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ABSTRACT 

This research study explored how leadership can empower, equip and support 

employee-AI collaboration to enhance decision-making in continuous processing 

operations. This gap has become critical, as organisations are quickly adopting AI-

disruptive technologies, leaving frontline employees often lacking the strategic tools 

and unprepared to use the technology safely and responsibly. Transformational 

leadership provided the conceptual foundation, given its emphasis on psychological 

safety, employee growth and capability building, and empowerment. 

This study employed a qualitative, interpretivist approach, utilising semi-structured 

interviews with 19 stakeholders from South African continuous and hybrid processing 

operations. Reflexive thematic analysis (RTA) showed that employees had good 

awareness of AI technologies and viewed them as a decision accelerator, but they 

relied heavily on leadership support, explainability, and governance to build trust and 

maintain oversight.  Leaders communicated AI augmentation rather than substitution 

strategies and provided experimental spaces to facilitate stronger adoption. Even 

though leaders have made strides to enable employees, significant barriers to AI 

adoption remain. The study has operationalised and extended TL theory in AI 

embedded operations, providing practical leadership behaviour and highlighting the 

importance of governance mechanisms to sustain safe and responsible AI use.  

Research limitations include a small sample size, subjective opinions, and the rapid, 

transformative nature of AI technologies.  
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1. Introduction 

1.1. Overview 

The advent of Industry 4.0 has introduced several disruptive digital technologies, 

including Artificial Intelligence (AI). These digital technologies have transformed how 

industrial organisations operate, compete, and deliver value to stakeholders 

compared with traditional processes (Albert et al., 2021). This transformation 

integrates intelligent technologies into production systems, improving data use and 

resource utilisation to provide sustainable, cost-effective, better-quality products that 

meet the customer’s needs (Koh et al., 2019). This is vital for continuous processing 

operations, as operational demands vary and the need for fast, accurate, and well-

informed decision-making is essential to keeping operations uninterrupted. 

AI implementation should not be based solely on its readiness, as assessed through 

a technological systems evaluation, but also on strong leadership and employee 

collaboration. Leadership drives how far AI can be adopted, implemented and 

integrated throughout all levels of an organisation and industry. Effective leadership 

can foster a collaborative environment that enables employees and AI technologies 

to work together to make better decisions, enhancing operational performance. 

However, practical AI roadmaps and strategies remain under investigation, as noted 

by Cillo and Rubera (2024).   

This uncertainty can result in insufficient training and support for frontline employees 

in decision-making, as management underestimates how extensively employees use 

AI (Mayer et al., 2025). This lack of exposure and underestimation limits frontline 

employees' ability to make informed decisions about the issues they encounter daily 

and sets the foundation for this research. 

These global trends are mirrored in South Africa, where new technologies from 

Industry 4.0 are being adopted at an accelerating rate. The rate of AI  adoption and 

usage by South African employees stands at over 60%, with 21% integrating it into 

their work (Staff Reporter, 2025). Though this has brought a sense of excitement and 

innovation, it also raises concerns about labour impacts, such as job losses. 

Nonetheless, South African employees who embrace new technologies look forward 

to exploring and expanding their potential, seeking to improve themselves and their 

productivity, which will keep them needed and relevant within the workplace. Noting 
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the positive stance on AI adoption and use among employees, the World Economic 

Forum highlights that AI technologies could create millions of new jobs (World 

Economic Forum, 2020), positioning South Africa to be able to significantly benefit 

and gain respective industrial advantages and obtain a much greater return on 

investment from reskilling and making better use of employees. This context 

illustrates the urgent need for leaders today to implement leadership strategies to 

ensure and enable effective collaboration between new AI technologies and 

employees, thereby enhancing decision-making in continuous processing 

operations. 

1.1. Background 

Continuous processing operations are one of the many types of manufacturing 

processes which run without planned interruption to produce the organisation's 

products. Continuous processing operations have been moulded and reshaped by 

Industry 4.0’s intelligent technologies, which aim to enhance flexibility, improve 

productivity, and enable real-time decision-making throughout the process (Frank et 

al., 2019; Koh et al., 2019). 

Here, the products are fed continuously to ensure an uninterrupted output (Wang et 

al., 2024). In contrast, other processes, such as batch processing, do not run 

continuously and require a known number of inputs to be combined to produce a 

known amount of output (which ends production), and the beginning and end points 

are known. Also, discrete processes focus on producing a product using the exact 

number of variables each time in a single run. 

It is also important to note that these types of process operations are not limited to 

standalone functions but can be integrated with other manufacturing processes, such 

as hybrid operations. For example, Wang et al.(2024) describe using a continuous 

process helps in the transition of batched product (in this case, the production of 

molten steel) into slabs for purposes of ensuring continuity of production or at a 

brewery, whereby beer is made via a batch process and thereafter by making use of 

a continuous process, the beer is transferred from one storage facility to another 

including the bottling process.  

In South Africa, typical continuous processing and hybrid operations are standard in 

chemical manufacturing, mining and mineral processing, food and beverage, 

pharmaceuticals, petroleum producers, and pulp and paper. These sectors are 
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quickly integrating AI technologies into their operations, which has improved 

efficiency, increased output, reduced downtime, and yielded industry advantages, 

highlighting the importance of AI leadership strategies that foster employee-AI 

collaboration (Frank et al., 2019; Koh et al., 2019). 

These operations can become quite complex, requiring employees to make quick, 

accurate decisions to ensure, maintain, and uphold product quality while adhering to 

safety standards. Some industrial organisations that use either continuous 

processing or hybrid operations have innovated their business models, shifting from 

selling a product to delivering guaranteed outcomes (Sjodin et al., 2020). Such shifts 

further illustrate the importance of making critical decisions to ensure the 

organisation's value proposition is upheld. For employees, being exposed to such 

complex processes and making the right decisions can be a daunting task, leading 

to unwanted pressure and stress. For example, in chemical manufacturing, an 

incorrect adjustment or input can result in disastrous outcomes that compromise 

safety and product quality, and may lead to compliance breaches, which could be 

costly for the organisation. Another example can be in food and beverage, where 

incorrect responses to processing changes, such as steam deviations, could result 

in the product being regarded as a defect or cause concern under relevant 

regulations, which can bring an organisation into disrepute. 

Over the past decade, many organisations have adopted intelligent technologies, 

such as AI systems and tools, across various operational areas. AI tools and systems 

offer various uses, including AI-powered assistants, predictive maintenance, supply 

chain management, machine learning (which analyses machine behaviour), and 

real-time decision-making in smart manufacturing, all of which help improve 

operational effectiveness and productivity and, in some cases, can replace tasks 

completed by people. AI is intended to improve jobs and drive the growth of an 

organisation (Olan et al., 2022).  

Employee-AI collaboration refers to the engagement between employees and AI 

systems. It goes beyond just completing tasks, it looks to enhance decision-making 

by combining “computational power with human intuition, ethical reasoning and 

contextual understanding” (Dican, 2025, p. 919). This approach compensates for AI’s 

shortfalls by leveraging human contextual understanding, ethical reasoning for 

fairness, and intuition, which align with experience to support informed decision-

making. These are the types of decisions that leaders need frontline employees to 
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make, as they will result in process decisions that meet customer requirements, are 

strategic, and are ethical.   

To allow these decisions to take place, leaders need to empower, equip and support 

employees with the necessary tools, skills and capabilities to facilitate this process. 

Several studies have been published linking leadership to the adoption of intelligent 

technology; however, employees remain unsupported and unequipped. As the 

majority of strategic decisions are made by senior management, who are key players 

in directing decision-making processes (Bevilacqua et al., 2025), their integration into 

frontline support decision-making is minimal. Most leaders tend to attribute the lack 

of integration to employees’ readiness, generational divide or other significant 

barriers.  

Considering the challenges, it is evident that leadership plays a vital role in 

introducing new technologies, implementing systems that enhance employee 

comprehension and facilitating upskilling for reskilling (Madanchian et al., 2024). 

Leaders in the digital transformation (DT) space must transcend traditional 

leadership norms to foster an environment of trust, learning, and empowerment. This 

enables employees to participate in the organisation's decision-making processes by 

engaging and collaborating with AI systems and tools. However, even though there 

is widespread adoption of AI technology and tools, current industry practices offer 

minimal insight, direction, or evidence on how leaders plan to equip and support 

frontline employees to effectively and efficiently utilise AI tools for real-time process 

decision-making, especially in continuous processing environments. The following 

section looks to outline the research problem in more detail. 

1.2. Research problem 

The research problem highlights the lack of leadership practices and strategies that 

empower, equip, and support frontline employees to trust and confidently collaborate 

with AI technologies to improve decision-making in conjunction with processing 

operations. Employees in the manufacturing sector, particularly those in continuous 

processing operational environments, face increasing complexity in processes, 

procedures, and systems due to the adoption of AI. Leaders expect employee-AI 

collaboration to lead to faster decision-making, with less bias, optimisation, and 

streamlined procedures, which indicate stronger decision-making and efficiency 

when humans and AI work together. These anticipated outcomes are entirely 
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dependent on a balanced, efficient and effective relationship between the two. 

However, according to the findings of Mayer et al. (2025), the use of AI was not equal 

across the organisational levels.  

This is supported by Brooks (2025), who reports that 87% of executives, 57% of 

managers, and only 27% of employees use AI on the job. Employees were the least 

exposed to AI systems and tools as compared to top management, who use AI more 

often. This inadequate exposure, combined with insufficient leadership support and 

limited opportunities, has prevented employees from building the competencies 

required to collaborate with AI systems. This disparity results in employees not 

engaging adequately with AI technologies and tools, slowing the utilisation of AI 

systems for decision-making and ultimately increasing errors within operations and 

eroding trust. This slow adoption or utilisation can be harmful to an organisation, 

especially in continuous processing operations, where decisions need to be made 

quickly to avoid unwanted downtime or quality defects, underscoring the need for 

leadership interventions. 

Existing literature, such as Bevilacqua et al. (2025) on the evolution of leadership 

and Quaquebeke and Gerpott (2023) on an AI leadership paradigm that offers a 

conceptual or strategic perspective, still overlooks the issues experienced by 

frontline employees. This has created a research problem, specifically in the absence 

of leadership strategies that provide, empower, and equip employees with the 

support they need to use AI tools to improve decision-making in continuous 

processing operations. 

To address the problem, this research study sought to investigate and deepen 

understanding of how leadership facilitates employee-AI collaboration within a 

continuous-processing operational environment through the lens of transformational 

leadership (TL) theory. Firstly, the employee perception and experience of current 

leadership support and empowerment were examined to understand how these 

practices and strategies have influenced confidence and willingness to collaborate 

with AI systems for decision-making.  Secondly, the leadership practises that 

empower, equip, and support employees in AI collaboration were explained, focusing 

on the four TL dimensions (Siangchokyoo et al., 2020). Finally, the study explored 

enablers, barriers, and contextual factors within the continuous processing 

operational environment to provide actionable insights for leaders to incorporate into 
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their leadership strategies. For the research problem at hand, the framework below 

illustrates the steps taken: 

 

Figure 1: Conceptual framework of flow  

1.3. Research purpose 

This research aims to answer the overarching question of: 

How can the role of leaders help to support, empower and equip employee-AI 

collaboration to enhance decision-making within continuous processing operations? 

In addition to the overarching questions, the study examines several sub-questions. 

These include, but are not limited to, whether leaders have enough trust to allow 

frontline employees to make their respective decisions. What do employees perceive 

as adequate support from leadership in collaborating with AI systems for decision-

making? What is the current AI exposure, utilisation and engagement among frontline 

and leaders?  

1.4. Significance of business and theoretical need 

The ongoing or constant running of production within a continuous processing 

operation requires both machines and employees working together effectively and 

efficiently to achieve organisational goals. An incorrect decision or one made without 

proper data can result in the loss of revenue and profits, as well as potential brand 

disrepute. As AI integration increases across industries, organisations recognise that 
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AI technologies complement employees' efforts (Ahn et al., 2024). This shift 

emphasises that leaders must not only implement these systems but also equip their 

employees to make the most of these systems and tools, which will lead to a market 

advantage and increased market competitiveness (Nzama et al., 2024). Exploring 

how leaders empower, equip and support employees will result in a more inclusive 

workforce and better decision-making for both leaders and employees (Aziz et al., 

2024). Further to this, Nelanti (2024) highlights that employees will gain more 

cognitive skills and gain confidence in working with AI technologies. This results in a 

better value proposition for customers by delivering high-quality products. To 

highlight the urgency, a Deloitte analysis indicates that, over the next 24 months, 

manufacturers will prioritise substantial investments in smart manufacturing 

initiatives, including AI technologies, as shown in Figure 2. 

 

Source: (Deloitte, 2025) 

Figure 2: Concentration of investment for the next 24 months for manufacturers.  

Therefore, the exploration highlights the immediate need for investigation, because 

to date, leaders' roles of providing and influencing employee-AI collaboration within 

continuous processing operations remain limited (Gaffley & Pelser, 2025; Schmutz 

et al., 2024). It is noted that various studies have examined AI leadership, AI 

adoption, and AI systems; however, there is a lack of research on how leadership 

empowers and supports frontline employees in engaging with these technologies to 

improve their decision-making and inputs. This study will draw on the TL theory.  
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From a TL perspective, this helps to understand how leaders will influence mindsets 

in working with AI technologies, upskill and reskill, and inspire employees to use AI 

tools to make decisions confidently (Buil et al., 2019; Magasi, 2021). This is further 

validated by employing a qualitative methodology approach to obtain valuable 

insights from leaders on AI-influenced decision-making in the specific context of 

continuous processing operations. This domain is under-explored using qualitative 

methods. This will result in a theoretical contribution to academic discourse by 

extending leadership models to empower frontline employees to make ethically 

informed decisions within operations supported by AI technologies. 

1.5. Research scope 

This research aimed to explore how the TL attributes, including strategies such as 

empowerment, equipping, support, influence, and trust, were provided to employees 

within the industry-specific focus of continuous processing (Buil et al., 2019; Magasi, 

2021). The research study was focused on the use of employee-AI technology 

collaboration to attain better-quality decision-making for frontline employees. The 

study was conducted with industrial organisations in the South African context that 

use a hybrid or fully continuous processing operation (both operations will be referred 

to as continuous processing operations for this study) and are either implementing 

or planning to implement AI technologies in their systems. These organisations could 

be multinational or based in South Africa (Gaffley & Pelser, 2025; Nzama et al., 

2024).  

This study did not evaluate an organisational information technology structure or 

control system AI readiness. This study focused primarily on how leadership can 

enhance an employee's decision-making by collaborating with AI systems. The 

research was conducted to gain insights and perspectives from individuals across 

various sectors through in-depth interviews. The individuals consisted of leaders in 

charge of implementation, driving AI systems and managing employees, followed by 

frontline employees tasked with utilising AI tools to make better decisions, and a TL 

strategy to empower, equip, and support employees to collaborate with AI tools.  

The next chapter will lead into the literature review, which offers deeper insights into 

the theory and academic discourse that shaped the research questions derived from 

the research gap. 
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2. Literature Review 

2.1. Introduction 

Digital technologies associated with Industry 4.0 led to the evolution of industrial 

organisations, as they had implemented intelligence across some production 

systems and changed decision-making processes for all. As noted by Albert et al. 

(2021), organisations continued to face a rapidly accelerating and evolving 

technological landscape that drove businesses to revolutionise their operating 

strategies, as continuous change and disruption forced them to adapt to survive 

(Porfírio et al., 2020).  

These adaptations were not limited to business or technological systems, but as 

technologies became more integrated, leaders were required to redesign strategies 

and practices that guided employees in using and collaborating with systems to make 

decisions for operational optimisation or to correct machine production faults. AI 

adoption and use literature has been steadily growing, and there has been a rapid 

increase in AI users in South Africa. A study by Mngxati et al. (2024) found that 58% 

of executives surveyed expected these technologies to boost their productivity by at 

least 20% over the next three years.  

This highlighted the potential benefits of AI adoption. To fully realise the benefits of 

these technologies, this study examined leaders within continuous processing 

operations to understand how they could leverage AI technologies to unlock their full 

financial potential (Mayer et al., 2025). Therefore, there was a need to gain a deeper 

understanding of how leaders could better empower, equip, and support employee-

AI collaboration to enhance their decision-making skills (Buil et al., 2019; Magasi, 

2021). 

This chapter examined that question to help leaders make safe, ethical, accurate, 

and high-quality decisions in continuous processing operations. It focused on the 

decision-making demands posed by Industry 4.0 and some of 5.0, as well as 

leadership mechanisms that leveraged AI's potential to build confidence in decisions 

and improve task performance. Despite the rapidly growing body of research on AI 

and AI adoption, there is limited literature on how leaders can practically support 

frontline employees in using AI confidently and responsibly to make better decisions 

in this operational context (Bevilacqua et al., 2025). This remains a key gap in the 
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existing literature. This review was centred on three questions that contribute to the 

overarching question.  

This literature review followed the following structure:  

Table 1: Mapping flow of literature review. 

Section  Research question Support/outcomes 
2.1   Provide context  

2.2   Provide context  

2.3  RQ3 Definitions, risks, confidence, trust mechanisms 

2.4 RQ 1 and RQ 2 Definitions, leadership theories, practice lens, support  

2.5 RQ 3 sustainable practices, confidence drivers 

2.6 RQ 3 Barriers, risks, enablers 

2.7 RQ 1 Employee perspective, support, needs 

2.2  Industrial paradigms  

An organisation that utilised the continuous processing model could not continue to 

operate efficiently by relying solely on automation. Industrial technologies stemming 

from Industry 4.0 and 5.0 (Fourth and Fifth Industrial Revolutions) had reshaped how 

decisions were made and the risks they entailed. The industry who makes use of 

continuous processing operations had been subjected to and exposed to these 

respective technologies since 2011 to date respectively (Kagermann & Wahlster, 

2022). To use technologies and convert them into a sustained competitive advantage 

and good strategic positioning, organisations needed to further enhance their 

leadership-driven strategies that incorporate employee-AI collaboration (human-

centric) and are governed to ensure objective-driven decisions are made to achieve 

the organisation's production goals. 

Continuous processing operations had already been revolutionised by Industry 3.0 

(Third Industrial Revolution), which automated manufacturing sites through control 

systems (PLCs and SCADA), thereby improving efficiency, resource utilisation, and 

product quality. Industry 4.0 was a strategic set of technologies designed to merge 

the physical and digital environments to increase operational productivity and 

efficiency (Frank et al., 2019). Industry 4.0 was characterised by various advanced 

technologies such as IoT, IIoT, AI, cyber-physical systems, autonomous robots, and 

machine connectivity, which together create smart factories (Frank et al., 2019; 

Kagermann & Wahlster, 2022; Koh et al., 2019; Zheng et al., 2020). Automation and 
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connectivity went hand in hand, providing employees or teams with real-time data for 

analysing anomalies and errors in production (Frank et al., 2019).  

This provided organisations with improved efficiency, better product quality, and 

uptime through better resource use. Technology advancements also enabled 

engineers to deploy specialised equipment to extract operational data and implement 

automated triggers to optimise online tasks, reducing production errors and 

downtime (Xie et al., 2024). Because time was critical in continuous processing 

operations, automation and coding executable instructions could introduce latency. 

Automation models could also cause system failures that, when cascaded, could 

bring the whole plant down and raise safety and compliance concerns.  

This illustrated that human oversight was imperative and essential (Dican, 2025; 

Frank et al., 2019). Without human oversight or employee-AI collaboration to govern 

and add experienced insight to decisions made by technologies or tools, the Industry 

paradigm technologies would create more risks. 

Although Industry 5.0 evolved from the principles established by Industry 4.0, it 

represented a shift in DT toward manufacturing practices that promote long-term 

goals and sustainability, employee value, and organisational resilience (Ghobakhloo 

et al., 2024; Merchán-Cruz et al., 2025; Xu et al., 2021). Xu et al. (2021) further noted 

that Industry 5.0 aimed to deliver value for societal objectives and goals.  

The human-centric pillar of Industry 5.0 has shifted the focus to the needs of 

operators/employees, placed them centrally within the production process, and 

created financial benefits for leaders as their employees developed new skills and 

assumed new responsibilities (Ghobakhloo et al., 2024; Xu et al., 2021). These new 

skills could equip employees to make specific, accurate decisions for correction or 

operational optimisation and look to upskill and create jobs.  

Although many studies noted the benefits of both Industry 4.0 and Industry 5.0, 

adoption levels remained low due to a lack of expertise, knowledge and impacts, 

which led leaders to struggle (Bhandari et al., 2020; Gaffley & Pelser, 2025). These 

struggles, or barriers, have caused leadership strategies to fall behind global 

standards (Mayer et al., 2025). Mayer et al. (2025) stated that workforce investments 

and reskilling of resources provided far greater returns in terms of organisational 

positioning and competitive advantage than technology replacements. This 
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ultimately resulted in improvements in operational performance and sustained 

enhancements to production processes and product quality.  

The aspect of an organisation having proposed or implemented technologies to 

achieve complete automation in hopes of eliminating issues that employees could 

bring did not guarantee that objectives would be met and, in fact, led to systems 

being less monitored and reduced efficiency due to increased downtime (Raisch & 

Krakowski, 2021). The constant operation, non-stop processing, would expose 

operational issues that, if gone unchecked, would be detrimental to operations 

(Zheng et al., 2020). Several authors had argued that effective employee-AI 

collaboration, enabled and driven by leadership, might have yielded performance far 

greater than that of a fully automated system. 

Industry technologies were essential but required organisational leaders to drive 

employees to collaborate effectively and efficiently to leverage their inputs and make 

safe, accurate, and ethical decisions that meet requirements (Frank et al., 2019). 

Organisations that continued to rely on outdated technologies or pure automation 

might have faced risks and missed opportunities, damaging their operations and 

increasing costs. 

Leaders who governed digital technologies and supported a human-centric, 

collaborative stance would secure competitive advantages and eliminate potential 

risks (Ghobakhloo et al., 2024; Kagermann & Wahlster, 2022), while also managing 

controlled collaboration mechanics and growing employee confidence. In a 

continuous processing operation, impacts or benefits occurred within the workspace 

environment, where employees engaged with and collaborated on AI systems under 

high stress and pressure, with high-level safety, compliance, and quality 

requirements, and where processes run continuously. An important concern raised 

in the literature was how employees were expected to collaborate with these new AI 

technologies to achieve the best results. Yet there is minimal guidance for leaders in 

continuous processing operations on translating Industry 4.0 and 5.0 technology 

advancements into practical, day-to-day support for frontline employees, setting the 

stage for the next section.  
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2.3  Employee-AI collaboration in decision-making 

AI technology integrations have transformed the decision-making process and have 

altered employees' cognitive processes within organisations. Traditionally, 

employees relied on models such as the rational decision model, the bounded 

rationality model, or intuitive or analytical decision-making approaches (Dican, 2025). 

However, recent studies indicated that employees increasingly used and relied on AI 

tools to assist them or make decisions for them. While employee decision-making 

was generally slow and error-prone, it offered strong contextual understanding. 

Conversely, AI systems provided fast, data-driven insights but lacked contextual 

depth because of the data available. This underscored the importance and value of 

employee–AI collaboration in achieving the best possible decision to meet 

operational and organisational objectives. 

To ensure effective collaboration, organisation leaders needed to understand the 

dynamics and functions of human-AI teams (HATs). HATs had emerged as an 

important mechanism for collaboration/integration among AI systems within human 

teams and, according to studies, were perceived as more of a team member than a 

threat (Schmutz et al., 2024). This view illustrated the importance of collaborative 

intelligence, which was crucial for integrating human sense-making and contextual 

understanding with machine and process data, especially in the high-risk, process-

sensitive continuous processing operations. Also, the level and consistency of 

outcomes delivery from HATs were determined by their team design and their 

interpretability. 

AI systems used for decision-making could either have augmented or replaced 

employee decision-making (Duan et al., 2019). In AI-augmented decisions, the AI 

technology or tool mined data, produced an output that is analysed, interpreted, and 

justified, and was then actioned by an employee, resulting in improved employee 

productivity and enhanced decision-making skills (Pathirannehelage et al., 2024; 

Raisch & Krakowski, 2021). HATs were shown to improve employee work speed and 

fault-finding capabilities, which led to first-time-right decisions when trained to use 

and interpret AI recommendations (Blaurock et al., 2024; Dubey et al., 2020).  

Despite these benefits, organisations faced challenges in providing employees with 

difficult-to-interpret reasoning outputs and unpredictable outcomes, and varying 

degrees of employee resistance may arise. These have been highly noticeable in 

continuous processing operations, where safety and compliance are crucial. 
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Consequently, this has prompted leaders to invest in building augmentation skills and 

interpretation practices to help employees overcome such challenges (Raisch & 

Krakowski, 2021). Leadership practices that pair frontline employees with 

explainable AI tools, together with specific process-scenario training, can be utilised 

to mitigate interpretation gaps. 

A practical example of AI augmentation was the collaboration with chatbots or virtual 

assistants, which, according to Le et al. (2024), were akin to digital employees that 

frontline human employees need to collaborate with to perform specific tasks. Mayer 

et al. (2025) noted that employees had been utilising AI systems in their work and 

firmly believe that a change is on the way that would impact their job responsibilities. 

Employees also engaged with AI system outputs to leverage data, reports, and 

trends, which had enabled them to predict customer demand and the actions needed 

to ensure customer needs are met.  

Moreover, Industry 5.0 tools such as immersive environments and digital twins had 

helped frontline employees become more familiar with production processes, 

facilitated sandboxed development zones for practice, innovation, and testing ideas 

without disrupting live operations (Lu et al., 2020). These tools were frequently 

associated with accelerated learning, deepening process understanding, and shifting 

employees/operators from passive to active technology users.  

In contrast to augmentation, substitutive AI was intended to replace employees in 

their jobs or to take over their decision-making responsibilities. While some may 

argue that investing in workforce augmentation was futile and that substitution will 

yield greater efficiency, evidence showed significant risks, including erosion of ethical 

reasoning, reduced process awareness (Strich et al., 2021), negative effects on 

workforce morale, and increased unemployment.  

Strich et al. (2021) further noted that substitution would completely eliminate the need 

for employees to make or contribute to decisions, threaten jobs, alter role 

responsibilities, and diminish trust and loyalty to the organisation. From an Industry 

5.0 perspective, full substitution ran counter to its goals, societal objectives, and 

human-centric approach, and poses risks to the organisation and the economy. 

Recognising the risks, studies prompted leaders to adopt TL strategies and practices 

to govern the use of AI technologies. These strategies included fostering 

psychological safety, providing support, clarifying AI roles and the boundaries 
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between employees and machines, and ensuring employees have ongoing oversight 

and input into critical decisions (Schmutz et al., 2024). Leaders also needed to lead 

by example, sharing their own experiences together with their challenges, and 

establishing open dialogues to clarify the benefits of AI insight decision-making 

(Mayer et al., 2025) 

The TL dimension of individualised consideration refers to an employee-specific 

need that builds trust and fosters confidence in utilising AI technologies. Such 

mechanisms enabled leaders to extract the best from employees and AI technologies 

while making high-quality decisions that align with the organisation's needs. Leaders 

needed to go further and explicitly communicate the purpose and limitations of AI, as 

well as the safeguards implemented for ethical decision-making and for monitoring 

employees' well-being in any intended or unintended use of substitution (Strich et al., 

2021).  

Studies showed that organisations sought to make full use of available technological 

advancements to achieve improved efficiency, competitive advantage, and 

operational resilience. In the case of continuous processing operations, this led to an 

increased decision-making complexity, making employee-AI collaboration essential 

for success (Blaurock et al., 2024). However, the recent literature has offered limited 

guidance on how leaders could efficiently sustain employee-AI collaboration in 

practice. Most studies emphasised the use of augmentation and human oversight, 

yet seldom explained or illustrated how these leaders enable practice under the 

stresses and high pressures within the operational contexts. 

2.4   Leadership theory and practices for AI-employee collaboration  

2.4.1 Transformational Leadership  

Various studies in the literature showed that organisations were rapidly embedding 

AI technologies across their departments, making traditional leadership practices 

ineffective at driving their teams to meet organisational objectives. This has forced 

leaders to adapt and evolve their strategies to manage and support both new 

technologies and the ways their employees will collaborate with them (Madanchian 

et al., 2024), particularly amid the high demand and stakes of continuous processing 

operations. 

TL theory illustrated a structure that enabled leaders to reshape an employee’s 

behaviour to effectively work in the complex environment of continuous processing 
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operations and meet their respective organisational demands (Siangchokyoo et al., 

2020). This leadership style not only sought to change behavioural patterns but also 

to influence actions that enabled an employee to go beyond their beliefs towards a 

vision created by their organisational leaders (Hansen & Pihl-Thingvad, 2019). This 

was supported by Jackson (2020) and Odugbesan et al. (2022), who added that, 

once implemented, this TL had led to changes in employees' attitudes, interests, 

values, and beliefs.  

Hansen and Pihl-Thingvad (2019) also highlighted that this type of leadership aimed 

to motivate its workforce through alternative means of communication rather than 

utilising coercive power. TL could be seen as intimidating, with the leader ignoring 

others' ideas and focusing solely on their own vision. However, authors argued that, 

through adequate communication between the leader and followers, these 

challenges could be overcome.  

As the respective Industry paradigms changed, continuous processing operations, 

key leadership skills, and an understanding of digital technologies became 

paramount for accurate, safe, and high-quality decision-making (Hanelt et al., 2021). 

This illustrated the need for TL as a strategy for ensuring employee-AI collaboration 

through its four leader dimensions (Siangchokyoo et al., 2020), as it aligned well with 

emerging  AI-powered leadership and digital leadership behaviours, which could help 

leaders attain control and governance (Aziz et al., 2024), transforming the industrial 

paradigm capabilities into improved employee decision-making trust and 

collaboration (Ghobakhloo et al., 2024; Xu et al., 2021). This illustrated TL as a 

mechanism for leaders to convert technological learning and use it to ensure that 

employees make safe, ethical, high-quality decisions, as leaders had realised that, 

regardless of the technology implemented, decisions were still made by employees. 

The four leadership dimensions of TL were crucial for implementing or adopting AI 

technologies that employees needed to collaborate with to make decisions and 

commit to the organisation's operational objectives. The inspirational motivation 

dimensions of TL encouraged employees to leave behind their beliefs and focus on 

their leader's vision. This shared vision creates an openness towards employee-AI / 

HAT collaboration, resulting in enhanced operations, data-driven decision 

improvements and process improvements (Siangchokyoo et al., 2020; Tu et al., 

2022). Similarly, the idealised influence dimension, whereby leaders illustrated 

models of moral standards, discipline and ethical conduct through charismatic traits. 
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These behaviours help set AI boundaries on how employees should use AI systems, 

discouraging them from relying on AI systems for shortcuts without adequate 

thought, or simply to improve process and operational efficiencies (Buil et al., 2019; 

Tu et al., 2022). 

Leaders who made use of the transformational dimensions of intellectual stimulation 

and individualised consideration were positioned to assist employees with the 

collaboration of the new AI systems, together with having control of the decision-

making process (Siangchokyoo et al., 2020). This control was vital under the high 

demands of continuous processing operations, where decisions had to be made 

quickly in collaboration with AI that reports data, rather than having AI control the 

processes. 

Given the nature of continuous processing operations and the dangers of the 

processing environment, an employee's ability to adequately diagnose, evaluate, 

and interpret the causes of problems was central to their duty and required constant 

oversight in order to sustain a continuous operating environment (Wang et al., 2024; 

Zheng et al., 2020). Full reliance without human oversight, or blind reliance on AI 

outputs without employee analysis, would increase operational risk, as automation 

has limits and requires human interaction/augmentation (Raisch & Krakowski, 2021; 

Schmutz et al., 2024). 

The use of intellectual stimulation, whereby leaders implemented practices that 

encouraged employee innovation and creativity, allowing a break from traditional 

practices and a chance to question and challenge received ideas. This allowed 

employees not to accept AI decisions at face value but to always critically evaluate 

outputs (checking for AI output errors), thus balancing the paradox of automation and 

augmentation, ensuring employees have oversight and the right to make decisions 

on critical operations (Aziz et al., 2024; Buil et al., 2019; Ghobakhloo et al., 2024). 

Generally, employees possess more experience and process contextual knowledge 

than AI systems. Building on the section 2.3 highlights of individualised 

consideration, which relate to trust and confidence in employee-AI collaboration, this 

is further elaborated in section 2.5. 

TL promoted the use of explainable tools. Before using AI-generated output, 

employees had to ensure that the AI system or model to be used has been made 

available and understood, demonstrate understanding by explaining the AI output, 
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and then acted on it. This routine enabled decision ownership, accountability, and 

trust (Meske et al., 2022). This was complemented by the TL’s idealised influence 

dimensions, whereby governance boundaries determined human-in-loop decision 

rights, including process-line authority (stopping, starting, or adjusting line 

processes) and procedures for raising concerns about the AI system. The use of TL 

has promoted post-query learning loops and decision reviews (AI and employee 

checks of processed outputs), resulting in the greatest gains through employee-AI 

collaboration and improved respective HAT dynamics. 

AI capabilities, which refer to the AI emulation of a human’s cognitive functions, had 

their highlighted value once embedded in processes and workflows, illustrating 

newfound performance gains for organisations rather than being a standalone tool 

(Enholm et al., 2022). TL’s attributed appeared to prioritise this capability building, 

which further illustrated the benefits of AI adoption over performance outputs. 

Embedding of AI within processes without proper communication, role responsibility, 

and documentation could result in process errors. Under TL, leaders assigned 

accountability, defining who made the decision and who was responsible. TL also 

governed AI boundaries. In continuous processing operations, a high level of 

automation is present, and thus embedded AI systems need to be governed to avoid 

substitution for critical systems and to incorporate augmentation for ethical reasoning 

and employee oversight (Raisch & Krakowski, 2021; Strich et al., 2021).  

The use of TL puts leaders in a position to implement change, creating a fostered, 

inclusive, and innovative environment that protects the fairness and dignity of AI use, 

thereby supporting AI adoption and resulting in successful employee-AI 

collaboration. This environment created by transformational leaders was shown to 

reshape and enhance an organisation's performance and competitiveness 

(Odugbesan et al., 2022). However, Blaurock et al. (2024) cautioned that the 

potential over implementation of AI systems could have negative implications and 

required leaders to exercise caution in the level of AI implementation.  TL offered 

leaders a strong option in how leadership could better align strategies and ideas to 

employee-AI collaboration in enhanced decision-making skills.  

In addition, TL could influence employee behaviours through operational modelling. 

Leaders utilised the dimension of idealised influence by demonstrating how AI should 

be used within their workflows and also by leading by example or setting examples 
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that employees in continuous processing operations would experience (López-

Cabarcos et al., 2022). By highlighting to employees how to interpret AI outputs and 

validate data in operational decision-making, this practical guidance aligned with 

intellectual stimulation, which promoted and challenged employees to think, 

question, and challenge assumptions, and led them to observe structured decision 

pathways (Siangchokyoo et al., 2020). Such leadership behaviour also helped 

improve and support employee confidence and trust in AI technologies, as leadership 

modelling strengthened explainability practices, reduced doubt, and promoted 

encouragement, which aligned with HATs ( Meske et al., 2022; Schmutz et al., 2024). 

This modelling allowed leaders to outline and clearly clarify boundaries, establish 

operational norms, facilitate psychological safety, whereby employees were free, 

supported, empowered and felt confident with utilising AI technologies for the 

purposes of making critical decisions and using AI responsibly (Glikson & Woolley, 

2020) 

2.4.2 Transactional Leadership (TR) 

 While TL was noted for highlighting empowerment, encouragement, support and 

ethical purpose (Begum et al., 2021), in contrast to Transactional Leadership (TR), 

which was focused on the self-interest of employees through respective reward 

exchanges and sanctions (poor performance or non-compliance penalisation) 

(Hansen & Pihl-Thingvad, 2019; Nielsen et al., 2019). The TR used in continuous 

processing operations was aimed at enforcing compliance and traceability, such as 

meeting production quality targets, and at auditing the respective project or 

maintenance documentation, signed together with instrumentation calibration 

documents, in checking regulatory emission compliance. TR's use of “active 

management by exception” (Nielsen et al., 2019, p. 11) reduced and corrected 

deviations as soon as possible, thus safeguarding operational boundaries and 

created a level of standardisation, shortening documentation approvals (minimising 

sign-offs).   

Employee training in TR was either refresher training or training to meet minimum 

certification requirements. TR was aimed at meeting short-term goals, whereas TL 

training focused on long-term goals of enhancing employee capabilities and 

intellectual stimulation. This is where TL stood out, as it focused on long-term goals, 

built trust, motivated and inspired employees to be more innovative and develop new 

skills and abilities (Begum et al., 2021).  
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TR’s strict standards of compliance left little tolerance for variance in continuous 

processing operations, which could have led employees to feel unable to sense-

check and reduced psychological safety, if the environment did not allow for 

outspoken ideas or challenging AI outputs. In the contextual arena of innovation, TR’s 

reward/penalty logic could deter employees from utilising explainable tools and 

experimentation, thus limiting the employees' understanding, leading to either full 

use or misuse of AI systems due to understanding, trust and learning issues (Aziz et 

al., 2024; Enholm et al., 2022; Glikson & Woolley, 2020). TR ensured employees 

used the required AI systems, but it does not necessarily promote growth or further 

understanding/interpretation of AI system outputs. This must be led by TL through its 

explainable and challenge processes.  

TR adhered to the respective efficiency and performance targets, with no set 

boundaries for automation. When targets were not met, TR might have opted for 

substitution, reducing ethical concerns; hence, TL’s alignment for augmentation, 

ethical reasoning, and boundary conditions outweighed TR's in decision-making 

(Raisch & Krakowski, 2021; Strich et al., 2021). TR attained employee actions and 

behaviour changes through incentives (mostly monetary), whereas TL attained 

mindset changes, behaviour changes, and more by providing meaning and ethical 

commitments (Buil et al., 2019; Nielsen et al., 2019). 

TL employed at an organisation was not merely about emphasising the vision or 

being inspiring or motivating, but also about fostering trust, providing clarifications 

and encouragement (Buil et al., 2019). In the examination of the TL and TR, the 

contrast and support of either style of leadership, it was evident that the long term 

effects and benefits of TL provide leaders and employees with some guidance on 

implementing and utilising AI technologies and tools and thus driving employee-AI 

collaboration within continuous processing operations in attending to high pressure 

and critical processes, which lead us to the research question two. 

2.5   Empowerment, Psychological Safety, and Decision Confidence  

Mayer et al. (2025) highlighted that employees were more familiar with AI 

technologies than originally noted by organisational leaders, suggesting a potential 

challenge for either leadership or organisational support regarding AI adoption and 

use of AI systems. This temporarily shifted the focus to the creation of an 

environment that was suitable for employees to feel both empowered and safe when 
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collaborating with AI systems. TL, as discussed in section 2.4, fostered psychological 

safety and autonomy, thus promoted confidence in AI system usage. 

In continuous processing operations, employee empowerment and psychological 

safety were mandatory operational conditions that have been crucial to facilitating 

accurate, ethical decisions made at the right time to ensure process continuity. As 

noted in section 2.4.1, when leaders allowed employees to be able to interpret, 

challenge and escalate AI outputs, it improved employees' confidence and decision-

making, which has allowed employees to overcome any process irregularities or AI 

output conflicts and resulted in employees taking accountability for their decisions 

and also facilitated continuous improvement (Glikson & Woolley, 2020; Meske et al., 

2022).  

TL support for an inclusive environment could facilitate employee-powered site 

evaluations, in which leaders and employees work together to identify process risks, 

AI system recommendations, and safety parameters, thereby ensuring built-in 

situational awareness and AI system confidence. As noted in section 2.3, the use of 

Industry 5.0’s immersive and digital twins also enabled sustained performance from 

such tools as redesigning employee capacity and capability routes build trust and 

confidence in using new technologies through training and practice prior to live 

deployment of respective decisions (Lu et al., 2020). To ensure appropriate use and 

avoid misuse (over-reliance) of AI systems, leaders could calibrate them to ensure 

the AI system's capabilities are adequate, thereby fostering high levels of trust 

between employees and the AI system (Glikson & Woolley, 2020). 

To further implement trust and confidence, and in correspondence to TL 

individualised consideration, leaders achieved this by ensuring improved skills and 

expertise of their employees through imparted knowledge, trade secrets, training, 

scenario-based training / on-the-job training, coaching and facilitating one-on-one 

growth potential and understanding (Buil et al., 2019; Siangchokyoo et al., 2020). 

The involvement of leaders so close to their employees, together with catering to 

dimensions of cognitive trust such as system reliability, transparency, and tangibility, 

had allowed employees to feel safe enough to escalate problems, challenge outputs, 

and make critical decisions when necessary (Glikson & Woolley, 2020).  

Magasi (2021) supported this and highlighted that the TL dimensions of intellectual 

stimulation could be used to incite employee empowerment and confidence when 
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collaborating with AI systems. Magasi (2021) also noted that leaders could build 

confidence and empowerment by delegating authority and providing more 

responsibilities, which challenged employees, promoted ownership of tasks, and built 

teamwork by fostering team cohesion and support for employees. However, instilling 

empowerment could not be sustained without providing employees with the training 

and support they request (Mayer et al., 2025). Without this, employees would feel 

disempowered or hesitant to collaborate with AI systems to make decisions, which 

might have led to product or machine failures in continuous processing 

environments. Although empowerment has been widely recognised in various 

studies, it rarely specifies how leaders could support and build these conditions for 

AI data-driven decision-making in continuous processing. 

2.6    Risks, Barriers, and Enablers of Employee–AI Collaboration  

The exposure of employees to new technologies or the implementation of new 

technologies in a workplace environment has always introduced some degree of risk 

and barriers. Such as socio-technical risks, which include data issues arising from 

equipment, technical issues (system flaws or intermittent failures), employee 

competence, and lack of explainability and transparency. Other barriers noted were 

cost uncertainties (Mayer et al., 2025) and trust issues: if employees allowed a 

substitute decision-making AI system into their work environment, this could have 

resulted in the replacement of either part of their responsibilities or their jobs entirely 

(Strich et al., 2021).  

System flaws or outdated AI models could cause errors, leading to ongoing conflict 

between employees and the AI system's output (Meske et al., 2022). Adequate 

lifecycle and system monitoring had to be in place to mitigate employee-AI 

collaboration trust aspects. Furthermore, system usability and interface could pose 

significant risks and reduce employee-AI collaboration, as employees might have 

deemed the system too difficult to use or reported high stress or cognitive load during 

its use (Schmutz et al., 2024). 

These findings corroborated employee resistance and highlighted their fear of losing 

their jobs or being deskilled (Berente et al., 2021). Berente et al. (2021) also stated 

that the challenges managers face in implementing AI into processes, such as safety, 

security, discrimination, and bias, required careful attention. As highlighted in section 

2.2, Blaurock et al. (2024) cautioned against excessive implementation and negative 
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consequences. These outcomes could lead to an over-reliance, which could diminish 

employees' thought processes and judgments regarding AI use. 

Although employee-AI collaboration presented barriers and risks,  several enabling 

strategies could promote the adoption of these systems. Koh et al. (2019) 

emphasised that employees needed adequate training and education in AI 

technologies to work confidently. Leaders could engineer enablers to mitigate risk by 

increasing the use of immersive technologies, conducting system audits, and 

implementing AI governance policies, which would have allowed employee AI 

collaboration to be more robust, faster, and auditable, ensuring compliance and 

alignment with ethical considerations (Papagiannidis et al., 2022).  

Another enabler is user-centred design, whereby systems were shaped around the 

employee/ processes, user workflow and workspace needs. This promotes daily 

interaction and connects AI systems to employees, thereby improving usability. This 

design aligns closely with the Industry 5.0 human-centric ideals for creating 

employee confidence and safety in industrial settings (Ghobakhloo et al., 2024; Xu 

et al., 2021). Training alone has been noted to be insufficient to fully grasp the AI 

objectives that need to be achieved. Therefore, simulations should be used to further 

illustrate the desired outcomes. Even though enablers have been present, literature 

offers limited information and guidance on how leaders could design and implement  

strategies that would mitigate risks and barriers while activating enablers. This led 

the research on to research question three. 

2.7    Leadership perceived support by employees  

The manner in which employees perceived the support they received from their 

leaders or the organisation was one of the main drivers of employees' engagement 

with AI systems and could determine the success of technological adoption. Leaders 

who encouraged inclusive coworker support, direct supervisor support, challenged 

employees by delegating meaningful tasks, and empowered them have been 

attributes that employees respond well to, making collaboration within systems safe 

and purposeful (López-Cabarcos et al., 2022). 

Employees also reacted well to leaders who employed the TL style, as they 

demonstrated honesty, showed care for their employees’ concerns and needs, built 

trust, facilitated transparency by providing clear direction for AI system use, and set 

boundaries (Ångström et al., 2023; Buil et al., 2019; Magasi, 2021). This leadership 
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created a special bond between the leader and employee, enabling the employee to 

feel motivated and confident when collaborating with AI systems to make informed 

decisions in the high-demand, continuous-processing operational environment. 

Leadership that highlighted immediacy behaviours, such as responding promptly to 

employee issues, demonstrated perceived respect for employees and the matter at 

hand, while enhancing psychological safety (Glikson & Woolley, 2020). Leaders who 

praise employees for their good decision-making, either publicly or within the team 

setting, have been shown to improve confidence, highlight their critical thinking and 

analysis of AI outputs, and complement their intellectual stimulation (Siangchokyoo 

et al., 2020).  

The inclusion of employees in the creation and implementation of AI systems to suit 

their needs, through interface design considerations, was perceived as empowering 

and supporting them as part of the system rather than just a user. The review 

highlighted above correlated to research question one and will be further examined 

in later chapters. 

2.8    Conclusion 

The literature review had highlighted the importance of TL in facilitating employee-AI 

collaboration to enhance decision-making within the complex environment of 

continuous processing operations. While existing literature highlighted the insights of 

leadership, leadership practices, AI collaboration and employee perspectives, a gap 

in leadership practices that needs to be answered, which highlights how leaders 

would empower, equip and show support to their employees to collaborate with the 

AI technologies to achieve enhanced decision-making in the continuous processing 

operational environment. 

Thus, this led to the research question (RQ): (RQ1) What is the employee 

perspective on leadership support for engaging with AI systems, and what is the 

effect on employee decision-making confidence and effectiveness? (RQ 2) How can 

leadership practices be created and sustained in a collaboration of AI systems for 

employees for decision-making enhancement? (RQ 3) What are the risks, barriers 

and enablers of empowering and equipping employees to make decisions in 

collaboration with AI systems in this environment?  
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3. Research Questions 

This research study comprises three research questions that aim to answer the 

overarching question and guide the exploration of leadership strategies and practices 

to empower, equip, and support employee-AI collaboration within continuous 

processing operations. The gap identified in the literature informed the creation of 

the research questions, where it was highlighted that there is a need for better 

support for leaders in shaping their leadership strategies and practices to ensure and 

enable effective collaboration between employees and these new technologies to 

enhance decision-making and to make the most of their organisational investments. 

The South African workforce has been increasingly exposed to AI technologies, 

leading employees to be eager to grow and upskill in these technologies (Staff 

Reporter, 2025). To maximise this opportunity, leaders need to demonstrate a 

combination of workplace support and leadership practices that will significantly 

influence employees' confidence in using AI technologies and tools, resulting in 

enhanced performance (López-Cabarcos et al., 2022). Lopez-Cabarcos et al. (2022) 

further add that TL is an important variable in making the most of the opportunity. 

However, as highlighted by Magasi (2021), to enhance employee performance, leaders 

need to empower and create environments that foster confidence in utilising the 

resources provided.  

Empowering and fostering an environment is just one aspect. Employees need to be 

exposed and trained in a manner that promotes trust, confidence and guidance. Mayer 

et al. (2025) highlight that leaders are not meeting the needs of employee support. This 

indicates a gap in leader-driven training and support for employees, underscoring the 

need to understand employees' perceptions and perspectives through their lived 

experiences, as well as their thoughts. This gives way to the following question: 

 

 

 

 

Understanding the employee's perceptions leads leaders to revisit their leadership 

practices to be prepared to sustain effective and efficient collaboration with AI 

technologies and tools at all times. Siangchokyoo et al. (2020) emphasise the four 

Research Question One: 

What is the employee perspective of leadership support with engaging with AI systems, 

and what is the effect on employee decision-making confidence and effectiveness?  
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leader dimensions of TL, which create an environment of trust and innovation that 

leaders can use to trigger motivated action aligned with employees' way of working.  

Although this is a direction for leaders to follow, Madanchian et al. (2024) note that 

the incorporation of these technologies has necessitated adapting, changing, and/or 

making more flexible traditional leadership models to keep pace with ever-changing 

technological advancements in organisations. However, changes or adaptations to 

leadership models must incorporate ethical considerations, as the influx of data-

driven decisions requires leaders to reinforce current strategies and practices to 

support continuous processing operations. This results in the following research 

question: 

  

 

 

 

The creation of new leadership strategies introduces new challenges; existing 

literature underscores the complexity of empowering, equipping, and supporting 

employees to collaborate with new technologies. Mayer et al. (2025) call for training 

and highlighting the underutilisation of resources, which leads leaders not to move 

forward in the face of respective barriers, challenges, or concerns. Although Koh et 

al. (2019) mention that training will facilitate successful integration and ease of AI 

technology use, Berente et al. (2021) emphasise that dealing with AI technologies is 

difficult because it is constantly evolving and reveals new capabilities of computing 

systems that aim to emulate human intelligence.  

Due to its rapidly evolving nature, AI technologies pose risks and safety concerns, 

as organisational leaders would not want a software implementation in their systems 

to provide incorrect or invalid data that could bring disrepute or cause harm to others.  

This leads to the final question noted below: 

  

 

 

 

Research Question Two: 

How can leadership practices be created and sustained in a collaboration of AI systems 

for employees for decision-making enhancement?  

Research Question Three: 

What are the risks, barriers and enablers of empowering and equipping employees to 

make decisions in collaboration with AI systems in this environment?  
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This question will dive into the risks and barriers that face organisational leaders 

during implementation, empowering and equipping employees to use AI, as well as 

identifying what they deem to be enablers. These enablers will be sought and 

compared with literature insights, such as López-Cabarcos et al. (2022) support for 

supportive environments, Magasi (2021) call for open communication, more in-depth 

training, and others.  

The research methodology that was developed and used is explained in the next 

chapter in relation to answering the research questions.  
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4. Methodology 

4.1. Introduction 

To answer the previously discussed research questions, the researcher employed a 

qualitative research method. This type of research explored the South African 

industry utilising continuous processing operations to understand leadership 

strategies that foster employee-AI collaboration to enhance decision-making. All data 

collection was conducted through semi-structured interviews with organisational 

stakeholders tasked with making decisions. 

All collected data were analysed, segregated, and collated into themes, with sub-

themes, thereby breaking down complex themes. The use of respective types of 

triangulations was used to ensure adequate quality control and validity of the 

research. Research limitations, together with ethical considerations, have been 

considered and are detailed further on.  

4.2. Choice of methodology/research methodology and design 

The advancement of technology over the years has led to more organisations 

integrating and implementing AI systems across various parts of their organisations, 

thereby affecting both leadership and followers (Aziz et al., 2024). To answer the 

main research question, bearing in mind that leaders and employees are consistently 

exposed to different types of technologies, technologies at various stages of 

development, and industry requirements, the researcher employed interpretivism to 

explore and obtain answers. Interpretivism focused on understanding subjective 

opinions and experiences and on viewing things from their perspective (Goldkuhl, 

2012).  

This allowed the researcher to explore by listening and to understand how 

participants interpreted their experiences and behaviours. It also explored how they 

developed their strategies for collaborating with AI systems to enhance decision-

making efficiency. The researcher also engaged with the respective leaders and 

employees to further understand their perspectives and experiences by asking 

follow-up questions and, at times, breaking down questions when they received 

concise responses, all while remaining open to further discussions and knowledge. 

The interpretation of participants' perspectives led the researcher to adopt a 

phenomenological strategy, specifically hermeneutic phenomenology. This strategy 

enabled the participants chosen for the study to share their lived experiences with AI 
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technology, as well as their observations of such technologies being incorporated 

into their work areas. However, it was noted that not all participants interviewed are 

free from their respective biases and that their backgrounds influence their views 

(Neubauer et al., 2019).  

This led the researcher to adopt an inductive approach to the study. This allowed the 

researcher to uncover truths that may not be directly linked to a stated theory, while 

also illustrating transparency and trustworthiness during data analysis (O’Kane et al., 

2021). The analysis process was documented to maintain transparency. Relatedly, 

trustworthiness looked to establish the quality of the research, ensuring that the 

researcher understood the key concepts of leadership within the continuous 

processing operation environment. The researcher would also need to understand 

what the data actually meant, providing sufficient detail for replication, removing all 

biases and avoiding personal opinions. The researcher would need to provide a 

factual, fair analysis and clear explanations that help understand other relevant 

scenarios.  

This type of approach is associated with qualitative research methodology, which is 

a bottom-up approach that allows the researcher to analyse raw data from in-depth 

interviews with participants and derive themes, models, or concepts (Thomas, 2006). 

Thomas (2006) highlights the general procedure of how an inductive approach is to 

be followed, as follows: the condensing of data ( taking the raw data and creating 

themes/ groups), identifying links between the analysed data, and thereafter making 

use of the data to create a framework of which, the researcher will look to create a 

contribution to existing leadership frameworks. 

The qualitative study was conducted to gather rich, contextual insights from leaders 

who have driven AI technologies, together with employees, in the adoption of AI in 

their workspaces, and to examine the support they received from leaders.  

Organisations have implemented diverse AI technologies and tools to meet their 

unique needs, and rapid advancements have led to limited academic research and 

guidance on the leadership capabilities required to navigate AI-employee 

collaboration (Frangos, 2022). Furthermore, Ångström et al. (2023) found that many 

AI initiatives fail or face significant challenges, which underscores the need to 

understand social dynamics. Sutton and Austin (2015) note that qualitative research 

explores experiences, thoughts, and the understanding process, which quantitative 

studies cannot achieve. This supports the use of a qualitative approach, as it has 
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provided depth and flexibility in how leaders have ventured, navigated uncertainty, 

and prepared their employees to leverage AI technologies and tools to enhance their 

decision-making.  

Given the time constraints of this research, only one methodology will be used, so 

the mono method is chosen. This method is ideal for providing insights and allowing 

the researcher to focus on the leadership objectives aimed for the timeframe relevant 

to this study, which is accessible to the interested researcher in late 2025 and early 

2026. Due to the researcher's limited time, all interviews and data analysis were 

completed within a brief period. This provided a snapshot-style view (Kaplan, 1997) 

of the interviewed participants' experiences and perspectives, thereby supporting the 

use of a cross-sectional approach, which focuses on data gathered at a single stage 

in the research process. During this snapshot, data were collected from multiple 

participants, including males and females from different generations and 

backgrounds. The research outcomes are only relevant to the year in which the study 

was conducted.  

4.3. Population / Universe 

The population is the entire set or group of pertinent individuals that a researcher 

would have access to or be interested in studying, as defined by Saunders and Lewis 

(2018). Organisations that utilise continuous processing operations operate across 

various sectors and are either part of a multinational organisation or a national or 

local organisation.  

Regarding the leaders and employees studied, they were all from the respective 

continuous processing operations organisations based in South Africa and had 

controlling access to them (in the case of a multinational organisation). The target 

population for this study regarding leaders was focused on organisational or 

divisional leaders who possessed sufficient power, authority, and influence to have a 

technological impact on an organisation and would be among the population 

employed for this study. Such leaders should include upper and middle-management 

leaders and decision-makers from their respective firms. They would have needed 

several years in a leadership role, and both male and female participants were asked 

to have a university degree. 

Regarding the target population for employees, this included both technical and non-

technical employees of an organisation who make basic or complex decisions within 
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their areas of work on a daily basis. All participants were South African residents and 

actively participated in the decision-making process. The participants were aged 25-

55 years. They were required to have some formal education, ranging from matric to 

degree level, and to have more than 3 years of experience in their careers. 

4.4. Unit of analysis 

For this study, two types of participants were interviewed: leaders and their 

subordinates/employees. The one type included senior managers, engineering 

managers, general managers, senior information technology managers, divisional 

heads, and senior technicians. The other type included junior technicians, 

supervisors, and skilled operators in the domains of technology and decision-making, 

which will serve as the unit of analysis. 

4.5. Sampling method and size 

For the sampling frame, the researcher focused on organisational leaders and 

employees involved in AI decision-making within their organisations. These 

individuals/participants have the necessary power, wisdom, and ability to add further 

insights into what has already been experienced, what the possibilities are, and how 

to improve the system from their experiences. 

Purposive and non-probability sampling were the sampling strategies used in this 

study. This methodology is employed in conjunction with qualitative research 

methodologies because there is no comprehensive list of all relevant individuals 

(Etikan et al., 2016). Due to time constraints of this research study, if a 

comprehensive list were made available, the time taken to obtain access and for 

them to make time would result in overshooting the research deadline. 

Professional networking sources developed over the years of work experience were 

used to gather the samples for this study. The researcher also employed the snowball 

sampling technique to attain more possible interviewees through the help of others 

(Naderifar et al., 2017). In some cases, the leader was asked to nominate an 

employee for the interview, and employees also reached out to their leaders to 

participate.  

A sample size of 19 was achieved due to the limited timeframe and organisational 

constraints, and the researcher also experienced a few participant rejections. The 

sample size was small but appropriate given the nature of the study, as it provided 

sufficient data and allowed the researcher to reach saturation, at which no further 
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new information can be obtained (Hennink & Kaiser, 2022). The table below 

illustrates the sample size of each participant type selected: 

Table 2: Sample size – Participant types for interviews 

Participant 

type 

Number of 

interviews 

Selection 

area 

Organisation work 

area 

Percentage of 

two types 

from one 

organisation 

Leaders 10 

Led AI 

initiatives/ 

adoption 

IT/Engineering/ 

Maintenance/ 

Operations 

88% 

Employees 

9 

 

Direct users 
Engineering/ 

Operations/Maintenance 
88% 

4.5.1 Data saturation 

Data collection was concluded as soon as all scheduled interviews with employees 

(nine) and leaders (ten) were conducted. The assessment of saturation followed the 

principles highlighted by Hennink and Kaiser (2022), whereby the researcher 

evaluates interview data from additional interviews to provide new insights, nuances, 

and perspectives on existing themes that have been exhausted. 

At identified points, no new insights, views, or experiences emerge, and the 

researcher sees the same patterns, explanations, and interpretations already 

captured in earlier data analysis, confirming that no further value can be gained from 

additional data collection. This expectation aligns with phenomenological research, 

in which depth of meaning is the key factor in determining saturation, not numerical 

sufficiency.  

4.6. Measurement instrument 

Interview guides derived from chapter three’s research questions were used to 

determine the semi-structured interview guides, which included a list of specific 

topics and questions to be discussed, and were the assessment tool utilised 

(Hammarberg et al., 2016; Saunders & Lewis, 2018). As this was a study of lived 

experiences, the questions were designed to provide an in-depth understanding of 

both leaders' and employees' experiences, so that the researcher could extract as 

many insights as possible. All interview questions were generated using insights from 
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the literature. Table three, below, illustrates where insights were attained to support 

the core interview questions. 

Table 3: Interview question guide  

Research questions 
Interview questions link to 

the literature 

Interview questions 

(Refer to annexures 2 and 

3) 

What is the employee 

perspective of leadership 

support with engaging with AI 

systems, and what is the 

effect on employee decision-

making confidence and 

effectiveness? 

(López-Cabarcos et al., 

2022);(Glikson & Woolley, 

2020); (Magasi, 2021); 

(Mayer et al., 2025); 

(Nelanti, 2024) 

(Schmutz et al., 2024) 

 

 

Annexure 3 

Questions: 

3;4; 5;6;7; 8;9; 

How can leadership practices 

be created and sustained in 

a collaboration of AI systems 

for employees for decision-

making enhancement? 

(Aziz et al., 2024); (Begum et 

al., 2021); (Madanchian et 

al., 2024); (Meske et al., 

2022); (Papagiannidis et al., 

2022); (Quaquebeke & 

Gerpott, 2023); 

(Siangchokyoo et al., 2020) 

 

 

Annexure 2 

Questions: 

3; 5; 6; 7; 8; 9;12 

What are the risks, barriers 

and enablers of empowering 

and equipping employees to 

make decisions in 

collaboration with AI systems 

in this environment? 

(Berente et al., 2021); (Koh 

et al., 2019); (Mayer et al., 

2025); (Meske et al., 2022); 

(Papagiannidis et al., 2022); 

(Strich et al., 2021) 

 

Annexure 2 

Questions: 

9 ;10; 11 

Annexure 3 

Questions: 

7; 10;11;12,13 

A consent form, a description of the research, the interview, and a thank-you note for 

the participant's time and knowledge were also included in the interview guide. To 

obtain more insightful information, the questions also included follow-up questions 

(Fossey et al., 2002). 



34 
 

The participants would either have participated in an online or in-person timed 

interview lasting between 30 and 60 minutes, entirely based on their availability. 

Before the interviews with the relevant individuals, a pilot interview was conducted to 

ensure participants understood what was being asked of them to collect the required 

data (Majid et al., 2017). 

4.6.1 Research type – Leaders 

Annexure two presents the final guide for the questions submitted to the respective 

leaders. These questions were aimed at exploring and understanding leaders' 

perceptions and the strategies they implement or plan to implement within their 

operations. The guide also looks to examine what support is in place, as well as what 

they deem to be challenges and risks. 

This interview underwent pilot testing by different individuals to ensure effectiveness 

and credibility, and was edited as required. Results from the pilot test of the 

information initially received from participants were reviewed to remove non-

essential questions and clarify others. The initial interview was included in the data 

analysis because of the useful insights provided by the participants. 

4.6.2 Research type – Employees 

Annexure three illustrates the final guide used for employees. Prior to each interview, 

each employee was made aware that their contributions would not be shared with 

their respective leaders if they had participated in the leader interview. These 

questions captured how employees viewed AI, whether they felt supported, what they 

deemed risks, and what they would want to improve to increase the use and 

confidence in these new technologies. 

These interviews were also piloted, and outcomes were evaluated and adapted to 

eliminate any misinterpretation and brief answers. Overlapping of questions served 

as a form of triangulation between sources  

4.7. Data gathering process 

As discussed in section 4.5, participants for the interview were recruited through 

personal networks and snowball sampling. Participants were contacted via mobile 

calls and emails, and referred participants were contacted via email. As soon as a 

participant agreed to participate, the researcher sent consent forms for their 

signature and an MS Teams meeting invite. This application provides an accurate 
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recording feature, which was used. All participants participated in an online interview 

using Microsoft Teams. This was because most participants were unable to attend in 

person due to their location, work commitments, or personal responsibilities.  

This is supported by Majid et al. (2017) and Saunders and Lewis (2018), who 

highlight that the interview site should be one where participants feel at ease, free to 

express themselves, and, most crucially, not bothered, since this can significantly 

affect participants' focus and momentum during the interview. The online platform 

enabled the researcher to reach out to participants across various provinces and to 

one individual who was out of the country. All interviews were conducted 

professionally and in one common language, English. 

As noted in section 4.2, the inductive approach guided the data analysis. The 

researcher, as explained previously, ensures the study aligns with four standards: 

credibility, transferability, dependability, and confirmability, thereby providing a 

reliable research study (Morse et al., 2002). This can also be referred to as scientific 

rigour or trustworthiness (Myres, 2025). The researcher ensured this by completing 

sufficient extended interactions to fully grasp the context, using purposive sampling 

to ensure participants had sufficient experience to respond to questions, maintaining 

an audit trail to ensure all details were recorded, and triangulating to validate results. 

4.7.1 Interview type – Leaders 

To begin this process, the researcher conducted a study of the participants to be 

interviewed (Saunders & Lewis, 2018). This provided the researcher with a pertinent 

understanding of the participants, facilitated communication, and potentially provided 

additional information. Depending on participants' availability and requirements, the 

interview took place either during working hours or after. During the interview 

process, the researcher remained impartial, not expressing emotion in response to 

any information the subject provided, as this could cause the conversation to veer off 

course (Roulston, 2010). The researcher asked clarifying follow-up questions to 

verify the completeness of responses. 

For each leader interview, at the very start, the researcher reviewed the consent form 

outline (Appendix 4) and began by explaining the interview, highlighting that 

experiences and insights are needed, and that no organisational information or 

participant identification would be noted in this research document. Thereafter, the 

researcher recapitulated the study’s purpose and the need to address the research 
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gap. Prior to any recording, permission was requested, and in some cases, some 

participants wished that their video be turned off, to which the researcher was obliged 

to allow. This is supported by Sutton and Austin (2015), whereby semi-structured 

interviews were either audio-recorded or both video and audio-recorded as part of 

the data collection process. This provided the researcher with the opportunity to 

transcribe the recording for data analysis at a later stage. 

Time and questions were explained to all participants, and the following steps were 

taken to collect data. The first step was interviewing, guided by the interview guide 

for leaders, which set the stage for understanding their views and experiences before 

moving to the core questions. There was an open framework for the questions to be 

discussed, which guided the interview process. This was followed by follow-up 

questions. After a long engagement, the researcher provided a brief recap to outline 

key points and obtain participant acknowledgement to ensure correct understanding. 

The researcher allowed the participant to add any further insights before concluding 

the interview, after all questions had been answered.  

Field notes were taken to supplement the interviews; these notes contribute to the 

data collection process by providing additional analysis of participants' movements, 

facial expressions and surroundings (Sutton & Austin, 2015). Field notes were made 

at all points pre- and post-interview, so that the researcher could recall all 

occurrences and events. The field notes were labelled and corresponded to the 

interview from which they came. The next step was to transcribe the interview from 

the interview recording, together with all field notes taken. Thereafter, the researcher 

analysed the data and looked to enhance the questions for other interviews for any 

new themes.  

4.7.2 Interview type – Employees 

As highlighted in section 4.7.1, the researcher conducted a study of the participants 

to be interviewed (Saunders & Lewis, 2018). This allowed the researcher to structure 

their engagement with the participants. The same stance was taken regarding 

conducting the interviews – based on their availability, location, and time, whereby 

they felt most comfortable participating.  

The researcher followed the same interview routine as noted in section 4.7.1. The 

only difference was the use of an employee interview guide and a consent form 
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outlining the discussion (Appendix 5). As highlighted in 4.7.1, the same field note-

taking process was applied to employee interviews. 

4.8. Reflexivity 

Given that the researcher came from an Information and Communication Technology 

(ICT) background with extensive exposure to respective technologies and digital 

transformative environments, it is acknowledged that this professional experience 

could have influenced the interpretation of data (Busetto et al., 2020). The researcher 

commenced this study with some pre-existing knowledge of AI technologies, their 

implementations, and people's reactions to them, which may have led to early 

assumptions about how employees and leaders should engage with and use these 

technologies. 

In mitigating any influence, the researcher adopted an interpretivist and hermeneutic-

phenomenological approach, arguing that true meaning is co-constructed between 

the participant and the interviewer and acknowledging that interpretations are 

moulded by the experiences and views of both. The researcher involved themselves 

in reflexive practices throughout the interviews, data collection, and analysis to 

mitigate bias. This included maintaining a reflexive journal, noting assumptions, 

constantly reviewing transcripts with an open mind, and setting aside technical 

expertise (bracketing) to focus on what participants are saying. 

4.9. Analysis approach 

The researcher ensured that every transcript was dated, along with the participant's 

information and the interview locations, to facilitate transcript preparation and clarity, 

as all interviews had been recorded and transcribed. Saunders and Lewis (2018) 

emphasise that any careful analysis must be noted for any change in verbal 

behaviour, such as outspoken or high-pitched words, which should be capitalised for 

participant emphasis. This allowed the researcher to match their field notes with the 

emphasised verbal behaviour, and the questions asked should not be mixed with the 

responses received. It is also highlighted that names should be capitalised and that 

pauses in speech should be indicated with the appropriate dots. Finally, any 

typographical errors should be eliminated. Punctuation should also be included in 

this process (Sutton & Austin, 2015).  

The study incorporated reflexive thematic analysis, which Braun and Clarke describe 

as an approach that aligns with the hermeneutic phenomenological research, as it 
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supports interaction with the respective interviewee/participant's lived experiences, 

emphasising the researcher's interpretive role (Braun & Clarke, 2021). By following 

this methodological approach, the researcher conducted the analysis using a six-

phase RTA framework developed by Braun and Clarke (2021). As highlighted by 

Ahmed et al. (2025), the researcher  began by rereading the transcript and immersing 

themselves in the data to conduct thematic analysis. First and foremost, it is critical 

to comprehend both what was said and what was not, as indicated by sporadic 

pauses or shifts in voice that may indicate a person is struggling to speak or explain 

themselves (Sutton & Austin, 2015). Secondly, while working through the data, the 

researcher identified and commenced with generating codes. Data were coded and 

collated into themes and sub-themes due to the complexity of the themes. 

Thirdly, all codes were grouped/collated into provisional themes that corresponded 

to patterns of shared meaning, underpinned by central organising concepts related 

to the research question. Fourthly, the researcher reviewed these provisional themes 

against the dataset to refine their boundaries and relevance. ‘Atlas.Ti’, a qualitative 

analysis program, was used to support coding in this study, while interpretation 

remained the researcher's responsibility. Fifthly, themes were defined and refined to 

clarify their core concepts and how they relate to participants' lived experiences, 

which aligns with the phenomenological focus. Lastly, the researcher developed an 

analytic narrative illustrating how themes contribute to leadership frameworks that 

empower and equip employee-AI collaboration for decision-making. The above 

process was nested and reflexive, aligning with an RTA. 

The researcher recorded and documented the full coding process to align with Braun 

and Clarke’s (2021) expectations for RTA. Coding was flexible and followed a primary 

latent orientation (an approach to seeking the underlying true meaning of the words), 

which aligns with hermeneutic phenomenology and incorporates semantic coding 

where needed. 

Initial coding was collated into provisional themes, supported by iterative 

transcription reviews, cross-comparisons between the different research questions, 

and maintaining a reflexive journal. Through repeated refinement, the researcher 

finalised the thematic structure, resulting in 11 themes, presented in Chapter 5. 

Throughout this analysis, the researcher referred to their field notes, integrating them 

with their reflexive notes, and used memos to track interpretive decisions and to 
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challenge their own assumptions and perspectives while maintaining coherence with 

the research questions and research strategy. This process illustrates the properties 

of RTA. Appendix 6 illustrates the reflexive thematic map used for the data analysis. 

4.10. Quality controls 

Different types of triangulation were used to ensure quality control and validity, such 

as methodological and data triangulation (Bhandari, 2022).  For methodological 

triangulation, the researcher conducted one-on-one interviews to ensure that each 

participant had the opportunity to provide their perspective, without being persuaded 

to shift their thoughts or views. Detailed field notes were also taken of the 

environment to get a complete set of data. 

 Depending on availability, the researcher used the research supervisor to assist with 

data analysis and reduce any bias the researcher may have introduced into the 

findings. Following data analysis, the researcher would retain all raw data for a 

predetermined period governed by the university. This also incorporates all field 

notes and the respective participant data that may have been provided.  In addition, 

the researcher avoided receiving particular answers and instead used open-ended 

questions, giving participants no direction beyond their own thinking, along with 

follow-up questions for clarity. The researcher participated in self-assessments to 

ensure that only vital data was retained and only what participants provided. 

4.11. Research ethics 

To conduct interviews with any participant, ethical clearance was first granted to the 

researcher by the ethics committee. Part of this clearance involved generating a 

consent form, which all participants received and were required to sign. Because the 

researcher would be exposed to participants' names, contact and organisation 

details, the researcher always emphasised that anonymity and confidentiality would 

be maintained throughout the research document and that no trail would be traced 

to anyone. 
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4.12. Limitations 

The following limitations were noted for this research: 

4.12.1 Sampling and representation 

The selected research participants may not represent the entire industry or address 

how organisations that utilise continuous processing operations should implement AI 

technologies to foster an employee-AI collaborative environment.  

4.12.2 Interpretivist approach 

Using interviews and an interpretivist philosophy, the truths or experiences obtained 

are subjective and can be questioned. Subjectivity was introduced due to how 

participants view, process and experience things, which may be different to others, 

which ultimately may affect or influence responses significantly. 

4.12.3 Data quality 

All data received from participants was based solely on their experience, knowledge, 

and skill set. Data quality may have varied across participants, even when the 

population is similar in demographics, such as age and generational influences. 

Organisations implement AI at their own discretion, resulting in participants having 

differing exposure, experience, and knowledge of AI technologies and tools, which 

has affected responses to some degree. The small sample also has limited data 

quality, as a larger sample could have provided more insights across different 

organisational cultures and levels of AI maturity. 

4.12.4 Bias of the researcher and participants 

All information received is based on the researcher's experience, which can yield 

either insightful insights or simple answers (Chukwuemeka, 2022). The researcher 

comes from an ICT environment and works within the DT space, bringing their 

expertise, experience, and interpretive lens, which limited how data is analysed and 

represented. However, the researcher invested further time in learning how to 

conduct and prepare for interviews, interpret data through bracketing (Busetto et al., 

2020). Qualitative research methods are limited by the potential for bias from both 

participants and the researcher. Such as participants being biased to their respective 

industry’s ways of doing things, or the lack of a respective structure.  
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Due to the subjectivity inherent in qualitative research, the study cannot be replicated 

(Chukwuemeka, 2022). Thus, the researcher has spent a significant amount of time 

analysing data from the interview, as qualitative research can lead a researcher down 

various paths when sorting themes and their respective codes.  

4.12.5 Anonymity 

The need to keep participants anonymous is a limitation that cannot be avoided when 

conducting one-on-one interviews, as participants must share their details and put 

themselves in a situation where they must open up and reveal their identities (Mwita, 

2022). Also, note that participants in this research (both leaders and employees) who 

were interviewed as a pair came from the same organisation, which may have led 

some employees to limit their openness and free responses, especially when some 

questions could have challenged their current leaders' thoughts, strategies, and 

styles. Also, all organisational identifiers were removed, thus making it impossible for 

readers to link technological advancements or actions to the respective sectors or 

organisations. 

4.12.6 Time horizon 

As highlighted in section 4.2, time constraints were the reason why a cross-sectional 

study was performed. All interviews took place in the latter part of 2025. It is important 

to note that due to the rapid advancements of AI technologies, findings may change 

as AI develops in the future and/ or may need to be altered to suit the respective 

scenario.  

4.12.7 System evaluation 

The study has not included the evaluation of the respective AI systems regarding 

their usability, technical capabilities, response rates and performance, nor has it 

outlined the output quality. The focus was on leadership and employees' 

experiences, which aligns with the study but limited the insights into the system's 

technical value, fairness, and reliability.  
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5. Findings 

5.1 Introduction 

This chapter outlines key insights attained from the 19 participants who worked for 

respective organisations that utilised continuous processing operations and 

participated in the interviews. The participants included leaders and employees in 

positions ranging from senior management to frontline roles, with a focus on 

answering and providing insights into the questions highlighted in Chapter Three. 

The chapter will begin with a brief overview of the participants/ sample used in the 

interviews, which will further justify the choices made. Thereafter, the results of the 

qualitative interviews for each research question are presented, with key themes and 

subthemes derived from the participants' vital and insightful insights. 

Following the methodological approach, the findings interpret participants' lived 

experiences rather than describing them. The researcher came from a technical 

background, was continually mindful of the methodological strategy, and remained 

conscious of the interpretive lens during analysis 

5.2 Interview participants 

5.2.1 Leaders 

All participant and organisation names were removed to protect anonymity and to 

adhere to the consent form statements. The total number of leaders sampled for this 

study was 10, and they were selected using purposive, non-probability sampling, as 

the researcher could not fully define and list them, nor did the researcher have the 

contact information or time to fully obtain all voices. The aim was to target and 

engage senior management individuals with relevant experience who could facilitate 

in-depth discussions on their roles and how they sustain employee-AI collaboration 

to achieve better outcomes in employee decision-making. Leaders were expected to 

know industry technologies such as Industry 4.0 and 5.0, their integration, and the 

benefits and risks of these technologies, especially in the introduction of AI across 

various parts of production operations, and beyond operations, as implementations 

are not as fast as people think.  

The table below outlines some details of the participants, but information has been 

limited, as some participants work for large multinational companies in South Africa 

and can be easily identified; thus, specific generic information has been entered to 

provide an idea of the respective leader's positional organisational influence and 
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experience. Leaders interviewed come from diverse industries across South Africa, 

including manufacturing, chemicals, food and beverage, pharmaceuticals, and 

mining.  

Participants for this interview were selected without regard to gender, but the majority 

were male.  

Table 4: Description of leader participants 

Participant 

code 
Operation Position category Industry 

Approx. 

experience 

Participant  

One [1] 

Hybrid 

processing 

Strategic Platforms 

(Senior management) 
Pharmaceutical +10years 

Participant 

Two [2] 

Hybrid 

processing 

Information Technology 

(Senior management) 
Chemical +10 years 

Participant 

Three [3] 

Hybrid 

processing 

Engineering  (Senior 

management) 
Manufacturing +10 years 

Participant 

Four [4] 

Continuous 

processing 

Information Technology 

(Senior management) 
Chemical +10 years 

Participant 

Five [5] 

Hybrid 

processing 

Engineering Manager 

(Senior management) 

Food and 

Beverage 
+10 years 

Participant 

Six [6] 

Continuous 

processing 

Senior. Advanced 

Analytics 
Chemical +10 years 

Participant 

Seven [7] 

Continuous 

processing 

Engineering (Senior 

management) 
Chemical +5 years 

Participant 

Eight [8] 

Continuous 

processing 

Senior Technician 

( management level) 
Chemical +10 years 

Participant 

Nine [9] 

Hybrid 

processing 

Engineering 

(Senior management) 
Chemical +10 years 

Participant 

Ten [10] 

Continuous 

processing 

Director – Digital 

Technology 

(Senior management) 

Mining +10 years 
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As noted in the table above, the selected leaders hold senior and executive-level 

positions across Digital Technology, Information Technology, Engineering, and 

Advanced Analytics. These positions are directly responsible for developing and 

overseeing respective technology strategies, AI roadmaps, DT testing and 

implementation plans, AI policy and governance, as well as employee enablement 

initiatives. This directly aligns with the study's focus on leadership practices that 

support employee-AI collaboration to enhance decision-making in hybrid and 

continuous processing models. 

In addition, such leaders set boundaries and govern the level of automation and 

augmentation, while designing training matrices to create and develop a more skilled, 

flexible, and adaptive workforce. These responsibilities also require leaders to foster 

an inclusive culture that builds trust and psychological safety as AI technology is 

integrated into their organisations. Such inherent responsibilities have positioned 

these leaders in an ideal, yet critical role to shape a workforce that is well-equipped 

and supported to sustain effective employee-AI collaboration, making them well-

suited to investigate their transformational practises within the context of this study. 

This composition aligns with the research question focused on how leaders design 

and implement leadership practices to equip, support and sustain employee-AI 

collaboration. 

5.2.2 Employees 

As mentioned in section 5.2.1, all employee participants and their respective 

organisational identifiers were removed to ensure anonymity and to adhere to the 

consent form statements. The total number of employees sampled for this portion of 

the study was nine, and they were selected using the same strategy as the leader 

participants. All participants were expected to know and understand the respective 

industry technologies, specifically AI.  

Once again, as above, the employee participants' description table below provides 

brief details. Some participants work for large multinational companies in South 

Africa and can be easily identified, thus, generic information has been entered to 

provide an idea of the respective employee position category in their functions within 

their organisational structure together with experience. Employees came from similar 

industries as highlighted for the leaders.  
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Table 5: Description of employee participants 

Participant 

code 
Operation Position category Industry 

Approx. 

experience 

Participant  

One [1] 

Continuous 

processing 

Technician – 

operations support 
Chemical +5 years 

Participant 

Two [2] 

Continuous 

processing 
Technical services Chemical +5 years 

Participant 

Three [3] 

Hybrid 

processing 

Technician – 

operations support 
Manufacturing + 1 year 

Participant 

Four [4] 

Hybrid 

processing 

Change management 

– operations support 
Pharmaceutical +5 years 

Participant 

Five [5] 

Continuous 

processing 

Engineering – 

operations support 
Chemical +5 years 

Participant 

Six [6] 

Continuous 

processing 

Engineering – 

operations support 
Mining +5 years 

Participant 

Seven [7] 

Hybrid 

processing 

Technician – 

operations support 

Food and 

Beverage 
+5 years 

Participant 

Eight [8] 

Continuous 

processing 
Operations support 

Bulk storage & 

logistics 

(chemicals/energy) 

+5 years 

Participant 

Nine [9] 

Hybrid 

processing 

Engineering – 

operations support 
Manufacturing + 1 year 

 

As shown above, the employees selected for this study hold frontline and operational 

support positions that align directly with the study's focus. These roles represent the 

primary actors who have been or will be tasked with utilising and engaging with AI 

technologies to facilitate better decision-making, resulting in improved product yields 

and operational efficiencies across the operations in this study. 

As noted in the literature and supported in interviews, these employees are made 

responsible for making on-the-go decisions using real-time process and operational 

data to prevent and correct process outcomes. Such decisions can directly affect 

process functions, stability, operational safety, quality, and adherence to regulatory 
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or compliance standards. With access to data and AI insights, employees have been 

able to predict and provide recommendations for optimising or adjusting production 

quantities. This direct, hands-on interaction with ongoing operations and processes 

makes these employees well-suited to explore their views and perceptions of 

leadership support in AI collaboration and decision-making. 

This study includes leaders and employees from the same operational contexts to 

help reveal differences between leaders' intentions, actions, and the employees' 

lived experiences, illustrating potential perception gaps. This adds to a triangulation 

of perspectives and aligns with the unit of analysis. These frontline roles align with 

research question one, in which key insights are evaluated regarding experiences, 

leadership support, trust, and empowerment related to engaging with AI 

technologies. 

5.3 Presentation of interview results 

5.3.1   Data saturation 

The figures below illustrate how data saturation was achieved during the data 

collection phase of the study, involving 19 participants. As highlighted in section 

4.5.1, in qualitative research studies, data saturation is an important point in the 

research, which signals to the researcher that no further insights can be attained and 

thus data collection should stop and move on. Figures three and four depict the 

instance when data saturation was achieved for employees and leaders. 

5.3.1.1   Leaders 

The figure below shows when data saturation was reached at interview 10. The ninth 

and tenth interviews provided only one new, insightful piece of data, and thus the 

researcher re-evaluated what had been attained up to this point and decided to stop 

data collection. This was supported by having sufficient data to answer the research 

questions. 
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Figure 3: Data saturation with leaders 

5.3.1.2   Employees 

The figure below illustrates that saturation was reached at interview eight. After the 

eight interviews, only one new, insightful piece of data was provided. The ninth 

showed no new insights. As with leader interviews, the researcher re-evaluated and 

determined that sufficient data had been collected and stopped data collection as 

saturation was reached.   

 

Figure 4: Data saturation with employees 

5.3.2   Code results 

Overall, the analysis of the respective transcripts yielded 10 themes and 34 sub-

themes. Figure 5 below shows the general word cloud from the analysis of 

both employees and leaders in Atlast.Ti. Sub-themes and themes were 

derived from the respective coding represented in the cloud. The word "AI" 

displayed in the middle of the cloud indicates that this technology was well 

known to all participants and prevalent within the analysis. This cloud also 

indicated, to some extent, the perceived value of aspects of empowerment, 
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strategy, ethical, and collaboration, which were low, together with needed 

high-value aspects such as, but not limited to, training, information, 

leadership, and use (referring to AI use). 

 

 

Figure 5: Representation of Atlas.Ti word cloud 

These terms contributed to theme generation and subsequently formed a key part of 

the interview interpretations that follow.  

5.4  Results of research question 1 

 

 

 

 

The first question focuses on how employees in the continuous processing 

operational environment, with their respective role responsibilities, are equipped with 

AI technologies/ tools, and to what extent they perceive leadership support for 

making confident, informed decisions using data provided by AI systems. This 

question will highlight what employees actually experience in practice, particularly 

regarding their leaders' intent, enablement, and guidance as they navigate the terrain 

of new technologies and their workspaces. 

Research Question One: 

What is the employee perspective of leadership support with engaging with AI systems, 

and what is the effect on employee decision-making confidence and effectiveness?  
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This research question is essential, as seen globally and in the local context, where 

technology investments have increased, leading to greater adoption of AI 

technologies and tools, yet organisational enablement and support remain low. This 

gap has been significant, given that employees in these operations work in high-

pressure, high-risk, high-consequence environments that could affect product quality 

and operational safety. 

By fully investigating employees' experiences with leadership support and 

confidence, the first research question aims to provide a platform for understanding 

how AI is currently used as a decision-making tool. And it highlights AI augmentation 

rather than displacement, which improves employee judgment and decision-making.  

A high-level overview of the results for research question one is provided in table six 

below. 

Table 6: Research question one results 

Sub-themes Themes 

➢ AI usage 

➢ Judgement and 

action 

AI decision use 

➢ Leadership 

support 

➢ Enablement 

➢ Operational 

modelling 

Perceived leader support 

➢ AI explainability 

➢ Model confidence 

➢ Decision 

boundaries 

Explainability and trust 

➢ AI value 

➢ Access to learning 

➢ Mentoring 

Empowerment 

5.4.1   Theme 1: AI decision use 

In this study, participants use AI technologies to request data insights, ask questions, 

analyse data, and more. This theme illustrates the phenomenon that employee 

awareness of AI is growing, and people are using it as a time-saver and a decision 
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accelerator to achieve their goals, while maintaining their own judgment to make the 

final decision. 

5.4.1.1    AI usage 

All nine participants (employees) had clear knowledge, understanding, and 

experience with the AI technologies implemented in their organisations. The 

participants used AI technologies to accelerate data analysis, reporting, and fault-

finding, primarily to save time and improve efficiency. Below are inserts of 

participants' AI usage: 

“…AI would be the technology to implement this, which could recognise the 

pattern of what I'm doing and then auto-complete for me, that task would be 

done in a minute, then I'd have 14 minutes free” (Participant 1).  

“In my daily tasks, like I said, would be to speed up laborious tasks” 

(Participant 5). 

“…maybe let's say that I've got a problem, maybe somehow, maybe with the 

system management console, and I do not understand exactly where the 

problem is. I simply take a snip and post it on AI. And give it the note, the bit 

of information that OK, I want this. Can you? Well, can you do this for me? If 

this is not happening, what could be the cause?”(Participant 7) 

Participant seven supports using AI as a tool for fault-finding by posting a screenshot 

of their problem to AI and asking questions. Besides the aspect of speed and 

reduction of mundane tasks, another key use of AI technologies was for the everyday 

productivity and composition tasks, as noted below: 

“So I can take my thoughts after a meeting or when I'm starting a task. I'll just 

put my raw ideas into it. And then it will help, it will be structured. I'll use that 

to structure it for me” (Participant four). 

Other uses included operational aspects such as performance tracking, data 

collection on equipment, and displaying live data. 

“I use it with a lot of stats and reporting. I use the likes of Minitab and Excel, 

but Excel coding to get feedback on my current team's performance. Road 

tanker turnaround times, how long it takes to load compartments, the average 

time for the product to travel through the pipelines….” (Participant eight). 
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“Well, in addition to the automation of OEE, and you know, like the data that's 

collected and displayed live as a result of OEE..” (Participant nine). 

Ultimately, faster insights enable more confident use of AI. 

5.4.1.2   Judgement and action 

The participants have emphasised the importance of verifying AI outputs against their 

sources, references, and industry experience before making a decision. This 

judgement process enables employees to understand and make sense of AI-derived 

outputs and use them appropriately for their respective purposes. This process 

shows that AI enhances decision-making rather than replacing it. Overall, employees 

noted caution, always ensuring to understand outputs before use, as noted below, 

whereby participants do not take outputs verbatim for use: 

“I do not take anything it spits out at me as the gospel. ” (Participant two). 

“… ultimately whatever AI puts out, you need to be, you need to review the 

results of the answer that whatever the AI tool gives you, and you need to 

have that background and knowledge to be able to interpret and you know, 

discern whether or not whatever that AI tool spat out is relevant to your, your 

question and make the, you know, necessary adjustments if you feel that it's 

not”(Participant 5). 

This highlights that employees do not blindly trust AI outputs; they first use their own 

expertise and experience to evaluate, judge, and ultimately decide. In making a data-

driven action/ decision, the following insert provides a classic example of the process 

that employees generally follow: 

“So let's say I want to learn about a new sensor, so I'm going to use AI to just 

give me, like, exactly what I need. So instead of searching on Google, I'm just 

going to have AI do all that for me and give me all the information I need. 

Sometimes I use that information to make decisions on what type of sensors 

would work best for certain applications” (Participant three). 

The constant verification of outputs and the retention of employees who make the 

final decision sustain confidence and avoid taking AI outputs verbatim and 

overreliance on them. 
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5.4.2   Theme 2: Perceived leader support 

This theme illustrates the phenomenon of employees being in a position to make and 

implement the best possible decisions; it depends on how leaders allow the use of 

AI models, support and encourage access to technology, and govern the system to 

ensure safe use. 

5.4.2.1   Leadership support 

The presence, support, and encouragement of AI use by their organisational leaders 

directly affect employees' willingness to use AI technologies. 

“I'm encouraged to use AI by leadership here… even the board encourages.  

…we are encouraged at all points …we are being encouraged to use it and 

to expand our skills in with it. ”(Participant two) 

“The support is there, and then even the encouragement use AI is there 

because the majority of the time you'd be given maybe a certain task or 

maybe a certain project that you need to somehow execute ” (Participant 

seven). 

However, it was noted that not all organisational leaders have active support once AI 

systems have been implemented. Employees view the provision of the 

technology/tool for their use as either the only support they receive or as a cautious 

front. 

“There's not much, I think, of support other than providing, or at least making 

the tool available. Getting the word out there as to these are the tools that are 

available”(Participant six). 

“Okay, so I'm going to be honest here. Currently, we have not received. Our 

top managers, looking at our director level, have not been, I don't want to use 

the word forthcoming with AI or very open to it because of the risk barriers 

and the security implications, but they do promote using it very safely” 

(Participant eight). 

Encouragement and support increase confidence, yet we have seen patchy support 

evident. 

5.4.2.2   Enablement 

Enablement highlights how employees feel the organisation is ready for AI, in terms 

of their being equipped and supported to use AI tools effectively. Employees have 
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reported that although the technology is available, they are not equipped to use it 

due to limited access, while leaders have specialists to assist employees within the 

organisation. Participant one highlights the need for licensed versions: 

“So I think from, from a leadership point of view, one of the biggest things that 

they could do to encourage adoption would be to put in place some sort of 

subscription or maybe floating licenses ” (Participant one). 

“…now that we've got the AI task force, we've got a structure, a structured 

plan around how we're gonna enable people and how we're gonna empower 

people to use ”(Participant four). 

Furthermore, organisations have begun creating specialised teams to assist leaders 

in enabling AI access to all stakeholders. This relieves some pressure and 

responsibilities on leaders, but in other organisations, leaders manage access 

control.  

5.4.2.3   Operational modelling 

Operational modelling refers to the process of leaders modelling AI use and creating 

forums to normalise it, building confidence and generating insights.  

“ …one of our managers is very AI positive so he's organised like this AI info 

session, effectively, and then different people have presented different use 

cases and different AI tools that they've come across in like a sort of forum 

setting”(participant one). 

Participant two highlights leadership support, whereby their managing director sets 

up meetings to take them through what he has used, found, and extracted from the 

data. 

“…he's constantly, you know, whenever we have meetings, technical 

meetings, deep dives into some of the problems that we have, he's constantly 

bringing up the fact that he uses different AI platforms and he shares his 

experiences. He shares, in some cases, the critical information that he's 

extracted using it” (Participant two). 

Support like this increases leadership visibility, leading to more effective use of AI in 

daily tasks. 
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5.4.3   Theme 3: Explainability and trust 

This theme illustrates the phenomenon of conditional trust that employees have 

reflected in their use of AI technology, yet it is strengthened by understanding how 

outputs are derived and explained. This includes their underlying logic and the 

reliability of those outputs, which can be assessed and verified, resulting in few to no 

errors. This theme focuses on employees' trust in the implemented AI systems, rather 

than in their own abilities. 

5.4.3.1   AI explainability 

AI explainability improves employee trust when its outputs are understandable and 

explainable, and when it is reliable. Participants raised concerns about the lack of 

transparency, as seen below: 

‘’You've got to constantly feed your information back. So what I do is if I'm 

looking for a phrase or a sentence or something to help me with work, I'll 

adopt, give AI all the information, get feedback, take that feedback, feed it 

back into AI and refine it until I, as the human factor, feel that it is now ethical 

to feedback “(Participant eight). 

”I often request literature or. Yeah. References. And I go through each of 

those references, some in more detail than others” (Participant two). 

AI explainability enables employees to justify and understand AI outputs before 

acting on them, supporting data-informed decision-making. 

5.4.3.2   Model confidence 

The AI model's ability to provide accurate, reliable outputs directly affects how 

employees engage with the systems, as this can either improve or undermine trust. 

The participants highlighted the use of the AI technology but remained wary of errors 

and incomplete data, leading to conditional trust. Such examples of errors are noted 

below: 

“I have seen blatantly wrong AI information. The information is completely 

wrong, and if someone who doesn't know the subject researches it with AI, 

they would obviously be misled. So yes, there is definitely some very incorrect 

content available there. ”(Participant one) 
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“But so again, and just in the little space that I use it, it doesn't take it as law, 

like, don't copy paste, like check it because it's, there can be 

errors”(Participant 4) 

Employees are kept in a constant verify-before-act state due to error encounters, and 

confidence can be conditional yet helpful. 

5.4.3.3   Decision boundaries 

Governing boundaries set by organisational leaders provide employees with clarity 

on what AI technologies can be used for and how they can be used. Clear boundaries 

allow employees to use AI tools and technologies safely and confidently, facilitating 

human oversight when decisions need to be made. Below are some noted guardrails 

which participants have highlighted and the respective communication of AI use: 

“For example, my manager. He encourages us to use AI, he says that it’s a 

tool that's there, use it, but you should use it responsibly. So we were told 

that, you know, you can't feed that AI like critical information ”(Participant 3) 

“…recently our company shared a lot of, well, two policies that stem around 

AI usage. They cover what to share, how to share, what type of AI is effective 

for certain work, for certain work processes”(Participant 8). 

Clear, supported boundaries allow leaders to foster psychological safety and 

encourage employees to take confident action. 

5.4.4   Theme 4: Empowerment 

This theme illustrates the phenomenon of employee empowerment when leaders 

provide access, build capacity and capability, and grant some freedom to use 

technologies, leading to more confident use of AI. This theme focuses on employees’ 

self-belief and capability, together with confidence created by leadership support and 

AI opportunities for growth. 

5.4.4.1   AI value 

The value of feeling empowered by AI is that employees can feel a sense of power 

in their workspaces by utilising AI to make faster decisions, enhance employee voice, 

and feel more valued.   

“it gives us more time to focus on more strategic activities rather than number 

crunching all the time” (Participant 9) 
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“I do feel it. I do feel empowered because the results that I, or the answers 

that AI tools have given me, have really helped with decision making and 

finding solutions to problems and creating solutions to requirements and stuff 

like that”(Participant 5). 

“I would say it does feel more valued because based on the previous 

question, I can spend my time doing more strategic work, and add value 

instead of spending the time physically number crunching” (Participant nine). 

As employees feel more empowered, this will result in stronger employee voices and 

contributions, as well as faster decisions and more effective use of employees. 

5.4.4.2   Access to learning 

Access to learning highlights the development opportunities available to employees. 

Employees have expressed a lack of adequate training and exposure, as well as 

shared learning spaces. 

“It's not formal training, but I mean, we have had that info session probably. 

… unfortunately, it has also been very patchy. So it's been organised weekly, 

but. Oh, no, sorry, biweekly, but I would say nine out of ten times it's either 

postponed or cancelled”(Participant one) 

Here, participant one highlights the lack of consistent exposure and awareness of 

technologies due to constant cancellations. In addition, participant three supports the 

claim that no official training is available.  

“There was no official training”(Participant three) 

“So from a training perspective, we find that people are either unwilling to 

adopt or they're not understanding the processes because of a lack of 

experience or a lack of understanding of how the new systems work” 

(Participant eight). 

Participant eight further highlights the effects of limited access to learning. Targeted 

training will help employees become more confident and efficient with AI 

technologies, leading to better decision-making. The above inserts highlight that the 

organisation lacks a stable development plan/structure for employee growth in the AI 

technology arena, which has affected AI confidence and use. 
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5.4.4.3   Mentoring 

Mentoring or coaching has a positive effect on employees' confidence in AI 

technologies, as their guidance and voice help them feel supported. This does not 

refer to the leader doing the work for employees, but rather to pushing them toward 

a better understanding. Such an example is noted by participant three when asked 

to develop a chatbot for operators. This pushed him to learn through hands-on 

experience:  

“he wants us to kind of build some kind of chatbot that we kind of feed its 

information, such as the information that we are, operating using Excel or 

yeah, such as that information about downtime and then essentially he 

wanted us to kind of have a chat log whereby operators could ask certain 

things about typical repeat breakdowns and how to resolve them.” (Participant 

three). 

Such an example both pushes the employee and comforts them, as support is at 

hand. Other mentoring/coaching aspects noted include the leader leading by 

example, as noted by participant seven, illustrating that his manager advised him 

and highlighted when and how to use AI systems, which boosted his confidence. 

5.4.5   Research question 1 - Summary  

In the recap of the above research question and the interview data, the findings 

highlight that employees within the continuous processing operation utilise AI 

primarily as a decision-enabling tool for support, data insights, and acceleration, with 

confidence shaped by leadership support and organisational context rather than by 

the technology itself. Employees ensure they retain final decision-making authority 

and control, using AI outputs to augment judgment and optimise processes rather 

than implementing AI methods that substitute for human judgment. 

Across the results, leadership influence, emerging through clarity, enablement, and 

support, has been evident yet uneven.  Employees have highlighted that when 

leaders use encouraging practices for AI use, establish AI teams and forums to 

facilitate queries, set boundaries for safe AI use, and provide reasoning, it has helped 

employees feel more confident engaging with AI outputs and implementing AI-

authorised, data-informed decision-making. However, limited support and concerns 

about AI models have led employees to feel cautious and wary, leaving them 

tentative and to adopt a ‘verify before action' approach. 
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The research question highlights that social and organisational aspects directly 

influence employee confidence and decision-making efficacy in AI-supported 

organisations, through leadership's governance and enabling of the workforce.  

5.5  Results of research question 2 

 

 

 

 

 

Research question two analyses organisational leaders, their leadership practices, 

and how they create an environment that promotes sustained use of AI technologies, 

employee confidence and trust in engaging with AI systems within continuous 

processing operations. This question extends the findings noted in research question 

one regarding employee confidence, trust, and decision-making, which are shaped 

by their leadership behaviours.  

Research question two incorporates the facets of TL and focuses on what leaders 

do - how they go about framing their AI visions and defining objectives/outcomes, the 

selection and use of communication channels they deem to be the most effective 

and the establishment of learning mechanisms that will provide a sustained use and 

adoption of either the upcoming AI technologies or the already implemented 

technologies.  

Across cases, the implementation of AI technologies is not just an investment in a 

technology that can provide positive benefits, but also a commitment by leaders. This 

commitment is not limited to organisational change management but also to 

implementing behaviours and practices that will normalise safe, effective, and 

confident data-informed decision-making among employees.  

A high-level overview of the results for research question two is provided in table 

seven below. 

 

 

 

Research Question Two: 

How can leadership practices be created and sustained in a collaboration of AI systems 

for employees for decision-making enhancement?  
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Table 7: Research question two results 

Sub-themes Themes 

➢ AI strategy 

➢ Framing 

➢ Communication 

Vision and reasoning 

➢ Explainability 

practices 

➢ Challenge and 

review practices 

➢ Experimentation 

and validation 

practices 

Engagement practises 

➢ Role targeting 

➢ Learning structures 

➢ AI progression 

Sustained adoption 

5.5.1   Theme 1: Vision and reasoning 

This theme illustrates the phenomenon of how leadership positions position 

themselves and articulate their AI intentions, direction, and purpose, which are tied 

to their organisational strategy and value creation. Leaders are framing AI 

technologies as an augmentation rather than a substitution, and through ongoing 

communication, they create AI ownership by clarifying outcomes and assigning AI 

responsibilities through role-specific enablement. This vision of a new technology 

and its framing reflect TL’s inspirational motivation and idealised influence, as it 

unites the whole organisation (employees and teams) towards a shared goal of AI 

adoption. 

5.5.1.1    AI strategy 

All leaders illustrated a positive outlook for the need and use of AI technologies, and 

look to link and justify the need for AI technologies based on how they could possibly 

benefit their organisation, such as aiming to enhance competitiveness, operational 

utilisation, and effectiveness, while creating a respective AI journey map/roadmap 

and future-proofing the business. Such benefits are noted below: 

“The main reason is that we think we can leverage business value by using 

AI technologies. So create top-line growth, deliver cost savings, and avoid 
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CAPEX. Then, of course, the second part is increasing efficiency.”(Participant 

11) 

“…in terms of efficiency cost…’’, “We're using AI from a safety point of view, 

to improve our productivity, to improve our quality and so on. So, the low-

hanging fruit at the moment is making sure that we improve the availability of 

our assets through predictive maintenance.” (Participant 12) 

The insert illustrates the value leaders see and aim to achieve with AI technologies. 

Though it noted that leaders highlight their journey has either just begun or started 

some time back, highlighting that AI strategies are still being figured out as the 

organisations explore, as noted below: 

“I mentioned when I started, we started this journey a while back, probably 

about two or three years ago ” (Participant 10) 

 “It's quite at an infancy stage within the entire company” (Participant 16) 

5.5.1.2    Framing 

Leaders have explicitly emphasised and framed AI technologies as augmenting 

human judgment and decision-making. AI technologies are positioned as a support 

mechanism, such as a ‘partner’, to support or as a confirmation tool, together with 

providing quicker data for decision making and saving time. 

“I think AI Technologies will open up many opportunities where today our 

employees have tedious tasks, repetitive tasks, no-brainer, low-brainer tasks 

they have to complete. Where AI technologies can help in the future, make 

these tasks more efficient, save time, and that means, then again, people 

have more time for other tasks, for more valuable tasks there.” (Participant 

11) 

“I also think that you know it, it really enhances human capability and not 

necessarily replaces.”(Participant 16) 

“We use the tool we use the AI tool to validate our, our 

information.”(Participant 17) 

“And you can use it as a fact check, or you know, a process 

optimiser…”(Participant 15) 
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The above illustrates that AI technologies are there to help, assist, speed up, validate, 

and guide employees toward a better understanding of what is presented, resulting 

in more effective decision-making. 

5.5.1.3   Communication 

Once leaders have created an AI strategy, they need to communicate it to their 

employees to make them aware of the impending technology deployment and how it 

will benefit them or cause controlled disruptions in their respective areas. 

Communication is important for leaders, who need to choose channels that provide 

employees with adequate exposure to new technologies.  

“So in all our town halls, in all our coffee sessions, and those kinds of 

things”(Participant 15) 

“…we've set up knowledge sharing, and we've set up training 

sessions”(Participant 10) 

Communication is not limited to information sessions or presentations; leaders also 

communicate with their managers (upwards direction) and employees (downwards 

direction) through documents such as policy reinforcements and downward 

communication methods: 

“So, upwards, it's more of an explanation of trying to figure out what makes 

sense for our organisation, where to put our money, where to put our efforts 

into, and downwards, it's more of an explanation how to use it, how to really 

create the value, how to use the tools and how they could help employees 

and make their life easier”(Participant 11) 

“Communication, operate within the guardrails. Here's the policy, and here's 

the tool for your use”(Participant 10) 

Leaders can utilise different communication methods to ensure relevant information 

is sent to employees, thereby raising awareness, explaining use cases and risks, 

and gathering feedback for refinement. 

5.5.2   Theme 2: Engagement practices 

This theme illustrates the phenomenon of leadership engagement practices, which 

are how leaders actively involve and shape employees' interactions with AI 

technologies, ensuring the experience is safe, reasoned, understandable, and open 
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to challenge. Leaders describe practices that position AI outputs as starting points or 

initial inputs for employee judgment, rather than as the end or final answers, thereby 

encouraging employees to question and reason before making their decisions. This 

theme highlights three interrelated sub-themes: explainability practices, challenge-

and-review practices, and experimentation-and-validation practices. Combined, 

these illustrate the leadership use of TL’s intellectual stimulation. 

5.5.2.1    Explainability practices 

Leaders look to enforce practices that provide an explanatory aspect to their 

decision-making, such as verifying or explaining before acting, or questioning or 

validating the outcome of an AI-generated output. Such is noted below:  

“It would be brought apart by a set of questioning, not in the terms of like a 

micromanagement kind of thing, you know, but just trying to, you know, gauge 

the understanding of how they came up with a certain answer or what was 

their reasoning towards making a certain decision”.(Participant 16) 

“But when it comes to using the actual tools, we make them think, what about 

what they do and definitely check the results, if there's any hallucination, if 

there's anything off, in order to have good results.”(Participant 11) 

Leaders reinforce the habit of output checking, encouraging employees to think 

carefully about their decisions to ensure accurate, sound answers that support once-

off, high-impact decisions that deliver beneficial outcomes. Employees are also 

required to explain why they made a respective decision, together with what led them 

to that choice. 

5.5.2.2    Challenge  and review practices 

Leaders promote the idea of employees challenging organisational norms and 

critiquing the use of AI and recommendations. This practice supports an inclusive 

workforce, bringing together employees to participate in idea creation and review 

processes, building a culture of questioning AI for understanding, and fostering 

technology confidence and trust. Such as the below noting of an open question and 

answer session to facilitate employee critiquing: 

“You know, as an organisation, we have a lot of these, online meetings where 

you can participate, choose to or not, everyone's invited, and there's a Q&A  
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session. And these are topics that will be presented in those types of 

engagements with all employees…”(Participant 13) 

“So, they made all of our operating companies, all of our top managers think 

about how we can use AI to the full extent where our good cases, which bring 

a lot of business value and in the sense of a challenge that the best ideas, will 

get some free days of implementation and development and this has 

aggregated down then to in my organisation to literally everybody. So 

everybody could hand in an idea how AI technologies could make his life 

easier”(Participant 11) 

Participant 13 illustrates that, through a Q&A (question-and-answer) session, 

employees can critique AI offerings, while participant 11 shows that employees can 

challenge existing recommendations and offer their own. Participant 12 emphasises 

the use of psychological safety, rewarding learning and voicing mistakes. This is 

another perspective for employees to challenge and analyse AI technologies 

critically. 

“I think that creating that psychological safety, because it's not, it's not enough 

to just say, you know, go and go and play, and it's okay if you fail, and then 

when somebody fails to ask them why they made that mistake or or start 

penalising them for it. It's to create that safety to be able to reward learning 

and discuss mistakes or problems without blaming individuals. And I think the 

other thing is also just, in terms of sharing our learnings across the 

organisation.”(Participant 12) 

Participant 12 touches on peer discussions of AI-informed decisions, which is also a 

way employees attain a collective understanding of their critiques and challenges to 

norms, rather than relying on a singular/individualised approach. Being able to 

challenge and provide input encourages employees to participate in the discussion 

and feel confident and safe in using AI.  

5.5.2.3   Experimentation and validation practices 

Experimentation and validation refer to leaders' actions that create safe 

environments that encourage and enable employees to experiment with AI 

technologies without disrupting live operations and to learn through real workflow 

scenarios. Leaders enable their employees to explore AI insights so they can test 

and validate outputs, ideas, and decisions before implementation through pilots, 



64 
 

sandbox environments, and similar approaches. The validation component reflects 

the ‘ what-if’ thinking, whereby employees are encouraged to push limits and 

boundaries, to better understand operational responses. This promotes informed 

judgment and learning. 

“…we actually have a future technology team as well as the OT team 

technology team broader technology team that's supporting AI has these has 

like kind of like a sandbox environment where people can go in and test and 

try things”. “A sandbox environment where our employees can test and work 

with AI without any operational risk.”(Participant 12) 

“I mean, we highly encourage experimentation, I mean, that's what I think the 

phase where many companies are in now, trying things, playing around for 

two reasons: to learn and to learn about new stuff that comes to the market. 

And secondly, to find out what is working for me and what is not, yeah, so we 

highly encourage this playing around, let's say and also equip people with 

tools to do it.”(Participant 11) 

Participant 11 highlights what is working and what is not. They would test boundaries 

and note responses thereafter, and they would look to refine. This understanding of 

boundaries and work would promote confidence and trust in AI.  

5.5.3   Theme 3: Sustained adoption 

This theme illustrates the phenomenon of sustained adoption, in which leaders 

create structures that assign AI access, manage software licensing, define the 

respective responsibilities of role-critical team members, and establish effective 

learning pathways/mechanisms for continuous learning. Leaders also seek to outline 

the AI technology maturity path or a phased integration. The continuous learning 

pathways and the management of specific AI roles and responsibilities, when 

combined, correlate to TL’s individualised consideration with intellectual stimulation.  

5.5.3.1    Role targeting 

Role targeting refers to leaders identifying specific employees to drive their AI 

strategy and allocating capabilities and investment to those who demonstrate 

readiness and value. This avoids over-exposure and helps control skills when 

safeguards are still in development or not yet present. Such ownership of 

responsibilities and control of AI access are given to specialised teams or individuals, 

as noted below: 



65 
 

“Something that I've done is I've actually allocated an AI champion in the 

team. Somebody who's a bit more, you know, technology-based and drives it. 

So yeah, AI champion definitely helps and supports me as well. You know, 

getting the message across”(Participant 16) 

“ So we created something called an AI task force”.” Bring it through to the AI 

task force, and then a decision can be made” (Participant 10). 

Participant 16 highlights an AI champion to drive their strategy, and participant 10 

mentions creating a task force responsible for reviewing user requests and granting 

employees AI access based on their use cases ( and dependent on their role and 

responsibilities). And in some cases, the leader themselves take on the role: 

“I'm one who is going to bring these technologies in, and that's the role of my 

team as well. And then enable people to use it so. So my role would be 

identifying, you know, the tools and the way we implement AI and how we 

would drive that within the organisation”(Participant 12) 

Participant 13 highlights provide an idea of who the  licensed AI access would go to, 

or basically what type of employees would attain it: 

“ So it's more going to be your I think where we see it a lot within our nation, 

it's from a process perspective, how to improve the processes. So, process 

engineering, process engineers, technicians, developers. (Participant 13) 

AI access is granted to employees who demonstrate the capability to make 

meaningful use of the technology and who are aligned with the role. AI access is 

restricted to employees who have no real organisational need for such technologies. 

5.5.3.2    Learning structures 

Leaders understand that employees require a learning environment/structure, or 

pathway to attain the necessary skills and knowledge to use, understand, and guide 

others in using the technology. The leader has created a training platform that hosts 

AI training materials and courses and facilitates regular cadence for spreading 

awareness and knowledge about AI as it evolves. Such platforms and training are 

noted below, and we start of leader illustrating that they are building training plans 

for their employees: 
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“We will be at the moment we are trying to build a training curriculum of 

different trainings for different levels of what you know or what you want to 

learn. But this has not yet been finalised” (Participant 11). 

“I mentioned LinkedIn, that's part of our benefits, we have a lot of free LinkedIn 

training that's available” (participant 13) 

“For me, my role, as a leader, what I've done for my team, we've got a training 

thing platform. I think it's called SuccessFactors, whereby this number of 

training and courses which are available”(Participant 18) 

“…there's a ton available now through the Teams Academy.”(Participant 10) 

Participant 10 highlights training available through the respective academy, which is 

part of the formal training, something that others still do not make available for 

employees. Besides training courses, leaders also facilitate other means of training: 

“ Workshops, hands-on coaching. We've even had announced workshops 

around it with cross-functional teams”(Participant 12) 

Adequate access to training and leaders who provide coaching increases employees' 

confidence and trust in using AI technologies, while also enabling them to grow their 

individual skill sets. 

5.5.3.3   AI progression 

This refers to how leaders have highlighted their progression or maturity path. The 

advancement of AI, or the adoption of these new technologies, has been observed 

to follow a phased approach, with roadmaps remaining vague and under 

development. Leaders have begun implementing AI systems to improve productivity 

and have since shifted their focus to advanced applications and integration across 

other domains. Participant 10 highlights productivity and expansion into the OT 

space: 

“It wasn't seen as a digital enabler for the business at that point in time, it was 

seen more as a productivity enabler (Participant 10 ) 

“ And yeah, in the future, we can see more, more adoption of technology in 

the OT space, definitely.”(Participant 10 ) 

“… but in terms of like you know your sensor technologies and machine 

learning and that sort of thing that's been around for quite some time…And 
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then as far as the new stuff goes, the LMS, the agentic AI, and so on that you 

know, we're now looking at...”(Participant 12) 

Participant 12 highlights that they have been using machine learning and look 

forward to the focus on newer AI technologies. Expansions and the AI journey have 

a very low-risk appetite, which illustrates slow adoption.  

“…you bleed it in in phases and stages and also comfortable level”…” we 

introducing quite slowly at the moment and you know, how do I put it, we're 

introducing quite slowly and at a pedestrian sort of pace.”(Participant 15) 

Adding to the slow adoption is the constraint of risk:  

“We just didn't know how to bring it into the organisation. We also didn't know 

how to sell it to the organisation”…“ it's a global conglomerate. So they are 

very risk-averse.”(Participant 10 ) 

AI expansion is still very much at the infancy stage, and leaders are still trying to 

figure out which technology will bring in the efficiencies to address their problems; 

however, change is a big process to undertake. 

5.5.4   Research question 2 - Summary  

In the recap of the above research question and the interview data, the findings 

highlight that leaders within the continuous processing operation enable employee-

AI collaboration by creating or articulating a vision for implementing AI technologies, 

and by framing it as an augmentative collaborative tool through continuous 

communication to achieve organisational benefits linked to competitive advantages, 

improve efficiencies and solidify the future of the business 

They instil daily habits by having them review AI outputs, communicate issues, offer 

recommendations, and promote experimentation and validation practices in low-risk 

settings to deepen understanding and test ideas. AI adoption has been sustained 

through role-targeted responsibilities for AI-fit employees or teams, layered learning, 

and continuous leveraging of AI benefits through roadmaps or by investigating other 

AI technologies; however, they are often sceptical about the risks and opt for slower-

paced adoption. TL traits are evident in routines, practices, training, and early 

governance. 
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5.6  Results of research question 3 

 

 

 

 

 

Research question three aims to outline the conditions that contribute to and shape 

employee-AI collaboration in continuous processing operations, highlighting 

employees' concerns and fears, and the barriers that prevent them from working 

hand in hand with AI technologies. This is vital to understand, as this may illustrate 

factors not covered or even overlooked by organisational leaders. 

Furthermore, the research question highlights what leaders have put in place to 

enable, equip, and support their workforce, ensuring that opposing factors are 

mitigated, transferred, or minimised. Leaders also go on to identify the governance 

mechanisms that must be developed and enforced to ensure the organisational 

safety of data, the safety of AI collaboration, and the manner of AI use.  

AI technologies can be very useful when implemented correctly and risks mitigated, 

but they can also be detrimental to an organisation. To ensure an organisation gets 

the most from its investment, the outcomes of research question three are crucial to 

know. A high-level overview of the results for research question three is provided in 

table eight below. 

Table 8: Research question three results 

Sub-themes Themes 

➢ Skills gaps 

➢ System usability 

➢ Output doubts 

➢ Risks 

➢ Skill loss and job 

security 

➢ Ethical AI use 

➢ Capacity for 

Change 

 

Barriers and  fears 

Research Question Three: 

What are the risks, barriers and enablers of empowering and equipping employees to 

make decisions in collaboration with AI systems in this environment?  
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Sub-themes (continued) Themes (continued) 

➢ Training 

➢ AI transparency 

➢ user-centred 

design 

➢ governance 

coherence 

Enablers 

➢ Decision rights 

➢ Guardrails 

➢ Accountability 

Governance and ethics 

5.6.1   Theme 1: Barriers and fears 

This theme focuses on the constraints experienced (by employees) and 

acknowledged (by leaders) that stakeholders face in the continuous-processing 

operational environment, which undermine confidence, slow adoption, and prevent 

employees from collaborating successfully with AI technologies to make better 

decisions. These reflect and highlight barriers and fears noted in the literature, with 

some surprising factors in the respective subthemes, which are discussed below. 

5.6.1.1   Skill gaps 

Though employees acknowledge that their leaders promote AI, they experience 

issues with AI that reduce their confidence and trust. This is due to skill gaps that 

exist on two fronts: the actual lack of skill among AI users to operate the technology, 

and the lack of basic knowledge to understand and utilise it efficiently. This is noted 

by the participants below: 

“I guess my perception of it is still a bit vague. I wouldn't say I'm new to it, but 

I haven't used it extensively, so I'm learning quite a bit about it as we go along” 

(participant 2) 

“I think at the moment it's probably just the lack of understanding the full 

capability of what I have access to. So, I have no clue how to use 

it”(Participant 4). 

Participant four goes on to acknowledge that employees do not fully understand AI: 

“People don’t understand what AI really is and what it’s capable of 

doing.”(Participant 4)  
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In addition to having the knowledge to understand and engage with AI, employees 

also highlighted that they lack training. Most employees noted that there was no 

formal training and that they had to rely on external sources. 

“Training. No, not specifically resources, not really“”(Participant 2)  

Although employees highlighted a lack of formal training, they did acknowledge being 

aware of available online courses. However, despite no official training, employees 

demonstrated resilience, opting to self-teach and use other available resources. 

 “self-taught things”(Participant 4). 

”...you have to go deep into learning the actual systems, that's where you 

have to somehow tap into other trainings like your YouTube or the likes of 

Udemi, the likes of Corsair and stuff’.(Participant 7) 

Leaders acknowledge that employees face skill gaps, note that they get confused, 

and recommend that guidance is needed. 

“…many people are confused about what to do with AI, how to use AI, and 

they need clear guidance on where value could be.”(Participant 11) 

The level of skill and knowledge varies from organisation to organisation and from 

person to person; however, employees have noted no official training to upskill, 

limited exposure (hands-on) and basic understanding. These barriers prevent 

employees from using AI technologies confidently. 

5.6.1.2   System usability 

System usability refers to the issues employees experience when using AI 

technologies. These issues include reports of interface friction, limited access to full 

features, hidden capabilities, and integration issues. Such issues require increased 

effort and hesitation, resulting in decreased confidence and trust in AI use. Such an 

example of technology interface issues is noted by participant one: 

“The tool made the image go orange. It just literally tinted the entire image 

orange, including the buildings, this guy, the buildings, everything was just 

tinted orange. And that was completely unhelpful”(Participant 1)  

Participant notes the limited access to the technologies, as some employees make 

use of the free version, while paid versions offer many more options and provide 

better information, which hampers employee productivity. 



71 
 

“The paid-to-use concept, the open AI platforms used to be a lot more 

informative”(Participant 2) 

“AI software now is expensive. It's not free. And a lot of free ones are, what's 

the word? They don't have all the capabilities of AI today. So if you're going 

to, you know, if you're going to make better decisions based on statistical 

analysis, data analysis, then you need to write a proper tool to do 

that”(Participant 8) 

AI technologies that make it difficult for users to obtain their required output or restrict 

what is possible can cause frustration, reducing employees' willingness to turn to AI 

for decision-making assistance.  

5.6.1.3   Output doubts 

Output doubts reflect employees' experiences with AI-generated outputs they cannot 

trust, requiring them to check sources for validity rather than relying on the data as a 

guide. Such output inconsistencies are noted below: 

“I feel doubtful using it on a daily basis, so I go back to questioning things. 

However, I must say 80% of the time my doubts are settled.” (Participant 2). 

“I've just always felt like you shouldn't totally just depend on it, because, again, 

that information it does provide isn't always accurate.”(Participant 3) 

“AI could misinterpret whatever you're asking it for or asking it to do. One big 

challenge, and I think it's maybe in line with some of the things I said earlier, 

is that you still need to fact-check.”(Participant 5) 

Leaders do acknowledge that AI technologies do, in fact, give out incorrect data, as 

noted by participants 11 and19: 

 “Check the results, if there's any hallucination.”(Participant 11) 

“Check that everything is right, everything checks, there's no hallucination in 

it, there's no funny things going on over there.”(Participant 19) 

 

Incorrect outputs require employees to validate outputs before taking action 

 , which keeps employees cautious, requiring them to review AI recommendations 

before implementing them in processes. Although good to do, it leads to delayed 

action and undermines trust.  
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5.6.1.4   Risks 

Risks are actions that can be detrimental to both employees' functions and the 

organisation. Employees who use AI technologies expose themselves to a position 

where, if careful action is not taken, they risk leaking organisational confidential data 

and their private information to the public domain, leaving them in a state of 

uncertainty. Such as leaking data to be used as AI technological training data, which 

could be accessed by others:  

“It is a corporate concern that information entered into AI, things could end up 

in the training data and that I think that's been a big barrier for the company” 

(Participant 1) 

“ I'm concerned about this, like privacy, for instance, your user's personal 

privacy. So you know, if you. One thing that I've experienced, if you continue 

to interact with a certain AI tool, it like gets to learn you if you, if you, if you 

engage a lot with it regarding personal issues, for instance. So it can, the 

model will like get to know you, your name if you provide those details” 

(Participant 5) 

Aspects such as those noted above are acknowledged by leaders: 

“So data security is the biggest risk in my opinion, because maybe our internal 

knowledge, our patterns, our IP, we don't want this to be used for retraining 

AI models, which we don't know of”(Participant 11) 

Besides data leakage, employees also highlight the risk of making decisions through 

the use of incorrect data: 

We're encouraged to question everything that we generate out of it because 

we do work in high-risk environments, and our products in the manufacturing 

of our products are relatively high-risk. We do run the risk of fires and 

explosions and that so in terms of products that we make and the AI uses” 

(Participant 2) 

Risks experienced by all users can result in detrimental organisational disruption 

and, to some extent, harm human life. This puts employees in a position where they 

feel exposed, break psychological safety barriers, and lose trust and confidence in 

AI. 
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5.6.1.5   Skill loss and job security 

Skill loss refers to the erosion of analytical and technical skills, which some of the 

participants highlighted that the over-leverage or over-use can result in the loss of 

skills:  

 “ It will deskill humans, it will jeopardise critical thinking.” (Participant 7) 

“ I try not to depend on it because I have this fear that I'm just going to kind 

of, I don't know, be dumb because I'm just going to depend on it a 

lot”(Participant 3) 

Though participants also highlighted that AI technologies will improve skills. Given 

employment fears, the general consensus among employees and leaders is that AI 

technologies will not affect their roles at this time, but there may be some impact in 

the near future. 

“I haven't felt doubtful given the specialised nature of my role. I don't think it's 

necessarily a big threat”(Participant 5) 

“ I think we're quite fine for the next five years” (Participant 12) 

Though one leader did argue that AI is not responsible for job losses, as it is just 

another piece of technology that, if used efficiently, can provide benefits: 

“is not the AI’s problem….I'm not sure if tagging that to AI and everything 

because that's got to do with any other type of technology to implement that 

automates, improves speeds, replaces people, all of them and creates 

savings”(participant 19) 

In general, skill loss can be noted if AI technologies are used inappropriately, but 

there is evidence of it improving skills and knowledge, and it seems that AI, for the 

time being, is not a major threat to employees within the continuous processing 

operations environment.  

5.6.1.6   Ethical AI use 

Ethical use of AI technologies refers to the responsible reasoning behind AI outputs, 

the responsible use of AI data, and fairness to all when using AI. Because AI is a 

coded system, it may possess biases, a lack of transparency, and discrimination.  

Employees need to understand the respective limits and risks before using AI; 

without ethical practices, decisions can be questionable and confidence conditional. 
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An unknown limitation can cause employees to continuously probe and refine 

outputs in order to attain an ethically perceived answer, as noted by participant eight: 

“So what I do is if I'm looking for a phrase or a sentence or something to help 

me with work, I'll adopt, give AI all the information, get a feedback, take that 

feedback, feed it back into AI and refine it until I as the human factor feel that 

it is now ethical to feedback to the rest of the cloud”(Participant 8) 

“also there's another aspect to it in terms of bias in the results because 

effectively search engines, AI is kind of like a search engine in that they 

generate revenue by driving consumers towards certain products”(Participant 

one) 

Participant one highlights how AI outputs can be unethical when coded for bias; in 

this case, the search engine directs potential customers to specific products.  This 

highlights the need for human oversight, as AI lacks the capacity to make emotional 

and moral judgments. Ethical decision-making requires human behaviours that 

machines cannot replicate; the emphasis on human oversight is imperative to 

ensuring ethical decisions are made. 

5.6.1.7   Capacity for change 

Capacity for change highlights how the organisation and its employees can adapt to 

AI-driven changes across psychological, operational, and structural aspects. The 

fast-evolving technological shifts of AI have brought about a feeling of uncertainty, 

overwhelming employees and signalling a limited capacity for change. Participant 

five highlights that AI technologies are not their key focus, illustrating a passive 

awareness and possibly no AI-focused learning time: 

“So there is awareness within the organisation regarding AI tools and 

capabilities, but it's not a core focal point within my space of work at the 

moment”(Participant 5). 

Participant six highlights that even though AI is promoted, there is a limitation in 

organisational adaptivity and responsiveness: 

“We haven’t moved fast enough to keep up with the technologies.” (participant 

6) 

“The support is there, and then even the encouragement to use AI is there” 

(Participant 7) 
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Participant 19 highlighted that at this moment, it is difficult to justify the use of AI and 

the cost of change management; return on investment does not outweigh the benefit 

of simply freeing up time for employees, as leaders question,” What are you going to 

do with those 15 extra minutes?” (Participant 19). So, the cost aspect, upskilling or 

firing, plus change management, is a big concern that leaders are looking at, which 

has slowed the AI adoption process for them. Below are some inserts from participant 

19: 

“if you subscribe to some form of AI…, you're looking at the hundreds of 

thousands of dollars a year.”…the return for the individual is not necessarily 

big enough to justify the cost of doing it.” …how would you do the change 

management, so if you're bringing AI in, what's the change in the company 

that you need to do to reallocate these skills people for reallocation, other 

work, different departments?” 

Overall, the participants highlighted a mix of organisational readiness, support, and 

the need to change, along with limitations they experienced, which could illustrate 

employee AI resistance.  

5.6.2   Theme 2: Enablers 

This theme focuses on what leaders have done to mitigate the barriers employees 

face when using AI technologies, to maximise the return on their technological 

investment, and to help employees meet their strategic objectives through improved 

decision-making. Enabling functions are noted in the sub-themes below and are used 

to reduce cognitive load, support employees, and clarify boundaries and 

expectations. 

5.6.2.1   Training 

Leaders have examined the landscape and implemented training programs and 

courses that expose employees to the tools needed to equip themselves, directly 

reducing the gaps noted in theme one. Exposure to training, hands-on coaching, and 

experimentation are all tools for reducing risk, building trust, and sustaining 

confidence in using AI.  

“We then partnered with Microsoft and NTT, and we've set up knowledge 

sharing, and we've set up training sessions”(Participant 10) 
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“internal learning platform and I think we, if you search there for AI trainings, 

you would find maybe around 50 to 100 hours of training” (Participant 11) 

“Workshops, hands-on coaching. We've even had announced workshops 

around it with cross-functional teams”(Participant 12) 

Though it was noted that some leaders had no internal or formal Ai training, they still 

exposed their workforce to external online courses, such as noted below: 

“…go on to LinkedIn, there are just AI courses everywhere” (Participant 13) 

“The supplier runs demo sessions for our entire team just to show them the 

capability of it” (Participant 16) 

For experimentation with AI technologies, leaders highlighted the following spaces 

made available: 

“But what you have are incubating hubs, have strategy workshops, you have 

digital studios.” (Participant 15) 

“…supporting AI has these has like kind of like a sandbox environment where 

people can go in and test and try things”(Participant 12) 

Although the leader did highlight training platforms, online courses, coaching, and 

experimentation spaces. Such training is very helpful for improving employee 

confidence and trust, though it was noted that training offerings were not 

standardised across organisations, and employees highlighted their frustrations. 

Such as noted below: 

“They must train us so we've got the knowledge, I guess or give us training or 

access to it. So we've got the knowledge of how to use the tool that they pay 

for ” (Participant four). 

5.6.2.2   AI transparency 

Transparency refers to the openness and clarity with which leaders communicate 

how AI systems function, how outputs are produced, and limitations. Such 

transparency is highlighted where leaders explained where  the respective AI data is 

stored, as noted below: 

“The selling point of Copilot as a tool set in our environment was that they 

brought around the benefit that you could localise your data” (Participant 10) 
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Knowing where data is stored helps reduce perceived risks, clarifies data control, 

and improves employees' willingness to interact with AI technologies. Leaders went 

further and communicated the ‘human-in-the-loop’ limitations and boundaries, 

ensuring that employees will always have the final say: 

“We build trust in regard to data governance, data security, data safety and 

so on. But when it comes to using the actual tools, we make them think, what 

about what they do and definitely check the results,”(Participant 11) 

This demonstrates clear guardrails and verification procedures, reducing concerns 

about misuse and promoting confidence in AI use. Leaders also provide SOPs for 

guidelines to be followed for clarification: 

 “SOP’s and standards” (Participant 14) 

“You have to capture it step by step and again in process-oriented, be it a 

commercial decision or production, with the decision you have to run the 

process in parallel” (Participant 15) 

Participants 14 and 15, note the SOP’s standards and a step-by-step process that 

operationalises AI transparency, reducing ambiguity and lowering cognitive load and 

perceived risk. This promotes safe AI adoption, use and builds confidence in AI-

driven data-driven decision-making 

5.6.2.3   User-centred design 

User-centred design highlights how AI technologies reduce cognitive load and make 

employees' tasks easier to manage and complete. The embedding of AI technologies 

in the workplace results in improved decision-making and more efficient employees. 

Such as the following: 

“AI can now tailor things and make things specific to individual 

people”(Participant 12) 

 “ AI assistant who will prewrite the e-mail to the customers ”(Participant 11) 

This is supported by employees, who have noted that the inclusion of AI in their 

workspace has reduced lengthy, time-consuming tasks and allowed them to focus 

on other strategic activities. This benefit helps employees feel more at ease and 

confident using AI technologies.  
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5.6.2.4   Governance coherence  

Governance coherence refers to the alignment between implemented policies, the 

control of AI technologies, and their communication. This is an enabler that ensures 

employees work safely and understand the rules and precautions required when 

engaging with AI technologies. Some leaders have a team to drive their journey, such 

as participants 10 and 12, as noted below: 

“Together as part of the AI task force to start shaping what this journey looks 

like - shaping the AI journey” (Participant 10) 

“We've got a steering committee that drives our technology adoption in IT, and 

it's very clear.”(Participant 12) 

Constant engagement and communication of rules, led by a dedicated team, are 

essential to governing and guiding employees to operate safely. 

5.6.3   Theme 3: Governance and ethics 

This theme highlights the formal controls needed to ensure AI is used responsibly, 

including who can use it, what is allowed, and how accountability and decision-

making reviews are conducted. The theme builds on theme two above, focusing on 

establishing formal organisational structures and controls to contain risk, guide 

employee behaviour, and institutionalise responsible AI use. 

5.6.3.1   Decision rights 

Decision rights refer to the stakeholders involved in approving the use of AI 

technology and the respective paths employees and leaders must follow to accept 

or reject user AI requests. Some participants have noted that their organisation uses 

specialised teams of key organisational leaders who determine whether individuals 

are fit to use AI technologies, based on their justification and roles. Such is noted 

below: 

“Bring it through to the AI task force, and then a decision can be 

made”(Participant 10) 

“So we created something called an AI task force” “Bring it through to the AI 

task force, and then a decision can be made” (Participant 13) 
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“We have a thing called Global Contract Management. So in order for us to 

initiate a contract like a ChatGPT subscription, that would have to go to Global 

Contract Management.”(Participant 1) 

Some leaders take on the authority by themselves since they are not part or do not 

have a team available: 

 “My role is the role of a translator or explainer” (Participant 11) 

Leaders use either global teams, local teams, or themselves to authorise tools, which 

can be beneficial when employees are known to the respective stakeholders, but it 

can also be a frustrating process.  

5.6.3.2   Guardrails 

Guardrails refer to controls implemented through policies that define boundaries, 

provide warnings, and specify what is approved and what is not. These help ensure 

that organisational and employee confidential information is not leaked to online 

platforms and guide all AI activity to be conducted in a safe, controlled environment. 

Leaders publish policies and procedures to employees so that they are aware as 

seen below: 

“guidelines published on our internal employee platform when it comes to 

which data can I use”(Participant 11) 

“We took away all the other systems, so our SOPs and policies are all now 

according to those AI factors. So everybody have to learn it. ”(Participant 14) 

“You know it's not allowed in this business. Do not put anything into ChatGPT, 

you know, and it's for the simple reason that we don't want our data to be out 

there. So the policy was the guardrails that we put in place, and it was very 

restrictive.”(Participant 10) 

Guardrails are in place to ensure company secrets remain company secrets, and 

employees using AI technologies do so safely and under control. The boundaries set 

by guardrails provide leaders with some control and aim to remove all risks. This 

safety net has been beneficial to all stakeholders and promotes trust and confidence 

in understanding what can and cannot be done. 
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5.6.3.3   Accountability 

Accountability refers to the traceability of decisions made while adhering to relevant 

quality and regulatory standards. This ensures that the right person makes the 

decisions and can be held responsible for both good and bad ones. An example is 

noted below by participant 12: 

“There's a clear understanding of the ownership of it and you know, even if 

it's AI making the decision, where that's where that responsibility ultimately 

sits so that people understand what their roles are”(Participant 12) 

“ I think one of the things I obviously enforced is that accountability will always 

stay with the person itself.”(Participant 16) 

Accountability is important in decision-making, as it creates a learning/feedback loop 

that helps people improve themselves and refine their practices. It also aims to 

ensure that the human-centric approach is sustained and to provide employees with 

intellectual stimulation at work. Although it can have negative implications, 

accountability is sought to ensure that automation biases do not lead to incorrect 

decisions. 

5.6.4   Research question 3 - Summary  

The research question focuses on the aspects that prevent, enable and solidify 

employee-AI collaboration. Across participants and insights, the barriers noted, such 

as output reliability, risks, and skill gaps experienced by employees, indicated that 

these factors led to conditional trust and confidence and to resistance to fully utilising 

AI technologies. This resulted in a slow uptake of AI technologies within the 

continuous processing operational environment. On the other hand, leaders 

highlighted organisational level enablers such as training, experimentation, 

coaching, limitation notices, and policies that were made available, implemented, 

and communicated to ensure aligned, safe use of AI technologies. 

Furthermore, leaders are creating more impactful formalised governance through 

decision rights, guardrails, and the enforcement of accountability, which will create a 

faster, organisationally aligned, and safer environment for AI use, together with 

auditable paths for AI use. However, the organisation's capacity for change remains 

an important aspect that needs to be further improved, as cognitive, structural and 

pace tolerance are still maturing, which are silent factors that can impede employee 

confidence and trust in using AI technologies 
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6. Discussion 

6.1 Introduction 

The discussion chapter critically interprets the findings from the previous chapter 

(Five) and provides an in-depth analysis of their significance. This interpretation of 

Chapter Five’s findings has been structured around the three research questions 

stated in Chapter Three. It integrates the theory and prior literature noted in Chapter 

Two, adds the context of Chapter One's continuous processing operational 

environment, and incorporates the methodological approaches noted in Chapter 

Four.  

This method creates a coherent, tightly linked narrative across all the chapters thus 

far, promoting a consistent, well-rounded discussion that integrates real-life practical 

experiences and understanding with an academic analysis. Notably, all participants, 

leaders, and employees are from continuous processing operations across South 

Africa. Each participant provided a diverse and interconnected perspective on how 

they perceive AI technologies, as well as on how their organisation is navigating this 

new, fast-moving, and evolving technology that has hit leaders hard and fast. Such 

insights and perspectives depict the realities of AI use and adoption, the pressures 

facing leaders, and the respective challenges and leader enablers required to 

achieve confident employee-AI collaboration. 

The sections that follow in this chapter will present a structured analytical approach, 

with the core findings interpreted and linked to the lenses of TL, HATs, readiness, 

and explainability. This chapter will examine the deeper meanings, which will either 

confirm, extend, or contrast with existing literature, and reveal mechanisms and 

tensions that support leadership-driven employee-AI collaboration within continuous 

processing operations. 

This chapter aims to provide useful, meaningful insight into the rapidly evolving 

technological landscape of AI-enabled, data-driven decision-making, in which 

leaders must operate and excel. In addition, this chapter will illustrate how leadership 

actions, behaviours, organisational learning structures, and governance procedures 

and processes collectively come together to promote the use of AI technologies and 

enhance employee-AI collaboration, or lead to their ultimate failure.  The findings of 

Chapter Five, presented here, interpret the conceptual framework developed in 

Chapters One and Two, which outline and position leadership-driven employee-AI 
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collaboration as the central focal point shaping effective decision-making within 

continuous-processing operational environments. 

6.2  Research question 1 

 

 

 

 

Building on the findings from the previous chapter (Chapter Five) and addressing the 

first research question, the focus centres on frontline employees' perceptions as they 

are exposed to AI technologies and have them integrated into their daily tasks. The 

question also focuses on how leadership actions and behaviours have created an 

environment that fosters confidence, trust, and a willingness to use AI for enhanced 

decision-making in continuous processing operations. These employees are front-

line workers involved in advanced Industry 4.0 technology implementations, as they 

are closest to real-time operations and interact with AI-enabled systems for real-time 

decision-making (Frank et al., 2019). 

Existing literature suggests that leadership support shapes employees' behaviour 

regarding AI use, and that the dimensions of TL strengthen employees' trust, 

confidence, and behaviours related to AI engagement in decision-making (Buil et al., 

2019; Siangchokyoo et al., 2020). Given the importance of frontline employees, it is 

essential to analyse their perceptions of trust, leadership guidance and support, 

governance, and learning and growth, as these emerged as key factors in ensuring 

confident and trustworthy use of AI for decision-making in critical process operations.  

This emphasis echoes promoting a human-centric, augmentation-based adoption 

model, emphasising the need for employee oversight for effective decision-making 

(Schmutz et al., 2024). Having interviewed participants from South Africa, the 

discussion will analyse how these mechanisms are employed in the local South 

African industrial context and how they have moulded employees' behaviour and 

confidence in engaging with AI technologies. This discussion will follow the 

respective theme patterns noted in table six.  

Research Question One: 

What is the employee perspective of leadership support with engaging with AI systems, 

and what is the effect on employee decision-making confidence and effectiveness?  
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6.2.1   AI decision use 

The study found that employees expressed a strong interest in AI technologies, as 

they understand that these technologies offer broad benefits. The first finding 

confirms the claim by Mayer et al. (2025) that employees have been using AI far 

more than leaders anticipated. Employees noted that they have been using AI 

technologies for both personal and work-related purposes to provide a so-called 

‘head start’ on issues they face. In addition, employees noted the use of AI to provide 

insights and guidance on fault-finding and tackling process issues, to gather and 

summarise vast amounts of literature to make quick decisions, and to structure or 

draft reports for them. This confirms the rapid adoption of AI systems and 

technologies by employees within the continuous processing operational 

environment. 

Employees characterise the use of AI in continuous processing operations as a 

decision accelerator, emphasising its role as a supportive, collaborative tool. 

Combining this benefit with employees retaining their human contextual sense-

making has enabled them to access information faster and improve decision-making 

under the critical pressures of noted continuous processing operations, while 

retaining their own human judgement to make the final call. The retention of human 

judgment reflects a primary trust concern identified by employees, supported to an 

extent by organisational guardrails and leader guidance. This is linked to the use of 

HATs within the operational environment, adherence to the requirements of 

responsible AI (Meske et al., 2022; Schmutz et al., 2024), and the use of AI 

augmentation strategies by employees. 

The employees have noted that an AI system cannot fully understand their processes 

and replace the experience gained from working on continuously moving processes. 

In addition, they have noted output errors when entering prompts into the system. 

This has resulted in employees always verifying the sources of AI output and, if 

unsuccessful, referring back to manuals or relevant standards before implementing 

a decision. These actions, or the verify-before-act routine refers to the explainability 

and transparency objectives highlighted by Meske et al. (2022). This confirms the 

use of explainable AI requirements, which highlight that an AI user needs to be able 

to check and justify AI outputs in order to make the correct decisions. This process 

can be seen as a structured workflow that describes how employees and AI 

technologies interact during a task, promoting and supporting AI augmentation in 
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continuous processing environments. By AI providing insight and the employee 

serving as the reviewer or accountable decision-maker, this highlights an extension 

of the automation-augmentation paradox, clarifying how augmentation must be 

implemented to resolve tensions between automation and human involvement 

(Raisch & Krakowski, 2021). 

The full substitution approach cannot be implemented within continuous processing 

operations due to these organisations having data that is not AI-ready, along with 

operational process demands that are critical for safety, compliance, and standards. 

This supports the automation augmentation paradox, where it highlights that an 

overemphasis on making use of automation can cause negative effects to the 

organisation (Raisch & Krakowski, 2021), and thus, the displacement of human 

oversight remains vital to continuous operations. Thus, this contrasts the claims of 

fully automated processes and confirms that augmentation is a far better option for 

organisations to adopt. This works in favour of employees, as it promotes 

augmentation over substitution to prevent unwanted process failures. 

6.2.2   Perceived leader support 

The study findings noted that the way leaders support their employees is a strong 

predictor of whether employees will be encouraged to use AI in their day-to-day 

activities. As leaders can only take a technology initiative as far as their leadership 

support allows. Employees highlighted that their confidence was directly a result of 

how their leaders supported them, from their direct managers to senior management. 

The crucial points noted in perceived leadership support were encouragement, 

enablement, and operational modelling.  

Employees’ perceived leaders foster a psychologically safe environment by 

encouraging AI use, explaining its value, and demonstrating a positive attitude 

towards this new technology, thereby improving employees' confidence in AI. In 

addition, several employees highlight that visible leadership, in which leaders 

regularly set up forums and sessions to share AI information and discuss relevant 

topics, helped normalise the use and collaboration with new AI technologies. This 

aligns with and emphasises the role of TLs, who are noted for motivating, 

empowering, and fostering a safe environment through communication, coaching, 

and guidance to achieve respective outcomes (Siangchokyoo et al., 2020). This 

confirms the influence of an employee on technology adoption. 
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However, several employees explicitly emphasised that leadership support was 

either absent or uneven across teams. Leaders offered only surface-level support, 

such as sending general communications, but employees lacked the equipment and 

support to engage with the implemented technology. This lack of support highlighted 

that employees were not equipped to adopt AI technologies effectively, as they 

lacked resources and faced constraints. Employees emphasised that 

encouragement without enablement was not optimal as it decreased their confidence 

and trust. It was also emphasised that limitations included access to technology 

systems, as employees could not obtain full technological access (e.g., due to limited 

licensing features), which reduced adoption. Although employees highlighted that 

leaders created AI specialist teams to assist with queries and access, and structured 

enablement plans, these also contributed to slow approvals and employee 

frustration. Another note of employees feeling unequipped was the call for training 

and exposure, which some employees did not receive. These outcomes undermine 

existing literature, which emphasises that leaders who are visible and show 

employees support shape their AI interactions; these actions contradict/contrast with 

these ideals when such enablement is not present (López Cabarcos et al., 2022).  

Leaders who exhibited coaching and modelling AI use, whereby leaders illustrated 

to employees in operational contexts what they do and how they do it (AI prompts), 

together with how they would validate data during their respective forums, provided 

true insight and solidified responsible AI use for them. Leaders who have presented 

their workflows and validation methods, as well as shared use cases, have helped 

demonstrate how employees need to use the technology responsibly, and 

employees have highlighted that this was very impactful for them. This has created 

a safe environment for learning and fostering confidence. This leadership behaviour 

extends the TL’s dimension of idealised influence and individualised consideration, 

of translating AI concepts and strategies into respective actions (Buil et al., 2019). 

This extends TL by leaders providing technology-specific leadership practices. 

6.2.3   Explainability and trust 

The study findings highlighted that employees' trust in AI technologies is conditional, 

as they want to know how AI outputs are derived so that they are explainable and 

can be validated against a trusted source. They have emphasised that, due to a lack 

of transparency and understanding, they would only consider using the 

recommendation once they could evaluate the source references, rationale, and 
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derivation. They also highlight that they rely on traditional methods, such as manuals, 

SOPs, and their own experience, for verification. This is because employees have 

seen numerous instances of incorrect outputs from AI models, ranging from near-

correct to completely incorrect.  

These experiences support the behaviours noted in section 6.2.1 (verify-before-act), 

ensuring that employees can make better judgments and produce safer outputs, 

thereby avoiding process delays or organisational damage. Explainable AI aligns 

with Meske et al. (2022), who argue that trustworthiness in AI systems depends on 

their being interpretable, transparent, and understandable to humans/employees, so 

as to enable a justified analysis before a decision. The findings support the 

responsible AI conditions noted by Meske et al. (2022). 

To foster a safe environment, organisational leaders have, to an extent, 

communicated, either verbally or in writing, along with formal policies and 

procedures, what is allowed and what is restricted when using AI systems. These 

guardrails provide a clear guide to restricting uploads of sensitive organisational data 

and support responsible AI use. This guidance, restriction, and respective 

boundaries established by leaders have created an environment in which employees 

acknowledge boundaries, understand limitations, and manage data and usage 

functions, resulting in more confident AI users and less fear within the continuous 

processing operational environment. These policies and procedures have defined 

the use of AI and clarified boundaries that align with the governance principles of AI 

use (Meske et al., 2022). Therefore, the findings confirm that governance and 

explainability are intertwined, as they both go hand in hand to stabilise AI use and 

adoption. 

Employees' routine practise of manually checking and verifying AI data outputs 

operationalises explainability, requiring that outputs enable employees to investigate 

and interrogate them to avoid blind reliance (Dican, 2025). The noted findings extend 

explainability by highlighting how employees within the continuous processing 

operation implement verification loops and by illustrating the verify-before-use 

routines that counter automation bias to attain correct, accurate outputs that provide 

insights for decision-making. This understanding and interpretation correlate with the 

broader explainable AI literature, which argues that trustworthiness in AI systems 

depends on their being interpretable, transparent, and understandable to 

humans/employees, enabling a justified analysis before a decision (Meske et al., 
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2022). The findings also show that employees rely on explainable outputs to make 

responsible, ethically grounded decisions under the pressures of continuous 

processing environments, which complements Dican’s (2025) debate that all 

explanations must support employee oversight. This is reinforced by AI trust 

literature, which illustrates that explanations and transparency are vital for trust in 

critical process settings (Glikson & Woolley, 2020).  

6.2.4   Empowerment 

The study findings showed employees viewed AI empowerment through the lens of 

how AI helps them be more effective at their work, the accessibility of relevant 

learning opportunities, and mentoring guidance from their leaders. Employees 

described using AI as more constructive and as a way to move past the mundane, 

repetitive, time-consuming tasks that keep them busy, distracted, and unable to 

concentrate on more “strategic tasks”. Employees emphasise feeling empowered 

when AI technologies help them deliver quicker, more effective results and decisions, 

making them more efficient and effective, thus promoting their relevance at work. 

This correlated the TL’s individualised consideration and intellectual stimulation, 

whereby leaders challenge employees to complete difficult tasks, highlighting their 

belief in employees' potential to resolve operational issues at hand (Buil et al., 2019; 

Siangchokyoo et al., 2020), thereby confirming the establishment of empowered 

pathways.  

Employees have highlighted a constraint: the lack of learning opportunities made 

available to them by their leadership teams, particularly noting that these 

opportunities are non-existent and inconsistent. The lack of formal training has led 

employees to seek external public offering learning routes, resulting in some basic 

knowledge but leaving them in the ‘trial and error’ phase of using AI technologies. 

Examples of sought-after training include Udemy and YouTube videos. This is a 

direct contrast to the literature on leaders' responsibility for fostering a 

psychologically safe environment that facilitates employee growth and upskilling 

(Glikson & Woolley, 2020). This can also be viewed as a lack of employee 

enablement, leaving employees feeling unempowered and potentially lowering 

morale and motivation. 

 In some organisations, employees reported being mentored and coached by 

leaders, particularly when leaders guide them through difficult tasks, allocate time for 

team mentoring and guidance, and set moderate-to-difficult development tasks to 
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foster a learning culture. These contributions by leaders helped employees broaden 

their skill sets, strengthen their self-efficacy, and signal leaders' commitment to the 

well-being and growth of their workforce. This aligns with TL’s inspirational motivation 

and confirms that leadership is present in designing respective growth paths (Buil et 

al., 2019; Siangchokyoo et al., 2020) to accelerate the learning curve and enable 

employee-AI collaboration more quickly.  

Empowerment also aligns with the Industry 5.0 pillars, which emphasise employees' 

growth and development to enable co-creation between machines and humans 

(Ghobakhloo et al., 2024). This aspect confirms employees' empowerment to use AI 

responsibly (Ghobakhloo et al., 2024).  

6.2.5   Research question 1 - Summary 

Research question one investigated how employees closest to the process lines 

(frontline employees) view the leadership support provided to them by their 

organisational leaders. This perceived support would provide a platform to influence 

employees' confidence, trust, and behaviour in engaging with AI technologies to 

improve decision-making. The findings showed that employees had a positive 

attitude toward AI technologies and saw them as a useful accelerator, but their trust 

and confidence were shaped more by leadership support, clarity, and consistency 

than by the technology itself. Inconsistent training, leadership support, and uneven 

enablement have affected employee behaviour, resulting in slow adoption and a 

cautious approach to AI technologies.  

The interview findings and interpretations have highlighted the importance of 

leadership behaviour as the driving force that can shift AI technology from a source 

of uncertainty and distrust to a trusted, collaborative tool. In continuous processing 

operations, the relationship between leadership support and employee confidence is 

significant in determining whether AI technologies can be used safely, effectively, and 

efficiently to achieve the required results and meet organisational objectives. Also, 

the role of leaders adopting and utilising transformational leadership practices 

highlights a critical interpretive role in creating employee behaviours for AI use in a 

manner that can be used safely and confidently for their decision-making.  
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6.3  Research question 2 

 

 

 

 

 

Building on the findings from Chapter Five, research question two shifts the analytic 

lens from employees to organisational leaders, whose strategic behaviours and 

actions are key to shaping the understanding of AI technologies. They are 

responsible for governing and integrating AI technologies into their IT and process 

systems. In a hierarchical industrial environment, leaders frame the purpose of AI, 

outline responsible and behavioural expectations, and facilitate and create structures 

for learning that enable responsible use and capability enhancement.  

As noted by Porfírio et al. (2020), leaders take on several roles during a DT process, 

and part of their responsibilities is to provide a clear AI strategy/vision that aligns with 

their goals. This aligns closely with the ideals of Industry 5.0, which highlights leader-

driven workforce growth, readiness and willingness to engage with technologies 

(Ghobakhloo et al., 2024). 

In addition, the TL framework is vital to understanding these leadership roles. The 

dimensions of TL provide a basis for leaders to prioritise employee motivation, frame 

technological change, enable experimentation, build trust, and manage the risks 

associated with integrating AI technologies into continuous processing operational 

environments (Buil et al., 2019; Siangchokyoo et al., 2020).  

The themes noted in Chapter Five, Table Seven (vision and reasoning; engagement 

practices and sustained adoption) provide an overview of how leaders have 

translated their strategic intentions and objectives for the organisation into daily 

practices that have shaped employees' AI interactions and enhanced decision-

making. 

6.3.1   Vision and reasoning 

The study findings note that all leaders expressed keen interest in AI technologies 

and their benefits. Leaders frame the use of AI as an augmentation, enabling 

technology, and not a replacement strategy. The justification for implementing AI 

Research Question Two: 

How can leadership practices be created and sustained in a collaboration of AI systems 

for employees for decision-making enhancement?  



90 
 

technologies ranged from cost optimisation, safety, production efficiency, strategic 

competitiveness, and top-line growth. AI was described by leaders as a supportive 

tool that would allow employees to minimise or offload routine, mundane cognitive 

tasks and focus on other, more important tasks. This aligns with Industry 5.0, in which 

augmentation is prioritised to grow employees and not replace them (Ghobakhloo et 

al., 2024; Xu et al., 2021). This strategic framing of augmentation confirms its stance 

and role, while providing clarification to employees regarding how the AI systems will 

operate and dispelling ideas of substitution. 

Leaders consistently framed and emphasised that AI was there to help, validate, 

support, and enhance abilities, enabling employees to make timely and accurate 

decisions in fast-paced, continuous-processing operations. To create awareness and 

engagement, and to share insights with their workforce, leaders emphasise the use 

of continuous communication strategies. These include, but are not limited to: town 

halls, cascaded policy documentation, coffee sessions, email communication, and 

information sessions. These sessions were created to facilitate knowledge sharing, 

allow employees to ask questions and receive answers, and explain the AI’s 

purposes, risks, and the outcomes leaders ultimately wanted. By ensuring constant 

communication, leaders aimed to reduce fear, but it was also essential to provide 

support, as new technology can either deliver major benefits or cause major 

problems. The strategic approach confirms that leaders need only use their 

respective communication strategies rather than coercive ones to overcome 

concerns, as outlined in the literature (Hansen & Pihl-Thingvad, 2019). 

Though many leaders highlighted that AI integration and implementation were still in 

their early stages of maturity, even though some had begun planning years in 

advance. Some leaders highlighted that they are risk-averse and would prefer to 

proceed slowly with the adoption and implementation process, with adequate 

planning to avoid negative effects. This extends the literature by illustrating that the 

pace at which AI is adopted is a governance choice (Xu et al., 2021) 

A leader's sense of creating a vision or strategy links back to TL’s inspirational 

motivation, and when DT's ambitions become tangible through the deliberate use of 

structured, effective communication cycles and planning efforts. This confirms the 

aspect of turning a theory into practice by leaders through proper intent and 

behaviour practices. (Hanelt et al., 2021; Siangchokyoo et al., 2020).  
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6.3.2   Engagement practices 

The study found that leaders made efforts to engage with their employees to ensure 

they use AI responsibly, safely, and confidently, thereby challenging outputs and 

providing environments where employees can experiment with the implemented AI 

systems. These practices were used to ensure that employees use AI outputs not as 

a final answer but as a starting point, which aligns with AI-augmentative strategies. 

This also maintains equilibrium regarding the automation-augmentation paradox, 

ensuring that employee oversight is maintained and that the human-in-the-loop 

requirements of responsible AI use are met (Ghobakhloo et al., 2024; Meske et al., 

2022; Raisch & Krakowski, 2021; Xu et al., 2021). 

It was noted that leaders consistently emphasised the need for employees to check 

and verify AI outputs. Leaders instituted mandatory verification steps, such as 

checking references/sources and understanding the output. If it seemed ‘off’ or if the 

reference cannot be found, then it's probably a hallucinated output. Some leaders 

did highlight that they probe employees about how they got to answer and what their 

reasoning was, whereas others just enforce the steps of checking. Probing 

normalises the process and builds trust; this process of verification aligns with 

responsible AI literature, regarding output traceability and transparency, and TL’s 

intellectual stimulation, promoting employees to be analytical and critical on 

acceptance of outputs (Glikson & Woolley, 2020; Meske et al., 2022; Siangchokyoo 

et al., 2020). This finding confirms the need for explainability for trust. 

Another engagement practise that leaders make available is inviting employees to 

information sessions, question-and-answer forums, and large meetings, and 

encouraging them to openly criticise, provide recommendations, share problems and 

experiences. The critique session allows the AI technology implemented to withstand 

scrutiny and to highlight that it was the best option for the organisation. This 

leadership behaviour extends TL’s intellectual stimulation and idealised influence, 

which promotes critical thinking for questions and understanding, together with 

creating or reinforcing the psychological safety for employees having the courage to 

report and point out errors  (Buil et al., 2019; Glikson & Woolley, 2020; Siangchokyoo 

et al., 2020). The outcomes of this type of engagement confirm TL’s promotion of 

learning and extend it through review rituals that promote employees to debate 

outputs and not just follow them 
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Where some employees complained about a lack of exposure, leaders created an 

experimentation arena/environment, some called it sandboxes, and others hubs or 

studios to promote learning and reduce organisational risk. These were used to allow 

employees to immerse themselves in a safe environment where they can freely work 

with, test, optimise, and break the AI system, with no effect on operations. These 

environments benefit employees by providing a source of learning (Enholm et al., 

2022; Pathirannehelage et al., 2024), raising confidence and understanding, testing 

system boundaries, and allowing leaders to note employees' responses after their 

respective sessions. This finding confirms practical guidance on AI systems and 

promotes augmentation.  

This approach also aligns with the human-centric pillar of the industrial paradigm 

(Industry 5.0) in regard to augmenting human capability with controlled platforms that 

retain employee judgement in workspaces where line decisions carry process 

impacts (Ghobakhloo et al., 2024). This finding confirms the necessity of human-

centric augmentation. 

6.3.3   Sustained adoption 

The findings show that leaders stabilised the adoption of AI technologies by 

allocating authority over AI systems to specific roles, enabling deeper awareness and 

support among employees. Leaders also created learning pathways that enabled 

employees to develop their skills and confidence with AI technologies and outlined 

the sequence for expanding their AI capabilities over time. These practices helped 

AI remain a value-added investment that was well understood by all, aligned with 

organisational objectives and contributed to risk reduction within operational 

processes.  

Leaders highlighted the use of targeted roles, in which they selected specific 

individuals who possessed either the skill set or position authority to control access 

to AI technology, review user case justifications, and manage queries and licensing. 

It was also noted that only employees whose role and responsibilities made them 

eligible, or who would be of further value, would be granted access; otherwise, 

access would be denied. This aligns with TL’s individualised consideration, in which 

AI access is tailored to an employee based on their organisational contributions and 

responsibilities, while maintaining responsibility boundaries (Buil et al., 2019; 

Siangchokyoo et al., 2020). This confirms the use of responsible AI governance, in 

which respective roles determine AI use and platform controllability. 
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(Papagiannidis et al., 2022). This approach contrasts with TR’s broad rollout, with no 

review of user skill set or predetermined uses.  

Leaders highlighted that training was available to employees and that they were still 

developing a proper learning structure for them. Because the technology is relatively 

new and processing operations are ongoing, leaders are still trying to determine the 

appropriate training paths for their employees. Though it was noted that some 

organisations had internal training available or used external training. This correlation 

to TL’s intellectual stimulation and industry 5.0 human-centric development 

objectives (Xu et al., 2021). The strategy by leaders allowed for role-based training 

together with hands-on experience confirm the building of  confidence and trust in AI 

systems (Enholm et al., 2022; Koh et al., 2019) 

Leaders highlighted a slow approach to AI expansion, as their current AI maturity is 

still in the early stages of implementation. There was no support for AI roadmaps or 

AI directions either, as leaders highlighted that they still needed to figure out the 

direction to take. Some leaders highlighted that they will shift AI systems into other 

areas or within their organisations; others said they will use newer AI technologies; 

and others were still at the trial-and-error stage. The slow implementation aligns with 

the claim that organisations lack the necessary skilled employees to facilitate, 

manage, and integrate technologies (Bai et al., 2020; Gaffley & Pelser, 2025). The 

slow expansion also aligns with the caution in the literature and helps ensure the 

automation augmentation paradox remains in a balanced equilibrium (Blaurock et 

al., 2024; Raisch & Krakowski, 2021). This confirms that continuous processing 

operations in South Africa lack the skills to take on and implement AI technologies at 

the pace we need. 

6.3.4   Research question 2 - Summary 

Research question two examined how leaders created practices and sustained the 

adoption and use of AI technologies. Findings showed that leaders consistently 

described AI as an augmentation tool, emphasising that its purpose was to assist 

employees rather than replace them. Further clarifications of its role, purpose, use, 

and governance were communicated clearly through respective communication 

strategies. To ensure adequate and responsible use of AI technologies, leaders 

employed engagement practices. These practices allowed employees to critique the 

AI technology and system, showed them how to verify outputs, and explained how 

to use the experimental resources and spaces that leaders made available.  
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Leaders sought to sustain AI adoption and use through role-based access, 

empowering specific knowledge groups or employees to identify and help others. 

They sought to develop adaptable learning strategies to address diverse employee 

learning needs. And leaders also adopted a deliberate, slow yet cautious AI rollout, 

to protect organisational operations and maintain stability. These practices, 

combined, helped translate leaders' strategic intentions into daily activities and 

behaviours that keep it relevant and value-adding within the continuous processing 

environment.  

These practices illustrate that leaders shape the conditions for sustaining employee-

AI collaboration, not just through technology implementation. By leaders reinforcing 

the human-in-the-loop, allowing employees to maintain final judgment, fostering a 

psychologically safe environment for experimentation, and ensuring access 

governance and learning, leaders turn AI into a reliable decision-support tool. Having 

a reliable tool is vital to the high-risk and pressure of the continuous processing 

operational environment. Therefore, leadership strategic capabilities are a critical 

factor in determining whether AI technologies support and enhance decision-making 

or introduce further risks into their processes. 

6.4  Research question 3 

 

 

 

 

Building on the findings from Chapter Five, the third research question adopts an 

integrated approach of understanding the broader organisational conditions that 

shape employee-AI collaboration within continuous processing operations. Unlike 

the first two research questions, which examined separate perspectives, this 

research question integrates them to identify the systemic influences, both 

supportive and constraining, that enable effective AI use in this high-pressure 

environment. Such influences include barriers, system and organisational limitations 

and constraints, governance concerns and technological enablers. The identification 

of these factors is crucial to avoiding costly process stoppages and to ensuring AI is 

used as an augmentation tool without adding risks to the process. 

Research Question Three: 

What are the risks, barriers and enablers of empowering and equipping employees to 

make decisions in collaboration with AI systems in this environment?  
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The findings align with existing literature.  As industry technologies evolve toward 

industry 4.0 and 5.0, which in their transformative nature illustrate great potential 

benefits, their implementation continues to introduce social-technical risks, which 

include deskilling, explainability issues, increased cognitive loads and systems flaws 

(Berente et al., 2021; Mayer et al., 2025; Meske et al., 2022; Schmutz et al., 2024). 

Research further highlights that employee trust in AI use depends on the perceived 

reliability and clarity of governance structures and decision-making boundaries 

(Glikson & Woolley, 2020).   

The themes noted in Chapter Five, Table Eight (barriers and fears, enablers, 

governance and ethics) offer an overview of where current organisational gaps 

persist and where existing systems support safe and responsible AI use. Together, 

these themes highlight which governance mechanisms need to be improved and 

what conditions need to be created so that employees feel safe, protected, 

empowered, and ultimately enhance their decision-making within the continuous 

process operational environment. 

6.4.1   Barriers and fears 

The findings from employees and leaders have highlighted the respective constraints 

they experience, which have hindered and, in some cases, restricted employees 

from effectively and efficiently confidently using the implemented AI technologies to 

facilitate enhanced decision-making. Such barriers included skill gaps, AI system 

usability issues, AI output concerns, AI data risks, concerns about being deskilled 

and job security, ethical choices, and limitations in organisational capacity for 

change. These refer to the respective risks noted in Chapter 2. 

Employees expressed frustration about limited skills, knowledge, and experience 

with AI technologies, which emphasise the capability aspects that inhibit behaviour 

towards AI. The limitations of AI exposure, the lack of formal training, and insufficient 

documentation on how to prompt properly and validate efficiency were identified as 

key obstacles affecting employees' use of AI.  Such capability gaps were not just an 

employee issue but an organisational concern, which raised trust issues. This aligns 

with the literature, which highlights that skills development, alongside interpretability 

and transparency, can build trust in AI use (Enholm et al., 2022; Koh et al., 2019). 

This confirms prior research indicating that employees lack the expertise and 

knowledge to use AI technologies confidently and require training (Bai et al., 2020), 
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and that industry paradigms are impacting employee skills development (Koh et al., 

2019). 

Employees noted that the usability of AI technology was uneven. The paid AI versions 

provided better interaction and were easier to use, and they delivered ‘first-time’ 

outputs. They currently experience issues with outputs, prompts, and AI systems that 

aren't very user-friendly. This aligns with Schmutz et al. (2024), who note that poor 

usability will reduce employee-AI collaboration. This confirms that when AI systems 

are more usable, trust and adoption improve (Schmutz et al., 2024). Another closely 

related issue was the noting of output errors. Employees emphasise that AI systems 

produce outputs that are not always correct or may hallucinate, thereby reducing 

trust and necessitating a verification process to ensure accuracy. This links to the 

responsible AI literature, which highlights and confirms that outputs need to be 

reliable, traceable, and explainable to prevent blind trust in outputs 

(Meske et al., 2022). 

Employees highlighted their concerns and fears about risks introduced by AI, such 

as privacy breaches (the release of personal data to the public) and the exposure of 

organisational secrets or secure documents. This highlights the socio-technological 

risks within AI adoption, including fears of information used to train the model, 

uncertainty of where data could end up, and respective AI security vulnerabilities, 

highlighting and motivating responsible AI for respective governance controls 

(Berente et al., 2021; Meske et al., 2022; Papagiannidis et al., 2022). This confirms 

that the lack of security creates respective data leaks, which in turn highlight the need 

for formal governance controls. Further concerns include the use of incorrect AI 

outputs for decision-making, leading to operational risks from misused information 

and industry safety risks. This aligns with AI outputs being unpredictable, as they 

may present blatant misinformation or half-truths, requiring a human verification and 

augmentation process (Frank et al., 2019; Raisch & Krakowski, 2021). This confirms 

the need for employee oversight and verification practices (Frank et al., 2019; Raisch 

& Krakowski, 2021). Incorrect outputs extend the literature illustrating how, within 

continuous processing operations, augmentation is operationalised.  

Employees highlighted that they could lose some of their skills due to over-reliance 

on AI technologies, which restricted AI use. This aligns with and confirms the 

literature, which shows that employees fear being deskilled (Berente et al., 2021). 

Employees also expressed no concerns that AI technologies will threaten their 
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employment for now, though some noted a potential future risk in their operational 

environment. The key reason cited by employees for a lack of threat confidence was 

the possession of specialised skill sets that cannot be replaced by AI. These findings 

align with the literature on substitution, which suggests that substitution strategies 

can replace employees (Strich et al., 2021). However, in the critical, high-pressure 

environment of continuous processing operations, process continuity still requires 

specialised skills, contextual understanding, and ethical judgement, which are 

attributes that no AI system can replicate (Dican, 2025; Raisch & Krakowski, 2021). 

This confirms Industry 5.0's human-centric framing of AI as an augmentative tool, 

and not an employee replacement initiative, and that human skills remain crucial for 

operations (Dican, 2025; Ghobakhloo et al., 2024; Xu et al., 2021). 

Regarding ethical considerations, some employees reported being unsure or 

unaware of what constitutes ethical AI, while others had a vague idea of what it 

actually is. This uncertainty has led to some avoidance of the full use of AI 

technologies. This aligns with the literature, which indicates that organisations face 

risks of AI bias, discrimination, and transparency (Enholm et al., 2022), requiring 

respective governance and policies to guide ethical decision-making (Berente et al., 

2021; Meske et al., 2022; Papagiannidis et al., 2022). This confirms that 

organisations do struggle with ethical decision-making, and the findings extend the 

literature by highlighting that this is because employees lack awareness within 

continuous processing operations. 

The findings also showed that employees adopted a positive yet cautious approach 

towards AI, supported by output-checking procedures, risk management, and ethical 

considerations. Their capacity for change was constrained by emotional, cognitive, 

and structural frictions. This cautious behaviour lessened when leaders led, coached, 

and modelled AI use to employees, thereby illustrating that leaders are key to 

improving capacity. This aligns with the literature, which shows that employees adopt 

AI cautiously due to AI-related doubts, safety concerns (Berente et al., 2021), skills 

and training issues (Berente et al., 2021; Koh et al., 2019), and infrastructure and 

data readiness (Frank et al., 2019). This confirms that frontline employees adopt AI 

slowly and cautiously, driven by trust and confidence.  

6.4.2   Enablers 

The study’s findings indicate that leaders put in place enablers to support and equip 

employees to overcome their respective barriers and to reduce risk. Both leaders 
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and employees highlighted that enablers of support included training, coaching, 

fostering an environment of encouragement, continuous learning, open dialogue 

communications and instilling governance boundaries for safe and ethical AI use. 

Leaders also leveraged strategic partnerships and cross-functional initiatives to 

facilitate idea and knowledge-sharing sessions. These actions improve trust, and 

when AI is embedded in AI tools workflows, it helps reduce cognitive load. Enablers 

such as these align with the literature, which highlights capabilities building (Koh et 

al., 2019) and the facilitation of efficient communication and governance policies for 

safe AI use (Papagiannidis et al., 2022). The aspect of training and employee 

development is reinforced by Industry 5.0 human-centric design (Ghobakhloo et al., 

2024). This confirmed that the respective leader enablers support and improve trust 

among employees in the use of AI technologies.  

The finding showed that leaders illustrated transparency as an enabler by 

highlighting where AI systems store data and how they function, creating a detailed 

guidance document that explains how the system works and notes guardrails. This 

aligns with the literature, which holds that transparency is key to safe employee 

collaboration within the human-centric framing of Industry 5.0 (Ghobakhloo 

et al., 2024; Meske et al., 2022; Papagiannidis et al., 2022; Xu et al., 2021). This 

confirms that clarity is important to employees for AI adoption and improving trust. 

The findings show that leaders who have embedded AI into their employees' 

workspaces have enabled them to speed up their tasks and thus reduce cognitive 

load. Leaders have also noted that they can create tailored needs for employees, 

thereby improving their work outputs. This is consistent with Industry 5.0's human-

centredness and confirms that employees are positioned at the centre of 

technological design, with solutions prioritising their needs, augmenting capability, 

improving confidence, and promoting safety in operational environments 

(Ghobakhloo et al., 2024; Xu et al., 2021).  

Regarding governance coherence, findings show that both leaders and employees 

noted the operational alignment of AI controls in how AI was to be managed and used 

in respect to established policies, and that these controls were in place and followed. 

Leaders also made good use of their respective communication strategies to provide 

clarity, direction, and guidance on how to ensure safe AI use. Communication 

cadence also helps raise awareness of policy and AI limitations through ongoing 

involvement of AI champions, workshops, town halls, and one-on-one discussions 
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(between the leader and the employee). The correlates of responsible AI use, 

platform governance, and continuous communication, rather than policy 

documentation alone, to facilitate safe AI use within continuous processing 

operations (Meske et al., 2022; Papagiannidis et al., 2022). This confirms that the 

controls highlighted above are essential for trustworthy, safe AI use. 

6.4.3   Governance and ethics 

The study’s findings indicate that leaders have implemented respective governance 

systems that demonstrate the extent to which their organisations have created and 

applied formal governance structures, safeguards, and rules to ensure AI 

technologies are developed and used safely. To ensure responsible AI, 

organisational leaders have created AI teams, appointed AI leaders, and nominated 

AI champions who exercise AI decision rights. These individuals/teams form part of 

either a ‘task force’, ‘steering committee’, or an employee well-versed in AI 

technologies, serving as the decision owners for creating and managing policy, 

assisting with policy management and AI access, and managing respective AI 

escalations and rollouts. Also, these individuals were key participants in employee 

user case adjudications. The use of decision rights structures is key to responsible 

AI use and platform governance of AI systems within industrial settings 

(Papagiannidis et al., 2022). This confirms that supervised control, documented 

approvals, and the use of safety AI help reduce AI-induced risks (Papagiannidis et 

al., 2022).  

The findings highlighted that leaders implemented guardrails, documented policies, 

blocked the use of unapproved AI technologies on their systems, created detailed 

SOPs for safely using AI, and held clarification sessions. Such documented 

guardrails were made available to all employees, thereby making boundaries more 

enforceable. This links back to the literature, as these measures align with 

responsible/explainable AI use, thereby promoting human-in-the-loop processes for 

AI management, verification before acting, and platform governance (Meske et al., 

2022; Papagiannidis et al., 2022). This confirms that approved AI technologies, with 

justified AI use and understanding the boundaries, result in safe AI use. 

Findings showed that leaders consistently emphasised that when employees use AI, 

they are responsible for actions taken on that platform and the resulting outcomes. 

Ensuring employee accountability, preserving the use of human ethical reasoning, 

reducing reliance on AI, and linking actions to employees, processes, and 
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documentation are vital for auditing. This aligns with literature on responsible AI and 

explainable AI use (Meske et al., 2022) in a human-in-the-loop, and with Industry 5.0, 

which emphasises AI augmentation rather than substituting for employees 

(Ghobakhloo et al., 2024; Xu et al., 2021). 

6.4.4   Research question 3 - Summary 

Research question three integrates findings from both the leader and employee 

perspectives to illustrate how respective organisational conditions shape the use of 

AI technology in the context of continuous processing operations. Findings highlight 

that AI can positively affect employee-AI collaboration and enhance decision-making 

in continuous processing environments. Its value is shaped by various factors such 

as leadership behaviour, governance structures, resource capability and system 

limitations. Employees have noted several constraints which they faced, which have 

resulted in reduced AI confidence, hesitation, and trust issues due to the significant 

technical risks noted earlier in this research question.  

On the other hand, leader behaviour and actions play a major role in reducing the 

noted constraints by providing related enablers such as training, coaching, 

workshops, an AI model, and data transparency, and by facilitating open 

communication, creating an open channel for AI discussions. Leaders have also 

embedded AI into employee workflows to ensure seamless interaction and 

continuous support, reducing cognitive load and improving confidence and employee 

readiness. 

The findings also highlighted that the leaders implemented strong organisational 

governance structures and alignment with guardrails. Such governance mechanisms 

included documentation guardrails, AI access controls, accountability and decision 

rights, which promoted the safe and responsible use of AI. These mechanisms help 

to understand AI system boundaries and limitations, preserve employee oversight, 

and sustain AI user accountability.  

Understanding these findings is vital, as they illustrate that AI cannot succeed 

effectively and efficiently under the high pressures of continuous processing 

operations without trained employees, strong leadership, and clear, accessible 

governance structures. Employees' oversight and judgement remain vital as their 

contextual understanding and judgement cannot be replicated by an AI system. To 

achieve effective AI adoption in this operational context, organisations require a 
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structured approach that reduces fear, builds trust, and uses AI as an augmentative 

tool.  
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7. Recommendations 

7.1 Introduction 

Organisations have been exposed to several disruptive digital technologies, which 

have forced them to transform and venture further into the technological domain to 

be more market-competitive, relevant, and sustainable. This has led employees, 

especially frontline employees, to use technologies such as AI in their daily tasks to 

support their decision-making. This chapter seeks to answer the study’s central 

question: how leaders' roles support, empower, and equip employees to collaborate 

with AI systems to enhance decision-making in continuous-processing operational 

environments. 

Continuous processing operations have been characterised by having a non-stop, 

uninterrupted production process that has high-levels of safety and regulatory 

compliance standards to adhere to, with time-critical, quality-impacting decisions that 

must be made (Frank et al., 2019; Koh et al., 2019; Wang et al., 2024; Zheng et al., 

2020). Leaders can only attain the full benefits of AI technologies when they enable 

employees to interrogate AI outputs confidently, retain their judgement, justify their 

actions, and maintain accountability. This facilitates more accurate decisions based 

on AI outputs, which is an augmented and effective approach to leadership practices 

(Glikson & Woolley, 2020; Meske et al., 2022). 

The study investigated leader-driven practices that facilitate smoother employee-AI 

collaboration in continuous processing operations. These included improving 

employees' capabilities and their readiness to adopt AI technologies, embedding 

verification routines to ensure AI explainability, fostering a psychologically safe 

environment for AI experimentation, and challenging AI output suggestions together, 

thereby improving trust in AI technologies. This study matters because the findings 

in chapter five highlighted gaps that significantly affect AI adoption and enablement. 

The findings show that leaders often incorrectly estimate AI maturity across their 

organisations (Mayer et al., 2025); however, employees reported uneven support, 

access, training, and understanding, indicating a disconnect between leadership 

assumptions and frontline employee experiences (Mngxati et al., 2024). The findings 

also provided evidence that, in high-pressure, high-risk environments, an 

augmentative approach greatly outweighs fully automated processes, building 

operational resilience and adding ethical reasoning to decision-making (Raisch & 

Krakowski, 2021; Schmutz et al., 2024). 
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This research was conducted on continuous and hybrid processing operations 

across South Africa, which have been exposed to and integrating the respective 

technology industry paradigms, such as Industry 4.0 and 5.0 into their organisations 

(Frank et al., 2019; Koh et al., 2019). This is important because it aligns with a 

human-centric, augmentative approach, which places employees at the centre of this 

transformation (Ghobakhloo et al., 2024; Xu et al., 2021).  

To address the research gap and the questions, this chapter synthesises the findings 

from Chapter Five and translates them into respective leaders' driven practices and 

governance requirements. The findings of the research questions were obtained 

through a qualitative, interpretivist research design to explore leadership practices 

within continuous processing operations with respect to employee-AI collaboration. 

Data was collected through semi-structured interviews, from two different 

hierarchical levels of stakeholders - leaders and employees who were either from 

continuous or hybrid processing operations across South Africa. All data were 

analysed using the RTA approach and Atlas. Ti software to attain key insights and 

determine saturation points. 

This chapter structure will present all research findings, provide recommendations, 

and thereafter outline the implications for business, its limitations, suggestions for 

further research, and a conclusion. 

7.2 Research findings 

Before presenting the research findings, it is important to recap what was known and 

what remained unknown. Based on the literature review, the following were noted: 

TL plays a crucial role in employee-AI collaboration, as it fosters an environment that 

promotes empowerment, innovation, learning, safety, and ethical reasoning, which 

are conditions that support AI adoption (Buil et al., 2019; Siangchokyoo et al., 2020). 

Literature highlighted that technology alone is insufficient to achieve high-

performance outputs in high-pressure industrial settings. Instead, augmentation and 

human oversight remain essential and yield better operational performance (Frank 

et al., 2019; Hanelt et al., 2021; Raisch & Krakowski, 2021; Strich et al., 2021). HATs, 

explainability, and responsible AI illustrate transparent reasoning and verification 

routines that help employees build trust and confidence, justify decision-making 

(Meske et al., 2022; Pathirannehelage et al., 2024; Schmutz et al., 2024). 
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Despite the findings in the literature review, there were gaps that shaped and led to 

this research study, this is as follows: how employees received and experienced 

support from leaders regarding having AI technologies embedded in their daily lives; 

Which specific leadership practices were most beneficial and effective in being able 

to sustain employee-AI collaboration; how leaders used the dimensions of TL and 

translated into practical strategies to improve decision-making quality; and how 

barriers, enablers and governance factors affected, influences and improved AI 

technology adoption with the continuous processing contexts. These aspects led to 

the answering of the overall questions through three sub-questions noted in Chapter 

Three. These answers are now presented below. 

7.2.1 Research question one 

The findings demonstrate that employees are well aware of AI technologies, their 

impacts and benefits. Employee-AI collaboration and adoption depend on visible, AI-

role-modelled leadership that creates psychological safety and verification routines 

embedded within workflows. This promotes trust and confidence in AI-driven 

decision-making. Employees highlighted the value of AI technologies by emphasising 

their ability to generate insights and thinking structures for them, speeding analysis 

and detecting patterns. However, employees stress that they still need to follow 

verification routines to check, analyse, and interpret AI outputs before use (Meske et 

al., 2022). Ultimately, the quality of the leadership experienced determined whether 

employees trusted and had sufficient confidence to engage with AI to perform their 

respective tasks, rather than the tool alone (Glikson & Woolley, 2020; 

Pathirannehelage et al., 2024). 

This quality of leadership was defined by specific actions that earned their trust and 

improved their confidence in decision-making. The first action noted was AI role-

modelling, which is closely aligned with TL’s idealised influence dimension. Here, 

leaders themselves illustrated and helped employees understand (how to use AI 

safely and responsibly) while also sharing their verification and reasoning 

strategies/processes (Buil et al., 2019). The second action was leader visibility and 

on-floor support. This highlighted the availability of leaders to come forward and help 

employees on the shop floor with their respective tasks and problems, and to provide 

guidance during the live running of the processes.  

The third action was leaders creating a psychologically safe environment by 

encouraging employees to challenge and question AI outputs. This brought about 
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some empowerment for employees to feel free to point out uncertainty, accept or 

reject AI outputs, and escalate anomalies, all without judgement or fear. Such leader 

action aligns with TL’s individualised consideration, whereby organisational leaders 

provide support to improve employees' confidence and foster open dialogue 

(Siangchokyoo et al., 2020).  

Together, these perceived leadership support actions helped employees confidently 

and effectively engage with AI systems when present; without them, employees 

would have doubted and hesitated to use them. This also aligns with HATs, whereby 

trust, confidence, and decision-making quality are enhanced when social and 

cognitive support are present and acknowledged (Glikson & Woolley, 2020; Schmutz 

et al., 2024). The adoption and engagement of AI by employees are determined by 

the leadership support gained through specific leadership actions, guidance, and role 

modelling of technology use. 

7.2.2 Research question two 

As noted in section 7.2.1 and in the findings, employee-AI collaboration is leadership-

driven. To sustain employee-AI collaboration, leaders have translated TL’s 

dimensions into six practical, usable, and repeatable behaviours that have been 

crucial to building employee confidence in AI and ensuring safe AI use over time. 

Such behaviours are noted below: the first behaviour was the creation and framing 

of AI as an augmentative technology, highlighted as a complementary tool for human 

thinking and judgement. This ensures that employees retain final decision-making 

authority and are not replaced by automation or fully rely on automated systems 

(Raisch & Krakowski, 2021). This behaviour aligns with inspirational motivation, 

creates a shared vision of AI's role, reduces ambiguity, encourages disciplined use 

of AI, and sustains collaboration (Buil et al., 2019). 

The second behaviour was the institutionalising of formal ethical discipline and 

explainability routines. Here, leaders systematically embedded 

verification/explainability routines into employee workflows and required employees 

to make their decision-making transparent, justifiable, and structured prior to acting.  

This behaviour aligned with idealised influence, in which explanations and reasoning 

help others understand, create an ethical discipline habit, eliminate blind acceptance 

of AI output, improve decision quality, and increase trust in AI (Glikson & Woolley, 

2020; Meske et al., 2022). 
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 The third behaviour was ongoing and constant communication, which aligned with 

inspirational motivation and idealised influence. As this included workshops, 

information sessions, and forums, which drove the essence of AI, rules, expectations 

and awareness for all stakeholders. This understanding, through communication 

strategies, motivated and encouraged employees to use AI technologies and 

systems without hesitation or doubt. 

The fourth behaviour is a combination of leader-led coaching, employee 

development and enablement, which aligns with individualised consideration, as 

these approaches aim to address the specific needs of employees. Leaders invested 

time in coaching employees to help them overcome specific issues, pairing them with 

mentors, and encouraging shadowing of seniors, which they gained on the job, 

providing support and learning. Leaders also enabled employee training and access 

to technology, allowing employees to learn and practice. This directly built capability 

and addressed reports of learning issues and exposure gaps (Mayer et al., 2025; 

Mngxati et al., 2024). 

 The fifth behaviour was when leaders fostered psychologically safe workspaces that 

included safe experimentation and feedback cycles. This aligned with intellectual 

stimulation, which facilitates critical thinking, experimentation, AI awareness, and 

exploration. These facilities allowed employees to learn more about AI safely and to 

provide feedback and suggestions for improvement.  These helped fasten AI 

understanding, improve knowledge, improve trust and confidence, resulting in 

enhanced quality of decision making without risks (Pathirannehelage et al., 2024; 

Schmutz et al., 2024) 

The sixth behaviour is the pace of AI adoption and implementation. Due to the nature 

of the operations, leaders strove to start at a low-risk point of AI implementation 

technologies before moving into higher-stakes decision-making responsibilities. This 

allowed organisations to slowly roll out AI technologies/systems across the 

organisation in a manner that suited their risk profiles, enabling them to attain some 

AI maturity and avoid shocking change management processes (Hanelt et al., 2021). 

These represent a set of TL behaviour practices well-aligned with operational plant 

use, creating a leadership playbook that enables leaders to build trust and capability, 

normalise verification, and sustain employees' willingness and engagement with AI 

technologies. 
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7.2.3 Research question three 

The first two research questions highlighted how employees experienced leadership 

support and how leaders have shaped employee-AI collaboration through the 

practical translation of the TL behaviours. However, beyond leadership practices, the 

findings show deeper organisational conditions that either inhibit or support the use 

of AI technologies in daily tasks. These conditions include barriers, critical enablers 

and governance that ensure responsible and safe AI use within the operational 

context. The quality of collaboration is constrained by skills, transparency, change 

capacity, and usability, while enabled by employee capability building, clear 

transparency, user-centred design, and governance coherence. 

Employee-AI collaboration and AI adoption were constrained by skill and learning 

gaps, with employees reporting a lack of training, limited knowledge, uneven 

exposure, and system usability issues that affected verification routines and user 

confidence (Mngxati et al., 2024). Limited access to the system's functions due to 

licensing constraints and inconsistent provisioning restricted the full use of AI 

technologies in the live processing environment. AI outputs, explainability issues, and 

the lack of output transparency further outlined the AI model’s capabilities, 

undermining user trust and reinforcing the need for explainability before acting 

(Meske et al., 2022). Another barrier was the fear of losing skills by relying on AI 

systems to do the ‘heavy lifting’ of data analysis, which imposed some constraints on 

AI use. Ethical AI use casts doubt on the use of AI outputs and the organisation's 

capacity for change, restricting the organisation's technological transformation, as 

cultures were more traditional regarding risk (low risk takers), AI technologies were 

not a priority, and organisational readiness was not in a position to push forward with 

AI systems (Ghobakhloo et al., 2024; Raisch & Krakowski, 2021). 

Employee-AI collaboration significantly improved when leaders sought to strengthen 

employees' capabilities, provide clarity, make systems easier to use, and outline 

boundaries. This facilitated confident and efficient use of AI systems. Leaders 

improved capabilities by creating structured pathways for development, such as 

training, coaching, information sessions, workshops, and learning environments. 

This facilitated employees' skill development and closed the gap in employee 

exposure reports, thereby building AI competence and confidence (Mayer et al., 

2025). Leaders provided clarity on AI transparency, using clear communication 

strategies to explain to employees how data is stored, model functionality, limitations, 
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and potential risks. Such transparency reduced employees' uncertainty about AI, 

improved trust, and justified the use of verification routines for ethical decision-

making (Meske et al., 2022). 

To make a complex AI system more user-friendly, a user-centred system design, 

which allowed the system to work around the employee to provide accessible 

interfaces with well-defined AI outputs that allowed for the reduction of employee 

cognitive load, making the AI system more user-friendly with the continuous 

processing operations (Schmutz et al., 2024). Governance coherence was a key 

enabler, as it helped employees understand their limitations and boundaries when 

using AI, allowing them to safely and confidently use the technologies without 

introducing organisational or personal risks (Papagiannidis et al., 2022). 

To stabilise AI enablement and usage, organisations require governance structures 

that promote responsible and safe AI use. As highlighted above, system boundaries 

include what the system can be used for, what data can be shared, and mandatory 

employee oversight, formalising verification routines within the operational context 

(Meske et al., 2022). AI decision rights framework implementation to outline how AI 

technologies are to be authorised, reviewed, approved, and signed off 

(Papagiannidis et al., 2022). To prevent the misuse of AI technologies, organisations 

use respective ethical guardrails, such as policies, privacy and security restrictions 

(including cybersecurity), blocking unauthorised AI platforms, and data-handling 

policy documentation, to guide the use of AI technologies (Enholm et al., 2022). 

7.2.4 Principal conclusions 

After synthesising the three research questions, the study concluded that leadership 

quality is the key determinant in enabling and ensuring responsible, safe, and 

confident employee-AI collaboration to improve decision-making in continuous 

processing operations. An employee’s trust and output verification discipline comes 

from the support of their leaders, who foster a psychologically safe environment and 

role-model safe AI use by highlighting that they follow the same verification and 

questioning processes as employees. 

The findings and literature also highlighted that TL improves decision quality when 

used in an operational behavioural manner. When leaders frame AI as an 

augmentative partner, provide an experimentation workspace for learning and 

growth, conduct ongoing, clear communication, embed verification processes and 
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reasoning into workflows, support and develop employee capabilities, and instil 

governance processes, they attain improved decision quality(Glikson & Woolley, 

2020; Meske et al., 2022). Such behaviours sustain employee-AI collaboration with 

reliable and ethical use of AI technologies. 

Organisational conditions and structures determine how well and long collaboration 

will survive. Employee-AI collaboration for enhanced decision-making is effective 

when employee capability gaps are closed, AI governance is implemented, and 

respective limitations and boundaries are communicated effectively. AI outputs are 

derived transparently, accurately, and consistently, and the systems are user-centred 

(Meske et al., 2022; Papagiannidis et al., 2023). However, if systems lack strong 

governance, have employee skill gaps, or lack transparency and exposure reports, 

these factors will severely limit employee-AI collaboration. 

This study has shown and emphasised the importance of AI augmentation over 

automation as an ideal and effective approach to these high-pressure environments 

(Raisch & Krakowski, 2021). The retention of employee judgement and oversight, 

combined with formalised verification procedures and supported through strong 

governance processes, enhances operational performance, reliability, and ethical 

reasoning and ensures process continuity. 

In answering the overarching question and through the summation of the research 

questions, leaders achieve successful employee-AI collaboration to enhance 

decision-making by combining the above-noted behavioural practices, structural 

supports, operational and process discipline, aligned with an AI augmentation 

philosophy underpinned by robust governance. 

7.3 Proposed recommendations 

The research highlighted that employee-AI collaboration to enhance decision-making 

in continuous processing operations is strongly leadership-driven. The research 

findings noted that research question two highlighted the soft, TL behaviours, and 

research question three highlighted the hard structural conditions, while stabilising 

AI enablement and use. Research question one provides insights into experiences 

where confidence varies due to exposure to leadership support, and thus, 

synthesising these insights helps create Figure 6: the leadership behavioural design 

framework.  
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Source: Interpreted by the author, Landman, M. (2018).  

Figure 6: The leadership behavioural design framework.  

As noted above, Figure 6 highlights key design aspects for employee-AI 

collaboration to enhance decision-making in continuous processing operations, 

drawn from the research findings. These items are prioritised in conjunction with the 

research question, one employee's experience, and are noted as follows: Quadrant 

soft/amplify – this quadrant highlights the TL-aligned practices that leaders use to 

improve and strengthen confidence, trust and willingness to use AI technologies. 

Together, these attributes justify AI use in daily tasks, keep human-in-loop judgment, 

normalise verification routines and facilitate employee AI knowledge growth.  

Quadrant hard/amplify – these are designable conditions which the leader 

emphasised the importance of to formalise and institutionalise the responsible use 

of AI across the organisation. These help translate leadership intentions into a 

repeatable, sustainable process that lowers risk, reduces cognitive load, clarifies 

boundaries, and improves decision quality.  
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Quadrant hard/shift – this quadrant outlines the significant barriers that face 

organisations and employees, thus there is a hard focus on reducing these identified 

constraints in order to build capacity, capability, reduce risks, improve confidence and 

trust with the workforce.  

Quadrant soft/shift – this quadrant outlines the counter and shift employee mindsets 

from just ‘auto-accepting’  to verifying and challenging outputs to ensure accurate 

insights 

This framework is intended to help leaders identify areas that need to be 

amplified/improved, and the aspects that need to change to successfully achieve 

employee-AI collaboration and enhance decision-making within the operational 

context. These items will allow leaders to drive the collaboration with support and 

have employees feel equipped. Though the findings here are based on the 

continuous processing operational environment, they could be helpful to others 

outside the operational model.  

7.4 Theoretical and practical contributions 

This study contributes to theoretical contexts by illustrating how TL behaviours can 

be used in continuous processing operations to enhance employee engagement with 

AI technologies. Such operations rely on critical automation systems, though this 

study extends the literature in this operational context by showing that augmentation 

outperforms fully automated operations and yields more accurate, higher-quality 

decisions. This is coupled to employees' AI trust mechanisms, in which this study 

highlights that leadership actions and support behaviours extend the AI trust 

literature and maintain verification disciplines.  The integration of strong governance 

processes and leadership jointly helps retain and sustain responsible AI use. These 

contributions assist scholars examining leadership in technology-intensive 

operations, leadership theorists and researchers, and those furthering studies into AI 

leadership and explainable AI domains. 

The contribution offers a set of clear leadership behaviours that leaders can apply to 

enable effective employee-AI collaboration to meet their respective needs. The 

outlined governance blueprint provides a leader with direction on how to govern AI 

use, formalise rules, limitations, and boundaries, and establish guardrails to control 

it and ensure responsible use. The study highlighted employee reports of skill 

concerns, gaps, exposure issues and needs. Therefore, this study provides leaders 
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with capability-building options to tackle these challenges, ensuring they are 

addressed and improving AI readiness among their employees. These practical 

contributions will be beneficial to operations managers, IT managers, engineering 

managers, legal and compliance managers, human resources and learning and 

development teams, and lastly, the DT management and supervisors. All persons 

involved in AI implementation, development, planning and employee management 

will benefit.  

7.5 Implications for business 

The findings of this research have highlighted both positive and negative implications 

for organisations. Given this research's interpretivist perspective, these implications 

were noted during analysis and interview conversations. Such positive implications 

are noted below: 

This study found that leaders framed AI as an augmentative tool, while employees 

saw it as a decision accelerator, even though they had to follow verification routines. 

This will greatly reduce downtime by enabling quicker, more accurate decisions, 

supporting operational continuity, improving stability, and enabling process 

optimisations. When leaders exhibited AI modelling behaviours to employees, which 

improved trust and confidence, organisations were able to use AI safely, in 

conjunction with ethical decision-making and without being fully reliant on AI outputs. 

Leaders utilising the TL style, which promotes psychological safety for safe and 

experimental use of AI systems, intellectual stimulation by challenging employees to 

think critically and individualised consideration by identifying specific growth and 

learning pathways for employees. This helps organisations to build employee 

capabilities, resulting in enhanced employee readiness. Organisations that 

incorporate both TL-aligned and augmentative technology strategies achieve strong 

alignment with Industry 5.0 human-centric ideals, thereby enhancing industry 

competitiveness as employee-machine work becomes smoother and more efficient. 

The following highlights some of the business challenges that organisations may 

face, as noted by the respective participants: 

Employees noted that exposure and enablement were uneven. To ensure 

consistency in training, increase AI exposure, and reduce employees' reliance on 

self-learning, organisations will need to invest in formal training and AI licenses to 

expand exposure and build capabilities. The study noted that effective governance 



113 
 

structures, such as policies, are needed to ensure compliance, resulting in additional 

costs. 

One key finding is that when AI systems are implemented, the effects on 

organisational change can be complex, costly, and even lead to employee cultural 

resistance. Change management will include reskilling, job changes, system 

changes, and cultural changes; thus, significant effort will be needed to rebuild 

employee trust. In addition, the implementation of AI technologies will impact 

operations as organisations shift from one phase to another, potentially affecting 

production targets. 

Overall, the implications highlight that achieving successful employee-AI 

collaboration presents both opportunities and challenges. TL behaviours play a vital 

role in unlocking the benefits of AI, such as enhanced workforce performance, 

improved decision-making quality, reliability, and safer process operations. However, 

to realise these benefits, organisations need to make significant investments in 

capability growth, governance structures and change management strategies. 

7.6 Research study limitations 

Since this is a qualitative research study, it is not free from limitations in the 

presentation of results, though the research did try to minimise them as much as 

possible. Though for purposes of visibility, research limitations are noted below: 

The selection of interview participants was through the researcher's network, which 

may have introduced selection bias. The researcher’s network and snowball 

sampling were used due to time constraints, limiting the generalizability of the 

findings. Therefore, participants may not fully represent or address how all 

organisations that use the continuous processing operational business model 

implement, or will implement, AI technologies to foster a successful employee-AI 

collaborative environment.  

The use of interviews and the interpretivist philosophy illustrates some limitations: 

the feedback obtained regarding truths and experiences is appropriate but 

subjective, and it can be argued or questioned. Participant subjectivity arises from 

differences in views, experiences, exposure, and technological upbringing compared 

to others; the interviewer cannot claim objectivity on significant findings. 
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Although the study used participants from different sectors across South Africa, the 

final sample size reflected access constraints to continuous processing operations, 

as the researcher encountered a few rejections. Although saturation was achieved, 

a larger and more varied sample would have provided greater insight by offering 

diverse experiences, knowledge, and organisational cultures with varying levels of 

AI maturity and skill sets (Hennink & Kaiser, 2022).  

The researcher's background and experience in ICT and DT workspaces may have 

unknowingly led to biases in interpreting the data, despite the researcher's bracketing 

efforts (Busetto et al., 2020). The researcher adhered to participant anonymity, which 

has made the research remove any organisational links to sectors or organisational 

configuration. This can cause the reader to fail to link actions or advancements to 

the relevant organisation or sector. Also, some participants came from the same 

organisation, and they were aware of this. Due to this awareness, employees may 

have limited their openness in answering questions. 

All interviews were conducted within a very short time frame, which underscores the 

rationale for a cross-sectional study. This snapshot approach limits the ability to note 

what is happening as AI adoption evolves within industry settings. The researcher 

did not evaluate the AI systems participants used, which could have restricted the 

ability to provide insights and clarity into the AI systems' technical capabilities, 

fairness, and output reliability. 

The facilitation of employee-AI collaboration and the constant evolution of disruptive 

technologies highlighted a limitation of creating sustainable leadership practices. 

Due to the absence of mature or formally established AI roadmaps, the findings noted 

that organisations were often operating without long-term technological direction. 

This limitation of the lack of strategic AI road mapping or direction resulted in 

constraints on how leaders could develop robust leadership practices, as 

technological pathways remained unknown and uncertain. 

7.7 Future research study suggestions 

The insights from this study have opened up further opportunities for future research 

topics that need to be looked into: 

This current study was conducted over a short period (cross-sectional study), AI 

technologies have been and are evolving, and we have seen leadership practices 

follow the same trend. Therefore, a longitudinal research study is required to examine 
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the manner in which leaders would frame and manage AI augmentation as 

organisations show more AI maturity;  the extent to which employees' trust, 

confidence, engagement and verification behaviour change with time; how effective 

TL practices are and whether they get stronger or weaker as more disruptive 

technologies become more embedded in workflows and systems. 

This study looked at continuous processing operations holistically. It is noted that 

different sectors use this processing model; a comparative research study should be 

undertaken to evaluate how these sectors compare with one another, or how South 

Africa compares with other countries with different AI maturities. The research 

findings highlighted gaps in training and AI learning structures. Future research can 

investigate how leaders formalise and choose training formats and structures, 

whether training was effective, and the influence of training on AI trust and 

confidence. As a complement to this, researchers can investigate what makes 

employees competent and the criteria for evaluating employee AI readiness. 

Governance coherence is key to safe and responsible use and illustrates alignment 

to guardrails; however, governance is, and decision rights have not been measured 

quantitatively. Researchers can look to determine governance metrics and which 

implemented guardrails best reduce AI risks and misuse. This research highlighted 

explainability and emphasised verification routines; future researchers can quantify 

their effectiveness and the extent to which accuracy is achieved.  

Another future research suggestion would be to investigate leadership strategies and 

AI road mapping practices. Such research could examine how operational leaders 

design and co-create organisational AI trajectories, and how leader-driven AI 

roadmaps can be designed and developed to integrate and embed employee-AI 

collaboration principles. This would provide guidance to organisations that question 

their AI pathways and lack defined AI implementation strategies to support 

sustainable and human-centred approaches within the continuous processing 

context. 

7.8 Conclusion 

This research study was conducted to determine how organisations, such as those 

with high-pressure, volatile, continuous processing operations in South Africa, were 

enabling effective, successful employee-AI collaboration to enhance decision-

making. Using a qualitative research design provided valuable findings that 
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emphasised that employee-AI collaboration is fundamentally a leader-driven 

outcome. The study brought together the perspectives, experiences and 

organisational structures of the respective stakeholders (employees and leaders) to 

understand what issues were present, what needed to be addressed and overcome, 

and what leadership behaviours were needed to make effective collaboration 

possible, sustainable, responsible and safe.  

These insights both contribute theoretically and practically to a space where rapid AI 

adoption and availability have created unwanted uncertainty and capability gaps. As 

AI technology evolves and organisations look to integrate more types of technologies 

into or onto their platforms, systems and processes, it is imperative to note that the 

level of technological capability in isolation cannot provide effective, high-quality 

decisions. Decision-making quality is derived from leaders leading by example, 

governing, framing, and supporting augmentation, keeping human-in-the-loop 

functionality, safeguarding judgment, and strengthening operational integrity.  
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Appendix 1: Consistency Matrix 

 

Research 
Questions 

Sections in 
the Literature 
review 

Data Collection 
Tools 

Analysis 
technique 

What is the employee 
perspective of 
leadership support 
with engaging with AI 
systems, and what is 
the effect on 
employee decision-
making confidence 
and effectiveness? 

 
Section 2.3; 
2.5; 2.7 

 
Interview guide 2 

 
Reflexive thematic 
analysis 

How can leadership 
practices be created 
and sustained in a 
collaboration of AI 
systems for 
employees for 
decision-making 
enhancement?  

 
Section 2.3; 
2.4; 2.6 

 
Interview guide 1 

 
Reflexive thematic 
analysis 

What are the risks, 
barriers and enablers 
of empowering and 
equipping employees 
to make decisions in 
collaboration with AI 
systems in this 
environment?  

 
Section 2.3; 
2.5; 2.6 

 
Interview guides 1 
and 2 

 
Reflexive thematic 
analysis 
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Appendix 2: Interview Guide - Leaders 

Leadership Role: 

1. What are your thoughts on AI technologies and their role in your organisation? 

2. Why did your organisation decide to integrate AI technologies and tools into 

operations? Are there any specific strategic goals that influenced this? 

3. How do you see your role in enabling collaboration between employees and AI 

for better decision-making? 

4. Are you able to share examples where leadership actions encouraged employees 

to use contributions to AI technologies or tools for decision-making? 

Leadership practices: 

5. What leadership practices have you implemented to support employees in 

adapting to AI technologies and found to be most effective? 

6. What criteria do you use to evaluate employee readiness for adoption/interaction 

with AI technologies and tools? 

7. In what ways do you empower employees and build trust to make decisions using 

AI insights? 

Empowerment and support: 

8. What training or resources have you provided to equip/prepare employees for AI 

collaboration? 

8.1. How did you assess if the training was effective in promoting support and 

employee confidence? 

9. How do you ensure that AI technologies and tools align with operational goals 

and workflows? 

9.1. How do you ensure ethical considerations are maintained in AI-supported 

decision-making? 

 

Risks and  Barriers experienced: 

10. What challenges or risks have you faced during  AI integration, and how have 

you addressed them? 

11. How do you address concerns of job security, decision-making responsibility and 

AI transparency? 

11.1. What factors have enabled successful employee-AI collaboration? 
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General leadership evaluation: 

12. How do you measure the impact of your leadership on employee empowerment, 

confidence, and ethical decision-making when using AI? 

13. What additional strategies or practices could improve employee confidence and 

decision-making with AI? 

 

To all participants: 

I would like to thank you for your participation in this interview and for sharing your 

valuable experience, insights, and strategies with me for my research project. I wish 

you all the best. 
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Appendix 3: Interview Guide – Employees 

Engagement: 

1. What are your thoughts/perceptions, experience and knowledge of AI systems? 

1.1. What has led to these thoughts and perceptions? 

2. How do you feel about AI systems being integrated into systems you work with? 

3. How do you use AI technologies and tools in your daily tasks within continuous 

processing operations? 

3.1. Can you provide an example of when AI assisted you in making a decision? 

Leadership support: 

4. How would you describe the support you receive from leadership regarding AI use? 

5. What role does leadership play in helping you feel confident using AI tools? 

6. Have you received any training or resources to help you collaborate effectively 

with AI systems? 

6.1. Can you share an example where a leader inspired or motivated you to use 

AI tools effectively? 

7. How do leadership actions or communication affect your willingness to engage with 

AI? 

7.1. What factors or practices have helped you successfully collaborate with AI 

systems in your role? 

 

Empowerment and confidence 

8. How has AI changed the way you make decisions in your role? 

9. Do you feel empowered to contribute to decision-making when AI is involved? Why 

or why not? 

9.1. Do you think your input is valued now since making use of AI? 

9.2. Do you think AI systems consider ethical aspects in decision-making? How 

does this affect your confidence 

Risks, barriers: 

10. What are the aspects of AI collaboration that are challenging or that prevent you 

from making better decisions? 

11. What potential risks have you experienced when working with AI tools? 

12. Do you have any concerns about AI systems affecting your role? 

13. Have you ever felt doubtful about using AI? If yes, why? 
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General evaluation: 

14. Can you share an example of a positive or negative experience involving leadership 

and AI collaboration? 

15. What improvements or additional support would help you feel more empowered and 

confident when collaborating with AI systems? 

 

To all participants: 

I would like to thank you for your participation in this interview and for sharing your 

valuable experience, insights, and strategies with me for my research project. I wish 

you all the best. 
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Appendix 4: Interview Consent Form - Leaders 

 

Good day, my name is Salesh Lutawan, I am currently a student at the University of 

Pretoria’s Gordon Institute of Business Science pursuing an MBA degree, and I am 

completing my research in partial fulfilment of an MBA. I am currently in the process of 

researching how leaders of today drive employees to collaborate with artificial 

intelligence (AI) systems and tools for the purpose of enhancing decision-making. 

Given your leadership role, combined with your experience, I would like the opportunity 

to invite you to an interview and ask relevant questions that will help me better 

understand how South African leaders are currently empowering, supporting and 

enabling their employees to leverage AI systems to make better decisions, particularly in 

continuous process environments. 

This interview is expected to last between 30 and 45 minutes. For further understanding 

and analysis of your responses, I request that you allow me to record the interview ( 

Yes/No). Your participation is voluntary, and you can withdraw from the interview 

at any time without penalty. All information provided will be handled in accordance with 

the strictest confidentiality, and no identifying details about you or your organisation will 

be disclosed. All data will be anonymised and used for academic research objectives 

only. Please feel free to make use of the contact details below to contact either my 

supervisor or me in the event of concern or query.  

Supervisor name:  ………………………………… 

Email:    ………………………………… 

Phone:    ………………………………… 

 

Researcher name:  ………………………………… 

Email:    ………………………………… 

Phone:    ………………………………… 

 

Signature of participant: ………………………………… 

Date:     ………………………………… 

 

Signature of researcher: ………………………………… 

Date:     ………………………………… 
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Appendix 5: Interview Consent Form - Employees 

 

Good day, my name is Salesh Lutawan, I am currently a student at the University of 

Pretoria’s Gordon Institute of Business Science pursuing an MBA degree, and I am 

completing my research in partial fulfilment of an MBA.  

My research aims to explore how organisational leadership enable and influences 

employees to collaborate with artificial intelligence (AI) systems and tools, resulting in 

employees leveraging AI systems to make effective and efficient decisions in continuous 

processing environments. Given your experience in this environment, I would like the 

opportunity to invite you to an interview, to share your valuable insights, and to answer 

respective questions that will help me better understand how your organisational leaders 

have enabled and supported you in engaging and collaborating with these technologies. 

This interview is expected to last between 30 and 45 minutes. For further understanding 

and analysis of your responses, I request that you allow me to record the interview ( 

Yes/No). Your participation is voluntary, and you can withdraw from the interview 

at any time without penalty. All information provided will be handled in accordance with 

the strictest confidentiality, and no identifying details about you or your organisation will 

be disclosed. All data will be anonymised and used for academic research objectives 

only. Please feel free to make use of the contact details below to contact either my 

supervisor or me in the event of concern or query.  

Supervisor name:  ………………………………… 

Email:    ………………………………… 

Phone:    ………………………………… 

 

Researcher name:  ………………………………… 

Email:    ………………………………… 

Phone:    ………………………………… 

 

Signature of participant: ………………………………… 

Date:     ………………………………… 

 

Signature of researcher: ………………………………… 

Date:     ………………………………… 
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Appendix 6: Thematic Map 
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