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1. Introduction
[bookmark: _Toc225531418]1.1 Background of the Study
The increasing adoption of artificial intelligence (AI) in business decision-making is not merely a technological trend, but a response to growing environmental complexity and data intensity within contemporary organisations. The scale, velocity, and complexity of modern data environments increasingly challenge traditional decision-making models’ traditional models of decision-making, which are frequently based on limited rationality and managerial intuition (Badmus et al., 2024). In this regard, AI-powered systems, especially machine learning and predictive analytics, have sprung up as systems used to improve the accuracy, speed, and strategic foresight of decisions made by converting raw data into actionable information (Joshi, Singh and Sehgal, 2025; Albashrawi, 2025).
From a theoretical perspective, the transition to AI-driven decision-making can be described with reference to the data-driven decision theory and the resource-based perspectives on the firm, according to which data and analytical skills are discussed as strategic resources that bring about competitive advantage. Empirical data indicates that AI eases a shift in the decision-making process between reactive and proactive because it allows forecasting, recognizing patterns, and optimizing decisions in real time in any industry (Bhuiyan et al., 2023). Nonetheless, even with these improvements, literature indicates that there is a disjointed knowledge of the role of AI in improving the quality of decisions in various organisational settings.
While several studies demonstrate improvements in efficiency and accuracy, some indicate that the algorithms are prone to bias, there is no transparency, and misalignment in the organisation; therefore, technological capability is not enough to ensure that effective decision-making outcomes are attained alone (Kiran, 2025; Elmrayyan et al., 2024). Such a contradiction suggests the presence of a theoretical and empirical gap concerning the conditions in which AI can promote or limit decision-making. That is why the critical assessment of such opposing points of view and a more consistent picture of the role of AI in the business decision-making process is necessary through a systematic synthesis of recent studies.
[bookmark: _Toc225531419]1.2 Research Problem
Despite the rapid integration of artificial intelligence (AI) into business decision-making, there remains a critical inconsistency between its theoretical potential and practical outcomes. Although AI is believed to increase the quality of decisions using data-driven insights, issues associated with data quality, algorithm bias, and unintelligibility often arise in organisations, compromising the reliability of the decisions taken by organisations (Okafor et al., 2025; Górka et al., 2025). Theoretically, this is an incompatibility of technological capability with organisational preparedness, especially in the process of balancing human judgement and AI systems. Therefore, the lack of adoption of AI is not the main issue, but the fact that the extent of the adopted AI, and the nature of the circumstances in which it can positively impact business decision-making, are insufficiently known.
[bookmark: _Toc225531420]1.3 Research Gap
Despite the growing body of literature on artificial intelligence (AI) in business decision-making, existing studies remain fragmented and lack a coherent theoretical framework explaining how AI generates decision value across contexts. Previous studies are mainly on efficiency and predictive accuracy, but do not investigate the interplay between human judgment and AI systems, which limits the knowledge about hybrid processes of decision-making (Enholm, 2021; Lai et al., 2021). Moreover, empirical research tends to be context-based and geographically localized, which decreases generalizability (Sugiarto, Masruchan and Siwantara, 2025). This highlights a critical gap in integrating technological and behavioural perspectives within AI-enabled decision-making, particularly given the contradictory findings regarding its effectiveness and the limited generalizability of existing studies across organisational contexts.
[bookmark: _Toc225531421]1.4 Research Rationale
The study is justified by the increasing strategic importance of artificial intelligence (AI) in organisational decision-making, particularly within data-driven and highly competitive environments. Although current studies show that AI contributes to the increase in efficiency, prediction, and innovation, the practical value depends on the compatibility with organisations, regulations, and humanization processes (Okafor et al., 2025; Raina et al., 2025). Theoretically, this is a sign of the necessity to balance the capabilities of technologies with decision-making theories that put more focus on human judgment and situational interpretation. Thus, a systematic literature review is needed to synthesise recent evidence critically, solve inconsistencies, and create a more comprehensive picture of the role of AI in effective and reliable decision-making in business.
[bookmark: _Toc225531422]1.5 Research Aim and Objectives
Aim
The aim of the proposed study is to critically evaluate the role of artificial intelligence in enhancing business decision-making by synthesising existing literature and examining the conditions under which AI contributes to effective and reliable managerial decisions.
Objectives
1. To identify and critically analyse the key theories and concepts underpinning AI-driven decision-making in business contexts.
2. To examine how artificial intelligence influences the quality, speed, and accuracy of business decision-making.
3. To evaluate the advantages and limitations of AI in organisational decision processes, including issues of bias, transparency, and human-AI interaction.
4. To analyse the contextual factors that determine the effectiveness of AI in supporting managerial decisions.
5. To synthesise existing literature to identify gaps and provide a coherent framework for understanding AI-enabled decision-making.
[bookmark: _Toc225531423]1.6 Research Questions
1. How does artificial intelligence influence business decision-making processes in contemporary organisations?
2. To what extent does AI improve the quality, speed, and accuracy of managerial decision-making?
3. What are the key advantages and limitations of AI in supporting business decisions, particularly in relation to bias, transparency, and human judgment?
4. Under what organisational and contextual conditions does AI enhance or constrain effective decision-making?
5. How can existing literature be synthesised to develop a coherent understanding of AI-enabled decision-making in business contexts?

[bookmark: _Toc225531424]2. Literature Review
[bookmark: _Toc225531425]2.1 Introduction to Literature
The literature on artificial intelligence (AI) in business decision-making has expanded significantly in recent years, reflecting its growing role in transforming organisational processes and strategic outcomes. The literature highlights the capacity of AI to enhance decision-making efficiency and precision as well as timeliness using advanced analytical methods and machine learning algorithms (Djaghrouri and Aleessawi, 2025; S and N, 2025). However, the literature is not unanimous; it demonstrates various points of view on the degree of AI enhancement of the quality of decisions and under which circumstances it generates value. The critical synthesis of the latest research undertaken in this review is aimed at exploring the main theoretical frameworks, highlighting the major themes, and assessing the conflict to form a coherent perspective on AI-enabled decision-making.
[bookmark: _Toc225531426]2.2 Key Concepts and Theories
The integration of artificial intelligence (AI) into business decision-making can be theoretically understood through the lens of bounded rationality, which assumes that human decision-makers do not make optimal decisions but instead work under cognitive and informational limitations. Although the classical decision theory presupposes rational agents, the recent research claims that AI expands those cognitive boundaries through the increased capacity of information-processing and facilitating more data-informed decisions (Almutairi and Almatrodi, 2025; Wang et al., 2025; Dvouletý et al., 2025). Nevertheless, this supposition is disputed, with AI systems being prone to poor data and algorithm designs, also implying that decision-making can be considered as biased, although augmented with technology (Steyvers and Kumar, 2023; Macmillan-Scott and Musolesi, 2025). This points to a severe weakness: AI does not eradicate uncertainty but shifts it to human-machine interactions.
In contrast, the resource-based view (RBV) explains AI adoption as a strategic capability that enables firms to generate competitive advantage through superior data analytics and decision intelligence. Research highlights the importance of AI as a useful, uncommon, and indistinguishable asset when incorporated into organisational activities, and thus enhancing the speed of decisions and strategic responsiveness (Csaszar, Ketkar and Kim, 2024; Okeke and Abel, 2026). However, according to Steyvers and Kumar (2023), technological resources alone cannot produce positive results without additional organisational skills, including data control and managerial skills. This implies that the RBV might be too optimistic about the independent value of AI, but not explore the socio-technical circumstances in which AI can be successfully implemented.
Furthermore, emerging research adopts a socio-technical systems perspective, arguing that decision-making outcomes are shaped by the interaction between human judgment and AI systems rather than by technology alone. Whereas according to Vijayakumar, Yang and DeFranza (2026) and Steyvers and Kumar (2023), AI is an epistemic authority that is able to enhance rational decision-making, there are studies that reveal that excessive dependence on AI can cause automation bias and weak critical thinking among managers. This contradiction demonstrates a more profound theoretical conflict between perceived AI as a technology that promotes rationality and as a mechanism that can help to strengthen existing biases and organisational restrictions.
Collectively, all these theoretical approaches imply that the process of AI-driven decision-making cannot be described by one theory only. Although bounded rationality places emphasis on cognitive constraints, RBV places an emphasis on strategic capability, and the socio-technical theory places an emphasis on the effects of interaction, there is little integration between these two approaches. This fragmentation demonstrates a lack of comprehension of how these theories all combine to offer an explanation of AI-enabled decision-making and specifically in complex organisational environments where human judgement, technological capability, and institutional factors intersect.
[bookmark: _Toc225531427]2.3 Thematic Analysis of Literature
[bookmark: _Toc225531428]2.3.1 AI and Decision-Making Efficiency and Speed
The increased focus on artificial intelligence (AI) in decision-making is also explained by the fact that it increases the speed and efficiency of the process, specifically, through automation and real-time analytics. On a theoretical level, this is consistent with the concept of bounded rationality in which the AI is projected to supplement human cognitive constraints by analyzing high amounts of information at an accelerated rate. Empirical evidence shows that AI-powered analytics can enable organisations to create real-time insights and react faster to changing market environments and increase their operational efficiency. In the same manner, AI-driven decision support systems combine information streams and streamline the process and minimize the time lag in multi-faceted settings like Industry 4.0 (Parmar, 2025; Hasan, 2024). Similarly, Soori et al. (2024) argue that automation increases efficiency; they are both to a large extent assuming that an increase in speed necessarily goes directly into an increase in the quality of decision outcomes, a hypothesis that is yet to be explored in theory.
In contrast, as per Kovari (2024) and Omkar Nandkishor (2025), dispute the idea that speed in decision-making is an inherent way of enhancing the quality of decisions. Although AI-based systems are more responsive and predictive, they can also encourage over-exploitation of automated results, which would decrease the evaluation of managers at their critical level. Socio-technical aspects of decision-making have made it known that speed in decision-making does not necessarily determine the effectiveness of decision-making, but rather the interplay between human judgment and technological systems. Research points out that despite how agile real-time analytics can be, it can also present risks, including the poor interpretation of the rapidly generated insights and inadequate thought in critical decisions (Ongesa Nyamboga, 2025). This reflects a fundamental theoretical limitation in the literature that has existed since efficiency is usually examined through the prism of speed and not decision efficacy. Thus, AI can also speed up the decision-making processes, but it is not clear whether this speed always improves the quality of decisions under various organisational settings.
[bookmark: _Toc225531429]2.3.2 AI and Decision Quality: Accuracy vs Uncertainty
The growing reliance on artificial intelligence (AI) in decision-making is largely justified by its ability to enhance predictive accuracy, although this premise is deeply rooted in the theory of data-driven decision-making, which lays emphasis on statistical optimisation in lieu of the judgment of context. Empirical research shows that AI systems have the potential to greatly enhance the accuracy of forecasting and the consistency of decision-making through the processing of massive datasets that a human mind cannot process due to mental limitations (Okafor et al., 2025; Csaszar, Ketkar and Kim, 2024). This view is, however refuted by studies that indicate that the quality of AI accuracy greatly depends on the quality of data and the model structure, implying that the so-called accurate outputs could be inappropriate or misleading in various contexts (Miedema et al., 2026; Al-Khamees et al., 2026). It implies that AI does not necessarily enhance the quality of decisions made but, on the contrary, exacerbates the assumptions that are inherent in data and algorithms.
Conversely, Miedema et al. (2026) and Lester et al. (2025) assert in the literature that AI does not remove the ambiguous, but rather reorganizes it, moving it between human thought and algorithmic systems. Research suggests that, on the one hand, AI-aided decision-making can also be more accurate, but, on the other hand, it can also create new kinds of uncertainty, especially when the models are black boxes and less interpretable than the rest. Moreover, uncertainty-aware AI studies have shown that uncertainty levels should be provided together with predictions, indicating that the quality of the decision, rather than the accuracy, relies on uncertainty communication means (Reyes et al., 2025; Lester et al., 2025). However, other scholars highlight that overreliance on AI recommendations may lead to automation bias, reducing critical human oversight and potentially degrading decision quality (Pearson et al., 2026).
Altogether, these results indicate a dire theoretical gap: the current body of research is more likely to assess AI on the basis of accuracy measures, but it overlooks the fact that this technology changes uncertainty in the decision-making process. This suggests that a more accommodative framework is needed, which takes into account both predictive performance and uncertainty management in explaining the quality of AI-enabled decisions.
[bookmark: _Toc225531430]2.3.3 Human–AI Interaction in Decision-Making
The relationship between human decision-making and AI suggestions is becoming more and more conceptualised as augmentation theory, which presupposes that AI supplements but does not substitute human mental abilities. Research maintains that AI-based decision support systems enhance the level of analysis, as they give data-driven insights that are beyond human processing capacity (Jiang et al., 2024; Kovari, 2024). This assumption is, however, refuted by behavioural studies and research that show that decision-makers tend to develop automation bias, whereby decision-makers over-utilize algorithmic responses even when there is evidence to the contrary (Alon-Barkat and Busuioc, 2023; Romeo and Conti, 2025; Gerlich, 2025). This suggests that AI is not merely a supplement to rationality but can also transform it through a division of cognitive work between humans and machines. Consequently, the effectiveness of human-AI collaboration is not determined by technological advancement only, but by the bargaining of decision power within organisations, which is a dimension that has not been explored in the existing literature.
Conversely, other researchers, such as Alon-Barkat and Busuioc (2023), claim that AI is becoming more of an epistemic authority, losing human-centred decision-making to algorithm-driven decision-making. On one hand, advocates argue in favor of AI decreasing the level of human influence and increasing the degree of objectivity; however, on the contrary, the application of AI technology results in human decision-makers making decisions that are more likely to conform to algorithm outputs than to rectify the algorithmic mistakes. Moreover, explainable AI research mentions that transparency may both benefit trust and cause discomfort, producing a paradox, in which understanding more and more does not always translate to positive decision-making results (Yu and Li, 2022). This contradiction is indicative of a more fundamental theoretical friction, i.e., should AI be considered as an impartial decision support tool or as a formidable force that influences organisational thinking? The literature has not been able to unify these views, especially in describing how augmentation changes to substitution.
[bookmark: _Toc225531431]2.3.4 Limitations of AI: Bias, Transparency and Ethical Concerns
The limitations of AI in making decisions are best elucidated in the light of the theory of algorithmic bias, which explains that AI systems are developed to reproduce and enhance bias found in the training data. Though other studies present AI as a tool to make decisions less subjective through standardisation, others are showing that biased datasets and model construction may systematically bias the results in a biased way (Krištofík, 2025; Nouis et al, 2025). It means that AI does not remove bias but changes it into a structural and less visible type. Furthermore, studies point to the fact that perceived objectivity of AI can result in blind trust in erroneous results and thus reinforce the discriminatory trends instead of reducing them.
Another similar issue is the so-called black-box problem, in which the lack of interpretability and accountability in AI decision-making is caused by the lack of clarity in these processes. Although it has been suggested that transparency is the solution, research indicates that transparency has a dual impact since it increases trust and creates confusion for the users at the same time (Yu and Li, 2022). In the context of governance, this amounts to a basic clear conflict between explainability and complexity of systems because more advanced models are less explicable (Cheong, 2024). Therefore, the conception that AI can be objective in full is theoretically invalid since the data input and structure of algorithms are both social constructs. However, the literature does not provide a single framework of the interaction of bias, transparency, and ethical concerns to affect the outcomes of the decision-making process in various contexts.
[bookmark: _Toc225531432]2.3.5 Organisational and Contextual Factors Influencing AI Effectiveness
Technological capability is not relevant to the efficacy of AI in decision-making because such efficacy depends on organisational preparedness and situational fit, which is clarified by socio-technical systems theory. Whereas certain studies have claimed that AI improves the performance of the decision-making process by boosting the data analytics and prediction services, others have highlighted that its effectiveness relies on other organisational aspects like culture, governance, and human experience, which can be used complementary (Kovari, 2024 and Hiremath et al., 2025). This implies that AI is a built-in functionality, not a tool, and therefore it must be aligned to organisational processes to create value.
Moreover, studies indicate that disparity in data quality, managerial competency, and institutional settings is the reason why AI has varying results in different organisations. On the one hand, technologically advanced companies can use AI to gain strategic value; on the other hand, other companies fail to apply it because of the lack of data infrastructure or change resistance (Nouis et al., 2025). This is in line with the resource-based view that argues that competitive advantage is created not by technology but by the ways and means in which technology has been incorporated within firm-specific capabilities. Nevertheless, the current research is mostly context-dependent and does not provide generalisable information on the dynamics of these factors. It shows that there is an acute lack of knowledge on the organisational conditions according to which AI improves decision-making, especially in a variety of industries and institutional frames.
[bookmark: _Toc225531433]2.4 Research Gap Justification
The preceding thematic analysis highlights a significant gap in the current literature on artificial intelligence (AI) in business decision-making, particularly the lack of an integrated theoretical framework that reconciles technological, behavioural, and organisational perspectives. While existing studies extensively examine AI’s ability to enhance efficiency and predictive accuracy, they largely treat these outcomes in isolation, neglecting how decision quality is shaped by the interaction between human judgement, algorithmic systems, and organisational context. This fragmentation is evident in the contradictory findings regarding human–AI collaboration, where AI is alternately conceptualized as an augmentative tool and as a substitutive decision authority, without clearly defining the conditions under which this transition occurs (Micheal, 2026).
Moreover, although research acknowledges critical limitations such as algorithmic bias, lack of transparency, and ethical concerns, these issues are often examined independently rather than as interconnected factors influencing decision reliability and trust (Krištofík, 2025; Radanliev, 2025). Similarly, organisational factors such as data readiness, governance, and managerial capability are recognized but remain under-theorized in explaining why AI delivers inconsistent outcomes across firms (Alawamleh et al., 2024). Consequently, there is a clear need for a systematic synthesis of recent literature to bridge these disconnected perspectives and develop a more coherent understanding of how, why, and under what conditions AI enhances or constrains effective business decision-making.
[bookmark: _Toc225531434]3. Methodology
[bookmark: _Toc225531435]3.1 Introduction to Methodology
The study will adopt a qualitative research design using a systematic literature review (SLR) to critically analyse the concept of artificial intelligence in business decision-making. The study will be structured using the research onion framework, which guarantees the systematic sequence of research philosophy to data analysis (Saunders, Lewis and Thornhill, 2019). In line with the Research Onion model, all methodological choices will be coherently aligned in a manner that an interpretivist philosophy guides an inductive one and results in a qualitative synthesis of the secondary information. The SLR methodology allows a rigorous, transparent, and reproducible process of finding, assessing and synthesising the preexisting research, which is necessary to accomplish fragmented and conflicting findings in the current literature (Meliante et al., 2025).
[bookmark: _Toc225531436]3.2 Research Philosophy
The research is based on interpretivism, which presupposes that existence is socially constructed and situation-specific. Interpretivism, which is ontologically considered, denies the existence of one objective reality; instead, multiple realities are constructed through human interpretation in terms of human interpretation (Alharahsheh and Pius, 2020). This is especially pertinent to AI-based decision-making, where the results of a decision-making process are not only determined by the outputs of the algorithm but also by human decisions, organisational background, and subjective interpretations.
Epistemologically, interpretivism emphasises, is focused on creating knowledge based on meaning-making as opposed to the measurement of variables (Pham, 2018). This is in line with the aim of the study to critically interpret literature as opposed to hypothesis testing. In contrast to positivist methods that are based on measurable data, interpretivism facilitates a more profound investigation of contradictions, assumptions and contextual divergence in AI studies.
From an axiological standpoint, the researcher is not passive in his or her interpretation and synthesis of knowledge. This is especially significant in systematic reviews, when the judgment of the researcher is needed in the process of selection, evaluation, and interpretation of studies.
However, interpretivism is not without limitations. It can decrease objectivity levels and restrict the extent of generalisation because it depends on subjective interpretation. However, this philosophy is supported because the study will examine how and why AI affects the decision-making process, but not to quantify the causal associations. This is in line with the recent studies, which note that interpreting the results of AI, in turn, is only possible through interpretative analysis of the socio-technical environment, but not strictly through statistical analysis (Kallmes et al., 2025).
[bookmark: _Toc225531437]3.3 Research Approach
An inductive approach will be adopted, as the proposed study seeks to develop insights from existing literature rather than test predefined theories. Inductive reasoning enables the identification of patterns, themes, and relationships developed out of the previous studies, which is why it is appropriate when it comes to systematic literature reviews (Azungah, 2018).
In contrast to deductive methods, which are based on hypotheses, the induction method makes it possible to conduct a flexible exploration of complex phenomena like AI-driven decision-making when they lack theoretical agreement. This method is specifically applicable to the fact that the literature is rather fragmented, and various views on efficiency, bias, and human-AI interaction can be formulated.
The inductive approach, however, might not be predictive and it is dependent on the quality of existing studies. Despite this limitation, it is suitable in this study because it allows building theories and a critical synthesis. According to recent research, inductive methodologies are needed in the new areas of study, such as AI, where knowledge is still developing and needs to be interpreted and not proven (Alherimi et al., 2025).
[bookmark: _Toc225531438]3.4 Methodological Choice
A qualitative methodological choice will be adopted in the proposed study because it involves an analysis of textual information from academic literature. Qualitative methods are appropriate as they are used to explore meanings, interpretations, and theoretical relationships, which in turn fall under the philosophy of interpretivism and the inductive approach (Leavy, 2020).
A key strength of qualitative research is its ability to generate in-depth, contextual insights and critical analysis (Leavy, 2020). It allows tracing the inconsistencies, the gaps in the theories, and the effects of the situation, which is impossible to describe with quantitative tools. Nevertheless, the case of qualitative methods can be criticised on subjectivity and a lack of generalisability.
Irrespective of these limitations, the qualitative methodology is warranted because the study will be concerned with synthesising different viewpoints and not statistical generalisation. Moreover, recent studies underline the importance of qualitative synthesis in systematic reviews to identify and describe extended interactions among technology, human behaviour, and organisational factors (Fütterer et al., 2025).
[bookmark: _Toc225531439]3.5 Research Strategy: Systematic Literature Review
The proposed study will be based on a systematic literature review (SLR) as its main approach. An SLR is a systematic and rigorous process of determining, analysing, and generalizing the available literature to give a wide-ranging knowledge on particular subject matter. It is broadly known to be a high-level evidence synthesis methodology because it is transparent and reproducible (Meliante et al., 2025).
SLR is suitable for the proposed study because it will be feasible to review and assess the disorganised and conflicting literature findings on AI and decision-making. Conducting a systematic review of various studies, the research will help to create a logical perception of central themes and theoretical approaches.
The selection of articles for the SLR will be based on the PRISMA model that gives recommendations on how systematic reviews should be carried out, such as identification, screening, eligibility, and inclusion of the studies. This will guarantee methodological rigour and decrease selection bias (Alherimi et al., 2025).
The central benefit of SLR is that it can synthesise large amounts of data systematically to increase reliability and transparency. Nonetheless, it is lengthy and relies on access to and the quality of available research. Also, SLR can be restricted through publication bias since it uses published research.
Nevertheless, these restrictions do not nullify the use of the SLR strategy since it allows a thorough and critical analysis of the research on AI, which aligns with the purpose of the study to synthesise existing knowledge and determine the gaps.
[bookmark: _Toc225531440]3.6 Data Collection: Second-ary Data Sources
The study data will be gathered using secondary sources that are peer-reviewed journal articles. The use of secondary data is suitable in a systematic review because access is provided to a great number of available research and primary data collection is unnecessary.
Academic databases such as Scopus, Web of Science, and Google Scholar will be used in the study as they are known to be broad in terms of covering high-quality literature of peer-reviewed materials. Such databases make the data credible and reliable.
Potential keywords to be used in the search include:
· “Artificial Intelligence.” 
· “Business Decision-Making.” 
· “AI and decision support systems.” 
· “Human-AI interaction.” 
Inclusion criteria include:
· Peer-reviewed journal articles 
· Published within the last 5 years 
· English language 
Exclusion criteria include:
· Non-peer-reviewed sources 
· Outdated studies 
· Irrelevant topics
The good thing about secondary data is that it is accessible and wide which provides extensive analysis (Rodríguez-Carrillo et al., 2025). It is, however, constrained by the supply and quality of the available research. Also, the researcher is not in control of data collection in the original studies.
However, in the proposed research, secondary data is suitable because it will facilitate the synthesis of the data in the system and allows detection of the patterns and trends across various relevant studies.
[bookmark: _Toc225531441]3.7 Study Selection Criteria
The study selection will be done in a systematic screening process with the predetermined inclusion and exclusion criteria. Articles will first of all found by search in databases by means of appropriate keywords. Duplicate studies will be eliminated and the titles and abstracts will be screened to determine relevance.
Reviews will then be conducted on eligible studies to ensure that they fit the inclusion criteria. The process helps to note only the high-quality and relevant studies in the analysis.
The benefit of this method is that it will improve the level of transparency and decrease selection bias. It can, however, be exclusionary of non-strict studies that are quite relevant.
Despite this limitation, the systematic selection process will be necessary to ensure rigour of the systematic review. The studies focus on the fact that systematic screening enhances the quality and validity of the literature synthesis as it is consistent in study selection (Biju et al., 2025).
[bookmark: _Toc225531442]3.8 Data Analysis Technique
The research shall utilise the method of thematic analysis for the analysing the data gathered. Thematic analysis is the process through which patterns in the data are identified, analysed, and interpreted through qualitative data (Clarke and Braun, 2017). It is commonly employed in systematic reviews so as to conduct a synthesis of the findings of more than one study.
The process involves:
1. Familiarisation with data 
2. Coding key concepts 
3. Developing themes 
4. Interpreting patterns
Thematic analysis, in its turn, is suitable because it enables amalgamation of various results into logical subjects (Clarke and Braun, 2017). It allows for determining the relationships, contradictions, and gaps in the literature.
Nevertheless, thematic analysis is subjective and depends on the researcher's interpretation. This may introduce bias. To solve this, there is a system of coding, which is adhered to just to make it consistent.
Recent publications emphasise that thematic analysis could be successfully used to synthesise the research areas, which are complex, like AI, where multiple perspectives exist and need to be synthesised with the usage of interpretation (Alherimi et al., 2025).
[bookmark: _Toc225531443]3.9 Ethical Considerations
The proposed study will be an ethical research work even though it uses secondary data. All the sources will be appropriately referenced to prevent plagiarism and secure academic honesty. Peer-reviewed articles make use of credible and reliable information.
There will be no use of human subjects, meaning that there are no consent and confidentiality concerns. Nevertheless, the ethical considerations are also significant in providing a proper depiction of the findings and preventing misinterpretation of the data. Another consideration made in the study is that it recognizes the fact that there may be some biases in the existing literature and it seeks to give a balanced and critical analysis. To ensure transparency and trustworthiness in systematic reviews, ethical research practice is needed (Meliante et al., 2025).
[bookmark: _Toc225531444]3.10 Limitations of the Study
There can be a number of limitations to the proposed research. To begin with, it will be based on secondary data, which can negatively affect the control over the quality of data and research design. Secondly, the results can be subject to publication bias because positive research results have a higher chance of being published. Moreover, the research will be restricted to sampled databases and this could omit pertinent research. The analysis is also qualitative and this can decrease the generalisability. In spite of such limitations, the systematic approach provides transparency and rigour. The study will contribute by synthesising existing research and identifying key gaps in the literature.
[bookmark: _Toc225531445]4. Timeline & Resources
[bookmark: _Toc225531446]4.1 Research Timeline
[image: ]
[bookmark: _Toc225531447]4.2 Resource Requirements
Table 1 - Resource Requirements
(Source: Self-Created, 2026)
	Resource Type
	Description
	Purpose
	Availability

	Academic Databases
	Scopus, Web of Science, Google Scholar
	To collect peer-reviewed journal articles for systematic literature review
	University access

	Library Resources
	Online journals, e-books
	Supporting theoretical frameworks and background literature
	University library

	Software Tools
	Microsoft Word, Excel
	Writing, organising data, and managing references
	Personal computer

	Reference Management
	Mendeley / Zotero
	Organising citations and ensuring Harvard referencing
	Free software

	Internet Access
	High-speed internet
	Accessing databases and downloading research papers
	Personal access

	PRISMA Framework
	PRISMA guidelines
	Structuring systematic review process (screening & selection)
	Open-access

	Time Resource
	6-week schedule
	Completing all stages of research within deadline
	Self-managed

	Supervisor Guidance
	Lecturer feedback
	Improving research quality and academic alignment
	University support
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