ = H
. Level IV
Al Patients

90 — - L] o . . |
=
€ 80f ) : . ' ' 1
Q@ 70 - i - =+ s <+
£ s = z .
= g -
2 T -
= | . 1
= 1
2 i k1
(@)]
(U L o -
— '
(0] H ° H
> ; . K : i :
B | R E— +—t : oL : .

1or ‘ =S = i

0 ' -
IFP ALT SBP

Figure 3. Comparison of average waiting time under three scheduling strategies.

The results highlight clear performance differences among the three scheduling strate-
gies. The longest mean waiting times resulted in the Initial-First strategy, 46.26 min overall.
This approach was particularly ineffective for urgent Level III patients who had to wait
about 44.14 min, indicating that the strategy failed to adequately prioritize urgent cases.
The 1:1 Alternating Strategy shortened Level IlII's average wait time from 44.14 to 6.82 min,
and achieved an overall average of 37.88 min, approaching the minimum possible value.
However, this improvement was accompanied by a substantial increase in the waiting
times of the already disadvantaged Level IV patients.

The Slack-based strategy achieved the best performance, with an overall combined
waiting time of 35.25 min. Although the Level III waiting time, at 10.48 min, was longer
than that under the Alternating strategy, it achieved the shortest delay for Level IV patients
at 43.89 min. These results demonstrate that the Slack-based strategy achieved an excellent
balance between speed and fairness. Regarding the data distribution, although outliers
as indicated by the circles in Figure 3 were observed, the SBP strategy showed a more
stable performance. Beyond the mean values, the 95% confidence intervals reinforce the
robustness of these findings. The CI for SBP [34.06, 36.45] is notably narrower than that
of IFP [43.76, 48.76], and there is no overlap between them, demonstrating a statistically
significant improvement over the baseline strategy.

To test whether the differences in the performance of the model are statistically signifi-
cant or only phenomena with trivial practical effects, we employ a complete set of statistical
tests to measure both their statistical and practical significance between the three strategies.
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Paired t-test, Bonferroni correction for multiple comparisons, and Cohen’s d for effect size
were utilized in our research.

(1) Assessment of Statistical Significance

Paired t-tests were performed on the mean waiting times of the three strategies under
identical arrival seeds to detect systematic differences. To rigorously control the family-
wise error rate across the three pairwise comparisons, a Bonferroni correction was applied.
This adjusted the standard significance level (x = 0.05) to a stricter threshold calculated
as (otzgj = 0.0167).

The results, summarized in Table 5, show that all comparisons yielded extremely
large t-statistics and negligible p-values. Notably, all p-values were far below the adjusted
threshold of 0.0167, indicating that the observed differences were attributed to inherent
performance gaps between strategies rather than random fluctuations. The direction of the
effect was unambiguous: SBP consistently generated the shortest waiting time, followed by
ALT, with IFP incurring the longest delay.

Table 5. Paired t-test Results and Statistical Significance.

Comparison Mean Diff. t-Value p-Value Significant
IFP vs. ALT 8.1000 20.099377 1.015178 x 1036 Yes
IFP vs. SBP 10.5521 28.244962 3.580432 x 10~% Yes
ALT vs. SBP 2.4521 15.436824 4208457 x 10728 Yes

(2) Assessment of Practical Significance

To assess the practical magnitude of these differences beyond mere statistical signifi-
cance, Cohen’s d was calculated for each pairwise comparison. According to conventional
benchmarks, values of 0.2, 0.5, and 0.8 indicate small, medium, and large effects, respec-
tively, while values exceeding 1.2 represent a very large effect.

It can be seen from Table 6 that the three comparisons produced Cohen’s d greater
than 1.5 and the difference between IFP and SBP had a huge effect size of 2.82. Thus,
the improvement of SBP must possess statistical strength as well as practical benefits to
clinical workflow.

Table 6. Effect Sizes (Cohen’s d) for Comparisons of Three Scheduling Strategies.

Comparison Cohen’s d Interpretation Practical Meaning

IFP vs. ALT 2.0099 Very large effect ~ oupstantial reductionin
waiting time

IFP vs. SBP 2.8245 Huge effect Dramatic efficiency gain

ALT vs. SBP 1.5437 Very large effect Further noticeable

improvement

3.3.2. Delay Incidence and Service Level Analysis

Table 7 details the incidence of delays and the resulting service levels. A delay is
defined as a waiting time exceeding 30 min for Level III or 120 min for Level IV patients.

The simulation data exposes the hidden cost of the ALT strategy. While it prioritizes
urgent patients, it causes a significant delay rate of 10.71% for Level IV patients, reducing
their service level to only 89.29%. This unacceptable drop in service quality highlights the
risk of rigid alternating rules. In contrast, SBP achieves a 0.00% delay rate for all patients,
ensuring maximum service levels. This confirms that its dynamic prioritization effectively
mitigates non-urgent patient accumulation, balancing urgency and fairness more robustly
than the ALT strategy.
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Table 7. Delay incidence and service level compliance.

Strategy  Patient Level Delay Rate (Mean + SD) Service Level (Mean + SD)

IFP Level III 0.00 £ 0.00% 100.00 +£ 0.00%
Level IV 0.00 £ 0.00% 100.00 +£ 0.00%
ALT Level III 1.92 £1.01% 98.08 £ 1.01%
Level IV 10.71 £ 5.44% 89.29 £+ 5.44%
SBP Level 11 0.00 £ 0.00% 100.00 £ 0.00%
Level IV 0.00 £ 0.00% 100.00 +£ 0.00%

3.3.3. Resource Utilization Analysis

Table 8 summarizes physician utilization under the three scheduling strategies, with
all data representing weekly averages over a seven-day period. The results indicate that
physician utilization remained consistently high, approximately 85% under all strategies.
This consistency suggests that medical resources were effectively used across different
scheduling policies. Operational stability can be demonstrated through dispersion statistics,
as uniform standard deviations ranging between 2.06% to 2.08% shows that the operational
loads are fairly constant with very little change. And the range in utilization from 79% to
91% indicates high demand which has been persistent over time. In addition, the similar
distributions around the mean and median show that the need for frequent high utilizations
is a constant state, rather than an unusual occurrence.

Table 8. Physician utilization statistics.

Mean Standard . .
Strategy Utilization = Deviation Min Max Median
IFP 85.43% 2.07% 79.63% 91.08% 85.38%
ALT 85.41% 2.08% 79.39% 91.11% 85.41%
SBP 84.98% 2.06% 79.06% 90.50% 84.80%

Table 9 presents the utilization of examination equipment under the three scheduling
strategies, with all values based on weekly averages. Notably, the utilization rates remain
identical across strategies. This outcome reflects a structural feature of the simulation
model, where each patient type has a fixed probability of requiring specific diagnostic
tests. Since the scheduling strategies only influence the order in which patients are treated,
without affecting the overall volume of examinations, the total workload on each device
remains unchanged.

Table 9. Examination Equipment Utilization across All Scheduling Strategies.

Average .
Equipment Number of Dura tior% per Total Available Utilization Standard
Exams : Duration (min) Time (min) Deviation
Exam (min)

XRAY 389 3.99 1552.11 10,080 15.20% 0.78%

CT 715 2.45 1751.75 10,080 17.64% 0.71%

LABORATORY 1228 1.19 1461.32 10,080 14.36% 0.40%

ULTRASOUND 266 6.58 1750.28 10,080 19.03% 1.01%

Note: Equipment utilization rates were statistically consistent across all three strategies (IFP, ALT, and SBP), as
diagnostic demand is determined by patient arrival characteristics rather than physician scheduling logic.

The data reveal that all diagnostic equipment is significantly underutilized, with
utilization rates ranging from 14.36% for laboratory services to 17.64% for CT and B-
ultrasound. Further evidence is given by the low standard deviations lying between
0.40% and 1.01%, which means there is hardly any variation in day-to-day operation.
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The low margins also indicate that the need for resource for diagnostics does not vary
significantly during one simulation. This combination of low utilization and high stability
stands in sharp contrast to the approximately 85% physician utilization observed in Table 5,
indicating that physician availability, rather than equipment, is the primary bottleneck
in the system. This study implies that procuring extra diagnostic equipment may yield
fewer benefits than initially expected. A more effective approach to increase patient
throughput and reducing waiting time for patients with limited resources is to streamline
the management of physician schedules.

3.4. Sensitivity Analysis

A sensitivity analysis was undertaken to assess whether the optimized Slack-Based
model retains its advantages under different operating conditions. Two parameters were
manipulated: the patient arrival rate and the number of physicians. The arrival rate,
being a significant source of demand variability, was tested to ensure the optimization
technique worked at different levels of demand; the number of physicians, on the other
hand, represents an example of organizational constraints, affecting how scaling occurs
and resource utilization.

3.4.1. Impact of Patient Arrival Rate

To examine robustness under varying demand conditions, the patient arrival rate was
systematically adjusted within +15% of the baseline in 3% increments. A series of low- and
high-load scenarios were simulated, and all three scheduling strategies were re-evaluated
across these conditions. Figure 4 presents the corresponding changes in overall average
waiting time.

300
270 +
240
210

120 -

Average Waiting Time (min)

5 12 -9 -6 3 0 3 6 9 12 15
Arrival Rate Change (%)

Figure 4. Impacts of arrival rate change on average waiting time.

It can be observed from Figure 4, under low-load situation, the average waiting
time of all schemes are basically in line with each other and the difference is marginal.
Furthermore, compared with other two schemes, the slack-based strategy exhibits slightly
better performance, indicating that it allocates resource more effectively under lower loads.
As the arrival rate increases and the system moves from a low-load to a busier state, the
differences in performance among the strategies become more noticeable. The waiting times
under the Initial-first and Alternating 1:1 strategies grow quickly, while the Slack-Based
method consistently outperforms the others.

3.4.2. Impact of Physician Staffing

To examine the scaling capability of the model, we varied the staffing level of physi-
cians in the simulation. Seven scenarios (S0-56) were defined, starting with the baseline
scenario (S0) and gradually adding more physicians, as listed in Table 10. The simulation
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was rerun using the three scheduling methods for these seven cases. These results are
shown in Figure 5.

Table 10. Physician shift configurations for sensitivity analysis.

Scenario =~ Morning Shift Afternoon Shift  Night Shift Co(lg/f[l_gzj\t;)on
So 5 5 3 (5,5,3)
51 5 5 4 (5,54)
Sy 5 5 5 (5,5,5)
S3 5 6 5 (5,6,5)
Sy 5 7 5 (5,7,5)
Ss 6 7 5 6,7,5)
Se 7 7 5 (7,7,5)

%0 —~— IFP
45

Average Waiting Time (min)

Scenario

Figure 5. Impacts of physician capacity change on average waiting time.

Figure 5 shows that increasing physician staffing can greatly reduce average waiting
times across all strategies; however, the gaps among strategies vary significantly with
resources. Specifically, when resources are scarce (e.g., SO-S3), the SBP strategy performs
best. Compared to IFP and ALT, it can make maximum use of limited capacity to sub-
stantially reduce queue accumulation under the condition of constrained resources. As
more resources become available (e.g., 54-56), the average waiting times for all strategies
continue to decline, and the performance gaps progressively narrow. This trend indicates
diminishing marginal returns from adding staff, as system congestion is broadly alleviated.
Throughout this phase, the SBP continues to outperform and maintain its position as the
top-performing strategy.

3.4.3. Impact of Service-Time Distributions

To examine the robustness of the simulation results under different service-time
distributions, the truncated exponential distributions originally assumed for consultation
times are replaced by truncated lognormal distributions, while all other model settings are
kept unchanged.

In the baseline model, consultation times for initial and follow-up visits follow trun-
cated exponential distributions with mean values of 9 and 15 min, truncated to [5,15]
and [5,25] minutes, respectively. In the robustness analysis, truncated lognormal distribu-
tions are adopted with parameters calibrated to preserve the same expected service times.
Specifically, for initial consultations,

u=In(9)— 0%, 0 =03
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for follow-up consultations,
1,
i =1In(15) — 505, 0= 0.3

The simulation results reveal that substituting the distribution leads to a general
increase in waiting times. Under the truncated lognormal assumption, the average waiting
times for the three strategies rose to 59.75, 53.04, and 51.56 min, respectively, compared to
46.26, 37.88, and 35.25 min in the baseline model. This increase is primarily driven by the
heavier right tail and greater variability inherent in the lognormal distribution, which are
known to exacerbate congestion in queueing systems.

Despite the increase in absolute waiting times, the relative performance ranking of the
three scheduling strategies remains unchanged. The Slack-Based Policy (SBP) continues
to outperform the others, followed by the Alternating Policy (ALT). This consistency
indicates that the comparative advantages of the proposed strategies are not driven by
a specific choice of service-time distribution, but rather reflect their intrinsic structural
differences. Therefore, the study’s main conclusions are robust to reasonable variations in
service-time distributions.

4. Conclusions

This study developed a discrete-event simulation (DES) model to examine various
scheduling strategies concerning Level III and Level IV patients in the Emergency De-
partment. As a core finding, the dynamically optimized Slack-Based policy outperformed
the commonly used static rule-based strategies. Specifically, the SBP reduced the aver-
age waiting time for both groups of patients from 46.26 to 35.25 min, and eliminated all
service-level delays.

The results show important managerial implications. First, the sensitivity analysis
demonstrates the system bottleneck resource is physician capacity and not diagnostic equip-
ment, thereby suggesting that increasing the number of physicians available at the hospital
can be done instead of spending more money on acquiring extra equipment. Second, tuning
the SBP parameters through grid search provides a transparent and interpretable form of
prescriptive analytics. This method identifies suitable parameter settings through an open
evaluation process, making the resulting decision rules easier for clinicians to understand
and apply.

However, several limitations of this paper are observed and possible further directions
are proposed for following works.

First, regarding the data detail, our model simplifies the link between patient types
and examination choices because our dataset is aggregated. We did not model the exact
link between every symptom and exam. However, this does not affect the main results. As
shown in Table 9, the diagnostic equipment is not busy, with utilization rates under 20%.
This confirms that the bottleneck is the doctors, not the equipment. Therefore, the ranking
of the strategies remains valid. In the future, we aim to use more detailed patient data to
capture these specific connections.

Second, regarding validation, we used real-world arrival patterns to build the model.
However, we could not validate the exact waiting times against historical data because that
specific data was not available. Therefore, the main goal of this study is to compare the
strategies against each other, rather than to predict absolute values. Even without perfect
validation, the model correctly identifies the system bottlenecks and how the strategies
perform relative to each other. Future studies can use complete Electronic Health Records
for stricter validation.
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Third, regarding the method, we currently tuning the parameters with grid search.
This method is fine for simple problems and it’s clear and straightforward. However, it
becomes slow and hard to use when there are lots of decision variables. With large models
that incorporate many more departments and resources, the problem will become much
more complicated. To address this, we plan to use Deep Reinforcement Learning in the
future. This advanced technique can be able to tackle large scale problems and balance
between efficiency, fairness and others different aspects like that.
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