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ABSTRACT 

Organizations aiming to hire the most suitable candidate for a specific job position face the complex 

challenge of distinguishing the best option among a large pool of candidates while also adhering to multiple 

constraints such as cost, diversity, role-specific quota, and candidate quality. Driven to solve this 

challenging problem, this work presents a data-driven optimization framework that leverages a Genetic 

Algorithm (GA) to automate and enhance the candidate selection process. Our methodology evaluates each 

candidate based on a fit score, derived from weighted attributes such as skills, experience, and alignment 

with job requirements, while key constraints, including budget limits, a minimum percentage of female 

candidates, required role coverage (e.g., engineers), and minimum fit thresholds, are integrated directly 

into the fitness evaluation. Solutions that violate these constraints are ignored, ensuring that the model 

retains only feasible and high-quality selections. Collectively, the GA operates on binary selection vectors 

representing subsets of candidates and iteratively evolves toward an optimal solution using fitness-based 

selection, crossover, and mutation operators.  To evaluate GA performance, the model was tested using 

synthetic Human Resource (HR) data and successfully identified a subset of candidates that maximized 

overall fit while satisfying all constraints, validating the effectiveness of the proposed approach. 

Keywords-genetic algorithm; candidate-job fit; human resource; budget; skills match score   

I. INTRODUCTION  

In today's increasingly dynamic and hybrid work 
environments, organizations face increased pressure to make 
rapid yet strategic talent acquisition decisions. The complexity 
of this challenge lies not only in identifying high-quality 
candidates but also in ensuring that the decision aligns with 
broader organizational objectives such as budget constraints, 
diversity and inclusion benchmarks, and role-specific 
workforce planning. Traditional recruitment pipelines, which 
often rely heavily on manual processes and subjective 
assessments, frequently fail to scale under these 
multidimensional demands. 

On the other hand, Artificial Intelligence (AI) and 
optimization-driven methods have shown potential in assisting 
with identifying the optimal candidates based on the 
established constraints. Among these, Genetic Algorithms 
(GAs) have been particularly effective in solving complex 
search, selection, and scheduling problems under multiple 
constraints [1]. 

Inspired by the principles of natural selection, GAs evolve a 
population of candidate solutions iteratively toward an optimal 
set. In the context of talent acquisition, each candidate can be 
represented as a component of a solution vector, where their 
inclusion is encoded as binary values (selected or not). This 
representation enables optimization of candidate-job fit under 
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multiple simultaneous organizational requirements. However, 
integrating fairness, diversity, and transparency into such 
optimization processes remains an open challenge. 

Recent literature demonstrates significant progress in 
algorithmic approaches to Person-Job Fit (PJF) modelling. For 
instance, authors in [2] proposed PJFCANN, which employs 
co-attention neural networks leveraging both candidate profiles 
and recruitment histories to enhance feature representation and 
improve fit accuracy. Similarly, the Multi-Field Features 
representation and Interaction (MUFFIN) model in [3] 
incorporates self-attention mechanisms, capturing interactions 
across textual, numerical, and categorical features to refine 
resume-job matching. Another notable contribution is the 
Topic-based Ability-aware Person-Job Fit Neural Network 
(TAPJFNN) introduced in [4], which uses hierarchical 
attention and word-level semantic representations to generate 
interpretable matches based on historical application data. 
Complementing these approaches, the Search History-
enhanced PJF model (SHPJF) in [5] incorporates resumes, job 
descriptions, and user search behavior to personalize candidate-
job alignment. 

In parallel, evolutionary optimization techniques have 
continued to evolve. Enhanced GA variants, such as the 
Genetic Algorithm with Mutated-Crossover (GAMC) 
framework [6], have demonstrated improved performance, 
while other GA-based methods have been successfully applied 
to resource allocation and multi-criteria selection problems [7]. 
Building on these foundations, hybrid models have also 
emerged. For instance, the Genetic Algorithm and Decision-
Making Trial and Evaluation Laboratory (GA-GDEMATEL) 
approach [8] integrates GAs with decision-making frameworks, 
whereas Reinforcement Learning-assisted Genetic 
Programming (RL-GP) [9] combines reinforcement learning 
with genetic programming to support dynamic optimization. 

Beyond evolutionary methods, deep learning and graph-
based techniques have further expanded the capabilities of 
recruitment analytics. For example, the Deep Cycle Learning 
(DCL) framework [10] employs Convolutional Neural 
Networks (CNNs) with noise injection for robust matching, 
while Bidirectional Encoder Representations from 
Transformers (BERT)-based approaches [11] leverage 
contextual embeddings for candidate shortlisting. Furthermore, 
graph-based approaches [12] explicitly model bidirectional 
preferences between employers and candidates, capturing 
directed interactions to achieve better mutual fit. 

Finally, several studies emphasize the importance of 
aligning candidate attributes with organizational culture, as 
cultural mismatches are known to negatively impact employee 
retention [13, 14]. Related work on salary benchmarking, 
including latent factor models and big-data-driven frameworks 
such as the Good Fit Job Candidate Algorithm (GFC-A), 
highlights the influence of compensation and personality traits 
on candidate success [15, 16]. More recently, machine learning 
frameworks have reframed candidate selection as a cost 
optimization problem, balancing efficiency with fairness 
considerations [17]. 

 

After evaluating the limitations of previous models, this 
study proposes a Constraint-Aware Genetic Algorithm 
(CAGA) framework designed to optimize candidate-job fit 
while addressing real-world organizational constraints. Each 
candidate is evaluated based on a composite fit score, derived 
from multiple dimensions such as skill match (technical 
alignment with job requirements), experience level, cultural 
and organizational alignment, and performance indicators. The 
optimization objective is to maximize the total fit score of the 
selected candidates, subject to constraints such as budget, 
diversity, and job role. Additionally, visual analytics are 
integrated into the optimization pipeline, offering transparency 
that helps Human Resources (HR) decision-makers to select 
the most suitable candidate. 

II. PROPOSED FRAMEWORK 

A. Framework 

The proposed CAGA framework, illustrated in Figure 1, 
comprises three principal components: Input Data, GA Process, 
and Metrics & Output.  

The Input Data component defines the essential candidate 
characteristics, such as fit scores (how well each candidate 
matches the job), estimated hiring costs, gender (for diversity 
constraints), role (functional area), and optional attributes, such 
as psychometric scores or location preferences, which serve as 
raw inputs for the model.  These data points are fed into the GA 
Process component, where an evolutionary loop generates and 
evaluates candidate combinations, selects high-performing 
solutions, applies crossover and constraint filtering, and iterates 
until an optimal subset is found. Finally, the Metrics & Output 
component provides interpretability and monitoring capabilities 
by reporting: the selected candidate subset, average and best 
fitness values per generation, solution diversity, and the final 
total fit score and hiring cost. 

 

 

Fig. 1.  CAGA framework. 

B. Constraint-Aware Genetic Algorithm  

In the CAGA framework, each candidate subset is 
represented as a chromosome, where each gene corresponds to 
one candidate's selection state. The algorithm begins by 
creating an initial population of N potential solutions 
(chromosomes), where each chromosome is a binary vector of 
length m, where m is the number of available candidates. A 
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diverse initial population ensures the algorithm explores 
different combinations of candidate selections from the start, 
avoiding premature convergence. The algorithm then iterates 
through G generations, progressively refining the population. 

In every generation, each chromosome is evaluated to 
measure its quality and check whether it meets all required 
constraints. If a chromosome meets all constraints, it receives a 
fitness value equal to the sum of the selected candidates' fitness 
scores; otherwise, it receives zero (or a penalty), discouraging 
invalid selections. Once all chromosomes are evaluated, the 
algorithm selects the most promising individuals as parents, 
typically using methods such as tournament selection that 
prefer higher-fitness solutions. Crossover and mutation are then 
applied to generate new offspring. Crossover combines parent 
chromosomes to explore promising combinations, while 
mutation introduces small random changes to preserve 
diversity. Then, a new population is formed for the next 
generation, often retaining the best individuals through elitism 
to ensure valuable solutions are not lost. After completing all 
generations, the algorithm returns the best feasible 
chromosome found, representing the optimal set of selected 
candidates. Table I describes the key components used in the 
algorithm. 

TABLE I.  KEY COMPONENTS OF THE ALGORITHM 

Component Description 

Chromosome 
A binary vector (e.g., [1, 0, 1, 0, ...]), where 1 means 

that the candidate is selected. 

Population 
A set of chromosomes representing different 

combinations of selected candidates. 

Fitness Function 
Calculates the total fit score if constraints are met; 

otherwise, assigns zero fitness. 

Selection 
Selects the fittest individuals to pass genes to the 

next generation. 

Crossover 
Combines two parent chromosomes to create new 

offspring by swapping segments. 

Mutation 
Randomly flips bits in a chromosome to introduce 

diversity. 

Constraint Handling 
Ensures that only candidate combinations meeting all 

criteria are considered viable. 

 

1) Pseudocode Representation of the CAGA Algorithm 

Step 1: Initialize population of N binary 

chromosomes of length m 

Step 2: for generation = 1 to G do 

Step 3: for all individuals z ∈ population 
do 

Step 4: Compute   

a) Total cost: �(�) = ∑ �� ⋅ 
�  

b) Total fit: �(�) = ∑ �� ⋅ FitScore� 

c) Female ratio: ��(�) =
∑ ��⋅��

∑ ��
 

d) Role count: ��(�) = ∑ �� ⋅ �(�� =

target) 
Step 5: if Constraints (4)–(9) are 

satisfied 

         Then 

Step 6: Fitness(z) ← F (z) 

             else 

Step 7: Fitness(z) ← 0 

Step 8: end if 

Step 9: end for 

Step 10: Select parents based on fitness 

(e.g., tournament selection) 

Step 11: Apply crossover and mutation to 

generate Offspring. 

Step 12: Replace population using elitism 

strategy 

Step 13: end for 

Step14: return best feasible individual z∗ 

C. Model 

The model evaluates each candidate � through a fit score, 
which is the weighted sum of key evaluation dimensions: 

FitScore� =  ! ⋅ "� = ∑  #"�#
$
#%&   (1) 

where: 

 w = [ &,  *, … ,  $]! is the weight vector. 

 x� = ["�&, "�*, … , "�$]!  is the characteristic vector of 
candidate �. 

  # ≥ 0, and ∑$
#%&  # = 1. 

If 1 = 5, then (1) the fit score expands as: 

FitScore� =  &3� +  *5� +  6�� +  78� +  9:�  (2) 

where 3� is the skills match score (0-1), 5�  is the interview score 
(0-1), ��  is the cultural fit score (0-1), 8�  is the experience fit 

score (0-1), :� is the salary alignment score (0-1), and  #  are 

normalized attribute weights such that  ∑9
#%&  # = 1. 

1) Objective Function 

Let �� ∈ {0,1} denote a binary decision variable indicating 
whether the candidate � is selected. The optimization goal is to 
maximize the total fit score of the selected candidates using: 

Max
�

∑?
�%& �� ⋅ FitScore�    (3) 

subject to the following organizational and fairness constraints. 

 Budget constraint: 

∑?
�%& �� ⋅ 
� ≤ A    (4) 

where 
� is the cost (e.g., salary) of the candidate �, and A is 
the total hiring budget. 

 Diversity constraint: 

∑B
�CD ��⋅��

∑B
�CD ��

≥ E     (5) 

where F�  is a gender flag (e.g., 1 for female, 0 for male), and 
E is the desired diversity ratio (e.g., 0.4). 

 Role requirement constraint: 

∑�:��%H �� ≥ �H    (6) 
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where ��  is the role of candidate �  (e.g., engineer = 1, 
designer = 2), and �H is the required number of hires for the 
role I. 

 Minimum fit score threshold: 

�� = 1 ⇒ FitScore� ≥ L   (7) 

or equivalently,  

�� ⋅ (FitScore� M L) ≥ 0    (8) 

 Weight normalization constraint: 

∑$
#%&  # = 1,     # ≥ 0∀O   (9) 

III. RESULTS AND DISCUSSION 

The proposed CAGA framework was implemented and 
evaluated using Python, while experimental validation was 
conducted on the resume-job description matching dataset 
provided by NETSOL Technologies Inc. [18]. This publicly 
available dataset consists of 1,031 resume-job description pairs. 
Specifically, there are i) 648 matched pairs, where the resume 
appropriately corresponds to the job description, ii) 201 
mismatched pairs, where the resume does not align with the job 
requirements, and iii) 142 invalid entries, containing 
incomplete or missing resume or job description information. 
The remaining 40 samples were excluded during preprocessing 
due to missing supplemental input information. 

A. Model Evaluation 

Figure 2 presents the CAGA evolution results of the best 
fitness and average fitness values over successive generations 
implemented on the NETSOL Technologies Inc. dataset. In the 
initial generations 0 to 12, the average fitness begins at the 
relatively low value of 3.0 and steadily increases, and gradually 
approaches the best fitness curve. During this phase, the 
algorithm evaluates a wide range of candidate combinations 
and progressively eliminates low-quality solutions. 

 In contrast, the best fitness at generation 0 is at a 
comparatively high value of 3.95, suggesting that a near-
optimal solution is already present in the initial population. 
From generation 12 onward, both the best and average fitness 
curves stabilize at values close to 4.0. This plateau signifies 
algorithmic convergence, indicating that further generations 
yield minimal improvement and that the population has largely 
converged toward an optimal or near-optimal solution set. 

 

 

Fig. 2.  GA fitness evolution over generations. 

B.  Comparison with the Greedy Algorithm 

An additional step in our analysis included comparing the 
proposed model with the Greedy algorithm, which was selected 
as a baseline due to its simplicity and widespread use in 
resource allocation and candidate selection problems. Both 
algorithms were evaluated using the same dataset and identical 
constraints to ensure a fair comparison. 

Figure 3 compares their performance across multiple runs 
using two evaluation metrics: SumFit and feasibility 
percentage. The SumFit metric represents the aggregate 
abnormalized fitness value, computed as the sum of individual 
candidate-job fit scores for all selected pairs in a solution. 

Across all runs, CAGA consistently achieves higher SumFit 
values than the Greedy approach. Specifically, the CAGA 
SumFit curve exhibits a steady upward trend, increasing from 
approximately 88 in the initial run to nearly 98 in the final run. 
In contrast, the Greedy algorithm produces noticeably lower 
SumFit values, ranging from 80 to 88, with slower and less 
consistent improvement. This outcome reflects the Greedy 
method's reliance on locally optimal decisions, which limits its 
ability to explore and exploit better global solutions. 

CAGA also demonstrates significantly higher and more 
stable feasibility percentages, remaining above 95% across 
most runs, while the Greedy algorithm exhibits lower and more 
variable feasibility percentages, ranging between 55% and 
70%. Such variability suggests that Greedy selections 
frequently violate constraints or result in suboptimal feasible 
solutions. Overall, the proposed CAGA algorithm offers a 
promising framework for candidate selection problems. 

 

 

Fig. 3.  Candidate selection performance comparison. 

IV. CONCLUSION 

This paper presents a scalable Constraint-Aware Genetic 
Algorithm (CAGA)-based optimization framework designed to 
enhance decision-making in talent acquisition, particularly in 
hybrid work environments. By encoding candidate selections 
as binary vectors and optimizing a composite fit score, the 
proposed model effectively identifies high-quality candidates 
while simultaneously satisfying real-world constraints, 
including budget limitations, gender diversity targets, 
minimum role representation, and per-candidate fit thresholds. 
The primary strength of the framework lies in its integrated 
fitness function, which not only evaluates the overall quality of 
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a candidate subset but also embeds organizational priorities and 
fairness considerations. This ensures that only feasible and 
equitable hiring decisions are generated. 

The framework is validated using synthetic candidate data, 
demonstrating its ability to converge toward cost-effective, 
diverse, and high-performing candidate selections. 
Furthermore, the proposed approach is highly adaptable, 
making it suitable for integration into Human Resource (HR) 
decision-support systems and enterprise recruitment platforms. 

Future work may extend the framework by incorporating 
machine learning techniques to predict candidate fit scores 
using historical hiring data or Natural Language Processing 
(NLP)-based resume analysis. Integration with interactive 
enterprise Human Resource Management System (HRMS) 
platforms would further enhance the practical applicability of 
the framework in real-time recruitment and workforce planning 
environments. 
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