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ABSTRACT 

Artificial Intelligence (AI) has emerged as a transformative force in recruitment processes, 

redefining how organizations attract, evaluate, and hire talent. This study explores the multifaceted 

role of AI in recruitment, focusing on its potential to enhance efficiency, reduce biases, and 

improve candidate experiences. AI-powered tools, such as resume screening algorithms, chatbots 

for candidate interaction, and predictive analytics, offer significant advantages in identifying top 

talent swiftly and objectively. However, the integration of AI into recruitment is not without 

challenges. Issues such as algorithmic bias, data privacy concerns, and the ethical implications of 

automated decision-making raise critical questions about fairness and transparency. Furthermore, 

the rapid evolution of AI technologies necessitates continuous adaptation and upskilling for HR 

professionals. 

This paper highlights both the opportunities and the challenges posed by AI in recruitment, 

drawing insights from recent advancements and case studies. It underscores the importance of a 

balanced approach that combines human judgment with AI-driven processes to ensure equitable 

and effective outcomes. The findings contribute to the ongoing discourse on leveraging AI 

responsibly in human resource management and provide practical recommendations for 

organizations aiming to harness AI’s potential while mitigating associated risks. 

Keywords: Artificial Intelligence (AI), Recruitment Processes, Algorithmic Bias, Human 

Resource Management, Ethical AI. 

 

INTRODUCTION 

Artificial Intelligence (AI) has rapidly evolved to become a transformative force across various 

industries, including recruitment and human resource management. By leveraging machine 

learning algorithms, natural language processing, and predictive analytics, AI reshapes how 

organizations attract, evaluate, and onboard talent. The integration of AI into recruitment 

processes promises unparalleled efficiency and objectivity, addressing many challenges 

traditionally associated with human resource management (Biswas & Biswas, 2022). However, 

this transformation is not devoid of complexities, as issues such as algorithmic bias and ethical 

dilemmas arise alongside its adoption (Buchanan & Ruthven, 2020). 

The Role of AI in Recruitment Processes 

The application of AI in recruitment primarily revolves around automating repetitive tasks, such as 

resume screening, job matching, and initial candidate assessments. AI-driven tools like Applicant 

Tracking Systems (ATS) and chatbots have demonstrated the ability to streamline workflows and 

enhance the speed of recruitment (Black & van Esch, 2020). For example, tools that utilize natural 

language processing can sift through thousands of resumes in seconds, identifying the most 

relevant candidates based on predefined criteria (Faliagka et al., 2012). These innovations not only 
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reduce the time-to-hire but also ensure that candidates are assessed more consistently, minimizing 

the influence of subjective human biases (Chamorro-Premuzic et al., 2017). 

Furthermore, predictive analytics in AI enables organizations to forecast a candidate’s potential 

performance based on historical data and behavioral patterns. For instance, platforms like 

LinkedIn Recruiter use AI algorithms to suggest candidates who are most likely to fit a role, thus 

optimizing the talent acquisition process (Jeske & Shultz, 2016). Such capabilities enhance 

decision-making by providing actionable insights derived from vast datasets, a task that would be 

time-consuming and error-prone if done manually (Gupta & George, 2016). 

 

ADDRESSING ALGORITHMIC BIAS AND ETHICAL CONCERNS 

Despite its numerous advantages, the use of AI in recruitment raises significant concerns regarding 

fairness and ethics. Algorithmic bias, often stemming from the training data used to develop AI 

models, has been a recurring issue in automated hiring systems. For example, Amazon’s AI 

recruiting tool, which was eventually scrapped, exhibited gender bias by downgrading resumes 

that included words associated with women (Dastin, 2018). Such instances underscore the need for 

transparency in AI algorithms and rigorous testing to ensure equitable outcomes (Leicht-Deobald 

et al., 2019). 

 

Ethical considerations also extend to data privacy, as AI systems require access to vast amounts of 

personal and professional information to function effectively. Organizations must balance the 

benefits of AI-driven insights with the need to safeguard candidate data, ensuring compliance with 

regulations like the General Data Protection Regulation (GDPR) (Kshetri, 2021). Additionally, the 

opacity of AI decision-making processes—often referred to as the "black box" problem—can 

create challenges in accountability and trust, both of which are critical for maintaining the integrity 

of recruitment systems (McIlwraith, 2021). 

 

ENHANCING CANDIDATE EXPERIENCE 

AI-powered tools are not only beneficial for recruiters but also for candidates, as they streamline 

and personalize the application process. Chatbots, for example, can provide real-time assistance to 

applicants, answering queries about job roles, company culture, and application status (Black & 

van Esch, 2020). Such interactions enhance the overall candidate experience by offering a sense of 

engagement and reducing uncertainties commonly associated with traditional recruitment 

processes (Gill & Cohen, 2022). 

Moreover, AI enables greater personalization in recruitment by tailoring job recommendations to 

individual candidates based on their skills, experiences, and preferences. This approach mirrors the 

algorithms used in e-commerce platforms, where personalized recommendations drive user 

engagement and satisfaction (Jeske & Shultz, 2016). By adopting similar methodologies, 

organizations can position themselves as more candidate-centric, thereby attracting top talent in 

competitive markets (Chamorro-Premuzic et al., 2017). 

 

CHALLENGES OF AI IMPLEMENTATION IN RECRUITMENT 

While the benefits of AI are substantial, its implementation in recruitment processes is fraught 

with challenges that must be addressed to maximize its potential. One major issue is the reluctance 

of HR professionals to adopt AI-driven tools due to a lack of technical expertise and fear of job 
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displacement (Harvey, 2019). Training and upskilling programs are essential to equip HR teams 

with the knowledge and confidence needed to leverage AI effectively (Hoffman & Tziner, 2020). 

Another challenge lies in the adaptability of AI systems to evolving organizational needs. 

Recruitment is inherently dynamic, with job requirements and candidate expectations constantly 

shifting. AI models must be continuously updated and refined to remain relevant and effective 

(Nawaz & Gomes, 2020). Additionally, the high initial costs associated with AI integration can 

deter small and medium-sized enterprises (SMEs) from adopting these technologies, potentially 

widening the gap between large corporations and smaller businesses (Gupta & George, 2016). 

 

THE NEED FOR A BALANCED APPROACH 

To fully harness the potential of AI in recruitment, organizations must adopt a balanced approach 

that combines technological advancements with human oversight. While AI excels at handling 

large datasets and identifying patterns, human recruiters bring emotional intelligence and 

contextual understanding to the decision-making process (Highhouse, 2008). For instance, final 

hiring decisions often involve evaluating a candidate’s cultural fit and interpersonal skills, aspects 

that AI systems are not yet equipped to assess accurately (Cappelli, 2019). 

Furthermore, organizations should prioritize transparency and accountability in their AI systems to 

build trust among stakeholders. Providing explanations for AI-driven decisions and involving 

diverse teams in the development of recruitment algorithms can mitigate biases and promote 

fairness (Binns, 2018). Ethical guidelines and regulatory frameworks, such as those proposed by 

the European Union, can also serve as benchmarks for responsible AI adoption in recruitment 

(Kolk & Pinkse, 2010). 

 

FUTURE DIRECTIONS AND OPPORTUNITIES 

The future of AI in recruitment holds immense promise, with emerging technologies poised to 

address many of the challenges faced today. For example, advancements in explainable AI (XAI) 

aim to demystify the decision-making processes of complex algorithms, enhancing accountability 

and trust (Smith & Anderson, 2019). Additionally, integrating AI with other technologies, such as 

blockchain, can improve data security and streamline credential verification processes (Reddy & 

Dass, 2020). 

Another promising avenue is the use of AI to foster diversity and inclusion in recruitment. By 

anonymizing candidate information and focusing solely on skills and qualifications, AI systems 

can help reduce unconscious biases and promote equal opportunities (Jeske & Shultz, 2016). 

However, achieving this goal requires continuous monitoring and refinement of AI models to 

ensure they align with organizational values and societal expectations (Gill & Cohen, 2022). 

While AI offers transformative potential in recruitment processes, its successful implementation 

requires a holistic approach that addresses technical, ethical, and organizational challenges. By 

striking a balance between automation and human oversight, organizations can leverage AI to 

create more efficient, equitable, and candidate-centric recruitment systems. As the field continues 

to evolve, ongoing research and collaboration will be essential to unlocking the full potential of AI 

in transforming human resource management (Black & van Esch, 2020; Chamorro-Premuzic et al., 

2017). 
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LITERATURE REVIEW 

Artificial Intelligence (AI) is transforming recruitment processes across industries by offering 

innovative solutions to address traditional inefficiencies and challenges. However, the integration 

of AI also brings forth ethical, technical, and operational considerations that require careful 

examination. This literature review synthesizes existing research on AI in recruitment, 

emphasizing its applications, benefits, challenges, and future potential. 

 

APPLICATIONS OF AI IN RECRUITMENT 

AI technologies have been extensively adopted to streamline recruitment processes. Applicant 

Tracking Systems (ATS) and automated resume screening tools exemplify the use of AI to 

manage large volumes of applications efficiently (Faliagka et al., 2012). These systems employ 

natural language processing (NLP) to parse resumes and match candidates with job descriptions 

based on predefined criteria, significantly reducing the time-to-hire (Black & van Esch, 2020). 

Chatbots represent another application of AI in recruitment. These tools assist candidates by 

answering queries about job roles, company policies, and application statuses in real-time, thus 

enhancing the overall candidate experience (Jeske & Shultz, 2016). Predictive analytics, powered 

by machine learning algorithms, further optimize recruitment by identifying candidates who are 

most likely to succeed in specific roles based on historical data (Gupta & George, 2016). 

The integration of AI in recruitment is not limited to front-end processes. AI-driven platforms such 

as LinkedIn Recruiter utilize advanced algorithms to recommend potential candidates to 

employers, enhancing talent sourcing (Chamorro-Premuzic et al., 2017). Such systems enable 

recruiters to identify passive candidates who might not actively seek new roles but are highly 

qualified, thereby widening the talent pool (Buchanan & Ruthven, 2020). 

 

BENEFITS OF AI IN RECRUITMENT 

One of the primary advantages of AI in recruitment is its ability to reduce human biases. By 

automating initial candidate evaluations, AI minimizes subjective influences that often affect 

hiring decisions (Biswas & Biswas, 2022). This objectivity is particularly beneficial in promoting 

diversity and inclusion, as AI systems can focus solely on skills and qualifications rather than 

demographic factors (Gill & Cohen, 2022). 

AI also enhances efficiency by automating repetitive tasks, freeing up human recruiters to focus on 

strategic activities such as candidate engagement and employer branding (Harvey, 2019). For 

example, ATS can process thousands of applications in a fraction of the time it would take a 

human recruiter, thus expediting the hiring process (McIlwraith, 2021). Predictive analytics further 

contributes to efficiency by providing data-driven insights that inform decision-making, such as 

identifying candidates with the highest potential for success in a role (Jeske & Shultz, 2016). 

In addition to efficiency, AI-driven recruitment systems improve candidate experience through 

personalization. By leveraging AI, organizations can provide tailored job recommendations and 

real-time feedback, creating a more engaging application process (Chamorro-Premuzic et al., 

2017). Such initiatives enhance employer branding and position organizations as innovative and 

candidate-centric, which is particularly crucial in competitive job markets (Black & van Esch, 

2020). 
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CHALLENGES OF AI IN RECRUITMENT 

Despite its advantages, the adoption of AI in recruitment is not without challenges. Algorithmic 

bias is a significant concern, often arising from the training data used to develop AI models 

(Leicht-Deobald et al., 2019). For instance, Amazon’s AI recruiting tool exhibited gender bias by 

penalizing resumes containing words associated with women, highlighting the risks of relying on 

biased datasets (Dastin, 2018). 

The "black box" nature of many AI systems poses additional challenges. The lack of transparency 

in how AI algorithms make decisions can lead to mistrust among stakeholders and limit 

accountability (Smith & Anderson, 2019). Addressing this issue requires the development of 

explainable AI (XAI) systems that provide clear and interpretable decision-making processes 

(Gupta & George, 2016). 

Data privacy is another critical challenge associated with AI in recruitment. AI systems require 

access to vast amounts of personal data to function effectively, raising concerns about data 

security and compliance with regulations such as the General Data Protection Regulation (GDPR) 

(Kshetri, 2021). Organizations must implement robust data governance frameworks to safeguard 

candidate information and maintain trust. 

Operational challenges also hinder the effective implementation of AI in recruitment. Many HR 

professionals lack the technical expertise required to utilize AI tools effectively, leading to 

resistance and underutilization (Harvey, 2019). Training programs and change management 

strategies are essential to equip HR teams with the necessary skills and confidence (Hoffman & 

Tziner, 2020). 

 

ETHICAL CONSIDERATIONS IN AI-DRIVEN RECRUITMENT 

The ethical implications of AI in recruitment have garnered significant attention in recent research. 

Algorithmic accountability is a critical issue, as organizations must ensure that their AI systems 

produce fair and unbiased outcomes (Leicht-Deobald et al., 2019). This requires continuous 

monitoring and auditing of AI models to identify and mitigate potential biases (Gill & Cohen, 

2022). Transparency is another ethical consideration. Candidates and recruiters alike must 

understand how AI-driven decisions are made to build trust and ensure fairness (McIlwraith, 

2021). Ethical guidelines and regulatory frameworks, such as those proposed by the European 

Union, can serve as benchmarks for responsible AI adoption (Kolk & Pinkse, 2010). 

Moreover, the use of AI in recruitment raises questions about the potential for job displacement 

among HR professionals. While AI can automate many aspects of recruitment, it cannot replace 

the emotional intelligence and contextual understanding that human recruiters bring to the table 

(Highhouse, 2008). Organizations must strike a balance between automation and human oversight 

to maintain the integrity of recruitment processes (Cappelli, 2019). 

 

FUTURE DIRECTIONS IN AI-DRIVEN RECRUITMENT 

The future of AI in recruitment is characterized by continuous innovation and integration with 

emerging technologies. Explainable AI (XAI) is a promising development that aims to enhance 

transparency and accountability by providing clear insights into how AI systems make decisions 

(Smith & Anderson, 2019). Such advancements can address the "black box" problem and foster 

greater trust in AI-driven recruitment systems (Gupta & George, 2016). 
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Blockchain technology is another area of interest, particularly in enhancing data security and 

streamlining credential verification processes (Reddy & Dass, 2020). By integrating blockchain 

with AI, organizations can create tamper-proof records of candidate information, reducing the risk 

of data breaches and fraud (Kshetri, 2021). AI also holds potential in promoting diversity and 

inclusion in recruitment. By anonymizing candidate information and focusing on objective criteria, 

AI systems can reduce unconscious biases and create more equitable hiring processes (Jeske & 

Shultz, 2016). However, achieving this goal requires ongoing monitoring and refinement of AI 

models to align with organizational values and societal expectations (Gill & Cohen, 2022). 

Additionally, the integration of AI with advanced analytics can provide deeper insights into 

workforce trends and candidate behaviors. Predictive analytics can be leveraged to forecast future 

talent needs and inform strategic workforce planning (Chamorro-Premuzic et al., 2017). Such 

capabilities enable organizations to stay ahead in competitive job markets and adapt to evolving 

industry demands (Black & van Esch, 2020). 

The integration of AI into recruitment processes represents a paradigm shift in how organizations 

attract, evaluate, and onboard talent. While the benefits of AI, such as enhanced efficiency, 

objectivity, and candidate experience, are undeniable, addressing the associated challenges is 

crucial to its successful adoption. Ethical considerations, algorithmic bias, and data privacy 

concerns must be prioritized to build trust and ensure fairness in AI-driven recruitment systems 

(Leicht-Deobald et al., 2019; Kshetri, 2021). Future advancements, such as explainable AI and 

blockchain integration, hold the potential to address many of the limitations currently faced in AI 

recruitment. By adopting a balanced approach that combines technological innovation with human 

oversight, organizations can unlock the full potential of AI, creating recruitment systems that are 

efficient, equitable, and aligned with organizational values (Smith & Anderson, 2019; Cappelli, 

2019). As research and technology continue to evolve, the transformative impact of AI on 

recruitment will only grow, shaping the future of talent acquisition and human resource 

management (Black & van Esch, 2020; Chamorro-Premuzic et al., 2017). 

 

CONCEPTUAL FRAMEWORK 
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HYPOTHESIS OF THE STUDY 

Direct Effect Hypotheses: 

H1: AI-powered ATS positively influences candidate experience. 

H2: AI-driven chatbots positively influence candidate experience. 

H3: Predictive analytics in recruitment positively influences candidate experience. 

H4: AI-powered ATS positively influences recruitment efficiency. 

H5: AI-driven chatbots positively influence recruitment efficiency. 

H6: Predictive analytics in recruitment positively influences recruitment efficiency. 

 

Mediated Effect Hypothesis: 

H7: The relationship between AI-powered ATS and recruitment efficiency is mediated by 

candidate experience. 

H8: The relationship between AI-driven chatbots and recruitment efficiency is mediated by 

candidate experience. 

H9: The relationship between predictive analytics in recruitment and recruitment efficiency is 

mediated by candidate experience. 

 

Moderated Effect Hypothesis: 

H10: Regulatory compliance moderates the effect of AI-powered ATS on recruitment efficiency. 

H11: Regulatory compliance moderates the effect of AI-driven chatbots on recruitment efficiency. 

H12: Regulatory compliance moderates the effect of predictive analytics in recruitment on 

recruitment efficiency. 

 

DATA ANALYSIS  

1. Measurement Model 

Table 1: CFA Results for Construct Validity 

Construct Item 
Factor Loading 

(≥ 0.7) 

AVE (≥ 

0.5) 

CR (≥ 

0.7) 

Cronbach’s Alpha (≥ 

0.7) 

AI-powered ATS ATS1 0.75 0.65 0.88 0.85 

 
ATS2 0.80 

   

 
ATS3 0.85 

   
AI-driven Chatbots CHAT1 0.78 0.60 0.85 0.82 

 
CHAT2 0.82 

   

 
CHAT3 0.76 

   
Predictive 

Analytics 
PA1 0.83 0.70 0.90 0.87 

 
PA2 0.88 

   

 
PA3 0.84 

   
Candidate 

Experience 
CE1 0.77 0.68 0.89 0.86 

 
CE2 0.81 

   

 
CE3 0.85 

   
Recruitment RE1 0.80 0.66 0.87 0.84 
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Efficiency 

 
RE2 0.84 

   

 
RE3 0.83 

   
Regulatory 

Compliance 
RC1 0.79 0.62 0.85 0.81 

 
RC2 0.82 

   

 
RC3 0.76 

   
 

FACTOR LOADINGS 

Factor loadings are an indicator of how strongly each item reflects its associated construct. The 

generally accepted threshold for a good factor loading is ≥ 0.7, which indicates that the item 

explains at least 50% of the variance in the latent construct. For the constructs measured in this 

study, the factor loadings are as follows: 

The loadings for the items across all constructs in the model are strong and exceed the 0.7 

threshold, indicating that each construct is well-represented. Specifically, AI-powered ATS items 

(ATS1, ATS2, ATS3) have loadings of 0.75, 0.80, and 0.85, ensuring good construct 

representation. AI-driven Chatbots (CHAT1, CHAT2, CHAT3) also exhibit strong loadings at 

0.78, 0.82, and 0.76. Predictive Analytics items (PA1, PA2, PA3) show particularly high loadings, 

with PA2 at 0.88 being exceptional. Candidate Experience (CE1, CE2, CE3) and Recruitment 

Efficiency (RE1, RE2, RE3) all demonstrate satisfactory to strong loadings, ranging from 0.77 to 

0.85, validating these constructs as important factors. Lastly, Regulatory Compliance (RC1, RC2, 

RC3) shows loadings from 0.76 to 0.82, confirming it as an adequately measured construct in the 

model. The factor loadings demonstrate that all constructs are sufficiently reflected by their 

respective items, as all values are well above the 0.7 threshold, ensuring adequate convergent 

validity. 

 

AVERAGE VARIANCE EXTRACTED (AVE) 

The AVE is a measure of convergent validity and indicates the level of variance captured by the 

construct relative to the variance due to measurement error. A value of AVE ≥ 0.5 is considered 

adequate, meaning that more than 50% of the variance is explained by the construct. The AVE 

values for each construct are as follows: 

The Average Variance Extracted (AVE) values for the constructs in the model indicate varying 

levels of construct validity. AI-powered ATS has an AVE of 0.65, which is above the 0.5 

threshold, indicating adequate construct validity. AI-driven Chatbots, with an AVE of 0.60, also 

surpasses the threshold, though slightly lower. Predictive Analytics shows a strong AVE of 0.70, 

indicating excellent construct validity. Candidate Experience, with an AVE of 0.68, and 

Recruitment Efficiency, with an AVE of 0.66, both demonstrate satisfactory validity. Regulatory 

Compliance, with an AVE of 0.62, indicates that it is also adequately represented in the model. 

Overall, the AVE values suggest that the constructs are validly measured, with Predictive 

Analytics showing the strongest validity. All constructs exceed the 0.5 threshold, confirming that 

each construct explains more than 50% of its variance, thus ensuring strong convergent validity. 

COMPOSITE RELIABILITY (CR) 
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Composite Reliability (CR) assesses the internal consistency of the constructs, similar to 

Cronbach's Alpha but without the sensitivity to the number of items. A CR value of ≥ 0.7 is 

deemed acceptable, indicating that the items of a construct consistently reflect the underlying 

concept. The CR values for the constructs in this study are: 

The Composite Reliability (CR) values for the constructs indicate strong internal consistency. AI-

powered ATS has a CR of 0.88, demonstrating high reliability. AI-driven Chatbots, with a CR of 

0.85, also show strong reliability. Predictive Analytics, with a CR of 0.90, exhibits excellent 

reliability, the highest among the constructs. Candidate Experience (CR = 0.89) and Recruitment 

Efficiency (CR = 0.87) also show strong reliability, ensuring consistent measurement of these 

constructs. Regulatory Compliance has a CR of 0.85, indicating good reliability as well. Overall, 

the CR values are all above the threshold of 0.7, confirming that the constructs have strong 

internal consistency. All constructs exceed the 0.7 threshold for CR, indicating strong internal 

consistency. Notably, Predictive Analytics shows the highest CR value (0.90), signalling excellent 

reliability. 

 

CRONBACH’S ALPHA 

Cronbach’s Alpha is a widely used metric to assess internal consistency, with values ≥ 0.7 

indicating good reliability. The Cronbach's Alpha values for the constructs in this study are: 

The Cronbach's Alpha (α) values for the constructs indicate strong internal consistency across the 

model. AI-powered ATS has an α of 0.85, indicating good reliability. AI-driven Chatbots, with an 

α of 0.82, also demonstrate strong internal consistency. Predictive Analytics, with an α of 0.87, 

shows excellent reliability. Candidate Experience (α = 0.86) and Recruitment Efficiency (α = 0.84) 

both have strong reliability, ensuring consistent measurement. Regulatory Compliance, with an α 

of 0.81, also meets the acceptable threshold for reliability. Overall, all the constructs have α values 

above the 0.7 threshold, confirming their internal consistency and reliability. These values confirm 

that the measurement model has good internal consistency across all constructs, with all values 

well above the 0.7 threshold. 

The results of the measurement model indicate that all constructs in this study—AI-powered ATS, 

AI-driven Chatbots, Predictive Analytics, Candidate Experience, Recruitment Efficiency, and 

Regulatory Compliance—demonstrate strong construct validity and reliability. The factor loadings 

are above the 0.7 threshold, ensuring that the items adequately measure their respective constructs. 

Additionally, the AVE, CR, and Cronbach’s Alpha values all surpass the recommended cutoffs, 

confirming both convergent and internal consistency validity. These results provide a strong 

foundation for the structural model testing in SEM. The robust measurement model ensures that 

the constructs are well-defined and can be relied upon for testing the hypothesized relationships 

between AI technologies, candidate experience, recruitment efficiency, and regulatory compliance 

in the context of the study. 

Figure1: Factor Loadings 



 

54  

Vol. 25, No. 1.  (2025)   

E ISSN: 2097-1494 

 

2. Structural Model 

Table 2: Hypotheses Testing Results (Direct Effects) 

Hypothesis Path 
Standardized 

Coefficient (β) 

p-value (≤ 

0.05) 
Supported? 

H1 
AI-powered ATS → Candidate 

Experience 
0.45 < 0.001 Yes 

H2 
AI-driven Chatbots → 

Candidate Experience 
0.40 < 0.001 Yes 

H3 
Predictive Analytics → 

Candidate Experience 
0.50 < 0.001 Yes 

H4 
AI-powered ATS → 

Recruitment Efficiency 
0.30 0.002 Yes 

H5 
AI-driven Chatbots → 

Recruitment Efficiency 
0.35 0.001 Yes 

H6 
Predictive Analytics → 

Recruitment Efficiency 
0.42 < 0.001 Yes 
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DIRECT EFFECTS  

The hypothesis H1, which posits that AI-powered ATS influences Candidate Experience, is 

supported. The standardized coefficient (β) is 0.45, indicating a moderate positive relationship 

between AI-powered ATS and Candidate Experience. The p-value is less than 0.001, which is 

highly significant and indicates that the relationship is statistically meaningful. Therefore, the 

hypothesis is supported. The path from AI-powered ATS to Candidate Experience is significant 

with a standardized coefficient of 0.45, indicating a moderate positive effect. The p-value of less 

than 0.001 further supports this finding, suggesting that AI-powered ATS has a substantial positive 

impact on Candidate Experience. This result suggests that candidates experience a better 

interaction and more satisfaction with recruitment processes that incorporate AI-powered ATS, 

improving their overall experience during the recruitment journey. 

The hypothesis H2, which suggests that AI-driven Chatbots influence Candidate Experience, is 

supported. The standardized coefficient (β) is 0.40, indicating a moderate positive relationship 

between AI-driven Chatbots and Candidate Experience. The p-value is less than 0.001, indicating 

statistical significance. Therefore, the hypothesis is supported. The path from AI-driven Chatbots 

to Candidate Experience shows a standardized coefficient of 0.40, which indicates a moderate 

positive relationship. A p-value of less than 0.001 reinforces the significance of this relationship, 

meaning that AI-driven Chatbots play a crucial role in enhancing the candidate experience. 

Chatbots provide quick responses, clear communication, and efficient interaction, which likely 

contribute to a more positive experience for candidates during the recruitment process. 

The hypothesis H3, which suggests that Predictive Analytics influences Candidate Experience, is 

supported. The standardized coefficient (β) is 0.50, indicating a strong positive relationship 

between Predictive Analytics and Candidate Experience. The p-value is less than 0.001, which is 

highly significant. Therefore, the hypothesis is supported. Predictive Analytics exhibits the 

strongest positive relationship with Candidate Experience among the three AI tools, with a 

standardized coefficient of 0.50. This relationship is statistically significant (p-value < 0.001), 

suggesting that the ability of predictive analytics to anticipate candidate needs, streamline the 

recruitment process, and improve decision-making contributes significantly to an enhanced 

candidate experience. This result highlights the potential of data-driven decision-making in 

shaping a more personalized and efficient recruitment experience for candidates. 

The hypothesis H4, which posits that AI-powered ATS influences Recruitment Efficiency, is 

supported. The standardized coefficient (β) is 0.30, indicating a moderate positive relationship 

between AI-powered ATS and Recruitment Efficiency. The p-value is 0.002, which is statistically 

significant and below the typical threshold of 0.05. Therefore, the hypothesis is supported. The 

relationship between AI-powered ATS and Recruitment Efficiency is significant, with a 

standardized coefficient of 0.30. Although the effect size is moderate, it is statistically significant 

with a p-value of 0.002, indicating that AI-powered ATS has a positive impact on improving 

recruitment efficiency. This can be attributed to the automation of tasks such as screening, sorting, 

and shortlisting candidates, which reduces the time spent on manual processes and enhances 

overall efficiency. 
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The hypothesis H5, which suggests that AI-driven Chatbots influence Recruitment Efficiency, is 

supported. The standardized coefficient (β) is 0.35, indicating a moderate positive relationship 

between AI-driven Chatbots and Recruitment Efficiency. The p-value is 0.001, which is 

statistically significant and well below the threshold of 0.05. Therefore, the hypothesis is 

supported.AI-driven Chatbots show a positive effect on Recruitment Efficiency with a 

standardized coefficient of 0.35, which is statistically significant (p-value = 0.001). This suggests 

that chatbots contribute to improving recruitment efficiency by automating communication, 

handling frequently asked questions, and scheduling interviews, thereby reducing the workload on 

human recruiters and speeding up the recruitment process. 

The hypothesis H6, which suggests that Predictive Analytics influences Recruitment Efficiency, is 

supported. The standardized coefficient (β) is 0.42, indicating a moderate to strong positive 

relationship between Predictive Analytics and Recruitment Efficiency. The p-value is less than 

0.001, which is highly significant. Therefore, the hypothesis is supported. The relationship 

between Predictive Analytics and Recruitment Efficiency is the strongest among the AI tools, with 

a standardized coefficient of 0.42, which is statistically significant (p-value < 0.001). Predictive 

analytics allows for better candidate screening, improved job matching, and forecasting hiring 

needs, leading to more efficient recruitment processes. This result highlights how predictive 

insights can optimize recruitment workflows and help recruiters make faster, data-driven 

decisions. 

The results from the structural model analysis confirm that all hypothesized relationships are 

supported, demonstrating the positive impact of AI tools on both Candidate Experience and 

Recruitment Efficiency. AI-powered ATS, AI-driven Chatbots, and Predictive Analytics all show 

significant positive effects on Candidate Experience (H1, H2, H3), highlighting the importance of 

these tools in enhancing the recruitment journey for candidates. Furthermore, AI-powered ATS, 

AI-driven Chatbots, and Predictive Analytics also positively influence Recruitment Efficiency 

(H4, H5, H6), with Predictive Analytics exhibiting the strongest effect. These findings validate the 

transformative role of AI in recruitment, emphasizing its potential to improve operational 

efficiency while simultaneously providing a more favourable candidate experience. 

Figure 2: Standardized coefficients for Hypothesis Testing 
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Table 3: Variance Explained (R² Values) 

Endogenous Variable R² (≥ 0.25 Acceptable, ≥ 0.50 Substantial) 

Candidate Experience 0.55 

Recruitment Efficiency 0.60 

 

The R² values for the endogenous variables in the model indicate substantial explanatory power. 

Candidate Experience (R² = 0.55): The R² value of 0.55 means that the model explains 55% of the 

variance in Candidate Experience. This is considered substantial, as it exceeds the 0.50 threshold, 

suggesting that AI-powered ATS, AI-driven Chatbots, and Predictive Analytics collectively have a 

strong impact on shaping the candidate's experience during the recruitment process. It underscores 

the significant role of AI tools in enhancing candidate satisfaction and engagement. Recruitment 

Efficiency (R² = 0.60): The R² value of 0.60 indicates that 60% of the variance in Recruitment 

Efficiency is explained by the independent variables. This suggests a high level of explanatory 

power, confirming that AI tools are instrumental in improving the efficiency of the recruitment 

process. The tools help optimize various recruitment tasks such as candidate screening, 

communication, and decision-making, ultimately leading to a more efficient recruitment cycle. 

Overall, both variables show a strong level of model fit, highlighting the effectiveness of AI tools 

in transforming recruitment practices. 

The R² values for both Candidate Experience (0.55) and Recruitment Efficiency (0.60) are 

substantial, demonstrating that the model explains a significant proportion of the variance in these 

endogenous variables. These values underscore the effectiveness of AI tools in both improving the 

candidate experience and increasing recruitment efficiency. Given that both values exceed the 

acceptable threshold of 0.25 and approach the substantial level of 0.50, the model appears to be a 

strong predictor of the outcomes in this study. 

3. MEDIATION ANALYSIS  

Table 4: Mediation Effects 

Hypothesis Indirect Path 
Indirect 

Effect (β) 

Bootstrapped 

CI (95%) 

p-value 

(≤ 0.05) 
Supported? 

H7 

AI-powered ATS → 

Candidate Experience → 

Recruitment Efficiency 

0.20 [0.12, 0.28] < 0.001 Yes 

H8 

AI-driven Chatbots → 

Candidate Experience → 

Recruitment Efficiency 

0.18 [0.10, 0.26] < 0.001 Yes 

H9 

Predictive Analytics → 

Candidate Experience → 

Recruitment Efficiency 

0.25 [0.17, 0.33] < 0.001 Yes 

Indirect Effects Analysis 
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The hypothesis H7, which posits that AI-powered ATS influences Recruitment Efficiency through 

its impact on Candidate Experience, is supported. The indirect effect (β) is 0.20, indicating a 

moderate positive relationship between AI-powered ATS, Candidate Experience, and Recruitment 

Efficiency. The bootstrapped confidence interval (CI) ranges from 0.12 to 0.28, which does not 

include zero, further confirming the significance of the indirect effect. The p-value is less than 

0.001, indicating statistical significance. Therefore, the hypothesis is supported, confirming that 

the effect of AI-powered ATS on Recruitment Efficiency is partially mediated by its impact on 

Candidate Experience. The indirect effect of AI-powered ATS on Recruitment Efficiency through 

Candidate Experience is 0.20, with a bootstrapped confidence interval (CI) ranging from 0.12 to 

0.28. Since the entire confidence interval is positive and the p-value is less than 0.001, this effect 

is statistically significant. This finding suggests that Candidate Experience mediates the 

relationship between AI-powered ATS and Recruitment Efficiency, meaning that the improved 

candidate experience resulting from AI-powered ATS leads to greater recruitment efficiency. 

The hypothesis H8, which suggests that AI-driven Chatbots influence Recruitment Efficiency 

through their impact on Candidate Experience, is supported. The indirect effect (β) is 0.18, 

indicating a moderate positive relationship. The bootstrapped confidence interval (CI) ranges from 

0.10 to 0.26, which does not include zero, confirming the significance of the indirect effect. The p-

value is less than 0.001, indicating statistical significance. Therefore, the hypothesis is supported, 

demonstrating that the effect of AI-driven Chatbots on Recruitment Efficiency is partially 

mediated by their influence on Candidate Experience. For AI-driven Chatbots, the indirect effect 

on Recruitment Efficiency through Candidate Experience is 0.18, with a bootstrapped confidence 

interval of [0.10, 0.26]. The confidence interval does not include zero, and the p-value is below 

0.001, indicating a statistically significant indirect effect. This result shows that the positive 

impact of AI-driven Chatbots on Recruitment Efficiency is mediated by the enhanced Candidate 

Experience, suggesting that chatbots contribute to recruitment efficiency by improving the 

candidate's experience during the recruitment process. 

Figure 3: Indirect Effects of Hypothesis 

 



 

59  

Vol. 25, No. 1.  (2025)   

E ISSN: 2097-1494 

The hypothesis H9, which suggests that Predictive Analytics influences Recruitment Efficiency 

through its impact on Candidate Experience, is supported. The indirect effect (β) is 0.25, 

indicating a moderate to strong positive relationship. The bootstrapped confidence interval (CI) 

ranges from 0.17 to 0.33, which does not include zero, confirming the significance of the indirect 

effect. The p-value is less than 0.001, indicating statistical significance. Therefore, the hypothesis 

is supported, confirming that the effect of Predictive Analytics on Recruitment Efficiency is 

partially mediated by its impact on Candidate Experience. The indirect effect of Predictive 

Analytics on Recruitment Efficiency through Candidate Experience is 0.25, with a bootstrapped 

confidence interval of [0.17, 0.33]. As with the other indirect effects, the confidence interval is 

entirely positive, and the p-value is less than 0.001, confirming that the mediation effect is 

statistically significant. This suggests that Predictive Analytics indirectly improves Recruitment 

Efficiency by enhancing Candidate Experience, with predictive insights fostering a more 

personalized and efficient candidate journey, which ultimately boosts recruitment efficiency. 

The results of the mediation analysis provide strong evidence that Candidate Experience 

significantly mediates the relationship between all three AI tools (AI-powered ATS, AI-driven 

Chatbots, and Predictive Analytics) and Recruitment Efficiency. The positive indirect effects for 

all three hypotheses are statistically significant, with the following results: 

H7 (AI-powered ATS → Candidate Experience → Recruitment Efficiency): Indirect Effect = 0.20, 

CI = [0.12, 0.28], p-value < 0.001 

H8 (AI-driven Chatbots → Candidate Experience → Recruitment Efficiency): Indirect Effect = 

0.18, CI = [0.10, 0.26], p-value < 0.001 

H9 (Predictive Analytics → Candidate Experience → Recruitment Efficiency): Indirect Effect = 

0.25, CI = [0.17, 0.33], p-value < 0.001 

These findings suggest that enhancing Candidate Experience through AI-powered ATS, AI-driven 

Chatbots, and Predictive Analytics contributes to greater Recruitment Efficiency. Candidate 

Experience serves as a critical mechanism, explaining the efficiency gains observed in AI-driven 

recruitment processes. As a result, the analysis underscores the importance of delivering a positive 

candidate experience as a key driver in improving recruitment outcomes through AI tools. All 

three hypotheses are supported, highlighting the vital role of Candidate Experience in driving AI-

enabled recruitment efficiency. 

4. MODERATION ANALYSIS 

Table 5: Moderation Effects 

Hypothesis Interaction Term 
Standardized 

Coefficient (β) 

p-value 

(≤ 0.05) 
Supported? 

H10 
ATS × Regulatory Compliance → 

Recruitment Efficiency 
0.15 0.020 Yes 

H11 Chatbots × Regulatory Compliance 0.12 0.045 Yes 
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→ Recruitment Efficiency 

H12 

Predictive Analytics × Regulatory 

Compliance → Recruitment 

Efficiency 

0.18 0.008 Yes 

 
Moderation Effects Analysis 

The hypothesis H10, which suggests that the interaction between ATS and Regulatory Compliance 

influences Recruitment Efficiency, is supported. The interaction term (ATS × Regulatory 

Compliance) has a standardized coefficient (β) of 0.15, indicating a positive relationship between 

the combined effect of ATS and Regulatory Compliance on Recruitment Efficiency. The p-value 

is 0.020, which is statistically significant and below the 0.05 threshold. Therefore, the hypothesis 

is supported, suggesting that the joint influence of ATS and Regulatory Compliance positively 

affects Recruitment Efficiency. The interaction term for AI-powered ATS and Regulatory 

Compliance in the relationship with Recruitment Efficiency shows a standardized coefficient of 

0.15, with a p-value of 0.020. This result is statistically significant, indicating that Regulatory 

Compliance moderates the effect of AI-powered ATS on Recruitment Efficiency. The positive 

coefficient suggests that higher levels of regulatory compliance enhance the impact of AI-powered 

ATS on Recruitment Efficiency, possibly by ensuring that the recruitment process is both efficient 

and compliant with legal and regulatory requirements. 

The hypothesis H11, which suggests that the interaction between Chatbots and Regulatory 

Compliance influences Recruitment Efficiency, is supported. The interaction term (Chatbots × 

Regulatory Compliance) has a standardized coefficient (β) of 0.12, indicating a positive 

relationship between the combined effect of Chatbots and Regulatory Compliance on Recruitment 

Efficiency. The p-value is 0.045, which is statistically significant and below the 0.05 threshold. 

Therefore, the hypothesis is supported, indicating that the interaction between Chatbots and 

Regulatory Compliance positively affects Recruitment Efficiency. The interaction term for AI-

driven Chatbots and Regulatory Compliance with Recruitment Efficiency shows a standardized 

coefficient of 0.12, with a p-value of 0.045. This effect is statistically significant, suggesting that 

Regulatory Compliance moderates the relationship between AI-driven Chatbots and Recruitment 

Efficiency. The positive coefficient indicates that when Regulatory Compliance is higher, the 

effectiveness of AI-driven Chatbots in improving Recruitment Efficiency is strengthened. This 

implies that chatbots, when integrated into a compliant recruitment process, may enhance 

efficiency by providing reliable and legally compliant candidate communications. 

The hypothesis H12, which suggests that the interaction between Predictive Analytics and 

Regulatory Compliance influences Recruitment Efficiency, is supported. The interaction term 

(Predictive Analytics × Regulatory Compliance) has a standardized coefficient (β) of 0.18, 

indicating a positive relationship between the combined effect of Predictive Analytics and 

Regulatory Compliance on Recruitment Efficiency. The p-value is 0.008, which is statistically 

significant and below the 0.05 threshold. Therefore, the hypothesis is supported, suggesting that 

the interaction between Predictive Analytics and Regulatory Compliance positively affects 

Recruitment Efficiency. The interaction term for Predictive Analytics and Regulatory Compliance 
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in influencing Recruitment Efficiency shows a standardized coefficient of 0.18, with a p-value of 

0.008, indicating a statistically significant moderation effect. The positive coefficient suggests that 

Regulatory Compliance strengthens the effect of Predictive Analytics on Recruitment Efficiency, 

potentially by ensuring that predictive models are aligned with regulatory standards and improving 

the efficiency of recruitment decisions while maintaining compliance. 

The results of the moderation analysis reveal that Regulatory Compliance moderates the 

relationship between each of the AI tools (AI-powered ATS, AI-driven Chatbots, and Predictive 

Analytics) and Recruitment Efficiency. Specifically, the following findings support the 

hypotheses:  

H10 (ATS × Regulatory Compliance → Recruitment Efficiency): The interaction term is 

significant (β = 0.15, p = 0.020), indicating that regulatory compliance strengthens the relationship 

between AI-powered ATS and Recruitment Efficiency. 

H11 (Chatbots × Regulatory Compliance → Recruitment Efficiency): The interaction term is 

significant (β = 0.12, p = 0.045), suggesting that Regulatory Compliance enhances the impact of 

AI-driven Chatbots on Recruitment Efficiency. 

H12 (Predictive Analytics × Regulatory Compliance → Recruitment Efficiency): The interaction 

term is significant (β = 0.18, p = 0.008), supporting the idea that Regulatory Compliance 

moderates the relationship between Predictive Analytics and Recruitment Efficiency. 

Figure 4: Standardized Coefficients for Interaction of Hypothesis 
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These results suggest that regulatory factors play a critical role in optimizing the effectiveness of 

AI tools in recruitment. By ensuring compliance with relevant regulations, organizations can 

maximize the benefits of AI technologies in improving recruitment efficiency while minimizing 

potential risks associated with non-compliance.This highlights the need for organizations to 

consider both technological and regulatory factors when implementing AI-driven recruitment 

solutions. 

5. MODEL FIT INDICES 

Table 6: Model Fit 

Fit Index Measurement Model Structural Model Threshold 

CFI 0.95 0.94 ≥ 0.90 

TLI 0.94 0.93 ≥ 0.90 

RMSEA 0.05 0.06 ≤ 0.08 

SRMR 0.04 0.05 ≤ 0.08 

Chi-square/df 2.1 2.3 ≤ 3 

 

Fit Index Thresholds 

The fit indices used to assess the model fit in structural equation modeling (SEM) are as follows: 

The CFI (Comparative Fit Index) should be ≥ 0.90, indicating a good fit between the proposed 

model and the data. Similarly, the TLI (Tucker-Lewis Index) should also be ≥ 0.90 to demonstrate 

a good fit by comparing the model to a null model. The RMSEA (Root Mean Square Error of 

Approximation) should be ≤ 0.08, with lower values indicating less misfit. The SRMR 

(Standardized Root Mean Square Residual) should also be ≤ 0.08, showing minimal residuals 

between observed and predicted values. Finally, the Chi-square/df ratio should be ≤ 3, indicating 

an acceptable model fit relative to its complexity. If these thresholds are met, the model is 

considered to fit the data well.Measurement . 

 

MODEL FIT EVALUATION 

The fit indices for the Measurement Model indicate a strong fit, as all values meet the required 

thresholds. The CFI is 0.95, exceeding the 0.90 threshold, indicating a good fit and showing that 

the model adequately represents the relationships between observed and latent variables. The TLI 

is 0.94, which is above the acceptable threshold of 0.90, confirming that the model reflects the 

data structure well. The RMSEA is 0.05, well below the 0.08 threshold, suggesting a minimal 

discrepancy between the model and the data, indicating a good fit. The SRMR is 0.04, below the 

0.08 threshold, indicating a small average discrepancy between the observed and predicted 

correlations. Lastly, the Chi-square/df ratio is 2.1, which is below the threshold of 3, suggesting an 

acceptable balance between model complexity and fit. These results collectively indicate that the 

Measurement Model fits the data well. 
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STRUCTURAL MODEL FIT EVALUATION 

The fit indices for the Structural Model indicate a good fit, as all values meet the required 

thresholds. The CFI is 0.94, exceeding the 0.90 threshold, suggesting that the structural model fits 

the data well and reflects the hypothesized relationships between latent variables. The TLI is 0.93, 

which is above the 0.90 threshold, indicating a good fit and showing that the model provides an 

adequate representation of the data. The RMSEA is 0.06, below the acceptable threshold of 0.08, 

indicating a good fit and close approximation of the data by the model. The SRMR is 0.05, which 

is below the threshold of 0.08, demonstrating that the model fits well with minimal discrepancies 

between the observed and predicted correlations. Lastly, the Chi-square/df ratio is 2.3, which is 

below the threshold of 3, indicating a good balance between model complexity and fit. These 

results collectively suggest that the Structural Model fits the data well. 

Figure 5: Fit Index Comparison 

 

Both the Measurement Model and the Structural Model demonstrate good fit according to the fit 

indices. The CFI and TLI values for both models are well above 0.90, indicating that the models 

fit the data well. The RMSEA values of 0.05 for the Measurement Model and 0.06 for the 

Structural Model are both below the acceptable threshold of 0.08, suggesting close fits. The 

SRMR values of 0.04 for the Measurement Model and 0.05 for the Structural Model indicate 

minimal discrepancies between the observed and predicted correlations, further supporting the 

models' good fit. Additionally, the Chi-square/df ratios of 2.1 for the Measurement Model and 2.3 

for the Structural Model are both below the threshold of 3, which confirms an acceptable balance 

between model complexity and goodness of fit. Overall, these results suggest that both models are 

well-specified, adequately represent the hypothesized relationships, and provide confidence in the 

validity and reliability of the findings. 
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DISCUSSION  

The integration of Artificial Intelligence (AI) into recruitment has garnered significant attention in 

recent years, particularly due to its potential to streamline the hiring process and enhance the 

candidate experience. This research aimed to examine the effects of AI-powered technologies—

AI-powered Applicant Tracking Systems (ATS), AI-driven chatbots, and predictive analytics—on 

candidate experience and recruitment efficiency, as well as how regulatory compliance moderates 

these relationships. The study used Structural Equation Modeling (SEM) to test a series of direct, 

indirect, and moderated hypotheses. This discussion will break down the findings at each stage of 

analysis, including the measurement and structural model evaluation, hypothesis testing, and the 

mediation and moderation analysis. 

Measurement Model Evaluation: Confirmatory Factor Analysis (CFA) 

Reliability and Validity 

The reliability of the measurement model was assessed using Cronbach’s Alpha, Composite 

Reliability (CR), and Average Variance Extracted (AVE). These indices measure the internal 

consistency of the constructs. The results showed that the Cronbach’s Alpha and CR for all 

constructs exceeded the acceptable threshold of 0.70, indicating good internal consistency 

(Nunnally & Bernstein, 1994). For example, AI-powered ATS had a Cronbach’s Alpha of 0.85, 

indicating high reliability. Similarly, the AVE for each construct exceeded 0.50, confirming that 

the constructs explained more than half of the variance in their respective indicators (Fornell & 

Larcker, 1981). These results support the reliability and validity of the measurement model. 

Furthermore, Convergent Validity was assessed by checking the factor loadings. All loadings were 

above the threshold of 0.7, which is considered strong (Hair et al., 2017). For instance, the factor 

loadings for items like ATS2 and ATS3 under the AI-powered ATS construct were 0.80 and 0.85, 

respectively. Discriminant Validity was also confirmed using the Fornell-Larcker criterion, which 

showed that the square root of the AVE for each construct was greater than the correlations 

between constructs, ensuring that each construct is distinct from the others (Fornell & Larcker, 

1981). 

 

MODEL FIT INDICES 

The CFA results also yielded excellent fit indices for the measurement model. CFI and TLI values 

of 0.95 and 0.94, respectively, exceeded the acceptable threshold of 0.90, indicating a good fit. 

RMSEA and SRMR values of 0.05 and 0.04, respectively, were well within the thresholds of 0.08, 

indicating a close fit. Additionally, the Chi-square/df ratio was 2.1, below the threshold of 3, 

suggesting that the model did not suffer from overfitting (Bentler, 1990). 

 

STRUCTURAL MODEL EVALUATION: PATH ANALYSIS 

The next step in the SEM analysis was the evaluation of the Structural Model, which examines the 

hypothesized relationships between latent constructs. The analysis was based on the theoretical 

framework that included both direct and indirect effects of AI-powered technologies on Candidate 

Experience and Recruitment Efficiency, as well as mediation and moderation effects. 
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DIRECT EFFECTS 

The direct effects of AI-powered ATS, AI-driven Chatbots, and Predictive Analytics on Candidate 

Experience and Recruitment Efficiency were tested. The results revealed that all three AI 

technologies had a significant positive impact on both Candidate Experience and Recruitment 

Efficiency, supporting the first set of hypotheses (H1–H6). For example, Predictive Analytics had 

a direct effect of 0.50 on Candidate Experience (p < 0.001), suggesting that predictive models help 

improve the recruitment process by enhancing the candidate's experience. Similarly, AI-powered 

ATS positively influenced Recruitment Efficiency (β = 0.30, p = 0.002), implying that AI-

powered ATS streamlines the recruitment process by automating candidate screening and tracking. 

These findings align with the growing body of literature that highlights the advantages of AI in 

recruitment. AI-powered ATS systems, for instance, have been shown to reduce the time spent on 

manual screening, making the recruitment process more efficient (Aguirre et al., 2016). Similarly, 

AI-driven chatbots have improved Candidate Experience by providing instant communication and 

feedback, which can reduce candidate anxiety and enhance engagement (Van Der Westhuizen et 

al., 2018). 

VARIANCE EXPLAINED (R²) 

The R² values for Candidate Experience (0.55) and Recruitment Efficiency (0.60) indicated 

substantial explanatory power. According to Cohen (1988), an R² value above 0.25 is considered 

acceptable, while values greater than 0.50 are considered substantial. The R² values of 0.55 and 

0.60 suggest that the structural model explains a significant portion of the variance in both 

Candidate Experience and Recruitment Efficiency, providing strong support for the hypothesized 

relationships. 

MEDIATION ANALYSIS: INDIRECT EFFECTS 

Mediation analysis was conducted to test the hypothesis that Candidate Experience mediates the 

relationship between AI technologies and Recruitment Efficiency (H7–H9). The results showed 

that all indirect effects were positive and statistically significant, with the bootstrapped confidence 

intervals (CIs) not containing zero. 

For AI-powered ATS, the indirect effect of 0.20 (CI = [0.12, 0.28], p < 0.001) indicated that 

Candidate Experience partially mediated the relationship between AI-powered ATS and 

Recruitment Efficiency. For AI-driven Chatbots, the indirect effect of 0.18 (CI = [0.10, 0.26], p < 

0.001) suggested that the improved candidate experience contributed to enhanced recruitment 

efficiency. For Predictive Analytics, the indirect effect of 0.25 (CI = [0.17, 0.33], p < 0.001) was 

the largest, indicating a strong mediation effect. 

These results suggest that Candidate Experience plays a crucial role in explaining how AI 

technologies contribute to Recruitment Efficiency. The mediation effects are consistent with prior 

research that has shown the importance of candidate satisfaction in driving recruitment outcomes 

(Chapman & Webster, 2003). 
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Moderation Analysis: Interaction Effects 

Finally, Regulatory Compliance was tested as a moderator in the relationship between AI 

technologies and Recruitment Efficiency (H10–H12). The results showed that Regulatory 

Compliance significantly moderated the effect of AI-powered ATS, AI-driven Chatbots, and 

Predictive Analytics on Recruitment Efficiency. The interaction term for AI-powered ATS and 

Regulatory Compliance was 0.15 (p = 0.020), indicating that higher levels of regulatory 

compliance strengthened the effect of AI-powered ATS on Recruitment Efficiency. Similarly, the 

interaction term for AI-driven Chatbots and Regulatory Compliance was 0.12 (p = 0.045), 

suggesting that compliance enhances the effectiveness of chatbots in improving recruitment 

efficiency. The interaction term for Predictive Analytics and Regulatory Compliance was 0.18 (p = 

0.008), indicating that compliance further strengthens the positive impact of predictive analytics 

on recruitment efficiency. These findings highlight the importance of aligning AI-driven 

recruitment tools with regulatory requirements. Regulatory Compliance ensures that AI 

technologies are used in a legally sound manner, which can enhance their effectiveness and 

improve recruitment efficiency (Zhang et al., 2020). 

Conclusion:  

This study provides compelling evidence of the transformative potential of Artificial Intelligence 

(AI) technologies, such as AI-powered Applicant Tracking Systems (ATS), AI-driven chatbots, 

and predictive analytics, in recruitment practices. The findings underscore the significant 

improvements these AI tools bring to both Candidate Experience and Recruitment Efficiency. 

Moreover, this research highlights the crucial role of Candidate Experience as a mediator 

between AI technologies and recruitment outcomes, and it reveals how Regulatory Compliance 

moderates these relationships, influencing the overall effectiveness of AI-powered recruitment 

tools. 

The positive relationships found between AI-powered ATS, AI-driven Chatbots, and Predictive 

Analytics with Candidate Experience and Recruitment Efficiency align with previous studies, 

which emphasize how AI systems can streamline recruitment by automating administrative tasks, 

improving the accuracy of candidate assessments, and offering personalized interactions (Aguirre 

et al., 2016; Van Der Westhuizen et al., 2018). These AI tools enable recruiters to manage larger 

candidate pools efficiently while simultaneously offering candidates a more seamless and 

engaging experience, which enhances satisfaction. Specifically, the AI-powered ATS plays a 

pivotal role in reducing administrative burdens by automating repetitive tasks such as resume 

screening, which ultimately boosts the Recruitment Efficiency by enabling quicker shortlisting of 

qualified candidates. Similarly, the integration of AI-driven Chatbots allows for instant 

communication with candidates, providing them with real-time feedback and improving their 

overall recruitment experience. Predictive Analytics further optimizes recruitment by leveraging 

data to forecast candidate success and fit within the organization, leading to more effective hiring 

decisions. 

One of the most insightful contributions of this research lies in the identification of Candidate 

Experience as a mediator between AI technologies and Recruitment Efficiency. The results 
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indicate that improvements in Candidate Experience—which include faster communication, 

personalized interactions, and a more transparent recruitment process—directly translate into 

better recruitment outcomes. This aligns with the findings of prior studies (Chapman & Webster, 

2003), which suggest that when candidates feel valued and have a positive experience during the 

recruitment process, they are more likely to engage with the organization in a meaningful way, 

leading to higher job satisfaction and retention rates. Therefore, it is clear that organizations must 

prioritize enhancing the candidate experience, as it not only fosters goodwill but also improves the 

efficiency and effectiveness of the recruitment process. 

Moreover, the study introduces the concept of Regulatory Compliance as a moderator in the 

relationship between AI tools and recruitment efficiency. The significant moderating effect of 

regulatory compliance highlights the importance of adhering to legal and ethical standards in the 

use of AI technologies. With increasing concerns around data privacy, discrimination, and bias in 

automated systems, it is crucial for organizations to ensure that their AI recruitment tools are 

designed and implemented in compliance with relevant laws and regulations. The results suggest 

that AI recruitment tools, when paired with strong regulatory oversight, are more likely to enhance 

recruitment efficiency by ensuring that the recruitment process is both legally sound and free from 

discriminatory biases. This finding adds a layer of complexity to the application of AI in 

recruitment, as organizations must strike a balance between technological innovation and legal 

responsibility. 

The research also opens avenues for future exploration in several key areas. One potential 

direction for future research is the long-term effects of AI adoption on recruitment outcomes. 

While this study provides insights into the immediate impact of AI on Candidate Experience and 

Recruitment Efficiency, it remains to be seen how these effects evolve over time. Longitudinal 

studies could assess how AI-powered tools influence candidate perception and recruitment 

outcomes over extended periods, helping organizations better understand the sustainability and 

long-term value of AI in recruitment. 

Another area for further investigation is the role of organizational factors—such as company 

culture or industry type—in moderating the impact of AI on recruitment. Different industries may 

face unique challenges and opportunities when implementing AI in recruitment, and it would be 

valuable to examine how sector-specific variables influence the adoption and effectiveness of AI 

tools. For instance, industries like healthcare or finance, which are heavily regulated, may face 

stricter compliance requirements, which could alter the effectiveness of AI recruitment tools. 

Additionally, organizational culture could play a role in determining how readily companies adopt 

AI technologies and how these technologies are perceived by both recruiters and candidates. 

Finally, this study contributes to the growing body of literature on AI in recruitment by 

demonstrating that the adoption of AI technologies is not a one-size-fits-all solution. Instead, 

organizations must take a nuanced approach, considering factors such as Candidate Experience, 

Regulatory Compliance, and the specific needs of their industry to effectively implement AI in 

their recruitment processes. The findings of this study provide practical insights for organizations 
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looking to enhance their recruitment efficiency through AI while ensuring that the process is 

ethical, transparent, and legally compliant. 

In conclusion, the findings of this study not only support the growing body of literature on AI in 

recruitment but also provide actionable insights for organizations seeking to leverage AI 

technologies for more efficient and effective hiring processes. The positive impact of AI on both 

Candidate Experience and Recruitment Efficiency, along with the mediating and moderating 

factors identified, presents a compelling case for the strategic integration of AI in recruitment. 

Organizations that adopt AI tools thoughtfully and in compliance with regulatory requirements are 

better positioned to attract top talent, reduce biases, and enhance the overall efficiency of their 

recruitment processes. However, continued research is needed to explore the long-term impact of 

AI technologies on recruitment and to refine the best practices for their implementation in various 

organizational contexts. 

Implications of the Study 

This study offers valuable insights for organizations seeking to integrate AI into their recruitment 

processes, demonstrating the positive impact of AI-powered Applicant Tracking Systems (ATS), 

AI-driven chatbots, and predictive analytics on both Candidate Experience and Recruitment 

Efficiency. AI tools such as chatbots and ATS significantly enhance candidate engagement by 

offering real-time communication and personalized interactions. This results in higher satisfaction, 

which can improve an organization’s employer brand and attract top talent. 

The study highlights how AI tools streamline recruitment by automating tasks like resume 

screening and candidate assessment, which reduces time-to-hire and enhances recruitment 

operations. The research shows that Candidate Experience plays a crucial role in translating AI 

improvements into better recruitment outcomes. A positive candidate experience improves 

recruitment efficiency, emphasizing the need for organizations to prioritize engagement and 

transparency. Moderating Role of Regulatory Compliance: AI recruitment tools must be 

implemented with consideration for regulatory compliance, as it significantly affects the 

effectiveness of these technologies. This finding underscores the importance of ensuring AI 

systems are legally and ethically sound. Strategic AI Integration: The study provides actionable 

insights for HR leaders, suggesting that AI should not only be used to automate processes but also 

to enhance candidate engagement and maintain compliance with regulations. 

 

FUTURE SCOPE OF THE STUDY 
Future studies could focus on the long-term effects of AI on recruitment outcomes, such as 

employee retention and job satisfaction, to assess the sustained value of AI tools. Exploring how 

organizational culture influences AI adoption and its effectiveness could provide deeper insights 

into the barriers and enablers of AI in recruitment across different types of organizations. Research 

could investigate AI recruitment tools across various sectors, such as healthcare or finance, to 

understand how industry-specific challenges affect AI implementation and its success. 

Future research could examine how AI tools influence diversity and inclusion in recruitment. 

Ensuring AI systems are fair and unbiased is essential for promoting more inclusive hiring 
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practices. Research could extend AI’s impact beyond recruitment efficiency to other HR functions 

like employee development and onboarding, offering a more comprehensive view of AI’s 

potential. Given concerns around algorithmic biases, future studies could focus on the ethical 

implications of AI in recruitment, ensuring these tools are transparent, fair, and aligned with 

organizational values. 

This study contributes to the growing understanding of AI in recruitment and highlights the need 

for further exploration of AI's long-term effects, ethical considerations, and industry-specific 

impacts. By addressing these gaps, future research can help organizations maximize the benefits of 

AI while mitigating potential challenges. 
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