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Abstract

This study is aimed to analyse the impact of AI usage on employee performance in Amazon. 
This research is conducted to evaluate the response of employees to the widespread promotion of artificial intelligence (AI), robots (RO), and automated systems (AS) in operational workplaces as a means to enhance productivity, accuracy, and timeliness. Sixty valid replies were collected using a quantitative questionnaire. A variety of statistical methods were employed to examine the data, including one-way analysis of variance (ANOVA), simple linear regression, reliability testing, and Pearson correlation.
With a high mean score for perceived AI adoption and the highest mean for employee productivity, it appears that many respondents thought AI aided their ability to finish tasks faster, increase the quality of their work, and assist the performance of their teams. Perceived AI adoption had high levels of internal consistency and productivity levels of acceptable dependability, according to reliability tests. Nevertheless, at the p <.05 level, the regression result did not indicate that perceived AI usage substantially predicted employee productivity. For that reason, neither the null nor the alternative hypothesis could be considered rejected.
When comparing productivity based on the frequency of AI use, a different trend emerged. Workers whose interactions with AI were frequent or very frequent were more productive than those whose AI usage was infrequent. This provides fresh evidence that actual AI use may be more important than public knowledge of AI's widespread use. Monitoring, performance pressure, and job security were also identified as moderately concerning issues in the survey. 
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[bookmark: _Toc233131894][bookmark: _Toc235906680][bookmark: _Toc235945900]1.1 Introduction

The introduction of artificial intelligence (AI) into Industry 5.0 has enhanced the use of robots, intelligent machines, and advanced technology, bringing significant transformation across various industries. AI-driven technologies alongside the Internet of Things (IoT) have improved automation while ensuring a human touch across operations (Joshi and Masih, 2023). Through automation and advanced technologies, organisations have been able to reduce labour costs and improve operational efficiency, but failing to adopt this new business model may hamper the competitive advantage of the firms (Climent, Haftor and Staniewski, 2024). AI technologies enable organisational leaders and managers to collect, store, and analyse the capabilities of human resources, which can enhance decision-making through predictive insights, ultimately increasing employee productivity and performance (Joshi and Masih, 2023).
Since Amazon has increasingly adopted several AI technologies, understanding their impact on employee productivity has become a crucial management concern. Therefore, this study investigates the impact of AI adoption on workforce productivity within Amazon.
[bookmark: _Toc233131895]
[bookmark: _Toc235906681][bookmark: _Toc235945901]1.2 Background
It is expected that numerous jobs will be reshaped by AI over the next two to three years, suggesting that while employees remain the same or similar roles, they will be required to fulfil new expectations with the incorporation of new technologies (Emerson et al., 2026). As a result, company leaders will have to implement a proactive strategic approach of upskilling and reskilling employees alongside restructuring their career leaders to maintain or improve productivity (Emerson et al., 2026). Although the inclusion of AI technologies within existing business models may reshape or create jobs, the potential loss of employment opportunities is also possible (Bachir, Adel and Ahmed, 2023). Nevertheless, this may also impact productivity and performance of the employees through personalised training, sentiment analysis, and predictive modelling (Ateeq et al., 2025).


[image: ]

[bookmark: _Toc235945755]Figure 1 Impact on worker productivity and working conditions
(Source: OECD, 2023)

Figure 1 shows that employers are positive about AI adoption, enhancing workers’ productivity and working conditions across various sectors.
Using AI-driven platforms enables firms to personalise training programmes, career development plans, and real-time feedback, improving employee satisfaction and performance (Parasa, 2024). AI enables HR teams to address employee concerns by recognising trends, modelling employee behaviour, and predicting attrition issues (Venugopal et al., 2024). Apart from this, advanced workforce analytics is also integrated within existing processes to gain deep insights about employee performance, work quality, and productivity (Grand View Research, 2026). Consequently, these insights help identify trends based on which firms can undertake workforce planning and enhance organisational performance. Furthermore, continuous advancements in AI technologies such as natural language processing, machine learning, and predictive analytics result in employee efficiency and workforce productivity (Tshabalala, 2023).

[bookmark: _Toc235906682][bookmark: _Toc235945902]1.3. Existing Challenges
Although AI enhances employee productivity, replacing repetitive tasks through advanced technologies can decline employee wages and result in job losses (Liu and Li, 2025). These changes are further expected to create income inequality because skilled workers possessing technical expertise are often better positioned to perform automation-based jobs than unskilled workers. While AI tools identify trends using large amounts of data, this increases the risk of security issues and information leakage, threatening businesses and causing dysfunction in existing systems (Liu and Li, 2025). This suggests that AI adoption creates both opportunities and challenges for organisations.

[bookmark: _Toc235906683][bookmark: _Toc235945903]1.4. Business Issue
Amazon is one of the companies leveraging the benefits of AI to ensure customer satisfaction, gain a competitive edge, and sustain business growth. This has been possible through the integration of these advanced technologies across its product recommendations, customer service, logistics management, and internal decision-making. Apart from this, Amazon has increased its investments in automation tools and generative AI, which has not only improved its competitiveness and operational efficiency through streamlining processes but also strengthened its position in the global market (Tarasov, 2024). Despite realising benefits from AI integration, Amazon faces challenges as it has transformed its existing business processes, HR systems, and traditional job roles, making it essential for firms to upskill and reskill their workforce to maintain productivity (Aura, 2025). As a result, employees have been largely impacted due to organisational restructuring and workforce adjustments, often struggling to use AI tools in their work processes. Although these workers have embraced new AI tools and processes to maximise their productivity, employees  with limited digital literacy skills may experience reduced work efficiency (Bansal, 2026).

[bookmark: _Toc235906684][bookmark: _Toc235945904]1.5. Significance of the Problem
While AI enhances productivity and operational efficiency within Amazon, there are  still  concerns related to whether employees possess adequate skills in utilising these tools and ensure the same levels of work efficiency. Since organisational success is largely determined by how effectively employees utilise AI technologies to maintain productivity and performance, it is essential to understand how the inclusion of AI can affect their performance (Bailey et al., 2017). Therefore, examining these issues may help Amazon's leaders better understand how to use technology adoption to support both organisational efficiency and workforce management.
Although existing research has discussed AI adoption and workplace automation, limited evidence exists regarding how advanced AI technologies reshape employee productivity within large e-commerce firms like Amazon. Similarly, mixed findings have been observed about the effects of integrating AI within existing systems on work quality, efficiency, and output levels, requiring further investigation.
[bookmark: _Toc233131896]
[bookmark: _Toc235906685][bookmark: _Toc235945905]1.6 Research Aim
The fundamental aim of the research study is:
To examine the impact of artificial intelligence (AI) adoption on employee productivity within Amazon, with particular focus on task performance, work quality, and employee output.




[bookmark: _Toc233131897]
[bookmark: _Toc235906686][bookmark: _Toc235945906]1.7 Research Objectives and questions
· To investigate the extent of AI adoption at Amazon.
· To identify the factors influencing the effectiveness of AI adoption in improving employee productivity at Amazon.
· To examine the relationship between AI adoption and employee productivity within Amazon.
· To analyse how AI-driven changes influence employee efficiency, task performance, and work outcomes. 
[bookmark: _Toc233131898][bookmark: _Toc235906687][bookmark: _Toc235945907]Research Questions
1. To what extent has Amazon integrated AI technologies to improve employee productivity?
1. What is the impact of using AI technologies on employee productivity?
1. How does AI adoption influence employee efficiency, task performance, and work outcomes?
[bookmark: _Toc233131899][bookmark: _Toc235906688][bookmark: _Toc235945908]1.8. Chapter Summary
This chapter sets the foundation of the research study by reviewing the background of AI integration across firms, identifying the business problem, developing research aims and objectives, and justifying the rationale for conducting it. Based on these research aims and background, the next chapters can be developed. Chapter 2 undertakes a critical analysis of existing literature research while Chapter 3 presents the methodology. Chapter 4 presents the findings, followed by Chapter 5 providing conclusions and recommendations.









[bookmark: _Toc233131900][bookmark: _Toc235906689][bookmark: _Toc235945909]Chapter 2: Literature Review

[bookmark: _Toc233131901][bookmark: _Toc235906690][bookmark: _Toc235945910]2.1 AI Adoption in Organisations 
		Organisations across the world are adopting AI technologies, including natural language processing, expert systems, machine learning, deep learning, speech recognition, and robotics, influencing their business operations (Rane et al., 2024). The fundamental intention of adopting these technologies is to enhance decision-making and provide a seamless customer experience, ultimately gaining a competitive edge in the market. While this adoption has increased across different departments such as marketing, human resources, supply chain, and manufacturing, AI readiness factors determine whether organisations can successfully implement AI technologies successfully in real-life practices (Khanfar et al., 2026). This implies how existing organisational resources and capabilities may influence a firm’s readiness and adoption of AI tools in various operational areas. According to Bharadiya, Thomas and Ahmed (2023), organisational leaders are incorporating AI tools in their business as it helps manage customers, provide personalised products or services, and enhance supply chain efficiency. For these AI applications, a vast amount of data is required, which is used to detect trends or patterns, recognise inefficiencies, and accordingly, modify operations (Bharadiya, Thomas and Ahmed, 2023). Although this improves the overall organisational processes and operations, large amounts of data requirements increase security concerns and threats. Thus, the findings from these studies suggest that AI adoption across organisations depends on its perceived risks, benefits, and usefulness.

[bookmark: _Toc233131902][bookmark: _Toc235906691][bookmark: _Toc235945911]2.2 Employee Productivity in Digital Workplace 
		Existing research demonstrates how digital transformation at the workplace influences employee work processes. While Shafique (2024) stated that in these workplaces, digital tools offer more flexibility, autonomy, and information access to employees, such as the project management software providing real-time feedback and enabling employees to improve their performance, Okatta, Ajayi and Olawale (2024) argued that AI tools are incorporated in HR practices to recognise patterns and develop tailored programs and policies, which would remove digital skill gaps and enhance employee efficiency. Although these digital technologies improve accountability and sense of ownership among employees, thereby improving their productivity, failing to adapt to these new work processes can negatively impact work performance. Nevertheless, since employees possess different levels of efficiency, expertise, and skills, AI tools can be used to recognise gaps and provide training accordingly. However, these findings are based on self-reported data and an adequate sample size, but they are subject to personal bias and inadequate information about diverse experiences.
[bookmark: _Toc233131903]		As evident from existing studies by Meske and Junglas (2021) and Hizam et al. (2023), in order to ensure employee efficiency at digital workplaces, managers should focus on increasing autonomy, psychological empowerment, training, and development, as these strategies make workers more confident, acquire new skills, and display expertise in using technological tools. While these factors may not directly enhance productivity, they are required for improving employee efficiency and work quality. However, these findings are context-specific with a limited sample size and convenience sampling, thereby reducing the generalisability of results to a broader context. In contrast, the study by Mukhuty, Upadhyay and Rothwell (2022) highlights that while these strategies enable employees to develop competence and relatedness in embracing digital transformation at the workplace, their fear of job insecurity or redundancy may hamper their productivity in the long run. Despite providing detailed insights, this systematic review synthesised information from existing studies, making it vulnerable to language, publication, and vulnerability bias.






[bookmark: _Toc235906692][bookmark: _Toc235945912]2.3 Theoretical Framework
[bookmark: _Toc235906693][bookmark: _Toc235945913]2.3.1. Technology Acceptance Model (TAM)
		In this research study, the technology acceptance model (TAM) is applied to understand employees’ perceptions about usefulness and ease of use while adapting to AI-based technologies in their work. According to this theory, individual attitudes of using new technologies can be explained through two factors, such as perceived ease of use and perceived usefulness, which influence behavioural intentions of users (Malatji, Eck and Zuva, 2020). Applying this theory can help demonstrate why organisational members may resist or accept the use of artificial intelligence (AI) by analysing their perceptions regarding the usefulness, benefits, applications, and risks associated with this technology adoption. However, its descriptive nature may fail to capture how changes in  technology environments may affect users’ intentions to use AI in organisations.

[bookmark: _Toc235906694][bookmark: _Toc235945914]2.3.2. Job Demands-Resource (JD-R)
		Apart from TAM, the job demands-resource theory (JD-R) has also been beneficial in exploring how embracing technological changes at the workplace influences employee productivity and work efficiency. Based on this theory, job characteristics such as training, digital tools, and technological support can be arranged to improve employees’ ability and efficiency in performing tasks, whereas excess job demands increase work pressure and affect performance (Lesener, Gusy and Wolter, 2019). While this may provide valuable insights about the impact of using AI tools for work processes on employee performance, this model does not directly examine productivity within organisations.
[bookmark: _Toc233131904]
[bookmark: _Toc235906695][bookmark: _Toc235945915]2.4 AI Adoption and Employee Productivity
		Based on previous studies, by reducing repetitive tasks via automation and encouraging employees to participate in strategic and creative roles, AI can improve employee productivity. As stated by Kassa and Worku (2025), AI algorithms are used for automating these mundane tasks, enabling employees to devote their time to performing challenging and fulfilling work, thereby enhancing their efficiency and output levels. As a result, employees gain a greater sense of purpose, thereby improving productivity across organisations. For an e-commerce organisation like Amazon, contributing towards creative and purposeful jobs can enable employees to improve service quality and customer satisfaction levels. While gaining access to training resources, automation, and acquiring new capabilities through AI tools enhance employees  knowledge and productive, employees may still find it difficult to retain the same productivity level with newly developed skills (Kassa and Worku, 2025). Nevertheless, upskilling employees through training and development enables them to perform better and ensure high service quality. In light of this, Gusti et al. (2024) also opined that since AI acts as an information and communication tool to enable employees to perform challenging roles, they become more engaged with their work, which consequently increases their productivity. Although these quantitative studies provide measurable evidence of how AI enhances employee productivity, their reliance on self-reported data may introduce response bias. Additionally, since these studies depend on a cross-sectional design, causal relationships between AI adoption and long-term productivity improvement could not be established, highlighting the need for the present study.
		Existing qualitative evidence suggests that including AI tools in HR and employee management departments enhances productivity. While the systematic review by Votto et al. (2021) opined that AI tools provide feedback on employee performance  and enhance productivity or performance, the interview study by Malik et al. (2022) found that this digital transformation improves the flexibility, autonomy, and creativity of employees, thereby enhancing their job performance. Considering this, Malik et al. (2022) also identified how AI adoption may also create adverse impacts for these employees due to fear of job risk and uncertainty, changing job roles, and data security concerns. Despite these valuable insights, these studies failed to investigate any causal relationship between AI adoption and employee productivity, alongside reducing the generalisability of results because of limited sample size.  Similarly, quantitative studies also displayed how AI adoption enhances employee productivity across organisations. In this regard, Shaikh et al. (2023) opined that when firms adopt AI tools and technologies across their business processes and operations, knowledge sharing, mental health and wellbeing of employees improve, enhancing their overall productivity; whereas Damioli, Van Roy and Vertesy (2021) emphasised how agile AI-patenting enable employees to readjust faster with these new applications and increase their productivity. The findings from these studies suggest that with AI adoption, workers become more productive as they can share knowledge, manage workload-based stress, and better adapt to new technologies, although their ability to readjust quickly influences their performance. 
In contrast, a few studies also pointed out the use of specific AI tools such as ChatGPT to boost labour productivity (Necula et al., 2024; Elbadawi, 2024). While the study by Necula et al., (2024) identified how the use of Chatbots enables employees to efficiently handle customer inquiries and enhance service quality, enhancing their productivity, Elbadawi (2024) argued that tools like ChatGPT can customise interactions with workers to enhance their expertise and efficiency at modern workplaces. As a result, ethical concerns surrounding AI and data quality issues can be addressed with these tools, which enable them to focus on improving their work efficiency within the organisation. Both studies demonstrated that although AI adoption can enhances employee efficiency by reducing repetitive tasks and addressing their concerns, these technologies may not immediately result in productivity gains as managers experience challenges of ensuring data privacy and maintaining empathy. Moreover, while these quantitative studies identified a positive and significant relationship between AI adoption and employee productivity, their context-specific results and limited sample size make it difficult to generalise these results for Amazon.
		Additionally, existing literature highlights that while incorporating AI tools in Amazon can enhance productivity, managers must also deal with challenges regarding how it changes job roles, as they directly affect employee performance (Appiah, 2025; Bello, 2021). While firms incorporating AI training into their business strategy and learning culture were able to upskill and reskill employees to achieve better productivity, organisations failing to ensure strategic alignment experience low employee efficiency, since a mismatch of skills made it difficult for employees to utilise AI applications and adopt new roles (Appiah, 2025; Bello, 2021). These findings indicate that although AI adoption is essential for firms, without effective reskilling strategies, open communication, and employee involvement, they cannot improve workforce productivity only through automation of mundane tasks. Despite offering these valuable insights, dependence on existing studies and a lack of statistical analysis to determine any relationship between variables affected the quality of their findings, reducing the applicability of the results within Amazon.
		Overall, the literature indicates from both qualitative and quantitative studies that firms are looking forward to including AI tools and technologies as they can enable employees to acquire new skills and improve their performance by focusing on creative tasks instead of repetitive jobs. While this may not directly convert into higher productivity levels, managing their concerns and helping them adapt to these new tools may be beneficial for boosting productivity in the long term. Additionally, although previous research studied other factors such as employee engagement and job satisfaction, these are considered as supporting factors and drivers of productivity in this review.


[bookmark: _Toc233131905][bookmark: _Toc235906696][bookmark: _Toc235945916]2.5 Conceptual Framework


[bookmark: _Toc235945756]Figure 2 Conceptual Framework
(Source: Author Made)
This conceptual framework demonstrates that the current study focuses on investigating the impact of AI adoption on employee productivity by emphasising efficiency, work quality and output level. While AI adoption is the independent variable, employee productivity is considered the dependent variable.

[bookmark: _Toc233131906][bookmark: _Toc235906697][bookmark: _Toc235945917]2.6 Hypothesis Development
Reviewing existing literature and applying theoretical frameworks, the hypothesis statements for this study are as follows:
H0: AI adoption has no significant positive impact on employee productivity within Amazon.
H1: AI adoption has a significant positive impact on employee productivity within Amazon.
[bookmark: _Toc233131907]
[bookmark: _Toc235906698][bookmark: _Toc235945918]2.7 Research Gap
Although previous studies examined the impact of AI adoption on employee productivity using both qualitative interviews and quantitative surveys, previous research is limited due to its reliance on a small sample size and context-specific findings across various industries. Moreover, there is a lack of evidence regarding the application of the technology acceptance model (TAM). Consequently, limited empirical evidence exists regarding how employee perceptions about the usefulness and ease of use of AI affect their productivity outcomes within large e-commerce firms like Amazon. This highlights the need to undertake the current study to address these gaps and conduct the research within the context of Amazon.
[bookmark: _Toc233131908]
[bookmark: _Toc235906699][bookmark: _Toc235945919]2.8 Chapter Summary
This chapter summarised existing literature on AI adoption, digital transformation, new work practices, and employee productivity across multiple industries and organisations. While this helped gain valuable insights about the research topic, the lack of evidence regarding how AI impacts employee productivity within Amazon justified the need for this research  to conduct this study. For this purpose, a conceptual framework was developed to illustrate the relationships between independent and dependent variables to be examined in this study. Apart from this, reviewing existing literature and discussing theoretical frameworks such as the TAM and JD-R theories also helped formulate the hypothesis statements, which are examined in the following chapters.

[bookmark: _Toc235906700][bookmark: _Toc235945920]Chapter 3: Methodology
[bookmark: _Toc234321723][bookmark: _Toc235906701][bookmark: _Toc235945921]3.1 Research philosophy 
Positivist research philosophy was chosen over interpretivism to measure the relationship between employee productivity, roles and engagement with the adoption of AI objectively using numerical data collected through structured questionnaires (Maretha, 2023). The researcher has not chosen interpretivism as it mostly aligns with qualitative study and allows researchers to explore experiences, instead of establishing a relationship between chosen variables. On the contrary, positivism allows researchers to generate knowledge through observations and empirical investigation.However, this approach may not provide. This scientific approach further contributes to the establishment of relationships (Ikram and Kenayathulla, 2022). Moreover, the positivist approach improves the authenticity of the study by generating reliable findings on the impact of AI in reshaping employees’ roles and responsibilities at Amazon. However, the findings of the study might fail to provide a detailed understanding of employees’ behaviour. Despite this, positivism is chosen as it effectively aligns with quantitative analysis and establishes a correlation between the chosen variables.
[bookmark: _Toc234321724]
[bookmark: _Toc235906702][bookmark: _Toc235945922]3.2 Research approach
In this study, the deductive approach was chosen over the inductive approach as it mostly aligns with quantitative analysis. Additionally, addressing research objectives using an inductive approach is time-consuming, and the chances of drawing incorrect conclusions are higher than with a deductive approach. On the other hand, in a deductive approach, the existing theories are tested using statistical tools before drawing a conclusion. Moreover, in deductive reasoning, researchers choose a social theory and test the implications of this theory using rich evidence or data (Kumar and Ujire, 2024). In the current study, the Technology Acceptance Model (TAM) and Job Demands-Resource (JD-R) Theory are employed to test the empirical relationship between AI adoption and employee roles and productivity. Therefore, from the discussion, it is evident that instead of generating a new theory, researchers are testing existing theories using deductive reasoning, thereby improving the authenticity of the study. However, a deductive approach can provide unrelated findings as collected data are mostly driven by selected theories. Despite this, researchers tend to choose a deductive approach because it ensures systematic testing of existing theories and improves understanding for readers.
[bookmark: _Toc234321725]
[bookmark: _Toc235906703][bookmark: _Toc235945923]3.3 Research Design
The research objectives were addressed using a quantitative research design. The research design that focuses on quantifying data and generalises research findings with the help of collected data from a selected sample is known as a quantitative design (Ghanad, 2023). On the contrary, a qualitative research design is rejected as conducting thematic analysis through collected data is time-consuming. It would not have helped the researcher in establishing a statistical relationship between AI adoption and employee productivity. Quantitative research design involves complexities as collected data are tested using complex statistical tools. Despite this, researchers choose this design as it effectively establishes a correlation between the chosen variables. Furthermore, cross-sectional approach has been used to collect data. The key objective behind choosing a cross-sectional approach is that  it allows data collection at one point in time (Wang and Cheng, 2020). The process of collecting data is also cost-effective. On the contrary, longitudinal data collection is time-consuming as data are collected over an extended period. Thus, a quantitative and cross-sectional approach allows the researcher to understand how the adoption of AI is impacting employee productivity in Amazon.
[bookmark: _Toc234321726]
[bookmark: _Toc235906704][bookmark: _Toc235945924]3.4 Data Collection
A survey questionnaire was utilised to efficiently collect data using closed-ended standardised questions, which can facilitate statistical analysis (Aithal and Aithal, 2020). Unlike interviews requiring significant time and limiting generalisability of results, online questionnaires are useful with limited time and cost where information can be gathered from a larger sample size, enabling the researcher to quantify responses. Moreover, focus group discussions are not suitable here as they may complicate data analysis and influence participants’ opinions with dominant participants skewing the discussion (Lim, 2025). Despite limitations such as self-reported bias, questionnaire has been beneficial for this study as the use of simple language increased response rates while Likert scale improved reliability and consistency of responses. 
[bookmark: _Toc234321727]
[bookmark: _Toc235906705][bookmark: _Toc235945925]3.5 Sampling Strategy
The researcher adopted a non-probability convenience sampling strategy that helped select participants based solely on their accessibility and willingness to participate in this study (Obilor, 2023). With limited time, resources, and restricted access to Amazon employees, this sampling strategy was identified as the best suitable option (Raifman et al., 2022). Responses to the online questionnaire were gathered from around 60 Amazon employees having experience of working with AI technologies in their roles and responsibilities. This selected sample size would help perform quantitative statistical analysis alongside being aligned with survey research. Despite knowing how this reduces generalisability, it enabled the researcher to gather relevant data directly from the Amazon participants’ experience. Instead, convenience sampling seemed a more practical and efficient method to the researcher for primary data collection, which has further helped examine the statistical relationship between AI adoption and employee productivity (Obilor, 2023).
[bookmark: _Toc234321728]
[bookmark: _Toc235906706][bookmark: _Toc235945926]3.6 Data Analysis
For this research study, SPSS was used for quantitative statistical analysis as it can not only handle large datasets but also perform accurate outputs through descriptive and inferential tools. To identify trends, patterns, and summarise participant responses, descriptive statistical measures such as mean, variance, and range have been computed (Cooksey, 2020). Besides, correlation analysis has helped examine the strength and direction of associations between AI adoption and productivity, while regression analysis has tested the research hypothesis to determine the effect of the independent variable on the dependent one (Kafle, 2019). Thematic analysis could not be used as it is applicable for qualitative data and cannot be used to test hypotheses. Contrarily, despite assuming linear relations, regression analysis is more suitable for this study.

[bookmark: _Toc234321729][bookmark: _Toc235906707][bookmark: _Toc235945927]3.7 Research Ethics
The University research guidelines have been followed regarding plagiarism and acknowledging original authors’ work. Furthermore, this study has further protected participants’ right, their privacy and confidentiality through anonymity, and respected their voluntary participation through informed consent (Alhabsi, 2024). However, in online surveys, it often becomes difficult to ensure complete anonymity since the participants submit responses electronically. Despite this, ethical risks have been minimised by removing any personal identifiers while also storing data securely through  password protection and secure storage. 
[bookmark: _Toc234321730]
[bookmark: _Toc235906708][bookmark: _Toc235945928]3.8 Reliability and Validity
Developing a structured online questionnaire by reviewing existing literature and aligning questions with the research objectives and theoretical frameworks  helped ensure the reliability and validity of this study. To improve content validity, previous studies were reviewed for adapting questionnaire items, while Cronbach’s Alpha was utilised to examine the internal consistency of the instrument. The researcher has made sure to improve consistency by involving standardised questions and measurement accuracy by including only clear and relevant items (Brace, 2018). However, it still introduces the risk of self-reported bias, which may influence the reliability and validity of results.









[bookmark: _Toc235906709][bookmark: _Toc235945929]Chapter 4 – Results

[bookmark: _Toc235906710][bookmark: _Toc235945930]4.1. Introduction
This section is about the results collected during the primary research survey on the use of AI and its impact on the productivity of the employees. The study was set in Birmingham, United Kingdom, and there were 60 valid answers in the analytical dataset. By looking at these answers, current perceptions were achieved about how workers might feel about AI-supported work, such as the benefits they see, how it might change their roles, how much training they need, how engaged they are, and any worries they might have.
The statistical analysis was applied on the responses of survey. Different variables were analysed to learn about the demography, occupation, qualification that could help to know about the quality of inputs received. However, standard deviation is applied that is important for the statement questions. A five-point Likert  scale are applied to responses and 1 represented “Strongly Disagree” and 5 represented “Strongly Agreed” with statement. Statistical significance was assessed at P<0.05. 
The consistency of the questionnaire items was assessed with reliability analysis. Analysis of variance, and linear regression were applied to evaluate the relationship in data. 
The main predictor was how much people thought AI would be used, and the main outcome was how productive employees were. The first part of the chapter talks about the respondents and how much they knew about AI. Then it shows results for reliability and description. Finally, it looks at correlations, regression results, and differences in output across different levels of AI interaction.




[bookmark: _Toc235906711][bookmark: _Toc235945931]4.2. Preparation of data and approach of analysis
All the responses were checked to ensure that participants completed the required information because it is important for the statistical analysis. Response were collected from all 60 participants that was enough for the analysis. The perception related responses were scaled between 1 to 5. Composite score were calculated by averaging the same construct such as productivity. 
The response pattern was subsequently summarized using descriptive statistics. This study used Pearson correlation analysis to look at the primary variables' correlations, both the direction and the strength of them. An analysis was conducted using simple linear regression to determine if the perception of AI adoption was a predictor of employee productivity. The last step was to compare the average productivity scores of the various groups according to their stated frequency of AI system engagement using one-way analysis of variance.













[bookmark: _Toc235906712][bookmark: _Toc235945932]4.3. Profile of respondents
There are categories of the variables to learn about the demography, profession, employment etc. The data is presented in the form of percentage and frequency which is appropriate way to present the respondent’s distribution in different categories. 

4.3.1. Age and Gender
 	The largest  group of the participants have age between 25-34 that account for around 34 percent of total. Other larger group is of age 35-45. It is showing the participant’s majority is suitable for this study. They are young or old enough to know about latest technologies. 
Ten of the interviewees (16.7%) were between the ages of 45 and 54. Younger and older workers were less likely to be present. There were only two people (3.3%) over 55 and four between the ages of 18 and 24.

[bookmark: _Toc235945757]Figure 3 percentage of participants belong to different age group



[bookmark: _Toc235945758]Figure 4 Distribution of respondents by gender 
The spread of genders was pretty even, though men made up a small majority. 33 of the people who answered (55.0%) said they were male, and 27 (45.0%) said they were female. These figures only describe  what the group was made of. There was no scientific test done to see if age or gender affected how people felt about AI in the workplace.





[bookmark: _Toc235945759]Figure 5 The age and gender distribution of participants
	Variable
	Range
	Frequency
	%age

	Age (Years)
	18-25
	4
	6.67

	
	25-34
	27
	45

	
	35-45
	17
	28.29

	
	46-55
	10
	16.8

	
	Above 55
	2
	3.3

	Gender
	Male
	55
	33

	
	Female
	45
	27

	
	Other
	0
	0






[bookmark: _Toc235906713][bookmark: _Toc235945933]4.3.2. Employment and Education
Educational background effects on the understanding of participants. It is important to mention that one-third of the participants are undergraduate. Other larger group is college qualified that account for 30 percent of participants. 
Twenty percent of respondents had a master's degree or above, while fifteen percent said they had no education above high school. One responder chose an alternative criterion. Because of this dispersion, the survey may include respondents with varying degrees of comfort and expertise with AI technology. Since the survey did not assess technical competence independently, formal schooling should not be used as proof of AI knowledge.
Of the 45 participants (or 75.0% of the total), the majority were full-time employees. Out of the total number of employees, ten worked part-time (16.7%) and five were on temporary (8.3%).


[bookmark: _Toc235906714][bookmark: _Toc235945934]4.3.3. Occupation and experience
At 30.0% of the total, warehouse associates made up the biggest occupational group. Management personnel made up 18.3% of the workforce, while operational people comprised 21.7%. There are 10 percent of participants that are associated with customer service. The technology related experienced participants are 13 percent but other are 6.7%. 
[image: ]
[bookmark: _Toc235909367][bookmark: _Toc235945760]Figure 6  The occupation of participants with frequency
It has been found that more than 50% of the people have experience of working for 1-3 years in one organization in last few years but other are working more than 3 years. However, there are few of them having experience of less than one year. A few also have more than 5 years experience which is showing diversity of profession and working experience in participants. 

[bookmark: _Toc235906715][bookmark: _Toc235945935]4.4. Working experience with AI

It has been found that most of the respondents have used  AI for work. While sixty-seven percent of people who took the survey said they saw AI in action at work, ten percent said they didn't. Just fourteen people (or 23.3% of the total) expressed uncertainty. The amount of doubt is significant, even though the majority of participants acknowledged the existence of AI. Without explicitly labelling them as AI, some workers may use data-analysis tools, automated systems, or software that is supported by AI in the course of their regular work.
Figure 4.4 shows that the frequency of interactions followed a similar pattern. While 19 people (or 31.7% of the total) used AI systems frequently, 23 people (or 38.3% of the total) interacted with them occasionally. Only seven people (11.7%) said they interacted with AI very often, while eleven people (18.3%) said they did so rarely. 
[image: ]
[bookmark: _Toc235909368][bookmark: _Toc235945761]Figure 7 The frequency of respondents in using AI
 	There are more than 50 respondents that have experience of using AI for some work. It is suggesting that regular use of the AI is part of job of some of the respondents. However, it is not evident that how skilfully they are using it or what is the accuracy of the results that are getting with prompts. 
The obtained results also highlight the possible gap in the awareness and exposure of the people about the technology. However, the study needed for the organization to explain which workplace should be equipped with AI, selection of employees to use it and how it could affect company decisions. It is very relevant because UK research has not only identified the gaps in the technical understanding of AI use (DSIT, 2026). Therefore, effective communication and technical expertise is required in using AI with responsibility. 
 







[bookmark: _Toc235906716][bookmark: _Toc235945936]4.5. Questionnaire scale
For the reliability determination, Cronbach’s alpha was calculated 
Items that generate a more uniform pattern of responses have higher coefficients. Because it is influenced by the quantity of questions and their interrelationships, alpha should not be used as a standalone measure of questionnaire quality (Tavakol & Dennick, 2011). Table 4.2 displays the outcomes.

[bookmark: _Toc235945744]Table 1 Study scale of reliability of results

	Scale
	Items
	Cronbach’s alpha
	Interpretation

	AI Adoption
	5
	0.929
	Excellent

	Training
	4
	0.437
	Weak

	Job role
	5
	0.684
	Borderline (BL)

	Engagement of employees
	4
	0.687
	BL

	Challenges
	4
	0.886
	Strong

	Productivity
	4
	0.770
	Acceptable

	Benefits overall
	2
	0.332
	Weak






The highest coefficient produced in the perceived AI adoption where the score of alpha remains 0.93. It also suggests that items produced the score closely on the AI adoption. Challenges also showed the better consistency with alpha score of 0.887. The consistent pattern was observed in different parameters such as employees reaction, pressure, monitoring and job security.  
For this in employee’s son, the productivity scale's alpha of .771 was deemed acceptable. It was possible to calculate a composite score by averaging the four productivity items. Employee engagement (α=) and job-role change (α=.684) should be considered. 687 scales were marginally lower than the widely used. 70 thresholds. Instead of completely reliable, these numbers are more accurately characterized as borderline. Although they should be used with caution when drawing conclusions, they are still valuable for exploratory analysis. Additionally, Taber (2018) cautions against using predetermined alpha levels without first thinking about the scale's intended use and construction.
The skills and training scale, which yielded an alpha of.437, caused more alarm. This finding provides more evidence that the four components—formal training, organizational support, learning motivation, and confidence—may reflect distinct life experiences.
Due to the low reliability scores and weaker consistency, it is important to care during association interpretation of the training and other factors. 
The lowest result was generated on the overall benefit scale with value of 0.332. 

[bookmark: _Toc235906717][bookmark: _Toc235945937]4.6. Findings from primary research variables
The average results for the seven primary research variables are shown in Table 4.3. A mean score above 3.00 on the five-point scale used in the survey suggests that most respondents were in agreement. Perceived adoption of AI and employee engagement followed productivity with the highest mean. Even if its mean was higher than the neutral point, challenges and concerns got the lowest score.









[bookmark: _Toc235945745]Table 2  The statistical analysis of AI related queries
	Study
	N
	Mean
	SD

	Adoption of AI
	60
	3.99
	0.83

	Training
	60
	3.47
	0.57

	Job roles changes
	60
	3.90
	0.61

	Engagement of employees
	60
	3.96
	0.52

	Challenges
	60
	3.34
	0.81

	Productivity
	60
	4.06
	0.58

	Benefits overall
	60
	3.92
	0.64




Broader agreement was seen in the AI adoption which is showing that AI has become part of the activities in the workplace. 
The statement on the increasing use of AI in everyday work received the highest rating (M=4.08).
By applying the Technology Acceptance Model, we can make sense of these results. Perceived utility is crucial to workers' adoption of IT, according to Davis (1989). The participants in this survey seemed to see the usefulness of AI, especially in situations where it helped to cut down on mundane tasks and boost productivity. But these findings mostly reflect how beneficial people think they are. The second main component of the model, ease of use, was not directly tested by the questionnaire.
Job roles changes
The average score on the job-role transition scale was 3.90 (standard deviation=0.61). The opinion that AI augments human workers rather than supplants them garnered the highest level of agreement (M=4.03). Additionally, respondents were in agreement that AI opens up new job chances (M=3.95). Both the requirement to acquire new skills (M=3.83) and the alteration of one's duties (M=3.82) had slightly lower scores but were still greater than zero.
Based on the data, it seems that most people see AI more as altering the nature of labour rather than eliminating jobs altogether. Automation of mundane operations frees up workers to focus on higher-order responsibilities like decision-making, problem-solving, and supervision. As a result, reskilling and job redesign are becoming more important. Gmyrek et al. (2025) cites the International Labor Organization's (ILO) similar argument, stating that generative AI will likely alter many jobs rather than render them obsolete. However, it is important to note that the current results only reflect the opinions of employees and do not reflect any changes in workforce levels.

[bookmark: _Toc235906718][bookmark: _Toc235945938]4.7. Development in skills and training

The skills and training remained the low rated in survey with mean score of 3.74. 
The majority of respondents (M=3.97) felt that AI motivated them to acquire new abilities. The level of confidence in AI was also rather high, with an average score of 3.75. Nevertheless, the mean score for organizational support was 3.68, and the lowest score for adequate training was 3.57.
This discrepancy may indicate that workers are open to new information, but they aren't necessarily convinced that their institutional assistance has kept up with the rapid development of new technologies.
It has been reported recently that despite the rapid development in AI, workers don’t have required expertise to operate it efficiently (DSIT, 2026a). It is important to be realized by the HR managers to link the job tasks with practical trainings rather than focusing on the instructions alone. 
It is also observed the weaker reliability in the training scale. 


[bookmark: _Toc235906719][bookmark: _Toc235945939]4.8. Engagement of staff
The engagement of staff has got the mean score of 3.96. It has been found that respondents feel excited while working with AI because it can make ease in their work. Further higher score was found in the attitude towards technology and the focusing on important tasks. It is showing that it is also on priority of various people. 
Techniques that helped in achievement of objectives or reduced efforts should be considered. The AI based work could help in engagement in doing some necessary task and can help workers in doing some other important activities. 
Artificial intelligence (AI) could become more of a burden rather than a resource if it raises the bar for oversight or task complexity.

[bookmark: _Toc235906720][bookmark: _Toc235945940]4.9. Productivity
With a mean of 4.06 (SD=0.58), productivity was the most successful concept. Getting things done faster was the most popular answer (M=4.12). Also, respondents thought AI helped teams be more productive (M=4.07), boosted company performance (M=4.05), and made workers' jobs easier (M=4.00).
It has been found in the research the participants are convinced on the positive impact of AI on their productivity. It is also aligned with recent findings that staff productivity was observed in more than 55% companies (DSIT, 2026b). 
The high averages still don't prove that AI was the driving force behind the claimed enhancement (Demerouti et al., 2001). All measures of productivity, including output, processing time, and error rates, were self-reported.





[bookmark: _Toc235906721][bookmark: _Toc235945941]4.10. Difficulties and benefits overall
The average score for worries and difficulties was 3.34 (SD=0.81). Feeling monitored (M=3.28), more performance pressure (M=3.32), reluctance to adoption (M=3.33), and job security (M=3.43) were the top four concerns. Rather than outright rejection, these ratings indicate moderate worry.
Respondents also agreed that AI was good for both the company and its workers (M=4.00, M=3.83, respectively). Organizational benefits may be more obvious than personal gains, according to the lower employee-benefit score. These results highlight the potential benefits and drawbacks of artificial intelligence (AI) in the workplace, including increased interest, efficiency, and productivity as well as increased pressure and uncertainty.

[bookmark: _Toc235906722][bookmark: _Toc235945942]4.11. Descriptive statistics on selected items
[bookmark: _Toc235945746]Table 3   The mean score of the queries
	Statement
	 Mean score

	Increase role of AI in daily tasks in workplace
	4.08

	AI helpful in routine tasks
	4.02

	AI role is supportive instead of replacing workers
	4.03

	Companies are providing trainings
	3.57

	It is encouraged to employees to learn skills
	3.97

	Work becomes more interesting with AI
	4.05

	Tasks can be completed quickly with AI
	4.11

	Productivity of teams increase with AI
	4.07

	Job security related concerns are increased with AI
	3.43

	AI increases pressures about targets in performance
	3.32

	Organizations are benefitted more with AI
	4

	Employees are benefitted more with AI
	3.83




[bookmark: _Toc235906723][bookmark: _Toc235945943]4.12. Regression Analysis 
In order to evaluate the AI adoption on the productivity of employees, the linear regression was applied. 
Ho = Adoption of AI don’t predict productivity of employees significantly. 
H1 = Adoption of AI predict productivity of employees significantly and positively. 


[bookmark: _Toc235945747]Table 4  The summary of regression model
	Model
	R 
	R2
	Adj R2
	SD 

	1
	0.176
	0.031
	0.014
	0.573



Positive but weak score was found in the correlation of the observed and predicted productivity. The R2 value indicates that AI adoption explains only 3.1% of the variance in employee productivity of employees from perceived. 

[bookmark: _Toc235945748]Table 5  Anova table the regression model
	Source
	Sum Square
	df
	Mean Sq
	F
	p


Regression	    0.608             1                         0.60               1.85                 0.179
	Residual
	   19.06
	58
	0.329
	
	

	Total
	   19.67
	59
	
	
	



The regression model overall is not significant statistically (F=1.85, p = 0.179). The probability value is larger than the selected 0.05 level. It does not provide enough evidence on the productivity on the base predicted AI adoption in wider population. 


[bookmark: _Toc235945749]Table 6 Regression coefficient table about the productivity of employee
	
	   B
	Standard error
	Standard
	      t
	     p


Constant	    3.56                 0.37                     --                  9.7                 <0.001
	Adoption of AI
	   0.123
	0.09
	0.176
	1.36
	0.179



The AI adoption related coefficient was found positive (0.123). Even a point rise in the score of adoption was estimated to increase in productivity by 0.123 point. However, the coefficient was not found significant statistically. The proposed effect is not supported by positive direction alone. As a result, HO was not rejected and H1 was not supported. It shows that present data don’t give enough evidence on the relationship of productivity with AI adoption. 
Weaker results were also found in the relation of both productivity and high AI adoption. The scores obtained from the two variables do not mean that these variables move together. High AI adoption was rated by some employees, but they don’t mention it with productivity whereas some others reported high productivity without relating it with AI. 
[image: ]
[bookmark: _Toc235909369][bookmark: _Toc235945762]Figure 8 The correlation in AI adoption and productivity

Training, management buy-in, job design, and AI task fit may all play a role in productivity. The OECD found that the way AI is implemented, the activities it is utilized for, and the skills that employees have all play a role in the workplace outcomes (OECD, 2024). Regular access to AI is no assurance of efficient utilization. The ability to effectively communicate, solve problems, and possess technical expertise are all necessary for employees to transform digital tools into enhanced performance (OECD, 2026).
The common relationship may have been weakened due to variation among warehouse, operations, technical, customer-service, and management roles. This is because AI may be more valuable in some jobs than others.

[bookmark: _Toc235906724][bookmark: _Toc235945944]4.13. Difference in productivity by frequency

ANOVA was conducted to determine if productivity of employee was varied according to frequency of AI interaction. There are four groups of respondents: rarely, occasionally, often, and very often  The following table shows the mean productivity score and size of each group. 

[bookmark: _Toc235945750]Table 7  The frequency and productivity mean
Frequency				    n			Productivity mean
	Rarely
	            11   
	3.4

	Occasionally
	            23
	3.9

	Often
	            19
	4.4

	Very often
	             7
	4.4

	Total
	            60
	4.06



Higher productivity score was produced on the employees which reported more interaction with AI. However, the mean for the very often group was also similar. It shows the pattern that higher productivity is associated with the regular interaction. 
In the ANOVA, a statistically significant result were observed in all groups. It also shows that employees who made greater use of AI in their tasks were more productive whereas those using AI less frequently have different experience. One reason could be the lack of ability to use it. It is also found in the OECD survey that users in workplace have increased their performance with AI. 
There is no contradiction between the previous regression result and the statistically significant ANOVA result. Using a regression analysis, we looked at the relationship between workers' overall impressions of AI adoption and their output. On the other hand, the ANOVA compared output based on the frequency with which workers engaged in direct human-computer interaction with AI systems. Though they may not make frequent use of AI in their own work, a person may mistakenly assume that it is extensively used throughout the company. Consequently, there are two distinct but connected components of adoption: first-hand experience and public knowledge.

[image: ]
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[bookmark: _Toc235909370][bookmark: _Toc235945763]Figure 9 The different Likert responses percentage on different queries
The very often group size needs some attention. Only 7 people responded very often as compared to often group with 19. The mean was affected more with individual responses. The specific groups that are involved cannot be determined by a significant overall ANOVA; all that is shown is that there is a difference in at least one group's mean. Pairwise differences can be examined using Tukey's post-hoc test if the equal-variance condition is met. A more robust alternative, like Welch ANOVA with Games-Howell comparisons, would be better suited if it is not satisfied. 

[bookmark: _Toc235906725][bookmark: _Toc235945945]4.14. Discussion and Implications

In the overall findings, the perception of employees towards use of AI in workplace was found positive. They seem convinced that AI can speed up the process and they can complete repetitive tasks with more efficiency. It can be well understood by applying the Technology acceptance model. It shows that people were willing to adopt the technology if they found it beneficial in work. 
It is also found that people could adopt technology if they perceived it as useful in their work and changes in responsibilities. Although there is general perception that AI can replace humans’ workers and get their jobs. However, in this study, the perception was found different. Employees consider it a skill that can help them at the time of need in work. The statistical findings are contradictory to some extent depending on the use of AI. More frequent user of AI has different feedback while the rarely user did not link it with their productivity. 
Also, the results show how the Job Demands-Resources model works from both perspectives. If AI can eliminate mundane tasks, free up workers' time to concentrate on higher-value tasks, and generally improve productivity, it might be a useful tool for the workplace.
Thus, integrating AI into HR practice should entail more than just installing the technology. Workers require chances to voice concerns, clear communication, and hands-on training. Better AI outcomes in the workplace are connected with training and employee consultation, according to OECD evidence (2024). Clear ethical measures should bolster open, reasonable, and proportional monitoring.
Robots and AI can provide a hand with tedious and time-consuming tasks at Amazon. Systems can be useful, but only if they are tailored to specific tasks, if workers grasp their function, and if managers offer enough assistance. Thus, adoption is not as important as effective implementation.

[bookmark: _Toc235906726][bookmark: _Toc235945946]4.15. Conclusion

In this chapter, the role of AI in  employees productivity was examined  by evaluation of the primary research data collected from survey. Productivity and adoption through AI were perceived favourably by respondents. There was also correlation found in the production and adoption. 
On the other hand, productivity varied greatly depending on how often users interacted with AI; those who used AI more frequently reported higher scores. There were moderate worries voiced by respondents over monitoring, performance pressure, and job security. In sum, the results highlight the significance of hands-on training, open lines of communication, employee buy-in, and accountable execution. The findings and suggestions that stem from these findings are elaborated more in next chapter.










[bookmark: _Toc235906727][bookmark: _Toc235945947]Chapter 5- Discussion

The research was aimed to seek the perception of the employees on the use of AI and its role on their performance in workplace. Overall, the results have shown the optimistic and positive side of the AI which is contradictory to previous findings that AI could take jobs of employees. The employees think that technology can help them in doing some repeating tasks and boost in performance depends on its use. 
People who took the survey thought AI had the potential to streamline processes, eliminate mundane tasks, and boost productivity in the workplace. This finding is consistent with Shaikh et al. (2023), who reported that AI adoption improves employee productivity through knowledge sharing. Additionally, they believed that AI was altering their roles and requiring them to acquire new abilities. Job security, monitoring, and the push to achieve higher targets were still issues. Accordingly, AI was considered both an asset and a potential threat in the workplace.
It has been found that technology can make the employees more productive, depending on embracement. Efficiency, completion of tasks and improved work quality were the main outcomes that participants in this study linked to AI.  
Recognizing AI's value, employees may nonetheless struggle to understand and use some technologies. Research on employee acceptance in the future should thus take usability and practicality into account.
It seems that people have changed their perception from past that AI can take their jobs. Now the understanding is that the nature of jobs is changing due to faster adoption of the technology that could support the human labour. This can be described as job reshaping rather than job replacement. 
Studies examining customer service have already shown similar shifts. According to previous findings, customer service representatives were more productive when using an AI assistant, and the gains were even more pronounced for those representatives with less experience (Brynjolfsson et al., 2025). What this means is that AI has the potential to teach people new things and disseminate useful information. Benefits, however, will likely be task-specific, system-quality dependent, and employee-recommended recommendation-dependent.

Training of staff has main role in the implementation of technology. It seems from the results that employees are willing to embrace the technology but they were not very positive about the required training from organization. It shows that HR is not very aligned with technology development 
But, as we can see from the individual responses, workers are keen on skill development but aren't always given the organized direction they need. More than just learning how to use a system should be covered in training. Workers should be aware of the situations in which AI can be helpful, when to question its results, and who is ultimately responsible for decisions made by the system. Similarly, studies conducted by the OECD in the workplace indicated that AI adoption was related with greater results when staff were trained and consulted.
Positive ratings were also given for employee involvement. Artificial intelligence (AI) has the potential to increase engagement at work and free up time for other important pursuits, according to most respondents. With the help of the Job Demands-Resources model, we can make sense of this outcome. Resources provided by employers aid workers in accomplishing their objectives, cut down on wasted effort, and keep them motivated, according to Demerouti et al. (2001). AI has the potential to be a valuable asset when it eliminates mundane tasks, offers insightful data, or helps with tough decisions. Workers would have more time to devote to activities that call for human discretion and engagement under these conditions. Having access to AI does not, however, guarantee that it will be a useful tool. Its worth could be diminished due to poorly planned systems, unattainable goals, or insufficient assistance.
Positive ratings were also given for employee involvement. Artificial intelligence (AI) has the potential to increase engagement at work and free up time for other important pursuits, according to most respondents. With the help of the Job Demands-Resources model, we can make sense of this outcome. Resources provided by employers aid workers in accomplishing their objectives, cut down on wasted effort, and keep them motivated, according to Demerouti et al. (2001). AI has the potential to be a valuable asset when it eliminates mundane tasks, offers insightful data, or helps with tough decisions. Workers would have more time to devote to activities that call for human discretion and engagement under these conditions. Having access to AI does not, however, guarantee that it will be a useful tool. Its worth could be diminished due to poorly planned systems, unattainable goals, or insufficient assistance.
While there was no correlation between perceived AI adoption and productivity, there was a strong relationship between the frequency of AI engagement and productivity. These results do not contradict one another. The adoption scale assessed workers' perceptions of AI's role in enhancing business operations and its integration into their daily work. The frequency of interactions quantified the regularity with which individuals made use of AI. Although they may not be directly involved, an employee may have the impression that AI is heavily used by the company. Productivity may be more strongly correlated with regular experience than with general awareness.
Several factors affect productivity. These include job design, management's backing, workers' prior experience, training, and whether or not AI is appropriate for the job at hand. While AI excels at some tasks, it struggles miserably at others. This is a "jagged technological frontier," according to Dell'Acqua et al. (2026), where AI boosts performance within certain job boundaries but could lead to lower quality when workers rely on it for tasks that aren't its strong suits. This sheds light on the reasons why warehouse, operations, customer-service, technical, and managerial positions may not all get uniform productivity increases from a general uptick in AI usage.
Human resource practice can be directly affected by these results. It is important to involve employees both before and throughout the implementation of new AI technologies. Managers need to clarify the rationale behind a system rollout, the specific activities it will impact, and the intended use of employee data. Rather than being presented as a generic technical event, training ought to be connected to specific job functions. Additionally, workers should be able to easily report issues and contest automatic choices. Limits on data collecting and the maintenance of substantial human supervision are essential components of ethical monitoring policies.
Quality of AI tool is also very crucial along with implementation. Any mishandling can disturb the Amazon operations in the logistics, data, robotics and performance targets. 
Robots can take on difficult jobs and provide room for people with more specialized skills, according to Amazon itself (Amazon, 2025). Such advantages, however, can only materialize if workers view technology as a tool for enhancement rather than a source of micromanagement. In sum, the results point to human-centred implementation as the more compelling path to long-term productivity than adoption alone.
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Appendices

[bookmark: _Toc234321733]Appendix: 
Online Survey Questionnaire
Title: The impact of AI adoption on employee productivity at Amazon
Participant Information
Thank you for participating in this research.  The survey will take approximately 5 minutes to complete.
Purpose: This survey aims to understand how artificial intelligence (AI) technologies influence employee roles, engagement, and productivity in the workplace.
Confidentiality: All responses are anonymous and will be used only for academic research.


Section 1 – Demographic Information
1) Age group
· 18–24
· 25–34
· 35–44
· 45–54
· 55+

2) Gender
· Male
· Female
· Prefer not to say

3) Highest level of education
· High school
· College / Diploma
· Bachelor's degree
· Master's degree
· Other
Section 2 – Employment Background
1) Current job role
· Warehouse Associate
· Operations
· Customer Service
· IT / Technical
· Management
· Other

2) Department
· Employment type
· Full-time
· Part-time
· Temporary

3) Years working in the organisation
· Less than 1 year
· 1–3 years
· 3–5 years
· More than 5 years

Section 3 – Exposure to AI Technologies
1) Are AI technologies used in your workplace?
· Yes
· No
· Not sure

2) How frequently do you interact with AI systems?
· Never
· Rarely
· Sometimes
· Often
· Very often

3) What type of AI technologies do you interact with?
· Automated systems
· Robotics
· AI software / tools
· Data analysis tools
· Chatbots or virtual assistants
· Other

Section 4 – Perceptions of AI Adoption
Rate the following statements:
(Strongly Disagree – Disagree – Neutral – Agree – Strongly Agree)
· AI technologies are becoming increasingly integrated into daily work processes.
· AI improves operational efficiency in the organisation.
· AI helps automate repetitive tasks.
· AI technologies support better decision-making.
· AI technologies make work processes faster.

Section 5 – Impact on Job Roles
· AI technologies have changed my job responsibilities.
· Some tasks previously done by employees are now automated.
· My role now requires new skills due to AI adoption.
· AI technologies support employees rather than replace them.
· AI creates opportunities for new types of jobs.

Section 6 – Training and Skills Development
· The organisation provides sufficient training for AI technologies.
· Employees receive support to adapt to technological changes.
· AI technologies encourage employees to learn new skills.
· I feel confident using AI systems in my work.
Section 7 – Employee Engagement
· AI technologies make my work more interesting.
· AI allows employees to focus on more meaningful tasks.
· I feel motivated when working with AI technologies.
· I feel positive about technological changes in the organisation.

Section 8 – Productivity
· AI helps me complete tasks more quickly.
· AI improves the quality of my work.
· AI increases team productivity.
· AI contributes to better organisational performance.

Section 9 – Challenges and Concerns
· AI adoption creates concerns about job security.
· Employees may feel monitored due to AI technologies.
· AI increases pressure to achieve higher performance targets.
· Some employees resist AI adoption.

Section 10 – Final Opinions
· Overall, AI adoption benefits the organisation.
· Overall, AI adoption benefits employees.
· In your opinion, what are the main benefits of AI in the workplace?
· What are the main challenges or concerns related to AI adoption?
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