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Abstract
In this study, the authors investigate the impact of AI-powered financial advice on investment confidence among new investors in the context of early investors. The introduction describes background, motivation, objectives and significance of the research as research background and explains the state of the art of the research area especially, the use of Artificial Intelligence in investment decision making. The literature review benefits from critically assessing the existing body of learning on financial advice in the form of artificial intelligence, uptake, trust, core trust considerations, confidence in the investment decision making process, issues and theories. It also pointed out areas of future research which form an important conceptual framework for the future research methodology. The Research Methodology has also given justification for the selection of the interpretivist philosophy, mono method qualitative research design, an archival strategy and cross sectional time horizon. It has followed the secondary qualitative data collection approach along with a thematic analysis, while ethical aspects were also discussed that impact the credibility, reliability and integrity of the research.
Four prominent themes from the thematic analysis are introduced regarding strategic adoption of AI-powered financial advice, importance of trust, transparency and investor capability, accuracy, privacy, ethical and psychological risks and the need for responsible AI. The findings indicate the benefits of introducing AI in making support systems more accessible, personalised, efficient, and productive in gaining investor confidence, but the adoption of technology does not guarantee the same. The study brings the conclusion that AI must be used in tandem with human financial acumen, not to replace it. The recommendations thus focus on the importance of greater transparency of AI, explainability, innovative models for human-AI collaboration and governance, and boosting financial and digital AI literacy among new investors.
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[bookmark: _Toc241178719]Chapter 1: Introduction
[bookmark: _Toc241178720]1.1 Background
One of the most impactful technology advancements assisting the global financial services industry is Artificial Intelligence (AI). Financial institutions are deploying machine learning (ML), natural language processing (NLP), predictive analytics and generative AI to drive investment analysis, portfolio management, risk assessment and even customer advisory services. AI-powered financial advice contrasts with the conventional approach of relying on human skills and in-person consultations, delivering instant, data-driven, personalized guidance that can exist at lower costs (Aldasoroet al., 2025). As a result, AI has greatly enhanced financial knowledge and investment advice, especially for micro-investors lacking in finance expertise.
The UK is known as one of the leading players in financial technology (FinTech) and the wave of digital innovation has left its impact on financial services and investment. AI's swift adoption in UK financial institutions is a testament to the nation's dedication to financial innovation and technological progress. As of 2026, almost 75% of the financial services sector in the UK currently has AI implemented, demonstrating broad adoption and integration of AI within financial operations (Government of the UK, 2026). It is primarily used to enhance dimensions of data analytics, fraud detection, customer engagement, operational efficiency, and investment-related decision support.
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[bookmark: _heading=h.p33f66usf5lm]Figure 1.1: AI in the UK Finance Market
(Source: Imarc, 2026)
In addition to the changes in institutional behaviour, consumers' behaviours towards financial services have also significantly shifted. The UK AI financial market has been emerging in a rapid manner and is forecasted to reach $12.6 billion by 2034, with a growth rate (CAGR) of 22.85% between 2026 and 2034 (Imarc, 2026). Barriers to investing have diminished with the advent of digital investment platforms, mobile investment apps, robo-advisers, and generative artificial intelligence tools, allowing more UK people to engage in the investment process. There is a chronic ‘financial advice gap’ since only about 9% of UK adults access regulated financial advice, as many consumers find financial advice expensive and inaccessible (Panjwani, Makinson and Booth, 2026). Therefore, consumers are turning to digital assets and AI-powered apps for investment information within the country. On the other hand, approximately 26% of all consumers trust general-purpose AI systems, such as ChatGPT, Claude, Gemini, and others, even as these tools operate outside the UK’s regulated financial advice framework (UK Government, 2026).
Investment confidence is one of the important behavioural factors that influence the investment attitudes of individuals. This is the positive attitude that an investor has with regard to their decision-making processes and financial risk management (Bouteska, Harasheh and Abedin, 2023). Investment confidence tends to reflect stronger engagement with the financial markets, while low confidence may result in delays in investment decision-making, or even investment opportunities being completely missed. As first-time investors usually lack practical experience, the quality and trustworthiness of that information can make a significant difference in their level of confidence in investing.
Compared to experienced investors, first-time investors often have less financial literacy, a limited understanding of how markets behave, and are more unsure about investment opportunities. Because of this, this type of user tends to lean on external information sources before deciding anything (Mahmood et al., 2024). So AI-generated financial advice might work as an easier educational aid, by simplifying complicated finance concepts, outlining investment risks, and producing tailored recommendations.
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[bookmark: _heading=h.m7twj65x9ez2]Figure 1.2: Data Breaches in the UK
(Source: Statista, 2025)
Despite all these benefits and opportunities stated earlier, there are also challenges associated with AI-driven financial advice in the UK. Historical data and algorithmic models drive the recommendations in generative AI systems, which sometimes lead to inaccurate, biased, or incomplete suggestions (Afreen, Mohaghegh and Doborjeh, 2025). In addition, these systems cannot necessarily make all the assumptions that reflect an individual's real as well as financial status, investment goals and tolerance for risk. Moreover, the incidents of data breaches have reached over 4.4 million as of 2024, indicating that there is a sense of threat regarding the increasing use of AI in financial investment guidance (Statista, 2025). To address these concerns, the responsible use of AI in financial services, considering transparency, explainability, accountability, cybersecurity, and consumer protection are essential.
While the use of AI in finance has increased, there is a lack of specific academic study focusing on the effect of AI-driven investment advice on the level of confidence among First-Time Investors (FTIs). Therefore, this current study focuses on exploring the effects of investment-related guidance using AI specifically for new investors in the UK.
[bookmark: _Toc241178721]1.2 Research Rationale
As generative AI progresses at a fast rate, the financial advice industry has also been growing through adopting new approaches like providing investors with personalised investment guidance using conversational AI platforms and digital investment applications. Advisory tools equipped with AI are increasingly becoming essential for UK financial institutions and FinTech firms to improve customer experience, broaden access to investments, and reduce the expenses associated with advisory services (Pattnaik, Ray and Raman, 2024). Despite such developments, there has been a lack of academic research specifically focused on understanding the impact of the financial advice provided by AI on the investment confidence of novice investors in the UK. 
Current pieces of research focus predominantly on the adoption of robo-advisors, financial technology adoption, or algorithmic trading, while comparatively less attention has been given to modern generative AI systems and personalised financial recommendations. Approximately 11 million UK adults are likely to use autonomous AI agents to manage their personal financial aspects in the future, illustrating the emerging significance of AI-aided financial decision-making (FCA, 2026). With the spreading adoption of AI, there has been a growing need to examine whether AI investment guidance actually builds confidence or leads to disregard. Therefore, this study offers a comprehensive overview of the potential influence of AI-generated financial advice on building investor confidence, especially for the initial investors in the UK.
[bookmark: _Toc241178722]1.3 Problem Statement
While AI-powered financial advice is becoming widely available in the UK on digital investment platforms, there has been little research on how financial confidence in investing has been affected by AI amongst first-time investors. The absence of evidence raises questions about the influence of AI on informed investing decision-making, or even the possibility that it may lead to over-reliance on automated financial advice.
[bookmark: _Toc241178723]1.4 Research Aim and Objectives
[bookmark: _Toc241178724]1.4.1 Aim	
To assess how AI-generated financial advice affects first-time UK investors' investment confidence.
[bookmark: _Toc241178725]1.4.2 Objectives
· To investigate the adoption of AI-created financial advice within the investment sector in the UK.
· To evaluate factors that increase the trust of first-time investors in AI-generated financial advice.
· To identify major challenges related to AI-generated financial advice to uplift first-time investors’ confidence.
· To provide potential recommendations for improving the responsible use of AI-aided financial advice in the UK investment industry.
[bookmark: _Toc241178726]1.5 Research Questions
Q. How does AI-generated financial advice influence investment confidence among first-time investors in the UK?
Sub questions:
Q1. How is AI-generated financial advice being adopted within the UK investment sector particularly for services accessible to first-time investors?
Q2. What are the trends in the investment industry around AI and financial advice in the UK?
Q3. Which variables need to be considered as impacting the trust that first-time investors can have in an AI-based financial solutions guide?
Q4. How can responsible adoption of AI-driven financial advice be enhanced among financial services role players in the UK?
[bookmark: _Toc241178727]1.6 Significance
This study is important as it explores the effects of AI-driven financial advice on first-time investors in the UK, a topic which has been largely overlooked in the academic literature. The study adds a perspective to the existing body of knowledge in the fields of artificial intelligence, financial markets technology (FinTech) and behavioural economics on the issue of investor trust in AI-driven financial advice.
On a practical level, the observations could inform FinTech companies, digital investment platforms, and financial advisers on understanding how AI advice is influencing investing among the new investor, and their creation of more transparent, trustworthy and user-friendly investment advice systems. In addition, the study offers insights and tools for policy makers and regulators (FCA in the UK) that could facilitate their process of making responsible AI regulation, consumer protection and algorithm transparency a reality. Consequently, the results from the research could also be used to improve financial literacy, inform investment decisions and enable new investors to stay more engaged in financial markets in the UK which could open up opportunities and challenges.
[bookmark: _Toc241178728]1.7 Summary of literature review
The concept used in this study is based on the Theory of Technology Acceptance (TAM) and Trust Theories. In this context, TAM provides insight into the relationship among perceived usefulness, perceived ease of use, and individual acceptance and use of AI-generated financial advice. As applied to first-time investors, the model can shed some light on whether or not investors believe the advice from AI can be of value, accessible, and understandable to them when making investment choices. Trust Theory complements TAM by emphasising the relationship between trust and ability, benevolence and integrity in building confidence in an Artificial Intelligence-based system. The study uses these theories to better understand investors' trust and purchase intentions for features like reliability, transparency, accuracy and explainability. The combination of TAM and Trust Theory actually offers a theoretical lens for the study of the technical and behavioral aspects of AI-driven finance advice.
[bookmark: _Toc241178729]1.8 Summary of method
This study is based on secondary qualitative data obtained from relevant academic studies and credible published sources related to AI-driven financial advice, investors' trust in AI, and investors' investment confidence and responsible AI. It follows an interpretivism philosophy to understand the relationship between AI generated financial advice and investment attitudes of first-time investors in the UK. Data analysis is carried out using a mono-method qualitative research design, with archival research as a research approach and cross-sectional time. Evidence gathered is analysed through thematic analysis which allows to identify patterns, relationships and key themes that are interpreted in the light of the aim of the research. The methodology also takes into account relevant ethical principles such as responsible use of secondary sources, where evidence is represented accurately, academic integrity and the appropriate citation of evidence. These methodological decisions offer a framework for analyzing the intricate connection between AI-driven financial advice and investor trust.
[bookmark: _Toc241178730]1.9 Main findings of data analysis
The four themes that emerged from the thematic analysis were related to financial advice and investment confidence among first-time investors in the UK when provided with AI-generated advice. Firstly, the use of AI for financial advising is becoming widespread in financial services due to its ability to offer personalized, efficient, and easily accessible financial support. Second, trust relies on AI expertise, transparency, and investor capacity as the ability to explain AI's purpose and deliver credible recommendations creates a level of trust for investors. Thirdly, when AI-driven recommendations are inaccurate, biased or hard to comprehend, they can lead to investor mistrust regarding accuracy, privacy concerns, ethical issues, and psychological risks. Lastly, the results suggest the need for good governance, transparency, financial and digital AI literacy and human oversight for responsible AI. The broader picture is that AI-driven financial tips can assist first-time investors in boosting accessibility and delivering personalised suggestions, though this doesn't ensure investor trust in technology.
[bookmark: _Toc241178731]1.10 Structure of Dissertation
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[bookmark: _heading=h.5u5wd28zlmzp]Figure 1.3: Dissertation Structure
(Source: Self-created)
There are five chapters in this dissertation, starting with Chapter One introducing the research by presenting the background, research rationale, problem statement, aim, objectives, research questions, and significance of the research. Chapter Two analyzes the current literature and discusses the interconnections among the literature available on AI-generated financial advice, investment confidence, trust in AI, theoretical views and the research gaps. In Chapter Three, the research methodology is explained, which includes research philosophy, approach, design, data collection, data analysis, and ethical considerations. The findings from the thematic analysis are presented and discussed in relation to the research objectives and literature in Chapter Four. Chapter Five is the study's concluding chapter in which the significant findings from the study, implications, limitations and recommendations to practitioners, policymakers and future researchers are summarised.
[bookmark: _heading=h.kjn0vf10bvvl]

[bookmark: _Toc241178732]Chapter 2: Literature Review
[bookmark: _Toc241178733]2.1 Introduction
The literature review discusses critical issues of Artificial Intelligence, AI financial advice, investors' trust and investment confidence and the responsible use of AI in the UK investment service. Financial technology and artificial intelligence (AI) are rapidly changing the landscape of financial services, and an understanding of how these new technologies affect first-time investors is more important than ever to researchers and practitioners. This chapter aims to synthesise findings from relevant academic journals to assess financial advising through AI, factors boosting investor trust, along with the hurdles encountered in the implementation of AI. In addition, the chapter analyses the strategies to encourage the responsible use of AI in financial advisory services, articulated both theoretically and practically, highlights existing research gaps, and formulates a conceptual framework for the present research.
[bookmark: _Toc241178734]2.2 Overview of Artificial Intelligence (AI) in Financial Services
The realm of money and banking has witnessed a remarkable transformation with the advent of Artificial Intelligence (AI). Artificial Intelligence (AI) has become a revolutionary technology in the financial sector, steering financial institutions to automated decision-making, handling intricate data, and providing personalized financial services. AI is described by Collins et al. (2021) as a system capable of assisting in the completion of tasks which normally require human intelligence, reasoning, learning, problem solving and decision making. On the other hand, Li and Tian (2026) define AI as a group of technologies that mimic cognitive capabilities to enhance their organization's performance and decision-making. The sample definitions show that AI is more than an automation solution; it is being used to strategically improve financial services.
One of the fundamental methods of these earlier AI systems was to discover a sequence of rules, and to then apply these rules. AI has had a significant impact on finance applications. According to Surur et al. (2025), improvements in machine learning (ML), natural language processing (NLP), and predictive analytics allow AI systems to evolve over time in order to identify complex patterns and continuously enhance their decision-making accuracy. The advent of generative AI with the help of large language models (LLMs) has brought conversational features into the fold that enable financial institutions to engage with customers naturally using language and deliver customised financial information. As mentioned by Grudniewicz and Ślepaczuk (2023), in the investment management sector, AI can serve various functions, such as creating an optimal investment portfolio, algorithmic trading, forecasting market movements and assessing investment risk. The second point of application for AI in the financial sector is its use for analysing investors' preferences and offering custom-made financial suggestions. The examples show that AI has gone beyond merely automating operations to providing strategic support to the decision-making process in the Financial Services sector.
While most academics are satisfied with the advance of AI, there is disagreement on how it is being put to use. Kassa and Worku (2025) reported that AI increases productivity by streamlining repetitive processes and enabling timely, data-driven decisions. As a result, AI can enhance the quality of services because it can provide more analysis and enhance the capabilities of the services that improve the efficiency of operations. On the other hand, the study of Ghosh (2025) suggests that the increasing reliance on AI systems creates ethical concerns such as problems with transparency, accountability, fairness and algorithmic bias. Similarly, advanced algorithms and models, particularly AI models that are generative, can yield incorrect and misleading results because they are based on the probability patterns they are trained on from input sources. These factors, in this context, highlight the necessity for an element of caution in considering AI to be infallible, despite its technological prowess.
As per Kiškis (2026), while AI can assist in making these decisions, financial transactions require humans to have a level of ethics, context, and emotional intelligence that goes beyond what a machine can provide. Therefore, it must go hand in hand with human decision-makers, rather than replacing human decision-makers in financial services. Alawamlehet al. (2024) countered this by stating that although AI has proven to be of great benefit in terms of computational power, there is a need for human expertise when it comes to interpreting complex investment scenarios. Thus, it shows that AI has made a significant impact on financial services, and that its applications have broadened the scope of its transformative potential.
[bookmark: _Toc241178735]2.3 About AI-Generated Financial Advice for First-Time Investors
AI-generated financial advice is any guidance about finance or financial recommendations that's made using AI tools instead of financial advice provided by financial advisors. Nahidi (2026a) describes AI financial advice as the automated advice provided with the help of machine learning, predictive analysis and natural language processing to an individual's financial goals and investment choices. Yaiprasert and Hidayanto (2024) argued that AI-driven advice lends recommendations that are personalized, consistent, quick, and at a relatively low cost, vastly different from the personalized advice that can be achieved through professional expertise. As a result, AI is becoming more prominent to assist those looking to invest in the stock market, especially retail investors.
Evolution from robo-advisor to Generative AI
AI-fueled financial guidance started with the rise of robo-advisors, which automated financial portfolio management by means of algorithm-based investment strategies. As explained by Nourallahet al. (2026), robo-advisors have been developed to make investments more accessible by alleviating the cost of advisory services and automatic investment portfolio allocation, based on investor characteristics. However, these systems used a fixed questionnaire and a predetermined algorithm, and thus were limited in their ability to discuss long or complex financial matters. In contrast, Mariani, Hashemi and Wirtz (2023) cite that conversational AI systems, powered by large language models, can read natural language queries, elaborate financial concepts, and produce individualized responses, making the advisory journey more interactive and personalised. As a result, this change is a step from automated investment management to intelligent financial support.
Relevance of AI-Generated Advice to First-Time Investors
The field offers some clear advantages for condo investors with AI-generated financial advice, yet there are also potential drawbacks. According to Darwish (2025), investors are often viewed as having gaps in their administration capability and not enough investment knowledge, making them susceptible to making loans decisions. These problems can be addressed with AI advisory software, which can provide financial education to everyone, explain investment risks, and give customized investment strategies according to the preferences of people. On the other hand, Ridzuan et al. (2024) think that AI can assist in decision-making processes as it can process vast volumes of financial data that humans would find difficult to handle. This transformation therefore represents a major progress from the manual management of investments to AI-driven financial advice.
This can be beneficial, but scientists are worrying about how accurate the financial advice AI can give is. According to scholars like De and Bechler (2024), AI diminishes emotional judgment, therefore possibly enhancing financial commitment choices, since it means a data-driven investigation.  Generative AI systems might respond with misleading or wrong results as they build their answers from patterns in the data they are trained on, yet do not necessarily have a true understanding of the financial situation. However, Ebrahimi et al. (2024) state that poor transparency, algorithmic bias and lack of explainability further decrease users' confidence in the AI-generated recommendations. First-time investors may be more susceptible to these concerns as they are usually not experts when it comes to examining financial information on their own.
In general, the use of AI-driven financial tips as an innovative advance that can result in enhanced investment access, customization, and financial education. However, its effectiveness does not depend only on technological performance, yet also on the user's trust in the accuracy, transparency, and reliability of AI-aided recommendations.
[bookmark: _Toc241178736]2.4 Analysis of the Adoption of AI-Generated Financial Advice in the Investment Sector
As financial institutions and FinTech companies come to rely on AI to enhance the financial advice process, its use in investment advice has surged significantly. As per Zhu, Vigren and Söderberg (2024), financial advice generated using AI involves using AI technology to analyse financial data, take into account the investor's characteristics, and deliver personalised investment recommendations with little to no human involvement. On the other hand, Guthrie et al. (2025) argued that while AI will boost efficiency and analysis, human touch will still have a role in understanding intricate financial issues and making ethical decisions. Hence, this technological development has changed the game of investment advising in many aspects, as it brought a superior level of efficiency, cost reduction and accessibility of investment platforms for retail investors.
Drivers of AI Adoption in Investment Services
Financial Technology (FinTech): One of the areas suggested for the more and more widespread use of AI in investment is financial technology (FinTech). Perifanis (2023) say that digital innovation has revolutionised financial services in numerous ways, and organisations are adopting AI in their financial operations. Vărzaru and Bocean (2024) state that the modern personalized advice offered by investment firms, and the customer experience they provide, have been made possible due to increased digitalisation, but that such investment advice is more automated today. In the midst of fierce competition in financial services, the statistics point to the need to enhance the quality of the services offered and respond to changing customer expectations, as being the main push for the adoption of AI.
There are several studies emphasizing the beneficial effects of AI-guided financial advising on access to investment products particularly with regard to retail and individual investors. According to Merter and Balcıoğlu (2025), the conventional financial advisory service is often based on a minimum investment amount and fees are high, making it impossible to get professional and competent advice to many people. One way AI investment platforms are seeking to address these issues is by providing affordable and easy-to-access financial advice and guidance. However, Vuković, Pašalić and Lukačević (2026) noted that as every financial inclusion has been enhanced by AI, and by enabling investors with no investing knowledge to make investment decisions, namely investment recommendations are now available. Not only that, though if users don't believe AI systems are trustworthy and reliable to follow their suggestions, they won't be effectively used.
Human-AI advisory models and generative AI
With the advent of generative AI, it has been another catalyst in terms of adoption in the investment space. According to Lee et al. (2024), generative AI systems have the ability to initiate communication with the platform, provide the investors with personalized explanations in response to their questions, offer extensive financial data in a natural language interface. This new capability has actually broadened the potential for AI-powered monetary assistance to financial training and financing guidance. However, as per Brüggen et al. (2024), there are conflicting views on how much of the job should be handed over to AI instead of the traditional financial adviser. The comparison indicates that there is potential for improving outcomes with hybrid advisory models that combine AI with human expertise, when compared with purely automated advisory systems.
In sum, the use of AI-financial advice has been inspired by technological innovation, the digital transformation and an increase in the demand for a more accessible financial service for investing.
[bookmark: _Toc241178737]2.5 Factors Influencing Trust of First-Time Investors in AI-Generated Financial Advice
One of the most crucial factors in determining if new investors are accepting and depending on financial advice provided by AI is trust. As discussed by Sungkarungsri and Kiattisin (2026a), a person's readiness to rely on others as a result of his or her judgement of their competence, reliability and integrity. In the context of AI in finance, trust means when investors believe that AI tools give them realistic and impartial investment advice and recommendations. Scholars like Xu, Zhai and Zhang (2025) countered that issues of privacy protection and biases arising from algorithms can deter AI use among first-time financial investors. Thus, trust is especially crucial when first-time investors face investment-related decisions and are often hesitant to make them due to a lack of investment knowledge.
Perceived Usefulness
According to Song, Qiu and Liu (2025), if a person thinks that using a technology will help improve his or her performance or his or her decisions, that is when he or she will choose to use it. For financial services, AI-driven recommendations are seen as helpful if they deliver timely information about the market, investment analysis, and help investors choose suitable financial products. In contrast, Mavlutovaet al. (2022) state that those technologies that have identified benefits are more successfully accepted in financial service guidance. However, usefulness does not mean trust as investors also have to take account of the credibility of the AI-generated recommendations.
Accuracy, Transparency and Explainability
Another significant factor is the consumers' sense of accuracy and reliability as an AI system could be more efficient than humans in extracting insights from data that is far too large to be handled by people. Cerchione, Liccardo and Passaro (2025) state that due to the lack of logical processes involved in its generation, the information produced by generative AI can sometimes be inaccurate or even misleading. This can make it difficult to gain confidence, especially for those who are unfamiliar with investing. On the other hand, as per Guo and Polak (2026), transparency and explainability are essential as users are more inclined to trust AI systems if the ways of generating the investment recommendations are clear. Likewise, use of explainable AI can increase accountability as investors can review the logic underlying AI-driven recommendations. 
Financial Literacy, Privacy, and Regulatory Assurance
Apart from that, Khan, Rabbani and Kadoya (2020) stated that financially literate people are more able to evaluate potential financial investments. Hence, financial criteria, such as financial literacy, data security, and regulatory guarantees, have an important impact on confidence. However, Yu et al. (2025) conversely stated that opaque or “black-box” algorithms tend to deter people’s trust because the reasoning behind financial recommendations is unknown to them. Hence, scholars recommend robust and ethical data protection and governance mechanisms, effective regulation, and increased trust in AI-driven financial advice.
In general, these studies suggest that technological performance, perceptions, and institutional protection are significant influences on trust.
[bookmark: _Toc241178738]2.6 Relationship Between AI-Created Financial Advice and Investment Confidence
Confidence in investments is the conviction that an investor has in his/her decisions based on uncertainty in the stock market and financial risk. It affects the decision of a person to invest, sustaining investments in volatile times, and making wise financial choices.
Better information accessibility stands out as one of the significant impact areas of AI-driven financial advice on investment confidence. Buczynski et al. (2025) explained that often, conventional investment guidance is limited by appointment availability, cost of counseling and location, whereas AI advisory platforms easily allow access to financial data and investment advice. While scholars like Nogueira, Almeida and Tavares (2025) countered that more accessible financial information allows people to plan their finances actively and builds their confidence in financial planning. Having investment advice available immediately brings down the pressure on investors with no experience and helps them to feel more at ease making investment decisions with or without relying solely on financial professionals.
Another important aspect related to the relationship is one between the personalisation of financial advice and borrowers' characteristics. These systems utilize AI to analyze a user's monetary objectives, investments, investing strategies, and danger tolerance, offering individualized guidance for their monetary choices. Zungu et al. 2025 argues that customisation would be more valuable with an AI service as there would be a more personalized approach than a one-size-fits all model when giving advice to users. Scholars Qaysi and Sulphey (2026), concluding that the personalised guidance is one of the tools in investment management that guides the novice investors in selecting investment. As a result, investors would be better off feeling secure when it is on the investor's own capital, not on a specific market.
AI-powered guidance results can likewise assist in reducing the emotional hurdles that frequently make it tough to make informed investment choices. Overconfidence, loss aversion, confirmation bias and herd behavior are some of the cognitive and emotional biases that can affect investors as described by Sharma and Negi (2025). According to the researchers Hsu, Wang and Ting (2025), AI systems focus on data analysis rather than emotions, and they can offer investment recommendations based on facts and evidence, which are not influenced by emotions. AI's analytical capability can help make investing decisions more rational, which could lead to more uniform investments and less erratic decision-making in the future, potentially creating more trust among investors.
The connection between AI-informed financial recommendations and confidence in investing is not always favourable. Loss of confidence could hamper investments if they feel the advice given by the AI systems is not aligned with their expectations or the results of the investment are not as expected. Romeo and Conti (2025) present the claim that overreliance on automation could cause automation bias, that is, overrely on or improperly reject automated recommendations. In either case, Liu et al. (2024) countered that when a proposed investment strategy differs from the investor's intuition, seasoned players may also find AI-driven suggestions confusing if they do not align with their established expertise. Newer investors could find themselves scratching their heads about the reports coming in from different AI platforms.
The overall results reveal that AI capability is not the sole determinant of investor confidence, yet also the behavioural reaction of investors to use AI in financial decision-making.
[bookmark: _Toc241178739]2.7 Challenges of AI-Generated Financial Advice Affecting Confidence of First-Time Users
As AI-generated financial advice presents a great opportunity to enhance investment decision-making, there are some potential challenges to investors' confidence in such advice, especially among the primary investor group, first-time investors.
Accuracy and Reliability
The reliability and precision of AI content from financial advisors is one of the most widely experienced and rapidly arising issues. As per Rohan et al. (2026), AI systems can thoroughly analyze financial data and provide recommendations, all in a blink of an eye, considering historical patterns and predictive models. Nevertheless, the recommendations produced by an AI rely heavily on the amount of accuracy of training info and algorithm design. On the contrary, Olatokun and Oladokun (2026) countered that generative AI models can sometimes hallucinate or produce false or fabricated information due to statistical prediction rather than genuine reasoning. When it comes to recommending funds for investment, false predictions can put first-timers at risk of entering markets with potentially damaging investment risks and diminish confidence in AI-driven financial advice. As such, the accuracy aspect continues to be one of the crucial challenges for financial institutions that are using AI technologies.
Transparency and Algorithm Bias
The lack of transparency and explainability in AI systems is another major challenge as numerous AI models are "black-box" models, which makes it difficult to comprehend how they make predictions about investments. As per Schilke and Reimann (2025), limited transparency has a negative impact on users' trust in the recommendation source due to the reduced ability to trust recommendations that are not clearly explained. Likewise, the use of explainable AI would further improve accountability by providing users with insight into the logic behind AI-driven decision-making. Frederiks et al. (2022) argued that for new investors, who often need to know that the information they are receiving is accurate before making any investment moves, this could create uncertainty and discourage technology adoption. Hence, explainability is one of the significant demands raised to increase investor faith and aid responsible AI utilization.
Other issues raised in the literature that are critical to the successful uptake of AI-driven financial advice are algorithmic bias and ethical issues. Historical financial and behavioral data, along with any possible inherent biases, may be incorporated into the data used for training AI systems. According to Pagano et al. (2023), the probability of data bias is likely to give rise to biased and discriminatory or unfair investment recommendations which will negatively impact the interests of specific fearless investors. Furthermore, the idea of ethical issues might be raised if there is no information about the potential hazard or conflict of interest is included in the AI system's recommendation. However, Sungkarungsri and Kiattisin (2026b) argued that the absence of fairness, accountability, and ethics in the monitoring process might erode the trust of people in financial advising with AI. As a result, the importance of responsible AI governance grows ever more significant when it comes to ensuring that AI systems make investment recommendations in an objective and unbiased manner.
Use of human judgement and emotional support
The other great difficulty is the difficulty of AI systems to achieve human judgment and sensitivity. While AI tools are great for analysing financial data and identifying investment trends, they don't have the ability to understand the individual's personal situation, feelings and moral issues which can shape an individual's investment selections. As cited by Ioannou et al (2026), some elements of financial decision-making can be automated, but others like nuanced understanding, empathy and interpersonal interaction remain enigmatic domains for AI to excede. Human planners can shove through it when the markets are shaky and detail the intricacies of investments, and modify financial strategies to accommodate shifting personal needs.
Then, in comparison, Hanna et al. (2024) stated that the more AI systems work, the more their outcomes are algorithmic, and this might not support the initial investors' psychological needs. Therefore, it can be understood that AI should be used as a supplement to rather than a replacement for human financial advisors. While there were numerous examples in the literature of AI's accuracy and effectiveness in providing financial advice, there were also some challenges regarding the use of AI-based financial advice affecting the level of investors' trust.
[bookmark: _Toc241178740]2.8 Strategies for Responsible AI-Generated Financial Advice in the UK Investment Sector
As more people turn to AI-driven financial advice now, there are great possibilities to enhance decision-making in financial investments, yet there is also a need for AI to be responsibly upheld and grown. 
Explainability and Transparency
Leveraging the insights from the identified literature, one of the key approaches proposed is making financial advice produced by artificial intelligence systems more transparent and explainable. Using Explanatory AI, users can understand how the investment recommendations are created before deciding to go along with them. Nastoskaet al. (2025) point out that explainability secures user trust because investors would feel more confident when their choice of AI decision process is comprehensible to them. Likewise, transparency helps build accountability within the financial sector as financial institutions will be able to explain their automated advice. Addo et al. (2025) argued that Invest with Confidence provides novice investors with clear investment insights, such as risk, allocation and explanations for the recommendations, minimizing the uncertainty that often underlies new investors' decision-making. For this reason, explainability is believed to be a key element in responsible adoption of AI systems.
Governance, Regulations and Accountability
Focusing on strengthening regulatory compliance and governance is another key strategy as financial services are highly regulated, and the companies that provide them operate in an environment that requires consumer protection. As posited by Barucciet al. (2026), ensuring AI systems are fairly and responsibly operated, and encouraging innovation, requires effective regulatory frameworks to promote them. For investment in the UK, governance frameworks should incorporate the use of AI systems to be periodically monitored, independent audits, and transparent ownership of automated decisions. On the other hand, as per Pang and Szliter (2026), this supervision ensures AI-driven financial suggestions adhere to legal and ethical requirements, minimise possible misleading and promote the integrity of the financial landscape. Therefore, good governance structures are called for to ensure that investors are assured of the technology.
Fairness and Bias Mitigation
There is also the challenge of minimising algorithmic bias and promoting fairness, which has been noted in the literature. AI systems use past data sets which can potentially include social, demographic or behavioural biases. According to Svetlova (2022), biases not addressed can lead to unfair recommendations in the financial advice given by AI systems that may have a negative effect on certain investment groups. Companies need to routinely test AI models for bias and claim that they should make sure that the training data they use clearly reflects a diversity of investors. However, Yang and Lee (2024) suggest that AI algorithms should be continually tested and updated to guarantee fairness and the reliability of financial recommendations. As a result, these practices lead to better investment services and also increase public trust in AI technologies.
Human-AI Hybrid Advisory Models
Many scholars advocate the integration of AI’s functions with human experts in hybrid advisory models. As per Charles, Emrouznejad and Kunz (2025), while AI has enabled more precise analysis of financial data and the understanding of market trends, the contextuality, ethics and emotional support that a human adviser brings cannot be completely replicated by AI. Conversely, Kou et al. (2026) stated in the literature that AI's ability to execute analytical work and financial professionals' interpretation of advice and response to investor questions and thoughts can be combined to create a hybrid model.
Together, these approaches can boost users' confidence in AI-driven financial guidance and foster trust in the AI.
[bookmark: _Toc241178741]2.9 Theoretical Understanding
The theories that underpin this study are the Technology Acceptance Model (TAM) and the Trust Theory to explain the relationship between investment confidence and financial advice generated by artificial intelligence for first-time investors. These theories offer a holistic perspective on how investors assess and value AI-driven financial advice and how that appraisal impacts their trust in their investment choices.
Technology Acceptance Model (TAM)
One of the most widely tested models explaining users' acceptance and use of new technologies is the Technology Acceptance Model (TAM) developed by Davis. The model suggests that the factors that are important for the adoption of technology are perceived usefulness and perceived ease of use (Davis, 1985). Perceived usefulness is defined as the subjective individual's perception of the usefulness of technology in improving performance and perceived ease of use is defined as the degree to which the individual thinks the technology is easy to use.
The literature shows that TAM has indeed been widely used in research investigating the use of AI solutions in financial services. Urbanovaet al. (2023) state that people use digital technologies more often if they believe that the technology is helpful and easy to use. Infrequent investors are more likely to utilize AI-powered systems when they trust in the system's capability to enhance investment risk-making and feel the guidance is comprehensible. However, as per Lee, Ramasamy and Subbarao (2025), the key strengths of TAM are its description of the technological attributes and its low attention to emotional, ethical and trust-based components that also play a part in financial decision-making. Nevertheless, TAM is important for its ability to predict the behavioral intention of adopting AI-based financial advice, even though we can see this as a limitation.
Trust Theory
The Trust Theory depicts the impact of trust on people's decisions to rely on another party when they are in a state of uncertainty and face risk. According to the theory, the three most critical aspects of trust are ability, benevolence and integrity (Mayer, Davis and Schoorman, 1995). These dimensions can be utilized in financial decision-making to assess the competence, reliability and ability of AI systems to offer investment guidance.
In the financial sector, as trust-related uncertainty plays a crucial role in making investment choices, trust becomes especially critical in the context of Artificial Intelligence, according to researchers. Glassberg, Ilan and Zwilling (2025) suggest that transparency, fairness and accountability foster trust and trust in AI-generated recommendations. On the other hand, Nahidi (2026b) argued that potential algorithmic biases, wrong predictions, and a lack of explainability will erode investors' confidence and trust in AI-based investment guidance. Hence, Trust Theory was found to be complementary in TAM because it considers the psychological and behavioral factors that affect the acceptance of investors other than the technological aspect.
TAM is associated with the extent to which a first-time investor feels that financial advice generated with AI is useful and usable, while Trust Theory is related to the perception of reliability, integrity and transparency of the AI systems. This merger of these two theories offers a robust theoretical framework to study the effects of AI financial advice on investment confidence among novice investors in the UK.
[bookmark: _Toc241178742]2.10 Conceptual Framework
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[bookmark: _heading=h.4q52pe9pcwvv]Figure 2.1: Conceptual Framework
(Source: Self-created)
The conceptual framework shows the relationship between the independent variable (AI-generated financial advice) and the dependent variable (confidence of first-time investors) in the investment process. The framework suggests that investors' trust in the investment decision process depends on the features of AI-powered financial advice such as personalisation, accessibility, perceived usefulness, accuracy, transparency and reliability. Meanwhile, other elements like trust, financial knowledge, privacy worries, and perceived threat influence investors' interpretation and implementation of AI-generated suggestions. The model draws on two theories, such as the TAM and Trust Theory, giving it a theoretical foundation that allows for an investigation of the impact of AI-based financial advice on the investment confidence of first-time investors in the UK.
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The literature shows that AI-recommended financial suggestions have brought enhancements in accessibility and efficiency for investing, as well as obstacles to trust, transparency, and accuracy, in addition to privacy concerns. Several areas of research are still to be filled, however. Abundant literature is already available on the technological capabilities and the adoption of AI technologies in financial services, yet limited studies exist regarding how capabilities and technologies affect investment confidence, specifically from the perspective of first-time investors. Second, existing research has mainly focused on robo-advisors and algorithm-based platforms for financial investment, while ignoring relatively new tools like ChatGPT and other conversational AI tools. Third, numerous studies examine the adoption of AI within the financial sector as a whole rather than for first-time investors in the UK. Lastly, there has been minimal effort to combine and apply technology acceptance and trust constructs to understand the impact of AI-designed monetary recommendations on investment self-confidence. This tackles these deficiencies and investigates the effect of AI-made monetary recommendations on the financial self-confidence of novice investors in the UK.
[bookmark: _Toc241178744]2.12 Summary
This chapter critically examined the current literature on the topic and examined how confident first-time investors have become with AI-generated financial investment guidance. Addressed the evolution of AI in financial services, the rise of AI-produced financial information, how financial services organizations are using AI, and investor trust. Additionally, it addressed the interplay between AI-driven financial recommendations and investor confidence while exploring some of the challenges and strategies of responsible AI usage. Moreover, the chapter provided a theoretical grounding for the study, namely TAM Trust theory, and important gaps in the literature were derived as a result. These conversations cover the full spectrum of a conceptual base for the research through examining the effects of AI-generated financial advice for real investors to increase investment confidence for first-time investors in the UK.
[bookmark: _Toc241178745][bookmark: _GoBack]Chapter 3: Methodology
[bookmark: _Toc241178746]3.1 Introduction
The methodological approach taken to examine the effects of AI-generated financial information on investors' confidence in investing for the first time in the UK is provided in this chapter. The study has utilised the research onion framework provided by Saunders to outline the methodological aspects in this study (Saunders, Lewis and Thornhill, 2007). These methodological decisions are linked with the research goals that seek to understand how first-time investors perceive and interpret AI-generated financial advice rather than establishing statistical correlation. The chapter also provides an explanation for the rationale of the selection of each methodological component, discusses the advantages of the selected methodological components, and justifies the coherence, credibility and consistency.
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[bookmark: _heading=h.9pd51ax7vktz]Figure 3.1: Research Onion
(Source: Mbedzi, Poll and Poll, 2021)
[bookmark: _Toc241178747]3.2 Philosophy
The interpretivism philosophy has been followed in this study to explore the influence of AI-generated financial advice on the investment confidence of new investors. The philosophy states that social reality is subjective and constructed intimately with the social experience, meaning, and interaction of people, avoiding being a unique, single objective truth (Fischer, 2025). Investment confidence is a psychological and behavioural phenomenon shaped by investors' trust, risk, and technological acceptance, making it the most suitable philosophical concept to understand how first-time investors interpret AI-aided financial advice.
One of the primary strengths of interpretivism is the ability to give rich and contextual insights to explain complex social phenomena that cannot be captured with numerical measurement alone (Sanchez et al., 2023). AI investment suggestions are deciphered differently based on investors' investment experience, digital financial platform trust, and the transparency of algorithms. Therefore, an interpretivist approach has allowed for further understanding of these 'subjective' experiences by consolidating the findings of the different qualitative literature searches and industry reports.
Other philosophies, such as positivism, have seemed to be less effective as it focuses on objective measurement and hypothesis testing, while pragmatism supports mixed-method research considering both qualitative and quantitative insights (Lim, 2023). Hence, the chosen philosophy has provided the most appropriate philosophical foundation, offering a detailed understanding of AI-generated financial advice shaping investment confidence among first-time investors in the United Kingdom (UK).
[bookmark: _Toc241178748]3.3 Approach
In this dissertation, an inductive research approach has been taken into consideration to gather relevant pieces of information. In this approach, new concepts, ideas and generalizations are elaborated from observed evidence, patterns and observations, which differs from the testing of hypotheses (Kim, 2021). As AI-generated financial advice is a growing field of behavioural finance and financial technology (FinTech), an inductive approach is particularly appropriate to explore the existing evidence explaining changes in investment confidence among first-time investors in the UK.
A strength of the induction method is its use in exploring new phenomena for which theories are still evolving (Laari, 2025). Rather than imposing rigid assumptions, this approach helps to obtain recurring themes from previously conducted empirical investigations, regulatory reports and industry publications. The insights gained from these can then be pieced together inductively to create a deeper understanding of how AI affects investor confidence.
However, a deductive approach was deemed unfit since it aims at testing already established theories and hypotheses from quantitative data (Bucher, 2021). Since this dissertation intends to explore and interpret an emergent behaviour phenomenon by employing secondary qualitative evidence, an inductive approach was suitable for more flexibility in analysis and gaining richer insights. Therefore, the inductive approach was properly coupled to the research aims and enhances the methodological consistency of the research in the study.
[bookmark: _Toc241178749]3.4 Choice
The study has utilised the mono-method qualitative research choice to find out the effect of AI-generated financial advice on investment confidence among first-timers in the UK. In a mono-method approach, the same research method is used for the entire duration of the study, thus ensuring consistency within the data collection, analysis and interpretation (Bracio and Szarucki, 2020).
The prime strengths of the mono-method (qualitative) research design are that it facilitates the generation of an understanding of complex behavioural and social phenomena in depth. Subjective factors like the confidence and credibility of AI algorithms, the financial literacy and personal attitudes toward technology innovation, influence investment confidence. At times, these factors may not be satisfactorily illustrated by a set of figures, making it essential to interpret qualitative insights gathered from academic sources. Thus, the chosen research voice was justified to provide a holistic understanding of the impact of AI-driven financial advice on investor trust across various environments.
In contrast, other research methods, such as mono-method quantitative research and mixed methods research, were deemed less appropriate. Mixed methods demand lots of primary data collection and a combination of qualitative and quantitative results, which goes beyond the scope of this dissertation (Liu, 2022). Similarly, a quantitative method would mainly quantify the interaction between variables and not be able to detect the subtle perceptions and experiences of confidence in investment. As a result, it became the best-suited and academically sound design to meet the purpose of the study.
[bookmark: _Toc241178750]3.5 Strategy
The study has adopted an archival research strategy, which examines systematic and interpretive documents that exist, aimed at producing new knowledge. With qualitative research, the use of archival methods involves utilizing existing published academic papers, government documents, regulatory papers, policy documents, industry documents or other legitimate secondary sources to examine a research problem (Forde, 2022). Hence, this approach works well where there is enough good-quality evidence available and the aim is to summarise and integrate previous collective evidence instead of collecting primary evidence.
An archival strategy offers many benefits, including access to large amounts of data from reliable and authoritative sources, and it has fewer time, financial and logistical constraints as compared to the primary data collection strategy. In this context, archival data has been obtained from peer-reviewed journal articles and reports from reputable data sources. These sources have provided insight into the UK retail investors' appetite for investment advice created by AI, investing behaviours, financial technology and on-the-ground confidence in investment decisions, strengthening the credibility of the findings of the research.
On the contrary, alternative research strategies such as surveys, interviews, case studies and experiments generally seek primary data collection from direct sources. These methods can provide original empirical evidence, yet require extensive time invested, financial resources, approval by ethics committees and recruitment of participants (Sun et al., 2025). Thus, these strategies were less suitable for the type of research presented in this study, which required a critical interpretation and synthesis of already available qualitative evidence as opposed to new responses obtained from novice investors.
[bookmark: _Toc241178751]3.6 Time Horizon
This research has followed a cross-sectional time horizon, in which data is gathered from varied sources at a particular period of time to see a present phenomenon. Rather than considering changes over extended periods, a cross-sectional study provides a comprehensive picture of the current state of knowledge through investigating current trends, patterns and relationships within a specific time frame (Wang and Cheng, 2020).
The most important benefit of a cross-sectional time horizon is that it encourages analysis of a relatively wide array of current research without having to wait for a lengthy data collection process. This method is especially well suited for research on emerging subjects like AI in the financial sector, where technological advances, regulations, and investor habits are constantly evolving. By analysing recent secondary sources of data, the study has captured the latest innovations in AI-driven financial advice, robo-advisory and investment trusts for UK first-time investors. The use of recent evidence has also improved the relevance and applicability to the contemporary financial environment.
The other time frame is the longitudinal approach, which examines the changes in the phenomenon over time by making repeated observations (Guerrero et al., 2024). Although a longitudinal study can give rich data on how behavior changes and what long-term trends exist, it is a time-, money-, and data-intensive process. This has made this time horizon less suitable in the present dissertation, where the time frame is only a few years, and the data available is limited to secondary qualitative data.
Therefore, this method has offered a holistic, real-time understanding of the reasons behind heightened investment confidence in AI-fuelled financial advice for first-time investors in the UK.
[bookmark: _Toc241178752]3.7 Data Collection Method
This study has used a secondary qualitative data collection method by collecting qualitative data from previously collected data from other researchers and trustworthy organisations. In the secondary data collection method, relevant pieces of information are collected indirectly from already established academic sources (Cheong et al., 2023). Hence, it has synthesised existing data and evidence to gain a fuller understanding of the impact of AI-produced financial information and advice on the investment confidence of UK first-time investors. 
One important benefit of using secondary qualitative data is that it gives much more substantial, credible and diverse evidence from many sources, allowing examination of a particular research problem from a variety of angles. Compared to the primary data collection method, the secondary method is cheaper, easily accessible and quicker to collect, enabling the incorporation of findings from large-scale studies (Kelly, Peters and Farber, 2024). Therefore, various peer-reviewed journal articles have been considered to collect data in this dissertation from authentic databases like Scopus, Web of Science, ScienceDirect, Emerald Insight, SpringerLink, and Taylor and Francis Online.
	Criteria
	Inclusion
	Exclusion

	Publication year
	Studies published 2020–2026
	Studies before 2020

	Language
	English-language studies
	Non-English studies

	Source type
	Articles from peer-review journals and authoritative reports.
	Blogs, opinions and promotional sources

	Topic
	Driven by technology, AI gives advices, builds trust and stimulates investment confidence.
	Unrelated AI/finance studies

	Context
	First-time Investors, especially UK investors.
	Unrelated populations/contexts

	Quality
	Well-developed methodology, authorship and publication information.
	Sources with little documentation or verification

	Duplication
	Unique, complete sources
	Duplicate studies/records


[bookmark: _heading=h.21uomnwgutk0]Table 3.1: Exclusion and Inclusion Criteria
(Source: Self-developed)
		
Inclusion and exclusion criteria have been used to make sure that the data collected were reliable and relevant. The inclusion criteria considered studies published between 2020 and 2026 only in the English language, to capture the fast-paced evolution of generative AI and its impact on financial advisory services. Peer-reviewed journal articles with proper DOI numbers, authors' names, publishers' names and publication dates were considered for gathering information. On the other hand, papers published before the year 2020 in any other regional languages with improper information were excluded from this research. Consequently, non-peer-reviewed journal articles, blogs, opinion pieces, and studies that have been published multiple times and lack methodology were ignored to maintain academic quality and limit bias.
On the other hand, primary qualitative methods, like interviews and focus groups, offer fresh insights from the perspective of the participants, yet involve risks related to ethical biases as they include participant recruitment (Irvine, 2023). These aspects made it less suited for the current study, which aims to work towards synthesizing and interpreting prior knowledge. So, the second qualitative data collection method has been the best method to be used through a comprehensive and evidence-based examination of the impact of AI financial advice on first-time investors' investment confidence in the UK.
[bookmark: _Toc241178753]3.8 Data Analysis Technique
This study has employed a thematic data analysis technique to systematically organise, interpret, and spot meaningful insights from the data collected. Thematic analysis is a widely used qualitative analysis technique, which involves finding and developing patterns, or themes, within the textual evidence (Ahmed et al., 2025). Thematic analysis is especially suited to considering secondary qualitative research, allowing for the integration of the findings of any number of academic investigations and professional reports, while maintaining the context of the evidence.
One of the major benefits of using thematic analysis is its flexibility and capability of analysing complex behavioural phenomena without the restriction of being limited to previously assumed theories (Braun and Clarke, 2022). Hence, this analysis technique has facilitated the identification of any reported patterns in the themes of financial advice and investment confidence around AI-generated advice among first-time investors in the UK. The potential themes included trust in AI suggestions, the accuracy and reliability of AI-driven financial advice, algorithmic transparency, financial education and literacy, risk perception, the acceptance of technology, and ethical considerations like data privacy and algorithmic bias. Themes have grown out of the repeated investigation of selected literature and have not been imposed in advance of investigation.
The six-stage framework proposed by Braun and Clarke has been followed to guide the analytical process (Braun and Clarke, 2006). The process started with the familiarisation of the gathered data and coding as per their meaning and relevance to the research objectives. Broadly similar codes were grouped into themes and were considered, developed and clearly defined prior to interpretation of their meaning in relation to the study. This was a systematic method in which increased analytical clarity, consistency and credibility of findings could be achieved.
On the contrary, alternative data analysis techniques, like content analysis, meta-analysis, or statistical modeling, were less suitable. Content analysis mainly analyses the content of texts, while meta-analysis entails a comparable quantitative data set, making them less appropriate for this study (). Therefore, thematic analysis was proven to be the best method for analysing qualitative data and constructing a broad understanding of the impact of financial advice given based on AI on new investors' confidence in the UK.
[bookmark: _Toc241178754]3.9 Ethical Considerations
The study has maintained all the ethical standards and guidelines provided by the university to maintain the quality and authenticity of the research. Since this dissertation study was entirely based on secondary qualitative data, there was no involvement with human participants, resulting in no risk of risks for informed consent issues, participant confidentiality and physical and psychological harm. Nevertheless, ethical standards remained a necessary part of research to address the validity of the research findings.
It has followed the principles of the General Data Protection and Regulation (GDPR) and avoided any kind of data manipulation as well as data commercialisation. All ideas, facts and concepts from peer-reviewed journal articles, books and institutional publications have been properly referenced in the Harvard style, avoiding plagiarism and intellectual property rights issues. Only reputable and accessible data from academic databases and reputable institutions have been collected in this study. The collected pieces of information were securely stored in the university folder with a strong password and will be deleted after the completion of the research. Moreover, a critical evaluation of the quality, relevance and potential bias of each source before inclusion was considered to ensure balanced interpretation.
[bookmark: _Toc241178755]3.10 Summary
In this chapter, the methodological approach taken to explore the impact of AI-financial advice on the resilience of first-time investors in the UK has been outlined. An interpretivist philosophy was chosen to discuss subjective perceptions of behavior and a bottom-up (inductive) approach was used to provide the foundation for the insights to build from. Methodologically consistent and relevant to the modern financial market situation in the UK, the study was of a mono-method qualitative study type and based on an archival research strategy design. The insights were gained from secondary qualitative sources including peer-reviewed journal articles and reports from reputable academic, regulatory and industry organizations. Primary data were analysed thematically, applying the thematic Analysis approach developed by Braun & Clarke, a systematic method which was developed to highlight key themes/patterns. Finally, matters of integrity, transparency, objectivity and referencing have been adhered to throughout the research. All the methodological patterns together have provided good and solid foundations for the research to reach the objectives and goal, thus making the research study valid and legitimate.

[bookmark: _Toc241178756]Chapter 4: Findings and Discussion
[bookmark: _Toc241178757]4.1 Introduction
The findings obtained using thematic analysis of the selected secondary literature on AI-driven financial advice and first-time investors' trust in investing in the United Kingdom are presented and discussed in this chapter. The analysis is done along the four research goals set in Chapter 1 and the methodological perspective in Chapter 3. The code from 12 peer-reviewed studies was grouped under four general themes, considering the emerging adoption of AI-powered financial advice, trust building around AI competence, transparency and investor capability, and responsible AI accounting. The results are then analyzed in relation to the literature analysed in Chapter 2 and findings achieved from the thematic analysis.
[bookmark: _Toc241178758]4.2 Thematic Analysis
[bookmark: _heading=h.1iabum8bni3l][bookmark: _Toc241178759]4.2.1 Theme 1: Emerging adoption of AI-enabled financial advice and investment services
The first theme shows how AI is finding its way into financial services and investments, albeit with uneven roll-out from being available to consumer adoption. Vuković, Dekpo-Adza and Matović (2025) present the change of integration and the role of AI technologies in financial services as a great deal of transformation of financial services. Financial services are increasingly supported by technologies such as machine learning, natural language processing and similar technologies in the areas of credit scoring, fraud detection, robo-advisory, insurance and financial inclusion. Importantly, for this research, robo-advisory is considered one of the key places where AI directly infiltrates investment-related decision-making. The results then suggest that AI is no longer confined to supporting back-office business processes, yet has been making more significant strides towards customer-facing financial services and investment decisions. Buchanan and Wright (2021) offer a very relevant set of evidence for the UK financial-services environment. Different types of financial processes that utilize machine learning algorithms are widespread within financial institutions in the UK, as shown by their analysis, such as robo-advisory and algorithmic trading. The findings also show that AI/ML use cases range from fraud detection to compliance, credit assessment to wealth management, portfolio construction to customer support, and investment activities. The result indicates that robo-platforms could offer users relatively easy and affordable investment entry, potentially being applicable to people who might otherwise not be able to access traditional financial advice.
The insight gained in Wang et al (2026) indicates that their ability to optimise, customise and emulate human behaviour positively affects intention to adopt AI financial advisors indirectly via consumer technology vulnerability. Self-efficacy and consumer innovativeness are other factors that influence consumer response to AI affordances. This indicates that it does not rely on accessibility or the complexity of AI to decide on adoption. Rather than this, customers must feel that AI financial recommendations are useful, versatile and accessible enough to them. On the other hand, adoption does not translate to a general trust and acceptance of AI-led advice for all first-time investors. Vuković et al. (2025) highlight that regulatory and ethical issues remain challenging, while Wang et al. (2026) demonstrate that psychological aspects impact adoption. Similarly, Buchanan and Wright (2021) highlight the value of governance and accountability as AI is integrated into financial services. Overall, Theme 1 shows that AI-supported financial advice is in transition, becoming a more mainstream element of digital financial services. Its key advantages are accessibility, affordability, personalisation, speed and handling massive financial data volumes, when it comes to major gains of its adoption to first-time investors. The evidence indicates that the value of AI needs to be underpinned by consumer ability, trust and responsible governance prior to investment confidence in AI adoption. This theme directly addresses Objective 1.
[bookmark: _Toc241178760]4.2.2 Theme 2: Trust depends on AI competence, transparency, and investor capability
The second theme highlights that the success of AI tools in financial advice would depend on building trust as a key element of the relationship between the technology, the investors, and the end product. The results indicate that investors are unlikely to rely on AI merely because it is technologically sophisticated. Rather, investors rely on confidence if they feel the system is capable, credible, and comprehensible and possesses recommendations that are suitable to their situation. This result supports the notions of the Trust Theory used in this research, namely that in uncertain situations, people rely on perceived ability, integrity and reliability to make a choice. Chang, Park and Dinh (2026) provide direct evidence of the credibility and benevolence aspects of trust in AI financial services. Credibility-based trust has to do with perceived competencies, and benevolence-based trust with perceived goodwill. In this study, they also discovered that trust is significant in promoting vicarious learning, financial self-efficacy and adoption of AI-powered financial services. A sense of confidence in the trustworthiness and competence of an AI financial advisor can reinforce investor confidence in their ability to comprehend and manage financial choices.
Maier et al. (2022) also show that trust is impacted by perceived performance and transparency with AI. The investment simulation revealed that when human and AI capabilities were compared, differences in performance illustrate a moderate indication of change in trust. Most importantly, low transparency might ensure that the biases of human-AI interaction are reproduced. As a result, this shows that even if the output is correct, confidence cannot be built up just from that. For first-time investors, this is especially crucial as they might not have extensive financial expertise to assess AI suggestions on their own. As such, explainability is more than a mere technical attribute, as it is a way for everyday investors to determine the authenticity of AI expert advice. A study by Vijayananth and Saravanabhavan (2026) supports this perspective as they have found that trust in algorithms does not lead to investment behaviour. They discovered that perceived algorithmic trust was associated with sustainable investment behaviour and financial resilience, and human-AI interaction competency was associated with how trust is linked to behaviour. This necessitates that users must have enough ability to comprehend and utilize the content generated by AI.
Hence, Theme 2 proposes that investment confidence is not created with the use of Artificial Intelligence (AI) functionality. Confidence is gained through the combination of perceived competence, transparent communication, output reliability and investor capability. Explainability and financial knowledge, especially for newcomers, help to address standard information asymmetry, empowering clients to make more educated decisions when evaluating AI suggestions. This theme directly addresses Objective 2.
[bookmark: _Toc241178761]4.2.3 Theme 3: Accuracy, privacy, ethical and psychological risks can trigger investor confidence
The third theme shows that the rise of AI-powered financial guidance can have the opposite effect and lead investors to doubt the financial advice that is being recommended. Verma et al. (2025) state that although financial robo-advisors are gaining popularity, there is evidence of functional and psychological barriers that impact resistance to financial robo-advisors. They discovered that complexity, perceived or not, is of secondary importance, alongside the risk of privacy leaks in the data collection, overconfidence and the inertia effect. The findings are significant for people who are investing for the first time and there are many who have e never fully grasped the complexities and uncertainties of the financial landscape. In the case of AI financial services, it has to deal with potentially sensitive personal and financial data such as wages, expenditure habits, targets for savings and investment and risk tolerance. If users are not sure about how this information is collected, stored or used, they might not be willing to trust the AI-generated recommendations.  This is confirmed by Verma et al. (2025), who find that ‘data privacy risk' is another factor that leads to resistance toward a robo-advisory service. This presents an additional challenge in terms of accuracy and reliability, as information handling and rapid processing are capabilities of generative and predictive AI. For the novice investor, a bad recommendation could have a disproportionate effect on their psychology due to the fact that they often do not know how to identify it.
As outlined by Wei et al (2025), there is a wider lens on the issue, with an analysis of the risks of infringement of AI. The findings link an impact on their reputation and ability to protect their IP rights to litigation, regulatory focus, and greater investor uncertainty stemming from AI. The study examines more general AI-related risks and how they impact financial perceptions and uncertainty but does not directly examine first-time investors or AI for financial advice. It is helpful context that the daily working issues of responsible AI could be more than just ensuring the accuracy of recommendations for the individual and could encompass issues throughout the organisation, and financial issues as well. A similar study is provided by Alruwaili and Mgammal (2025), which highlights the need for consideration of the ethical and organisational impact of AI adoption. However, the study's overall implications could be useful because it provides insight into the broader implications of the use of AI in finance-related professional occupations and complements governance, accountability and human capability aspects.
Theme 3 is overall a conclusion that when considering responsible adoption, technical performance is not enough. To maintain high levels of accuracy, privacy, transparency, ethical protection, and investor education becomes essential as each of these sections will dampen investor confidence and trust if not upheld. This theme directly addresses Objective 3.
[bookmark: _Toc241178762]4.2.4 Theme 4: Responsible AI requires governance, transparency, literacy and human oversight
The fourth theme looks at the need for an integrated approach for organizations to adopt AI responsibly, including governance frameworks, information transparency, financial literacy, digital literacy and capacities, and the human role in AI. A study by Alnora et al. (2026) emphasizes the financial analysis's positive implications from using AI. The study concludes that the use of AI is linked to a positive and statistically significant relationship between its use and financial-analysis performance, such as efficiency, forecasting and cost-effectiveness. The successful implementation of this shows the real-world application of AI and how efficient it is. The results also reveal that the adoption of technology is not just about getting the devices bought into an organisation, yet also about their capabilities. The study by Fundira and Mbohwa (2025) identifies areas for research in AI ethics, as the systematic and bibliometric review they carried out has identified regulatory and consumer perspectives. The study underscores the importance of ethical governance aware of the role of AI in financial services. Similarly, Vuković et al. (2025) call for the application of transparency, fairness and accountability with the use of explainable AI and stimulating governance frameworks. They conduct a systematic review of the literature and find that there are no common AI implementation frameworks to be identified and this remains persistent. This discovery has ramifications for the UK investment landscape as there is not always consistency when managing AI, which may instill confusion in consumers and financial institutions.
A group of researchers has proposed a more general mapping of the research fields of AI and finance in order to pinpoint the key areas that deserve further focus. In the study by Lim (2024) on responsible AI, states that key categories of finance-related AI research include trading or investment, ESG disclosure and governance, risk management, forecasting and valuation, and data. More importantly, responsible AI is recognized as one of the areas that has more potential, in spite of a lower number of publications as it is an emerging area. The use of responsible terms is slowly becoming a stand-alone research and management need rather than an after-thought moralistic consideration. Vijayananth and Saravanabhavan (2026) show that the ability of human-AI hybrids brings the translation of algorithmic trust to people's investment behaviour. Another crucial factor is financial skills. New investors should have adequate investment knowledge about the risks involved, challenge improper investment suggestions and be aware of the restrictions of AI investment advice. Responsible AI adoption will not just be a technical endeavour, but one which also requires investor education. To assist in this process, transparency in the interface and clear risk disclosures and accessible explanations can help.
Therefore, in Theme 4, it is clear that in the field of responsible AI it is important to have more layers to a framework. Developing efficiency and analytical capacity with technology, making it accountable and transparent, and developing human oversight should provide contextual judgement. This theme directly addresses Objective 4.
[bookmark: _Toc241178763]4.3 Findings
The thematic analysis identified the following four serving as interrelated findings relating to the investment confidence of the emerging investors when using AI financial advice. The findings reveal that AI has the potential to foster investors' trust and, depending on their mindset and the investment-tech relationship, encourage increased investor participation in investments. The analysis highlights the different ways that AI can help investors make decisions, as it can analyse information very quickly, recommending different targets, automation of various processes, and making money more accessible to others. It can be helpful for slow-sellers that are not new investors, as they may be intimidated by the lack of experience. At the same time, it indicates that as AI becomes more ubiquitous, so does the adoption of it although without a guarantee that everyone will use it. To get the technology to incorporate in their investment, investors should be able to see how the technology would be useful, relevant and easy to understand.
Results show that when people know the rationale behind suggestions and have adequate financial and tech resources to interpret the recommendations from AI, their relationship of trust with the AI strengthens. The more investors believe that AI is sufficient to deliver relevant recommendations and are held accountable by it, the more they are willing to rely on its advice. However, it cannot be simply about building confidence as it is about the technical complexity of AI that does the job. Therefore, there is also a firm link between investors' capability and trust, and individual financial and technological literacy is closely linked with the capacity to comprehend AI output and take decisions.
The third result is the possibility of creating risks that have the opposite effect of boosting investor trust, via AI. Some concerns are singled out: resistance to technological change, overconfidence, privacy, complexity, accuracy, and ethics. The dangers are higher for any investor who is new to investing and is lacking experience in investment. This may prevent them from carefully considering whether an investment approach that is backed by AI is suitable for them. However, the rampant application of AI could also give a false sense of security, or concerns about data privacy and transparency in decision-making processes may sway investors against embracing AI.
Fourth, the findings highlight the governance, transparency, and the need for investor human oversight of AI. The findings reveal that good financial advice is about more than just reducing the time and effort involved in application of advice and being analytically efficient. Implementing transparency, governance, investor education, data protection, explainability and human oversight is essential for ensuring that AI is used to help, rather than mislead. As investment decisions are becoming more complex and/or investors find it necessary to get some contextual information that is not easily provided by automated systems, human involvement becomes crucial.
The outcomes indicate that the impact of AI-engaged finance advices on first-time investors' confidence levels is not uniform. Instead, it depends more on responsible governance, investor belief and perceived risk in the field of AI, and their beliefs. It is easy to instill confidence when investors feel that the advice being given is useful, reliable, risks are communicated, and they have enough information/human resources to assess the advice.
[bookmark: _Toc241178764]4.4 Discussion
[bookmark: _Toc241178765]4.4.1 Increasing Adoption of AI-driven financial advice in financial sector
The financial services is significantly impacted by AI, notably for advising consumers over the internet, the application of robots as financial advisors, predictive analysis and personalized investment guidance. Yaiprasert and Hidayanto (2024) explore the shift in financial systems and how AI is enhancing analytical insights and decision-making, highlighting the significance of AI in finance. On the other hand, Buchanan and Wright (2021) illustrate the pervasive rise of machine learning, robo-advisory and algorithmic trading across the UK financial landscape. In turn, Vuković et al (2025) list machine learning, natural language processing and robo-advisory as significant applications that are also playing a key role in ushering in financial inclusion and financial decision-making. 
The thematic findings give a more nuanced interpretation of the nature of the adoption than does the literature research. The insights provided by Perifanis (2023) in the literature explore technical and operational advantages of AI tools, such as greater efficiencies, accessibility and personalisation. On the other hand, Wang et al. (2025) show that consumers' robustness to information technology, self-efficacy, information optimisation and human-like features affect preparing to use AI monetary advisors. Thus, the literature is extended by the thematic analysis since it revealed that the adoption process of first-time investors is a behavioural process. This finding corroborates the one presented in the literature review related to the Technology Acceptance Model. Davis (1989) suggests that the perceived usefulness and the perceived ease of use (PEOU) have impacts on technology acceptance. However, the thematic results show that first-time investors are more inclined to interact with AI when they feel it offers some benefit and relevance to them. Although usefulness might help them start using the tool, trust and perceived risk would play a role in whether they were willing to put money in the recommendations based on AI.
While the growth of AI adoption seems to be understood fairly consistently from the literature to the findings presented in this theme, the latter also gives additional emphasis on the attitude of investors. This is key as the literature gap outlined that there is limited research focusing on the adoption of AI, yet not specifically among investors for the first time in the UK. Overall, AI adoption is increasing, while successful adoption requires technological usefulness, accessibility, confidence and trust in the user.
[bookmark: _Toc241178766]4.4.2 Trust depends on AI competence, transparency and investor capability
It has been found that one of the key factors that would influence investor willingness to take and trust AI-generated financial advice is trust. Guo and Polak (2026) in the literature review explain that transparency, fairness and accountability can enhance investor confidence in AI recommendations. On the contrary, Chang, Park and Dinh (2026) argued that algorithmic bias, wrong predictions and low levels of explainability can harm investor confidence. Thus, it shows the multidimensional nature of the construct ‘trust', namely in terms of competence, reliability, transparency and integrity. Likewise, for the formation of trust, Maier, Menold and McComb (2022) view AI performance as an important element of trust building, as well as perceived capability, transparency and automation bias. This aligns with the insights presented by Schilke and Reimann (2025), who state that trust is lowered due to limited transparency since customers are not able to comprehend the recommendations that are not explained. The agreement between the insights strengthens the argument that explainability is especially vital for first-time investors because of the agreement that has been established between these sources.
Competencies like Human-AI Interaction and Algorithm trust and monetary uncertainty are identified by Vijayananth and Saravanabhavan (2026) as key intersectors that impact investment behaviour. This complements the insights of Kou et al. (2026) in the literature, explaining that investors seek sufficient financial and digital capability to also question and interpret AI recommendations. As a result, the thematic findings show that the use of an AI platform does not always have to be trusted. Then, confidence, transparency, and integrity in the IT system create and build confidence and sustained loyalty, whereas perceived usefulness can lead to adoption. This is an important contribution to the literature and fills a gap in the research literature on the sparse integration of constructs in technology acceptance and trust.
[bookmark: _Toc241178767]4.4.3 Accuracy, privacy, ethical and psychological risks weaken investors’ confidence
There are several issues that may make it harder for investors to have trust in AI-driven financial advice. Rohan et al. (2026) recognise in the literature review that AI can analyse large volumes of financial data while generating recommendations based on historical information. On the contrary, Wei et al (2025) point to the potential of generative AI generating false or fabricated information. The thematic analysis further substantiates this dynamic, highlighting the fact that accuracy is a key factor deciding investor compliance with AI-generated recommendations. Similarly, according to Frederiks et al. (2022), limited transparency has a detrimental effect on investment trust, and lack of explanations can lead to investor uncertainty. Another factor highlighted in the thematic analysis is the need for transparency and explainability, as first-time investors may not thoroughly evaluate recommendations from AI tools. Thus, the results highlight that a correct message that is not comprehensible can yet have a negative impact on confidence and trust.
Based on biased historical datasets, Pagano et al. (2023) state that it is possible to offer unfair or discriminatory investment recommendations, and the concept of fairness, accountability and ethical monitoring is important. In contrast, the findings by Verma et al. (2025) discussed that the identification of privacy risk, overconfidence, resistance, regulatory scrutiny, security concerns, legal requirements and moral evaluation are significant challenges. However, the results and observations that have been found in the theme add to the literature by drawing attention to psychological barriers. Wei et al (2025) highlight two other resistance factors, such as "overconfidence" and “the technical riskiness of AI”, stating that investors can have negative reactions to robo-advisors due to their own psychological makeup. However, as per Sungkarungsri and Kiattisin (2026b), both underconfidence and overconfidence can cause investors to decline to incorporate or depend on AI-determined recommendations. The thematic analysis shows that accuracy, privacy, bias and ethics are not three different technical issues, as they affect each other to shape investor perceptions. These risks are especially critical to first-timers as they may not have the financial expertise to independently confirm these risks. As a result, AI can help to diminish the unknown by delivering information that is easy to access, yet simultaneously generate the unknown with regard to how accurate, fair and secure information will be.
[bookmark: _Toc241178768]4.4.4 Responsible AI seeks governance, transparency, literacy and human oversight
The literature review and themed findings provide a strong consistency overall in terms of our understanding of the importance of responsible AI. Brüggen et al. (2024) emphasise the ethical aspects of financial advice provided by artificial intelligence, while Barucciet al. (2026) underscore the increasing critical role of regulation in investment management. Other important conditions highlighted in the literature for the proper implementation of AI systems are explainability, fairness, accountability and human judgement. Alnor et al (2026) show how AI positively contributes to the performance of financial analysis by making it more efficient, predictive and economical. This directly supports the argument in the literature provided by Pang and Szliter (2026) that AI should be kept in the financial services sector. However, the thematic findings have introduced an important aspect that organisational adoption should not be solely evaluated as per efficiency. Alongside the necessary forms of governance and accountability, AI is not to be applied without the organisational support necessary for its implementation.
[bookmark: _heading=h.gomufdchvcrr]It is clear that one area of overlap is between the human factor and supervision. The key aspects of the literature review, such as the findings of Ioannou et al. (2026) and Hanna et al. (2024), emphasize that AI is not always capable of capturing the nuanced aspects of interpersonal communication, empathy, and context. This aligns with the thematic results, highlighted by Vijayananth and Saravanabhavan (2026) in their findings on “cultivating competency in human-AI interaction in order to directly connect the trust level in algorithms and investment behaviour. However, the thematic analysis also fills the gaps in the literature by incorporating both governance and human supervision along with investor literacy. First-time investors need some financial and digital literacy to spot improper advice, comprehend investment risks and be aware of the benefits of AI. This should embrace clear interfaces, disclosures of risk, explanations of the nature of recommended action, security of the data and governance and access to human assistance, all within the context of responsible AI.
[bookmark: _Toc241178769]4.5 Chapter Summary
In summary, adoption of AI is becoming more achievable by becoming accessible, personalised, and more efficient at analysis. However, trust relies on a combination of AI competence, transparency of AI, reliability of AI and investor capability. Meanwhile, inaccurate data and privacy, ethical issues, and psychological obstacles can undermine the confidence of new investors. The results also show that the calm need control, transparency, financial knowledge and supervision. Therefore, Investor capacity and responsible governance around humans and trust in technology utility are most likely to boost investor confidence with AI in the first-time investor segment.
[bookmark: _heading=h.h2v2jctv15o1]

[bookmark: _Toc241178770]Chapter 5: Conclusion
[bookmark: _Toc241178771]5.1 Conclusion
This study aimed to investigate the attitude of the first-time investor towards the effect of AI financial advice on their investment confidence, when investing in the UK's national capital market. The research responded to four research objectives that centered on the adoption of AI-supported financial advice, factors affecting investor trust, challenges for investor trust building and responsible approaches in implementing AI. A methodological approach following thematic analysis is applied when searching for relevant studies and the potential of AI to transform novice investors' perception and use of financial advice is illustrated. The results show that AI is becoming more commonplace in financial services as robo-advisors, automated investment assistance, predictive analytics, and personalised financial advice. Easy access, rapidity, customization to accommodate massive size of data may remove some of the hurdles of novice investors. Logically, adopting and trusting technology is more than just about availability, investors must know the benefits, understand and figure out how AI plays in their financial picture.
Trust emerged as a dominant theme and correlated with the level of confidence when people invested in AI. If the investor thinks that AI powered recommendations are competent, accurate, transparent and reliable, they are more likely to trust the recommended product or service. Financial and digital literacy enable individuals to consider AI suggestions and conclusions, rather than simply accepting them on faith. The study also uncovered inaccuracies in the outputs, concerns about privacy and the lack of privacy, algorithmic bias, ethical issues, and technological complexity on the automated output recommendation. So, in addition to reducing uncertainty, AI can also add to technological and informational uncertainty by helping people to access financial information. In general, AI, coupled with trust, transparency, investor literacy, and responsible governance and human oversight, can help to improve the overall confidence of investors in its use the first time they invest. Henceforth, AI must be considered as a tool to assist in making decisions and not a replacement for financial knowledge.
[bookmark: _Toc241178772]5.2 Linking with objectives
[bookmark: _Toc241178773]5.2.1 Linking with Objective 1
The first one was done by establishing that financial advising is a key component of today's investment service space – and now AI-powered. The intense AI usage boundaries are found instantly, such as robo-advisory services, automatic financial providers and it is possible to report services, the usage of machine learning and personalised financial investment suggestions. AI can make financial advice more accessible: AI can quickly process information and remember as much knowledge as possible, and give individually tailored financial advice to financially knowledgeable people to help them make better investment decisions. These elements can be particularly beneficial for the beginner investors that have less financial knowledge and don't have the advice which learned investors might have. This study also revealed that investors' interaction with AI is motivated by usefulness of AI, ease of using AI, and self-majing ability and confidence. Therefore, the goal is achieved by showing that adoption of AI is growing, but hinges on investor perceptions and capabilities.
[bookmark: _Toc241178774]5.2.2 Linking with Objective 2
The second objective was met by highlighting competence, reliability, transparency and explainability as key factors of investor capability, which act as major determinants in establishing trust. The results reveal that investors will be more inclined to trust an AI when it gives them correct and suitable suggestions, and the logic for its advice can be explained. New investors must also have a certain degree of financial and tech savvy to understand AI-generated content. Usefulness can help facilitate someone’s first engagement with this AI, yet trust is a different issue and that will determine whether investors are willing to take the recommendations that the AI science gives. Therefore, research suggests that this phenomenon of informed trust is especially considered as important as opposed to blind trust. The objective is achieved by articulating the relationships of competence and transparency in the field of AI with investor capability and how this chain of interaction affects investors' trust levels.
[bookmark: _Toc241178775]5.2.3 Linking with Objective 3
The third objective was accomplished by the identification of technological, ethical and psychological barriers which may reduce confidence. Inaccurate/misleading outputs, privacy issues, algorithmic bias, lack of transparency, complexity, inertia and overconfidence were identified as important issues for analysis. The risks may be especially pronounced for first-time investors who might not have the knowledge and resources to confirm the advisability of recommendations based on AI decisions. Constant lack of privacy in the scenarios can lead to a reduction of trustworthiness, while too much trust can result in an AI guidance dependency. This means that in situations where investors have a high degree of confidence, the results indicate that being exposed to this information increases the confidence of investors. Hence, this objective is achieved by showing that investor confidence is reliant on the benefits and perceived risks of AI-generated advice.
[bookmark: _Toc241178776]5.2.4 Linking with Objective 4
The fourth objective was accomplished through the determination of the measures of implementation that may contribute to enhancing investor confidence around AI. The results show that there is a need for transparency, explainability, sound governance, investor awareness, data protection, monitoring of the risks of bias, and proper human oversight for the responsible use of AI. Financial institutions should take up the responsibility to provide transparent explanations for the reasons behind and risks associated with the recommended decisions, on top of the recommendation itself, in AI tools. A financial and digital literacy program should also be provided to first-time investors to enable them to critically evaluate recommendations. There are situations and decisions where human advisers are still needed, considering complex decisions that involve contextual and ethical judgement. The aim is to establish the need for responsible AI as a technological, organisational and behavioural need.
[bookmark: _Toc241178777]5.3 Limitations
There are a few issues that need to be recognised, as this study was based on secondary, rather than primary, qualitative data and was not collected directly from first-time UK investors. These findings are not the same as a snapshot of the UK investors' experience, yet an interpretation of evidence that already exists. Furthermore, the geographical range of the research is UK-specific, while some studies selected were completed in other locations. Hence, their results give helpful supporting evidence that is not necessarily generalisable to the UK investment population. Additionally, AI is in a state of constant change, with technologies evolving quickly, along with the expectations and attitudes of regulators and consumers. Moreover, the process of thematic analysis involves thorough interpretations, indicating that other researchers may tend to recognize rather different trends or give other focus to the literature examined. Lastly, the study concentrated on AI-generated financial advice and first-time investors, which restricts its applicability to more experienced investors or other financial-service scenarios.
[bookmark: _Toc241178778]5.4 Recommendations
[bookmark: _Toc241178779]5.4.1 Recommendation 1: Strengthen AI Transparency and Explainability
Financial institutions need to make financial recommendations by AI more transparent and explainable. AI platforms should be transparent in explaining their recommendations, what data has been factored in and the risks that exist with suggested investment products(Sutieneet al., 2024). This is especially relevant for novice investors, who might not have the necessary financial expertise to make accurate evaluations about complex recommendations. Investors can gain confidence and trust in an algorithm rather than blind faith in its output by providing clear explanations (Tuge and Msweli, 2026). Therefore, the financial service provider ought to create user-friendly interfaces that offer recommendations along with understandable explanations, information about risk and suitable disclaimers. Increased transparency could bolster investor trust and aid in fostering more responsible use of AI-powered investment guidance.
[bookmark: _Toc241178780]5.4.2 Recommendation 2: Develop Human-AI Hybrid Advisory and Strengthen Governance
The combination of both human intelligence and AI competence can create greater opportunities rather than replacing human activities with AI. It is necessary to enhance efficiency and information uptake, yet suggest that human judgment is still indispensable for interpreting content in a meaningful manner, caring for ethical considerations and calming investors(Wang et al., 2023). Besides the human supervision, it is necessary for organisations to establish a more effective procedure for monitoring the recommendations generated by the AI, as well as identify the algorithmic bias (Aksu, Morandini and Pietrantoni, 2026). Financial advice services should not be wholly driven by automated systems, and there should be clear accountability within organisation to ensure that financial advice is provided. This can assist in achieving a balance among AI's effectiveness and human accountability and judgement.
[bookmark: _Toc241178781]5.4.3 Recommendation 3: Improve financial and digital AI literacy
For first-time investors, financial institutions and stakeholders in the industry should offer support in terms of financial and digital AI literacy. Educational materials should also address the mechanics of AI-enabled advice, benefits, limitations, privacy concerns, and should share lessons on the need to carefully consider AI-generated recommendations(Shamailehet al., 2026). This can assist investors in comparing useful information for decision-making and identifying recommendations that may need further verification (Hanson and Ott, 2026). There were two seemingly divergent issues evident from the findings, including excessive reliance on AI due to overconfidence and too much apprehension due to technological uncertainty. By building investor competence alongside tech competence, there will be greater investor-capable AI-powered financial advice that is more informed, responsible, and sustainable.
[bookmark: _Toc241178782]5.5 Future Scope
This study could be expanded in future by secondary empirical research with first-time UK investors. Surveys might assess the relationship between perceived usefulness, trust, financial literacy and investors' investment confidence, and interviews can help uncover more insights into investors' experience with investing advice produced by AI. Furthermore, a longitudinal study would also be beneficial, as investors' perceptions and trust could evolve over time as they become more familiar with investment platforms leveraging AI. Differences between first-time investors and experienced investors or between the UK and other markets could be examined. A second avenue for future research would be to examine specific applications of generative AI, since the capabilities and risks of each of these may be different. Lastly, a subsequent study could explore how regulatory changes and the responsible-AI principles in the UK shape consumer confidence and the future of AI-driven financial advice.
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	Objective 1 - To investigate the adoption of AI-created financial advice within the investment sector in the UK.
	Vuković, Adza and Matović (2025)
	“AI, which typically involves technologies such as machine learning, deep learning, and natural language processing, now dictates the mediums for financial functions “
	Vuković, Adza and Matović (2025) delve into the history of AI’s presence in financial services. According to the study, machine learning, NLP and blockchain are important enabling technologies for Credit Scoring, robo-advisory, and financial inclusion. The use of AI in financial analysis and investment services for customers is rising rapidly, moving from back-office tasks to the face-to-face experience. The authors also highlight regulatory, ethical, transparency and accountability challenges. In the case of investment services, robo-advisory exemplifies the potential for AI to revolutionize access to automated financial advice, along with the need for responsible governance and transparency.
	Leveraging AI in finance, machine learning adoption, implementing NLP, robo-advisory, financial inclusion, investment decision-making, responsible use of AI.
	Theme 1 - Emerging adoption of AI-enabled financial advice and investment services.

	
	Wang et al. (2025)
	“AI-powered financial advisor (AFA) faced backlash due to consumer distrust and confusion about the underlying AI algorithms”
	In their research, Wang et al. (2025) explore the role of AI financial advisors within the context of technology affordances and constraints. The study was conducted on 616 customers and finds that information optimisation, customisability and human-likeness are significant features of AI that influence the readiness to use it. Self-efficacy and consumer innovativeness also influence the reactions to the use of AI technologies. The results show that besides the extent of technology benefits, users' perceived capability and vulnerability were factors affecting the adoption. The study thus supports personalised, independent and accountable AI financial advice to enhance consumer autonomy.
	Information optimisation, customisability, human-likeness, consumer vulnerability to information technology, self-efficacy, intention to adopt and use, AI financial advisors.
	

	
	Buchanan and Wright (2021)
	“The advantages of robo-advisory services are: (i) passive market access with strategic asset allocation strategies, that often include more client customization than the traditional risk profiles used by banks”
	Buchanan and Wright (2021) discuss the use of machine learning and artificial intelligence in the financial services industry in the UK. They're involved in applications including fraud detection, risk compliance, credit scoring, robo-advisory, and algorithmic trading. Overall, the study shows that AI is no longer limited to narrow uses but has moved into broader functions and domains in the financial and investment space. One of the reasons that robo-advisory is pertinent is that automated advice can help expand access to investment services. However, the experts conclude that regulation and governance are still key in regulating risks associated with AI. The study also illustrates the major part AI plays in transforming financial services and investment activities in the UK.
	Financial Services Adoption in the UK; regulation and governance; machine learning; robo-advising; algorithmic trading; automated financial services; applications of artificial intelligence.
	

	Objective 2 - To evaluate factors that increase the trust of first-time investors in AI-generated financial advice.
	Chang, Park and Dinh (2025)
	“AI advisors as both competent and benevolent, they are more likely to internalize guidance, strengthen their financial self-efficacy”
	Chang, Park and Dinh (2026) discuss the concepts of trust-building in the context of AI in financial services. The study builds on 361 U.S. consumers, using structural equation modelling (SEM) to separate out two types of trust: benevolence-based trust, which is a measure of AI goodwill, and credibility-based trust, which is a measure of perceived AI competence. Both dimensions contribute to vicarious learning and financial self-efficacy, in turn promoting AI financial services adoption. The findings provide evidence that trust is a key component to consumer receive of algorithmic advice. The study also recognizes that the fear of the pandemic is one of the factors that act as a moderator of the process of forming trust.
	Credibility-based trust, benevolence-based trust, Perceived competence, perceived goodwill, Vicarious learning, Financial self-efficacy, Adoption intention.
	Theme 2 - Trust depends on AI competence, transparency, and investor capability.

	
	Maier, Menold and McComb (2022)
	“Artificial intelligence (AI) is the development of computer systems to perform tasks typically requiring human intelligence”
	Maier, Menold and McComb (2022) use a simulated, virtual investment scenario of 45 people to examine the trust-AI performance relationship. Investors' money was invested in equities with help from a robo-advisor who performed above or below that of human investors. Individual performance of the AI or humans was a weak predictor of the variation of the trust, while the difference between AI and the performance of the human was moderate. Other key findings of the study are the"transparency, complexity and performance" aspects of human-AI financial communication.
	Human-AI performance comparison, perceived capability, robo-advisor, trust formation, automation bias, transparency, and AI performance.
	

	
	Vijayananth and Saravanabhavan (2026)
	“AI trading usage and perceived financial uncertainty positively influenced perceived algorithmic trust”
	Vijayananth and Saravanabhavan (2026) explore the impact of AI trading on financial resilience and develop an understanding of algorithmic trust and sustainable investing. The study, conducted on 569 retail investors with middle incomes across major cities in India, reveals a positive relationship between the use of AI in trading and the perception of financial uncertainty, which in turn has a positive effect on algorithmic trust. This trust, then, builds up sustainable investment behaviour and financial resilience. Most importantly, the relationship between trust and investment behaviour is strengthened by the interplay with human-AI interaction competency, highlighting the need for the capacity of investors to utilize AI-generated financial information effectively.
	The competencies include algorithmic trust, AI trading use, financial uncertainties, human-AI interaction competency, sustainable investment behaviour and financial resilience.
	

	Objective 3 - To identify major challenges related to AI-generated financial advice to uplift first-time investors’ confidence.
	Verma et al. (2025)
	“The potential bias can be introduced due to the self-reported data, leading to inaccuracy, specifically when users judge their own resistance or cognitive bias”
	Verma et al. (2025) study investor resistance to the use of a Robo-Advisor through the lens of Innovation Resistance Theory, surveying 409 investors. The study identifies the functional and psychological aspects as causes of resistance, along with inertia as the most potent cause. Others create reluctance through what they believe are too great data privacy risks, overconfidence bias and perceived complexity. Resistance, in turn, leads to a decrease in intentions to use and recommend robo-advisors. The results suggest that privacy protection and perceived risks are challenges that open opportunities to undermine confidence and stifle the use of AI advice.
	Privacy risk, overconfidence bias, resistance to robo-advisors, and reluctance to use AI are functional, psychological, and are all barriers to these technological advances.
	Theme 3 - Accuracy, privacy, ethical and psychological risks can trigger investor confidence.

	
	Wei et al. (2025)
	“Consumers’ perceptions of AI-related IP infringement have material consequences for corporate risk assessment, capital allocation decisions, and ongoing compliance strategies”
	Wei et al. (2025) focus on perceptions of IP infringement due to AI and reactions of the 10,447 users in China studied as part of their study. The study reveals that reputational damage, litigation exposure, scrutiny and investor uncertainty are risks posed by infringement. Perceptions are driven by networks, once there is an awareness of damages, concerns mount as communities see ethical risks. The study demonstrates the capacity of the legal, ethical and financial risks surrounding AI to infringe investor confidence. It is not about financial advice, yet these insights are valuable in understanding the overall risks of AI implementation.
	Breach of rights, IP issues, negative publicity, litigation, scrutiny by regulators, financial risks, ethical issues.
	

	
	Alruwaili and Mgammal (2025)
	“AI operates at the core of industrial transformation for accounting operations by combining task automation with professional evolution”
	Alruwaili and Mgammal (2025) investigate the use of AI in Saudi accounting by surveying 101 accounting professionals with structural equation modelling. It recognizes advantages like automation, efficiency, accurate reporting, anti-fraud, and regulatory compliance. However, their effective application demands education, AI literacy, and solid regulation and ethics checking due to challenges arising from algorithmic bias, workforce displacement and integrity. The results highlight the need for expertise among professionals to ensure AI is used responsibly. Indeed, the importance of governance, skills and ethical protocols in financial services today is being reflected in these insights.
	Industrial automation, job displacement, installation issues, security issues, training in artificial intelligence, legal norms; moral evaluation.
	

	Objective 4 - To provide potential recommendations for improving the responsible use of AI-aided financial advice in the UK investment industry.
	Alnor et al. (2026)
	“This permits AI systems to supply predictions that are more responsive to fluctuations in demand, costs, macroeconomic signs, and operational elements”
	To explore the impact of AI integration on the financial analysis of 180 observations, presented by Alnora et al. (2026), were drawn from banks and insurance companies. The results reveal a strong positive correlation between the use of AI and the performance of financial analysis, such as faster reporting, more accurate forecasts and lower analysis costs. Nevertheless, in order to be effective, these have to rely on organisational resources, data quality, validation, and technological ability. The study recommends the need to build the right level of organisational capacities, prepare sound data infrastructure and establish the right model management to help support sustainable financial decision-making as a means to overcome the challenge of responsible AI adoption.
	AI adoption, forecasting accuracy, efficiency of analysis, cost reduction in data processing, organisational capability, and responsible implementation.
	Theme 4 - Responsible AI requires governance, transparency, literacy and human oversight.

	
	Fundira and Mbohwa (2025)
	“technological advances have introduced critical ethical concerns, particularly around data privacy, algorithmic bias, transparency, fairness, and regulatory oversight”
	This systematic review, carried out by Fundira and Mbohwa (2025), outlines the broad consensus on AI's ethical implications for banks from both regulatory and consumer viewpoints. The study examines 25 peer-reviewed publications that show some focus on ethical governance, customer-focused AI, risk management and ethical decision-making. Effective data privacy and algorithmic bias, transparency, fairness and regulatory oversight are issues of key concern. Within the realms of regulatory frameworks, the authors do stress harmonisation, accountability, and transparency of the deployment of AI to safeguard consumers' rights and to build trust. The findings can offer practical guidance for financial institutions aiming to implement a responsible approach to AI adoption and offer guidance for crafting ethical protections, regulatory frameworks, and other measures.
	Ethical governance, customer protection, privacy of data, biases in algorithms, transparency, fairness, regulatory oversight, harmonisedregulation.
	

	
	Lim (2024)
	“ESG considerations straddle economic-financial areas from trading and investments to corporate governance and risk management, supported by a myriad of AI tools and resources”
	In an exhaustive and systematic analysis, Lim (2024) outlines the research on ESG and AI in finance and classifies them into eight primary research areas: finance trading and investment, ESG-led governance, risk management, forecasting, finance data and responsible AI, to name a few. Although there has been less research focus on the concept of responsible AI, the study indicates that there is a lot of potential for it in the future. It emphasises the need for governance, responsible use and appreciation of the implications of AI in the financial sphere. The results align with guidance on the need to pay more attention to responsible AI frameworks, transparency and governance to sustainably and ethically advance financial decision-making with AI.
	Accountable AI, ESG management, risk management, investments, prediction, responsible financial applications.
	


(Source: Self-created)
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APPLICATION FOR ETHICAL APPROVAL
In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. 

The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers activities undertaken by members of staff, postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.
The individual undertaking the research activity is known as the “principal researcher”.
This formmust be completed and approved prior to undertaking any research activity.
SECTION A: About You (Principal Researcher)
	1
	Full Name:
	VIJAY KUMAR

	2
	Student Number:
	
2433812

	3
	Email address:
	2433812@student.uwtsd.ac.uk

	4
	Programme of Study:
	MBA International Business

	5
	Supervisor:
	Dr. Shahrukh Irfan



SECTION B:  Internal and External Ethical Guidance Materials
	
	Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific codes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.

	1
	UWTSD Research Ethics & Integrity Code of Practice
	☒
	2
	UWTSD Research Data Management Policy
	☒

	3
	
	☐

	4
	
	☐



SECTION C: Details of Research Activity
	1
	Indicative title:
	The Impact of AI-Generated Financial Advice on Investment Confidence among First-Time Investors in the UK

	2
	Proposed start date:
	
	Proposed end date:
	

	
	Introduction to the Research (maximum 300 words in each section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the three points below:
· Purpose of Research Activity
· Proposed Research Question
· Aims of Research Activity
· Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
· What the research activity will add to the body of knowledge 
· How it addresses an area of importance. 

	3
	Purpose of Research Activity
In the financial sector, AI has found applications in personalized customer advice, investment strategies, and educational resources, with many banks and investment firms already incorporating AI into their services to offer more tailored solutions to their clients. They are growing more convenient and less expensive than traditional financial counseling. This has led many people with little or no investment experience to turn to AI-driven investment advice for making their investment decisions.
While there are various advantages to using AI, there are also some concerns about the accuracy, transparency, reliability, and ethics of AI-generated recommendations. AI systems can provide advice, but first-time investors might lack the financial knowledge to assess this advice. This can have a positive or negative effect on their confidence and investments. Past studies have explored the topic of financial technology adoption, artificial intelligence and robo-advisory services. However, with the surge of generative AI technologies, there is not yet much research specifically focusing on the impact AI-driven financial advice has on the confidence of first-time investors in the UK.
Secondary data from published academic journals, government reports, regulatory publications and industry reports will be the only sources used in this research. Human subjects will not be used. The research will contribute to the enhanced understanding of the association between AI-driven financial advice and investors' self-assurance in investment decisions. The results will build on what is already known, and will highlight potential opportunities, challenges, and practical implications for financial institutions, regulators, and new investors. The study is relevant as AI technologies are still evolving and impacting financial services and consumer financial behaviors.



	4
	Research Question

How does the use of AI-driven financial advice affect the confidence of novice investors in the UK?



	5
	Aims of Research Activity
This research aims to examine how artificial intelligence (AI) provided financial advice affects the financial confidence of first-time investors in the UK. 


	6
	Objectives of Research Activity

· To explore the application of AI-based financial advice in the financial services landscape in the UK
· To find the factors affecting investor confidence of first-time investors
· To Evaluate the evidence from the academic and industry literature to critically examine the connection between AI-driven financial advice and investor confidence
· To explore the implications of AI-powered financial advice for financial institutions, financial policy makers and financial regulators


	
	Proposed data collection methods (maximum 600 words)
Provide a brief summary of all the methods that may be used in the research activity to collect data, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	Only secondary data collection will be used in this research. There will be no primary data collected and no human participants will be recruited. The study will be based exclusively on published information that is publicly available, and academically sound.
Data will be gathered by systematically searching peer-reviewed academic journal articles, conference papers, government publications, regulatory reports, industry reports, and professional publications. Relevant literature will be identified via academic databases such as Scopus, ScienceDirect, Emerald Insight, SpringerLink and Google Scholar. Further evidence will be gathered from respected bodies such as the Financial Conduct Authority (FCA), the Bank of England, Organisation for Economic Co-operation and Development (OECD) and other recognised financial institutions as appropriate.
Searches will be conducted on topics that are relevant to the research such as artificial intelligence, generative AI, AI financial advice, robo-advisors, investment confidence, behavioural finance, tech adoption, retail investors, first time investors and financial technology. The literature search will primarily focus on articles published from 2022-26 to capture the latest developments in generative AI. Theories, like the Technology Acceptance Model and the Behavioural Finance Theory, may also be included in earlier publications if they are important.
Relevant publications will be reviewed, and those that meet the specified inclusion criteria will be selected. Sources need to be directly connected to AI in the financial services, investment behaviour, financial confidence, and/or digital financial advice space. Non-relevant publication or publication that is not academically sound will be excluded.
The information will then be organized and documented in an organized literature matrix, after selecting the relevant literature. The following information will be documented: key details such as year of publication, author, aims of research, research methods, limits and findings. The information then will be collated around common themes for analysis.
During this research there will be no interviews, questionnaires, focus groups, observations, audio recording or video recording conducted. There will be no collection of personal data, sensitive information from individuals in the study. All the data will be from publicly available and previously published sources.
All literature and research notes collected and produced will be kept on password-protected devices and secure cloud storage. The researcher and academic supervisor will have access to the research files. The required referencing style will be used to accurately reference all sources to ensure academic integrity and meet copyright requirements. This method will offer a solid and ethical basis for studying how AI-financial advice affects the UK's first-time investors in investment confidence.
Data like author, date of publication, country, research aims, methodology used, major results, and limitations found will be registered in the list of references for every source. Structuring the data will help maintain consistency during all phases of the research process and make comparisons with findings from other studies more transparent.

All obtained documents will be saved in electronic format on password-protected computers and on the researcher's cloud accounts. Access to the research materials will be restricted only to the researcher and his academic supervisor. Since the study will use exclusively publicly available secondary sources, there will be no need to gather any personal data, confidential information, audio recordings, video recordings, or information about participants at any phase of the research. All information will be properly referenced in accordance with the required academic referencing style.

The data gathering process will last until enough evidence will be obtained to answer each research question. Final collection of academic and professional sources will become the basis for the analysis of the influence of AI generated financial advice on investment confidence of first-time investors in the UK.





SECTION D: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	☐
	☒

	2
	Use of interviews?
	☐
	☒

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☐
	☒

	6
	Use of computer-generated log files?
	☐
	☒

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☒

	
	Details of any other primary data collection method:



(this box should expand as you type)
	
	



If you have ticked NO to every question then the research activity is (ethically) low risk and you may skip section E and continue to section F.

If YES to any question, then no research activity should be undertaken until full ethical approval has been obtained. 

SECTION E: Intended Participants
	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	☐

	2
	Adults (over the age of 18 and competent to give consent)?
	☐
	☐

	3
	Vulnerable adults?
	☐
	☐

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	☐

	5
	Prisoners?
	☐
	☐

	6
	Young offenders?
	☐
	☐

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	☐

	8
	People engaged in illegal activities?
	☐
	☐

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	☐

	
	Details of any other participant groups:
Complete this only if your participants cannot give consent. This includes animals

(this box should expand as you type)
	
	



	
	Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and how will they be recruited? 

	10
	How many participants are expected?

	Ballpark figures are fine but make sure that you explain how you will identify and contact your participants.


(this box should expand as you type)

	11
	Who will the participants be?

	


(this box should expand as you type)

	12
	How will you identify the participants?
	


(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☐
	☐
	☐

	14
	Will you tell participants that their participation is voluntary?
	☐
	☐
	☐

	15
	Will you obtain written consent for participation?
	☐
	☐
	☐

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☐
	☐
	☐

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☐

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☐
	☐
	☐

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	☐
	☐
	☐

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	☐
	☐
	☐

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	☐
	☐
	☐

	22
	If NOto any of above questions, please give an explanation 

	
	You should be able to tick YES for all of these questions. If not, then explain why not in this box.

(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	☐
	☐

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	☐
	☐

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	☐
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	☐
	☐

	28
	If YESto any question, please provide full details 

	
	You should be able to tick NO for most of these questions. For any cases that you have ticked YES then provide details in this box. If you are using cameras/voice recorders to record interviews, then please state that in this box.

(this box should expand as you type)



SECTION F: Anticipated Risks

	
	[bookmark: _Toc241178787]
Outline any anticipated risksthat may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them.  

	1
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information. If you have identified in section D that there are no participants, then enter N/A and go skip to question 3.

	
	Risk to participants: N/A
There are always risks. Do not write N/A unless you have no participants.

(this box should expand as you type)
	How you will mitigate the risk to participants: N/A  



(this box should expand as you type)

	2
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	

N/A

	3
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:
The researcher could have small risk of using the computer for a long time, eye strain, mental tiredness, and researcher bias in selecting and analysing the secondary literature. Another danger with not critically evaluating the literature is the possibility of inadvertently incorporating inaccurate or unreliable sources. Accidental plagiarism and wrong referencing are other forms of academic dishonesty that could occur during the writing of the dissertation also.

	How you will mitigate the risk to the investigator:
The researcher will be aware of the regular screen breaks and the correct practices of workstations to reduce physical stress. A systematic search strategy and predefined inclusion criteria will be used to minimise selection bias. Academic databases that are reliable and organisational reports will be utilized. All sources will be assessed for authenticity, accurately referenced and checked for plagiarism prior to submission. Academic supervisor will be available for guidance at regular meetings throughout the research process.




	4
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:
The University can be at risk if the research results are inaccurate or violate copyright laws or research ethics and academic integrity. There is also a risk if the information published is misinterpreted or misleading.

	How you will mitigate the risk to the University:
The research will adhere to the University's Research Ethics and Integrity Code of Practice and all relevant academic legislation. Only information from reliable and public sources will be collected. Throughout the dissertation, accurate referencing will be used and plagiarism avoided by careful referencing and originality checking. The academic supervisor will review the dissertation and make sure that the dissertation is of academic merit and that it meets the requirements of the University before it is submitted to the University.





	5
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:
The risk to the environment is medium. The research is fully desk-based and is not to be conducted in the field, laboratory, via travel or with hazardous materials. The environmental risks are thus very low. Use of the computer and the occasional printing of research materials requires minimal amounts of electricity, which can cause some environmental impacts.




	How you will mitigate the risk to environment:
Electronic documents will be used as the main sources of information to reduce the amount of paper used by the researcher. Printing will only take place when necessary. Energy will be saved by the efficient use and switching off of electronic devices when not in use. No hazardous waste or hazardous activities will be produced as a result of the study that would have a negative impact on the natural environment.






SECTION G: Feedback, Consent and Confidentiality

If you have identified in section D that there are no participants, then enter skip this section and continue to section H.

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	You don’t need to email your participants with your final report. A good alternative is to set up an email address that they will be able to contact for further details or results.

(this box should expand as you type)

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	If you are using a paper questionnaire then you should have the participants sign an appropriate consent form. These forms will count as personal data and should be noted as such in section J.
If you are using an online questionnaire, then you should have a screen before the questions start that acts as a consent form, informing participants that by clicking on the NEXT button they are providing consent.

(this box should expand as you type)

	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	Do not collect names unless you really need them. Do not name participants or organisations in any research publications (including the thesis) without their explicit permission.

(this box should expand as you type)



SECTION H: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data”means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	☐
	☒

	
	If YES, provide adescription of the data and explain why this data needs to be collected:

	2
	This includes audio/video data of participants but can also include IP addresses and usernames. Names, addresses and emails also count, as do consent forms.

(this box should expand as you type)

	
	Does it involve special category data (as defined by the GDPR)?
	YES
	NO

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects’ –
(a) racial or ethnic origin,
(b) political opinions,
(c) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	
☐
	
☒

	
	If YES, provide adescription of the special category data and explain why this data needs to be collected:

	4
	What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in accordance with cultural norms would count as sensitive personal data.



(this box should expand as you type)



	
	
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☐
	☒

	6
	University computers?
	☒
	☐

	7
	Private company computers?
	☐
	☒

	8
	Home or other personal computers?
	☒
	☐

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	☒
	☐

	10
	“Cloud” storage or websites?
	☒
	☐

	11
	Other – specify:

	☐
	☐

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

	
	All the research data will be obtained from publicly available secondary data sources such as academic journals, official documents, regulatory reports and industry reports. Personal data will not be gathered by this research. Copies of the literature review, research notes, the draft of the dissertation and references will be saved on password-protected computers and University’s OneDrive cloud storage system. Backups of the data will be created regularly in order to prevent any possible data loss. Portable storage devices, where they are employed, will be password-protected and encrypted. The access to research files will be limited to the lead researcher and the academic supervisor when needed. As there is no need for personal or identifiable data collection, the processes of anonymization and pseudonymization are not necessary. All the research materials will be handled according to the UK General Data Protection Regulation (UK GDPR), the Data Protection Act 2018 and the University’s Research Data Management Policy. After the research is finished and the assessment period is completed, the research files will be kept and deleted according to the data retention policy of the University.




	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☐
	☒

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	☒

	15
	Sharing of data with other organisations?
	☐
	☒

	16
	Export of data outside the UK or importing of data from outside the UK?
	☐
	☒

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☐
	☒

	18
	Publication of data that might allow identification of individuals?
	☐
	☒

	19
	If YESto any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

	
	This includes data such as drafts of your thesis as well as experimental or survey data. An example of suitable text is given below.

All data will be encrypted and kept in password protected cloud storage on the University Office 365 system which will not be shared. Any USB sticks used to store or transfer data will be password protected. All data transfers will be encrypted and password protected.  All participants will be given a unique identifier to ensure confidentiality and this list will be kept securely in the password protected folder. The data will be stored until the completion of the project and then deleted. In accordance with the DPA2018, participants will have the right to ask to see what data is held relating to them, and this data will be deleted immediately if the participant requests this, in which case the data will not be used in the project.

(this box should expand as you type)

	20
	List all who will have access to the data generated by the research activity:

	
	Access to the research data shall only be allowed to the lead researcher and the academic supervisor for the purpose of supervision. If the need arises, as per the University’s examination procedures, authorized internal examiners and the external examiner may access the dissertation and the research documents too. No other individual or institution shall be allowed access to the research data.


	21
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	Lead researcher and the academic supervisor

	22
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. 

	
	All research data will be kept in an electronic format, including PDF files of journal papers, government and industry reports, research notes, references management, and dissertation drafts. Data will be kept on password-protected personal computer and the University's password-protected cloud Office 365 OneDrive, which offers regular back-up services. Access to files will be granted exclusively to the main researcher and academic supervisor where appropriate. Any portable storage device will be password-protected and encrypted. As the research is based only on publicly available secondary data, no personal or confidential data of participants will be stored. All research data will be kept securely until the completion of assessment and examination process, after which files will be safely deleted or disposed according to the University's Research Data Management Policy, UK GDPR and Data Protection Act 2018.

	22
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	☒

	23
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	☒




SECTION I: Use of AI tools
	Use of generative AI and other AI-based tools
There are a number of ethical issues relating to the use of generative AI and other AI-based tools, including data security, output bias, and output errors. In general you should assume that any generative AI or other AI-based tool that you pay to use is more secure and accurate than one which is free to use.

Will the research use AI tools to do any of the following:
	YES
	NO
	N/A

	1
	Capture data?
	☐
	☒
	☐

	2
	Generate and/or edit text?
	☐
	☒
	☐

	3
	Generate graphics?
	☐
	☒
	☐

	4
	Generate video?
	☐
	☒
	☐

	5
	Generate sound/music?
	☐
	☒
	☐

	6
	Generate code?
	☐
	☒
	☐

	7
	Generate synthetic data?
	☐
	☒
	☐

	8
	Analyse data?
	☐
	☒
	☐

	9
	Analyse personal or sensitive data?
	☐
	☒
	☐

	10
	Classify data?
	☐
	☒
	☐

	11
	Do you intend to use the free version of any AI tools?
	☐
	☒
	☐

	If you have answered YES to any of questions O1-O11, please provide justification detailing why this is necessary for the research.  

	12
	State which AI tool or tools you will be using, and where they are based (or store their data – you may need to check their webpages or user agreement for this). If you are planning to use Copilot then say if you’re using the UWTSD version of it or the public version. You should also show how you are complying with current UWTSD guidance/policy of the use of AI.

(this box should expand as you type)




SECTION J: Declaration
	
	The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.

In submitting this application I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/

	1
	Signature of applicant:
	Vijay kumar
	Date:27.07.26


	2
	Supervisor:
	Shahrukh Irfan
	Date:27/07/2026

	3
	Signature:
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