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ABSTRACT

Nurse scheduling in the emergency department (ED) is a complex optimisation problem that
requires balancing nurse workload while adhering to operational constraints. This study applies
the Bat Algorithm (BA), a metaheuristic optimisation technique, to generate efficient nurse
schedules. The proposed approach aims to minimise deviations from workload constraints,
reduce soft constraint violations, and ensure adequate rest periods while avoiding undesirable
shift transitions. The BA was implemented in MATLAB and evaluated against traditional
Goal Programming (GP) methods. Experimental results demonstrated its efficiency, with a
computational time of 7.67 seconds. The BA outperformed GP by achieving lower deviations,
indicating fewer unnecessary shifts and transitions that balance the workload for nurses while
improving nurse satisfaction and operational efficiency. These findings highlight the potential
of BA to enhance workforce management in healthcare settings and contribute to improved
patient care.

Keywords: Bat Algorithm, Emergency Department, Metaheuristic, Scheduling.

1 INTRODUCTION

The emergency department (ED) is one of the busiest and most demanding hospital units, charac-
terised by unpredictable patient inflows and a need for rapid, high-quality medical care. Effective
patient flow management ensures timely clinical decision-making and appropriate treatment. Upon
arrival, patients undergo initial assessments, including streaming, triage, and rapid assessment, to
prioritise critical cases and initiate prompt treatment.

Managing ED staff scheduling, particularly for nurses, is crucial to maintaining operational effi-
ciency and delivering high-quality patient care. Nurses play a vital role in supporting physicians
and addressing patient needs. However according to [1], high workloads and irregular shifts can
lead to burnout, job dissatisfaction, and increased turnover, then affecting patient outcomes. A
well-designed nurse schedule must balance workload distribution, ensure adequate rest periods, and
comply with operational constraints.
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Nurse scheduling involves satisfying hard constraints, such as shift coverage and legal working hours,
while optimising soft constraints, like nurse preferences and workload balance. Traditional manual
scheduling methods often struggle to meet these requirements, leading to the adoption of advanced
computational techniques. Metaheuristic algorithms, including Genetic Algorithm (GA), Bat Algo-
rithm (BA), Tabu Search, Artificial Bee Colony (ABC), and Particle Swarm Optimisation (PSO),
offer practical solutions by efficiently navigating complex search spaces to generate high-quality
schedules.

This study explores the application of metaheuristic algorithms to the nurse scheduling problem
(NSP) in the ED. By optimising schedules, while addressing both hard and soft constraints, these
methods aim to reduce nurse workload imbalances, enhance job satisfaction, and improve ED
operational efficiency, then contributing to better patient care [2].

2 LITERATURE REVIEW

Effective scheduling is a critical challenge in healthcare, covering staff, patients, and resource
allocation. Various studies have explored optimising techniques to improve scheduling efficiency.
For instance, home healthcare scheduling has been addressed using Adaptive Large Neighbourhood
Search (ALNS) and matheuristics to prioritise patient visits, with ALNS proving to be faster for
smaller tasks and matheuristics offering better accuracy for larger ones [3]. Similarly, hospital
operating room (OR) scheduling has been optimised using genetic algorithms and fuzzy models to
balance capacity utilisation, reducing delays in patient admissions and discharge [4].

In the ED, overcrowding remains a significant issue, often leading to increased nurse workload
and inefficient patient flow. Strategies such as discrete event simulation and capacity staff roles
have been proposed to optimise bed management and reduce patient waiting times [5]. Nurse
scheduling, in particular, is crucial because it ensures the delivery of high-quality patient care while
preventing staff burnout. Several optimisation approaches have been introduced, including Goal
Programming (GP)[6], mixed-integer programming, and heuristic methods, to improve scheduling
fairness, efficiency, and job satisfaction [7, 8]. Studies have demonstrated that well-optimised nurse
schedules reduce shift imbalances, minimise consecutive work hours, and enhance overall staff
performance [9, 10].

Heuristic and metaheuristic algorithms have been widely applied to healthcare scheduling, including
nurse rostering. Techniques such as tabu search, genetic algorithms, and PSO have shown promising
results in balancing workload distribution and meeting hospital constraints [11-13]. The BA, in
particular, has emerged as a strong contender for solving NSPs due to its ability to efficiently
handle large and complex constraints [14]. This study focuses on applying BA to optimise nursing
scheduling in the ED, aiming to enhance operational efficiency, improve nurse satisfaction, and
ensure high-quality patient care.
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3 METHODOLOGY

We refer to several past studies on the BA, including its performance, inspiration, and the algorithm
itself, as discussed in [15]. Additionally, we refer to the study by [14], which applied BA for scheduling
nurses in a radiology department. The results of that study indicate that BA outperforms other
methods, such as PSO.

3.1 Original Bat Algorithm

From [15], the BA is inspired by the echolocation behaviour of microbats, which use sound pulses
to detect prey and navigate them. In BA, candidate solutions are represented as bats that adjust
their positions based on pulse emission, frequency modulation, and loudness. These mechanisms
balance exploration and exploitation in the search space.

Mathematically, BA updates each bat’s position and velocity using frequency-dependent rules
influenced by the best-known solution. The algorithm also incorporates a local search mechanism,
where solutions are refined through small adjustments based on loudness and random perturbations.
Over time, loudness decreases while the pulse emission rate increases, allowing the search to focus
on promising regions.

The iterative process of BA involves updating solutions while adapting algorithmic parameters to
improve optimisation. Studies, such as [15], have shown that BA outperforms methods like PSO
and Harmony Search (HS) in both accuracy and efficiency. Further refinements, such as time delay
metrics, can enhance BA’s adaptability in complex optimisation problems.

3.2 Bat Algorithm for Schedule

The BA, as applied in [14], was used to schedule radiological technologists in a hospital setting. The
study demonstrated that BA, when combined with heuristic methods, effectively generates feasible
nurse schedules. Each bat in the algorithm represents a candidate solution z = (x1,x2, ..., 4),
where d is the number of bats, while the objective function F'(z) evaluates the schedule’s quality.
Figure 1 illustrates the flowchart for the BA.

3.2.1 Initialisation and Constraint Handling

The algorithm initialises bats with random values for position (z¥), velocity (v?), loudness (AY),
pulse emission rate (T? ), and frequency ( fl-o), where frequency is sampled from [fumin, fmax]- A
decision tree method ensures hard constraints are satisfied, with a correction mechanism applied to
repair infeasible schedules.
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3.2.2 Searching and Solution Updates

The search process begins with ¢t = 1 and iteratively updates each bat’s frequency, velocity, and
position based on:

fz?f:fmin'i‘(fmax_fmin)ﬁa ﬂ:U(O,l), (1)
v = vffl + v — b - fE (2)
rl = x’fl + ot (3)

If the condition rand > r? is met, local exploration is performed using:
Tnew = Told T 5A§, €= U(_17 1) (4)

Local exploration includes generating neighbouring solutions and using a greedy search algorithm
to improve results. Bats may also perform random searches to enhance diversity.

3.2.3 Acceptance Criteria and Convergence

Generated schedules are validated against hard constraints, with necessary repairs applied. If a
new solution improves the best-known solution (F(z;) < F(z.)) and satisfies rand < A, the bat
updates its position. The loudness and pulse emission rate evolve as follows:

At = Al o € Uniform|0, 1], (5)
rt =91 — exp(—~t)], ~ = positive constant. (6)

This model simulates the behaviour of bats converging towards an optimal solution.

3.2.4 Termination and Optimal Schedule Selection

Solutions are ranked based on objective function values, with x, updated accordingly. The algorithm
terminates when a predefined condition is met, such as reaching a set iteration limit or achieving a
solution comparable to that of IBM ILOG CPLEX. The best bat z, is returned as the optimal
nurse schedule.

3.3 Modified Bat Algorithm Method

The BA for nurse scheduling consists of two primary stages: generating initial bats and performing
the search procedure. The algorithm is tailored to accommodate the constraints and requirements
of scheduling nurses in an emergency department. To generate the initial population (initial
bat), instead of randomly assigning nurses to the schedule, which may result in violations of hard
constraints, we adopt a more controlled approach. For each shift on a given day, a nurse is randomly
selected and assigned to that shift. Once assigned, the nurse is removed from the pool of available
nurses for that day to ensure that no nurse is assigned to more than one shift per day. This approach
inherently satisfies the constraint that a nurse can work only one shift per day. Additionally, the
number of nurses required for each shift on each day is determined randomly, adding diversity to
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Figure 1 : Flowchart for the Bat Algorithm’s Schedule
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the generated schedules while maintaining feasibility. This process will be discussed in greater detail
in the following section.

3.3.1 Generating Initial Bats

At the initialisation stage, a population of bats is created, where each bat represents a potential
solution = = (x1,xa, ...,x4) to the NSP. A three-dimensional array of size (numNurse x numShift x
numDays) is initialised with zeros. A list of 15 available nurses is then generated. From this list,
five nurses are randomly selected and assigned to Shift 1 (morning shift). Once assigned, these
nurses are removed from the available pool. The required number of nurses for Shift 2 and Shift
3 is then selected from the remaining nurses, ensuring that no nurse is scheduled for more than
one shift per day. This process is repeated for all days until a complete schedule is formed. Ta-
ble 1 presents the pseudocode for this procedure, and Figure 2 illustrates the corresponding flowchart.

Table 1 : Pseudo Code for Generating the Initial Schedule

Generate Initial Bats

Initialize a 3D matrix filled with zeros.

Initialize a list of available nurses.

for each day = 1 until total days

for morning, evening, and night shifts

Randomly select five nurses from available nurses and assign them to the morning shift.
Remove assigned nurses from the available list.
Randomly select five nurses from available nurses and assign them to the evening shift.
Remove assigned nurses from the available list.
Randomly select three nurses from available nurses and assign them to the night shift.

end
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3.3.2 Bat Algorithm Parameter Initialisation

The objective function F(x) evaluates the quality of each generated schedule by minimising con-
straint violations. Each bat is assigned a position (z?), velocity (v9), loudness (A?), pulse emission
rate (r?), and frequency (f?). The initial position 2 is derived from the previously generated
schedule. The velocity (v?) is initially set to zero, loudness (AY) is set to 1, and pulse emission rate
(r9) is set to zero. The frequency f? is randomly selected from a predefined range [fumin, fmax] t0
balance exploration and exploitation during the search process.

3.3.3  Feasibility Check and Solution Correction

Fach generated schedule undergoes a feasibility check to ensure that it satisfies the hard constraints,
such as maintaining the minimum number of nurses required per shift. If a bat violates any
constraints, a correction mechanism is applied to modify the schedule while preserving feasibility.
The corrected schedules are then used in subsequent iterations to refine the solution.

3.3.4 Search Procedure

The search phase begins with ¢t = 1 and continues until the maximum iteration count (¢ = 400) is
reached. During each iteration, the algorithm updates the frequency, velocity, and position of each
bat according to the equations 1, 2, and 3. If the pulse emission condition rand > 7; is met, a local
search is performed by generating a nearby solution around the bat’s current position using equation
4. If generated solutions are validated against hard constraints, then necessary repair mechanisms
are applied. If a new solution satisfies the acceptance criteria rand < A; and improves upon the
current best (F(z;) < F(z4)), the bat updates its position. Loudness Al decreases according to
equation 5, and the pulse emission rate 7! increases according to equation 6, simulating the bats’
convergence toward an optimal solution.
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3.3.5 Termination and Selection of Optimal Schedule

The algorithm ranks all solutions based on their objective function values, updating x, accordingly.
The process continues until the stopping criterion is met, which, in this case, is the maximum
iteration count. The algorithm then outputs z,, representing the best nurse schedule. The complete
pseudocode for the nurse scheduling algorithm is presented in Table 2 and Figure 2.

Table 2 : Pseudocode for the Modified BA Method

Generating Initial Bats
Generate initial bats. Each bat represents by x = (z1, z2, ..., md)T. The objective function value of a
bat is F'(x), where x, is the current bat.
Parameter initialisation for each bat: position x?, velocity v, and loudness A2, pulse rate r?,
and frequency f?; Here, the pulse frequency f falls in a range of [fmin, fmaz]; fmin is the minimal
pulse frequency; and fiaz is the maximal pulse frequency.
for each bat in the population
if the current bat violate any one of the hard constraints
Apply the corresponding correction mechanism.
end if
end for
Output the feasible solution of each bat;
Searching Procedures
t =1,
Loop
for each bat in the population at the t iteration
Update the shift schedule for each bat, x!, by using equation (1), (2), and (3)
if (rand > r;) at the t iteration
Generate an adjacent bat for a local search by using equation (4)
end if
if the current bat violates any one of the hard constraints
Apply the corresponding shift schedule correction mechanisms to repair the current bat;
end if
if (rand < A;) and (F(xi) < F(x.)) at the t iteration
Accept the new bat (x}) as the current best bat (x.);
Reduce A! and increase r! by using Equation (5) and (6)
end if
Rank the bats’ solutions by objective function values and update the current best bat (x.);
end for
t=t+1;
end Loop
Output the current best bat (x.) as the best solution.
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Main Code

Generating initial Bat

Figure 2 : Flowchart for the Modified Bat Algorithm (BA)
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4 NURSE SCHEDULING PROBLEM (NSP) IN EMERGENCY DEPARTMENT
(ED)

4.1 Mathematical Model

The optimisation model described in this section determines the hard and soft constraints considered
when scheduling nurses in the ED. In this study, the model from [7] was considered to solve the
problem.

4.1.1 Notation

Table 3 defines the notations used in the nurse scheduling model. The parameters include 7' (number
of scheduling days) and P (total nurses). Indices p and t represent nurses and days, respectively.
Key variables Ay, By, and Cy denote the required nurses for morning, evening, and night shifts on
the day ¢, forming the foundation for schedule optimisation.

Table 3 : The following notations are used to specify the model:

refer to the number of scheduling days

number of nurses available for the unit

is the index of days (t =1,...,T)

is the index of nurses (p =1, ..., P)

nurse requirements for morning shift for a day ¢
nurse requirements for evening shift for a day ¢
nurse requirements for night shift for a day ¢

Qﬁm‘}*@ -

]

4.1.2  Decision Variable

The nurse scheduling model uses four binary decision variables: M, E;p, and Ny, to indicate if
nurse p is assigned to the morning, evening, or night shift on the day ¢, while C;, represents a day
off. These variables ensure proper shift allocation.

1 if nurse p is allocated to the morning shift on day ¢

Mt,p = . (7)
0 otherwise
1 if nurse p is allocated to the evening shift on day ¢

Et,p = . (8)
0 otherwise
1 if nurse p is allocated to the night shift on day ¢

N, tp — . (9)
0 otherwise
1 if nurse p is assigned a day off on day ¢

Crp = : (10)
0 otherwise
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4.1.3  Deviation Variable

Table 4 defines deviation variables that measure unmet scheduling preferences. These variables
support soft constraints related to fatigue prevention, fair workload distribution, and adequate rest.
Each represents underachievement or overachievement of a condition, helping to refine the schedule.

Table 4 : The deviation that has been considered for this model

d;  underachievement of a nurse allocated morning shift followed by
an evening or night shift on the next day.

df  overachievement of a nurse allocated morning shift followed by
an evening or night shift on the next day

d;  underachievement of a nurse allocated evening shift followed by
a night or morning shift on the next day

df  overachievement of a nurse allocated evening shift followed by
a night or morning shift on the next day

d;  underachievement of a nurse allocated night shift followed by
a morning or evening shift on the next day

df overachievement of a nurse allocated night shift followed by
a morning or evening shift on the next day

d, underachievement of a nurse has at least one day off.

df  overachievement of a nurse has at least one day off.

4.1.4 Model

Objective Function

The objective function of the model is to minimise shift transitions, ensure nurses have equal rest
days, and maintain a balanced workload among all nurses. This is achieved by calculating the
positive and negative deviations of the soft constraints. Each goal of the soft constraint will be
minimised to achieve the best result. Goal 1 aims to minimise the positive deviation to avoid a
morning shift followed by an evening or night shift. Goal 2 also aims to minimise positive deviation
in order to avoid an evening shift followed by a morning or night shift. Goal 3 also aims to minimise
positive deviation in order to avoid a night shift followed by a morning or evening shift. Hence,
goal 4 aims to minimise the negative deviation in order to guarantee at least one day off for each
nurse. Thus, the objective function for the model is as below:

[Minimising Total Deviation]

DDA D di )y Y df ) dy, (11)

t P t

[Subject to]
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Hard Constraint
The scheduling model requires at least five nurses for morning and evening shifts, while exactly
three nurses must be assigned to the night shift.

P
> Miyp,>5, t=1,2,...,T (12)
p=1
P
Y Ep>5, t=12,...T (13)
p=1
P
> Nyp=3, t=12,....T (14)
p=1

Only one shift per day is required of each nurse.

Mt,p+Et,p+Nt,p+Ct,p:]-7 t:1,2,...,Tandp:1,2,...,P. (15)

Each nurse works according to the number of required shifts per schedule.

T
> Myp,>A, p=12...,P (16)
t=1
T
> Ep>B, p=12...P (17)
t=1
T
> Nip>Cp p=12,...,P (18)
t=1

Soft Constraints
A morning shift should not be followed by an evening or night shift for the following day:

Mt,p"'EtJrl,p"i'NtJrl,pS l,t:1,2,...,T andpzl,Z,...,P (19)
Mip+ Eryrp+ Neyip+dy —df <1,t=1,2,....T—1landp=1,2,...,P (20)

A evening shift should not be followed by an morning or night shift for the following day:

Et,p+Mt+1,p+Nt+1,p S 1,t: 1,2,...,T andp: 1,2,...,P (21)

Et7p+Mt+17p+Nt+17p+d2_—d;r §1,t:1,2,,T—1 andp:1,2,...,P (22)
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A night shift should not be followed by an morning or evening shift for the following day:

Nt,p+Mt+1,p+Et+1,pS 1,t=1,2,...,T andp:1,2,...,P (23)
Nip+Mip1p+Eip+dy —df <1,t=1,2,....,T—landp=1,2,..., P (24)

Each nurse has at least one day off per week.

Opt +0p111 <1,t=12,.... T—landp=1,2,...,P (25)
Opt +Opii1+dy —df <1,t=1,2,....,T—1landp=1,2,...,P (26)

4.1.5 Algorithm Performance

Table 5 : Simple Data Testing

No. Nurse No. Nurse of Morning Shift No. Nurse of Evening Shift No. Nurse of Night Shift No. of Days

5 2 2 1 2

The simplified nurse scheduling scenario used in this test was designed to evaluate the basic per-
formance of the BA under a controlled setup. The dataset included two days of scheduling, three
shifts per day (morning, evening, and night), and five available nurses. The primary constraint was
that each nurse could be assigned to only one shift per day, ensuring fairness and feasibility.

To assess the algorithm’s convergence behaviour and determine a suitable stopping criterion, we
experimented with varying numbers of iterations: 5, 10, 25, 50, and 100. The purpose of these tests
was to observe how the objective function evolves as the algorithm explores the solution space over
time.

As shown in Figure 3, the objective function values fluctuate initially but tend to stabilise and
improve with more iterations. At lower iteration counts (e.g., 5 or 10), the algorithm lacks sufficient
opportunity to thoroughly explore and exploit the solution space, resulting in suboptimal scheduling
outcomes. However, as the number of iterations increases, particularly beyond 25, the algorithm
begins to produce better solutions that minimise the objective function.

By 100 iterations, the improvement in the objective function indicates that the BA has effectively
learned and refined a more optimal schedule, validating the effectiveness of using an iterative
optimisation approach.

These findings demonstrate the importance of tuning the number of iterations: too few may result
in premature convergence. In contrast, sufficient iterations enable the algorithm to strike a balance
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Figure 3 : Objective function values across iterations for 2-day scheduling.

Table 6 : Data from [7] Testing

No. Nurse No. Nurse of Morning Shift No. Nurse of Evening Shift No. Nurse of Night Shift No. of Days
15 5 5 3 7

between exploration and exploitation, resulting in improved scheduling performance.

The 7-day scheduling scenario involved 15 nurses with three daily shifts, requiring five nurses for
the morning and evening shifts and 3 for the night shift. This setup reflects a more realistic and
complex scheduling environment.

As shown in Figure 4, the objective function values improve significantly within the first 100
iterations, with only minor enhancements observed beyond that point. This confirms that the BA
effectively identifies better solutions early in the optimisation process, and additional iterations
help fine-tune the results.

Given these observations, 400 iterations were chosen for this experiment to ensure sufficient ex-
ploration of the solution space. This approach helps maintain solution quality while satisfying all
constraints and promoting a fair and balanced nurse schedule over the 7-day period.

42 ——— T T
40
38 8
36 - 8
34 |
| | | |
32 1025 50 100 400
Iteration

—e— Objective Function | |

Objective Function

Figure 4 : Objective function values for 7-day scheduling.
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5 RESULTS AND DISCUSSION

The nurse schedule in Table 8 was generated using the BA with the objective of minimising soft
constraint violations. Compared to GP, shown in Table 7, which produced an objective function
value of 47, the BA achieved a significantly lower value of 32. This reduction indicates better
satisfaction with schedule constraints and more efficient shift allocations.

The BA effectively minimised undesirable shift transitions, particularly from morning to evening/night
shifts and from evening to morning/night shifts. It also ensured that each nurse received at least
one rest day during the scheduling period, fully satisfying this critical soft constraint. Night shifts
were more evenly distributed among nurses, contributing to reduced fatigue and promoting fairness.
In terms of computational performance, the BA completed the scheduling process in an average
of 7.67 seconds using a standard computing environment (AMD Ryzen 7, 16 GB RAM). This
achievement demonstrates its practical efficiency and suitability for hospital environments where
scheduling decisions must be made quickly and reliably.

Overall, the BA demonstrated better performance compared to GP, not only in achieving a lower
objective function value but also in producing a schedule that enhances nurse well-being and
operational efficiency. Future improvements could involve parameter tuning to further refine the
results and exploring adaptive strategies to improve convergence behaviours. These enhancements
may lead to even more efficient and scalable scheduling solutions for broader healthcare applications.

Table 7 : 7 Days Nurse Schedule for Goal Programming

Shift Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7
Nurse 2 Nurse2 Nursel Nursed Nurse4 Nurse3d  Nurse 1

Nurse 4 Nurseb Nurse2 Nurse7 Nurseb Nurseb  Nurse 2

Morning Nurse 5 Nurse7 Nurse6 Nurse8 Nurse 6 Nurse 6  Nurse 3
Nurse 6 Nurse 8 Nurse 13 Nurse 10 Nurse 8 Nurse 12 Nurse 11

Nurse 7  Nurse 11 Nurse 14 Nurse 14 Nurse 12 Nurse 13 Nurse 15

Nurse 1 Nurse 1 Nurse 3  Nurse 1 Nurse 3  Nurse 1 Nurse 4

Nurse 8 Nurse6 Nurse8 Nurse2 Nurse7 Nurse4  Nurse b

Evening Nurse 9 Nurse 12 Nurse 10 Nurse4 Nurse 11 Nurse 7  Nurse 6
Nurse 12 Nurse 14 Nurse 12 Nurse 9 Nurse 14 Nurse 14 Nurse 10

Nurse 13 Nurse 15 Nurse 15 Nurse 15 Nurse 15 Nurse 15 Nurse 13

Nurse 3 Nurse3 Nurse4 Nurse3d  Nursel Nurse 2 Nurse 8

Night  Nurse 10 Nurse4 Nurse9 Nurse 6 Nurse 10 Nurse8  Nurse 9
Nurse 11 Nurse 13 Nurse 11  Nurse 12 Nurse 13 Nurse 9  Nurse 12
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Table 8 : 7 Days Nurse Schedule for Bat Algorithm

Shift Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7
Nurse 3 Nurse3d Nursel Nurse2 Nursel Nurse4  Nurse 2

Nurse 9 Nurse9 Nurse2 Nurse3d Nurseb Nurse6  Nurse 4

Morning Nurse 10 Nurse 10 Nurse 3 Nurse5 Nurse 6 Nurse 9  Nurse 5
Nurse 12 Nurse 11 Nurse 10 Nurse 6 Nurse 8 Nurse 13 Nurse 14

Nurse 14 Nurse 12 Nurse 14 Nurse 14 Nurse 13 Nurse 14 Nurse 15

Nurse1 Nursel Nurse4 Nurse4d Nurse2 Nurse 2  Nurse 3

Nurse 4 Nurse4 Nurse7 Nurse8 Nurse7 Nurse 5 Nurse 10

Evening Nurse 8 Nurse7 Nurse 1l Nurse9 Nurse 10 Nurse7 Nurse 11
Nurse 11 Nurse 8 Nurse 13 Nurse 10 Nurse 11  Nurse 11  Nurse 12

Nurse 15 Nurse 13 Nurse 15 Nurse 13 Nurse 12 Nurse 12  Nurse 13

Nurse 5 Nurse2 Nurse6 Nursel Nursed Nursel  Nurse 1

Night Nurse 6 Nurse5 Nurse9 Nurse7 Nurse9 Nurse8  Nurse 7
Nurse 7 Nurse 6 Nurse 12 Nurse 15 Nurse 15 Nurse 15 Nurse 8

6 CONCLUSION

This study demonstrated the effectiveness of the BA in optimising nurse scheduling in the emergency
department. By focusing on workload balance and minimising undesirable shift transitions, the
algorithm successfully generates fair and efficient schedules while adhering to both hard and soft
constraints. Compared to GP, the BA showed better performance, achieving a lower objective
function value (32 vs. 47) and reducing violations related to shift transitions and rest periods.

One of the key strengths of the BA is its ability to distribute workloads more equitably while
ensuring that each nurse receives adequate rest, including at least one day off per week. By
preventing consecutive shifts that could lead to excessive fatigue, the algorithm contributed to
both operational efficiency and nurse well-being. These findings highlight the potential of BA as a
practical and effective approach for nurse scheduling, offering a balance between optimisation and
real-world application.

Future research could explore the implementation of adaptive stopping criteria, such as terminating
the algorithm when improvements fall below a specified threshold over consecutive iterations. This
could enhance computational efficiency by reducing unnecessary iterations while still ensuring high-
quality solutions. Additionally, comparing BA with other heuristic and metaheuristic methods, such
as Tabu Search or Simulated Annealing, could offer a deeper understanding of its relative strengths
and limitations. Testing the algorithm on larger datasets or in various hospital environments would
also offer valuable insights into its scalability and adaptability for real-world applications.
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