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ABSTRACTIn today's globalized economy, selecting the most suitable candidates for geographically distributed projects is a complex challenge, requiring a balance between skill alignment, cost efficiency, and geographic constraints. This paper models the candidate selection problem as a k-median problem, where the goal is to minimize the total cost of selecting candidates while meeting project requirements. Due to the NP-hard nature of the problem, we propose using the Genetic Algorithm (GA), a metaheuristic optimization method that encodes candidate locations as "chromosomes" and iteratively improves solutions through selection, crossover, and mutation operations. 



Keywords: K-median problem, Genetic Algorithm (GA), Candidate selection…Experimental results on simulated datasets demonstrate that the GA-based approach effectively identifies near-optimal solutions, significantly reducing selection costs compared to traditional methods. The proposed methodology is scalable and applicable to real-world scenarios such as multinational project management, global workforce allocation, and supply chain optimization. This work provides a robust framework for organizations to optimize candidate selection for global projects while minimizing costs and maximizing performance.
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In today’s globalized economy, optimizing workforce selection for large-scale projects is increasingly critical for organizations seeking to maximize efficiency and reduce operational costs [1]. Global projects often require the selection of candidates from geographically dispersed locations who possess specific skill sets while keeping overall costs, such as relocation and travel expenses, to a minimum [2]. However, this process presents significant challenges, including balancing skill alignment, geographic distribution, and cost constraints to achieve optimal workforce allocation. One effective way to address this problem is by modeling it as a k-median problem, a well-established combinatorial optimization problem that aims to minimize the total distance or cost between selected candidates and project hubs while meeting project-specific requirements [3].
Despite its importance, current methods for candidate selection largely rely on manual processes or simple local optimization techniques. These methods often fall short when dealing with the inherent complexities of large-scale projects, particularly for NP-hard problems like the k-median problem [1]. Deterministic approaches, while systematic, struggle to provide feasible solutions for real-world applications due to their computational limitations, especially as the size and scale of the candidate pool increase [2]. Therefore, there is a growing need for advanced optimization techniques capable of efficiently exploring vast solution spaces and identifying near-optimal solutions.
To address these challenges, this paper proposes an application of the Genetic Algorithm (GA), a powerful metaheuristic optimization technique inspired by the process of natural evolution, to solve the k-median problem for candidate selection [3]. The Genetic Algorithm is particularly well-suited for large-scale combinatorial problems as it balances exploration and exploitation of the solution space through evolutionary operations such as selection, crossover, and mutation. By encoding candidate locations as “chromosomes” and iteratively evolving solutions, the proposed approach ensures the identification of cost-effective and geographically balanced candidate allocations [4].
The main contributions of this work include the development of a GA-based optimization framework to solve the candidate selection problem modeled as a k-median problem, along with an evaluation of its performance through experimental results. By demonstrating the effectiveness of GA in achieving near-optimal solutions, this research provides a robust and scalable tool for organizations to optimize workforce allocation for global projects. This work also highlights the limitations of traditional methods and positions metaheuristic approaches, such as the Genetic Algorithm, as a promising solution to address real-world workforce optimization challenges.


II. 
III. MATERIALS 

This section presents the problem formulation, the proposed Genetic Algorithm (GA) framework, the experimental setup, and the evaluation metrics used to analyze the performance of the proposed approach.

Problem Formulation:
The candidate selection problem is mathematically modeled as a k-median problem, a well-established combinatorial optimization problem [5]. In this context, the objective is to minimize the total cost associated with selecting candidates from geographically dispersed locations while satisfying project-specific requirements. The cost is defined as the distance or expense incurred between the selected candidates and designated project hubs. This cost minimization must account for several constraints, including skill requirements, budgetary limitations, and geographic feasibility. Skill constraints ensure that the selected candidates collectively meet the technical or functional expertise required by the project. Budgetary constraints limit the overall expense related to candidate selection, including potential travel or relocation costs. Geographic feasibility focuses on ensuring that selected candidates are located within an acceptable distance or cost range from the project hubs to maintain practical accessibility. By framing the candidate selection as a k-median problem, it becomes possible to systematically optimize the trade-offs between cost, skill alignment, and geographic dispersion [5, 1].

Genetic Algorithm (GA) for K-Median Problem:
To solve the k-median problem efficiently, this paper proposes a Genetic Algorithm (GA)-based optimization framework. GA is a metaheuristic optimization technique inspired by the process of natural evolution and selection. In the context of candidate selection, GA evolves a population of candidate solutions over successive generations to identify near-optimal solutions. The first step in implementing the GA involves chromosome representation, where candidate locations and their respective assignments to project hubs are encoded as individual solutions. This representation provides a structured way to explore the solution space [4].

Next, the GA begins with an initial population of solutions, which can be generated randomly or through heuristic methods that incorporate prior knowledge to improve initial quality. Each solution is evaluated using a fitness function, which measures the total cost of selecting candidates while penalizing solutions that fail to meet skill or budget constraints. Solutions with lower costs and higher feasibility are assigned better fitness scores. To evolve the population, a selection mechanism is applied, where fitter solutions are chosen with higher probability to contribute to the next generation. Techniques such as tournament selection or roulette wheel selection are commonly used for this purpose.

The evolution process continues with a crossover operator, which combines parts of two selected solutions to produce new offspring solutions. Crossover operations, such as uniform crossover, facilitate exploration of the solution space by generating diverse candidate sets. To prevent the algorithm from converging prematurely to suboptimal solutions, a mutation operator is applied. Mutation introduces random changes to a small portion of the solution by altering candidate assignments, thereby maintaining solution diversity. The algorithm terminates when a predefined stopping criterion is met, such as reaching a specified number of generations or achieving convergence in solution quality [4], [5].

The Genetic Algorithm balances the exploration of new solutions and the exploitation of promising ones, making it well-suited for solving the NP-hard k-median problem, particularly in the large-scale and complex context of global workforce optimization [6].

Experimental Setup:
The proposed GA framework is tested using both simulated and real-world datasets representing candidate pools. These datasets include geographic locations of candidates, associated travel or relocation costs, and detailed skill profiles. The simulated datasets allow controlled experimentation across different scales and complexities, while real-world data demonstrate the practical applicability of the approach. The performance of the Genetic Algorithm is tuned using specific parameter settings, including population size, crossover rate, mutation rate, and stopping thresholds. These parameters are carefully calibrated to balance computational time with solution quality.

To provide a comprehensive evaluation, the GA-based solution is compared against other optimization techniques, including Simulated Annealing (SA) and Local Search algorithms [2]. These methods serve as baselines to benchmark the performance of GA in terms of cost minimization, scalability, and computational efficiency. The experimental setup is designed to assess the ability of GA to handle large-scale candidate pools and provide near-optimal solutions within a reasonable time frame [7], [8].

Performance Evaluation Metrics:
The performance of the Genetic Algorithm is assessed using a set of quantitative metrics. The total cost optimization metric measures the GA's effectiveness in minimizing the overall expense of candidate selection while meeting constraints such as skills and budget. The solution quality metric evaluates how closely the solutions generated by GA approximate the global optimum or best-known solutions. This is critical in determining the reliability of GA for real-world applications. Additionally, the computation time and scalability metrics analyze the algorithm's efficiency in handling larger problem instances. These metrics collectively provide a robust framework for evaluating the performance of the proposed approach relative to traditional optimization techniques.

Results and Discussion:
The experimental results demonstrate the ability of the Genetic Algorithm to effectively solve the k-median problem for candidate selection. The GA consistently identifies near-optimal solutions with significantly lower costs compared to traditional methods such as Simulated Annealing and Local Search. The results highlight the algorithm's capacity to balance cost minimization, skill requirements, and geographic feasibility. A detailed comparison with baseline methods further emphasizes the advantages of GA in terms of solution quality, convergence speed, and computational efficiency. Additionally, the analysis explores the convergence behavior of GA, showing how the algorithm iteratively refines solutions over generations to achieve improved performance. The discussion also underscores GA's robustness and scalability, particularly in solving large-scale, real-world problems where manual or deterministic approaches fail to deliver practical solutions [9]. By leveraging the GA-based framework, organizations can optimize workforce selection for global projects, achieving significant cost savings and operational efficiency.


IV. CONCLUSION

The study successfully applied the Genetic Algorithm (GA) to solve the k-median problem in the context of global workforce optimization. By modeling candidate selection as an optimization problem, the proposed approach effectively minimized selection costs while ensuring optimal candidate allocation across geographically dispersed locations. The experimental results demonstrated that GA can consistently produce high-quality solutions, outperforming traditional optimization methods in terms of both cost-efficiency and computational performance.
The findings of this research have significant implications and practical applications for industries requiring global workforce optimization. The proposed approach is particularly relevant for multinational corporations and large-scale projects where selecting candidates based on skill suitability, geographic dispersion, and cost is critical. Its scalability allows application in various industries, including logistics, IT, manufacturing, and consulting, where workforce allocation plays a crucial role in operational success [10]. Organizations can leverage this framework to achieve cost-effective, data-driven decisions for candidate selection while improving project performance [9].
However, certain limitations remain in the current approach. One limitation is the sensitivity of the Genetic Algorithm to parameter tuning, such as mutation rate, crossover rate, and population size, which can influence performance outcomes. Additionally, while GA performs well on moderately large datasets, its computation time may increase for extremely large-scale or dynamic candidate pools [11]. To address these challenges, future research could explore hybrid approaches that combine GA with other metaheuristic algorithms like Particle Swarm Optimization (PSO) or Simulated Annealing to improve solution quality and convergence speed. Further, real-world deployment of the proposed framework on dynamic datasets—where candidate pools evolve over time—would enhance its robustness and applicability for practical scenarios [7].
By addressing these challenges and continuing to refine the proposed approach, this work paves the way for more efficient and scalable workforce optimization solutions in a globalized economy.
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