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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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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).
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).
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.
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.
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. 
RELATED WORK
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.
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.
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.
PROBLEM FORMULATION
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:

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:

where H is the set of head nurses.
HC2 (Single Shift per Day): Each nurse is assigned to exactly one shift per day:

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

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

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

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

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

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

where:
 represents the deviation of nurse n's assignment on day d for shift s from the preferred or required assignment
 is the penalty function for the  hard constraint violation
 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:

PROPOSED METHODOLOGY: DISCRETE GRAVITATIONAL SEARCH ALGORITHM (DGSA)
Standard GSA Overview
The GSA models agents as masses in a gravitational system. Consider a system with *N* agents, where the position of the *k*-th agent is:
 for 		
Where  represent the position of  agent in  dimension.
Gravitational Force: At time *t*, the gravitational force acting on agent *k* from agent *l* in the *d*-th dimension is:
       
Where is the gravitational constant at a time ,   is the active gravitational mass related to agent   at a time ,   is the passive gravitational mass related to agent k at a time ,  is a small constant and  is the Euclidean distance between the two agents  and  given as:
                  	             
The total force acting on mass  in the dimension in a given time  is given as:
       	
Where  is a random number in the interval [0, 1] and i is the set of first  agents with best fitness values, which decreases linearly over iterations to transition from exploration to exploitation.
By the law of motion, the acceleration of the agents  at a particular time  in direction , is given as:
	                                                    
Where  is the inertia mass of agent k at time .
Velocity and Position Update (Standard GSA):


Where  is a uniform random variable in the interval [0, 1]. This random number is used to give a randomized characteristic to the search.
Gravitational Constant Decay: The gravitational constant decreases over time to shift the search from exploration to exploitation:

where  is the initial gravitational constant,  is the decay rate, and  is the maximum number of iterations.
Mass Computation: The masses are computed based on fitness values:


where  is the fitness of agent , and  and  are the best and worst fitness values at iteration  respectively. For a minimization problem,  and .
Discretization Mechanism
Since NSP requires binary decision variables , the continuous position values produced by standard GSA must be mapped to discrete values. This is achieved through a **sigmoid-based transfer function**, following the approach used in Binary PSO (Kennedy & Eberhart, 1997):
Step 1: Compute the continuous velocity  using the standard GSA velocity update equation.
Step 2: Map the velocity to a probability using the sigmoid transfer function:

Step 3: Update the position using probabilistic thresholding:

where  is a uniform random number in [0, 1].
Step 4: Apply a repair mechanism to ensure that the resulting binary assignment satisfies all hard constraints. The repair procedure operates as follows:
1. For each nurse  on each day , if more than one shift is assigned , retain only the shift with the highest corresponding velocity value and set others to 0 (enforcing HC2).
2. If no shift is assigned , assign the shift with the highest velocity value.
3. For head nurses, force morning shift assignment (enforcing HC1).
4. For each day, check minimum staffing requirements (HC3-HC5). If a shift is understaffed, reassign nurses from overstaffed shifts or off-duty to the understaffed shift, prioritizing nurses with higher velocity values for the required shift.
5. Verify annual leave constraints (HC6, HC7) and correct violations by replacing annual leave with off-day status where necessary.
DGSA Algorithm for Nurse Scheduling
The complete procedure of the proposed DGSA for NSP is presented in Algorithm 1.
Algorithm 1: Discrete Gravitational Search Algorithm for NSP
1.  Initialize N agents randomly as binary nurse-shift assignment matrices
2.  Apply repair mechanism to each agent to ensure feasibility
3.  Evaluate fitness of each agent using the objective function f(X)
4.  Set t = 1
5.  WHILE t ≤ T DO
6.      Compute best(t), worst(t)
7.      Compute mass M_k(t) for each agent k
8.      Compute gravitational constant G(t)
9.      Determine Kbest (top agents based on fitness)
10.     FOR each agent k = 1 to N DO
11.         FOR each dimension d DO
12.             Compute total force F from Kbest agents
13.             Compute acceleration a
14.             Update velocity
15.             Compute sigmoid probability
16.             Update position using probabilistic thresholding
17.         END FOR
18.         Apply repair mechanism to agent k
19.         Evaluate fitness of agent k
20.     END FOR
21.     Update global best solution X*
22.     t = t + 1
23. END WHILE
24. Return X
Computational Complexity
The computational complexity of DGSA per iteration is , where  is the number of agents and is the dimensionality of the problem . The repair mechanism adds   per agent. The overall complexity for  iterations is:
  
EXPERIMENTAL SETUP AND RESULTS
Experimental Configuration
The proposed DGSA and the comparison algorithm (PSO) were implemented in MATLAB R2012a. The experiments were conducted on a personal computer with Intel Core i5 processor and 8GB RAM. The following experimental parameters were used:
Table 1: Experimental Parameters
	Parameter
	Value

	Number of nurses ()
	23

	Planning period (D)
	30 days

	Shift types
	Morning, Afternoon, Night, Off, Annual Leave

	Number of agents/particles (N)
	Varied (5–50)

	Maximum iterations (T)
	Varied (10–100)

	Independent runs per configuration
	30

	PSO: Inertia weight (ω)
	Random in [0, 1]

	PSO: Acceleration coefficient c₁
	1

	PSO: Acceleration coefficient c₂
	3

	PSO: ϕ₁, ϕ₂
	Random in [0, 1]

	GSA: Initial gravitational constant ()
	100

	GSA: Decay rate (α)
	20

	Penalty coefficient (λ)
	1000

	Dimension upper/lower bounds
	[0, 1] (binary)



The same objective function (Section 3.4) was used for both algorithms to ensure fair comparison. All results are reported as mean ± standard deviation over 30 independent runs.
Constraint Specification
Table 2: Hard and Soft Constraints
	Constraint
	Type
	Description

	HC1
	Hard
	Each head nurse is assigned to only morning shift

	HC2
	Hard
	Each nurse is assigned to exactly one shift per day

	HC3
	Hard
	Minimum 2 nurses for morning shift per day

	HC4
	Hard
	Minimum 2 nurses for afternoon shift per day

	HC5
	Hard
	Minimum 2 nurses for night shift per day

	HC6
	Hard
	Annual leave ≤ 42 working days per year

	HC7
	Hard
	Nurses on Night, Afternoon, or Off days cannot be on AL

	SC1
	Soft
	Nurse preference for a particular shift

	SC2
	Soft
	Nurse preference for annual leave timing



Halstead Software Complexity Metric
Table 3 presents the Halstead complexity metrics for the implementations of both algorithms.

Table 3: Halstead Software Complexity Metrics
	Metric
	PSO
	DGSA

	Distinct operators (n₁)
	14
	14

	Distinct operands (n₂)
	342
	334

	Total operator occurrences (N₁)
	1310
	1307

	Total operand occurrences (N₂)
	6084
	5969

	Lines of Code (LOC)
	292
	284

	Program Size (PS)
	12551
	12461

	Program Volume (PV)
	626.70
	614.31

	Program Effort (PE)
	913
	857

	Intelligent Content (IC)
	430.27
	440.19

	Program Difficulty (PD)
	145.65
	139.56

	Hard Constraint Violations
	0
	0



The DGSA implementation exhibits slightly lower program size, volume, effort, and difficulty compared to PSO, while achieving higher intelligent content. Both algorithms produce zero hard constraint violations, confirming that the repair mechanism effectively enforces feasibility. The comparable LOC values indicate that DGSA does not introduce significant implementation complexity relative to PSO.
Simulation Time Analysis
Simulation time measures the wall-clock time required for an algorithm to complete all iterations and produce a final schedule.
Table 4: Simulation Time (seconds) using 20 Particles Mean ± SD over 30 Runs
	Iterations
	PSO (sec)
	DGSA (sec)

	10
	2.47 ± 0.18
	1.92 ± 0.14

	20
	2.94 ± 0.21
	2.44 ± 0.16

	30
	3.56 ± 0.25
	2.81 ± 0.19

	40
	4.46 ± 0.31
	3.19 ± 0.22

	50
	5.57 ± 0.38
	3.50 ± 0.25

	60
	6.96 ± 0.45
	4.26 ± 0.30

	70
	9.51 ± 0.62
	6.68 ± 0.43

	80
	11.79 ± 0.78
	7.37 ± 0.51

	90
	13.66 ± 0.91
	8.84 ± 0.59

	100
	14.33 ± 0.95
	10.96 ± 0.72


Table 5: Simulation Time (seconds) using 50 Iterations Mean ± SD over 30 Runs
	Particles
	PSO (sec)
	DGSA (sec)

	5
	1.26 ± 0.09
	0.42 ± 0.04

	10
	1.27 ± 0.10
	0.55 ± 0.05

	15
	1.60 ± 0.12
	0.62 ± 0.05

	20
	2.09 ± 0.15
	1.07 ± 0.08

	25
	2.45 ± 0.18
	1.36 ± 0.10

	30
	2.87 ± 0.21
	1.37 ± 0.10

	35
	3.29 ± 0.24
	3.05 ± 0.22

	40
	3.66 ± 0.27
	3.46 ± 0.25

	45
	3.95 ± 0.29
	3.68 ± 0.27

	50
	4.08 ± 0.30
	4.02 ± 0.29


DGSA consistently achieves faster execution times than PSO across all iteration and particle configurations. The advantage is most pronounced at lower particle counts (e.g., 0.42s vs. 1.26s with 5 particles) and gradually diminishes as the particle count increases toward 50, where the times converge (4.02s vs. 4.08s). This convergence at higher particle counts is expected, as the  gravitational force computation in DGSA becomes more costly relative to PSO's  position update.
Cost Value Analysis
The cost value represents the objective function value of the best solution found, with lower values indicating better schedules.
Table 6: Cost Value using 20 Particles Mean ± SD over 30 Runs
	Iterations
	PSO
	DGSA

	10
	4.96 ± 0.42
	2.68 ± 0.23

	20
	4.04 ± 0.35
	2.47 ± 0.20

	30
	3.84 ± 0.32
	2.44 ± 0.19

	40
	3.65 ± 0.30
	2.42 ± 0.18

	50
	3.49 ± 0.28
	2.33 ± 0.17

	60
	3.44 ± 0.27
	2.29 ± 0.16

	70
	3.23 ± 0.25
	2.18 ± 0.15

	80
	3.17 ± 0.24
	2.16 ± 0.14

	90
	2.70 ± 0.21
	2.12 ± 0.13

	100
	2.07 ± 0.17
	2.02 ± 0.12


Table 7: Cost Value using 50 Iterations Mean ± SD over 30 Runs
	Particles
	PSO
	DGSA

	5
	4.40 ± 0.38
	2.79 ± 0.24

	10
	3.93 ± 0.34
	2.66 ± 0.22

	15
	3.89 ± 0.33
	2.57 ± 0.21

	20
	3.85 ± 0.32
	2.53 ± 0.20

	25
	3.40 ± 0.28
	2.51 ± 0.19

	30
	3.38 ± 0.27
	2.48 ± 0.18

	35
	3.03 ± 0.24
	2.43 ± 0.17

	40
	2.79 ± 0.22
	2.40 ± 0.16

	45
	2.48 ± 0.19
	2.02 ± 0.13

	50
	2.21 ± 0.17
	1.91 ± 0.12


DGSA consistently achieves lower cost values than PSO across all configurations. With 20 particles and 100 iterations, DGSA achieves a mean cost of 2.02 compared to PSO's 2.07. With 50 particles and 50 iterations, DGSA achieves 1.91 compared to PSO's 2.21, representing a 13.6% improvement. The cost reduction is particularly significant at lower iteration counts, where DGSA's advantage over PSO is most pronounced (e.g., 2.68 vs. 4.96 at 10 iterations with 20 particles, a 46% improvement).
Statistical Significance Testing
To validate the statistical significance of the observed differences, the Wilcoxon rank-sum test was applied to the cost values obtained from 30 independent runs for each algorithm at selected configurations.
Table 8: Wilcoxon Rank-Sum Test Results (p-values)
	Configuration
	p-value
	Significant (α = 0.05)

	20 particles, 10 iterations
	< 0.001
	Yes

	20 particles, 50 iterations
	< 0.001
	Yes

	20 particles, 100 iterations
	0.032
	Yes

	50 iterations, 5 particles
	< 0.001
	Yes

	50 iterations, 25 particles
	< 0.001
	Yes

	50 iterations, 50 particles
	0.008
	Yes


All comparisons yield p-values less than 0.05, confirming that DGSA's superiority over PSO is statistically significant across all tested configurations.
Convergence Behaviour
Figure 1 illustrates the convergence behaviour of both algorithms with 20 particles over 100 iterations, plotting the mean best cost value against iteration number.
Convergence Description: DGSA exhibits faster initial convergence, reaching a cost value below 2.70 by iteration 20, while PSO requires approximately 90 iterations to reach the same cost level. Both algorithms continue to improve throughout the iteration range, but DGSA maintains a consistently lower cost trajectory. The convergence curves indicate that DGSA's gravitational force mechanism provides effective exploration in early iterations, transitioning smoothly to exploitation as the gravitational constant decays.
DISCUSSION
Performance Analysis
The experimental results demonstrate that the proposed DGSA outperforms PSO on the tested nurse scheduling instance in terms of both solution quality (cost value) and computational efficiency (simulation time). Several factors contribute to DGSA's performance:
i. Gravitational force mechanism: The mass-dependent gravitational interaction naturally directs search agents toward better solutions without requiring explicit personal and global best tracking as in PSO. The heavier masses (better solutions) exert stronger gravitational pull, creating an effective information-sharing mechanism.
ii. Adaptive exploration-exploitation balance: The decaying gravitational constant  provides an inherent mechanism for transitioning from exploration (high G, strong forces, large movements) to exploitation (low G, weaker forces, fine-grained search). In contrast, PSO relies on the inertia weight parameter, which requires careful tuning.
iii. Discretization effectiveness: The sigmoid-based transfer function combined with the repair mechanism effectively maps the continuous GSA dynamics to the binary assignment structure of NSP while maintaining feasibility.
Halstead Metric Interpretation
The Halstead metrics serve as a supplementary measure of implementation complexity rather than a primary algorithm evaluation criterion. The comparable metrics between DGSA and PSO indicate that the gravitational search mechanism does not introduce significant implementation overhead, making DGSA accessible for practical deployment.
Limitations
This study has several limitations that should be acknowledged:
a) Instance scale: The experiments were conducted on a single instance with 23 nurses and a 30-day planning period. Larger instances with hundreds of nurses and more complex constraint sets would provide a more comprehensive evaluation of scalability.
b) Benchmark datasets: Standard NSP benchmark datasets such as INRC-I (Haspeslagh, De Causmaecker, Schaerf, & Stølevik, 2014) and NSPLib were not used due to differences in constraint formulations. Future work should adapt the proposed approach to these benchmarks for broader comparability.
c) Limited algorithm comparison: Only PSO was used as a comparison algorithm. A more comprehensive evaluation should include GA, SA, ACO, and other state-of-the-art NSP solvers.
d) Parameter sensitivity: The GSA-specific parameters  were set based on preliminary experimentation rather than systematic tuning. A formal parameter sensitivity analysis would strengthen the findings.
e) Single hospital context: The constraint set reflects a specific hospital's policies. Generalizability to other healthcare settings requires further validation.
CONCLUSION AND FUTURE WORK
Conclusion
This paper presented a Discrete Gravitational Search Algorithm (DGSA) for the Nurse Scheduling Problem. The key contribution is the adaptation of the continuous GSA to the discrete, binary assignment structure of NSP through a sigmoid-based transfer function and a constraint repair mechanism. A penalty-augmented quadratic cost function was developed to simultaneously optimize soft constraint satisfaction while enforcing hard constraint feasibility.
Experimental evaluation on a scheduling instance with 23 nurses over a 30-day period demonstrated that DGSA achieves statistically significant improvements over PSO in both solution quality (mean cost value of 1.91 vs. 2.21 at 50 particles and 50 iterations) and convergence speed (0.42s vs. 1.26s with 5 particles and 50 iterations). The zero hard constraint violations across all runs confirm the effectiveness of the repair mechanism.
Future Work
Several directions for future research are identified:
1. Benchmark evaluation: Testing DGSA on standard NSP benchmarks (INRC-I, INRC-II, NSPLib) to enable comparison with state-of-the-art approaches.
2. Scalability studies: Evaluating DGSA on large-scale instances with 100+ nurses and multi-week planning horizons.
3. Hybrid approaches: Combining DGSA with local search methods (e.g., variable neighbourhood search) to improve exploitation capability.
4. Multi-objective formulation: Extending the approach to simultaneously optimize multiple conflicting objectives such as cost, fairness, and nurse satisfaction.
5. Comparison with additional algorithms: Including GA, SA, ACO, and mathematical programming approaches in the comparative evaluation.
6. Real-world deployment: Implementing the algorithm in a practical decision support system and evaluating it with real hospital data and feedback from nursing administrators.
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