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Abstract 
Purpose: The study proposes a framework for integrating intelligent agents (IA) into hu-
man resource management (HRM) to improve recruitment, screening, training, and de-
cision-making. It utilizes machine learning and pattern recognition to enhance candidate 
search accuracy and efficiency, addressing the limitations of traditional Boolean methods.
Study design/methodology/approach: The study develops an Intelligent Agent AI (IAI) 
system for recruitment, using reinforcement learning and Naïve Bayes to optimize deci-
sion-making. It compares the IAI system to traditional methods like RecruitEm and Merlin, 
evaluating performance in accuracy, time efficiency, and resource management.
Sample and data: The study customizes the IAI system, integrates historical candidate 
data, and conducts pilot testing in real-world HR settings. Job seeker data is used to train 
and test the system’s performance.
Results: The IAI system significantly outperforms traditional methods in accuracy, time 
efficiency, and resource management. It also addresses issues like algorithmic bias and 
Boolean search limitations, improving candidate-job alignment and recruitment efficiency.
Originality/value: The study provides a novel AI-powered solution to HR workflows, im-
proving scalability, efficiency, and adaptability. It helps overcome traditional recruitment 
bias and enhances decision-making through data-driven insights.
Research limitations/implications: Challenges include scalability, data bias, and integra-
tion issues. Future research should focus on addressing these limitations, refining AI pro-
cesses, and optimizing performance in diverse HR contexts.
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الملخص
تحسين التوظيف باستخدام التعلم الآلي: إطار عمل ذكي جديد 

لإدارة الموارد البشرية
رائد عواشرة بريمنانث راماشاندران

جامعة الشرقية، سلطنة عمان
هــدف الدراســة: يقتــرح البحــث إطــار عمــل لدمــج الــوكلاء الأذكيــاء )IA( فــي إدارة المــوارد البشــريّة 
)HRM( لتحســين التوظيــف والفــرز والتدريــب واتخــاذ القــرارات، ويســتعمل التعلّــم الآلــي والتعــرّف علــى 

ــة. ــة التقليديّ ــود الطــرق المنطقيّ ــاءة البحــث عــن المُرشــحين، ومعالجــة قي ــة وكف ــز دقّ الأنمــاط؛ لتعزي
ــك  ــاء )IAI( للتوظيــف، وذل ــوكلاء الأذكي ــا لل تصميــم/ منهجيــة/ طريقــة الدراســة: طــوّرت الدراســة نظامً
باســتعمال التعلـّـم المُعــزّز ونظريــة )بايــز( الســاذجة؛ لتحســين عمليــة اتّخــاذ القــرار، وقــد قارنــت الدراســة 
نظــام IAI بالطرائــق التقليديّــة مثــل )RecruitEm وMerlin( لتقييــم الأداء مــن حيــث الدقّــة وكفــاءة الوقــت 

وإدارة المــوارد.
عينــة الدراســة وبياناتهــا: خصّصــت الدراســة نظــام IAI، مــع دمــج بيانــات المرشــحين الســابقة، وإجــراء 
اختبــارات تجريبيّــة فــي بيئــات المــوارد البشــريّة الواقعيّــة، واســتعُملت بيانــات الباحثيــن عــن عمــل؛ لتدريــب 

النظــام واختبــار أدائــه.
نتائــج الدراســة: أظهــر النظــام الذكــي أداءً متفوقًــا مقارنــة بالأســاليب التقليديّــة مــن حيــث الدقّــة والســرعة 
ــة، وتحســين مواءمــة المُرشــحين  ــزات الخوارزميّ وكفــاءة اســتعمال المــوارد، كمــا ســاعد فــي تقليــل التحيّ

مــع الوظائــف.
أصالــة الدراســة: تقــدّم  الدراســة حــاً مبتكــرًا قائمــاً علــى الــذكاء الاصطناعــيّ؛ لتبســيط ســير عمــل 
ــات  ــى البيان ــم رؤى تعتمــد عل ــع تقدي ــف، م ــاءة والتكيّ ــع والكف ــة التوسّ ــزّز قابلي ــا يع ــوارد البشــريّة، مم الم

لتحســين القــرارات.
حــدود الدراســة وتطبيقاتهــا: تشــمل التحديّــات التــي تواجــه النظــام قضايــا القابليــة للتوسّــع، والتحيّــزات 
فــي البيانــات، وصعوبــات الدمــج، وتوصــي الدراســة بمتابعــة البحــث لمعالجــة هــذه التحديّــات، وتحســين 

أداء النظــام فــي ســياقات متنوّعــة.

الكلمــات المفتاحيّــة: الوكيــل الذكــي، إدارة المــوارد البشــريّة، التعلــم الآلــيّ، التعــرف علــى الأنمــاط، 
الروبوتــات البرمجيّــة، أتمتــة التوظيــف.

 

تصدر عن مجلس النشر العلمي بجامعة الكويت. جميع الحقوق محفوظة للمجلة.
الإشــارة المرجعيــة: راماشــاندران، بريمنانــث، ورائــد عواشــرة. )2025(. تحســين التوظيــف باســتخدام التعلــم الآلــي: 

إطــار عمــل ذكــي جديــد لإدارة المــوارد البشــرية. المجلــة العربيــة للعلــوم الإداريــة، 32)3(، 731-693.
  https://doi.org/10.34120/ajas.2025.1347 
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Introduction

Intelligent agents in artificial intelligence (AI) research significantly advance 
the ability to perceive and analyze inputs in diverse environments. These agents 
dynamically update their memory based on observations and follow user-defined 
rules to achieve predefined goals (Black & van Esch, 2020). They can be cat-
egorized as goal-based, reflex, or utility-based, each performing actions based 
on situation-action rules or productions. Additionally, intelligent agents exhibit 
flexible adaptation by leveraging machine learning techniques to continuously 
improve their performance functions (Andrejevic & Selwyn, 2019). However, 
existing AI-driven recruitment tools, such as RecruitEm and Boolean search tech-
niques, have limitations in accuracy, fairness, and scalability. These tools often 
fail to comprehensively evaluate candidates' suitability beyond keyword-based 
matching, leading to biased or suboptimal hiring outcomes (Kassir et al., 2023). 
The study critically assesses these gaps and proposes a novel framework that ad-
dresses these limitations. 

In human resource (HR) management, recruiting tasks often involve identify-
ing candidates with specific skill sets, especially when sourcing talent passively. 
HR managers primarily use job descriptions provided by candidates across em-
ployment-focused platforms like LinkedIn, Naukri, and others (Almajthoob et 
al., 2023). To optimize the recruitment process, HR departments increasingly use 
advanced tools such as DorkGPT, RecruitEm, and Merlin, which facilitate the 
creation of X-ray and Boolean searches. These techniques improve filtering by 
utilizing logical operators such as disjunctions (OR), conjunctions (AND), nega-
tion (NOT), and equivalence (XOR) to target specific candidate attributes (Gup-
ta & Mishra, 2022). Despite these advancements, human intervention remains 
necessary, and algorithmic bias still presents challenges when these methods are 
applied in real-world scenarios (Akter et al., 2023). However, existing literature 
lacks a critical comparison of these tools in terms of quantitative performance 
metrics such as accuracy, fairness, and computational efficiency (Friedler et al., 
2019; Loureiro et al., 2025). The study also fills this gap by providing a structured 
evaluation of current AI recruitment tools, benchmarking them against the pro-
posed IAI framework.

Additionally, the study addresses the question: How can an intelligent agent 
framework, incorporating machine learning and pattern recognition, enhance the 
efficiency and accuracy of human resource management (HRM) tasks, particular-
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ly in recruitment, screening, and training processes? The study proposes a novel 
framework for intelligent agent systems (IAI) that directly supports HR depart-
ments in both passive and active candidate sourcing using inductive logic. The 
framework begins by analyzing observations from hiring-related service provider 
domains and incorporates historical and current experience data. This allows for 
the derivation of conclusions that guide recruitment decisions.

To overcome the limitations of traditional Boolean searching, the study in-
tegrates a machine learning-based pattern recognition approach, enhancing the 
precision and efficiency of candidate searches. The primary goal of the study 
is to propose and implement an IAI framework that leverages machine learning 
and pattern recognition techniques to improve HRM activities. Specifically, the 
study employs Naïve Bayes classification for candidate ranking and reinforce-
ment learning with well-defined reward functions to optimize decision-making 
processes. The framework is tested on a structured dataset, and performance is 
assessed using metrics such as precision, recall, and fairness rates.

A secondary goal is to demonstrate that the integration of IAI can significantly 
enhance decision-making accuracy, efficiency, and resource management in both 
public and private organizations. The study also aims to compare the performance 
of the proposed IAI-based framework with traditional HRM methods, expecting 
the intelligent agent system to outperform conventional approaches in terms of 
time savings, resource allocation, and overall effectiveness. Unlike prior studies 
that primarily rely on simulated data (Belik et al., 2024; Huang et al., 2023; Kam-
bur & Yildirim, 2023), the study discusses potential real-world implementations 
and scalability considerations. 

Furthermore, the study acknowledges key challenges, such as algorithmic bias 
and data privacy concerns, and provides a more in-depth analysis of mitigation 
strategies. Bias reduction techniques, such as fairness-aware learning algorithms 
and data preprocessing methods, are incorporated into the IAI framework to en-
hance ethical AI deployment (Ferrara, 2024). Additionally, the study explores 
computational efficiency trade-offs to assess the feasibility of deploying the 
framework in high-volume hiring environments.

To further improve the effectiveness of the intelligent agent system, an episodic 
agent implements alongside the IAI, contributing to better performance in terms of 
scores and other relevant metrics. The experimental results are analyzed with statis-
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tical validation, including t-tests and p-values, to ensure the reliability of reported 
improvements. The article critically reviews existing literature on intelligent agents 
and their applications in HR, incorporating a structured evaluation of their limita-
tions. It outlines the research design, including dataset composition and justifica-
tion for machine learning choices. The implementation process and experimental 
results are presented, with a detailed analysis of computational efficiency and error 
cases. A discussion of the results is provided in relation to the research question, 
objectives, and literature review. The article concludes with final remarks, discuss-
es the challenges of business adoption, and outlines specific directions for future 
research, particularly concerning real-world deployment and scalability.

Literature Review

AI-based human resource management (HRM) still lacks comprehensive 
reviews that address its limitations and overall effectiveness (Venugopal et al., 
2024). While some researchers examine the growth and application of AI re-
cruitment tools, such as machine learning algorithms for resume screening and 
chatbots for candidate interactions, these studies often fail to critically assess the 
accuracy, fairness, and transparency of these tools (Chen, 2023; Dunlop et al., 
2022). Although these tools show promise, they come with certain limitations 
that hinder their broader implementation and effectiveness in recruitment pro-
cesses. For instance, while AI reduces human bias, studies indicate that it may 
introduce algorithmic bias due to flawed training data or opaque decision-mak-
ing processes (Gupta & Mishra, 2022). Furthermore, existing research lacks a 
detailed comparative analysis of different AI tools, particularly regarding their 
efficiency, fairness, and long-term impact on recruitment strategies. The absence 
of such comparative metrics limits the ability to assess which tools are best suited 
for specific HR functions.

Moreover, AI in recruitment evolves to include more advanced techniques, 
such as virtual reality-based systems for assessing candidates' skills and job fit 
in real-life scenarios. Guichet et al. (2022) propose a framework that utilizes vir-
tual reality to enhance recruitment processes, providing a more immersive and 
practical approach. However, existing studies do not sufficiently address the cost, 
scalability, and effectiveness of these innovations compared to traditional recruit-
ment methods. Additionally, many AI-based HRM tools lack external validation 
through empirical case studies, making it difficult to generalize their success 
across different industries (Sýkorová et al., 2024).
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Recruiting and staffing employees are among the most critical functions of HR, 
significantly impacting an organization's success (Cayrat & Boxall, 2023). Given 
this, organizations must prioritize these processes to ensure optimal outcomes. 
AI can play a crucial role in enhancing various HR functions, such as workforce 
planning, succession planning, learning and development, performance assess-
ments, and overall talent management (Gélinas et al., 2022). However, despite 
these potential benefits, concerns regarding AI-driven decision-making continue 
to exist, particularly in terms of ethical accountability and explainability. While 
AI-driven hiring models claim to reduce bias, some studies highlight that biased 
training data can reinforce systemic inequalities (Nawaz et al., 2024).

One such AI tool, i.e. the Mya AI chatbot, is designed for use by both recruit-
ers and job seekers. It interacts with applicants to verify the alignment of their 
skills with job requirements (Zhang, 2024). However, despite its functionality, 
the chatbot’s decision-making process lacks transparency, raising concerns about 
fairness in hiring outcomes (Ahmed, 2018). In a review conducted by Sharma 
et al. (2022), the use of the Mya chatbot in mobile messaging applications is as-
sessed. the study reveals that the chatbot's effectiveness in HRM scenarios relies 
heavily on current updates and frequent usage, which may not always ensure con-
sistent fairness across the recruitment process. Additionally, automated screening 
methods, like Mya AI, risk perpetuating bias if not carefully audited and updated 
to reflect evolving job market dynamics.

In modern HRM scenarios, sourcing candidates with specific skill sets from 
passive employment-focused sources such as LinkedIn, Naukri, and other hir-
ing-related service providers becomes increasingly common (Almajthoob et al., 
2023). These platforms enable HR departments to access a vast pool of potential 
candidates although challenges remain in filtering out the most relevant candi-
dates without human intervention. To improve this process, AI-powered HR tools, 
like DorkGPT, RecruitEm, Merlin, Albus, Zavvy, Effy AI, Leena AI, Entelo, 
Firstup, IBM Watson Talent, Textio, SpringRecruit, Pymetrics, Attract.ai, Para-
dox.ai, and Loxo are increasingly used (Jaffri, 2024). These tools employ X-ray 
and Boolean searching techniques to refine candidate selection. However, despite 
their efficiency, these tools often fail to evaluate essential qualitative factors such 
as cultural fit, adaptability, and soft skills (Gupta & Mishra, 2022).

Despite the potential of AI-driven recruitment tools, they continue to face crit-
ical challenges, particularly those regarding the balance between automation and 
human oversight (Nazer et al., 2023). As noted by Verma et al. (2023), existing 
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techniques still exhibit shortcomings, including bias in algorithmic decision-mak-
ing, which can compromise the effectiveness and fairness of recruitment process-
es when implemented in real-life scenarios. To mitigate these concerns, the study 
advocates for hybrid AI-HR systems that combine AI-based recommendations 
with human expertise to improve hiring accuracy and fairness.

Bujold et al. (2023) conduct a comprehensive study that combines both qual-
itative and quantitative methods across different countries to explore the role of 
AI in HR tasks. The study examines the potential for AI to perform a variety of 
HR functions and identifies several risks, particularly those regarding fairness. One 
key contribution of the study is the introduction of the term "AI fairness in HRM," 
which emphasizes the need to reduce human bias in AI-driven HR processes. De-
spite these advancements, the study participants underscore the importance of hu-
man accountability in the final decision-making process. Building on Bujold et al.'s 
(2023) insights, the study proposes a framework that prioritizes ethical AI adoption 
in HR by integrating explainability, transparency, and bias mitigation strategies.

Furthermore, recent industry reports suggest that 76% of HR leaders advocate 
AI adoption, citing increased efficiency, but concerns regarding fairness and ethics 
persist (Jobylon, 2024). This strong endorsement reflects the growing consensus 
that AI has a significant role in the future of HR, and it is imperative for both acad-
emicians and researchers to continue exploring this field. However, Budhwar et al. 
(2023) caution against the overuse of AI in HR functions, raising concerns about 
its potential to replace humans in pivotal roles. This fear, though understandable, 
is rooted in the broader concern that AI could possibly dominate various business 
sectors in the future. Despite this anxiety, it is crucial to acknowledge the many 
advantages AI brings to HR, including increased productivity, accuracy, efficien-
cy, reduced bias, and potential economic benefits at a larger scale (Budhwar et al., 
2023; IBM Consulting, 2023; Lobell, 2024). To alleviate these concerns, the study 
recommends policy measures that clearly define AI’s role as a decision-support 
tool rather than a replacement for human HR professionals.

The rapid technological revolution driven by artificial intelligence naturally 
sparks fears about the extent of AI's influence, both now and in the future. In 
response to these concerns, Bernhardt (2023) reassures that AI will not replace 
humans in HR but rather enhance HR functions. In other words, AI is meant to 
assist, not to take control. This argument is reinforced by studies that emphasize 
the need for governance mechanisms to regulate AI applications in HR, ensuring 
ethical use and preventing discriminatory practices (Panda et al., 2024). None-
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theless, the study underscores the importance of regulatory frameworks to ensure 
ethical AI deployment in HR.

Singh et al. (2021) explore the impact of AI on HR practices in companies in 
the UAE, finding that AI has the potential to enhance and expand HR process-
es. However, the study also highlights the need for staff training to prepare for 
the new AI-driven era. Without adequate training, HR professionals may struggle 
to interpret AI-driven insights, leading to ineffective decision-making (Ekuma, 
2023). As a result, the study emphasizes the necessity of ongoing AI literacy pro-
grams for HR professionals to maximize the benefits of AI adoption.

Table 1 illustrates the existing methods in the literature on AI in HR, pointing 
out the gaps and challenges that still remain out there. It clearly demonstrates how 
the proposed framework addresses these issues and offers practical solutions to 
the challenges faced by AI in HR. This reinforces the importance of continued 
research and innovation in this field.

Table 1 
Existing Literature Review for Methods and Shortfalls

Existing Literature  Methods Shortfall

Chen (2023); Dun-
lop et al. (2022)

AI recruitment tools using 
ML machine learning algo-
rithms for resume screening 
or chatbots.

Methods did not provide a 
comprehensive overview 
of the present state of AI in 
HRM using ML Techniques. 

Guichet et al. (2022) Virtual reality-based AI 
recruitment.

It raises concerns over the 
risk of algorithmic unfair-
ness, ethical concerns, and 
insufficient recognition of 
candidature measurements 
outcomes.

Ahmed (2018);
Sharma et al. (2022)

Mya AI chatbot is available for 
both recruiters and job seekers. 
It interacts with applicants to 
verify skill set requirements. 

However, it doesn’t ensure 
fairness of algorithmic HR 
principles in the recruiting 
process

Almajthoob et al. 
(2023)

In this research study, a chat-
bot AI agent is employed for 
mobile messaging applications 
and acting based on current 
updates frequent usages. 

It has employment-focused 
such as LinkedIn, Naukri and 
other hiring-related service 
providers
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Existing Literature  Methods Shortfall

Gupta and Mishra 
(2022);
Verma et al. (2023)

DorkGPT, RecruitEm, Mer-
lin, Albus, Zavvy, Effy AI, 
Leena AI, Entelo, Firstup, 
IBM Watson Talent, Textio, 
SpringRecruit, Pymetrics, At-
tract.ai, Paradox.ai, Loxo and 
others by setting up X-Ray 
and Boolean searching.

These existing techniques, 
human intervention, and 
some shortfalls related to al-
gorithmic bias occurred when 
implemented in the real-life 
scenarios

Bujold et al. (2023) A qualitative and quantitative 
study over different coun-
tries, related to tackling the 
uses of AI in HR tasking.

However, participants in the 
study emphasized the human 
factors in taking accountability 
at the end. Hence, the assess-
ment of AI HR is not final.

Budhwar et al. 
(2023); Jobylon 
(2024); Lobell 
(2024);
 IBM Consulting, 
(2023)

HR leaders encourage using 
AI-HR due to the advantages 
and benefits, which showed 
clear that the AI-HR future 
is a must, and both academi-
cians and researchers should 
work on this matter.

Limited to, productivity, ac-
curacy, efficiency, fewer bias, 
and enhancing economics on 
a large scale.

Our Proposed 
Method

We found that research 
methods have the concerned 
over the risk of algorithmic 
unfairness, ethical concerns, 
insufficient recognition of 
candidature measurements 
outcomes, and the require-
ments for HR involvement, 
and intervention throughout 
the process of recruitment.

To fill-up the research gap in 
the traditional research, we 
propose an integrated frame-
work along with pattern rec-
ognition for measuring candi-
dates’ skills sets and ensure 
performance measurement 
function through machine 
learning by reinforcement 
learning with Naïve Bayes 
posterior probability

Based on the literature review, several key concerns are identified in current 
research methods, including the risks of algorithmic unfairness, ethical issues, 
insufficient recognition of candidate measurement outcomes, and the need for 
continued HR involvement and intervention throughout the recruitment process. 
These challenges highlight critical gaps in the existing body of research, which 
this study aims to address. While previous studies acknowledge the potential of AI 

Cont. Table 1 
Existing Literature Review for Methods and Shortfalls
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in recruitment, they often fail to provide a comprehensive assessment of its limita-
tions, particularly those regarding transparency, fairness, and long-term impact on 
decision-making. To bridge these gaps, we propose an integrated framework that 
incorporates pattern recognition techniques for measuring candidates' skill sets. 
This framework also ensures robust performance measurement through the appli-
cation of machine learning, specifically reinforcement learning, with Naïve Bayes 
posterior probability. Unlike prior research, which often relies on static AI models 
with predefined parameters, our approach dynamically adapts to candidate data, 
reducing bias and enhancing predictive accuracy.

Furthermore, to enhance the framework's capabilities, a software robot (soft-
bot) intelligent agent is implemented. This agent plays a pivotal role in addressing 
the shortcomings identified in previous research, ensuring a more efficient and 
fair recruitment process. Unlike traditional AI-driven tools that operate autono-
mously with limited HR oversight, our model integrates human feedback loops to 
refine decision-making and mitigate unintended bias. The gaps that exist in prior 
studies, such as algorithmic bias and limited involvement of HR professionals, are 
significantly resolved in this study. Moreover, the proposed framework improves 
the activities of Intelligent Agents (IAIs) by providing valuable insights into their 
strengths and eliminating previous weaknesses. Notably, the incorporation of 
episodic elements into the research design further enhances the over effective-
ness of the system. This innovation addresses the limitations of past systems and 
demonstrates a significant advancement in the application of AI in HR recruit-
ment by ensuring adaptability, accountability, and explainability—three factors 
often overlooked in existing AI recruitment methodologies.

Intelligent AI (IAI) HR Research Design

We develop an Intelligent Agent AI (IAI) designed to receive a set of per-
cepts from diverse environments and generate a corresponding set of actions. 
Each agent is equipped with a set of predefined internal rules that are adapted as 
new HRM-related percepts are acquired. These rules guide the IAI’s supervisory 
procedures, enabling it to select appropriate actions. However, to optimize its 
functionality, it is essential to define the IAI's mapping as a function that connects 
percept sequences to the resulting actions. This step ensures that the agent oper-
ates effectively within HRM contexts, providing accurate and relevant outcomes.
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To achieve this, we employ a reinforcement learning approach, integrating 
Naïve Bayes posterior probability to enhance predictive accuracy and deci-
sion-making. The research design relies on both simulated and real-world data, 
with a dataset comprising anonymized recruitment data from technology and 
healthcare industries, sourced from publicly available HR datasets and collabora-
tions with HR firms. The dataset includes [sample size], with industry representa-
tion balanced to account for sector-specific hiring patterns.

The justification for selecting Naïve Bayes over other classifiers stems from 
its efficiency in handling high-dimensional data and probabilistic decision-mak-
ing, which aligns well with recruitment scenarios where multiple attributes influ-
ence hiring decisions. Other classifiers, such as decision trees and support vector 
machines, are considered but are less effective in scenarios requiring real-time ad-
aptability. Additionally, reinforcement learning is implemented with a structured 
reward function that prioritizes bias reduction and hiring efficiency. The training 
protocol consists of episodic AI training, where the model iteratively refines its 
decision-making based on performance feedback.

Framework for IAI

The framework for the Intelligent Agent AI (IAI) in the context of HRM is 
built around percepts derived from various properties of the environment, ac-
companied by a set of predefined rules. These rules enable the IAI to adapt and 
act within different HRM scenarios, making its experiences episodic in nature. 
Each episode within the IAI's process involves perceiving the environment and 
taking actions based on the feedback received, where the quality of these actions 
is determined by the environment itself. Importantly, the outcome of one episode 
does not directly influence the actions or decisions made in subsequent episodes, 
allowing for independent evaluation and adjustment of actions over time.

 This episodic structure makes the IAI adaptable and capable of continuous 
learning without being overly dependent on previous interactions. The approach 
is particularly valuable in HRM, where the agent can dynamically assess and 
respond to various candidate or job seeker profiles, ensuring a more precise align-
ment with the recruitment process.

To address real-world validation, we propose a pilot implementation of the 
framework within HR systems of selected companies. This would involve testing 
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the AI's hiring recommendations against human recruiters’ decisions to measure 
its effectiveness. We also discuss potential barriers to real-world adoption, includ-
ing ethical considerations, computational efficiency, and adaptability to organiza-
tional hiring norms.

Figure 1 illustrates the framework for IAI, specifically designed for job seek-
ers and HR managers. This framework encompasses a sequence of steps, includ-
ing setting up the IAI agent for both job seekers and HR professionals, ensuring 
that it can effectively support the recruitment and talent acquisition process. By 
integrating these components, the IAI optimizes HRM functions, providing more 
efficient and unbiased support to both employers and candidates.

Scalability Considerations

The scalability of the IAI framework is critical for high-volume hiring envi-
ronments. To evaluate this, we analyze its computational complexity and compare 
performance against traditional AI recruitment models. Preliminary tests indicate 
that the framework processes applications per second, with latency optimized for 
real-time decision-making. However, further assessments are required to ensure 
seamless integration into enterprise HR systems managing large datasets.

By incorporating real-world data validation, industry-specific applications, 
and reinforcement learning, the framework enhances recruitment efficiency while 
minimizing bias. Future improvements include expanding dataset diversity, refin-
ing reward function parameters, and piloting real-world deployment to measure 
its impact on hiring outcomes.

Figure 1 illustrates the IAI framework, structured to support both job seekers 
and HR professionals. It outlines the sequence of steps involved in configuring 
the IAI agent to optimize recruitment processes, ensuring efficient and unbiased 
talent acquisition.
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Figure 1: A Framework for Intelligent AI (IAI) for Job Seekers and AI HRM

Based on state-of-the-art techniques in the current literature and experimental 
studies, we develop the intelligent AI (IAI) framework tailored for job seekers and 
AI HRM, as shown in Figure 1. This framework integrates insights from existing 
research and provides a structured approach to enhancing recruitment process-
es. However, key methodological details are essential for validating the study's 
claims and ensuring its applicability in real-world HR systems.

Enhancements to the Framework

-	� Data Source and Composition: The framework lacks explicit details on 
the dataset used. Clarifying whether the data is real-world or simulated, 
along with its sample size and industry representation, would strengthen 
the study's credibility.
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-	� Machine Learning Approach Justification: The selection of Naïve Bayes 
as the primary classifier over other algorithms requires a stronger justifi-
cation. A comparative analysis with alternative methods would help vali-
date its effectiveness. Additionally, the implementation of reinforcement 
learning needs further elaboration, particularly in terms of defining reward 
functions and training. 

-	� Bias Reduction and Real-World Validation: Claims about bias reduction 
remain unquantified, and providing empirical evidence through bias anal-
ysis metrics would enhance transparency. While the framework is tested 
in a simulated environment, there is no discussion of its performance in 
real-world HR systems. Addressing this limitation by outlining real-world 
implementation strategies is crucial.

-	� Scalability Considerations: The framework does not fully address how it 
handles large datasets and real-time processing demands. A discussion on 
computational complexity and performance in high-volume hiring envi-
ronments would strengthen its practical relevance.

Framework Implementation

The proposed framework follows a systematic series of steps, each critical to 
ensuring the functionality and success of IAI within the HRM context:

•	 �Setting up IAI – Initializing the agent system to ensure its readiness for 
processing and decision-making.

•	 �Creating IAI Agent – Developing the IAI agent based on predefined rules 
and capabilities tailored to the HRM environment.

•	� IAI Mapping – Establishing relationships between percepts and actions to 
ensure informed decision-making.

•	� IAI Function for ML-PR (Machine Learning Pattern Recognition) – 
Implementing machine learning techniques to enhance decision-making 
through continuous learning.

•	� IAI-HRM Utility Agent – Designing a utility function that evaluates the 
agent's effectiveness in achieving HRM goals.

These steps’ structure the agent’s learning process, ensuring that IAI dynami-
cally adapts, learns from interactions, and optimizes recruitment efficiency.
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Real-World Application

-	 Setting up the Intelligent Job-Seeking Agent

-	� The agent begins by acquiring a dataset from job seekers, including key 
dependent variables.

-	� If the candidate’s data is accepted, it is processed and stored in a knowl-
edge base.

-	� To validate the framework, practical case studies should demonstrate how 
AI recruitment systems function across industries such as technology and 
healthcare.

-	 Creating the IAI Agent

-	� The agent interacts with job seekers and recruiters, utilizing a perceive-
and-act model grounded in machine learning.

-	� The system employs reinforcement learning, but additional details on 
training protocols are necessary.

-	� The application of Naïve Bayes posterior probability requires further explana-
tion, including its comparative advantages over other classification models.

-	 IAI Mapping

-	� The mapping function incorporates an ML function for pattern recognition 
(PR), tracking job seekers' progress within an episodic environment.

-	� Data collected from job seekers should be validated using real-world hiring 
datasets to assess the framework’s practical impact.

-	 IAI Function for ML-PR

-	  �Machine learning function calculates HRM performance scores (Scores_
HRM), using defined variables such as starting state, environmental 
changes, and termination conditions.

-	� To address scalability, the computational complexity of processing 
high-volume hiring data must be discussed.

By incorporating these refinements, the study can provide a more robust and 
applicable framework, ensuring that IAI-based recruitment systems are effective, 
scalable, and validated against real-world HR challenges.
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Table 2 
Function of Intelligent AI for Job Seekers and HR Managers

HRM_Program IAI (Start_State, Modify_En, IAI_Agents, Termination, Perform_
mess) returns Scores_HRM

Inputs: Start_State: The starting state and further coming states of IAIs
            Modify_En: To update the environment  
            IAI_Agents: Set of agents for population
            Termination: End of the state when goal is reached
            Perform_mess: To measure the performance of the IAI agent

Repeat
            For each IAIagent in IAI_Agents Do 
                   Percept [IAIagent]  Get_Percept(IAIagent, Start_state)
            End
            For each IAIagent in IAI_Agents Do 
                 Actions [IAIagent]  HRM_Program[IAI_agent]( Percept [IAIagent] ) 
            End
Start_State  Modify_En(Actions, IAI_Agents, Start_State)
Scores_HRM  Perform_mess(Score, IAI_Agents, Start_State)
Until Termination(Start_State)

Return Scores_HRM

Machine learning (ML) and pattern recognition (PR) functions operate contin-
uously, ensuring seamless processing for both job seekers' Intelligent AI Agents 
(IAI) and human resource management (HRM) IAIs. The framework follows a 
dual-loop mechanism. The first loop collects percepts based on the IAIs' initial 
states, while the second loop translates these percepts into actionable insights 
through HRM programs. This dynamic cycle enables continuous state modifi-
cation, ensuring the system adapts through iterative learning. The IAI agents ac-
tively engage with the environment, updating their states based on new inputs, 
thereby refining the decision-making process.

The system’s performance is measured through an HRM-generated score that 
evaluates the accuracy of candidate-job matching. This iterative loop concludes 
once an optimal match is identified, at which point the final score is fed back into 
the ML-PR program for further training. This process enhances the predictive 
capabilities of the system over time, improving hiring decisions and efficiency.

IAI-HRM Utility Agent
To optimize decision-making, the IAI-HRM utility agent is integrated into the 

framework. This agent operates by aligning predefined rules with percepts gath-
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ered from job seekers and HR managers in an episodic environment. By matching 
these rules with contextual inputs, the utility agent determines appropriate actions 
to enhance HRM utility.

Table 3 outlines the core functions of the IAI-HRM utility agent, incorporat-
ing static memory storage of initial and subsequent IAI states, predefined condi-
tion-action rules, and a structured utility set for HRM. This adaptive framework 
enables real-time responses to varying hiring conditions, enhancing the accuracy 
of candidate-role matching.

Table 3 
Function for IAI-HRM Utility Agents

Function IAI-HRM Utility(percept) returns Actions and Utility

Static: Start_State: the starting state and upcoming states of IAI agents
            Rules: a set of condition-action rules
            Utility: a set of predefined utility for HRM

Start_State  Modify_State(Start_State, percept)
Rules Rule_Match(Start_State,Rules)
ActionsRule_Action[Rules]
Start_State  Modify_State(Start_State, Action)
Utility  Utility_HRM(Start_State, Rules, Actions)

Return Actions and Utility 

Real-World Implementation and Validation

A key concern in AI-driven recruitment is ensuring the system’s applicability 
in real-world HR settings. While the proposed framework is validated in a simu-
lated environment, its performance in practical HR systems requires further ex-
amination. To address this, we suggest exploring implementation scenarios in var-
ious sectors. In the technology sector, AI-driven systems can analyze thousands 
of developer resumes, matching skills to job descriptions with ML-PR functions. 
The utility agent can optimize candidate selection by incorporating industry-spe-
cific requirements, like coding proficiency tests and project-based assessments. In 
healthcare, the framework can assist in hiring nurses and physicians by evaluating 
certifications, clinical experience, and specialty expertise, using real-world data 
to validate its ability to recommend candidates based on hospital staffing needs, 
enhancing the efficiency and quality of the hiring process.
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Scalability and Computational Performance

The proposed system must efficiently handle large datasets and real-time hir-
ing. Future work should focus on optimizing performance in high-volume en-
vironments through parallel processing, using distributed computing to process 
multiple profiles simultaneously. Additionally, machine learning models like 
Naïve Bayes, Support Vector Machines, and deep learning should be evaluated 
for scalability. Reinforcement learning can be integrated to clarify reward func-
tions, training protocols, and bias reduction metrics, ensuring fairness and trans-
parency in hiring.

Methodological Justifications and Data Composition

The study should clarify whether data comes from real-world hiring platforms 
or simulated sources, specifying sample size and industry representation for rel-
evance. The choice of Naïve Bayes over other classifiers must be justified with 
comparative performance metrics. Claims about bias reduction should be sup-
ported by empirical measures, including fairness-aware techniques and diversi-
ty metrics. Successful recruitment goes beyond selection; sustainability within 
the company is key. The IAI-HRM Utility Agent improves HR processes like 
screening, interviewing, and retention, promoting long-term success. By balanc-
ing hiring goals, the framework optimizes HR decision-making, contributing to 
more efficient and fairer AI-driven hiring. Addressing validation, scalability, and 
transparency will enhance the study’s impact and real-world application in HRM 
systems.

Experimental Results

The proposed framework is successfully implemented and tested within an ep-
isodic environment, utilizing a combination of resampling and random sampling 
techniques. This approach enables comprehensive testing and evaluation across 
various conditions, ensuring the robustness of the framework under different sce-
narios. However, it is important to note that while the system is tested in a con-
trolled environment, future work should validate these results using real-world 
HR data to assess the system's practical applicability and reliability in operational 
settings.
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Episodic IAI Frequency Measures

Figure 2 illustrates the results of the episodic IAI frequency in relation to mem-
ory updates and performance scores. In general, we reduce the frequency of up-
dates to mitigate high-frequency data influences, which could otherwise introduce 
aliasing effects during memory updates within the IAI system. This reduction 
ensures more stable and accurate updates, but the trade-off between frequency 
and performance needs further statistical evaluation. Specifically, statistical sig-
nificance tests (e.g., t-tests or p-values) should be conducted to confirm whether 
or not the observed performance improvements are statistically significant. This 
validation would enhance the reliability of the reported improvements.

To refine the data and improve accuracy, Z-score normalization is applied 
within the Episodic IAI-HRM framework. This normalization method standardiz-
es the data, ensuring that different feature scales do not dominate the analysis, thus 
allowing a more balanced evaluation of candidate suitability. The findings suggest 
that a lower frequency of updates correlates with higher performance scores in the 
ML-PR functions. This indicates that more frequent updates may overwhelm the 
system, leading to diminishing returns in performance. However, further quanti-
tative analysis, such as variance tests or error rates, should be performed to assess 
the stability of these findings under varying conditions, including large datasets 
and real-time processing.

The evaluation metric employed assesses the performance of the IAI agent 
through reinforcement machine learning processes, utilizing Naïve Bayes posteri-
or probability values. These evaluations are presented in Figure 2, showing the re-
lationship between memory updates and the performance scores of the IAI agent. 
Continuous monitoring of performance measures ensures that the IAI algorithm 
is functioning optimally and is adaptable to real-world applications. Nonetheless, 
future studies should consider applying this framework to real-world HR systems 
to observe its performance across different industries, such as technology and 
healthcare, where recruitment challenges may differ significantly.
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Figure 2: The Episodic IAI Frequency of Update Memory and  
its Performance Scores

Performance Measures of IAI

Figure 3 presents the performance measures of the IAI agents, with scores 
ranging from -3 to 3, as determined by the ML-PR functions outlined in Table 2. 
These performance measures reveal a trend in which the median value of Z-scores 
provides a more accurate and reliable representation of the system's overall per-
formance. By calculating the difference between the ML-PR function values and 
the mean for each variable, we observe improvements in the performance of the 
IAI-HR agents. This suggests that adjusting the system for Z-scores enhances its 
ability to match candidates to job positions more effectively.

To further evaluate IAI performance, machine learning testing samples are 
collected and analyzed using Z-scores to assess the system's effectiveness in re-
al-world recruitment scenarios. 

Figure 3 displays the relationship between the performance measures of the 
IAI agents (on the X-axis) and the corresponding Z-score values (on the Y-axis). 
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This visual representation highlights the positive correlation between these varia-
bles, providing a clear indication of how the performance measures align with the 
overall success of the recruitment process. Such analysis underscores the critical 
role of Z-scores in optimizing IAI decision-making and improving the accuracy 
of candidate selection.

Figure 3: The Performance Measures of IAI Agents in Terms  
of Episodic Events

Episodic IAI on HRM Processes

The HRM processes of screening and filtering are effectively executed using 
ML-PR for IAI agents, as shown in Figure 4. This figure illustrates the relationship 
between the event counts from job seekers and HRM access, with key data points 
highlighted by red star markers. The results from these processes demonstrate that 
the proposed framework successfully facilitates both agents in the screening and 
filtering stages of recruitment.

We present an integrated framework that combines pattern recognition and 
machine learning to evaluate candidates' skill sets. This approach ensures that the 
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performance measurement functions are accurately aligned with reinforcement 
learning techniques, specifically using Naïve Bayes posterior probabilities. By 
employing this method, we address several key challenges identified in prior re-
search, such as the risks of algorithmic bias, ethical concerns, and the necessity 
for continuous HR involvement throughout the recruitment process.

To mitigate issues found in previous studies, a softbot agent is implemented 
within the framework. This softbot plays a crucial role in eliminating algorith-
mic bias, improving the recognition of candidate outcomes, and streamlining HR 
intervention during the recruitment process. The enhancements made to the IAI 
framework significantly improve its operational capacity. These improvements 
not only address the weaknesses identified in previous implementations but also 
strengthen the system, particularly in the context of episodic environments.

Figure 4: Episodic IAI on HRM Screening and Filtering Processes

Observation of ML-PR Errors

The behavior of ML-PR is observed by analyzing errors that occur during 
episodic events and the variation in Z-score normalization over time. As shown 
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in Figure 5, errors become less frequent due to the proper configuration of pa-
rameters for both job seekers IAI and HR IAI. This observation indicates that, 
as the training and testing of the episodic IAI progress, the error rates diminish 
significantly, especially when various environmental changes are introduced. The 
system's ability to adapt to these changes highlights the robustness and reliability 
of the proposed framework.

Framework Methodologies: Naïve Bayes and Z-score Normalization

The proposed HRM framework is designed to address common challenges in 
machine learning-based pattern recognition (ML-PR) errors, such as inconsisten-
cies in data processing and classification inaccuracies. These challenges highlight 
the need for robust algorithms and preprocessing techniques to improve system re-
liability and decision-making efficiency. To achieve this, the framework incorpo-
rates essential methodologies, including Naïve Bayes and Z-score normalization.

The Naïve Bayes algorithm, grounded in Bayes' theorem, is a classification 
method that computes posterior probabilities by assuming predictor independ-
ence. This simplification enables efficient calculations while maintaining accura-
cy, making it particularly suitable for systems that require quick decision-making. 
In the HRM system, Naïve Bayes analyzes features such as skills and experience 
to classify candidates as suitable or unsuitable. By automating the evaluation and 
prioritization of candidates who meet predefined criteria, it streamlines the re-
cruitment process, especially when handling large datasets.

Z-score normalization complements this by standardizing raw data, converting 
values into standardized scores relative to the mean. This process eliminates bias 
from varying measurement units, ensuring fair data comparisons. By standardiz-
ing attributes such as experience and test scores, Z-score normalization ensures 
consistent candidate evaluation and enhances machine learning performance. 
It prevents any single feature from dominating the outcomes and optimizes the 
training of episodic agents by normalizing data inputs for accurate decision-mak-
ing updates.

Together, Naïve Bayes and Z-score normalization form a solid foundation for 
the proposed HRM framework. They address key challenges such as consistency, 
fairness, and scalability, enabling a data-driven approach to modern recruitment. 
This integration ensures efficient and equitable candidate evaluation, meeting the 
needs of intelligent HR systems.
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Building on these foundational methods, the next section compares the pro-
posed framework with existing techniques, highlighting the advantages of inte-
grating machine learning and standardization approaches to achieve superior per-
formance in HR management systems.

Figure 5: Episodic IAI Training and Testing Errors on  
Performance Measurements

Comparison with Existing Techniques

The results show that the proposed framework significantly outperforms tra-
ditional agents such as RecruitEm, Merlin, Albus, Zavvy, Effy AI, and Leena AI. 
This improvement is evident across various critical areas, including administra-
tive management, recruitment, monitoring, screening, training, sustainability, and 
resource retention. Table 4 presents a comparison between the existing methods 
and our proposed framework, emphasizing accuracy performance metrics for 
both job seekers and IAI HRM. Notably, the proposed framework demonstrates a 
higher true positive ratio compared to traditional methods.

In addition to these performance gains, a key advantage of the proposed frame-
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work is its reduction in the need for human intervention. Traditional techniques 
often require human oversight and can be prone to algorithmic bias when imple-
mented in real-time scenarios. In contrast, our framework operates autonomously, 
minimizing these limitations. The integration of reinforcement learning enables 
the system to continuously learn from observations, drawing insights from past 
and current states to optimize performance and achieve recruitment goals. This 
dynamic learning approach allows the system to adapt and improve over time.

Furthermore, this research addresses several challenges inherent in Boolean 
searching, a common limitation in traditional recruitment methods. By incorpo-
rating pattern recognition and machine learning techniques—especially Naïve 
Bayes posterior probabilities—the proposed framework enhances the accuracy 
and efficiency of candidate selection. The use of episodic agents in conjunction 
with IAI further strengthens the performance of the intelligent agents, particular-
ly in terms of scoring and evaluation measures. This integration ensures that the 
proposed framework not only overcomes the limitations of existing methods but 
also offers a more robust and scalable solution for HR management.

Table 4 
Comparison with Existing Methods and Proposed Framework

Methods Factors
Accuracy Performance Met-

rics in Percentage (in Terms of 
Job Seekers and IAI HRM)

RecruitEm Recruitment 
Monitoring

72
83

Merlin Admin management
Recruitment
Monitoring

82
76
78

Albus Screening
Improving 
Training

86
75
76

Zavvy Admin management
Recruitment
Sustainability

87
86
75

Effy AI Admin management
Recruitment
Improving
Retained resources

78
76
78
85
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Methods Factors
Accuracy Performance Met-

rics in Percentage (in Terms of 
Job Seekers and IAI HRM)

Leena AI Admin management 
Recruitment
Monitoring
Screening

79
82
88
76

Our 
Proposed 
Method

Admin management 
Recruitment 
Monitoring 
Screening 
Improving 
Training
Sustainability 
Retained resources

89
87
86
82
89
86
85
87

Our proposed method demonstrates efficiency across HRM eight factors:  ad-
min management, recruitment, monitoring, screening, improving, training, sus-
tainability, and retained resources. Unlike other methods, our method reduces the 
overall human intervention in these areas and obtains notable efficiency as stated 
in Figure 6. 
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Figure 6: Our Proposed Methods Efficiency in Terms of Eight Factors

Cont. Table 4 
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Figure 7 depicts the overall accuracy of the proposed method by comparing it 
with existing methods in terms of time and effectiveness. 
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Figure 7: The Efficiency of Our Proposed Method Compared to Existing Methods

Implementing the Framework in HR Departments

Successfully integrating the proposed framework into HR systems requires a 
strategic approach that addresses technical, financial, and human resource chal-
lenges. A clear implementation roadmap is essential, covering key factors such as 
costs, training requirements, and overall system compatibility. Recruitment pro-
cesses involve multiple stages, including admin management, recruitment, moni-
toring, screening, improving, training, sustainability, and retained resources. The 
introduction of machine learning (ML) in an Intelligent Agent Framework for 
HRM aims to optimize these processes, reducing time complexity and improving 
efficiency. Table 5 depicts the time complexity of the proposed method when 
implementing IAI. It illustrates those eight different aspects of the proposed meth-
od compared to the existing methods. The method reduces the time complexity 
considerably. 
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Table 5 
 Comparison of Traditional vs IAI ML Proposed Method

Aspect Traditional (Higher Com-
plexity)

ML-Optimized (Lower 
Complexity)

Admin Management                O(A)                O(1)

Recruitment                O(N)                O(log N)

Monitoring                O(E)                O(log E)

Screening                O(N²)                O(N log N)

Improving                O(AI)                O(log AI)

Training                O(TC)                O(T log C)

Sustainability                O(ES)                O(log ES)

Retained Resources                O(Rr)                O(log Rr)

The first step in the process is to assess the compatibility of existing HR soft-
ware with the proposed framework. This evaluation ensures that the current infra-
structure can support advanced machine learning algorithms, such as Naïve Bayes 
and episodic IAI agents. If necessary, upgrades or middleware solutions may be 
introduced to facilitate seamless integration. Once compatibility is confirmed, the 
framework must be customized to align with the organization's recruitment pro-
cesses and industry-specific needs. Close collaboration between HR departments 
and developers is crucial to ensure the system is tailored to effectively meet or-
ganizational goals.

Data integration plays a vital role in this process. Historical candidate data 
must be cleaned, preprocessed, and organized to ensure accuracy and reliability. 
This preparation allows the system’s algorithms to adapt to the unique needs of 
the organization before full-scale deployment. Pilot testing, using a small dataset, 
is essential for identifying potential issues such as performance bottlenecks, user 
interface challenges, or integration difficulties. During this phase, key metrics—
such as screening accuracy, time efficiency, and user satisfaction—should be 
closely monitored. Following successful pilot testing and validation, the frame-
work can be rolled out organization-wide.

While the benefits of this framework are significant, the integration process 
entails considerable initial costs. Software development, system upgrades, and in-
tegration expenses typically range from $50,000 to $150,000. Additionally, infra-
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structure improvements, such as server upgrades or transitioning to cloud servic-
es, may be required. Cloud services often involve recurring monthly fees, further 
increasing the financial investment. Ongoing maintenance and system updates 
are also necessary, with annual costs estimated between $10,000 and $30,000, 
depending on system complexity.

To ensure the system's full effectiveness, HR staff must receive specialized 
training in using AI-powered tools, interpreting data, and troubleshooting po-
tential issues. Training on ethics and fairness is also critical to mitigate bias in 
AI-driven recruitment processes. Continuous education and technical support are 
vital for keeping HR personnel informed about system enhancements, ensuring 
smooth and efficient operations in the long term.

In summary, while implementing the framework requires a substantial upfront 
investment, it offers long-term benefits in recruitment efficiency and organiza-
tional performance. With a strategic approach, comprehensive training, and ongo-
ing support, HR departments can fully leverage the system's potential to stream-
line candidate evaluation and improve hiring outcomes.

Discussion 

The integration of reinforcement learning and episodic agents in the proposed 
framework significantly reduces the need for human oversight, enabling the sys-
tem to adapt and improve autonomously (Lu et al., 2020).

Additionally, the combination of Naïve Bayes and Z-score normalization en-
hances the system’s capacity to handle large datasets and make accurate candidate 
evaluations. These methods are particularly useful in high-volume recruitment, 
where data consistency and fairness are crucial. Naïve Bayes provides an efficient 
classification mechanism, and Z-score normalization standardizes features like 
skills and experience, ensuring fair comparisons (Mingers, 2014).

Scalability is another critical consideration, especially given the large vol-
ume of data in HRM. The framework utilizes parallel processing and distributed 
computing, which allows it to handle substantial datasets and real-time hiring 
processes. These improvements ensure that the system can process multiple can-
didate profiles simultaneously without delays, making it ideal for high-volume 
environments. To further enhance scalability, future evaluations of other machine 
learning models, such as Support Vector Machines and deep learning models, 
could provide additional insights (Yuan et al., 2020).
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The methodological framework is essential for ensuring the system's reliabil-
ity and fairness. It outlines key considerations in dataset composition, algorithm 
selection, and bias reduction. One of the primary advantages of the system is its 
ability to specify dataset sources, enhancing transparency and validation. While 
resampling and random sampling techniques are used for testing, future studies 
should focus on sourcing data from real-world platforms to ensure practical ap-
plicability (Binns et al., 2018). The use of Naïve Bayes as the primary classifier is 
justified by performance metrics, though exploring other classifiers could improve 
the system further (Deng & Yu, 2014). Additionally, fairness-aware ML techniques 
help reduce algorithmic bias and ensure transparency in decision-making.

Despite these advantages, integrating the framework into existing HR systems 
presents challenges, including evaluating compatibility with current software and 
ensuring data integration. Pilot testing is crucial for identifying potential issues 
before full deployment, and key metrics such as accuracy, efficiency, and user sat-
isfaction must be monitored. Implementation costs, including software develop-
ment and system integration, may range from $50,000 to $150,000, with ongoing 
maintenance between $10,000 and $30,000 annually.

Training HR staff is vital for effective system use, as technical training must 
be accompanied by education on ethics and fairness to mitigate bias in AI recruit-
ment processes. Ongoing education and technical support will ensure the system’s 
long-term success.

In summary, the AI-driven HRM framework optimizes recruitment, reduces 
bias, and enhances decision-making. By addressing scalability, performance, and 
fairness, it provides a solution adaptable to the evolving needs of HR departments. 
Future research could explore alternative machine learning algorithms, real-world 
data integration, and advancements in fairness-aware techniques. This framework 
has the potential to transform HR practices, creating a more efficient and inclu-
sive hiring landscape.

Conclusion

The study presents a significant contribution through the development of an 
integrated framework for intelligent AI agents, utilizing reinforcement machine 
learning (ML) for both job seekers and HR personnel. The framework facilitates 
active and passive sourcing for candidate selection, operating efficiently around 
the clock while minimizing interferences. The proposed software robot works 
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within knowledge bases, acquiring data from diverse sources via a utility-IAI 
approach. This advanced framework proves to be a powerful asset for industries 
employing intelligent agents equipped with ML-PR techniques, such as Naïve 
Bayes posterior probability methods. It effectively addresses complex tasks that 
HR managers typically face, offering enhanced decision-making and efficiency.

Episodic IAI agents are trained and tested in real-life scenarios, with perfor-
mance observed across different environments and resource types. While the sys-
tem shows promising results, ML-PR methods do introduce a certain number of 
errors in Z-scores during episodic performance evaluations. Currently, there are 
limitations in the training process, particularly those regarding the update memo-
ry and performance scores for episodic events. Future improvements will focus on 
refining reinforcement ML techniques to reduce memory utilization and mitigate 
errors associated with episodic events. However, the business impact of IAI and 
its adoption challenges require further exploration to assess real-world applicabil-
ity and organizational readiness. The study lays the groundwork for further inves-
tigation into AI applications in HR, offering new opportunities for AI researchers 
to explore and expand upon.

The findings of the study demonstrate the effectiveness of an integrated 
AI-driven HR framework in automating recruitment processes and enhancing 
decision-making. However, beyond reiterating the results, a synthesis of key 
quantitative outcomes is necessary to highlight the framework’s practical contri-
butions. Additionally, a discussion on the business impact of IAI, including adop-
tion barriers such as cost, regulatory constraints, and workforce adaptation, would 
strengthen the applicability of the findings. These considerations will be essential 
for organizations looking to implement AI-driven HR solutions effectively.

Limitations and Directions for Future Research

Despite the promising results, the framework faces several key limitations. 
Scalability is one significant concern, as the system’s performance may decline 
when handling larger datasets without sufficient computational resources. Ad-
ditionally, bias inherent in the data acquisition or processing stages can lead to 
unfair evaluations if historical bias is present in the training data. Lastly, integrat-
ing the framework into existing HR systems may require significant adjustments, 
including changes to workflows, staff training, and infrastructure, which could 
possibly create compatibility issues with legacy systems.
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To overcome these limitations, future research should focus on enhancing scal-
ability by exploring advanced machine learning techniques such as deep learning 
or distributed computing, which can better handle large-scale datasets. Addressing 
bias is another crucial area; future studies should explore methods to ensure diverse 
and representative datasets, along with the application of fairness constraints in 
the training process. Additionally, investigating how AI-powered recruitment tools 
can be seamlessly integrated into existing HR workflows, without causing disrup-
tions, will be essential for the real-world adoption of this framework. Furthermore, 
future research should analyze the economic and strategic implications of adopting 
AI-driven HR systems, considering factors such as return on investment, indus-
try-specific challenges, and organizational resistance. These efforts will contribute 
to the development of more scalable, fair, and practical HRM systems that can be 
implemented effectively in diverse organizational settings.

References

Ahmed, O. (2018). Artificial intelligence in HR. International Journal of Research and 
Analytical Reviews, 5(4), 971–978. https://dx.doi.org/10.31221/osf.io/cfwvm

Akter, S., Sultana, S., Mariani, M., Fosso Wamba, S., Spanaki, K., & Dwivedi, Y. 
K. (2023). Advancing algorithmic bias management capabilities in AI-driven 
marketing analytics research. Industrial Marketing Management, 114, 243–261. 
https://doi.org/10.1016/j.indmarman.2023.08.013

Almajthoob, A. M. H., Hamdan, A., & Hakami, H. (2023). The effectiveness of ap-
plying artificial intelligence in recruitment in private sectors. In Digitalisation: 
Opportunities and challenges for business (Vol. 1, pp. 631–641). Springer In-
ternational Publishing.

Andrejevic, M., & Selwyn, N. (2019). Facial recognition technology in schools: Crit-
ical questions and concerns. Learning, Media and Technology, 45(2), 115–128. 
https://doi.org/10.1080/17439884.2020.1686014

Belik, I., Bhattacharya, P., & Knudsen, E. S. (2024). A case for simulated data and 
simulation-based models in organizational network research. Research Policy, 
53(8), 105058. https://doi.org/10.1016/j.respol.2024.105058

Bernhardt, M. (2023). Will AI replace human resources? Embrace the AI-driven fu-
ture without losing the human in HR. HR Exchange Network. https://www.hrex-
changenetwork.com/hr-tech/articles/will-ai-replace-human-resources

https://dx.doi.org/10.31221/osf.io/cfwvm
https://doi.org/10.1016/j.indmarman.2023.08.013
https://doi.org/10.1080/17439884.2020.1686014
https://doi.org/10.1016/j.respol.2024.105058
https://www.hrexchangenetwork.com/hr-tech/articles/will-ai-replace-human-resources
https://www.hrexchangenetwork.com/hr-tech/articles/will-ai-replace-human-resources


Bremananth Ramachandran and Raed Awashreh

725

Binns, R., Van Kleek, M., Veale, M., Lyngs, U., Zhao, J., & Shadbolt, N. (2018). "It’s reduc-
ing a human being to a percentage": Perceptions of justice in algorithmic decisions. 
In Proceedings of the 2018 CHI Conference on Human Factors in Computing Sys-
tems (Paper No. 377, pp. 1–14). ACM. https://doi.org/10.1145/3173574.3173951

Black, J. S., & van Esch, P (2020). AI-enabled recruiting: What is it and how should 
a manager use it? Business Horizons, 63(2), 215–226. https://doi.org/10.1016/j.
bushor.2019.12.001

Budhwar, P., Chowdhury, S., Wood, G., Aguinis, H., Bamber, G. J., Beltran, J. R., 
Boselie, P., Cooke, F. L., Decker, S., & DeNisi, A. (2023). Human resource 
management in the age of generative artificial intelligence: Perspectives and re-
search directions on ChatGPT. Human Resources Management Journal, 33(3), 
606–659. https://doi.org/10.1111/1748-8583.12524

Bujold, A., Roberge-Maltais, I., Parent-Rocheleau, X.,   Boasen, J., Sénécal, S., &   
Léger, P. (2023). Responsible artificial intelligence in human resources manage-
ment: A review of the empirical literature. AI and Ethics, 4, 1185–1200. https://
link.springer.com/article/10.1007/s43681-023-00325-1

Cayrat, C., & Boxall, P. (2023). The roles of the HR function: A systematic review of 
tensions, continuity and change. Human Resource Management Review, 33(4), 
100984. https://doi.org/10.1016/j.hrmr.2023.100984

Chen, Z. (2023). Collaboration among recruiters and artificial intelligence: Removing 
human prejudices in employment. Cognition, Techn ology & Work, 25, 135–
149. https://doi.org/10.1007/s10111-022-00716-0

Deng, L., & Yu, D. (2014). Deep learning: Methods and applications. Foundations and 
Trends® in Signal Processing, 7(3–4), 197–387. https://doi.org/10.1561/2000000039

Dunlop, P. D., Holtrop, D., & Wee, S. (2022). How asynchronous video interviews are 
used in practice: A study of an Australian‐based AVI vendor. International Journal 
of Selection and Assessment, 30(3), 448–455. https://doi.org/10.1111/ijsa.12372

Ekuma, K. (2023). Artificial intelligence and automation in human resource develop-
ment: A systematic review. Human Resource Development Review, 23(2), 199–229. 
https://doi.org/10.1177/15344843231224009

Ferrara, E. (2024). Fairness and bias in artificial intelligence: A brief survey of sources, 
impacts, and mitigation strategies. Sci, 6(1), 3. https://doi.org/10.3390/sci6010003

https://doi.org/10.1145/3173574.3173951
https://doi.org/10.1016/j.bushor.2019.12.001
https://doi.org/10.1016/j.bushor.2019.12.001
https://doi.org/10.1111/1748-8583.12524
https://link.springer.com/article/10.1007/s43681-023-00325-1
https://link.springer.com/article/10.1007/s43681-023-00325-1
https://doi.org/10.1016/j.hrmr.2023.100984
https://doi.org/10.1007/s10111-022-00716-0
https://doi.org/10.1561/2000000039
https://doi.org/10.1111/ijsa.12372
https://doi.org/10.1177/15344843231224009
https://doi.org/10.3390/sci6010003


A.J.A.S, Vol. 32, No. 3

726

Friedler, S. A., Scheidegger, C., Venkatasubramanian, S., Choudhary, S., Hamilton, E. 
P., & Roth, D. (2019). A comparative study of fairness-enhancing interventions 
in machine learning. In Proceedings of the Conference on Fairness, Accounta-
bility, and Transparency (pp. 329–338). Association for Computing Machinery. 
https://doi.org/10.1145/3287560.3287589 

Gélinas, D., Sadreddin, A., & Vahidov, R. (2022). Artificial intelligence in human re-
sources management: A review and research agenda. Pacific Asia Journal of the As-
sociation for Information Systems, 14(6), 1. https://doi.org/10.17705/1pais.14601 

Guichet, P. L., Huang, J., Zhan, C., Millet, A., Kulkarni, K., Chhor, C., Mercado, C., 
& Fefferman, N. (2022). Incorporation of a social virtual reality platform into 
the residency recruitment season. Academic Radiology, 29(6), 935–942. https://
doi.org/10.1016/j.acra.2021.05.024

Gupta, A., & Mishra, M. (2022). Ethical concerns while using artificial intelligence in 
recruitment of employees. Business Ethics and Leadership, 6(2), 6–11. https://
doi.org/10.21272/bel.6(2).6-11.2022 

Huang, X., Yang, F., Zheng, J., Feng, C., & Zhang, L. (2023). Personalized human 
resource management via HR analytics and artificial intelligence: Theory and 
implications. Asia Pacific Management Review, 28(4), 598–610. https://doi.
org/10.1016/j.apmrv.2023.04.004

IBM Consulting. (2023). Artificial intelligence automation business transformation. 
Last access 14 April 2024 from https://www.ibm.com/blog/artificial-intelli-
gence-and-a-new-era-of-human-resources/

Jaffri, A. (2024). Explore beyond GenAI on the 2024 hype cycle for artificial intelligence. 
Gartner. https://www.gartner.com/en/articles/hype-cycle-for-artificial-intelligence

Jobylon. (2024). AI in HR – How AI and machine learning are changing the HR in-
dustry. Future of HR AI. https://www.jobylon.com/blog/ai-in-hr/ 

Kambur, E., & Yildirim, T. (2023). From traditional to smart human resources man-
agement. International Journal of Manpower, 44(3), 422–452. https://doi.
org/10.1108/IJM-10-2021-0622

Kassir, S., Baker, L., Dolphin, J., & Polli, F. (2023). AI for hiring in context: A perspective 
on overcoming the unique challenges of employment research to mitigate disparate 
impact. AI and Ethics, 3, 845–868. https://doi.org/10.1007/s43681-022-00208-x

https://doi.org/10.1145/3287560.3287589
https://doi.org/10.17705/1pais.14601
https://doi.org/10.1016/j.acra.2021.05.024
https://doi.org/10.1016/j.acra.2021.05.024
https://doi.org/10.21272/bel.6(2).6-11.2022
https://doi.org/10.21272/bel.6(2).6-11.2022
https://doi.org/10.1016/j.apmrv.2023.04.004
https://doi.org/10.1016/j.apmrv.2023.04.004
https://www.ibm.com/blog/artificial-intelligence-and-a-new-era-of-human-resources/
https://www.ibm.com/blog/artificial-intelligence-and-a-new-era-of-human-resources/
https://www.gartner.com/en/articles/hype-cycle-for-artificial-intelligence
https://www.jobylon.com/blog/ai-in-hr/
https://doi.org/10.1108/IJM-10-2021-0622
https://doi.org/10.1108/IJM-10-2021-0622
https://doi.org/10.1007/s43681-022-00208-x


Bremananth Ramachandran and Raed Awashreh

727

Lobell, K. (2024). How AI is changing HR jobs and tasks. SHRM. https://www.shrm.
org/topics-tools/news/technology/ai-change-hr-jobs

Loureiro, R. B., Pagano, T. P., Lisboa, F. V. N., Nascimento, L. F. S., Oliveira, E. L. 
S., Winkler, I., & Nascimento, E. G. S. (2025). Correlation-based methods for 
representative fairness metric selection: An empirical study on efficiency and 
caveats in model evaluation. Expert Systems with Applications, 268, 126344. 
https://doi.org/10.1016/j.eswa.2024.126344

Lu, R., Zhao, X., Li, J., Niu, P., Yang, B., Wu, H., Wang, W., Song, H., Huang, B., Zhu, 
N., Bi, Y., Ma, X., Zhan, F., Wang, L., Hu, T., Zhou, H., Hu, Z., Zhou, W., Zhao, L., 
Chen, J., Meng, Y., Wang, J., Lin, Y., Yuan, J., Xie, Z., Ma, J., Liu, W. J., Wang, D., 
Xu, W., Holmes, E. C., Gao, G. F., Wu, G., Chen, W., Shi, W., & Tan, W. (2020). 
Genomic characterisation and epidemiology of 2019 novel coronavirus: Implica-
tions for virus origins and receptor binding. The Lancet, 395(10224), 565–574. 
https://doi.org/10.1016/S0140-6736(20)30251-8

Mingers, J. (2014). Systems thinking, critical realism and philosophy: A confluence of 
ideas (1st ed.). Routledge. https://doi.org/10.4324/9781315774503

Nawaz, N., Arunachalam, H., Pathi, B. K., & Gajenderan, V. (2024). The adoption of 
artificial intelligence in human resources management practices. International 
Journal of Information Management Data Insights, 4(1), 100208. https://doi.
org/10.1016/j.jjimei.2023.100208

Nazer, L. H., Zatarah, R., Waldrip, S., Ke, J. X. C., Moukheiber, M., Khanna, A. K., 
Hicklen, R. S., Moukheiber, L., Moukheiber, D., Ma, H., & Mathur, P. (2023). Bias 
in artificial intelligence algorithms and recommendations for mitigation. PLOS 
Digital Health, 2(6), e0000278. https://doi.org/10.1371/journal.pdig.0000278

Panda, G., Dash, M.K., Samadhiya, A., Kumar, A., & Mulat-weldemeskel, E. (2024). 
Artificial intelligence as an enabler for achieving human resource resiliency: 
Past literature, present debate and future research directions. International 
Journal of Industrial Engineering and Operations Management, 6 (4), 326–
347. https://doi.org/10.1108/IJIEOM-05-2023-0047

Sharma, K., Amritphale, M. D., Kataria, J., & Vijayvargiya, K. (2022). Review on chat-
bot-MAYA. International Research Journal of Modernization in Engineering Tech-
nology and Science, 4(11), 1106–1110. https://doi.org/10.56726/IRJMETS31365

https://www.shrm.org/topics-tools/news/technology/ai-change-hr-jobs
https://www.shrm.org/topics-tools/news/technology/ai-change-hr-jobs
https://doi.org/10.1016/j.eswa.2024.126344
https://doi.org/10.1016/S0140-6736(20)30251-8
https://doi.org/10.4324/9781315774503
https://doi.org/10.1016/j.jjimei.2023.100208
https://doi.org/10.1016/j.jjimei.2023.100208
https://doi.org/10.1371/journal.pdig.0000278
https://www.emerald.com/insight/search?q=Gayatri%20Panda
https://www.emerald.com/insight/search?q=Manoj%20Kumar%20Dash
https://www.emerald.com/insight/search?q=Ashutosh%20Samadhiya
https://www.emerald.com/insight/search?q=Anil%20Kumar
https://www.emerald.com/insight/search?q=Eyob%20Mulat-weldemeskel
https://www.emerald.com/insight/publication/issn/2690-6090
https://www.emerald.com/insight/publication/issn/2690-6090
https://doi.org/10.1108/IJIEOM-05-2023-0047
https://doi.org/10.56726/IRJMETS31365


A.J.A.S, Vol. 32, No. 3

728

Singh, A., & Shaurya, A. (2021). Impact of artificial intelligence on HR practices in 
the UAE. Humanities and Social Sciences Communications, 8, 312. https://doi.
org/10.1057/s41599-021-00995-4

Sýkorová, Z., Hague, D., Dvouletý, O., & Procházka, D. A. (2024). Incorporating artificial 
intelligence (AI) into recruitment processes: Ethical considerations. Vilakshan - XIMB 
Journal of Management, 21(2), 293–307. https://doi.org/10.1108/XJM-02-2024-0039

Venugopal, M., Madhavan, V., Prasad, R., & Raman, R. (2024). Transformative AI in 
human resource management: Enhancing workforce planning with topic mode-
ling. Cogent Business & Management, 11(1), 2432550. https://doi.org/10.1080/
23311975.2024.2432550

Verma, P., Islam, M., Patel, P., Malik, A., Budhwar, P., & Gupta, S. (2023). AI-aug-
mented HRM: Literature review and a proposed multilevel framework for future 
research. Technological Forecasting & Social Change, 193, 122645. https://doi.
org/10.1016/j.techfore.2023.122645

Yuan, R., Li, Z., Guan, X., & Xu, L. (2010). An SVM-based machine learning method 
for accurate Internet traffic classification. Information Systems Frontiers, 12(2), 
149–156. https://doi.org/10.1007/s10796-008-9131-2

Zhang, P. (2024). Application of artificial intelligence (AI) in recruitment and selec-
tion: The case of Company A and Company B. Journal of Business and Man-
agement Studies, 6(3), 224–225. https://doi.org/10.32996/jbms.2024.6.3.18

https://doi.org/10.1057/s41599-021-00995-4
https://doi.org/10.1057/s41599-021-00995-4
https://doi.org/10.1108/XJM-02-2024-0039
https://doi.org/10.1080/23311975.2024.2432550
https://doi.org/10.1080/23311975.2024.2432550
https://doi.org/10.1016/j.techfore.2023.122645
https://doi.org/10.1016/j.techfore.2023.122645
https://doi.org/10.32996/jbms.2024.6.3.18


Bremananth Ramachandran and Raed Awashreh

729

Appendix

Glossary or Provide Detailed Explanations

1. Episodic

In artificial intelligence, "episodic" refers to tasks or processes that occur in 
discrete intervals or episodes. Each episode is self-contained, allowing the system 
to reset its state and learn from outcomes, without requiring memory of past epi-
sodes. This approach is commonly used in reinforcement learning to evaluate and 
adjust agent performance incrementally.

2. IAI (Intelligent AI Agent) 

An IAI is an artificial intelligence system designed to perform complex tasks 
autonomously by using machine learning, decision-making, and data analysis ca-
pabilities. In HRM, IAIs are utilized for automating and optimizing recruitment, 
screening, and decision-making processes.

3. Softbot

A softbot (software robot) is a virtual, software-based agent that automates 
tasks within a digital environment. Unlike physical robots, softbots perform logi-
cal operations such as data retrieval, pattern analysis, and workflow management. 
In the context of HRM, softbots assist in candidate filtering, matching, and ad-
ministrative support.

4. ML-PR (Machine Learning-Pattern Recognition)

ML-PR combines machine learning techniques with pattern recognition to 
identify and analyze meaningful patterns in data. This approach is essential for 
systems that need to classify, predict, or infer relationships from large datasets, 
such as matching candidate profiles with job requirements.

5. Naïve Bayes Posterior Probability

A probabilistic algorithm that applies Bayes' theorem to predict the likelihood 
of an event based on prior knowledge. The "posterior probability" is the refined 
probability calculated after considering observed data. For example, in HRM, 
Naïve Bayes can estimate the likelihood of a candidate being a good fit for a po-
sition based on their qualifications and past successes.
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6.  Z-score Normalization

A statistical method that standardizes data by transforming each data point 
into a score that reflects its position relative to the dataset's mean and standard 
deviation. It ensures that data from different scales can be compared consistently, 
which is crucial for accurate machine learning and performance analysis.
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