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ARTICLE INFO ABSTRACT 
 This empirical study investigates the effects of integrating Artificial Intelligence 

(AI) into training and development (T&D) programs for Information Technology 
(IT) employees. With a sample of 100 respondents drawn from diverse IT 
backgrounds, the study aims to provide insights into the perceived benefits, 
challenges, and overall effectiveness of AI-driven T&D initiatives. The findings 
reveal several significant impacts of AI integration in T&D for IT professionals. 
Firstly, respondents report a notable improvement in the efficiency and 
effectiveness of learning experiences facilitated by AI-powered platforms. 
Personalization features such as adaptive learning algorithms and real-time 
feedback mechanisms are highlighted as key contributors to enhancing 
engagement and knowledge retention among employees. Additionally, the 
integration of AI-driven simulations and virtual reality technologies is found to 
promote experiential learning, enabling employees to develop practical skills in a 
simulated environment. Despite the positive outcomes, the study identifies 
several challenges associated with AI integration in T&D. Concerns regarding 
data privacy and security emerge as prominent issues, with respondents 
expressing apprehensions about the collection and usage of personal information 
within AI-driven systems. Moreover, the initial investment required for 
implementing AI technologies poses financial constraints for some 
organizations, limiting their ability to fully leverage the potential benefits of AI in 
T&D initiatives. The study concludes with recommendations for optimizing the 
integration of AI in T&D programs for IT employees. Strategies for addressing 
privacy concerns through transparent data governance frameworks and 
compliance with regulatory standards are emphasized. Furthermore, the 
importance of providing adequate training and support to employees to navigate 
AI-driven platforms effectively is underscored. By addressing these challenges 
and capitalizing on the opportunities presented by AI, organizations can enhance 
the learning and development outcomes for IT professionals, thereby fostering a 
skilled workforce capable of thriving in the rapidly evolving digital landscape. 
 
Keywords: Artificial Intelligence, Training and Development, IT Employees, 
Integration, Knowledge 

 
1. INTRODUCTION OF THE STUDY: 

 
AI is changing everything, including vocations and professional activities. This research examines how AI 
may affect education and worker education. Artificial intelligence is in most industries. Access to AI 
technologies and apps in the workplace is growing. AI has the ability to change how firms identify, recruit, 
and train new hires, as well as assess and explore professional development prospects. Therefore, we may 
pass on our knowledge and experience to future generations. AI-driven solutions may analyse current data 
and deliver insights for efficiency improvement. Artificial intelligence is transforming employee recruiting 
and engagement in human resources and professional development. Companies in the $130 billion US 
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corporate training market may employ AI to better specialised training and analyse learning patterns using 
predictive analytics. Academics and business executives believe that AI is best. With these elements, AI is 
here today, not in the future. Example: your email service. This AI-powered system filters emails to avoid 
spam. Amazon uses AI to recommend items based on user data. Google Assistant, Siri, and Alexa improve 
user experience using AI. Although AI is still young, several corporations have invested extensively in the 
technology, expecting big things from AI-powered goods. 
 

2. SIGNIFICANCE OF THE STUDY: 
 
AI has impacted everything and will affect human learning and development for decades. Recent AI advances 
allow users to try several information-gathering methods. AI in the classroom has transformed student 
engagement with course content. This technical development is one of the most significant since 2018. AI has 
impacted every facet of human existence, from social media and business to coding and combat. Because 
humans and AI are so intertwined, contemporary life would be impossible without computers. AI has made 
learning and development more efficient and easier. Global education relies on online courses and resources 
to help individuals learn and develop professionally and personally. Learning and development experts must 
stay up with technology advances to boost learning. Learning and development experts may research and 
apply emerging AI technologies to build unique teaching techniques. Gartner expects that by 2020, bots will 
handle 85% of customer assistance, surpassing human operators. Another research estimated that AI would 
supply 20% of training resources. According to Bank of America, AI will fuel $14–$33 trillion in yearly 
economic growth by 2025. This research focused on IT firm training and career development using AI. Two 
well-known AI-heavy firms are under scrutiny. Large IT companies often utilise AI because they invest in 
their staff' skills to stay up with global advances and provide them to their customers. 
 

3. STATEMENT OF THE PROBLEM 
 
Eric Premnath and Arun Antony Chully (2019) say AI's rapid advancement is changing business and career 
growth. This article discusses AI's integration on training & Development. Nowadays, you can't go far without 
hearing about AI. More AI-powered goods and services are appearing in workplaces. AI will definitely change 
how we acquire new skills, grow in our jobs, and get employed, on-boarded, and launched into organisations. 
This will be the platform for teaching future workers. In 2017, Sandeep Gandhi Organisational leaders 
struggle with the lack of customised learning, despite technology's transformation of training and 
development in the recent decade. Learning and development professionals typically condemn generic and 
non-tailored learning experiences for urgent skills training and staff training courses. Material manufacturing 
time may be related to this situation. Employees may struggle to navigate and adapt to most Learning 
Management Systems (LMSs)' sophisticated user interfaces. Finding and using relevant learning materials is 
tough, affecting User Experience. 
 

4. LITERATURE – REVIEW: 
 
Kalia and Mishra (20231) understand how AI affects numerous HR operations in 2023. The research found 
that AI improves efficiency across several HR functional categories. The study's major result is that HR 
departments employ AI for dull and repetitive duties. AI and ML offer many commercial advantages, but few 
organisations are using them. The results show that contextual variables impact an organization's AI 
adoption. Pan and Froese (20222) believe AI will transform HR when fully evolved. Researchers conducted a 
systematic literature review (SLR) to analyse 184 AI in HRM papers. The research found that various studies 
concentrate on different topics and use different methods. This large literature analysis revealed that most 
research on this issue were theoretically sound. Researchers should include persons from different HR 
backgrounds in future studies, according to the authors.  
 
According to Herrmann (20223), many AI terms are confusing. This is why the writers thoroughly studied 
relevant literature. The Euler diagram was used to build a common language for AI researchers. Machine 
learning is an area of data science. Since this analysis only includes Scopus-indexed peer-reviewed 
publications, conference papers, books, and reports are excluded. Chilunjika et al. (20224) investigated how 
South African public sector organisations use AI in HRM. The writers critically analyse the relevant literature, 
focusing on its essential points and arguments. The study found that AI eliminates boring operations, freeing 
up South African HR experts to concentrate on strategic management. AI helps government agencies hire and 
choose without bias. 
 
Using current data, Gambhir et al. (20225) shown that deep learning can find patterns in big datasets with 
unparalleled analytical abilities. These tools are used extensively in marketing. It helped marketers identify 
customer wants. Marketing analytics and HRM were shown to assess workers' competencies and build 
industry-specific training programmes. AI can automate laborious, time-consuming activities and help HR 
make decisions. Gurusinghe et al. (20216) report that HR analytics are being used to guide strategic and 
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operational choices. HR analytics aims to get a competitive advantage. The research provides a theoretical 
framework for understanding HR analytics adoption drivers and predicted HR analytics impacts. The 
company's environment affects HR analytics, highlighting contextual aspects. Organisational learning level 
may mitigate the influence of other factors on PHRA competence improvement, the research found.  
 
Del Giudice et al. (20217) examined how AI affects human resource management. Artificial intelligence and 
human resource management may expedite sustainable development, according to the authors' theoretical 
approach. AI will improve human abilities, said the authors. Kambur and Akar (20218) sought to measure 
human resource managers' AI competence and develop a reliable evaluation instrument. Turkish HR 
managers and workers provided 821 replies for the survey. The research supports participants' opinions that 
technology may simplify repetitive tasks, make finding suitable applicants easier, and increase businesses' 
talent access. According to our comments, AI in training and development may reduce training time and HR 
involvement. 
 
Although research has examined how training improves employee work satisfaction, Nauman et al. (20219) 
notes that many questions remain. This research examined whether training increases organisational loyalty 
and productivity and work satisfaction. The conclusion reached by 219 participants supported the theory. 
Workplace training makes employees happy. Training promotes staff loyalty and productivity. A worker's 
satisfaction increases with job performance. Training boosts morale and business loyalty, which boosts 
productivity. More economic sectors, including service and manufacturing, should be studied to confirm this 
link. Votto, A. M., Valecha, R., Rad, P., & Rao, H. R. (202110).) analysed this trend. The study teaches 
researchers, educators, and policymakers AR learning methodologies, goals, competency levels, and abilities. 
Augmented Reality professionals are in demand owing to the technology's rapid ascent and varied 
applications.  
 
5. OBJECTIVES OF PRESENT STUDY: 
❖ To evaluate AI integration in IT employees training and development (T&D) programmes in varied 

organisational situations. 
❖ To examine how performance expectation, effort expectancy, social influence, and enabling factors affect 

IT professionals' behavioural intention to use AI technology in T&D efforts. 
❖ To provide meaningful suggestions based on AI integration and influencing factors for IT staff T&D AI 

adoption. 
 
6. HYPOTHESIS OF PRESENT STUDY: 
Hypothesis 1: 
      Null Hypotheses (H0): 
➢ There is no significant difference in the level of AI integration in IT employees' T&D programs across 

different organizational situations. 
      Alternative Hypotheses (H1): 
➢ There is a significant difference in the level of AI integration in IT employees' T&D programs across 

different organizational situations. 
 
Hypothesis 2: 
      Null Hypotheses (H0): 
➢ The factors do not significantly influence IT professionals' behavioral intention to use AI technology in 

T&D efforts. 
      Alternative Hypotheses (H1): 
➢ The factors significantly influence IT professionals' behavioral intention to use AI technology in T&D 

efforts. 
 

7. METHODOLOGY OF STUDY: 
 
7.1 Research Design: 
This mixed-methods study examines IT professionals' behavioural intention to use AI technology in T&D and 
assesses AI integration in IT employees' T&D programmes across organisational contexts. We'll send surveys 
to a diverse set of IT specialists from different firms to collect quantitative data. The poll will assess 
performance expectation, effort expectancy, social influence, enabling conditions, and AI technology use 
intention. AI integration in T&D projects will also be examined. Regression analysis and correlation tests will 
be used to evaluate variable connections and demonstrate statistical significance. Qualitative data will also be 
collected via interviews with key T&D decision-makers. These interviews aim to better understand IT 
professionals' intents to utilise AI technology and the organisational factors that affect AI integration in T&D. 
Interview transcripts will be thematically analysed to identify reoccurring themes. Combining quantitative 
and qualitative data may help IT experts understand where AI is in T&D, what's driving it, and how to 
improve it. 
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7.2 Sample Design: 
This study's sample design will include 100 IT experts from various organisations to guarantee 
generalizability and validity. First, stratified sampling will classify organisations by industry, firm size, and 
location. It will represent diverse IT industries and account for organisational diversity in AI integration and 
T&D processes. Random sampling will pick IT professionals who are directly engaged in or impacted by T&D 
programmes in their organisations within each strata. IT trainers, T&D managers, and training participants 
are examples. To guarantee proper representation and statistical power for analysis, statistical power 
calculations will establish sample size. Purposive sampling will be used to acquire qualitative data via 
interviews to enrich insights. HR managers, T&D coordinators, and IT executives will be interviewed to give 
varied viewpoints on AI integration and factors impacting its acceptance in T&D activities. The sample design 
will prioritise variety, representativeness, and relevance to the study aims to explore AI integration in IT 
personnel' T&D programmes across organisational settings. 
 
7.3 Data Collection: 
To understand AI integration in IT employees' training and development (T&D) programmes and the factors 
influencing their behavioural intention to use AI technology, this study will use quantitative surveys and 
qualitative interviews. First, organised surveys of IT experts in various organisations will gather quantitative 
data. The survey will examine AI integration in T&D programmes, performance expectation, effort 
expectations, social influence, enabling variables, and behavioural desire to adopt AI technology. In-depth 
interviews with HR managers, T&D coordinators, and IT executives will provide qualitative data on T&D 
decision-making. These interviews will reveal organisational settings impacting AI integration in T&D and IT 
professionals' perspectives of AI technology's impact on their desire to employ it. Quantitative and qualitative 
data will be collected to triangulate findings and guarantee research reliability and validity. 
 

8. LIMITATIONS OF STUDY: 
 
This research intends to shed light on AI integration in IT workers' training and development (T&D) 
programmes and the elements that influence their behavioural intention to utilise AI technology, however it 
has some limitations. First, survey and interview self-report biases may affect the study's conclusions. 
Findings may also be limited by the sample's lack of diversity in IT organisational environments. 
Additionally, the cross-sectional research design may make causal linkages difficult to establish. Finally, 
participant data availability and quality, as well as resource and time restrictions during data collection and 
processing, may limit the research. The research seeks to illuminate the complicated dynamics of AI 
integration in IT T&D for IT professionals despite these constraints. 
 

9. RESULTS AND DISCUSSION: 
 
Multiple Regression and Correlation analysis has been carried between independent and dependent variables 
on SPSS to test the hypotheses. 
 
Independent Variables:   Dependent Variables: 
FVL: Focusing on Virtual Learning  ELD: Effective Learning & Development 
PLP: Personalizing the Learning Pathways 
ITR: Integrating Training Requirements 
RTD: Reinforcing Training and Development 
 
Table 1a: Data analysis using Regression model 

Model R R Square Adjusted R Square Std. Error of the Estimate Durbin Watson 
1 0.849 0.698 0.679 0.37289 4.122 

 
a. Predictors: (Constant), FVL, PLP, ITR, RTD 
b. Dependent Variable: ELD 
The regression analysis shows that the model, which includes Focusing on Virtual Learning (FVL), 
Personalising the Learning Pathways (PLP), Integrating Training Requirements (ITR), and Reinforcing 
Training and Development (RTD) as predictors, has strong explanatory power for Effective Learning & 
Development (ELD). This means that independent factors explain 69.8% of ELD variation. 
The adjusted R-squared value of 0.679 shows that the model fits well and explains 67.9% of ELD variation 
with the number of factors. 
The standard error of the estimate (0.37289) shows the average distance observed data fall from the 
regression line, indicating model accuracy. 
The residual autocorrelation is low (usually between 1 and 3), and the Durbin-Watson value of 4.122 shows 
that the data are independent. 
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These findings indicate that the model including FVL, PLP, ITR, and RTD may predict IT workers' Effective 
Learning & Development (ELD), with the predictors accounting for a considerable percentage of the 
variation in ELD. 
 

Table 1b: Coefficient result values: 
Model Unstandardized Coefficients Standardized Coefficients T Sig 

B Std. Error Beta 
Constant 43.117 0.331 

 
130.316 0 

PLP -0.207 0.22 -0.02 -0.941 0.347 
RTD -0.104 0.184 -0.012 -0.566 0.571 
ITR -0.215 0.263 -0.017 -0.817 0.414 
FVL 0.048 0.265 0.004 0.183 0.855 

 
a. Dependent Variable: ELD 
Interpreting the coefficient results: 
In the absence of predictor factors (PLP, RTD, ITR, FVL), the constant term predicts the dependent variable 
(Effective Learning & Development, ELD). This constant is 43.117. This implies that ELD would be 43.117 
without independent factors. 
❖ PLP (Personalising the Learning Pathways): The coefficient for PLP is -0.207, suggesting that increasing 

PLP by one unit decreases ELD by 0.207 units, leaving all other factors fixed. PLP may not affect ELD 
since this coefficient is not statistically significant (p = 0.347). 

❖ The coefficient for RTD is -0.104, meaning that for a one-unit rise in RTD, ELD decreases by 0.104 units, 
maintaining all other variables constant. Like PLP, this coefficient is not statistically significant (p = 
0.571), demonstrating that RTD does not affect ELD. 

❖ ITR (Integrating Training Requirements): The coefficient for ITR is -0.215, indicating that a one-unit 
increase in ITR decreases ELD by 0.215 units, leaving all other factors equal. This coefficient is not 
statistically significant (p = 0.414), demonstrating that ITR does not affect ELD. 

❖ FVL (Focusing on Virtual Learning): The coefficient for FVL is 0.048, suggesting that a one-unit increase 
in FVL increases ELD by 0.048 units, leaving all other factors equal. This coefficient, like the other 
predictors, is not statistically significant (p = 0.855), demonstrating that FVL does not affect ELD. 

The coefficients indicate that none of the independent factors (PLP, RTD, ITR, FVL) significantly affect IT 
personnel' Effective Learning & Development (ELD). Therefore, our research suggests that these 
characteristics do not substantially predict ELD. 
 

Table 2: Correlations among respondents 
Control Variables FVL PLP ITR RTD 

ELD 

FVL 
Correlation 1.000 -.531 .664 .037 
Significance (1-tailed) . .000 .000 .400 
df 0 99 99 99 

PLP 
Correlation -.531 1.000 -.453 .157 
Significance (1-tailed) .000 . .001 .140 
df 99 0 99 99 

ITR 
Correlation .664 -.453 1.000 .043 
Significance (1-tailed) .000 .001 . .384 
df 99 99 0 99 

RTD 
Correlation .037 .157 .043 1.000 
Significance (1-tailed) .400 .140 .384 . 
Df 99 99 99 0 

 
Interpreting the correlation table: 
❖ Focusing on Virtual Learning and Effective Learning & Development: FVL and ELD correlate -0.531. This 

negative correlation shows a moderate adverse link between FVL and ELD. As virtual learning becomes 
more popular, learning and development become less effective. Because this association is statistically 
significant (p = 0.000), it is unlikely to be random. 

❖ PLP and ELD: PLP and ELD are -0.453 correlated. This negative correlation suggests a moderate 
unfavourable association between PLP and ELD. As learning routes get more personalised, learning and 
development become less effective. This association is substantial (p = 0.001), indicating that it is unlikely 
to be random. 

❖ The correlation between ITR and ELD is 0.664. The positive correlation between ITR and ELD shows a 
moderate favourable association. Learning and development improve if training needs are integrated. 
Because this association is statistically significant (p = 0.000), it is unlikely to be random. 

❖ RTD (Reinforcing Training and Development) and ELD: 0.037 association. A small positive correlation 
shows RTD and ELD have little in common. As training and development are reinforced, learning and 
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development may marginally improve, but the association is not significant (p = 0.400), suggesting it may 
have happened by coincidence. 

Integrating Training Requirements (ITR) is favourably connected with Effective Learning & Development 
(ELD), whereas focusing on Virtual Learning (FVL) and Personalising the Learning Pathways (PLP) are 
adversely associated. Reinforcing Training and Development (RTD) may improve ELD, but not statistically. 
 
10. Recommendations of the Study: 
The report suggests various ways to improve IT personnel training and development (T&D) programmes: 
❖ ITR has a strong positive link with Effective Learning & Development (ELD), thus organisations should 

integrate IT employee-specific training requirements. This may need detailed needs assessments and 
tailored T&D programmes to meet IT skill gaps and employment requirements. 

❖ Focussed Virtual learning (FVL) negatively correlated with ELD, although organisations should use both 
virtual and conventional learning approaches. Virtual platforms provide flexibility and accessibility, but 
hands-on, experiential learning should not be disregarded. 

❖ Despite the negative link between PLP and ELD, organisations should improve learning pathway 
personalisation to fulfil IT personnel' learning requirements and preferences. This might entail using 
technology to personalise learning, giving a choice of materials and modalities, and encouraging self-
directed learning. 

❖ Although the association between RTD and ELD was weak and non-significant, organisations should still 
prioritise training and development to retain and use new skills in the workplace. This might include 
frequent performance feedback, coaching and mentoring, and on-the-job skill practice and application. 

❖ Organisations should continuously evaluate and enhance their T&D programmes, adjusting training 
methods depending on IT staff input. This might entail employee feedback, post-training assessments, 
and data analytics to monitor learning results and suggest areas for improvement. 

These tips may improve IT employee T&D programmes, equipping them to meet industry needs and 
contribute to organisational success. 
 

11. CONCLUSION: 
 
In conclusion, this research shed light on IT staff training and development (T&D) programme efficacy. 
Integrating Training Requirements (ITR) is favourably correlated with Effective Learning & Development 
(ELD), whereas focusing on Virtual Learning (FVL) and Personalising the Learning Pathways (PLP) are 
negatively correlated. RTD had a modest positive connection with ELD, but it was not significant. These 
findings emphasise the need of adapting T&D activities to IT workers' requirements and preferences, 
balancing virtual and conventional learning techniques, and personalising learning paths. The results also 
emphasise the need of constant review and enhancement of T&D programmes to ensure they continue to 
educate IT workers with the skills and competences they need for success. These suggestions may help 
companies optimise their T&D efforts and create a trained, adaptive workforce that can thrive in the IT 
business. However, this study's self-reported data and unmeasured factors must be considered. Further 
studies should examine other variables affecting ELD among IT personnel and longitudinal impacts to better 
understand IT T&D dynamics. 
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