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Purpose: To develop an ethical artificial intelligence (AI) corporate governance (CG) 
framework to guide South African business leaders in deploying and integrating AI into 
business processes, thus providing practical guidance to ensure responsible, 
transparent, and stakeholder-centric AI adoption.
Motivation: AI governance remains largely underdeveloped across Africa, particularly 
in South Africa, where businesses experience significant dilemmas in adopting and 
implementing an ethical AI framework. This study addresses that gap by developing 
a structured approach to ethical AI CG that supports responsible business practices.
Design/Methodology/Approach: A sequential mixed-methods approach was 
employed, combining a systematic literature review based on the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, 
with quantitative insights from a questionnaire.
Main findings: The study identified five essential elements for an effective ethical AI 
CG framework, namely transparency, machine bias, privacy, beneficial AI, and 
responsible AI, all of which must be stakeholder-centric.
Practical implications: A robust ethical CG framework tailored for South African 
business environments will encourage ethical AI adoption, strengthen adherence to 
the King IV Code, and enhance stakeholder trust while mitigating AI-driven risks 
inherent in technologies. The study emphasises continuous monitoring, stakeholder 
engagement, and compliance with legal frameworks like the Protection of Personal 
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Information Act (POPIA). While the framework is tailored for South Africa, its 
principles can enjoy broader applications in other African business contexts.
Novelty/Contribution: This study developed a novel ethical AI CG framework for 
South African businesses using a sequential mixed-methods approach incorporating 
stakeholder views.

Keywords: AI; ethics; corporate governance framework; stakeholders; AI risk 
management

1. Introduction
The rapid advancement of Artificial intelligence (AI) technologies driven by increased data 
availability and computational advancements, is transforming industries, as businesses 
now leverage AI for efficiency, decision-making, innovation, competitiveness, and value 
creation (Enholm et al., 2022). Although AI adoption presents significant business oppor
tunities, its widespread usage for daily activities has introduced unprecedented ethical 
issues for stakeholders (de Almeida et al., 2021). Specifically, concerns are being raised 
about ethical AI usage, transparency, and accountability (Bankins & Formosa, 2023; 
Turlapati et al., 2024), owing to its design, development, and deployment (Floridi, 
2019). These concerns have resulted in a substantial gap between AI’s potential and the 
ethical risks associated with its implementation (Martin et al., 2020).

In response to stakeholders’ concerns, a growing debate has emerged globally on the 
ethical implications of AI principles and guidelines (Blanchard et al., 2024; Camilleri, 
2024; Laine et al., 2024), and around the framework needed to ensure AI benefits for 
both humanity and the environment (Floridi, 2019). Although this awareness is promising, 
the focus needs to shift from “what” ethical AI entails to “how” it can be effectively 
implemented (Floridi, 2019). This is crucial as businesses struggle with integrating AI 
ethics into their business processes (Crawford et al., 2019), to foster adherence to corporate 
governance (CG) and ensure meaningful ethical oversight (Blanchard et al., 2024).

According to extant debate, the global North faces challenges with defining ethical AI 
CG, while the global South, including Africa, grapples with even greater challenges owing to 
lack of comprehensive AI CG frameworks (Jobin et al., 2019). As a result, African countries 
remain largely underrepresented in global AI CG discourse. This void presents a unique 
opportunity for South Africa to build its own AI CG framework that specifies what 
ethical governance should entail and offers practical guidance on how to operationalise it. 
This therefore underscores the need for a well-structured CG framework tailored for 
businesses deploying AI in their operations. This would enable businesses to operate respon
sibly, understand potential risks to stakeholders, and proactively address ethical concerns.

An ethical AI CG framework is an essential tool that emphasises real-time oversight, 
bias detection, and transparency, ensuring responsible AI development and use, while 
establishing ethical AI watchdogs and dynamic compliance algorithms to promote safe, 
secure, humane and sustainable AI development (Ejjami, 2024). Beyond risk mitigation, 
such a framework serves as an essential guide for corporate and legal operations (de 
Almeida et al., 2021), promoting accountability among employees, regulators and other 
stakeholders. Furthermore, a strong AI CG framework can help avoid bias, protect 
users’ privacy, and reduce or mitigate environmental risks (KPMG, 2021).

The foregoing discussions provoked interest to develop an ethical AI CG framework 
for South African businesses deploying or planning to integrate AI into their operations. 
Consequently, the study develops an ethical AI CG framework to guide South African 
businesses in ensuring responsible AI technology adoption. This study is important, 
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given stakeholders’ demand for a CG framework with clear guidance. Moreover, an ethical 
AI CG framework is critical to mitigating the risks of the black-box effect, where users and 
developers lack transparency around AI-generated outputs (Bankins & Formosa, 2023). More 
importantly, it helps guard against ethics “blue washing” (Floridi, 2019), where businesses 
project an image of responsibility without necessarily implementing meaningful action, ulti
mately undermining trust and slowing progress towards authentic ethical AI transformation. 
Therefore, integrating such a framework into business processes is essential for balancing 
innovation with ethical considerations and ensuring sustainable AI implementation.

To achieve the study’s intention and answer the research question, the research was con
ducted in two phases. First, it identified prominent ethical AI issues highlighted by the lit
erature. Secondly, a structured questionnaire was shared with business leaders to gather 
their insights, validate these issues, and determine necessary governance principles, ensur
ing alignment with the existing King IV Code on CG rather than contradicting it. The study 
concluded this phase with the development of an ethical AI CG framework, grounded in the 
practical insights of business leaders, thus enhancing its applicability and relevance.

The study contributes to knowledge by identifying five prominent ethical AI issues for 
businesses, namely transparency, machine bias, privacy, beneficial AI, and responsible AI. 
The innovative contribution lies in the development of a novel ethical AI CG framework 
specifically designed for South African businesses integrating AI technologies. The frame
work offers clear guidance on AI transparency, accountability, bias mitigation, and risk 
management. While tailored for South African businesses, the framework’s principles 
can be adapted by businesses across Africa, allowing for contextual application. The 
study is timely because AI implementation in accounting and finance has been steering 
constant debate, particularly on issues pertaining to transparency, bias, and decision- 
making accountability. By intersecting AI CG with corporate accountability and ethical 
business practices, this research offers valuable insights to readers. It equips businesses 
to navigate the evolving legal landscape, align with existing CG codes, promote ethical 
AI usage, build stakeholder trust, and mitigate AI-related risks inherent in technologies.

The remainder of the paper is structured as follow: In Section 2, we present a literature 
review on AI in business processes, covering opportunities and risks. We also discuss why 
an ethical AI CG framework is vital, highlight prominent ethical AI concerns, and present 
the theoretical underpinning. Section 3 details the research methods, Section 4 presents the 
results and discussion of findings, and Section 5 concludes the study.

2. Literature review
AI has been defined in a variety of ways, often being associated with concepts such as 
systems that think and act like humans or operate rationally (de Almeida et al., 2021). 
Kalota (2024) describes AI as a computer system that has the capability to perform tasks 
that normally require human intelligence. Perifanis and Kitsios (2023), though, characterise 
AI as a broad range of leading-edge analytics, applications, and logic-based methods that 
mimic human behaviour, decision-making, learning, and problem-solving processes.

Similarly, the High-Level Expert Group of the European Commission (HLEG) has 
defined AI as systems that display intelligent behaviour by analysing their environment 
and taking actions autonomously to achieve specific goals (AI HLEG, 2019). This defi
nition suggests that AI mechanisms must recognise patterns in their environment to 
create optimal solutions to problems. Collectively, these definitions highlight AI as 
man-made efforts that learn from interactions with humans, adapt to new challenges, 
and propose solutions to scenarios beyond previously encountered problems. The AI 
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HLEG (2019) noted further notes that AI systems can operate based on symbolic rules, 
learn numeric models, and adapt their behaviour to environmental feedback on their pre
vious actions. Given the various definitions of AI and the challenges of establishing a uni
versally applicable definition for regulation and governance, this study views AI as a 
rational system that perceives its environment through some sensors, collects and interprets 
data, processes the information, reasons the perceived data, then decides the best course of 
action and responds accordingly based on prompts. This definition builds on that of the 
HLEG.

2.1. AI in business processes: Opportunities and risks, and the need for an ethical 
AI CG framework
The fourth industrial revolution (4IR) is an era marked by transformative waves 
(Mohammed Shebeen et al., 2024). It is an era in which the distinction between the phys
ical and digital realms blurs. This era sees smart manufacturing, the Internet of Things 
(IoT), AI and data analytics converging to reshape how businesses run (Mohammed 
Shebeen et al., 2024), while success in this era is dependent on a business’s ability to 
use the digital tools to transcend traditional business paradigms and embrace adaptability 
as a core ethos (Mohammed Shebeen et al., 2024). Although technologies have been revo
lutionising business processes by enhancing efficiency, customer engagement and 
decision-making (Enholm et al., 2022), integrating them into business processes often 
introduces ethical dilemmas (de Almeida et al., 2021) such as lack of generalisability, auto
mation bias, data security and privacy concerns, as well as autonomous decision-making.

Authors have stressed the lack of generalisability as a major concern with AI tools 
because they lack the ability to generalise results to many settings, groups and scenarios, 
hence limiting their applicability (Mathrani et al., 2021). Similarly, unlike humans, AI’s 
ability is limited in applying learned experiences from one set of circumstances to 
another, needing businesses to continuously invest resources in retraining models, 
even for similar tasks (Chui et al., 2018). This rigidity poses a major challenge, as AI 
tools must be reconfigured on an ongoing basis to remain effective in evolving environments.

Furthermore, studies have raised issues about bias in AI. Bias can arise as systematic 
errors favouring certain outcomes (Mehrabi et al., 2021), or as unintended dependencies on 
specific attributes related to demographic groups (Fletcher et al., 2021), raising ethical and 
legal concerns. Roselli et al. (2019) categorised bias into three forms, namely bias in con
verting business intent into AI, bias from sample distribution in training data, and bias that 
is present in individual input samples. Crowe and Rodriguez (2024) have further identified 
computational, human, and systemic biases, arising from specific datasets and algorithms, 
cognitive biases in human thought, and those inherent in institutional structures, respect
ively. Since AIs are human-designed, their biases often reflect those of their developers 
(Matta et al., 2022), making humans ultimately responsible for mitigating AI-driven 
bias (Crowe & Rodriguez 2024).

Autonomous decision-making is another major concern in AI applications. Mittelstadt 
et al. (2016) argue that AI’s complexity and adaptive nature make its decisions challenging 
for humans to interpret, leading to the prominent black-box concern (Hassija et al., 2024). 
This lack of transparency can deter organisational decision-making and complicate 
accountability for AI-driven harm (Leenes & Lucivero, 2014). In additional, data security 
and privacy pose significant risks in business (Alhitmi et al., 2024; Bao et al., 2022). AI’s 
use of substantial quantities of consumer data for marketing increases the likelihood of 
breaches, unauthorised access and privacy violations, exposing businesses to legal and 
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reputational risks. These issues underscore the urgent need for an AI CG framework to 
ensure transparency, accountability, and ethical AI use (Crawford et al., 2019; Fessenko 
& Jasperse, 2024; Jobin et al., 2019; Laine et al., 2024).

Following the consensus on the need for ethical AI, we highlighted five (5) key 
ethical AI concerns comprising transparency, machine bias, data security and privacy, 
beneficial AI, and responsible AI that businesses must address in line with Jobin et al. 
(2019). The foundational study of Jobin et al. (2019) informed this decision, particularly 
because the research identified these principles as recurring themes across diverse geopo
litical, institutional, and cultural contexts, reflecting a growing international consensus on 
the essential components of trustworthy AI, after they conducted a comprehensive analy
sis of 84 AI ethics guidelines from around the globe. These five elements were therefore 
chosen for their global relevance and for their particular significance in South Africa and 
other African nations, where AI’s introduction is marked by challenges such as data gov
ernance, socio-economic inequality, and limited regulatory enforcement (Fokane, 2024; 
Ormond, 2023). Concerns like algorithmic transparency and bias mitigation are vital in 
preventing the reinforcement of historical injustices, while data security and privacy 
are central to protecting citizens’ rights in regions with uneven digital infrastructure. 
Moreover, emphasising beneficial and responsible AI is crucial for ensuring that AI 
development supports inclusive growth and respects democratic values. Consequently, 
these elements serve as both ethical imperatives and practical guidelines for shaping 
AI governance in South Africa’s evolving digital landscape. These five elements were 
employed to develop the Ethical AI CG framework for South African businesses. 
A brief explanation of the key elements is provided in Table 1.

2.2. Linking stakeholder theory to ethical AI CG framework
Stakeholder theory, propounded by Freeman (1984), emphasises that for long-term sustain
ability and ethical responsibility, businesses must consider the interests of all stakeholders, 
beyond just shareholders. Within the context of AI, this theory is applicable in that it pro
vides a foundation for developing an ethical AI CG framework that aligns business prac
tices with the diverse interests of all concerned parties, including employees, customers, 
regulators and the public at large. This theory advocates the inclusion of diverse views 
in decision-making processes, ensuring that AI systems are developed with a comprehen
sive understanding of their societal impact (Ademola, 2024).

AI-driven decisions impact numerous stakeholders, demanding transparency, fairness 
and accountability in governance mechanisms (Morante et al., 2024). Ethical AI CG 
framework must therefore incorporate stakeholder engagement to identify risks, address 
biases, and uphold privacy (Ejjami, 2024; Jobin et al., 2019; Morante et al., 2024). Prior
itising stakeholder engagement in the development of the AI CG framework would ensure 
that technology aligns with societal values and ethical principles, fostering trust, minimis
ing reputational risks and promoting compliance with evolving regulatory requirements 
(Bosse et al., 2023; Tan & Salo, 2023).

In additional, the CG gap between the global North and South (Jobin et al., 2019) 
further underscores the applicability of stakeholder theory. Given that Western bodies pre
dominantly shape AI development and regulation, South Africa has an opportunity to 
design its own CG framework tailored to its local ethical concerns and socio-economic 
realities. Thus, stakeholder theory argues that AI governance should be context-specific, 
participatory, and aligned with diverse stakeholder needs to ensure responsible and 
beneficial AI deployment.
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3. Research methods
The study utilised a sequential, exploratory mixed-methods approach, integrating qualitat
ive analysis through PRISMA, with quantitative data gathered via a questionnaire, to 
develop a robust ethical AI CG framework. The questionnaire, focusing on business 
leaders in South Africa, was employed to gather business leaders’ views of AI CG pro
cesses. The study conducted Cronbach’s alpha (for internal consistency), Kaiser-Meyer- 

Table 1. Five key ethical AI concerns for businesses.

Ethical AI 
Concerns Explanation Sources

Transparency To ensure transparency, AI systems must be 
understandable and explainable to 
stakeholders. To achieve this, businesses 
should disclose relevant information 
regarding AI operations, including decision- 
making processes, in a clear and easily 
interpretable manner to users to foster trust 
in the AI. Consequently, this will not just 
foster transparency but also ensure AI 
models’ explainability, explicability, 
understandability, and interpretability, as 
well as disclosure of AI-generated outcomes.

(Bankins & Formosa, 2023; Jobin 
et al., 2019).

Machine Bias AI can inherit biases from training datasets, 
resulting in unfair or discriminatory 
outcomes. To mitigate this concern, 
businesses must implement bias detection 
and mitigation strategies to ensure that AI 
models treat all stakeholders fairly. This will 
consequently ensure justice, fairness, 
inclusion, and non-discrimination to users.

(Fletcher et al., 2021; Mehrabi 
et al., 2021; Pasipamire & 
Muroyiwa, 2024)

Privacy Since AI relies on large amounts of personal 
data, it often raises concerns about 
unauthorised access and data misuse. As a 
precaution, businesses must implement 
strong data protection and security measures 
and comply with privacy regulations and 
safeguard user information.

(Aledhari et al., 2018; Pasipamire 
& Muroyiwa, 2024)

Beneficial AI For AI to be beneficial, it must serve human 
needs by enhancing productivity, decision- 
making, and societal well-being. An ethical 
AI CG framework should ensure that AI 
systems enhance business processes by 
contributing positively to the society through 
enhancing human dignity rather than 
imposing harm.

(Crawford et al., 2019; Raisch & 
Krakowski, 2020)

Responsible 
AI

Businesses must be accountable for the impact 
of AI, by ensuring compliance with ethical 
standards and regulations. Being responsible 
includes maintaining human oversight, risk 
assessments, continuous monitoring to 
prevent unintended consequences and 
detailing who is responsible for various 
actions of the AI system.

(Barredo Arrieta et al., 2020; 
Crawford et al., 2019; Jobin 
et al., 2019)
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Olkin (KMO) sampling adequacy, Bartlett’s Test of Sphericity, and the Kolmogorov- 
Smirnov test for robustness checks, followed by a final factor analysis. This approach 
ensured an in-depth grasp of AI CG issues that led to the framework’s development.

3.1. Phase one: PRISMA Review
The study conducted a systematic search using Google Scholar, a database with over 160 
million scholarly articles and EBSCOhost (with African AI governance insights), covering 
the period 2000–2022. Our search began from the year 2000 owing to the “AI winter” 
experienced in the years prior to then. AI winter refers to a time of declining interest 
and investment in AI owing to the enormous disparity between what humans expected 
of these technologies and their actual capabilities (Hirsch-Kreinsen, 2024). During such 
periods, AI advancements failed in real-world applications, causing discouragement 
among investors, governments, and researchers (Floridi, 2020; Markelius et al., 2024). 
The Boolean search strings included the five key ethical AI terms highlighted previously. 
Titles and abstracts were screened to identify potential articles for inclusion and exclusion 
according to the set criteria. An initial identification yielded 334 papers, 262 of which were 
excluded for lack of relevance to ethical concerns, 25 were inaccessible, and only 47 could 
be retrieved from the various sources. This formed the articles that the research finally con
sidered in building the CG constructs for the ethical AI concerns raised. A PRISMA 
diagram illustrates this selection process in Figure 1.

3.2. Questionnaire (Phase two)
3.2.1. Development and design
The authors designed the questionnaire to capture insights on transparency, machine bias, 
privacy, beneficial AI, and responsible AI. These constructs were formulated into questions 
and positioned on a Likert scale. This comprised: 

i. A background section to assess the business leaders’ AI knowledge.
ii. Ethical concerns divided into three sections, namely true/false questions, a five- 

point Likert scale, and open-ended questions.

We employed a mixed-methods approach to data analysis, combining both quantitative 
and qualitative techniques. The background section, which assessed business leaders’ AI 
knowledge, was analysed employing descriptive statistics comprising frequencies and per
centages to summarise self-reported familiarity with AI concepts. For the ethical concerns 
section, we divided the analysis according to question format. True/false responses were 
examined using frequency analysis to assess participants’ factual understanding of 
ethical AI principles. We analysed responses from the five-point Likert scale by employing 
descriptive statistics (means, medians, and standard deviations) to gauge the level of agree
ment or concern regarding the Ethical AI issues. Open-ended responses were subjected to 
thematic analysis, allowing for the identification of recurring themes and insights that com
plemented the quantitative data. This approach ensured a comprehensive understanding of 
both the awareness and perceptions of ethical AI among business leaders.

Prior to administering the instrument, the authors sought and obtained ethical approval 
with clearance code SAREC20210610/01, ensuring compliance with the research ethics 
guidelines.
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3.2.2. Pilot study
A pilot study was undertaken with eight experts comprising audit partners, professors, and 
senior managers, who refined the questionnaire for clarity, particularly on transparency and 
machine bias. Additional context on instrument purpose, respondent qualification, and an 
anonymity statement were provided, with a ‘not disclosed’ option added for demographic 
questions like gender to ensure inclusivity.

3.2.3. Population and sample
Using a purposive judgemental sampling technique, the population targeted business 
leaders who were also Chartered Accountants (CAs) in South Africa. This group was 
selected owing to their strategic involvement in corporate decision-making, professional 
training in ethics and governance (South African Institute of Chartered Accountants 
(SAICA), 2022), and recognised influence across industries. CAs usually have advanced 

Figure 1. Flowchart on PRISMA approach.
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expertise in business strategy, auditing, financial management, and taxation, putting them 
at the centre of business operations. Furthermore, they are constantly trained and devel
oped professionally, under prominent bodies like the South African Institute of Chartered 
Accountants (SAICA) and the International Federation of Accountants (IFAC), which 
promote ethical behaviour, accountability, and good governance for all members. More
over, these individuals frequently occupy senior leadership positions such as chief financial 
officers (CFOs), chief executive officers (CEOs), and board members. As a result, they are 
valued consultants, and their insights influence organisational policies and procedures. 
Their involvement is therefore critical for understanding how ethical AI CG can be effec
tively implemented in the business context.

The final sample comprised of 144 professional accountants across diverse business 
sectors trained in accounting, taxation, financial management, auditing, strategy, govern
ance, ethics, and AI. Of these, only 111 responses were received, yielding a response 
rate of 77%.

4. Results and discussion
In this section, we present the results from our analysis and discuss the findings. We start 
first with discussion of findings from the PRISMA and then we proceeded to findings 
obtained from the survey instrument.

4.1. Phase one: Findings from PRISMA
The five prominent ethical concerns, as previously highlighted, based on the PRISMA 
approach, are transparency, machine bias, privacy, beneficial AI, and responsible AI 
which are also in line with the foundational study of Jobin et al. (2019). These constructs 
were expanded into structured processes essential for an ethical AI CG implementation. 
The core findings are as follows: 

. to enhance transparency, businesses must focus on explainability, auditing, taking 
corrective measures, and managing technical limitation;

. to mitigate machine bias, businesses must identify bias types, implement mitigation 
mechanisms, and establish continuous monitoring and feedback strategies;

. to address privacy concerns, privacy-by-design principles, data control measures and 
bias transparency are needed;

. to ensure beneficial AI, businesses need to integrate social impact assessments, 
encourage inclusive decision-making through stakeholder participation, and 
promote positive contributions to the society, and

. to promote responsible AI deployment, businesses must ensure that technologies 
remain accountable and aligned with ethical standards to foster an environment 
that prioritises transparency.

The detailed governance processes which are based on the foundational study of Jobin 
et al. (2019) are summarised in Appendix A.

4.2. Phase two: Analysis of survey instrument
The findings from the demographic data showed that 109 respondents disclosed their gender, 
with 56% being female and 44% male. The mean age was 34 years (SD = 5.268), ranging 
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from 25 to 49 years, with a high majority of the participants being professionals working 
outside academia (64%); 49 held senior positions like financial managers, audit managers, 
managing directors, chief financial officers (CFOs) and senior lecturers.

4.2.1. Robustness checks
The robustness of the data was confirmed through the Cronbach’s alpha, the KMO measure 
of sampling adequacy, and Bartlett’s Test of Sphericity. All tests indicated robustness of 
data and suitability for factor analysis. The Cronbach’s alpha, ranging from 0.923 to 
0.971, confirmed high internal consistency; KMO values, ranging between 0.872 to 
0.937, indicated sample adequacy, while Bartlett’s Test (p < 0.001) confirmed the data’s 
strong correlation. These checks ensured the questionnaire’s reliability and validity (see 
Table 2).

4.2.2. Normality testing
The Kolmogorov-Smirnov (KS) test for normality was employed, but the test 
indicated non-normality (p < 0.01) for all items (see Table 3). However, since our 
sample size exceeded 30 (N ≥ 30), the central limit theorem (CLT) was applied and this 
justified proceeding with factor analysis, as argued by del Barrio et al. (2020) and 
Uttley (2019), that the means of large samples tend to approximate normality as sample 
size increases.

Table 2. Cronbach’s alpha, KMO, and Bartlett’s Test of Sphericity.

Transparency
Machine 

Bias Privacy
Beneficial 

AI
Responsible 

AI

No. of Items 13 19 10 16 5
Cronbach’s alpha 0.959 0.971 0.931 0.964 0.923
KMO 0.913 0.937 0.918 0.913 0.872
Barlett’s 

Test
Approx. 

Chi-sq
1503.02 2269.53 1017.89 1017.89 1017.89

df(sig) 78*** 171*** 45*** 45*** 45***

***significant level at 1%. 
Source: Authors’ computation from SPSS output.

Table 3. Kolmogorov-Smirnov.

Kolmogorov-Smirnov Statistic df Sig.

Transparency: disclosure and monitoring 0.199 109 0.000
Transparency: independent observers 0.213 109 0.000
Machine bias 0.178 109 0.000
Factor 1: Privacy risk management 0.233 109 0.000
Factor 2: Privacy limiting data 0.140 109 0.000
Factor 1: Beneficial AI: human-centred 0.208 109 0.000
Factor 2: Beneficial AI: health, safety and rights 0.243 109 0.000
Responsible AI 0.214 109 0.000

Source: Authors’ computation from SPSS output.
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4.3. Initial eigenvalues for possible factors in the data
The initial eigenvalues presented in Table 4 help determine the number of underlying com
ponents that explain the variance in each key ethical AI concern. According to the Kaiser 
(1974) criterion, an eigenvalue > 1 is an indication that a component significantly contributes 
to explaining variance in the data, and such a component should be retained. Based on this cri
terion, this study considered one or more components. For instance, “Transparency”, and 
“Privacy” both had two components with eigen values > 1, suggesting that these concerns 
are multifaceted and multiple aspects are required to fully understand their complexity. For 
transparency, monitoring and disclosure, and independent observers were key aspects 
deemed important while for privacy, data limitation and risk management were deemed impor
tant aspects. “Beneficial AI” also had two components comprising human-centred, and health 
and safety rights having eigen values > 1, indicating multiple dimensions are also required to 
fully capture its complexity. However, “Machine Bias” and “Responsible AI” had only one 
component each with an eigenvalue > 1, indicating that a single dominant factor sufficiently 
explains most of the variance in those areas. These interpretations validate the multidimensional 
nature of some ethical concerns while confirming the unidimensional importance of others, 
reinforcing their integration into the AI CG framework. Table 4 presents the pattern matrix.

4.4. Summary of factor analysis
The results of the factor analysis are presented in Table 5. Under transparency, two factors 
were loaded. First is “disclosure and monitoring”, comprising items B1-6, 11, and 13, 
while the second is “independent observers”, comprising items B7-9. Items B10 and 
B12 were removed to eliminate redundancy. “Machine Bias” and “Responsible AI” 
loaded a single factor, with machine bias explaining 67% of variance having all CG pro
cesses retained, while “Responsible AI” explained 77.17% variance, reinforcing its critical 
role in AI CG. “Privacy” loaded two factors from privacy risk management (D4-10) and 
privacy data limitation (D1-3), revealing strong internal consistency (Cronbach’s alpha 
0.963, 0.70). Similarly, two factors loaded for “Beneficial AI”, comprising human- 
centred AI (factor items E2, E8-16; Cronbach’s alpha: 0.950) and health, safety, and 
rights (E1, E3-7; Cronbach’s alpha: 0.933) accounting for 73% variance. These results 
validate submissions of previous studies on the components of CG processes and ethical 
AI considerations (Barredo Arrieta et al., 2020; Costello, 2019).

4.5. Discussion of overall findings
The findings of our investigation reinforce the significance of the five key elements high
lighted for developing an ethical AI CG framework (See Figure 2 for the framework). 
These are discussed in detail in the following sections.

4.5.1. Transparency
Our findings indicate that South African business leaders considered in this study empha
sise business policies, disclosure, and monitoring as critical components that will enhance 
AI transparency, aligning with the information disclosure content for public listed compa
nies, a requirement under the International Financial Reporting Standards (IFRS) and the 
Johannesburg Stock Exchange (JSE) practices. This builds on the study of Ananny and 
Crawford (2018).
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To achieve transparency in ethical AI for CG implementation, concerned business 
leaders need to develop sound policies for AI CG and ensure adequate monitoring and 
strict compliance with the policies. Likewise, there must be adherence to full disclosure 
of relevant information. However, on the role of independent observers in enhancing AI 
transparency, our findings contradict the previous arguments of Ananny and Crawford 
(2018) and Resnick et al. (2000). Probable reasons for this disparity include technical 
knowledge gaps, limited access to proprietary data (Hassija et al., 2024), AI complexity 
surrounding the black-box effect, organisational resistance, lack of standardised transpar
ency measures, evolving AI technologies, weak regulatory backing, and resource con
straints limiting the role of independent observers (Hassija et al., 2024). These issues 
might also be some of the factors contributing to the ongoing corporate scandals facing 
South Africa (Holtzblatt et al., 2020), such as the Steinhoff scandal, the African Bank 
Investments Ltd (ABIL) failure, and Experian data breaches.

Therefore, in line with stakeholder theory, it is important to adopt a stakeholder-centric 
approach that incorporates diverse perspectives, including independent observers, to 
enhance AI CG, identify ethical risks, and establish transparency norms (Ademola, 
2024; Morante et al., 2024).

4.5.2. Machine bias
The findings support prior literature of D’Alessandro et al. (2017), Madaio et al. (2020) and 
Silberg and Manyika (2019), indicating that robust CG processes are essential in addres
sing machine bias. The results suggest that many business leaders considered in this 

Figure 2. Ethical AI CG framework.
Source: Authors’ compilation.

14  H. Coovadia et al.



study may have limited exposure to, or understanding of, machine bias and how it can be 
effectively managed. Notably, most respondents preferred to address machine bias through 
stakeholder reporting rather than integrating fairness and non-discrimination mechanisms 
directly into AI systems.

This preference reflects a common trend in South African corporate practice, particu
larly the risk management approach, where businesses often report risks to stakeholders as 
part of good governance. Probably, they do this to comply with a section in the King IV 
Code that mandates the board to establish risk committees (Institute of Directors South 
Africa (IoDSA), 2022).

From the lens of stakeholder theory, an ethical AI CG framework must proactively 
incorporate mechanisms to detect oversight and machine bias in real time. This is vital 
for upholding ethical standards and building trust in AI systems. As Ejjami (2024) also 
argues, effective AI governance must prioritise continuous oversight and proactive bias 
detection to ensure fair and accountable outcomes.

4.5.3. Privacy
The findings indicate that business leaders prioritise risk management, including compli
ance with privacy legislation, process documentation, and risk assessments, probably 
owing to the influence of regulations like POPIA and the King IV Code, which mandates 
risk assessments as part of sound CG (IoDSA, 2022). Our findings indicate that data limit
ation is less emphasised (limiting data alone explains only 12% of the broader concept of 
privacy), likely because of concerns about AI’s black-box effect. It is, however, important 
to understand that an ethical AI CG should balance privacy concerns with regulatory 
compliance.

Our findings lend support to the stakeholders’ clamour for designing AI systems that 
address privacy concerns by aligning ethical expectations with regulatory requirements 
(Bosse et al., 2023). The findings aligns with Tan and Salo’s (2023) emphasis on the 
need for AI tools to foster stakeholder value, enhance relationships, and uphold rights 
and responsibilities within the ecosystem.

4.5.4. Beneficial AI
The findings here suggest that for an ethical AI CG framework to be truly beneficial, it 
must prioritise the development of systems that deliver substantial benefits to all stake
holder groups (Ademola, 2024; Tan & Salo, 2023). For instance, a beneficial AI system 
should enhance business efficiency and support employee well-being, as well as contribute 
to broader societal goals such as environmental sustainability and equitable access. This 
requires adopting a human-centred, stakeholder-oriented approach, consistent with stake
holder proposition. This emphasises the need to account for the interests and well-being of 
all individuals affected by business decisions.

Furthermore, a human-centred AI CG model must evaluate AI technologies’ impact 
on stakeholders’ health, safety, and rights, ensuring that systems not only provide 
improved services but also uphold fairness, dignity, and user autonomy. This confirms 
the submission of Ademola (2024) that the diverse views of stakeholders must be con
sidered in decision-making processes, as this will ensure the AI systems are developed 
with a comprehensive understanding of their societal impact. It also complements the 
submission of Tan and Salo (2023) that ethically deployed AI can foster sustainable sta
keholder relationships, strengthen rights of ownership, and promote mutual 
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accountability within digital ecosystems. Ultimately, an AI system is deemed beneficial 
when it actively enhances human welfare and identifies and mitigates potential harms 
across stakeholder groups.

4.5.5. Responsible AI
The findings here reveal that South African business leaders strongly support embedding 
responsible AI within the CG framework through the development of clear policies and 
procedures that reflect a business’s understanding of its responsibilities. This aligns with 
existing research such as Barredo Arrieta et al. (2020) that emphasises structured CG as 
fundamental to responsible AI. By incorporating these CG processes, the traceability prin
ciple that focuses on the ability to track decisions and actions within AI systems is 
addressed, reinforcing accountability across the AI development (Mittelstadt et al., 
2016). This approach aligns with the stakeholder position, that calls for a nuanced under
standing of the relationships among concerned groups. In addition, ensuring traceability 
and responsibility helps map these complex relationships, thus strengthening the ethical 
foundation of AI CG. When businesses adopt a stakeholder-centric mindset, they are 
more likely to engage diverse opinions in the design and implementation of AI systems, 
leading to more transparent, explainable, and unbiased AI solutions.

Furthermore, for an AI system to be truly responsible, it must be subject to proper risk 
management and continuous monitoring. This proactive approach not only mitigates 
potential harms but also supports ethical decision-making, strengthens accountability 
structures, and builds stakeholder confidence. Ultimately, embedding them in ensures 
that all governance processes relating to responsible AI are integral to the overall CG 
framework, promoting sustainable and trustworthy AI adoption.

5. Conclusions, contribution of the study, and limitations
This study developed an ethical AI CG framework tailored to South African businesses, 
employing a mixed-methods approach that combines qualitative data from PRISMA 
with quantitative data from a questionnaire to guide the adoption and implementation of 
responsible AI technology. The framework comprised five key elements essential for 
ethical AI CG, namely transparency, machine bias mitigation, privacy protection, ben
eficial AI, and responsible AI. Transparency was found to rely on clear policies, continuous 
monitoring, and disclosure. Independent observers’ role was also captured, although 
respondents viewed it as less effective, probably because of technical limitations, lack 
of access to proprietary data, and organisational resistance.

For machine bias and privacy concerns, technical and operational strategies were empha
sised, alongside inclusive stakeholder engagement and transparency in AI design. It is also 
essential for systems to be adaptable, ethical, and aligned with regulatory standards. For AI 
to be viewed as beneficial, it must prioritise stakeholder health, operational efficiency, and 
societal well-being. The authors emphasise compliance with existing frameworks like the 
King IV code and POPIA. By tackling “how” AI ethics can be implemented, the study 
offers practical solutions through ethical AI CG integration into business processes, mitigat
ing the possibility of blue washing and fostering stakeholder trust.

This research makes several significant contributions to knowledge. By incorporating 
the views and recommendations of South African business leaders, the study offers unique 
insights into what constitutes ethical AI practices. The resulting ethical AI CG framework 
(Figure 2) addresses a critical gap and fulfils the overarching objective of developing a 
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practical and context-specific framework for South African businesses adopting AI 
technologies.

Theoretically, the study advances the discourse on ethical AI by anchoring its CG 
approach in stakeholder theory. It demonstrates how stakeholder interests can and 
should be integrated into governance processes to ensure ethical, inclusive, and accounta
ble AI deployment. Practically, the framework complements South Africa’s existing King 
IV Code on CG principles, but in addition provides actionable guidance that can be adapted 
by businesses across the continent.

Although this study developed a valuable ethical AI CG framework, it is not without 
limitations. First, context bound, the study focuses only on South Africa; therefore, caution 
must be exercised in applying its conclusions to other jurisdictions. In addition, several 
interpretive insights, especially those pertaining to machine bias, privacy, data limitations, 
and the perceived ineffectiveness of independent observers were based on reasoned 
assumptions of the authors rather than empirical validation from literature. Future research 
is urged to further investigate these findings to confirm or refine the explanations offered. 
The study employed the questionnaire, which may have limitations in accurately capturing 
nuanced opinions. Future studies are encouraged to use alternative methodologies, like 
interviews or case studies, to enrich future investigations. Finally, while factor analysis 
was used to interpret the quantitative data, this method has inherent limitations that may 
constrain the scope of interpretation. Despite these limitations, the findings contribute sig
nificantly to the existing body of knowledge and offer a foundation for further exploration 
of ethical AI CG.
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Explanation about responsible AI included in PRISMA

Transparency relating to responsible AI Responsible AI environment

Responsible AI
To create a responsible AI environment within 

an entity, the concepts of transparency, 
coupled with explainable AI and trust, must 
be entrenched in organisational policies 
(Barredo-Arrieta et al., 2020; Crawford et al., 
2019). There is need to create policies that are 
clear and accessible to design and 
development teams, including all those who 
are involved in the creation of the AI tools.

Business would need to create policies that are 
clear and accessible to design and 
development teams, including all those who 
are involved in the creation of the AI tools 
(IBM, 2020). Thus, as a process, business 
should have a clear understanding of where 
the responsibility for the business starts and 
ends and have a detailed record of all 
decisions regarding the AI tools.

Source: Authors’ own contribution 
Here, we noted that to foster responsible AI environment, organisations need to integrate transparency, 
explainable AI, and trust into their organisational policies. Also, clear and accessible policies should be provided 
as this will serve as a good guide for the design and development teams, thus ensuring accountability and 
maintaining detailed records of all decisions regarding the AI tools.

Appendix B
Articles reviewed by PRISMA approach

Article Database
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process Article Details

1 EBSCOHOST Large Data Sets Aledhari, M., Di Pierro, M., Hefeida, 
M. and Saeed, F. (2018). A deep 
learning-based data minimization 
algorithm for fast and secure transfer of 
big genomic datasets. IEEE 
Transactions on Big Data, 7(2), 271– 
184.

2 EBSCOHOST Temporal Limitations; Seeing 
over Understanding; 
Harmful Transparency

Ananny, M. and Crawford, K. (2018). 
Seeing without knowing: Limitations 
of the transparency ideal and its 
application to algorithmic 
accountability. New Media & Society, 
20(3), 973–989. https://doi.org/10. 
1109/TBDATA.2018.2805687

3 EBSCOHOST Privacy by Design Bang, J., Kim, S., Nam, J.W. and Yang, 
D.G. (2021, August). Ethical chatbot 
design for reducing negative effects of 
biased data and unethical 
conversations. In 2021 International 
Conference on Platform Technology 
and Service (PlatCon) (pp. 1–5). IEEE.

4 EBSCOHOST Responsible AI Environment; 
Transparency Relating to 
Responsible AI

Barredo-Arrieta, A., Diaz-Rodriguez, N., 
Del Ser, J., Bennetot, A., Tabik, S., 
Barbado, A., Garcia, S., Gil-Lopez, S., 
Molina, D., Benjamins, R., Chatila, 
R. and Herrera, F. (2020). Explainable                                                                                                                                         
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Continued.

Article Database
Construct that informed the CG 

process Article Details
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taxonomies, opportunities and 
challenges toward responsible AI. 
Information Fusion, 58, 82–115. 
https://doi.org/10.1016/j.inffus.2019.12. 
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5 EBSCOHOST Technical Limitations Burrell, J. (2016). How the machine 
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p. 04036). EDP Sciences.
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Policy framework, adoption challenges 
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Scholar
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Samandari, H. (2019). Confronting the 
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Appendix C
A copy of the questionnaire will be made available upon request from the corresponding author.
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