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AI is widely applied in the financial services sector, including credit risk assessment, fraud detection, investment management, and the presence of Artificial Friends within the customer relationship management. In the insurance industry, AI is being used to assist with claim processing, risk assessments, fraud detection, and underwriting. Although AI can improve financial decision making, some institutions face challenges in their efforts to implement the reach of AI, such as the cost of implementation, data quality, regulatory compliance, resistance from employees and ethical concerns. It is therefore essential to collate the existing evidence on the adoption of AI and its effect on financial decision-making in UK banks, insurance companies, and mortgage institutions in a systematic way through a systematic literature review. Therefore, this study critically analyses the adoption of Artificial Intelligence for financial decision-making in Aviva, United Kingdom by performing SLR by using Scopus as the primary database. The study identified 14 publications related to AI integration in the financial decision-making in Aviva which revealed four key themes: 1) Applications of AI, 2) Benefits of AI implementation, 3) Barriers/challenges to AI implementation, 4) Future trends in AI integration. The findings of the study identified that Aviva's AI use is concentrated in claims processing and that the associated benefit claims are strongest precisely where the underlying applications are most quantifiable. The study found consistent and quantified benefits across processing time, accuracy, cost, customer experience, and employee engagement; nevertheless, the findings related to barriers of AI implementation were not found in the context of Aviva. Overall, the study concludes that AI adoption for financial decision-making at Aviva is best characterised as mature and measurably beneficial in its core, transactional claims-processing applications, while remaining considerably less well-evidenced, and potentially less examined, in relation to the organisational and human-centred barriers that the wider literature suggests should accompany any AI deployment of this scale. This review suggests that primary research directly involving Aviva, such as interviews or surveys with employees working alongside AI tools, would address the absence of direct employee-voice data identified in this review and would allow more rigorous outcome-based evidence available to this study permitted.  
Keywords: Artificial intelligence, AI, Aviva, United Kingdom, claims processing, risk management, barriers, benefits, financial services
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[bookmark: _Toc235993363]1.1.	Introduction
This chapter introduces the research topic by providing a detailed research background on Artificial Intelligence (AI) in the financial services industry. The rationale of this study will be provided in this chapter along with explaining the research gap after detailing an overview of the research. The research questions and objectives are also provided following the gaps and research problem. Lastly, the significance of this research is also provided and the novel contribution of this study. finally, the structure of the dissertation will be presented. 
[bookmark: _Toc235993364]1.2.	Background of the study
The world is in a constant state of evolution and is seeking innovation in nearly every task. In the last two decades, technological advancements have transformed global and local-scale organisations have been taking decisions (Matyushok et al., 2021). Artificial intelligence (AI) has emerged as a key tool for addressing corporate and societal concerns on a personal and global scale. Artificial Intelligence (AI) is the capacity of a system to learn from external data sources and draw logical conclusions to accomplish tasks. According to Babayev (2024), it is described as "a system's ability to correctly interpret external data, to learn from such data, and to use those learnings to achieve specific goals and tasks through flexible adaptation." Healthcare, e-commerce, education, government, and banks are just a few of the industries that have changed as a result of AI adoption (Celestin & Vanitha, 2019; Gupta et al., 2022). The corporate auditing system has also changed significantly, particularly in light of notable advancements in automated fraud detection.
Artificial Intelligence (AI) plays a key part in the decision-making process in modern organizations (Mohammed et al., 2025). Organizations are now better equipped to evaluate enormous volumes of data and derive valuable insights thanks to recent developments in machine learning, natural language processing, predictive analytics, and automated data analysis (Yusof, 2025). AI analytics can help a business with marketing, by analysing consumer behaviour, predicting customer preferences and improving customer engagement strategies (Owusu-Berko, 2025). Consequently, AI technologies are increasingly being employed for both operational and strategic decision-making in organizations.
AI technologies have recently demonstrated significant effects and are contributing to the world's rapid transformation by speeding up and improving the efficiency of the relevant tasks (Agarwal et al., 2025). Machine learning (ML), deep learning (DL), and natural language processing (NLP) are typical applications of artificial intelligence (AI), which is now extensively utilized in financial operations. AI is being incorporated into the financial services industry in a number of ways, including algorithmic trading, fraud detection, and chatbots for customer support (Vuković et al., 2023). The financial sector is the fastest-growing industry in terms of AI investment, with an expected compound annual growth rate of 29.6% (La Croce, 2023). The adoption of AI in the financial sector across the world is one of the most promising changes made in the efforts to digitalize the baking procedures and delivering satisfying customer service (Vuković et al., 2025). Furthermore, modern day customers and employees demand for digital financial services to minimize travel costs and long queues (Megahed et al., 2021). 
However, the pervasive nature of AI technologies introduces new risks to the financial sector that need constant scrutiny for data integrity (Vuković et al., 2025). One critical issue with AI adoption is human oversight. It is important for humans to interpret and analyse AI-generated results, and to modify AI recommendations based on ethical and practical considerations (Černevičienė & Kabašinskas, 2024). Currently the AI has been in use in the areas of financial decision making, risk analysis, operations management, forecasting and analysis of financial transactions (Celestin & Mishra, 2025). These technologies and their usage has proven to be highly effective in the optimization of operations, improving effectiveness of decisions, forecasting and managing risks and providing customized products to customers (Nwabekee et al., 2025).  Therefore, these technologies have been under focus for usage in banks, insurance providers and in UK.
Traditional financial decision-making practices are changing with AI applications like predictive Analytics, machine learning algorithms, fraud detection systems, credit scoring models, and automatic advisory services (Kavitha et al., 2025). There are many questions surrounding the use of AI that remain, such as the issues of transparency, data privacy, ethical concerns, compliance, and readiness. Understanding the potential of AI financial decision-making applications, their benefits, challenges, and implications is crucial.
[bookmark: _Toc235993365]1.3.	Research Problem
The financial services industry in the UK is going through a fast digital transformation, led by Artificial Intelligence technologies (Shah, 2025). The use of AI technologies allows organizations to analyse vast amounts of financial information, spot trends and make predictions, and make better-informed decisions for financial strategies (Vyas, 2025). In the financial sector, AI can be used in various applications, such as credit risk assessment, fraud detection, investment management, and the use of Artificial intelligence in customer relationship management (Ahmed & Iqbal, 2025). AI is widely applied in the financial services sector, including credit risk assessment, fraud detection, investment management, and the presence of Artificial Friends within the customer relationship management. Machine learning models have led to better accuracy and efficiency of lending decisions, and lowered the operation costs. 
In the insurance industry, AI is being used to assist with claim processing, risk assessments, fraud detection, and underwriting (Bhattacharya et al., 2025). Predictive analytics helps insurance companies to better assess the risk of those they wish to cover and also to fine-tune their rates (Adeniran et al., 2024). Similarly, mortgage firms turn to AI-powered credit scoring models and automated assessment techniques to streamline their mortgage approvals processes and boost decision making quality (Wu, 2020).
However, there are certain barriers that limit the usage and benefits of the AI. The challenges include algorithmic bias, explain-ability, data privacy, cyber security, and compliance with the regulatory frameworks, including GDPR (Tavares et al., 2025). In addition to these technology-related challenges, financial institutions will also encounter organizational problems such as system integration, training for employees and the technological infrastructure (Azman et al., 2025). So, far, research has concluded that to be effective, AI must be technologically ground-breaking and subject to regulation, be transparent and have ethical considerations. But it will still be needed to reflect on other aspects of the financial services context in the UK, using a more in-depth and focused evidence synthesis. 
Although AI can improve financial decision making, some institutions face challenges in their efforts to implement the reach of AI, such as the cost of implementation, data quality, regulatory compliance, resistance from employees and ethical concerns. The literature reviewed so far ((Smith 2025; McKinsey 2024; Adegbite, 2026) focuses on technology attributes, rather than an overview of the impact of AI on drug and alcohol and financial care within financial institutions (Pazouki et al., 2025). It is therefore essential to collate the existing evidence on the adoption of AI and its effect on financial decision-making in UK financial services sector and companies, such as Aviva, in a systematic way through a systematic literature review (SLR). 
[bookmark: _Toc235993366]1.4.	Research Aim
The aim of this study is to critically analyse the adoption of Artificial Intelligence for financial decision-making in Aviva, United Kingdom.
[bookmark: _Toc235993367]1.5.	Research Objectives
RO1: To examine the current applications of AI in Aviva, UK.
RO2: To identify the benefits of AI adoption for financial decision-making in Aviva, UK.
RO3: To investigate the challenges and barriers associated with AI implementation at Aviva, UK.
RO4: To explore future trends and opportunities relating to AI adoption in Aviva, UK.
[bookmark: _Toc235993368]1.6.	Research Questions
RQ1: How is Artificial Intelligence being adopted for financial decision-making in Aviva, UK?
RQ2: What benefits does AI provide in financial decision-making processes at Aviva, UK?
RQ3: What challenges and barriers affect the adoption of AI in financial decision-making?
RQ4: What future opportunities and implications does AI present for Aviva UK?
[bookmark: _Toc235993369]1.7.	Significance of the study
This study is beneficial to understand the benefits that financial services organisations get while leveraging AI for their mechanisms, especially in the context of the UK. By studying the case of Aviva, this dissertation provides in-depth insights on the adoption of AI by the financial services sector. Furthermore, this dissertation provides evidence for targeted policies for the financial decision-making in companies like Aviva. As financial services sector is a data-sensitive niche, this dissertation presents sufficient data for organisations to enhance their data integrity policies when integrating AI into their organisational practices to overcome the barriers faced by companies like Aviva. Moreover, the study contributes to the exploration of future trends and opportunities relating to AI adoption in the UK financial services sector. 
[bookmark: _Toc235993370]1.8.	Dissertation structure
The structure of this study is as follows: The first chapter is the introduction of the study where the background, research problem, research questions, and objectives are explained. Consequently, the second chapter explains the methodological design of the study. The third chapter includes a detailed analysis of the literature analysed through the SLR. The fourth chapter of the study will include the discussion of results from the SLR and its alignment with the current scholarship on the topic. The last chapter will consist of the conclusion of the study, future recommendations, limitations, and the area of future research.
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[bookmark: _Toc235993372]2.1. Introduction
AI is described as the ability of machines to perform tasks that usually humans are capable of. AI programs require algorithms for the collection and analysis of data. These algorithms are sets of instructions for machines to interpret to perform specific tasks (Enslin & Kaul 2024). AI involves numerous subfields, including machine learning, robotics, automated reasoning, and NLP (Landgraf, 2021). This section will discuss the implementation of AI in the financial and insurance sector, the benefits of AI application, challenges, and the way forward for these organizations. This section also sheds light on the theoretical framework of the study and the gaps identified in the study. 
[bookmark: _Toc235993373]2.2. Current Applications of AI in Financial Decision-Making 
Artificial Intelligence is one of the innovative technical developments that have a major impact on organizational decision-making processes. AI systems are able to analyse data at a high level and identify patterns in vast quantities of data and generate prediction summaries that can support managers' decision making (Kumar & Shrivastava, 2025). Such technologies are increasingly used in many aspects of modern organizations' activities such as marketing, operations management, finance and human resource management.
Over the last couple of years, AI has become a core component of digital transformation in financial management (Yang & Jin, 2024). Hentzen et al (2022) stated the AI has been appearing in the financial services sector for the past several years and is consistently on the rise now. It is increasingly transforming the structure of financial decision-making across a cluster of core functions, including banking, lending, insurance, auditing, fraud detection, customer-facing services, credit risk assessment, and investment analysis (Bhatti, 2025). Initially, AI applications mainly focused on streamlining routine procedures for banks, like fraud detection and loan approvals. However, these applications transformed into complex use cases like algorithmic trading, AI-backed credit risk scoring, and compliance checks. Such advancements have contributed to time-saving, human error reduction, and reduced operational costs (Boddu et al., 2025). 
Mogaji et al. (2020) and Malali & Gopalakrishnan (2020) demonstrated that AI has a tremendous impact on the financial sector, including risk assessment. The authors further explain that by analysing large amounts of historical data, AI is able to accurately predict future potential risks and aid in fraud detection efficiently and effectively. Furthermore, Mogaji et al. (2020) claimed that the AI chatbots and virtual assistants in the financial services sector were powerful tools and to provide customers with effective account management and personalized answers to their queries. In addition, currently robo-advisors are also being utilized for giving automated investment advices which is leading to growth for digital-only investment businesses. Mhlanga (2025) added that AI is also being used in credit scoring. In this method, data analysis tools are used to evaluate large amounts of information to determine the credit worthiness of borrowers. This leads to greater accuracy and fair lending decisions, relying lesser on previous credit history. 
Consequently, Qatawneh et al. (2024) claims that the introduction of AI in finance has brought significant changes in the industry and the way businesses in the financial services sector operate. The implementation of AI in finance has paved way for new opportunities, like improved efficiency and accuracy along with better risk control. Among the most famous AI tools mentioned by Tyagi et al. (2021), Met et al. (2020), Moiseeva (2020), and Zhang (2019) used in the financial sector, include:
Natural Language Processing (NLP)
It is an AI tool used to process and analyse human language. In finance, NLP is used to analyse unstructured data like news articles and social media posts for informed investment decision-making. NLP algorithms can identify trends and sentiments which can impact the financial market. 
Machine Learning Algorithms (MLA)
MLA is an AI tool that enables the computers to identify patterns and reach conclusions for predictions based on available data. In finance, these tools are used effectively for fraud detection, credit risk assessments, and investment recommendations.
Predictive Analytics
It is concerned with accumulating the practices of algorithms, machine learning, and scattered data to highlight potential future outcomes based on historical data. In finance, this tool is used to understand customer segmentation, fraud detection, and investment recommendations. It is also used to provide future insights according to market trends. 
Financial technology, also known as FinTech, comprise of technologies designed to streamline and optimize the financial operations within the banking and insurance industry (Berg et al., 2024). Such technologies can range from customer-focused mobile banking to complex financial software employed by banks and insurance industries for managing transactions, investments, and other financial activities. Goldstein et al. (2019) claims that AI has disrupted the traditional financial decision-making and provided users with efficient, accessible, and affordable financial services. 
But the evidence regarding the support of applications is varied. Measurable performance claims include fraud detection and credit scoring. This provides them with more empirical basis (Ahmed & Iqbal, 2025). Customer-facing applications, such as automated advisory services and AI-powered customer relationship management, however, are talked about more as capabilities than actual outcomes (Kavitha et al., 2025); while the literature suggests that these tools exist and are adopted, they are less likely to quantify the impact on decision quality as is done with fraud and credit models. This indicates that there is no single level of trust in “AI applications in finance” when it comes to the various types of application. It is most powerful when there is a measurable outcome and less so when AI facilitates more qualitative, relationship-based decisions.
[bookmark: _Toc235993374]2.3. Benefits of AI integration in financial services sector
Brynjolfsson and McAfee (2014) state that smart automation procedures provide productivity gains that are apparent. According to Nwabekee et al. (2025), some of the primary advantages of adopting AI in the financial decision-making process are increased precision in decision-making, cost reduction, speed and efficiency, and better customer service delivery. At a macro level, this is reflected in investment trends, like the financial sector has the fastest-growing rate of AI investment globally, at an estimated 29.6% compound annual growth rate (La Croce, 2023). This has been used as a proxy for real benefits that the adopting institutions believe they are gaining from these technologies. Adeniran et al. (2024) go further, claiming the benefits of predictive analytics in insurance, which enables companies to better gauge and value risk and price their policies accordingly; similarly, Wu (2024) makes the claim for mortgage lending, where AI-driven credit scoring streamlines the decision-making process and significantly speeds up mortgage approvals.
In contrast, Ahmed and Iqbal (2025) provide tangible evidence and outcomes where benefits were realized, including improvements in lending accuracy and cost savings. However, the evidence in La Croce (2023) is on the aggregate and inferential. The author contends that investment in AI illustrates the fact that institutions are investing and not that the gains they seek have been clinically proven. As La Croce (2023) does not address the difference between genuine and speculative or reputational investment pressure, rising investment is equally consistent with genuine return as with speculative or reputational investment pressure. 
So, the literature exaggerates the extent to which AI is proven. A more defensible interpretation is that AI's benefits have been proven in narrow, measurable areas —just the places where an insurance company would see AI come into existence.
[bookmark: _Toc235993375]2.4. Challenges and barriers to AI adoption
From a regulatory perspective, Tavares et al. (2025) point out that the use of AI in finance and insurance is limited by the challenge of algorithmic bias, transparency, data privacy issues and compliance with regulatory standards like GDPR. Černevičienė and Kabašinskas (2024) state this from a different point of view: that without the interpretability of the result, relying on AI cannot be trusted. That is, capacity for organisations to review and challenge algorithmic decisions for ethical and practical reasons must be preserved. To this Vyas (2025) further adds that risk management in general, and specifically, is at risk of compounding uncertainty if AI forecasting systems are adopted without simultaneous investments in governance frameworks.
But according to Azman et al. (2025) and Tavares et al. (2025), it is not the technical or regulatory problem, but the organizational aspects that tend to pose a challenge to the effective implementation of AI, including system integration challenges, employee training, and technological infrastructure. Therefore, it has not been determined which barrier category is the predominant one, which is important to Aviva in particular. Therefore, an insurer's capacity to tackle organizational challenges is more in its hands than the compliance to GDPR and other regulations.
[bookmark: _Toc235993376]2.5. Future trends and opportunities
Bahoo et al. (2024) report that generative AI (GAI) models are making their way into financial services. This opens the way to more general-purpose uses of AI in decision support applications. The overall trend of AI proliferation, as suggested by Agarwal et al. (2025), is backed by evidence from the healthcare and pharmacovigilance fields, which they claim indicates AI's potential for cross-sectoral application. This is reduced further to financial services — the role of AI in fostering innovation is increasingly central to how companies are creating value for their customers and establishing a competitive advantage, Shah (2025) states. 
Megahed et al. (2021), however, provide a comparative analysis of FinTech adoption in Egypt and Bahrain and show that the speed of adoption and its outcomes are significantly dependent on the regulatory and infrastructural context. This means that global stories of trends might not apply to the rate of adoption in every market. Furthermore, Celestin and Mishra (2025) point out that, although the use of AI for financial analytics may enhance forecast accuracy in theory, the extent of improvement is subject to the quality of the data and the maturity of organizational analytics. These factors do not automatically come with the availability of AI tools. As such, future-trend statements made herein are subject, and do not apply generally. The existing academic literature suggests that the extent to which these trends are realised is highly dependent on local contexts. This is exactly the type of institution-specific conditions this study can be set to look at at Aviva.
[bookmark: _Toc235993377]2.6. Theoretical framework
The two theories used for the framework of this study encompass the organizational and human aspects of AI adoption in the financial services sector identified by the empirical literature but not necessarily fully conceptualized. 
The Socio-Technical Systems (STS) theory developed by Trist and Bamforth (1951) in their research on the work organization of coal mining is the theory that emphasizes the need to optimize the technical system as well as the social system in order to achieve good performance of the organization, and not regard technology adoption as a purely technical issue. 
The barriers to adoption of AI in financial services identified by Azman et al. (2025) and Tavares et al. (2025) can be interpreted through the lens of STS theory, which offers a more comprehensive perspective on the DOR due to the nature of the barriers.  STS would argue that failures are not likely to be the fault of technology, but rather a result of disalignment between the technology (AI tools) and the social system (employee roles, employee training, workflows, etc.) supporting the technology.
Second, the theory of employee engagement, based on Kahn's (1990) conceptualization of psychological engagement in the workplace, suggests that when employees feel psychologically safe, supported and connected, they are more likely to adopt and utilise new systems in the organisation. This theoretical lens is directly pertinent to the barriers to organizations that are identified by Azman et al. (2025). However, the resistance to AI adoption might not just be a training gap, but a matter of engagement: employees not meaningfully engaged or supported in the transition process are less likely to use AI tools effectively, even with technical training.
[bookmark: _Toc235993378]2.7. Relationship between themes
The four themes are not independent, rather they create a cause and effect chain where each qualifies the one before it. Theme 1 establishes that AI applications are unevenly evidenced, strongest in measurable domains, such as fraud detection and credit scoring and weaker in relationship-driven ones, like advisory and customer service. Theme 2 shows that claimed benefits follow the same pattern. They are well-evidenced where applications are measurable and more speculative elsewhere. Theme 3 explains why this gap persists that whether the dominant barrier is technical/regulatory (Tavares et al., 2025) or organizational (Azman et al., 2025), both barrier types disproportionately affect the very customer-facing and judgment-based applications. Whereas, themes 1 and 2 already showed the weakest evidence. Theme 4's future-trend optimism is therefore analysed cautiously in light of Theme 3 which results in an expansion into more general-purpose and customer-facing AI use cases is technologically plausible. However, Megahed et al. (2021) and Azman et al. (2025) both suggest that organizational and contextual readiness will determine whether that expansion actually delivers the benefits Theme 2 anticipates, rather than technological capability.
Taken together, the literature theorizes AI adoption's technical capability, asserts its benefits, debates its barriers between technical and organizational causes, and projects its future trajectory. However, the scholarly evidence does so almost entirely at the level of sectors (banking, insurance generally) rather than individual institutions. Critically, there is dearth of reviewed study over which barrier type dominates within a single organization and the examination of how socio-technical and employee-engagement dynamics specifically shape AI adoption outcomes within a UK insurer. The present study addresses this gap by providing an institution-specific case study of how technical, organizational, and human-engagement factors jointly shape AI adoption for financial decision-making at Aviva.
[bookmark: _Toc235993379]2.8. Chapter summary 
This chapter provided the currently scholarly evidence on the four themes this study aims to explore: 1) the application of AI in financial services sector, the benefits of AI adoption, the challenges and barriers of AI implementation, and the way forward for effective AI integration in the banking and insurance industry. Additionally, the chapter presented a theoretical framework for the study along with gap identification and relationship between the explored themes.













[bookmark: _Toc235993380]Chapter 3
Methodology

[bookmark: _Toc235993381]3.1. Introduction
This chapter highlights the research approach used in this study and why a SLR was important, given the nature of the research question and objectives. To understand the integration of AI in financial services and the challenges faced by banking and insurance companies in the UK, a SLR was found to be the best choice. A SLR enables systematic and critical analysis of previous literature by identifying and synthesizing related studies. This chapter will outline the method of research chosen for this study in detail. 
[bookmark: _Toc235993382]3.2.	Research design
Literature reviews often fail to make critical evaluations of articles and do not follow systematic search procedures. These reviews are often employed to understand the scope of research, and to formulate their research matrices and to think about the current knowledge base and the gaps in it (Robinson & Lowe, 2015). However, to overcome this issue, this study uses a methodical literature review strategy. These methodologies include a comprehensive review of existing Quan-qual literature and facilitate in-depth evaluation and clarity on the research topic (Lame, 2019). Thanks to SLRs researchers can now systematically locate, synthesize and identify gaps within a body of previous research. Besides, they help in the identification of these gaps and in critically analysing existing research methods in different geographical areas (Lame, 2019).
To methodically find and compile previous research that examines the use of AI and the difficulties faced by insurance companies, such as Aviva in the UK, this study uses an SLR technique. This study was carried out according to PRISMA standards which focus on how researchers ensure authenticity and transparency in reporting of SLR (Liberati et al., 2019).
[bookmark: _Toc235993383]3.3.	Search strategy
For this study, a systematic search strategy was done to identify publications related to AI integration in financial decision-making in Aviva that were published in English language from 2016-2026. For this purpose, Scopus was consulted as the primary database and snowballing was also conducted where related references in the articles were also included as additional research articles. The main areas of focus included "artificial intelligence", "financial decision-making", "risk assessment", "credit scoring", "fraud detection", Aviva , and the "United Kingdom". Table 1 shows the search string applied for Scopus.
Table 1 Search string details
	Element
	Details

	Databases Searched
	Scopus

	Search Concepts
	artificial intelligence, financial decision-making, risk assessment, credit scoring, fraud detection, Aviva, the UK

	Keywords / Search Terms
	TITLE-ABS-KEY ( ( "artificial intelligence" OR "machine learning" OR "AI adoption" OR "deep learning" OR fintech ) 
AND ( "financial decision-making" OR "financial decision making" OR "decision making" OR "risk assessment" OR "credit scoring" OR "fraud detection" OR underwriting OR "claims processing" ) 
AND ( insurance OR bank* OR "financial services" OR "financial institution*")
AND (Aviva OR Aviva UK) 
AND ( "United Kingdom" OR "UK" ) )

	Limits Applied
	- Language: English- Document Type: Article (AR)- Keywords: artificial intelligence, financial decision-making, risk assessment, credit scoring, fraud detection, Aviva, the UK 

	Boolean Operators
	AND, OR

	Inclusion Criteria
	Peer-reviewed articles; studies focused on AI adoption in Aviva; studies examining challenges associated with AI adoption in banking and insurance sector in the UK, reports and case studies related to AI adoption in Aviva

	Exclusion Criteria
	Non-English studies; dissertations or unpublished theses; studies not specifically focusing on AI adoption, Aviva, and the UK.

	Date Range
	2016–2026



The following research string was used for Scopus:
TITLE-ABS-KEY ( ( "artificial intelligence" OR "machine learning" OR "AI adoption" OR "deep learning" OR fintech ) AND ( "financial decision-making" OR "financial decision making" OR "decision making" OR "risk assessment" OR "credit scoring" OR "fraud detection" OR underwriting OR "claims processing" ) AND ( insurance OR bank* OR "financial services" OR "financial institution*") AND (Aviva OR Aviva UK)  AND ( "United Kingdom" OR "UK" ) )
The results of this search strategy revealed research articles, review papers, reports, case studies, meta-analyses, and book chapters. All the document types were excluded from the search results, except for research articles, case studies, and reports. This gave a total of 46 articles and after the initial screening process, 22 documents were downloaded. 
[bookmark: _Toc235993384]3.4.	Eligibility criteria
Only full-text research articles, reports, and case studies met the study's eligibility requirements. Only English language studies were allowed, and the time period was limited to 2016–2026. Additionally, the papers' geographic scope was limited to the United Kingdom. Included were research publications employing mixed methodologies, quantitative, and qualitative approaches that examined Aviva's deployment of AI in the UK. Additionally, this evaluation covered papers that were pertinent to Aviva and focused on the difficulties of integrating AI in the UK insurance industry. Studies that concentrated on different insurance providers in different parts of the world were excluded.
[bookmark: _Toc235993385]3.5.	Data extraction
A title and abstract screening procedure was part of the publications' first screening phase. However, since just one database was used, no duplicates were discovered. The full-text PDF copies of each document were then obtained in order to further filter its content. Two papers were removed from the study because they could not be found online. The eligibility of the remaining 20 articles was further evaluated. For the reasons indicated in Figure 1, six articles were eliminated. In the end, the final review had 14 articles.

Figure 1 Prisma Model
Records identified from database(s):
Scopus (n = 46)
Records removed before screening:
Duplicate records removed (n=0)

Records screened
(n = 46)
Records excluded
(n =24)
Reports sought for retrieval
(n =22)
Reports not retrieved
(n =2)
Reports assessed for eligibility
(n =20)
Reports excluded: 6
Reason 1: Systematic reviews (n =2)
Reason 2: Did not discuss AI (n=2)
Reason 3: Did not focus on Aviva (n = 2)

Studies included in review
(n =14)
Identification of studies via databases and registers
Identification
Screening

Included

[bookmark: _Toc235993386]3.6. Data Analysis
A careful evaluation was required to ensure the reliability of the articles that were part of this review. Hence, the Critical Appraisal Skills Program (CASP) checklist listed in Table 5 was used in this study. This is the most precise method to evaluate studies' quality. Since the studies selected for this analysis involved research reports, as well as qualitative and quantitative designs, the CASP checklist was applied in this study. The studies were then analysed individually using CASP technique to ascertain their validity and the dependability of the data they contained, as well as their confirmability that the findings they gave were relevant to this study.
[bookmark: _Toc235993387]3.7. Ethical Considerations
Ethics are an important part of research to protect the dignity of the data collection. The integrity of the subjects is a key factor in the discussion of psychological or psychiatric research in particular. In spite of these pressures, this study involved desk-based research and as no direct contact was done with participants, there were no ethical standards. But efforts were made to ensure that the study was based on trusted sources in trusted journals to ensure data integrity.
[bookmark: _Toc235993388]3.8. Chapter summary
In this chapter, details of research strategy and method used for the study are presented. In this chapter, the search strategy, data screening and data extraction techniques used in this study have been focused since it is based on the SLR approach. Further details of the observations made in the selected studies will be discussed in the next chapter.







[bookmark: _Toc235993389]Chapter 4
Results and Discussion

[bookmark: _Toc235993390]4.1. Introduction
In this chapter the main findings of the selected research are highlighted and a thematic analysis of the studies is conducted. Each paper's contribution and the gaps found in the literature are also summarized in this chapter. The gaps are important to highlight the key theoretical and practical contributions of this SLR.
[bookmark: _Toc228468627][bookmark: _Toc235993391]4.2. Critical evaluation of the studies
Following a comprehensive systematic evaluation, 14 were chosen based on their applicability to the inclusion criteria and research topics. 9 out of 14 studies were research publications and 5 were case study reports as indicated in Figure 3. Three of the research papers employed the case study method, and two of them were qualitative in character. Whereas, 4 studies were based on mixed-methodologies. It was found that most of the scholarly work explored the phenomenon through qualitative means and quantitative exploration of the topic is still not mature as shown in Figure 2. 

Figure 2 Methodology


Figure 3. Publication type
The publication trend of the selected papers is shown in Figure 4. 

Figure 4 Publication trend
The trend shows that most of the studies were published between 2019 and 2026. The graph shows that an interest in the integration of AI in Aviva peaked in 2025. This may indicate that such phenomenon was recently. Moreover, this also reflects that the growing interest in AI integration is most recent and even though AI was a part of Aviva since long, it is formally studied as a case after 2024. 
[bookmark: _Toc235993392][bookmark: _Toc228468628][bookmark: _Toc228468629]4.3. CASP Checklist
The quality appraisal of this SLR was conducted using the CASP checklist. Each paper was examined against the questions highlighted in Table 5.
Table 5 CASP Checklist
	Author(s)
	Did the review address a clearly focused question?
	Did the authors look for the right type of papers?
	Do you think all the important, relevant studies were included?
	Did the review’s authors do enough to assess quality of the included studies?
	If the results of the review have been combined, was it reasonable to do so?
	How precise are the results?
	Can the results be applied to the local population?
	Were all important outcomes considered?
	Are the benefits worth the harms and costs?

	Ali et al. (2025)
	YES
	YES
	NO
	YES
	YES
	HIGH
	YES
	NO
	YES

	Shanthi et al. (2026)
	YES
	YES
	MAYBE
	YES
	YES
	MEDIUM
	YES
	YES
	YES

	Zarifis et al. (2019)
	YES
	YES
	YES
	YES
	YES
	HIGH
	YES
	YES
	YES

	Shams et al. (2025)
	YES
	YES
	YES
	YES
	YES
	MEDIUM
	YES
	YES
	MAYBE

	Macmillan (2021),
	YES
	YES
	YES
	YES
	YES
	MEDIUM
	YES
	MAYBE
	MAYBE

	Fearns et al. (2023)
	YES
	YES
	YES
	YES
	YES
	MEDIUM
	YES
	NO
	MAYBE

	Kumar et al. (2019)
	YES
	YES
	YES
	YES
	YES
	MEDIUM
	YES
	YES
	YES

	McKinsey (2023)
	YES
	YES
	YES
	YES
	YES
	HIGH
	YES
	MAYBE
	YES

	Foster (2025
	YES
	YES
	YES
	YES
	YES
	HIGH
	YES
	MAYBE
	MAYBE

	Fatunmbi (2025)
	YES
	YES
	YES
	YES
	YES
	HIGH
	YES
	MAYBE
	MAYBE

	Jyothirmai et al. (2026)
	YES
	YES
	YES
	YES
	YES
	HIGH
	YES
	YES
	YES

	Prajapati (2021),
	YES
	YES
	MAYBE
	YES
	MAYBE
	HIGH
	YES
	YES
	YES

	Ramisetty & Saheb (2025)
	YES
	YES
	YES
	YES
	MAYBE
	HIGH
	YES
	NO
	YES

	Chiu (2025)
	YES
	YES
	YES
	YES
	MAYBE
	HIGH
	YES
	YES
	MAYBE


[bookmark: _Toc235993393]4.4. Themes Identified
This section provides a critical analysis of the major themes identified in the publications that discussed AI integration in the insurance industry in the UK, specifically taking Aviva as  a case study as mentioned in Table 3.
	Themes identified 
	Details
	Authors

	Application of AI in Aviva
	FNOL (First Notification of Loss) triage model using NLU to determine liability and flag at-fault patterns; claims "copilot" auto-generating draft reports and suggesting next actions; automated empathetic customer communications; 80+ AI models deployed across the claims domain; natural-language virtual assistant; partnerships with Tesla (self-driving car insurance) and Uber (per-trip cover); Aviva listed as a named "insurance leader" in a general technology-adoption comparison; predictive analytics used to improve claims
	Ali et al. (2025), Shanthi et al. (2026), Zarifis et al. (2019), Shams et al. (2025), Macmillan (2021), Fearns et al. (2023)

	Benefits of AI integration
	23-day reduction in liability assessment time for complex claims; 30% improvement in claims routing accuracy; 65% reduction in customer complaints; £60m+ saved in 2024 through motor claims transformation; sevenfold increase in internal Net Promoter Score; 2–3% improvement in loss ratio (UK general insurance); tripling of recycled-parts use in auto repairs; doubled employee engagement scores; positioned among AI-leader firms achieving 6.1× the Total Shareholder Return of AI laggards
	Kumar et al. (2019), Shams et al. (2025), McKinsey (2023), Foster (2025), Fatunmbi (2025), Jyothirmai et al. (2026), Fearns et al. (2023)

	Barriers and challenges to AI integration 
	Heavy investment in staff training to work alongside AI; maintenance of "rigorous oversight" to ensure fairness and regulatory compliance; no documented failures, resistance, or unresolved barriers reported for Aviva specifically
	Foster (2025), Ramisetty & Saheb (2025, Chiu (2025), Prajapati (2021), 

	Future trends and opportunities for AI integration
	Positioned within a broader industry shift toward "AI-native transformation" (generative AI, hyper-personalization, proactive risk prevention); framed within "domain-level rewiring" as a strategic imperative, moving toward multi-agent AI systems; categorized as a "same model and value chain but improved by AI" business model, implying incremental rather than transformative future change; "AI as colleague, not replacement" ethos noted as a marker for future change management
	Fearns et al. (2023), Shanthi et al. (2026), McKinsey (2023), Foster (2025)


[bookmark: _Toc235993394]4.4.1 Application of AI in Aviva
The application evidence for Aviva, drawn from the findings of this study is dominated by claims-related deployments: a First Notification of Loss (FNOL) triage model that uses natural language understanding to determine liability and flag at-fault patterns, a claims "copilot" that auto-generates draft reports and suggests next actions, automated empathetic customer communications (Ali et al., 2025), a natural-language virtual assistant, and a reported portfolio of 80+ AI models operating across the claims domain Shanthi et al.,2026; Zarifis et al., 2019; Shams et al., 2025). Predictive analytics is also used to improve claims outcomes, alongside strategic partnerships with Tesla (self-driving car insurance) and Uber (per-trip cover), and a single mention of Aviva as a named "insurance leader" in a general technology-adoption comparison (Macmillan 2021; Fearns et al., 2023). 
At the level of tool type, this evidence broadly corroborates the general literature. The presence of NLU-based triage and a virtual assistant align with Mogaji et al.'s (2020) demonstration of NLP-based chatbots and virtual assistants in their study, while the claims copilot and predictive analytics deployments are aligned well with Bhatti's (2025) and Boddu et al.'s (2025) description of AI transforming from routine automation procedures toward more complex, judgement-adjacent use cases. In this respect, Aviva functions as a concrete institutional instance of the sector-level pattern the literature review theorised only in the abstract.
The scale figure of the deployment of 80+ AI models across the claims domain also remains notable. It positions Aviva's adoption as considerably more mature and extensive than the general increasing use of AI which is found to be common in the sector-level literature (Yang & Jin, 2024; Hentzen et al., 2022). The publication trend in the findings showed that interest in AI integration at Aviva peaked only in 2025, with formal study of the case concentrated after 2024. This timing gap suggests that Aviva's practical adoption of AI in claims processing likely preceded the volume of scholarly and industry attention documented in this review by some margin. This means the review's evidence base captures a relatively late and retrospective account of a process that had already been under way internally. The applications of AI described in the findings are best treated as a small picture of a mature deployment being reported on, rather than a real-time account of an adoption process unfolding. 
However, the findings provide complex understanding of the results drawn by Ahmed and Iqbal (2025) and Kavitha et al. (2025) between measurable, outcome-quantified applications (fraud detection, credit scoring) and capability-only, customer-facing applications (advisory, relationship management). Aviva's most prominent applications, FNOL triage, the claims copilot, and the virtual assistant, are customer-facing on their surface, yet, as several carry precise performance figures. This suggests the applications or outcomes divide the literature proposed may not map cleanly onto a customer-facing/back-office split. A more defensible reading is that FNOL triage and the copilot are customer-facing only in delivery; structurally, they are classification and routing tasks closer in kind to fraud detection than to open-ended advisory judgement, which may explain why they, unlike genuine relationship-driven advisory work, have attracted quantifiable evidence.
The applications theme leans heavily on Macmillan (2021) and Fearns et al. (2023), both closer to industry commentary analysis than peer-reviewed empirical research conducted specifically on Aviva. The partnership arrangements with Tesla and Uber, in particular, are asserted rather than evaluated, with no accompanying data on uptake, performance, or customer outcomes. This is consistent with the gap the literature review itself identified that scholarly evidence on AI adoption is seen mostly at the sector level which leaves institution-specific claims, including Aviva, under-studied.
[bookmark: _Toc235993395]4.4.2 Benefits of AI integration
The benefits identified for Aviva, reported by Kumar et al. (2019), Shams et al. (2025), McKinsey (2023), Foster (2025), Fatunmbi (2025), Jyothirmai et al. (2026) and Fearns et al. (2023), are unusually specific for a single-institution case. A 23-day reduction in liability assessment time for complex claims, a 30% improvement in claims routing accuracy, a 65% reduction in customer complaints, over £60m saved in 2024 through motor claims transformation, a sevenfold increase in internal Net Promoter Score, a 2–3% improvement in loss ratio for UK general insurance, a tripling of recycled-parts use in auto repairs, doubled employee engagement scores, and Aviva's positioning among AI-leader firms said to achieve 6.1 times the Total Shareholder Return of AI laggards.
These findings closely track the benefit categories Nwabekee et al. (2025) attribute to AI adoption in financial decision-making generally: improved decision accuracy (routing accuracy, loss ratio), reduced operational cost (the £60m saving), faster processing (the 23-day reduction), and enhanced customer service (the complaint reduction and NPS gain). Read against the literature review's own critical conclusion, that AI's benefits are overstated in aggregate but well-evidenced in narrow, quantifiable domains (para. 45), the Aviva findings are strongly endorsing. Claims processing is precisely such a domain: transactional, high-volume, and outcome-measurable, and the benefit figures reported for it are correspondingly numerous and precise, in contrast to the vaguer, capability-oriented claims the literature associates with less measurable applications. Where the wider literature (Azman et al., 2025; Tavares et al., 2025) frames employee-related factors mainly as a barrier to be overcome, the Aviva evidence from reports, cautiously, suggests a case where the social system was not merely accommodated but improved alongside the technical rollout.
[bookmark: _Toc235993396]4.4.3 Barriers and challenges to AI integration
The barriers and challenges theme for Aviva, sourced from Foster (2025), Ramisetty and Saheb (2025), Chiu (2025) and Prajapati (2021), discusses large amount of investment in staff training to use AI in a proper manner. Furthermore, the maintenance of "rigorous oversight" to ensure fairness and regulatory compliance, and no documented failures, resistance, or unresolved barriers were reported for Aviva specifically. The literature theorises barriers extensively with Tavares et al. (2025) foreground algorithmic bias, explainability, data-privacy risk, and regulatory compliance difficulty, where simultaneously Černevičienė and Kabašinskas (2024) argue human oversight remains an issue because AI outputs cannot be trusted without interpretation. Vyas (2025) claims that risk-management functions face uncertainty where governance investment lags forecasting-tool adoption and Azman et al. (2025) argue that organisational factors, integration difficulty, inadequate training, outdated infrastructure are the dominant hindrance, as compared to technical or regulatory issues. Moreover, none of the findings explain the regulatory and data-privacy concerns that the literature place at the centre of the debate, such as GDPR compliance or algorithmic bias in specific decisioning outcomes. 
[bookmark: _Toc235993397]4.4.4 Future trends and opportunities for AI integration
The future-oriented findings, drawn from Fearns et al. (2023), Shanthi et al. (2026), McKinsey (2023) and Foster (2025), position Aviva within a broader industry shift toward "AI-native transformation", generative AI, hyper-personalisation, and proactive risk prevention, and frame this within "domain-level rewiring" moving toward multi-agent AI systems. At the same time, the same evidence base categorises Aviva under a "same model and value chain but improved by AI" business model, implying incremental rather than transformative change, alongside an "AI as colleague, not replacement" ethos flagged as a marker for future change management.
The transformation of insurance industry due to AI, specifically in Aviva, explains Bahoo et al’s. (2024) findings, who describe generative AI expanding the role of AI beyond narrow analytical tasks, and Shah (2025), who argues AI-driven innovation is becoming central to competitive differentiation in financial services. However, the findings also classify Aviva as an internal inconsistency with regards to AI usage. These findings align with those by Megahed et al. (2021), that demonstrated that the adoption speed and outcomes vary because of regulatory and infrastructural context. This aligns with Celestin and Mishra (2025), who argue that forecast-accuracy improvements from AI depend heavily on data quality and organisational analytics maturity rather than occurring automatically. 
The multi-agent systems explained by Shanthi et al. (2026), where multiple AI systems coordinate rather than a single model performing a bounded task, represent a meaningfully different governance and oversight challenge than the discrete, task-specific tools (FNOL triage, the copilot, the virtual assistant). The future-trends evidence anticipates more complex AI structures than the barriers evidence has yet been asked to evaluate.
[bookmark: _Toc235993398]4.5. Inter-relation of themes
The four themes, considered together by applying the cause-and-effect phenomenon explain that the AI integration evidence from Aviva largely follows the same pattern. The applications of AI are concentrated in the measurable segment of claims processing and the benefits are best-evidenced where the applications are most quantifiable, However, the barriers theme contradicts the claims by the current scholarship, showing almost no documented challenges in a domain, employee-facing organisational change. The future-trends theme anticipates more complex AI structures. The Aviva evidence offers cautious support: training investment and oversight structures (the social system) are reported alongside the deployment of over 80 AI models and measurable claims-performance gains (the technical system), and employee engagement scores rose in the same period rather than declining, as might be expected if technical deployment had outpaced social accommodation. This is consistent with, rather than a strong test of, STS theory, since the sources do not report a counterfactual or a comparison case where technical and social investment were misaligned.
[bookmark: _Toc235993399]4.4.3 Evidence limitation in the findings
Several limitations of the findings of this study are also explained in this section. First, the Aviva-specific evidence is more inclined towards consultancy reports, industry case studies, and company-adjacent sources (McKinsey, 2023; Foster, 2025; Macmillan, 2021) rather than independent, peer-reviewed empirical research conducted on the organisation itself. The studies were predominantly qualitative or case-study in design, with quantitative exploration of the topic still comparatively limited. Second, as this study is a single-institution case study, the findings cannot establish whether Aviva's performance reflects genuinely superior socio-technical management as compared to industry peers. Furthermore, the combination of research articles and reports for SLR is a broader limitation of thematic synthesis in systematic reviews generally, but it is amplified here because the theme mixes independently peer-reviewed findings with organisation-adjacent reporting whose findings differ substantially. 
[bookmark: _Toc235993400]4.6. Chapter summary
This chapter presented and critically discussed the findings of the systematic review across the four themes identified. The findings largely aligned with the literature review's application and benefit themes, confirming that Aviva's AI use is concentrated in claims processing and that the associated benefit claims are strongest precisely where the underlying applications are most quantifiable. The findings differ from the literature on barriers, where the and future-trends theme revealed a context-dependent reading of AI's future advanced by part of the literature over the more expansive industry report findings. The evidence limitations discussed in this section particularly the reliance on consultancy and case-study sources, should be carried forward into the conclusions and recommendations presented in the following chapter.











[bookmark: _Toc235993401]Chapter 5
Conclusion and Recommendations

[bookmark: _Toc235993402]5.1. Conclusion
The aim of this study was to critically examine the adoption of AI for financial decision-making in the UK financial services industry, using Aviva as a case study. By using a systematic literature review method, the study examined the current applications of AI, the review found that Aviva's AI use is concentrated in claims processing through FNOL triage using natural language understanding, a claims copilot, an automated empathetic communication tool, a natural-language virtual assistant, predictive analytics, and a reported deployment of over 80 AI models across the claims domain, supplemented by platform partnerships with Tesla and Uber. 
The study found consistent and quantified benefits across processing time, accuracy, cost, customer experience, and employee engagement. The study's most significant finding was a contradiction from the literature where the wider scholarship treats barriers, algorithmic bias, explainability, regulatory compliance, organisational integration difficulty, as a substantial and unresolved debate, the Aviva-specific evidence base reported almost none of these issues. 
Exploring the future trends and opportunities, the evidence was internally divided between transformative language describing Aviva's move toward "AI-native transformation" and multi-agent systems sat alongside a structural classification of Aviva's business model as incrementally, rather than fundamentally, changed by AI. This division favoured the more conditional, context-dependent view of AI's future advanced by part of the literature over the more expansive industry narrative advanced reports and reinforced the conclusion that future-oriented claims about AI in financial services should be treated as conditional rather than universal.
Overall, the study concludes that AI adoption for financial decision-making at Aviva is best characterised as mature and measurably beneficial in its core, transactional claims-processing applications, while remaining considerably less well-evidenced, and potentially less examined, in relation to the organisational and human-centred barriers that the wider literature suggests should accompany any AI deployment of this scale. 
[bookmark: _Toc235993403]5.2. Recommendations
5.2.1. Recommendations for Aviva
First, Aviva should commission or publish more granular, independently verifiable evidence of its AI-related barriers and mitigation efforts, not only its successes. The near-absence of documented barriers identified in this review is more likely to reflect a reporting gap than a genuine absence of challenges, and closing this gap would strengthen both external confidence in Aviva's AI governance and the organisation's own ability to learn from difficulties as they arise. Second, given that FNOL triage produces direct, liability-determining outputs, Aviva should ensure that bias testing, explainability provision, and regulatory audit processes for this specific tool are documented and, where possible, made available for external scrutiny, addressing the regulatory and fairness concerns Tavares et al. (2025) raise but which the Aviva-specific evidence largely did not engage with. Third, as the future-trends evidence anticipates a move toward multi-agent AI systems, Aviva should extend its existing oversight framework to address the additional coordination and governance risks that multi-agent architectures introduce, rather than assuming that oversight arrangements designed for discrete, task-specific tools will transfer automatically.
5.2.2. Recommendations for the wider UK financial services sector
Financial institutions considering similar AI adoption should treat Aviva's claims-processing results as an indication of what is achievable in transactional, high-volume, and outcome-measurable functions, rather than as evidence that comparable benefits will automatically follow in more relationship-driven or judgement-based functions such as advisory services. Finally, given the debate in the literature over whether technical/regulatory or organisational factors dominate as barriers to AI adoption, institutions should not assume this debate is settled and should instead assess both barrier categories independently within their own organisational context rather than defaulting to whichever explanation is more convenient to address. More broadly, institutions across the sector should be cautious about benchmarking their own AI strategies against published case studies of flagship adopters such as Aviva without first considering the evidence basis of those case studies. Where benefit figures are drawn primarily from consultancy reports or organisation-authored material, institutions should seek corroborating, independently sourced evidence before treating them as a reliable basis for investment decisions, particularly given this study's finding that precision of a reported figure does not, on its own, indicate independence of its source.
[bookmark: _Toc235993404]5.3. Limitations of the study
This study is subject to several limitations that should be considered when interpreting its conclusions. Methodologically, the systematic literature review relied on a single database, Scopus, for study identification; while this ensured a consistent and replicable search strategy, it may have excluded relevant work indexed elsewhere, as well as regulatory findings, trade-press investigations, or grey literature that could present a less favourable picture of Aviva's AI adoption than the fourteen included studies do. The review was also restricted to English-language, full-text sources published between 2016 and 2026, which may have excluded earlier foundational work or non-English scholarship relevant to AI adoption in financial services.
Substantively, the evidence base specific to Aviva was small, fourteen studies in total, and dominated by qualitative case-study and industry-report sources rather than independent, peer-reviewed empirical research conducted specifically on the organisation. This is a significant limitation for a dissertation aiming to critically examine institution-specific AI adoption, since it means several of the study's central findings, particularly the near-absence of documented barriers, rest on a source base with a plausible incentive toward positive framing rather than on independently verified organisational data. As a single-institution case study, the findings also cannot be generalised to other UK insurers or financial institutions without further comparative research, and the study cannot distinguish with confidence between Aviva having genuinely superior AI governance and Aviva simply being more favourably reported on than its peers.
[bookmark: _Toc235993405]5.4. Recommendations for future research
Building on the gaps and limitations identified above, several directions for future research are recommended. 
First, primary research directly involving Aviva, such as interviews or surveys with employees working alongside AI tools, would address the absence of direct employee-voice data identified in this review and would allow more rigorous outcome-based evidence available to this study permitted. 
Second, comparative research examining AI adoption across multiple UK insurers, rather than a single institution, would help establish whether Aviva's apparent performance and its striking absence of documented barriers reflect genuinely superior organisational practice or a more general pattern of reporting bias affecting flagship AI adopters across the sector. 
Third, future research should investigate the governance and oversight implications of multi-agent AI systems specifically, an area this review found to be under-theorised in the barriers literature relative to the trajectory described in the future-trends literature. 
Finally, future systematic reviews on this topic would benefit from incorporating formal source-quality grading alongside thematic synthesis, allowing readers to distinguish independently verified findings from organisation-authored claims more systematically than the narrative approach adopted in this dissertation.
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