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1. Introduction 

Healthcare systems operate under increasing pressure due to rising service demand, workforce 
shortages, and the need to maintain high standards of safety and care quality [1], [2]. Effective workforce 
planning is therefore critical, as staffing decisions directly affect service continuity, patient safety, and 
staff well-being [1], [3]. Nurse scheduling represents a core operational task, requiring hospitals to assign 
nurses to shifts while complying with legal regulations, coverage requirements, and workforce policies 
[1], [2]. The Nurse Scheduling Problem (NSP) involves the simultaneous satisfaction of mandatory 
feasibility constraints and preference-driven quality considerations. Hard constraints such as staffing 
coverage, minimum working hours, rest requirements, and role-dependent rules must be strictly 
enforced to ensure operational viability, while soft constraints related to workload balance, fairness, and 
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 The Nurse Scheduling Problem (NSP) is a complex workforce planning 
task that involves assigning nurses to shifts while satisfying operational 
feasibility, legal regulations, and preference-based quality requirements. 
Classical Genetic Algorithms (GA) are widely applied to NSP but rely on 
monolithic optimization structures that evaluate all constraints within a 
single population, which can lead to constraint interference and reduced 
stability as problem realism increases. This study investigates a Cooperative 
Co-Evolutionary approach for NSP (Coop-NSP), which decomposes 
optimization into two interacting subpopulations corresponding to hard 
and soft constraints. Both subpopulations employ an identical nurse-by-
day chromosome representation and evolve independently under specialized 
objectives, with cooperation introduced through contextual fitness 
evaluation. Experiments were conducted on a weekly NSP with a seven-day 
planning horizon and multiple nurse roles, evaluated for 15,000 generations 
across 30 independent runs under identical parameter settings. The 
Classical GA achieved a mean best penalty of 651.30 ± 37.90, with a 
minimum best penalty of 581.7, while Coop-NSP obtained a higher mean 
best penalty of 768.72 but achieved a lower minimum best penalty of 
507.64. The Classical GA exhibited rapid convergence, whereas Coop-NSP 
demonstrated stepwise convergence with sustained population diversity. 
Although Coop-NSP incurred higher computational cost, its structured 
cooperative optimization framework provides a stable and extensible 
foundation for future integrated healthcare scheduling research.  
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This is an open access article under the CC–BY-SA license. 
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individual preferences are increasingly emphasized to support staff satisfaction and long-term 
sustainability [1], [2], [4].  

The interaction between these constraint types results in a highly coupled optimization problem, 
where improvements in one aspect of the schedule may negatively affect another [5], [6]. NSP is widely 
recognized as an NP-hard problem that cannot be solved optimally at realistic scales using exact methods 
alone [5]. Early studies employed mathematical programming and exact optimization techniques to 
model staffing coverage and regulatory constraints [7], [8]. While effective for small instances, these 
approaches scale poorly as problem size and constraint coupling increase. Consequently, heuristic and 
metaheuristic approaches have become dominant in NSP research, offering scalable alternatives capable 
of handling large solution spaces and complex constraint structures [5], [9]. 

Genetic Algorithms (GA) and their variants are among the most widely adopted metaheuristics for 
NSP. GA-based approaches typically encode a complete roster as a chromosome and evaluate solutions 
using penalty-based fitness functions that aggregate hard and soft constraint violations [10], [11], [12]. 
Numerous studies report that GA can generate feasible and high-quality schedules, particularly when 
enhanced with problem-specific operators, repair mechanisms, or hybrid local search strategies [13], 
[14], [15], [16], [17]. However, most GA-based NSP models rely on a single monolithic optimization 
structure, where feasibility and schedule quality are optimized simultaneously within one population [5], 
[6]. As constraint realism increases, this design can lead to constraint interference, sensitivity to penalty 
calibration, and reduced population diversity after feasibility is achieved [9], [18], [19].  

This limitation arises because feasibility enforcement and schedule quality improvement are 
simultaneously driven within a single population, causing competing optimization pressures to interfere 
with each other. As a result, improvements in soft constraint satisfaction may lead to violations of hard 
constraints, while strict feasibility enforcement may restrict further refinement of schedule quality. This 
coupling reduces the stability of the evolutionary process and limits the algorithm’s ability to maintain 
diverse yet feasible solutions, particularly under complex constraint structures. Beyond nurse rostering, 
healthcare scheduling research increasingly highlights interdependencies with other operational planning 
problems, including patient admission scheduling and operating room management [20]-[22].  

Patient admission scheduling studies address uncertainty in arrivals, length of stay, and resource 
availability using mixed-integer programming, fuzzy decision models, evolutionary optimization, and 
robust heuristics [7], [8], [20]-[24]. Similarly, operating room and surgical scheduling research focuses 
on uncertainty in surgery durations, downstream ward capacity, and emergency disruptions, often 
employing robust optimization, hybrid metaheuristics, reinforcement learning, and decomposition-based 
approaches [22]-[26]. Recent works emphasize integrated scheduling across healthcare layers, 
demonstrating that decisions in one layer can significantly affect feasibility and performance in others 
[27]-[31]. 

In this context, Cooperative Coevolutionary Algorithms have emerged as a promising paradigm for 
complex optimization problems characterized by interacting subcomponents. Instead of evolving a single 
population to optimize all objectives simultaneously, cooperative coevolution decomposes the problem 
into multiple subpopulations that evolve under specialized objectives while cooperating through 
contextual fitness evaluation [32], [33]. Surveys and recent studies report successful applications of 
cooperative coevolution in large-scale optimization, multi-objective scheduling, and uncertainty-aware 
problems, particularly in workflow scheduling and distributed systems [32]-[36]. Nevertheless, its 
application to NSP remains relatively limited compared to classical GA-based approaches [5], [6], [13].  

Compared to existing NSP approaches, most studies focus on enhancing monolithic optimization 
frameworks through hybridization, local search, or adaptive penalty mechanisms. While these methods 
improve solution quality and convergence speed, they generally do not address the underlying structural 
limitation of competing constraint objectives within a single population. In contrast, the proposed 
cooperative approach introduces a fundamentally different optimization structure by decoupling 
feasibility and quality objectives into interacting subpopulations, enabling more stable and modular 
optimization behavior. Based on the reviewed literature, three research gaps are identified. First, existing 
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NSP metaheuristics often struggle with constraint interference as realism and preference complexity 
increase under monolithic penalty-based optimization [5], [6], [18].  

Although hybrid and memetic methods enhance local search capability and convergence speed, they 
typically operate within a single evolving population, where feasibility enforcement and solution 
refinement compete within the same optimization process. Second, integrated healthcare scheduling 
highlights the need for structured yet cooperative optimization algorithms capable of managing 
interdependent decision layers without destabilizing feasibility [20], [27], [29], [31]. Third, the 
convergence behavior and population-level stability of cooperative coevolution in NSP settings remain 
underexplored under controlled experimental conditions [32], [33], [34], [35], [36]. This study addresses 
these gaps by proposing and evaluating a cooperative coevolutionary approach for NSP that separates 
feasibility-driven and quality-driven optimization into interacting subpopulations while maintaining a 
unified solution representation. By employing contextual cooperative evaluation, the proposed approach 
enables controlled interaction between subpopulations through fitness evaluation without direct 
chromosome exchange, aiming to maintain feasibility, preserve structured diversity, and provide a 
foundation for future extensions toward integrated healthcare scheduling problems. The main novelty 
of this work lies in the contextual cooperative evaluation strategy, which allows independent 
optimization processes to interact without disrupting solution structure, thereby reducing constraint 
interference and improving optimization stability. This design also provides a structured and extensible 
foundation for future integration with other healthcare scheduling components, such as operating 
theatre and patient admission scheduling. 

2. Method 

2.1. Problem Formulation 

This subsection presents the mathematical formulation of the NSP considered in this study. The 
problem definition is first introduced, followed by the hard constraints that ensure feasibility and the 
soft constraints that capture schedule quality. Finally, the objective function used in both the Classical 
GA and the proposed Coop-NSP approach is defined. 

2.1.1. Nurse Scheduling Mode and Schedule Representation 
Let 𝑁 = {1,2,3, . . . 𝑛} denote the set of nurses and 𝐷 = {1,2,3. . . 𝑑} denote the set of days in the 

planning horizon starting from Monday to Sunday. Let 𝑆 = {0,1,2,3,4} represent the set of working 
shifts, where 0,1,2,3,4 indicated morning (AM), afternoon (PM), night (N), post-night (PN), and off 
shift, respectively. The post-night (PN) shift represents mandatory recovery time following a night shift 
and is included explicitly in the shift set to ensure compliance with hospital labour regulations and 
fatigue management policies. Each nurse may be assigned at most one shift per day, including the OFF 
shift, thereby preventing overlapping or conflicting duties. This assumption reflects standard rostering 
practice in hospital environments and simplifies feasibility checking at the gene level. The nursing 
workforce is categorized into three role-based subsets: sister nurses 𝑁𝑠, senior nurses 𝑁𝑠𝑒𝑛, and 
healthcare assistants 𝑁ℎ𝑎(HCA).  

These role distinctions are essential for modelling coverage requirements and role-dependent 
constraints, as different nurse categories are subject to different operational rules and responsibilities. A 
binary decision variable is defined as: 𝑥𝑛,𝑑,𝑠 = 1,  if nurse 𝑛, assigned to shift 𝑠 on day 𝑑. While  0,  if 

assigned otherwise. A complete schedule is represented as a three-dimensional nurse, day, shift 
assignment structure. In both the Classical GA and the proposed cooperative approach, a chromosome 
encodes a full weekly roster using a nurse-by-day representation, where each gene specifies the shift 
assigned to a nurse on a given day. Each gene takes one of the allowed shift values, resulting in a 
consistent and interpretable encoding that directly mirrors practical nurse rosters. Fig. 1 illustrates the 
chromosome structure for a single nurse over a seven-day planning horizon, which is extended across all 
nurses to form a complete weekly roster. 

This nurse-by-day representation provides a compact yet expressive structure for capturing role-based 
coverage requirements, working-hour regulations, and night-to-post-night sequencing constraints. By 
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associating each gene with a single nurse-day assignment, constraint violations can be detected and 
penalized locally, supporting stable evolutionary search behavior. 

 

Fig. 1. Chromosome representation for a weekly schedule, where each gene denotes a nurse’s shift assignment. 

2.1.2. Hard and Soft Constraints 
The Nurse Scheduling Problem considers both hard and soft constraints. Hard constraints represent 

mandatory requirements derived from hospital regulations and workforce policies, where any violation 
results in an infeasible schedule. Soft constraints reflect preference and quality aspects, such as workload 
balance and fairness, which improve schedule quality but are not strictly required. To prioritize feasibility, 
hard constraint violations are assigned significantly higher penalty weights than soft constraints. The 
complete set of constraints and their corresponding penalty values for both the Classical GA and Coop-
NSP are summarized in Table 1. 

Table 1.  Hard Constraints Used in Classical and Cooperative NSP. 

ID Constraint Description Penalty  
HC1 Shift coverage: For each day, each shift, must have at least one senior nurse and one HCA 700 

HC2 
OFF-day assignment: Sister must be OFF on both weekend days (Saturday and Sunday); 

Senior nurses and HCAs must have exactly one OFF day per week. 
600 

HC3 Minimum weekly working hours: Each nurse must work at least 40 hours per week. 300 

HC4 
Night  to post-night: Any night shift (N) must be followed by a post-night (PN) shift on 

the following day. 
18 

SC1 Sister shift preference: Sister nurses should work only AM or PM shifts on weekdays. 30 
SC2 Role balance constraint: Each shift best have minimum two Senior Nurse and two HCA. 55 

SC3 
Preferred weekly working hours: Weekly working hours for each nurse should lie within the 

preferred range of 47–52 hours. 
20 

SC4 
Night shift distribution: Senior nurses and HCAs should be assigned at least one night shift 

per week. 
15 

The penalty weights were determined through preliminary tuning to achieve a balance between 
feasibility enforcement and solution quality. During early generations, limited violations may occur to 
maintain diversity. However, the evolutionary process progressively favors solutions with fewer hard 
constraint violations, guiding the population toward feasible schedules before refining quality through 
soft constraints. 

2.1.3. Objective Function 
The Cooperative Nurse Scheduling Problem is formulated using a contextual cooperative objective 

function involving two interacting subpopulations. Both subpopulations encode complete weekly nurse 
schedules using the same chromosome representation. However, each subpopulation is optimized under 
a specialized objective aligned with either feasibility or schedule quality. The first subpopulation focuses 
on minimizing hard constraint violations and is evaluated using the hard constraint penalty function 
𝐻𝐶(𝐻𝑖), where 𝐻𝑖 denotes a schedule from the hard constraint subpopulation. The second 
subpopulation focuses on minimising soft constraint penalties and is evaluated using the soft constraint 
penalty function 𝑆𝐶(𝑆𝑗), where 𝑆𝑗 denotes a schedule from the soft constraint subpopulation. 

Cooperation between the two subpopulations is incorporated through contextual fitness evaluation, as 
defined in the following equations. 

𝐹(𝐻𝑖) = 𝐻𝐶(𝐻𝑖) + 𝑆𝐶(𝑆𝑏𝑒𝑠𝑡)  () 

𝐹(𝑆𝑗) = 𝐻𝐶(𝐻𝑏𝑒𝑠𝑡) + 𝑆𝐶(𝑆𝑗)  () 
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where 𝐻𝑏𝑒𝑠𝑡 and 𝑆𝑏𝑒𝑠𝑡 denote the best-performing individuals from the hard and soft subpopulations, 
respectively, based on their specialised objectives. At each generation, the final realised schedule is 
obtained by pairing 𝐻𝑏𝑒𝑠𝑡 and 𝑆𝑏𝑒𝑠𝑡and evaluating the combined penalty: 

𝐹(𝑥) = 𝐻𝐶(𝑥) + 𝑆𝐶(𝑥)  () 

This formulation enables feasibility and schedule quality to be optimized under specialized objectives 
while maintaining global consistency through cooperative interaction. 

2.2. Proposed Algorithm 

This section describes the optimization approaches used to solve the NSP, including a Classical 
Genetic Algorithm (GA) and the proposed Cooperative Nurse Scheduling (Coop-NSP). Both 
approaches employ identical genetic operators and parameter settings to ensure a fair comparison. 

2.2.1. Classical Genetic Algorithm 
The Classical Genetic Algorithm (GA) serves as a baseline method using a single population. Each 

chromosome is evaluated using the unified objective function in Equation (3), which combines both 
hard and soft constraint penalties. Standard genetic operators, including tournament selection, one-
point crossover, and mutation, are applied. 

2.2.2. Cooperative Nurse Scheduling (Proposed) 
The proposed Cooperative Co-Evolutionary Nurse Scheduling Problem (Coop-NSP), which 

decomposes the optimization process into two interacting subpopulations corresponding to hard and 
soft constraints. The approach separates feasibility-driven and quality-driven objectives into two 
independently evolving subpopulations. The hard-constraint subpopulation focuses on minimizing 
feasibility violations, while the soft-constraint subpopulation focuses on improving schedule quality. 
Both subpopulations evolve independently using standard genetic operators. Each subpopulation evolves 
independently using standard genetic operators, including selection, crossover, and mutation, with no 
chromosome exchange between subpopulations. As shown in Pseudocode 1, cooperation is introduced 
solely during fitness evaluation through a contextual evaluation mechanism. Individuals from one 
subpopulation are evaluated in the context of the current best solution from the complementary 
subpopulation, ensuring global schedule consistency while maintaining independent optimization 
processes. Through this mechanism, improvements in one subpopulation influence the evolutionary 
pressure in the other only when compatible solutions emerge, promoting gradual alignment between 
feasibility-oriented and quality-oriented objectives over successive generations. 

Pseudocode 1 Cooperative Co-Evolutionary NSP 

Initialize hard population 𝑥 

Initialize soft population 𝑦 

Evaluate 𝐻𝐶(𝐻𝑖) for all 𝐻𝑖 ∈ 𝑋 
Evaluate 𝑆𝐶(𝑆𝑗) for all 𝑆𝑗 ∈ 𝑌 

For generation = 1 to MAX_GEN do 

    Evolve hard subpopulation using hard penalties 

    Evolve soft subpopulation  using soft penalties 

    Identify best hard chromosome 𝐻𝑏𝑒𝑠𝑡 
    Identify best soft chromosome 𝑆𝑏𝑒𝑠𝑡 

    Evaluate cooperative fitness: 
         For each hard chromosome, 𝐻𝑖: 
              𝐹(𝐻𝑖) = 𝐻𝐶(𝐻𝑖) + 𝑆𝐶(𝑆𝑏𝑒𝑠𝑡) 
         For each soft chromosome, 𝑆𝑗: 
              𝐹(𝑆𝑗) = 𝐻𝐶(𝐻𝑏𝑒𝑠𝑡) + 𝑆𝐶(𝑆𝑗) 
    Evaluate final combined schedule: 
              𝐹(𝑥)  = 𝐻𝐶(𝑥) + 𝑆𝐶(𝑥) 

    Record best and average cooperative penalty 

end for 

In this cooperative framework, collaborator selection is performed using a deterministic strategy in 
which the current best-performing chromosome from the complementary subpopulation is selected as 
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the representative collaborator during evaluation. This ensures a stable and consistent reference for 
fitness assessment across generations. The cooperation mechanism is intentionally maintained in a 
structured and non-adaptive manner, where interaction occurs only through contextual fitness 
evaluation rather than dynamic parameter adjustment or chromosome exchange. This design avoids 
additional computational overhead while preserving convergence stability and interpretability of the 
optimization process. The cooperative optimization strategy is motivated by prior work on cooperative 
and decomposition-based evolutionary algorithms applied to complex scheduling and optimization 
problems. Cooperative coevolution has demonstrated improved scalability and stability in environments 
with interacting decision components, including large-scale optimization, workflow scheduling and 
distributed systems [37], [38].  

Extensions incorporating diversity preservation, cluster-based decomposition, and hybrid 
evolutionary mechanisms further support the effectiveness of cooperative algorithms under uncertainty 
[39], [40]. In healthcare scheduling, integrated and cooperative approaches have been increasingly 
explored to coordinate multiple operational layers, highlighting the importance of decomposed 
optimization structures that preserve feasibility while enabling controlled interaction between 
subproblems [41]. 

2.3. Experimental Setup 

Experiments were conducted based on the NSP formulation described in Section 2.1. The 
experimental configuration reflects realistic hospital rostering conditions and is designed to enable a fair 
and consistent comparison between optimization strategies. The problem instance consists of 500 nurses 
assigned over a 7-day planning horizon, resulting in a total of 3,500 decision variables. Each chromosome 
therefore represents a complete weekly schedule with a size of 500 by 7. This configuration reflects a 
large-scale real-world scheduling problem where both feasibility and solution quality must be maintained 
under complex constraint interactions. Key dataset characteristics and algorithm parameters are 
summarized in Table 2. This corresponds to a high-dimensional combinatorial optimization problem, 
reinforcing the need for advanced evolutionary strategies such as cooperative co-evolution. 

Table 2.  Algorithm Parameters. 

Parameter Population Size 
Selection 

Method 

Crossover 

Operator 

Mutation 

Operator 

Max 

Generations 
Runs 

Value 
100 (hard) 100 

(soft) 
Tournament 

(k = 2) 
One-point 

(0.7) 
Random 

(0.3) 
15,000 30 

Both the Classical GA and the proposed Coop-NSP were evaluated under identical experimental 
settings using the same chromosome representation, genetic operators, penalty formulation, and 
termination criteria. The only difference lies in the optimization strategy: GA optimizes all constraints 
within a single population, whereas Coop-NSP decomposes optimization into two interacting 
subpopulations targeting hard and soft constraints. Cooperation is introduced through contextual fitness 
evaluation as defined in equations (1) and (2). Each algorithm was executed for 30 independent runs 
with different random seeds, and performance was evaluated using best-of-generation and average 
population penalties to assess solution quality, convergence behavior, and population stability. 

3. Results and Discussion 

This subsection presents the experimental results obtained from comparing the proposed Coop-NSP 
with a Classical GA. Both approaches were evaluated under identical problem formulations, penalty 
models, and algorithmic parameters. 

3.1. Convergence Behaviour 

As shown in Fig. 2, the Classical GA exhibits rapid convergence during the early stages of evolution. 
Both the best-of-generation and average penalty curves decrease sharply within the first few thousand 
generations, indicating strong selection pressure and efficient exploitation of the search space. After this 
initial phase, the curves stabilize and remain closely aligned, reflecting rapid population uniformity once 
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feasible solutions are identified. The narrow and persistent gap between the best and average penalties 
in later generations suggests that most individuals in the population converge toward similar solution 
structures. While this behavior is effective for quickly producing high-quality solutions in standalone 
NSP instances, it also indicates reduced population diversity, which limits further exploration of 
alternative feasible configurations as optimization progresses. 

 

Fig. 2. Convergence curves of the Classical GA showing best-of-generation and average population penalty 

values across 15,000 generations for the NSP. 

In contrast, the convergence behavior of the proposed Coop NSP, as shown in Fig. 3, follows a 
distinctly different pattern. Instead of smooth monotonic convergence, Coop NSP exhibits a stepwise 
convergence profile characterized by extended plateau phases followed by abrupt reductions in penalty 
values. These plateau phases indicate periods during which improvements achieved within one 
subpopulation, either the hard constraint or soft constraint group, do not immediately result in global 
performance gains. Overall improvement occurs only when compatible solutions emerge in the 
complementary subpopulation through contextual fitness evaluation. 

 

Fig. 3. Convergence curves of the proposed Cooperative Co-evolutionary (Coop) showing best-of-generation 

and average contextual penalty values across 15,000 generations under cooperative interaction between hard 

and soft constraint subpopulations for NSP. 

Despite slower initial progress compared to the Classical GA, the average penalty curve in Coop-NSP 
remains consistently separated from the best-of-generation curve throughout the evolutionary process. 
This sustained separation indicates the preservation of structured population diversity arising from 
independent subpopulation evolution. Furthermore, the absence of oscillatory or unstable behavior 
indicates that cooperative interaction provides a controlled optimization process, enabling gradual 
refinement of schedule quality while maintaining feasibility. This behavior indicates that the proposed 
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approach maintains a balance between exploration and exploitation through structured population 
diversity and controlled cooperative interaction. 

3.2. Statistical Performance Analysis 

Table 3 summarizes the statistical performance of both optimization approaches over 30 independent 
runs, including mean, standard deviation, and execution time. To strengthen the robustness of the 
comparison, additional statistical measures are incorporated, including 95% confidence intervals, non-
parametric significance testing, multiple comparison correction, and effect size evaluation. 

Table 3.  Statistical Significance, Confidence Interval, and Effect Size Analysis Over 30 Runs. 

Statistic Best Penalty Average Penalty Execution Time 

Algorithm GA Coop GA Coop GA Coop 

Mean 651.42 768.72 880.08 2169.37 20.53s 26.27s 

Std. Dev. 34.86 197.63 37.59 146.39 0.17s 0.35s 

95% CI Lower 638.40 694.92 866.04 2114.71 20.47s 26.14s 

95% CI Upper 664.44 842.51 894.12 2224.04 20.59s 26.40s 
Wilcoxon W 93 93 0 0 – – 

p-value 0.0032 0.0032 < 0.0001 < 0.0001 – – 

Adjusted p-value (Bonferroni) 0.0064 0.0064 < 0.0001 < 0.0001 – – 

Effect Size (Cohen’s d) 0.83  0.83  12.06 12.06  – – 

The statistical analysis confirms that the differences between the Classical GA and Coop-NSP are 
statistically significant. For best penalty, the Wilcoxon signed-rank test yields p = 0.0032 (adjusted p = 
0.0064), indicating a significant difference with a large effect size (d = 0.83). For average penalty, the 
difference is highly significant (p < 0.0001) with a very large effect size (d = 12.06), reflecting substantial 
divergence in population behavior between the two optimization strategies. To further examine 
distributional characteristics, boxplot visualizations are presented in Fig. 4. The results show that the 
Classical GA produces a more concentrated distribution of penalty values, indicating consistent 
convergence across runs. In contrast, Coop-NSP exhibits a wider spread, reflecting increased variability 
and diversity in optimization outcomes. This behavior is attributed to the cooperative optimization 
mechanism, where the separation of hard and soft constraint subpopulations preserves diverse solution 
structures. While this enables Coop-NSP to occasionally achieve competitive best-case solutions, it also 
results in higher variability across runs compared to the more stable convergence behavior of the Classical 
GA. 

 

 

Fig. 4. Boxplot distributions of (a) best penalty and (b) average penalty obtained over 30 independent runs for 

Classical GA and Coop-NSP. 

3.3. Discussion 

This study presented a comparative evaluation of a Classical Genetic Algorithm (GA) and a 
Cooperative Co-Evolutionary approach for the Nurse Scheduling Problem under identical experimental 

 

(a) (b) 
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conditions. The Classical GA demonstrated rapid convergence, lower final penalty values, and reduced 
computational cost for standalone NSP instances, confirming the effectiveness of monolithic 
evolutionary optimization when feasibility and quality constraints are tightly coupled and evaluated 
jointly. In contrast, the proposed Coop-NSP exhibited a distinct optimization behavior characterized by 
stepwise convergence and sustained population diversity, resulting from contextual cooperative 
interaction between hard constraint and soft constraint subpopulations. Although this cooperative 
approach converges more slowly when applied to the NSP in isolation, the results highlight important 
structural advantages of cooperative co-evolution, particularly in maintaining feasibility and supporting 
stable optimization under specialized evolutionary pressures.  

Rather than aiming to replace classical evolutionary strategies for isolated nurse scheduling tasks, the 
proposed cooperative algorithm establishes a structured and extensible optimization foundation that is 
well suited for more complex healthcare scheduling environments involving multiple interacting decision 
components. This structured formulation is particularly relevant for real-world healthcare operations, 
where scheduling decisions are interdependent across multiple domains. The cooperative framework 
provides a foundation for coordinating nurse rostering with related processes such as operating theatre 
scheduling and patient admission planning, enabling more holistic and operationally consistent decision-
making. The observed optimization behavior of the proposed Coop-NSP aligns with findings reported 
in integrated and hybrid scheduling studies, where structured or decomposed optimization algorithms 
prioritize feasibility preservation and coordination stability over aggressive convergence speed [42], [43]. 
Similar trade-offs between convergence efficiency and solution robustness have been reported in 
integrated patient admission and resource scheduling problems, particularly when uncertainty and 
downstream constraints are considered [44]. In nurse rostering, hybrid evolutionary algorithms 
combining global search with problem-specific strategies have also demonstrated improved feasibility 
handling under complex constraint structures, supporting the suitability of modular evolutionary designs 
for realistic scheduling environments [45]. 

From a computational perspective, the proposed cooperative framework introduces additional 
overhead due to the use of two interacting subpopulations and contextual fitness evaluation. This 
increases computational cost compared to a classical GA but improves search diversity and reduces 
premature convergence, leading to more stable optimization behavior across runs. However, the study is 
conducted on a single controlled NSP configuration, which limits generalizability across different 
problem scales and constraint conditions. Although statistical validation has been performed, the 
findings should be interpreted within this scope. Further evaluation on diverse datasets is required to 
confirm robustness. Overall, the approach reflects a trade-off between efficiency and robustness, where 
improved stability and extensibility may come at the expense of real-time applicability. From a scalability 
perspective, the modular structure of the cooperative framework supports extension to larger nurse 
populations and more complex scheduling environments. By distributing optimization across interacting 
components rather than a single population, the model can better handle increasing problem size and 
complexity while maintaining global consistency. In practical deployment settings, factors such as 
parameter sensitivity, computational resources, and robustness under dynamic operational conditions 
must be considered. The diversity-preserving nature of the cooperative framework enhances adaptability 
to disruptions such as staffing changes or emergency demand, supporting its applicability in real-world 
healthcare scheduling systems. 

4. Conclusion 

This study examined the effectiveness of a cooperative co-evolutionary formulation for solving the 
Nurse Scheduling Problem (NSP) and compared its performance with a classical Genetic Algorithm 
(GA) under identical experimental conditions. Unlike conventional evolutionary approaches that 
optimize all constraints within a single population using a unified fitness function, the proposed approach 
separates feasibility-driven and quality-driven objectives into two interacting subpopulations that 
cooperate through contextual fitness evaluation. The results demonstrate that while the Classical GA 
achieves faster convergence and lower overall penalty values for standalone NSP instances, the cooperative 
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approach maintains higher population diversity and exhibits more stable optimization behavior under 
interacting constraints. Although the cooperative approach incurs higher computational cost, its 
structured optimization framework provides advantages in maintaining feasibility and managing 
constraint interactions, making it more suitable for complex scheduling environments involving multiple 
interdependent objectives. Future work will extend the proposed framework to larger-scale and 
integrated healthcare scheduling scenarios, including operating theatre and patient admission planning, 
as well as further validation across diverse problem instances to strengthen robustness and 
generalizability. 
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