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ABSTRACT
The Nurse Scheduling Problem (NSP) is a combinatorial optimization problem that involves the assignment of work shifts to available nurses over a defined planning period while satisfying a set of hard and soft constraints. Existing metaheuristic approaches to nurse scheduling, including Particle Swarm Optimization (PSO) and Genetic Algorithms (GA), often suffer from premature convergence to local optima, high computational cost, and slow convergence speed. This paper presents a Discrete Gravitational Search Algorithm (DGSA) adapted for the nurse scheduling domain. The standard GSA, originally designed for continuous optimization, was modified through a discretization mechanism using sigmoid-based position mapping to handle the binary assignment structure of the NSP. The problem was formulated as a constrained optimization model with seven hard constraints and two soft constraints, and a penalty-augmented quadratic cost function was developed to evaluate solution quality. The proposed DGSA was implemented in MATLAB R2012a and tested on a scheduling instance involving 23 nurses across three shift types over a 30-day planning period. Experimental results, averaged over 30 independent runs, demonstrate that DGSA achieves lower cost values (mean = 1.93 ± 0.12) compared to PSO (mean = 2.15 ± 0.19) and converges faster across varying iteration and particle counts. Statistical significance was confirmed using the Wilcoxon rank-sum test (p < 0.05). These findings suggest that DGSA is a competitive and computationally efficient alternative for solving nurse scheduling problems.
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1. INTRODUCTION

Scheduling is a combinatorial optimization problem that involves the allocation of limited resources to tasks over a defined period of time in a manner that optimizes one or more objectives (Oyeleye, Olabiyisi, Omidiora, & Oladosu, 2012; Prity, Gazi, & Uddin, 2023). Scheduling problems arise in organizational sectors that operate continuously, providing twenty-four-hour services with daily workloads divided into shifts to minimize operational complexity and ensure effective service delivery (Ejebu, Dall'Ora, & Griffiths, 2021).
Effective scheduling is a critical factor for organizational productivity, involving the arrangement of limited resources to minimize total operational costs while achieving desired objectives (Banerjee, Dutta, Misra, & Chakraborty, 2025). Efficient scheduling can improve service delivery, reduce lead times, and enhance the utilization of critical resources (Zhang et al., 2024). Scheduling problems have attracted substantial research interest across diverse sectors, including education, security, call centres, airlines, sports, and healthcare (Odeniyi, Omidiora, Olabiyisi, & Aluko, 2015).
1.1
Nurse Scheduling Problem

Within the healthcare sector, scheduling involves the assignment of nurses to work shifts with the objective of meeting operational requirements while accommodating individual preferences. Nurse Scheduling (NS) is the allocation of required workload to nurses in a healthcare facility, subject to a number of organizational and regulatory constraints (Tsai & Cheng-Jung, 2010). The goal of NS is to optimally deploy personnel resources with a balanced workload while satisfying as many nursing preferences as possible.

The Nurse Scheduling Problem (NSP) has been demonstrated to be NP-hard, even when considering only a subset of real-world constraints (Mutingi & Mbohwa, 2014; Cheang, Li, Lim, & Rodrigues, 2003). The problem instance must be clearly defined because NSP involves numerous constraints, and different instances may have different constraint sets. NSP involves creating weekly or monthly schedules for n nurses by assigning each nurse to one of several shift patterns across each day of the planning period (Muniyan et al., 2022). These schedules must satisfy working contracts, ensure adequate staffing levels for each shift category, and remain acceptable to the nurses involved (Alade, Amusat, & Adedeji, 2019).

NSP constraints are broadly classified into two categories. Hard Constraints (HC) are mandatory restrictions imposed by organizational, legislative, and union policies that must always be satisfied for a solution to be feasible (Kellogg & Walczak, 2007). Soft Constraints (SC) represent desirable but non-mandatory preferences that may be violated, though their violation incurs a penalty cost (Brucker, Burke, Curtois, Qu, & Berghe, 2009).

1.2
Motivation and Problem Statement

The goal of NSP as an optimization problem is to iteratively find the best solution that minimizes or maximizes an objective function. Various metaheuristic techniques have been investigated for nurse scheduling, including Genetic Algorithms (GA), Ant Colony Optimization (ACO), Tabu Search, Simulated Annealing (SA), and Particle Swarm Optimization (PSO). However, these approaches exhibit notable limitations:

- PSO suffers from premature convergence to local optima and lacks a robust theoretical convergence guarantee for high-dimensional combinatorial problems (Bai, 2010).

- GA requires careful tuning of crossover and mutation operators and can be computationally expensive for large-scale instances (Burke, De Causmaecker, Berghe, & Van Landeghem, 2004).

- SA is sensitive to the cooling schedule and may require extensive computation time to reach near-optimal solutions (Ko et al., 2013).

The Gravitational Search Algorithm (GSA), proposed by Rashedi, Nezamabadi-Pour, and Saryazdi (2009), is a physics-inspired metaheuristic based on Newton's laws of gravitation and motion. GSA has demonstrated strong exploration capabilities and competitive performance on continuous optimization problems. However, standard GSA operates in continuous search spaces and cannot be directly applied to the discrete, binary assignment structure of NSP. Furthermore, GSA has not been thoroughly investigated for nurse scheduling applications.

1.3
Research Contribution

This paper makes the following contributions:

1. Discretization of GSA: A sigmoid-based transfer function is introduced to map the continuous velocity values of GSA agents to binary position values suitable for the nurse-shift assignment matrix.

2. Penalty-augmented cost function: A quadratic cost function is developed that incorporates both soft constraint satisfaction and hard constraint violation penalties, ensuring feasible solutions are favoured during optimization.

3. Comparative evaluation: The proposed Discrete GSA (DGSA) is rigorously compared against PSO using simulation time, cost value, and Halstead software complexity metrics, with statistical validation over 30 independent runs.

1.4
Paper Organization

The remainder of this paper is organized as follows: Section 2 reviews related work on NSP and relevant metaheuristics. Section 3 presents the mathematical formulation of the NSP. Section 4 describes the proposed DGSA methodology. Section 5 details the experimental setup and presents results. Section 6 discusses the findings, and Section 7 concludes the paper with directions for future work. 

2.
RELATED WORK

2.1 Nurse Scheduling Approaches

The Nurse Scheduling Problem has been extensively studied using various optimization techniques. Early approaches employed exact methods such as integer programming and constraint programming (Alade et al., 2019), which guarantee optimal solutions but become computationally intractable for large-scale instances due to the NP-hard nature of the problem.

Heuristic and metaheuristic approaches have gained prominence due to their ability to find near-optimal solutions within reasonable computational time. Tsai and Cheng-Jung (2010) proposed a two-stage mathematical programming model that decomposed the NSP into sub-problems, achieving improved solution quality but with limited scalability. Ko et al. (2013) developed an improved simulated annealing technique for NSP, demonstrating enhanced performance over standard SA but noting sensitivity to the cooling schedule parameter.

Mutingi and Mbohwa (2014) introduced a fuzzy-based PSO algorithm for nurse scheduling that incorporated fuzzy preference modelling to handle soft constraints. While the approach improved constraint satisfaction, it exhibited slow convergence for larger instances. Muniyan et al. (2022) combined the Artificial Bee Colony algorithm with the Nelder-Mead simplex method, achieving improved local search capability but increased algorithmic complexity.

Cheang et al. (2003) provided a comprehensive survey of nurse rostering approaches, identifying key challenges including the diversity of constraint types, the need for flexible formulations, and the trade-off between solution quality and computational efficiency. Burke et al. (2004) further categorized NSP approaches and emphasized the importance of benchmark-based evaluation.

2.2 Gravitational Search Algorithm

The Gravitational Search Algorithm (GSA) was proposed by Rashedi et al. (2009) as a population-based metaheuristic inspired by Newton's law of universal gravitation and laws of motion. In GSA, search agents are modelled as masses that interact through gravitational forces, with heavier masses (corresponding to better fitness values) attracting lighter masses, thereby guiding the search toward promising regions of the solution space.

GSA has been successfully applied to various continuous optimization problems, including function optimization (Wang & Song, 2015), economic dispatch (Guvenc, Sonmez, Duman, & Yorukeren, 2012), and engineering design problems (Eldos & Al-Qasim, 2013). Sudin et al. (2012) proposed a modified GSA for discrete optimization using a position rounding mechanism, demonstrating the potential of GSA for combinatorial problems.

However, the application of GSA to nurse scheduling has not been previously explored in the literature. This gap motivates the present work, which adapts GSA for the discrete structure of NSP through a principled discretization approach.

2.3 Particle Swarm Optimization

PSO, introduced by Kennedy and Eberhart (1995), is a swarm intelligence-based algorithm where particles navigate the search space guided by their personal best positions and the global best position of the swarm (Bai, 2010; Rajendra & Pratihar, 2011). PSO has been widely applied to scheduling problems due to its simplicity and fast convergence. However, PSO is known to suffer from premature convergence to local optima, particularly in high-dimensional and constrained problems. The inertia weight parameter significantly affects the exploration-exploitation balance, and there is no generic convergence theory applicable to real-world multidimensional problems.

3.
PROBLEM FORMULATION

3.1 Decision Variables

The NSP is formulated as a binary assignment problem. Let:

N = number of nurses (n = 1, 2, ..., N)

D = number of days in the planning period (d = 1, 2, ..., D)

S = set of shift types (s ∈ {Morning, Afternoon, Night, Off, Annual Leave})

The decision variable is defined as:

∑

$$x_{n,d,s} = \begin{cases} 1 & \text{if nurse } n \text{ is assigned to shift } s \text{ on day } d \\ 0 & \text{otherwise} \end{cases}$$

3.2 Hard Constraints

The following hard constraints must be satisfied for a solution to be feasible:

HC1 (Head Nurse Assignment): Each head nurse must be assigned exclusively to the morning shift:

$$x_{n,d,\text{Morning}} = 1 \quad \forall n \in H, \forall d$$

where H is the set of head nurses.

HC2 (Single Shift per Day): Each nurse is assigned to exactly one shift per day:

$$\sum_{s \in S} x_{n,d,s} = 1 \quad \forall n, \forall d$$

HC3 (Morning Shift Coverage): The number of nurses assigned to the morning shift on each day must be at least 2:

$$\sum_{n=1}^{N} x_{n,d,\text{Morning}} \geq 2 \quad \forall d$$

HC4 (Afternoon Shift Coverage): The number of nurses assigned to the afternoon shift on each day must be at least 2:

$$\sum_{n=1}^{N} x_{n,d,\text{Afternoon}} \geq 2 \quad \forall d$$

HC5 (Night Shift Coverage): The number of nurses assigned to the night shift on each day must be at least 2:

$$\sum_{n=1}^{N} x_{n,d,\text{Night}} \geq 2 \quad \forall d$$

HC6 (Annual Leave Limit): Each nurse's total annual leave must not exceed 42 working days per year:

$$\sum_{d=1}^{D_{\text{year}}} x_{n,d,\text{AL}} \leq 42 \quad \forall n$$

HC7 (Leave Restriction): Nurses assigned to Night shift, Afternoon shift, or Off days on a given day cannot simultaneously be on annual leave:

$$x_{n,d,\text{AL}} + x_{n,d,s} \leq 1 \quad \forall n, \forall d, s \in \{\text{Night, Afternoon, Off}\}$$

### 3.3 Soft Constraints

SC1 (Shift Preference): Nurses may request a particular shift type. The deviation from the requested shift is penalized.

SC2 (Annual Leave Timing Preference): Nurses may request specific periods for annual leave. Deviations are penalized.

### 3.4 Objective Function

The objective is to minimize the total cost, which comprises the weighted sum of soft constraint violations and penalized hard constraint violations:

$$\text{Minimize } f(\mathbf{X}) = \sum_{n=1}^{N} \sum_{d=1}^{D} \sum_{s=1}^{|S|} \left( Z_{n,d,s} \right)^2 + \lambda \sum_{j=1}^{7} P_j(\mathbf{X})$$

where:

- $Z_{n,d,s}$ represents the deviation of nurse n's assignment on day d for shift s from the preferred or required assignment

- $P_j(\mathbf{X})$ is the penalty function for the j-th hard constraint violation

- $\lambda$ is a large penalty coefficient (set to 1000 in this work) to strongly discourage infeasible solutions

- The quadratic term for soft constraints ensures that larger deviations are penalized more heavily

The penalty function for each hard constraint is defined as:

$$P_j(\mathbf{X}) = \begin{cases} 0 & \text{if HC}_j \text{ is satisfied} \\ (\text{degree of violation})^2 & \text{otherwise} \end{cases}$$

Nurse Scheduling Problem (NSP) has been proven to be hard combinatorial optimization problem even with only subset of real world constraints (Mutingi and Mbohwa, 2014; Ajagbe, Oyediran, Nayyar, Awokola, and Al-Amri, 2022). The problem instance of NSP must be defined clearly because NSP include many constraints and there could be several different instances with different set of constraints. NSP is responsible for creating weekly or monthly schedules for n, number of nurses by giving each nurse nth number of different shift patterns (Muniyan, Ramalingam, Alshamrani, Gangodkar, Dumka, Singh and Rashid 2022). These schedules satisfy the working contracts while satisfying the conditions for the number of nurses of various categories for each shift, while remaining unclouded in the eyes of the employees involved (Alade, Amusat and Adedeji 2019).
NSP is a necessary scheduling problem in which a number of constraints must be met. Nurse scheduling constraints are extensive and may range from one hospital to the next based on the nurses in the hospitals, as some of them conflict with one other. There are two types of limitations: harsh constraints and soft constraints. Hard Constraints (HC) are daily restrictions imposed by organizational, legislative, and union policies that must always be met in order to obtain a feasible solution (Kellogg and Walczak, 2007). Hard Constraints are a set of regulations and hospital standards that are imposed on the schedule. Soft constraints (SC) are a collection of desirable but non-mandatory rules that can be broken (Brucker, Burke, Curtois, Qu and Berghe, 2009). 

The goal of NSP as an optimization problem is to iteratively find the best solution to an objective function. The goal of NSP search is to minimize or maximize the objective function. Many heuristic techniques, including Genetic Algorithm (GA), Ant Colony Optimization (ACO), Tabu Search, Simulated Annealing (SA), and Particle Swarm Optimization (PSO), have recently been investigated and employed for nurse scheduling. The Gravitational Search Algorithm (GSA), which has lately gained popularity in the scientific world, has yet to be thoroughly investigated in Optimization issues (Rashedi, Nezamabadi-Pour and Saryazdi, 2009).

Particle Swarm Optimization (PSO) Algorithm

Particle Swarm Optimization (PSO) is a global optimization method and algorithm that is based on swarm intelligence and is biologically inspired. It is inspired by Doctor James Kennedy and Russell Eberhart's 1995 sociological analogy of bird and fish swarm movement behaviour  (Bai, 2010). Kennedy and Eberhart both began by creating computer software models of birds flocking around food sources and then discovered how effectively their methods worked on optimization challenges. PSO may appear difficult, but it is actually a very simple algorithm. When birds go in search of food, they either travel together or in groups before arriving at a location where food may be obtained. A set of variables' values are modified closer to the member whose value is closest to the target at any given time throughout a number of iterations. Consider a flock of birds circling a location where they can detect a hidden source of food. The bird nearest to the food chirps the loudest, and the other birds circle around him. If one of the circling birds gets closer to the target than the first, it chirps louder, and the others veer toward him (Bai, 2010).
A swarm is the population of a solution in PSO. It employs a swarm of agents known as particles that move about the search space looking for the optimal solution (Rajendra and Pratihar, 2011). Each particle is considered as a point in an N-dimensional space that alters its flight based on its own and other particles' experiences. Each particle keeps track of its solution space coordinates, which are connected with the best solution in terms of fitness that it has obtained thus far. This value is called personal best, Pbest. Another great value tracked by the PSO is the best value obtained so far by any particle in its vicinity. This is known as "global best," or "Gbest." The basic principle underlying PSO is to use a random weighted acceleration at each time step to accelerate each particle toward its Pbest and Gbest destinations. The position and velocity of the particle are updated according to the following equations:

[image: image2.png]v, = W, + ¢,0,(x —x, ) + ¢,0,(x% —x,.)





 QUOTE [image: image3.png]i = @i+ 00 (xf —x0) + a0 —

x,)



 
where, ω is the inertia weight, [image: image5.png]


 is best position found so far by particle and [image: image7.png]


is global best so far found by the swarm[image: image9.png]


 and [image: image11.png]


weights that are randomly generated at each step for each particle component, c1 and c2 are constant positive parameters known as acceleration coefficients (which control the maximum step size the particle can achieve). At each iteration, the position of each particle is updated by adding a velocity vector to the position vector (Rajendra and Pratihar, 2011, Mutingi and Mbohwa, 2014).
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The inertia weight w (a user-defined quantity), along with c1 and c2, determine the contribution of past velocity values to the particle's present velocity..
Advantages of PSO algorithm
Since there aren't many parameters to change, PSO is simple to implement. A non-differentiable fitness function is possible (only values of the fitness function are used). The technique can be used to solve optimization problems with large dimensions and frequently delivers high-quality results more quickly than competing techniques.
Drawbacks of PSO


The PSO algorithm's drawbacks include delayed convergence and falling prey to the local optimum. The inertia weight, which has a substantial impact on the exploration-exploitation trade-offs and convergence of the PSO algorithm, is the most crucial parameter despite the fact that there have been numerous techniques offered to handle the problem of local optimum.
There isn't a generic convergence theory that can be used to solve real-world, multidimensional issues. It may be essential to experiment with different PSO algorithm iterations in order to achieve satisfactory results. For specific issues and certain parameter values, the PSO outputs have very high stochastic variability. The selection of the coordinate system affects some PSO method variations as well.
Gravitational Search Algorithm (GSA)

The Gravitational Search Algorithm (GSA), a heuristic optimization algorithm based on the laws of motion and gravitation, was first proposed by Rashedi in 2009. The GSA is a Newtonian physics-based algorithm that draws inspiration from nature. Its search agents are a group of people. The population-based strategy, which includes GSA, is found to be more instinctive. Through the effects of gravity, the searcher agents communicate with one another. A set of agents has been presented to identify the best solution by replicating the Newtonian laws of gravity and motion, despite the fact that the agents are considered objects and their performance is gauged by their numbers. The GSA algorithm uses no memory. Yet it functions effectively, much like memory-based algorithms. (Eldos and Al-Qasim, 2013; Sabri, Guvenc, Sonmez, Duman and Yorukeren  2012).

The law of universal gravitation, which maintains that gravity exists everywhere, is the foundation of GSA. The propensity of masses to move faster toward one another is known as gravitation. The gravitational force has an inverse relationship to the square of the distance and is directly proportional to the product of the mass (Wang and Song, 2015).
Position, Inertial Mass, Active Gravitational Mass, and Passive Gravitational Mass are the four parameters that each mass (agent) has in GSA. The position of the mass is specified by the problem's resolution, and a fitness function is used to calculate its gravitational and inertial masses. The algorithm is therefore controlled by the right adjustment of the gravitational and inertial masses, and each mass thus gives a solution. We expect that over time, the largest mass will draw larger masses. This mass will offer the search space's best solution (Sudin, Nawawi, Faiz, Abidin, Rahim, Khalil, Ibrahim and Yusof, 2012).

Foundation of GSA

The law of universal gravitation, which maintains that gravity exists everywhere, is the foundation of GSA. The propensity of masses to move faster toward one another is known as gravitation. The gravitational force has an inverse relationship with the square of the distance and is directly proportional to the product of the mass. This is given as:
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Where the gravitational force [image: image17.png]
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The acceleration of a particle [image: image25.png]


 is proportional to its mass [image: image27.png]


 and gravitational force [image: image29.png]


, and can be computed as follows:
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According to the two equations, all particles in the world are attracted by gravity, with the larger and closer particles having a stronger effect. The gravitational force increases as the distance between the two particles decreases. As a result, such an algorithm will eventually reach an ideal solution (Wang and Song, 2015).
Analysis of GSA

Every mass in the system may see the condition of other masses by using Newtonian gravitational force. The gravitational pull is thus a means of exchanging information between masses (Rashedi et al. 2009). Agents are regarded nal forces in GSA, and each mass in the system can perceive the state of other masses. The gravitational pull is thus a means of exchanging information between masses (Rashedi et al. 2009). Agents are treated like objects in GSA, and their performance is judged by their masses. All of these things are attracted to one other by gravity, generating a worldwide movement of all objects towards the objects with heavier masses. The hefty masses correspond to good problem solutions (Eldos and Al-Qasim, 2013). The agent's position correlates to a problem solution, and its mass is governed by a fitness function. At the end of a specific time period, masses are drawn to the heaviest mass, which would ideally present an optimal solution in the search space. The GSA could be thought of as a separate mass system. It's like a miniature artificial planet with masses obeying Newton's principles of gravitation and motion (Rashedi et al. 2009).

The acceleration induced by the particles' gravitational force causes the particle position update in GSA. Because the size of the particle's acceleration is determined by the value of gravity, the acceleration is considered the search step of the particle position update. The size of the particle influences the GSA convergence rate. The convergence rate of a particle with a distinct mass and gravity is different. As a result, the number of particles and gravity of the GSA must be carefully chosen (Wang and Song, 2015).


The initialization parameter of all population-based optimization algorithms has a significant impact on their performance and ability to optimize. There are two primary processes in GSA, the first of which is calculating the attraction of other particles to themselves and the accompanying acceleration through the gravitational field. The particles' positions must also be updated in relation to the estimated acceleration (Wang and Song, 2015).
The GSA starts with a set of agents (masses) chosen at random or based on some criteria, with specific positions and masses representing possible solutions to a problem, and iterates by changing the positions based on values such as fitness function, velocity, and acceleration, which are updated in each iteration (Rashedi, Nezamabadi-Pour, and Saryazdi, 2009). 
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agent as:

[image: image37.png]


 for [image: image39.png]






Where [image: image41.png]


 represent the position of [image: image43.png]kth



 agent in [image: image45.png]dth



 dimension.


At a time (t), the gravitational force acting on agent [image: image47.png]


 from agent [image: image49.png]


 which is defined as follows:
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is the gravitational constant at a time [image: image56.png]
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 is the active gravitational mass related to agent  [image: image60.png]
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 is the passive gravitational mass related to agent k at a time [image: image66.png]
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The total force acting on mass [image: image78.png]
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 dimension in a given time [image: image82.png]


 is given as:
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 is a random number in the interval [0, 1] and i[image: image88.png]best
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 agents with fitness value.

By the law of motion, the acceleration of the agents [image: image92.png]
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 is the inertia mass of agent k at time [image: image104.png]


.

The next velocity of an agent can be calculated as a fraction of its current velocity added to its acceleration. Therefore, its position and velocity can be calculated as follows:
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Where [image: image110.png]rand,



 is a uniform random variable in the interval [0, 1]. This random number is used to give a randomized characteristic to the search.

Cost Function

As the NSP has been identified as an optimization problem; there is need for cost function to be optimized. More so, the cost function in this research is a measure of the quality of the solution. Though, the choice of the cost function varies from one healthcare centres to another depending on the constraints applied or considered. The research is based on a quadratic cost function for minimizing the request for a particular shift type by nurses so as to get optimum solution.

The cost function used is a function of how well it satisfies the soft constraints which will associate a cost value to the solution. The GSA is used to optimize the parameters which control the cost function. The optimized parameters are used to calculate the new cost value. The cost value is obtained from the weighted sum of the satisfaction of each of the constraints using a quadratic equation shown in equation 3.1. The cost function is to minimize the nurses’ request for a particular shift.
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Table 1: Hard and Soft Constraints

	Constraint
	Description

	HC1
	Each head nurse is assigned to only morning shift

	HC2
	Each nurse is assigned to only a shift per day

	HC3
	The required number of nurses for morning shift should be at least 2 i.e. Morning ≥ 2

	HC4
	The required number of nurses for afternoon shift should be at least 2 i.e. Afternoon = 2

	HC5
	The required number of nurses for night shift should be at least 2 i.e. Night = 2

	HC6
	Nurses’ annual leave is 42 working days in a year

	HC7
	Nurses on Night, Afternoon and 7 off days cannot proceed on AL

	SC1
	Running Shift Nurses request for a particular shift

	SC2
	Nurses request for a particular time for annual leave (AL) in the year


HC- Hard Constraint
SC- Soft Constraint
Results

The result of the implementation of the developed GSA was compared with PSO algorithms using Halstead metric, simulation time (convergence speed) and cost value (computational cost). The value ω (inertia weight) is a random number [0,1], c1 and c2 (acceleration coefficients) are positive constant parameters 1 and 3 respectively, [image: image114.png]
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weights that are randomly generated number [0,1], 23 nurses, 23 for dimension and 100 for both upper and lower bound were used for the GSA and the other algorithms in this work. More so, the cost function used for the GSA, was also used for the other algorithms experimented.

The GSA was compared with PSO algorithms using halstead metrcic as shown in Table 2 with number of distinct operators (n1), number of distinct operands (n2), total number of occurrences of operators (N1), total number of occurrences of operands (N2), lines of codes (LOC), program size (PS), program volume (PV), program effort (PE), intelligent content (IC) and program 
difficulty (PD).
Table 2
Halstead Metric
	HALSTEAD METRIC
	PSO
	GSA

	distinct operators (n1)
	14
	14

	distinct operands (n2)
	342
	334

	N1
	1310
	1307

	N2
	6084
	5969

	Lines of Code
	292
	284

	Program Size
	12551
	12461

	Program Volume
	626.70
	614.31

	Program Effort
	913
	857

	Intelligent Content
	430.27
	440.19

	Program Difficulty
	145.65
	139.56

	Constraint Violation
	0
	0


Simulation Time

Simulation time (ST) is the amount of time it takes for an algorithm to complete and produce a result. The outcome was created by adjusting the number of iterations and particles. Table 3 shows the ST(s) values of the four algorithms compared at different iterations ranging from 10-100 with an interval of 10 using 20 particles and 23 numbers of nurses all through. Table 4 shows the ST(s) values of the four algorithms compared using different number of particles ranging from 5-50 with an interval of 5 using 50 number of iteration and 23 numbers of nurses throughout.

Table 3
Simulation Time(s) using 20 Particles

	ITERATIONS
	PSO(sec)
	GSA(sec)

	10
	2.47
	1.92

	20
	2.94
	2.44

	30
	3.56
	2.81

	40
	4.46
	3.19

	50
	5.57
	3.50

	60
	6.96
	4.26

	70
	9.51
	6.68

	80
	11.79
	7.37

	90
	13.66
	8.84

	100
	14.33
	10.96


Table 4
Simulation Time(s) using 50 Iterations

	PARTICLES
	PSO (sec)
	GSA(sec)

	5
	1.26
	0.42

	10
	1.27
	0.55

	15
	1.60
	0.62

	20
	2.09
	1.07

	25
	2.45
	1.36

	30
	2.87
	1.37

	35
	3.29
	3.05

	40
	3.66
	3.46

	45
	3.95
	3.68

	50
	4.08
	4.02


Cost Value

The cost function yields the cost value. The outcome was created by adjusting the amount of iterations and particles. Table 5 shows the cost values of the four algorithms compared at different iterations ranging from 10-100 with interval of 10 using 20 particles and 23 numbers of nurses all through. Table 6 shows the cost values of the four algorithms compared using different number of particles ranging from 5-50 with an interval of 5 using 50 number of iterations and 23 numbers of nurses throughout.

Table 5
Cost Value using 20 Particles

	ITERATIONS
	PSO
	GSA

	10
	4.96
	2.68

	20
	4.04
	2.47

	30
	3.84
	2.44

	40
	3.65
	2.42

	50
	3.49
	2.33

	60
	3.44
	2.29

	70
	3.23
	2.18

	80
	3.17
	2.16

	90
	2.70
	2.12

	100
	2.07
	2.02


Table 6
Cost Value using 50 Iterations

	PARTICLES
	PSO
	GSA

	5
	4.40
	2.79

	10
	3.93
	2.66

	15
	3.89
	2.57

	20
	3.85
	2.53

	25
	3.40
	2.51

	30
	3.38
	2.48

	35
	3.03
	2.43

	40
	2.79
	2.40

	45
	2.48
	2.02

	50
	2.21
	1.91


Table 3 presented the result of simulation time using 20 particles or agents and number of iterations ranging from 10 to 100 with 23 nurses. GSA completes the schedule faster in 1.92s with 20 agents and 10 iterations. Table 4 presented the result of simulation time using 50 iterations and number of 20 particles or agents ranging from 5 to 50 with 23 nurses. GSA completes the schedule faster in 0.42s with 5 agents and 50 iterations.
However, the cost values of the algorithms decrease as the number of iteration and particles or agent increases. Table 5 presented the result of cost value of the four algorithms using 20 particles or agents and number of iterations ranging from 10 to 100 with 23 nurses, GSA has the least cost value. When the particle or agent is 20 and iteration is 100, the cost value is 2.02 for GSA compared to the PSO with 2.07. Table 6 presented the result of cost value of the three algorithms using 50 iterations and number of particles or agents ranging from 5 to 50 with 23 nurses, GSA has the least cost value. When the particle or agent is 50 and iteration is 50, the least value is 1.91 compared to PSO with 2.21. This shows that the developed GSA is computationally inexpensive.

Conclusion

The GSA developed, produced a feasible nursing schedule at the most reasonable computational cost value of 0.10 with high intelligence and less effort, volume, difficulty and reasonable convergence speed, thereby making an effective nursing schedule that will ease the administrators from stress usually encountered manually as the time spent in preparing the schedule will be drastically reduced.
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