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Abstract


HR decision-making is changing as a result of artificial intelligence (AI), especially in the areas of hiring, onboarding, and retention. This study examines the use of AI tools throughout the lifecycle of an employee, emphasizing how they enhance the effectiveness, customization, and scalability of HR procedures. These solutions streamline employee setup, learning, and documentation. They range from AI-driven applicant tracking systems (ATSs) for applicant selection to AI-powered platforms for automated onboarding and individualized training. Predictive analytics also helps retention and performance monitoring plans, which lowers turnover, but issues such as bias, data privacy, and ethical problems must be carefully considered. This paper addresses the limitations and future directions of AI while examining its disruptive potential in HR.
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1. Introduction


In many offices, human resource management (HRM) is crucial. Hiring, assessing, and growing staff is important for many businesses, from established sectors to top IT firms [1,2,3]. Adopting a strict, fact-based method of decision-making on the human aspect of the business will typically be a novel approach in most businesses. A few CEOs and managers will pick it up immediately and accept it [4]. In addition to having more professional options than in the past, many workers in the twenty-first century frequently have to make the decision to switch jobs, roles, or industries in order to survive in the unstable modern workplace [5,6].



The influence of technology developments and the growing importance of business analytics has recently caused a dramatic shift in the HRM industry. People analytics, which allows organizations to make data-driven decisions regarding people in a more logical, objective, and successful way, is gaining popularity around the world [7]. Workplace digitization has already had an impact on working conditions and procedures. One of the most talked-about subjects in the most recent academic research is the digital revolution of HRM [8].



Employees engage with the diverse digital assets within an organization’s ecosystem as workplace digitalization rises, but there is still uncertainty about HRM’s capacity to handle the demands of AI-assisted HRM [9,10]. Previous studies have indicated that the integration of AI-assisted HRM applications into an organization’s ecosystem can cause anxiety in workers and have a positive or negative impact on employee and business outcomes [11,12]. With a compound annual growth rate of 24.5% from 2021 to 2025, International Data Corporation projects that worldwide spending on AI will soar from $85.3 billion in 2021 to over $204 billion in 2025 [13].



AI integration in human resources will make it easier to analyze, forecast, and diagnose problems that firms encounter and assist in improving employee-related decision-making. To acquire a competitive edge and critically examine the application of HR analytics and AI in HRM for better performance, an integrative synthesis of several streams of literature was conducted [14].



There is a new way to look at the connection between rhetoric and reality [15]. When it comes to building data analytics skills, most companies are hesitant to take the lead. One example is the fact that 41% of businesses say they are not prepared to use new data analytics tools. AI has historically included a broader range of technologies that can carry out tasks that normally would require human input or cognition, such as decision-making [16].



Algorithmic decision-making is gaining popularity as a new source of guidance for HR development and recruitment. While algorithmic decision-making is used by businesses to reduce costs and improve efficiency and objectivity, it can also result in perceived unfairness, implicit discrimination, and the unfair treatment of certain groups of people. The risks of (implicit) discrimination and unfairness posed by algorithmic decision-making are largely unknown in the context of human resource management [17]. Despite the rapid expansion of academic production in intelligent automation, comprehensive understandings of the effects of the utilization of these technologies in HRM at the individual (employee) and organizational levels remain lacking [18]. In addition, despite the fact that data-driven decision-making is not a novel concept, little is known about how to apply it successfully and which issues to concentrate on in these roles [19].



When HRM choices are made using AI, concerns are raised about how fair these judgments are perceived to be by employees and whether employees are treated respectfully (interactional justice) [20]. An HR model that attempts to foretell how a company’s workers will perform in the long run is known as an employee lifecycle management model [21]. Basically, this model is made to take into account every step of an employee’s journey and turn it into a framework that provides a different kind of interaction at each level [22]. Attraction, recruiting, onboarding (or training), employee growth, retention, and separation are the six steps that make up this paradigm. Workforce planning, selection and development, training and development, and employee performance are major areas of concentration as we analyze data to find causal linkages and other insights, which will drive actions by impacting important decisions [7].



By methodically examining the transformative influence of AI tools over the whole HR lifecycle—an area that has received little attention in the literature to date—this review can close important research gaps. There is a dearth of thorough analysis that covers the complete decision-making process from recruiting to retention, despite prior research identifying the integration of AI in particular HR tasks including performance management and recruitment [23,24]. The evaluation will cover issues that have not been adequately explored in the context of AI applications in HR, such as bias and data protection [25]. This paper aims to provide a comprehensive understanding of how AI reshapes traditional HR practices by analyzing emerging trends and the complementary role of HRM in utilizing AI. This analysis will contribute to the existing body of knowledge and guide future research directions in this evolving field [26,27].



This review paper’s goal is to investigate how AI tools might revolutionize decision-making processes throughout the whole HR lifecycle, from hiring to retention. It seeks to examine how AI-powered tools are changing HR procedures by enhancing productivity, accuracy, and equity in crucial domains such as hiring, performance management, employee engagement, and retention tactics. The review’s purview includes a thorough examination of the AI tools now in use in HR, their applications at different phases of the decision-making process, obstacles including bias and data protection issues, and developing trends that will influence AI in HR going forward. The article will give a thorough grasp of AI’s role in transforming HR management by offering insights into these areas.




2. AI in Recruitment


AI recruiting makes use of AI to improve a range of recruitment tasks, including conversing with candidates and modifying selection procedures to pinpoint top performers [28]. By employing algorithmic evaluations to provide a more impartial employment process, sophisticated AI systems such as LaMDA can participate in natural dialogues and aid in the reduction of bias [29]. AI solutions assist HR managers in streamlining processes such as interview scheduling, resume screening, and workforce analysis for well-informed hiring decisions [30].



2.1. Resume Screening and Parsing


Applicant curriculum vitae (CVs), or resumes, were a major component of the traditional recruitment process. In addition to being outdated, this system has shown to be a fruitless endeavor that results in the hiring of applicants who ultimately prove to be “misfits”. A few years ago, the only source of candidate data available to recruiters was their resumes. In-person interviews were seen to be the best option for selecting qualified applicants. Evidence, however, points to a lack of correlation between job performance and interview results. Numerous methods in the hiring process have been introduced by advances in AI [31].



AI-assisted decision support systems for resume screening are rapidly developing in many enterprises, posing technical, managerial, ethical, and legal challenges [32]. A paper by Lacroux et al. [32] examined recruiters’ reactions to algorithm-based resume screening recommendations, highlighting two key attitudes: algorithm aversion and automation bias. Recruiters are hypothesized to trust human specialists more than automated decision support systems (ADSS) due to concerns over subjective judgments in recruitment. An experiment with 694 professionals evaluated resumes based on different recommendation types (algorithmic, human expert, or no recommendation) and consistency. The findings confirm that recruiters trust human recommendations more and tend to prefer the unsuitable resume when algorithmic advice is inconsistent.



Ujlayan et al. [33] propose an analytics-based technique to boost HR recruitment competitiveness. Tools were utilized to extract attributes from the profile job description and match them with database candidates’ resumes. Similarity analysis compared resumes and desired attributes to find the best candidate. Framework results were trained on a random sample of 1029 IT company job seekers’ profiles; it cut manual screening by 80%, which should save work hours and other operating expenditures. The study was limited to an Indian IT company; however, the proposed AI-based framework has great potential across industries. The study helps leaders, associations, policymakers, and academia develop and optimize recruitment initiatives, contributing to theory and practice.



ATS assigns a score to each candidate based on their education background, the relevance of their experience to the recruiters, and their experience in the work field. ATS considers these inputs to be the primary determinants of eligibility. The applicant tracking system (ATS) surpasses conventional spell-checking capabilities by employing cutting-edge AI technology to evaluate applications on the basis of a multitude of tests that recruiters and recruiting managers prioritize. In particular, the platform assesses the impact of the application by assessing the strength of the word choice and also evaluating the brevity and manner of the application. Additionally, it evaluates each bullet point in the application and investigates critical components, including inconsistencies, length, word selection, filler words, keywords, and phrases [34]. The integration of AI-driven solutions, such as the Teamtailor AI automaton, further automates candidate evaluation, resulting in a substantial reduction in manual labor. In order to optimize their applications for ATS screening, candidates must emphasize their suitability for the job’s requirements and their talents. Remote work is extended by this digital transformation, which presents new opportunities and challenges for global candidates [35]. Figure 1 demonstrates how AI processes large volumes of resumes and assists in shortlisting candidates efficiently.




2.2. Natural Language Processing (NLP) in Resume Parsing


To make candidate evaluation and selection easier, resume parsing entails extracting pertinent information from resumes. The main objective is to automatically extract vital information from resumes with different formats and styles, including names, contact details, educational backgrounds, work experiences, and talents. Named entity recognition (NER) is an essential part of natural language processing (NLP) that aids in locating particular entities in resumes, such as names and companies. According to research, using NER can improve parsing by enabling systems to comprehend context and semantics more fully [36].



Modern hiring systems require the capacity to read resumes from a variety of formats (such as PDF and DOCX). Studies have demonstrated that before using NLP approaches for data extraction, these documents must be converted into a standard text format [37]. Regardless of the original format, our conversion method guarantees that pertinent data may be precisely identified and recovered.



The impact of AI on candidate shortlisting in recruitment procedures across different firms has been highlighted in recent research. For example, Jha et al. [38] stress that AI has transformed hiring by automating monotonous processes, improving productivity and cutting workforce expenses. According to studies by Nawaz [39,40], AI has a favorable impact on human resource management, especially in Indian software organizations where it helps choose the best individuals for talent pools.




2.3. AI in Talent Acquisition Platforms


The integration of AI into talent acquisition platforms has revolutionized the recruitment and selection processes of organizations. This literature review summarizes the primary findings of recent studies that investigate the influence of AI on recruitment processes, with an emphasis on its ethical considerations, challenges, benefits, and applications.



Various stages of the recruitment process, such as candidate sourcing, screening, and selection, are progressively utilizing AI technologies. Nguyen et al. [41] conducted a systematic literature review that found that AI tools, including chatbots and automated resume screening systems, improve the efficacy of the recruitment process and decrease the time-to-hire rate. By automating repetitive duties, these tools assist organizations in managing large volumes of applications, thereby enabling HR professionals to concentrate on more strategic activities.



Bondarouk and Brewster [42] conducted a study that demonstrates that AI can enhance the quality of recruitment services by conducting objective assessments of candidates, thereby reducing the biases associated with human judgment. The incorporation of AI in recruitment not only improves the overall candidate experience by offering personalized interactions through AI-driven communication tools but also enhances operational efficiency [43]. The advantages of employing AI in talent acquisition are multifaceted (Table 1).



The employment process is being revolutionized by AI, which is automating steps of it. AI has the potential to reduce biases, increase recruiting efficiency, and improve candidate experiences. Examples of this are platforms such as HireVue and LinkedIn [44].



Recruiting tools driven by AI make it easier to screen resumes, engage candidates, and schedule interviews. By automating mundane operations and evaluating data from candidate evaluations, AI technologies can drastically cut down on time-to-hire and improve the quality of hiring, according to a comprehensive literature analysis [45]. Sites such as HireVue use AI to sift through video interviews, looking for clues about a candidate’s emotional intelligence and personality qualities in things such as facial expressions, vocal intonation, and word choice [46].



To find candidates that fit in with the company’s culture and ideals, AI algorithms can sift through mountains of data from social media accounts. Expanding the talent pool and assisting firms in re-discovering existing talent inside their databases are both made possible by this capacity [46,47]. By facilitating real-time contact and offering instant feedback, chatbots elevate the candidate experience all the way through the hiring process [46,48]. AI has revolutionized recruitment by automating tasks such as resume parsing, candidate screening, and engagement. These tools enhance efficiency, reduce bias, and improve the candidate experience. As technology advances, AI will continue to refine recruitment processes, fostering inclusivity and data-driven decision-making.





3. AI in Onboarding


There is growing recognition that automated onboarding procedures can improve the effectiveness and efficiency of acclimating new hires to their workplaces. The mechanisms, advantages, and consequences of automated onboarding for human resource management are the main topics of this review of the literature, which summarizes current research in this area.



The term “automated onboarding” describes the application of technology such as robotic process automation (RPA) and AI to simplify a number of onboarding-related processes. This involves automating tasks that have historically mostly relied on human processes, such as data entry, document verification, and training coordination. The goal of the automation trend is to increase productivity, decrease errors, and improve employee satisfaction from the start [49,50]. Several mechanisms that are characteristic of automated onboarding processes have been identified in the literature:




	
Workflow automation: In order to lead new hires through the onboarding process without requiring continual HR intervention, automated workflows must be created. For example, automated reminders can help new hires remember to do their assigned work [51,52].



	
Integration with HR systems: Applicant tracking systems (ATSs) and current HR management software are frequently integrated with automated onboarding solutions. Task management and data transfer are made easier by this integration [53,54].



	
Digital tools for engagement: With the COVID-19 pandemic, there has been an increase in the usage of digital platforms for communication and training. Traditional in-person contacts have been supplanted by virtual meetings and online forms, which has made it simpler for distant workers to interact with their teams [55].








Evidence from a variety of fields shows that AI is efficient; for example, it can cut the time it takes to onboard a customer from days down to less than fifteen minutes [56]. In order to encourage new recruits to form true relationships, there needs to be a balance between technology and human interaction. While AI can save time and effort by streamlining procedures and providing individualized recommendations, it still cannot take the position of humans when it comes to the social components needed for successful team integration, according to Ritz et al. [57]. A clear illustration of how AI may automate and streamline onboarding processes can be found in Figure 2. Automated onboarding leverages AI and technology to streamline tasks such as data entry, training coordination, and document verification, improving efficiency and employee satisfaction. While these tools reduce errors and save time, a balance between automation and human interaction is crucial to fostering meaningful connections and successful team integration. As onboarding processes continue to evolve, combining technological efficiency with personalized engagement remains essential.




4. AI in Performance Management


4.1. AI in Employee Monitoring and Evaluation


The increasing use of technology in human resource management has led to a considerable body of research on the integration of AI in employee monitoring and evaluation. The main research and conclusions on AI’s application to employee performance reviews, as well as its advantages, disadvantages, and ethical implications, are summarized in this review of the literature.



Performance evaluation systems use a variety of AI approaches to improve efficiency and objectivity. Organizations can evaluate employee performance data more effectively by utilizing artificial neural networks (ANNs), fuzzy logic, and natural language processing (NLP). These techniques support the automation of feedback systems, real-time assessment provision, and identification of employee development needs [58].



AI systems are able to perform assessments based on objective facts, eliminating the biases that are frequently present in human assessments. The transition to data-driven assessments promotes a more equitable appraisal procedure [59]. AI makes it possible to track employee performance continuously, giving managers the ability to react quickly to changes in that performance. This ability stands in contrast to conventional evaluation techniques that depend on recurring reviews [60,61]. By examining performance indicators, AI systems are able to produce extensive feedback that offers practical suggestions for enhancement, hence promoting staff development [59].



A number of businesses have effectively integrated AI into their performance review procedures [59]:




	
Google leverages AI to improve its feedback systems, guaranteeing prompt and precise evaluations.



	
Based on extensive data inputs, Amazon uses AI-driven analytics to guide managerial decisions.



	
Spotify has introduced AI tools to assist managers in offering unbiased assessments and pinpointing areas for improvement.








With the ability to analyze data in real-time and provide feedback, AI is finding more and more uses in performance management systems. Bankar and Shukla [62] emphasize how AI may enhance human resource competency by facilitating predictive analytics. This, in turn, boosts employee performance by providing them with immediate feedback and data-driven insights. Based on their findings, digital performance management systems improve organizational outcomes by encouraging open and honest appraisals of employees.



Several researchers have looked at how AI can revolutionize performance reviews. Management methods can be made more dynamic and responsive with the use of these tools, which enable continual feedback mechanisms. In order to optimize the processes of recruiting and performance evaluation, the study stresses the significance of combining AI with current HR practices [63]. The capacity of AI to provide timely and pertinent feedback is an essential component of contemporary performance management systems. Based on the results, managers can provide instant feedback and direction to their staff members thanks to AI systems that can monitor key performance indicators in real time [64]. Not only does this skill boost individual performance, it also helps the team as a whole.



Data mining, statistical methods, and machine learning are all part of predictive analytics, which aims to examine past data in order to foretell future results. Jamarani et al.’s [65] comprehensive study emphasizes the use of big data for predictive analytics, drawing attention to its capacity to reveal trends that might guide decision-making in sectors such as smart cities, healthcare, and online shopping. In order to better comprehend the many approaches used, this study classifies predictive analytics applications into seven main topics, offering a thorough taxonomy.



Predictive analytics has become more popular in the educational setting as a means to improve students’ performance. Predictive learning analytics (PLA) is the subject of a comprehensive study by Brooks and Thompson [66]. PLA attempts to foretell academic results by analyzing a variety of student-related data. Important features that impact projections are highlighted in the study, including demographic data and academic performance indicators. Proactive intervention options for at-risk students can benefit from predictive analytics, which are discussed together with the advancement of models from classical to more advanced machine learning approaches.



According to studies, predictive analytics can successfully find top performers by looking at past data to set standards for performance. As an example, Kumar and Garg [67] go over a number of machine learning and statistical approaches that are used to forecast performance results across diverse industries. Using these techniques, businesses can make interventions and support systems that are specific to high performers and those that might need a little extra help.



The broad use of predictive analytics is impeded by a number of obstacles despite its promise. Data quality, integrating multiple data sources, and the requirement for rigorous evaluation criteria are concerns that are highlighted in a paper by Benablo et al. [68]. Concerns about data privacy and security are also of the utmost importance, particularly when dealing with sensitive information in healthcare or educational institutions.




4.2. AI for Continuous Feedback and Performance Reviews


Studies reveal that the kind and origin of feedback greatly impact its efficacy. A study with thirty-six participants showed that performance and motivation were positively impacted more by person-mediated feedback—that is, input given through direct interaction—than by computer-mediated feedback [69].



When computer programs unfairly favor some groups over others, this is called AI bias. Unrepresentative training data, incorrect algorithms, and societal inequities are all potential causes of this bias. According to research, biased AI systems might worsen inequalities in areas such as healthcare and employment by leading to negative results, especially for marginalized populations [70].



Making sure datasets are balanced is one way to reduce bias. By manipulating the interrelationships of variables throughout training, a mitigated causal model was presented in a study that produces datasets devoid of discrimination. To improve AI model fairness, our approach enables the simultaneous mitigation of numerous biased variables [71]. In adversarial debiasing, one neural network is trained to make predictions and the other to detect and fix biases in the training data. The goal of this dual-network strategy is to promote equity by balancing predictions across demographic groups [71].



An innovative approach known as TWIX was created to offer explanations for AI assessments that resemble human speech. This strategy is especially useful in evaluating surgical skills. Improving overall performance across varied surgeon cohorts, TWIX significantly avoided underskilling and overskilling biases by integrating visual explanations alongside predictions [70,72]. To build confidence in AI systems, openness is key. Researchers have shown that stakeholders need AI models to be explainable so they can comprehend the decision-making process. By explaining the reasoning behind AI evaluations, the TWIX method increases openness and fairness, for example [72]. In addition, accountability and openness in AI applications, especially in healthcare, are being required by new regulatory frameworks [70]. AI in performance management has introduced innovative tools for real-time feedback, objective evaluations, and predictive analytics, enabling organizations to enhance individual and team performance. These systems eliminate biases, provide data-driven insights, and streamline continuous feedback mechanisms. However, challenges such as data privacy, security, and AI bias must be addressed to ensure fairness and trust. By combining AI’s capabilities with human judgment, organizations can create more dynamic and equitable performance management systems.





5. AI in Employee Development and Training


Training programs for employees are seeing an uptick in the use of AI technologies. According to studies, AI can help with individualized training by tailoring lessons to each worker’s specific requirements. For example, intelligent tutoring systems greatly enhance the learning process by utilizing AI to deliver adaptive training and feedback [73]. AI-based training systems have the ability to curate content, grade examinations, and provide real-time feedback, which in turn makes learning more contextual and effective [74]. The ability of AI to customize employee training and development plans is demonstrated in Figure 3.



AI has several potential uses, including in career development planning and performance evaluation. Research has demonstrated that AI can automate feedback procedures, aid in data collecting and analysis for performance assessments, and offer individualized career development recommendations. Training and development programs can be more dynamic with the help of AI’s varied applications [75,76].



Career pathing is the process of guiding an employee’s professional development along a predetermined direction inside a company, whereas succession planning is concerned with finding and grooming potential future leaders. Both ideas go hand in hand since succession planning relies on a talent pipeline, which is only possible through well-designed career paths. Research shows that companies with strong succession planning and career pathing programs have more engaged and loyal employees [77,78].



Employees may see their own advancement inside the company with career pathing, according to the existing research. In places where people may easily switch jobs, this becomes even more important. In order to cultivate a commitment and performance culture, a study stresses that companies should help employees map out their professional goals in relation to those of the company [78]. In addition to making workers happier, a better leadership pipeline can be achieved through career path development, which prepares people for future jobs [77].



Predicting when positions will become available and cultivating a pool of candidates who can successfully fill them are two components of succession planning. Among the most effective methods of succession planning are planned evaluations of present talent, the identification of possible successors, and the provision of appropriate opportunities for training and growth [79,80]. An organization’s ability to manage transitions, keep institutional knowledge intact, and minimize disruptions during leadership changes is much improved when succession planning is a top priority [78,81].



A unified talent management strategy must incorporate career pathing and succession planning. In order to make sure that workers are happy in their current jobs and ready for leadership roles in the future, research says that companies should use a methodical strategy that combines the two elements [80,82]. AI is transforming employee development and training by enabling personalized learning, adaptive feedback, and real-time performance assessments. Tools such as intelligent tutoring systems and AI-driven career pathing foster tailored growth opportunities while enhancing employee engagement and leadership pipelines. By integrating AI into talent management strategies, organizations can better align employee goals with business needs, ensuring a dynamic and future-ready workforce.




6. AI in Employee Engagement and Well-Being


Engagement is a mental attitude toward work that is positive, fulfilling, and associated with a high degree of energy, commitment, and immersion. Its definition and evaluation have both been contentious, although new approaches to evaluation, such as AI, have emerged in recent years [83].



To be fully engaged in one’s work means to have an optimistic, satisfying, and enthusiastic outlook on one’s job, as well as to devote oneself fully to it. New methods of evaluation, such as AI, have arisen in recent years, although both its definition and assessment remain controversial [84].



A study by Prentice et al. [85] looked at how AI performance can impact workers’ job engagement, service, and performance by presenting AI-powered tools and applications as boundary-crossing objects. The process of crossing boundaries is modeled with job security acting as a moderator. These connections are proposed by a number of theories, including self-regulation, goal-setting, and boundary-crossing. Full-time employees in Australia with prior experience using AI-powered technologies for work participated in the study. The findings indicate that employee service performance and job engagement were highly impacted by AI performance, and that these factors were significantly correlated with job performance evaluation. There were notable mediation effects between AI and job performance in the areas of job engagement and service performance. Job security has a considerable moderating effect on workers’ job engagement and service performance.



Innovations in AI, natural language processing (NLP), and machine learning (ML) have revolutionized the study and application of employee insights over the past ten years. They have simplified the process for companies to gather, assess, and react more effectively to employee feedback [86].



By examining input from a variety of sources, such as social media and employee reviews, AI-driven sentiment analysis tools are being used more and more to assess employee engagement and morale. Organizations may now recognize employee feelings about income, work pressure, and culture thanks to techniques such as recurrent neural network—long short-term memory (RNN-LSTM), which has demonstrated great accuracy (up to 88%) in sentiment classification from big datasets [87]. By generating vector representations of employee communications, unsupervised learning techniques can improve sentiment analysis performance and provide deeper insights into engagement aspects [88]. HR departments can more effectively handle critical concerns by prioritizing employee discontent issues with the help of domain-specific sentiment analysis tools [89]. Deep learning techniques are used by commercial platforms such as IBM Watson and Google Cloud to attain accuracy levels of 89–90%, demonstrating the potential of these technologies to optimize employee engagement tactics [90].



Through performance evaluation, a study by Chungade and Kharat [91] used a sentiment analyzer to examine supervisors’ opinions of workers, which helps to understand engagement and morale in virtual workplaces. A study by Bahri et al. [92] addressed sentiment analysis for employee sentiment classification using TF.IDF and SVM. Accurate text classification can help understand staff involvement and morale. A study by Gaye et al. [93] suggested a hybrid model called RV-SGDC that combines a number of machine learning algorithms to effectively classify employee reviews based on sentiment, which can help with assessing employee engagement and morale.



Workplace support can be improved by automated technologies such as the interactive voice response (IVR), which can evaluate mental health conditions and direct workers to suitable treatments [94]. The Unmind platform provides users with individualized insights and recommendations based on a digital index that assesses mental health and well-being [95]. In order to provide real-time monitoring without interfering with work, inconspicuous sensing technologies are being developed to measure stress and well-being using biological data, such as heart rate and body movements [96]. Activity tracker-based interventions have demonstrated potential in enhancing physical health measures; however, their influence on work-related well-being is still restricted [97]. Dastin and Menn [98] claim that AI systems have the potential to reinforce gender stereotypes, leading to discrimination in a variety of professional settings. Working women’s mental health may be greatly impacted by this, leading to sentiments of unfairness and devaluation. AI has significantly enhanced employee engagement and well-being by enabling sentiment analysis, personalized feedback, and real-time monitoring of mental health and stress. Tools such as NLP and machine learning allow organizations to better understand employee morale and address critical concerns proactively. However, challenges such as potential biases and ethical considerations remain. By balancing technological innovation with fairness and inclusivity, AI can further promote a supportive and engaging workplace environment.




7. AI in Retention and Attrition Prediction


7.1. Predictive Analytics for Employee Retention


Numerous machine learning algorithms, including random forests, logistic regression, and neural networks, have been shown to be useful in forecasting employee turnover. These models look for trends linked to attrition risks by analyzing past employee data, including demographics, engagement levels, and performance measures. For example, a study using a dataset of 4,410 records indicated that the random forest and XGBoost classifier models achieved accuracy rates of 98.7% and 98.8%, respectively, for predicting turnover [99]. Research highlights the significance of behavioral variables in attrition prediction, including job satisfaction, management relationships, and development prospects. These variables can be used to create models that rate employees according to how likely they are to leave within a given period of time [100].



It is emphasized that including interpretability strategies into AI models is crucial for HR decision-making. HR practitioners can create focused retention strategies by knowing the factors that significantly impact attrition predictions [100]. For instance, utilizing interpretability techniques that are independent of the model helps stakeholders understand how certain attributes affect the chance of attrition.



Analytics frameworks are used in the workplace to prevent employee attrition by spotting top talent that could leave and taking proactive measures to keep them on board, including pay increases, to minimize losses [101]. Additionally, proactive feedback mechanisms found in tutoring programs such as the iList tutor show how AI can assist retention indirectly by promoting student engagement and learning [102].




7.2. Personalized Retention Strategies


By analyzing replacement costs and suggesting salary adjustments, AI can optimize effective compensation planning, especially for “at risk” personnel. This ensures competitive pay. Research has demonstrated that mentorship programs and career routes help employees grow professionally and personally, which in turn increases job satisfaction and retention [103,104]. Employees are more satisfied and loyal to their employers when they have opportunities to improve their own well-being, such as more adaptable work schedules and better work–life balance [103,104]. According to Gberevbie [105] and Harris [106], firms can boost their performance, engage their employees, and decrease turnover by implementing AI-driven tactics.



New studies show that predictive analytics powered by AI may successfully identify high-risk employees. For example, Basnet [107] highlights how AI-powered firms may predict employee turnover by sifting through data from performance reviews and surveys, among other sources, to identify patterns in behavior. Human resources professionals can improve retention rates by taking a proactive approach and implementing targeted interventions before turnover risks become worse [108].



AI is useful for more than just making predictions; it can also help with things such as tailoring pay and advancement chances to each individual. Paigude et al. [109] state that HR practitioners can automate routine operations using AI solutions, freeing them up to focus on strategic issues such as employee engagement and individualized career paths. In order to recruit and retain top people, firms must be able to offer compensation packages that are customized according to individual performance criteria and market trends. By combining AI with emotional intelligence frameworks, a more personalized work environment can be created that supports employee development by making growth possibilities more personalized.



With predictive modeling and tactical interventions, AI has demonstrated a great deal of promise in lowering employee turnover rates. For example, by analyzing data from HR information systems (HRIS), machine learning algorithms—specifically, extreme gradient boosting (XGBoost)—have been successfully used to predict employee turnover. This has allowed organizations to implement retention strategies that are specifically targeted at employees based on accurate predictions [110]. Research has indicated that comprehension of factors influencing intentions to leave a workplace, such as job stress and chances of other employment, is crucial. This will help management create policies that improve employee satisfaction and engagement [111]. Expert systems powered by AI can create logical connections between employee behavior and attrition, giving businesses insights to improve their retention tactics [112]. In industries where human connections are essential, such as real estate, the retention of tacit knowledge through AI-driven knowledge management systems is critical to reducing the negative consequences of turnover [113]. AI has emerged as a powerful tool in predicting and addressing employee attrition by leveraging machine learning models and predictive analytics. These technologies enable HR professionals to identify high-risk employees, analyze key factors influencing turnover, and implement targeted retention strategies. By offering personalized compensation plans, career development opportunities, and proactive interventions, AI enhances job satisfaction and reduces turnover. However, balancing these technological advancements with human-centric approaches remains critical for fostering long-term employee loyalty and engagement. Table 2 provides a comprehensive summary of the key AI tools used across the various stages of an employee’s career lifecycle, from recruitment to retention. It highlights the specific applications of these AI technologies, summarizes key contributions and findings from the literature, and identifies gaps or limitations in current research. This consolidated overview offers a clear perspective on the impact of AI in human resource management (HRM) and the areas where further exploration is needed.





8. Discussion of AI Models in Recruitment


Artificial intelligence has revolutionized recruitment practices through the deployment of advanced models that enhance efficiency and decision-making accuracy [114]. Among these, machine learning algorithms such as random forest, extreme gradient boosting (XGBoost), and neural networks play pivotal roles [115]. For example, random forest and XGBoost are frequently utilized in candidate screening and ranking processes, where they analyze vast datasets to identify patterns and predict outcomes, such as candidate suitability for specific roles. Neural networks, particularly those enhanced with natural language processing (NLP) techniques, contribute to resume parsing and candidate sentiment analysis by extracting key information from unstructured data formats, including resumes and cover letters. These models automate repetitive tasks such as resume screening and interview scheduling, allowing human resource professionals to focus on strategic activities [116].



Moreover, AI-based applicant tracking systems (ATSs) integrate these models to evaluate candidates based on predefined criteria, such as experience, skills, and educational background [117]. These tools not only streamline hiring processes but also reduce the potential for human biases, as they rely on data-driven methodologies. The inclusion of conversational AI, such as chatbots, further enhances candidate experience by offering real-time interaction and feedback, ensuring a seamless recruitment journey [118].



The accuracy of AI models in recruitment is a critical factor in their adoption and effectiveness. Various studies highlight promising results for these models. For instance, random forest and XGBoost classifiers have demonstrated accuracy rates exceeding 95% in predicting candidate suitability based on past hiring data [119]. Similarly, predictive analytics models are used to rank candidates, achieving high levels of precision by matching job requirements with candidate attributes. Accuracy metrics such as precision, recall, and F1 scores are often employed to evaluate the performance of these models in different recruitment contexts [120].



However, despite their high accuracy, it is important to acknowledge the limitations and challenges of AI models. For example, the quality of predictions heavily depends on the training data provided to the models. If the data is biased or incomplete, the models may perpetuate these biases, leading to potential ethical concerns. Consequently, organizations adopting AI tools for recruitment must implement robust validation and monitoring practices to ensure the models remain reliable and unbiased. By improving the accuracy and transparency of these models, companies can maximize their utility while fostering trust among stakeholders.




9. Ethical Considerations and Future Trends


Organizational disparities can be exacerbated when biases are allowed to persist in hiring, performance reviews, and retention choices. Some demographics are overrepresented in recruiting procedures, while others are marginalized due to unconscious cognitive biases. For example, even though both groups’ qualifications are the same, research shows that interview callbacks are more common for candidates with typically Western names than for those with “ethnic” names [121]. Standardized tests that fail to take into consideration candidates’ varied experiences and backgrounds might further perpetuate these biases [122], which is why traditional criteria for candidate evaluation should be avoided. Beyond the realm of recruiting, biased performance reviews have the potential to impact rates of promotion and retention, which in turn undermines initiatives to promote diversity and inclusion in the workplace [123]. Fairer results at all levels of an organization can be achieved by the use of holistic review processes, training on unconscious bias, and structured interviews [121,124].



The potential for bias in sophisticated data-driven systems necessitates mitigation measures to guarantee AI algorithms are fair and transparent. Implementing algorithmic auditing to routinely evaluate AI outputs for fairness across broad demographic groups, investing in fair and representative data to eliminate inherent biases, and defining ethical guidelines to outline criteria for AI deployment are all part of these efforts. Fostering explainable AI also helps stakeholders understand the decision-making process, which improves responsibility and trust. Sharing best practices and building strong frameworks that maintain ethical standards in AI governance requires strong collaboration across enterprises, academic institutions, and regulatory agencies. More fair integration of AI technologies into society is one goal of such comprehensive approaches [125,126,127].



Ethical concerns about privacy arise when collecting data from employees since it frequently contains sensitive personal information. Companies should consider both their data needs and the privacy rights of their employees. A lack of transparency on the intended use of employees’ data can sow seeds of mistrust, and employees’ expectations of privacy can vary widely. For example, a hostile work atmosphere and low morale can result from employees’ beliefs that their personal data is being monitored without their knowledge or agreement [127].



Employee informed consent is essential but not always easy to achieve in reality. When employees give their consent for data gathering, they may not completely grasp the consequences, particularly when the data is used for purposes other than what was originally intended. It is recommended by ethical norms that consent be given in an explicit, informed, and revocable manner. However, there are often ethical concerns about transparency due to businesses’ use of complicated jargon or lack of proper information regarding data usage [2,5].



Such examples of organizations using employee data for reasons that could hurt workers include health assessments that lack sufficient context or assistance or performance evaluations that are based on surveillance data. This makes one wonder if these methods are fair and suitable. Responsible data use is a cornerstone of ethical frameworks, which stress that data should improve workers’ well-being rather than hurt it [126,127]. Organizations face a maze of data privacy laws and regulations, such as Europe’s General Data Privacy Regulation (GDPR). It is both the legal and the right thing to do to follow these regulations. An organization’s reputation and financial resources could take a hit if it does not follow these rules. In addition to ensuring compliance, ethical considerations include creating an environment where employees feel valued and respected [126,127].



Conflicts between corporate priorities and workers’ rights are common. It is important for firms to think about how data collection tactics impact employee autonomy and well-being, even while the goal is to increase productivity or improve workplace safety. Careful assessment of employee data usage and a dedication to prioritizing employee rights alongside company goals are necessary for ethical decision-making in this context [127,128].



9.1. Balancing AI-Driven Decisions with Human Intuition and Judgment


HR choices made using AI are faster, more accurate, and more efficient, but human intuition and judgment are still essential. AI can evaluate massive volumes of data, find trends, and provide data-driven insights to assist HR professionals make decisions. However, relying solely on AI may cause drawbacks such as a lack of contextual awareness or sensitivity to unique conditions. When handling complex HR matters such as hiring, promotions, and terminations, where an algorithm may not fully capture nuances in a candidate’s personality, potential for growth, or cultural fit, the need to balance AI’s objective decision-making power with human intuition is crucial.



Human intuition is significant in the emotional, soft skill, and creative thinking sectors. AI may recommend a candidate based on abilities and experience, but HR professionals can judge rapport and cultural fit during interviews, which data cannot quantify. In cases when AI is biased due to its training data, human monitoring is necessary to ensure unbiased decision-making. HR departments must design frameworks that allow AI to enhance human judgment rather than replace it, creating a collaborative atmosphere that maximizes both.




9.2. AI Decision Supervision by HR Professionals


HR professionals must oversee AI-driven decisions to ensure technology supports human-centered decision-making. HR practitioners must learn new skills to manage AI technologies and ensure they correspond with business values and goals as they become more integrated into HR processes. They must constantly monitor AI’s outputs, assess its fairness and transparency, and intervene when necessary. This requires a profound understanding of AI algorithms, data, and biases.



HR workers also shape AI systems. In recruitment, HR teams must create AI tool screening criteria and weightings to match short-term employment needs and long-term company culture. AI solutions must also meet with ethical requirements, particularly data protection and non-discrimination, according to HR specialists. Their ability to understand AI-driven insights and add a human touch provides a comprehensive decision-making process that maintains HR’s humanity.




9.3. What’s Next in HR AI Tools and Platforms?


HR AI tools are evolving quickly, with new platforms promising to change talent management. ATSs that automate resume screening, match candidates with jobs, and conduct first interviews using conversational AI are changing recruitment. AI is also used in performance management, where predictive analytics identify high achievers and possible issues. AI-based learning and development platforms that use adaptive learning to tailor employee training to their requirements and career goals are also growing.



Future AI tools will improve employee experience through real-time feedback mechanisms, AI-driven employee well-being monitoring systems, and predicted attrition models that help firms retain employees. These technologies will help HR with administrative tasks and deliver strategic information for policy and workforce planning. HR will use AI tools to shape the future of work rather than just automate tasks.




9.4. The Future of AI in Talent Management


AI is increasingly used in talent management, with VR becoming essential to recruitment and training. VR simulates real-world scenarios, allowing applicants to practice problem-solving and decision-making. This method is appropriate for occupations that need technical or soft abilities that are hard to measure. VR and AI can build personalized, interactive training experiences that help employees learn quicker and better.



AI is changing workforce management in hybrid work models by monitoring productivity, engagement, and cooperation across remote and in-office contexts. Managers can use AI to allocate resources, manage teams, and improve employee well-being. AI will let remote workers be supported and their career development and performance assessed equitably and efficiently as hybrid work evolves.



AI can increase diversity and inclusiveness in HR decision-making by decreasing unconscious biases that may impact human assessments. AI-driven recruitment solutions can anonymize candidate profiles by deleting name, gender, and age, focusing on skills, experience, and qualifications. AI can help companies diversify their talent pools by objectively shortlisting candidates. AI may also discover biases in recruiting, promotions, and wage gaps and provide actionable information to correct inequalities.



For AI to foster diversity, algorithms must be created and trained on varied datasets. Bias in AI technologies is a major issue because they might perpetuate previous biases. Thus, HR professionals must monitor AI systems to guarantee they eradicate bias and promote an inclusive workplace atmosphere.




9.5. AI’s Potential to Close Skills Gaps and Promote Equality


AI can assess employees’ skills and offer individualized training programs to close skills gaps. AI-driven learning platforms may analyze employee progress, identify areas for improvement, and provide career-enhancing learning routes. This ensures that employees of all backgrounds have equitable access to potential-matched development opportunities.



AI may also find and nurture minority talent in an organization, promoting equality. AI may track internal mobility patterns to ensure that all employees are promoted and hired based on abilities and performance, not tenure or visibility. Data-driven, objective personnel management methods enabled by AI could democratize career advancement and help firms create more egalitarian workplaces.





10. Conclusions


Key choices such as candidate selection, employee performance tracking, and attrition prediction may be made more efficiently, accurately, and objectively with the help of AI-powered solutions. AI’s speed and accuracy in processing large datasets improves decision-making, which in turn benefits employees and the company as a whole.



Nevertheless, there are still certain difficulties with AI-driven HR systems, even though they have many benefits. Problems with prejudice, personal information, and data security are still very much present. While AI has the potential to reduce bias in HR procedures, it is important to avoid using biased datasets or implementing algorithms that are not well designed to avoid unintentionally reinforcing discrimination. Similarly, it is crucial to adhere strictly to regulatory frameworks and utilize technology ethically because AI systems gather a large quantity of personal and behavioral data, which raises worries about data privacy and security.



Consistent developments are expected to significantly improve workforce management in the future, which bodes well for the use of AI in HR decision-making. In the next years, HR practices will be influenced by AI’s changing function in fostering inclusion, diversity, and employee wellness. Better, more egalitarian, and longer-lasting human resource practices can be the result of a well-rounded strategy that integrates AI-driven insights with human judgment.
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Figure 1. AI-Powered resume screening process. 
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Figure 2. Automated onboarding workflow. 
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Figure 3. Adaptive learning paths via AI. 
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Table 1. The impact of AI on recruitment efficiency, quality of hire, and candidate experience.
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	Key Aspect
	Description
	Impact on Recruitment
	AI Application
	Reference





	Efficiency
	The time spent on administrative duties, such as resume screening and initial assessments, is significantly reduced by AI. This allows recruiters to focus more on engaging with candidates and making well-informed decisions.
	More time allocated for candidate engagement and strategic decision-making.
	Resume screening tools, chatbots
	[44]



	Quality of Hire
	AI can identify candidates who are the best fit for specific roles based on their abilities and experiences by utilizing data analytics, leading to higher-quality hires.
	Improved matching between candidate skills and job requirements, reducing turnover rates.
	Predictive analytics, skill matching
	[45]



	Improved Candidate Experience
	AI applications improve communication with candidates by providing timely updates and feedback throughout the recruitment process, enhancing the overall experience.
	Enhances transparency, increases candidate satisfaction, and strengthens employer brand.
	Automated communication platforms
	[46]










 





Table 2. Consolidated summary of AI tools and their contributions across the employee lifecycle, highlighting key applications and literature gaps.
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	Employee Lifecycle Stage
	AI Tools
	Applications
	Contributions and Findings
	Literature Gaps or Limitations





	Recruitment
	Applicant tracking systems (ATS), chatbots
	Resume screening, candidate engagement
	AI improves efficiency in candidate selection and reduces biases in screening (e.g., ATS, NLP) [28,29].
	Limited research on long-term effectiveness of AI in candidate retention.



	Onboarding
	Robotic process automation (RPA), digital platforms
	Automating workflows, data management, employee interaction
	Enhances efficiency in onboarding processes, especially for remote workers [51,52].
	Lack of studies on employee experience with automated onboarding.



	Performance Management
	Artificial neural networks (ANN), predictive analytics
	Continuous performance tracking, feedback systems
	AI systems can provide real-time, unbiased performance evaluations [61].
	Insufficient research on AI’s role in long-term career development.



	Employee Development
	Adaptive learning systems, intelligent tutoring systems
	Tailored learning paths, skills development
	AI enables personalized training and career pathing [75,78].
	Gaps in research on the integration of AI with human-centered development.



	Employee Engagement
	Sentiment analysis, NLP tools
	Analyzing employee sentiment, engagement tracking
	AI-driven sentiment analysis helps organizations understand employee morale [88,92].
	More research needed on AI’s impact on long-term employee engagement.



	Retention
	Predictive analytics, machine learning
	Attrition prediction, tailored retention strategies
	AI can predict turnover and help in designing personalized retention strategies [101,112].
	Need for more studies on the ethical implications of AI in retention.
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