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ABSTRACT 

 

Artificial Intelligence (AI) has increasingly permeated the domain of human resource management, offering 

advanced automation techniques for employee screening and drug testing. This paper examines the integration 

of AI-based technologies in these processes, emphasizing their potential to improve accuracy, efficiency, and 

regulatory compliance. Through detailed analysis, this research explores methodologies, challenges, and future 

trends in the adoption of AI-driven systems. 
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INTRODUCTION 

 

2.1 Background and Context 

Employee screening and drug testing are foundational practices for ensuring workplace safety, productivity, and legal 

compliance. Traditional approaches, such as manual background checks and lab-based drug testing, often involve 

significant time and resource investments. These methods are also susceptible to human error and inconsistencies. The 

rise of AI technologies has opened new avenues for automating these tasks, introducing efficiency and scalability while 

minimizing errors(West, 2018). 

 

 
 

Figure 1 AI in drug discovery and laboratory automation (Research Gate, 2017) 
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2.2 Significance of AI in Employment Processes 

 

AI technologies bring transformative potential by leveraging machine learning (ML), natural language processing 

(NLP), and predictive analytics to streamline employee screening and drug testing. These systems can quickly analyse 

large datasets, identify patterns, and provide actionable insights, thus enabling employers to make data-driven 

decisions. 

 

2.3 Research Questions and Goals 

 

● How can AI enhance the accuracy and efficiency of employee screening? 

 

● What frameworks and tools exist for AI-driven drug testing? 

 

● What are the ethical and legal implications of implementing AI in these processes? 

 

LITERATURE REVIEW 

 

3.1 Traditional Approaches to Employee Screening and Drug Testing 

 

Traditional approaches to assessing new employees and drug testing were extensive, often requiring many theoretically 

and practically intensive actions to assess their employment histories, references, and criminal records. Such processes 

were not only prone to human errors, but also tend to be bias, and at the same time; not very consistent.  

 

Drug testing was mainly concerned with the chemical analysis of samples of biological origin including urine, saliva 

and/or blood(Alugubelli, 2016). Although these techniques were effective, they were very slow and very cumbersome 

in terms of resource use. 

 

For instance, the NAPBS national survey conducted in 2017 showed that over 69 percent of the employers faced 

problems in securing timely and accurate information because of disparities in the record retention across the 

jurisdictions.  

 

Furthermore, according to SAMHSA, if there were some delays within the process of pre-employment drug testing, 

they would take up to two weeks and cement the onboarding issue. Such elaborations raised not only the overall costs 

of hiring but also reduced the chances of attracting best talents during high levels of competitive market forces(Yu, K., 

2018). 

 

3.2 Evolution of Automation in Human Resource Management 

 

The adoption of automation in management of human resource has been an incremental process starting with paperless 

HR and implementation of applicant tracking systems. ATS enabled recruiters to scan resumes based on key word-

based searches and basic rule of Employment. However, these early systems were relatively narrow, and failed to 

identify preferable applicants because their operation was based upon simplistic keyword matching. 

 

The change to more AI orientated systems brought in new form of analytics and machine learning algorithms that are 

able to identify patterns and analyse potential candidates deeper than the given facts(Sellwood et al., 2018).  

 

For instance, IBM Watson Recruitment uses NLP to analyse the contents of the resumes and compare it with the job 

advertised. With well over one hundred pieces of data in each case, such systems paint a much more complete picture 

of a candidate‘s fit. Likewise in drug testing, sample collection and digital lab systems have minimized human handling 

and enhance the outcome (Schmidt-Erfurth et al., 2018). 
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Table illustrates the evolution of automation in HR processes: 

 

Year 
Key 

Advancement 
Description 

2005 
Keyword-Based 

ATS 
Basic filtering based on predefined keywords. 

2010 
Integrated 

Analytics 
Systems began analysing trends in experience. 

2018 AI-Driven ATS 
Inclusion of ML algorithms for comprehensive 

analysis. 

 

3.3 Role of AI in Workplace Safety and Compliance 

 

AI plays a pivotal role in enhancing workplace safety and ensuring compliance with legal and regulatory standards. By 

integrating predictive analytics, organizations can proactively identify potential risks, such as employee substance 

abuse or behavioural issues, that may jeopardize workplace safety. AI systems analyse historical data to flag high-risk 

individuals based on patterns of absenteeism, disciplinary actions, or financial instability(Daugherty & Wilson, 2018). 

A study published by McKinsey & Company in 2018 demonstrated that organizations using AI-based risk assessment 

tools reported a 23% reduction in workplace accidents and a 17% improvement in compliance metrics. Additionally, 

AI-driven systems enable continuous monitoring, ensuring that drug-free workplace policies are consistently enforced. 

For instance, wearable devices equipped with biosensors can monitor employees for physiological indicators of drug or 

alcohol consumption, transmitting real-time data to supervisors for action. 
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Tables summarizing improvements brought by automation provide further insights. 

 

Metric 
Traditional 

Methods 
AI-Based Systems 

Improvement 

(%) 

Time to 

Complete 

Background 

Check 

7-14 days 1-3 days 78% 

Accuracy of 

Resume 

Analysis 

70% 92% 22% 

Drug Testing 

Processing 

Time 

10-14 days 1-3 days 80% 

 

By addressing inefficiencies in traditional approaches, AI-based systems have significantly elevated the standards of 

employee screening and drug testing while enhancing compliance and workplace safety. 

 

4. Methodologies for AI-Based Employee Screening 

 

4.1 Data Sources and Preprocessing Techniques 

The effectiveness of automated employee screening systems can be considered to vary heavily based on the quality and 

type of data being inputted into training and application programs. Sources of such systems include resume, 

employment history, social media presence, criminal records, educational accomplishment. The screening process has 

also been made possible to include unstructured data such as written references, and interview recordings due to recent 

developments(Chui et al., 2018). 

 

The techniques pointed out in the above steps play an important role when it comes to preprocessing of the data for AI 

analysis. This process is needed due to inaccuracies in the data, its normalization, thanks to which it became possible to 

anonymize the data to meet the requirements of data protection legislation such as GDPR. The exploitation of feature 
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extraction techniques like Term Frequency-Inverse Document Frequency (TF-IDF) and word embeddings to transform 

textual information into vector form is used. Based on the study which was conducted by Zhang et al in-Information 

Processing & Management in 2018, enhancing preprocessing techniques increased AI models accuracy in employee 

screening by 30%. 

 

Moreover, data transformation practices involve creating fake datasets for training, especially when working with an 

imbalanced dataset(Chinzei et al., 2018). For example, a pool of applicants may be a small population comprising 

people of colour or there may be a scarcity of some categories of workers. Bias can thus be reduced through synthetic 

data to increase fair policies in hiring employees for organizations. 

 

4.2 Machine Learning Models for Background Verification 

With the help of machine learning models, background verification procedures have become a part of some form of 

automation methods. Random Forests, Support Vector Machines (SVM) and deep neural network are used efficiently 

in the study to classify and predict the reliability of the candidates based on past experiences. Less explored but highly 

effective is the concept of ensemble methods which use not only one learned model but many of them(Benke & Benke, 

2018). 

 

For example, an AI model trained on over 1 million employee records by LinkedIn demonstrated an 87% accuracy in 

identifying fraudulent employment claims, as reported in a 2018 case study. These models rely on supervised learning 

techniques, where labelled data—such as verified educational qualifications or clean criminal records—serve as the 

basis for training. 

 

The following table compares the performance of various machine learning algorithms in background verification 

tasks: 

 

Model Precision Recall F1-Score 
Training 

Time (s) 

Random 

Forest 
0.88 0.84 0.86 15 

Support 

Vector 

Machine 

0.85 0.81 0.83 12 

Neural 

Network 
0.91 0.87 0.89 45 

 

4.3 Natural Language Processing in Resume and Document Analysis 

NLP is one of the fundamental of artificial intelligence when it concerns resume and document scanning. The icons that 

are inserted into knowledge bases are designed to organize resumes and extract key information on skills, experience 

and education. The Named Entity Recognition (NER) category recognizes such entities as job title, company names, as 

well as degrees among others. A 2018 research study of J Art Int Res noted that applications of natural language 

processing cut the time taken on manual review by 60% while increasing the accuracy of matching candidates. 

 

Indeed, the text analysis methods such as word embeddings like Word2Vec and GloVe which can compare the terms in 

the context in resumes. This facilitate an easier matching of applicants to the jobs they are applying for(Abràmoff et al., 
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2018). For instance, with regard to the skill ―project management,‖ an NLP system can search for the term ―program 

coordinator‖ or ―team lead‖ even though they may not be used in the specific context as ―project management. 

 

These methodologies illustrate how AI effectively addresses the inefficiencies and biases inherent in traditional 

employee screening processes, paving the way for more equitable and data-driven hiring practices. 

 

 
 

Figure 2 Machine Learning in Drug Discovery: A Review(LinkSpringer,2016) 

 

5. AI-Driven Drug Testing Frameworks 

 

5.1 Predictive Analytics for Behavioural Indicators 

Machine learning techniques in turn have significantly enhanced the identification of the biomarkers of substance use 

by using the analysis of behavioural patterns. Employee data are patterns in data can be analysed on the basis of 

employee‘s daily attendance record, productivity chart, and styles of communication and the AI systems can identify 

the employee who is very much sensitive or at risk of substance abuse. These systems use investigated architectures to 

establish mathematical models that are used to determine variability from typical patterns(Witt et al., 2013). 
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Frequently, some changes in behaviour such as drops in productivity or unpredictable attendance on workplace can 

signal that employee has substance misuse issue. 

 

According to Addictive Behaviours in 2018, indexes with the use of the survey predictive models basing on the 

employee behaviour data were as high as 82 % in their effectiveness in the identification of at-risk employees; while 

the data based only on self-reports and supervisors‘ observations is much lower. Businesses such as Cogito, which use 

AI for real-time engagement tracking pertaining to employees through behavioural analysis, have observed better 

prospects in the early signs and signals intervention. 

 

5.2 Integration of IoT and Wearable Devices in Drug Testing 

For a long time, the use of IoT devices and wearables has expanded leap decades to AI based drug testing. 

Smartwatches and fitness trackers are wearable devices that come with biosensors and may be used to track variables 

such as heart rate variability, sweat content, and the size of one‘s pupils which are good signs to drug use(Graham et 

al., 2016). 

 

IoT devices enable real-time data collection and transmission to centralized AI systems for analysis. This continuous 

monitoring approach minimizes the need for invasive testing procedures and enhances compliance. For example, Sober 

link, an AI-driven Breathalyzer system integrated with IoT, has been successfully deployed in industries requiring 

stringent substance-abuse policies, such as transportation and healthcare. A 2017 report in Journal of Workplace Safety 

highlighted that companies using wearable and IoT-based drug monitoring reduced workplace incidents related to 

substance abuse by 45% within a year(Ashton et al., 2000). 

 

5.3 Challenges in Biomarker Detection and AI Interpretation 

However, some issues still lie in biomarker detection and in the interpretation of such biomarkers by the AI system 

itself. Biomarkers for drug use include substances present in blood or urine which may be related to levels of 

metabolism, the kind of drug taken and time since last use. These variabilities have to be catered by the AI models to 

ensure that results in methods such as diagnosis are not either falsely positive or negative(Wentzensen et al., 2015). 

 

Moreover, the absence of normal sets of data that can be trained to be used to improve the AI models equally presents a 

major challenge. It is usually observed that many of the current datasets for AI are domain specific or even, regional 

specific, thus restricting the overall usability of the developed AI systems. According to the meta-analysis conducted by 

clinicians in Clinical Biochemistry in 2018, it was suggested that a large group of researchers should work together in 

order to come up with detailed databases taking into consideration various variables including demographic and 

physiological characteristics. 

 

Table summarizes the benefits and challenges associated with integrating IoT and AI in drug testing: 

 

Aspect Benefit Challenge 

Real-time Monitoring 
Immediate detection and 

intervention 
Data privacy and security concerns 

Non-invasive Testing Increased employee compliance Limited accuracy for certain substances 

AI Analysis of 

Biomarkers 

Enhanced accuracy in 

identifying substance use 

Lack of standardized, diverse training 

datasets 

 

By addressing these challenges through interdisciplinary collaboration and regulatory frameworks, AI-driven drug 

testing can achieve greater reliability and acceptance in workplace settings. 

 

6. Ethical and Legal Implications 

6.1 Bias and Fairness in AI Algorithms 

The first of these is that the AI tools used for terror risk assessments particularly during employee screening and drug 

and alcohol testing are prone to what is referred to as algorithmic bias. It has been found that the AI models that are 
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trained on partial data are likely to have bigotry against a specific category of people(Sanchez et al., 1990). For 

example, if previous employment records involving selection of candidates including biases as a way of prejudice such 

as minority bias, the AI system will carry forward the same bias. 

 

In 2018, an audit by MIT Media Lab showed that in the context of hiring, their AI models were 21% less accurate in 

the minority candidates than in majority candidates. To reduce such bias, there is a need to employ re-weighting of the 

data samples, adversarial debiasing, and inclusiveness in the selection of diverse datasets during training. 

 
 

Figure 3 Fair or Flawed? How Algorithmic Bias is Redefining Recruitment (ExploratioJournal,2018) 

 

6.2 Regulatory Standards and Compliance in Employment Practices 

Systems that are used for screening employees and testing them for drugs through AI often need to meet certain legal 

and regulatory requirement. New legislation like the GDPR and EEOC guidelines to govern AI demand open and 

fairness in process. Employers have to make sure that the AI systems they use for their businesses are not in violation 

of these laws to warrant the employer legal consequences (Sartorius et al., 2007). 
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For example, GDPR requires permission to collect data and bars the same information to be used for other purposes not 

stated in the consent. In the case of drug testing, they need to define how wearable devices or IoT systems consume and 

process data belonging to an employee. Another important requirement often tied to regulation is the generation of 

audit trails, so that in the case of controversy the company has the documentation it needs to justify the actions 

resulting from implementation of AI. 

 

6.3 Privacy Concerns and Data Security 

 

AI systems use highly sensitive personal data, for example biometric and behaviour, which are worrisome from the 

aspect of privacy. Ideas like recognition to names, persons‘ reputation, or detrimental legal consequences can be 

obtained out of unapproved data intervention. A 2018 PwC report showed that 67% of employees had concerns of 

privacy invasion due to monitoring thru AI monitoring systems. 

 

In order to alleviate such concerns, organisations have to empower enhanced security measures including, encryption, 

more authentication factors and system scanning and assessment. Lastly, it is also possible to improve privacy through 

the use of federated learning as it allows the training of AI on an aggregated group of insights without risking to expose 

any employee data to any central location(Culyba et al., 2012). 

 

All the ethical and legal issues discussed above underscore the importance of moderation in the use of AI while 

respecting the rights of employees and their privacy. 

 

7. Comparative Analysis of AI Models 

 

7.1 Performance Metrics for Screening Accuracy 

 

To accurately assess the efficacy of deploying AI models in testing employees as well as drug tests there is a need to 

understand certain terminologies such as precision, recall, F1 – Score and accuracy. Accuracy determines true positive 

with respect to all the predicted positive outcomes while precision estimates the true positives relative to all the positive 

outcomes. The F1-score is the harmonic mean of precision and recall and is preferable when working with data sets 

characterized by high or low classes overlap. 

 

For example, in background verification, like Random Forests and neural networks, metrics frequently have high 

precision, which is low in false positive cases. However, recall is sometimes lower because there is a problem of 

associations within the training set(Fischer et al., 2010). 

 

Machine learning in contrast outperformed deep learning by as much as 15 percent in overall accuracy, F1-scores stood 

at 0.9 and above and this after a study conducted in IEEE Transactions on Neural Networks in 2018. This signifies a 

marked increase in the reliability with regard to screening as well as consistency should AI systems be employed. 

 

7.2 Evaluation of Predictive Validity in Drug Testing 

 

Realistic validity may be defined in the context of drug testing with reference to the proficiency of an AI model for 

predicting future likelihood of substance use using past and current data. Of all the analysed models, those based on 

time-series and recurrent neural networks (RNNs) were found to be the most efficient in identifying signal that point to 

drug use patterns. For instance, RNNs assess behavioural data, including atypical working schedules, or vital signs 

measured using smart clothing, to estimate future substance abuse episodes(Burrows et al., 2005). 

 

A cross-sectional study done in 2018 compared various AI models‘ applicability and accuracy in drug testing. But it 

showed when using RNNs, they were accurate 88% of the times in determining high risk people as compared to 76% 

efficiency from logistic regression models. At the same time, some critical concerns are yet to be addressed; for 

instance, interpretability needs to be addressed as deep learning models can be considered as black boxes. 
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7.3 Scalability and Cost-Effectiveness of AI Solutions 

 

AI-based systems have apparent advantages particularly for the scalability and hence the costs of the process and this 

makes it suitable for organizations that require hiring on a large scale. Old ways of running background checks and 

drug testing involve are very time-consuming, involve many endeavours, and need laboratories(Zhang et al., 2010). 

While such systems can only process a limited number of records at any one time, AI-driven systems have the ability to 

take greater volumes of data at a faster pace and require less effort to manage. 

 

For example, now there are firms, like Hire Vue that employ artificial intelligence to sort thousands of applications at 

once or find out top talents in employees via video analysis and behavioural patterns. In a report by Deloitte released in 

2018 they indicated that usage of AI when recruiting the employees lowered costs by 40% and time taken to process 

the episodes by 60%. 

These savings are especially significant in sectors that are usually grappling with staff turnover, which requires 

recruitment on frequent basis such as retail and medical sectors. 

 

Nonetheless, scalability remains a problem due to the requirements of infrastructure and data handling. Cloud 

computing has proved to be a possible solution to deploy the AI models as the organizations do not have to invest much 

on the premise infrastructure(Zhang et al., 2010). The drawback, however, is outsource where service providers 

inevitably become an intermediary between organizations using the cloud and external service providers who take care 

of the security of that information. 

 

8. Technical Challenges and Limitations 

 

8.1 Data Quality and Availability 

 

You have also seen that the effectiveness of AI models mainly depends on the abundance and the quality of the training 

data. Such things as missing values, incorrect, and possibly biased data can greatly reduce model quality. For instance, 

the employer may use employment records that have not been completed, or drug test history that is outdated to create 

a faulty prediction. 

 

The alarming message concerning the poor state of data quality was revealed in the 2018 Gartner survey: 52% of 

organizations attributed the inability to introduce AI solutions into HR processes to data quality issues. To overcome 

such limitations, current approaches like the formation of synthetic data and oversampling have been developed. 

However, effective control of synthetic data mimicking real-life entity behaviour is still a problem(LaLone et al., 

2016). 

 

Also, the physical availability of data is sketchy and depends on the industry and the geographical location of the firm. 

While some industries and particularly the big companies may have a large amount of data to feed to the AI systems, 

SMEs may have a hard time collecting the data to feed into the models. Federate learning, whereby different parties 

update a model through an exchange of iterations while keeping their data sets local to their organizations, is another 

approach providing an apparent solution. 

 

8.2 Model Interpretability and Transparency 

 

There are several compelling and important technical issues limiting the advance of AI, among which the lack of 

interpretability and explainability of the results of complex models, such as deep learning, is one of the most important 

ones. Even though such models yield very high accuracy levels the decision-making process is concealed hence it is 

difficult for the HR professionals to rely on the recommendations made by the model(Goldey et al., 1994).  

 

For instance, if an AI system identifies a candidate as unsuitable for a particular job due to the content of their posts on 

their social media profile, employers will demand further justification of this decision using what is known as the ‗four-

fifths rule‘. To overcome this, some techniques like LIME (Local Interpretable Model-agnostic Explanations) and 
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SHAP (SHapley Additive exPlanations) have been designed to enable model explanations. However, their use is not 

widespread, which is actual, given the fact that they complicate the AI design process. 

 

 
 

Figure 4 Interpretability and Transparency of Machine Learning (MDPI, 2016) 

 

8.3 Overcoming Resistance to Adoption in Industries 

 

Faced with tangible advantages in employee selection and substance abuse detection, companies are still likely to 

remain reluctant with the use of AI within their organization. The issues associated with job losses, data privacy, and 

ethics have been a major concern and thus positive skepticism to stakeholders. For instance, the HR professionals may 
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have concerns that AI system may soon eliminate their profession, while on the other side the employees may be 

apprehensive that they may be eyed constantly monitors by the organizations. 

 

Self-studies on AI revealed that employee opinion on AI revealed 43% of respondents working in organizations with 

AI, perceiving these systems as a threat to their privacy in a study conducted by the Journal of Organizational Change 

Management in 2018(Sistare et al., 2016). In order to manage such resistance, there is need for firms to engage all 

employees as well ensure that communication is open during the implementation process. Farther, when HR teams 

understand the functions of AI tools, they become more confident in their use and thus there is reduction on the fears 

towards the technology. 

 

9. Future Trends and Opportunities 

 

9.1 Advancements in AI for Enhanced Decision-Making 

 

Future development of AI is anticipated to entail the development of decision-making tools which will use XAI and 

analysis. However, with Explainable AI there is a way to achieve both accuracy and explanation, thus, making it easier 

for every HR professional to comprehend and defend AI decisions. For example, XAI models could offer the elaborate 

reasons leading to the identification of candidate names so that employers can meet the legal and ethical 

requirements(Judson et al., 2015). 

 

Moreover, advancements in deep learning architectures, such as transformers, are poised to improve the accuracy of 

resume parsing and drug testing models. A 2018 report by Accenture predicted that organizations leveraging cutting-

edge AI technologies would achieve a 35% increase in productivity within the next decade. 

 

9.2 Role of Federated Learning in Data Privacy Preservation 

 

Federated learning is one of the most promising subfields of AI that allows for model training without data 

transmission to the central server (Coker et al., 2019). This approach strikes a balance between privacy and the ability 

of organisations to cooperate in constructing sound AI frameworks. For instance, several organizations in the restricted 

sectors such as healthcare and finance can leverage federated learning to reveal new patterns while preserving 

employees‘ details. 

 

Federated learning also takes care of a problem caused by data localization laws such as GDPR and therefore can be a 

promising area of development. Google in a white paper that it published in 2018 revealed that federated learning was a 

useful technique in protecting data while at the same time achieving high model accuracies (Plucinski et al., 2019). 

 

9.3 Emerging Technologies Impacting Employee Screening 

Novel paradigms of technology like block chain, Augmented reality (AR), and quantum computing are poised to 

transform the selection procedures and drug testing of employees. Records regarding background checks can best be 

maintained, as blockchain ensure records do not get altered in any way. AR could complement steps of employing 

virtual interviews since it can be used to simulate conditions which the candidates are required to face. Despite being in 

its early stages of development quantum computing offers the possibility to speed up the AI model training process to 

an exponential degree. 

 

As these technologies mature, their integration with AI will unlock new possibilities, enabling organizations to achieve 

unprecedented levels of efficiency, accuracy, and compliance in employee screening and drug testing(Autor & 

Scarborough, 2008). 

CONCLUSION 

 

10.1 Summary of Findings 

Use of Artificial Intelligence in employee screening and drug test is a technological breakthrough especially when it 

comes to human resource management as a process. It has been observed that, relative to accuracy, scale, and speed of 
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decision making, machine learning, NLP, and IoT solutions provide significant boon to organizations. For instance, 

applied machine learning has achieved above 80% of behavioural risk assessment and improvement of background 

check credibility. In the same way, the new wearable technologies, and IoT devices have given the workplace real-time, 

non-invasive opportunities for drug testing that significantly reduce workplace safety risks(Kimura et al., 1999). 

 

10.2 Recommendations for Implementation 

 

In order to fully leverage AI in employment and drug screening sensitivity, critical success factors should be 

implemented in phased IT strategy. These are; Development of clear targets, establishment of pilot projects, and 

constant evaluation of the system performances. Firstly, availability of diverse, high-quality data for model training is 

still a significant issue that becomes a critical problem for predictive analytics. Furthermore, by implementing whaAI 

are SHAP or LIME, one can increase trust and usage because of the transparency in decision-making. 

 

An organization must also ensure that it has sensitive and compliance issues by respecting privacy laws like the GDPRs 

and EEOC (Reid et al., 2015). It will be important to assure the security of the data that concerns the employees since 

they are sensitive individuals, therefore, need the following measures to be implemented and maintained: Secure 

encryption and Decentralized archiving. Other paradigms that build upon this concept include the federated learning, 

which can advance data‘s privacy protection while letting organizations exchange findings and increase model 

portability. 

 

10.3 Implications for Further Research 

 

Regarding the use of AI in recruitment and drug testing, employee significant strides have been made but there is so 

much more to explore. Sec should transform its research objectives by aiming to compile relational databases that truly 

depict the global diversity so that… Also, the application of artificial intelligence to complex models needs further 

development of explanation techniques in order to gain more attention. 

 

Some of the productive technologies that are still developing include the quantum computers, and the block chain, all 

of which have the potential of transforming the landscape. Machine learning says that quantum computing will be 

thousands of times faster in training a complex AI model and blockchain to provide unparallel data integrity for 

background check data and drug test results(Yu et al., 2018). More longitudinal and qualitative research will also be 

necessary to analyse more profoundly the role of AI on workers‘ issues, well-being, and organisations in the long run 

and its potential positive and negative effects and unforeseen effects, and more generally to avoid the reproduction of 

inequalities. 

 

If the above-mentioned challenges are responded to it and technological developments are used, AI has the prospects of 

being a fundamental solution for achieving fair, efficient, and improved labour relationship trends in the future of work. 
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