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A B S T R A C T 

This study investigates the role of large language models (LLMs) in retail investors (RIs) decision-

making processes from the perspective of the Theory of Planned Behaviour (TPB). It explores whether 

LLMs can replace or change the role of financial experts and whether introducing LLMs may lead to 

more infromed RIs’ decisions. Qualitative interviews were conducted with experienced RIs (n = 8). 
Secondary data were gathered from YouTube recordings (n = 44). Thematic analysis and Retrieval-

Augmented Generation (RAG) methodology was used for data extraction and analysis of the scripts. 

The findings indicate that while LLMs have the potential to enhance accessibility to expert opinions 

and provide more informed investment decisions, they are unlikely to replace human experts. RIs show 

a preference for combining LLM insights with human expertise, recognising the limitations of LLMs in 

managing complex and nuanced investment information. The study highlights the usefulness of the TPB 

as a framework for the exploration of the topic. It also introduces a novel research method - advanced 

data extraction techniques on a vast unstructured dataset. Results contribute to the understanding of 
LLMs potential in supporting RIs and confirms the usefulness on the AESTIMA tool for data extraction 

and analysis.   

© 2025 by the authors. Licensee SSBFNET, Istanbul, Turkey. This article is an open access article 

distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license 

(http://creativecommons.org/licenses/by/4.0/).   

  

 

 

Introduction 
 

 

Retail and individual investors' decisions to buy or sell financial market instruments are influenced by opinions from a range of 

sources, including information from financial experts, brokers, big investors (Bikhchandani & Sharma, 2000; Islamoğlu et al., 2015; 

Patil & Bagodi, 2021), friends (Dierkes et al., 2009) and family (Mahalakshmi & Anuradha, 2018), and expert opinions disseminated 

through media, including social media (Patil & Bagodi, 2021; Subramanian, 2021). Some investors, however, prefer to base their 

decisions on financial and fundamental analysis (Shefrin & Statman, 2000). Reliance on experts’ opinions can create biases such as 

anchoring, where investors adjust their portfolios based on those opinions rather than an independent analysis (Campbell & Sharpe, 

2009), especially during times of market optimism. Biased, sensationalised news or viral social media posts can trigger emotional 

reactions and cause stock price volatility, leading to emotional decisions rather than in-depth analysis of data, resulting in impulsive 

investment choices (Daudert, 2021). The fake or poorly verified news can lead to market instability, investors’ losses and to prices 

of assets reaching a different value to their true value (Sari et al., 2022).    

 

LLMs can be transformative tools in the finance sector, offering a range of applications that enhance efficiency, accuracy, and 

decision-making processes (X. Zhao et al., 2023). LLMs can extract detailed insights from financial documents, conduct sentiment 

analysis, forecast market trends, provide a comprehensive assessment of financial health and market conditions (Cao & Feinstein, 

2024; Li et al., 2023; Ma et al., 2024)  to help investors and financial institutions make informed decisions (Guo et al., 2023). LLMs 

can also assist in interpreting complex regulatory documents, supporting compliance with legal requirements (Guo et al., 2023). 
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LLMs can support risk assessment and fraud detection due to their ability to identify patterns and anomalies in large sets of financial 

data, highlighting possible fraudulent activities (Raiaan, et al., 2024), which is especially important in loan approval or money 

laundering detection (Chen et al., 2024; Lo & Ross, 2024). LLMs can optimise investment strategies by analysing market data and 

generating actionable insights (Li et al., 2023; Lo & Ross, 2024). Their capability to understand natural language instructions may 

be particularly useful in customer service (Raiaan, et al., 2024).    

 

Despite the potential of LLMs, there is still a lack of knowledge on their role in investment decisions. Investors need to critically 

evaluate the sources of information and consider a balanced approach that includes both external advice and independent 

analysis. The potential of LLMs is still evolving, and in future, they might replace humans in some areas of professional practice. 

Understanding the motivations behind the introduction or resistance to introducing this technology into RIs practice is sparse. Gaining 

better insight into the issue would guide the development of LLMs based tools for the industry and formulate strategies for their 

implementation. This research aims to investigate the role of LLMs in the decision-making process of retail investors (RIs) through 

answering two research questions: 1) Are LLMs seen as a potential replacement of human financial experts, or rather will the experts’ 

role evolve alongside LLMs introduction to the industry? 2) Does LLM use improve decision-making by enabling more informed, 

rational investments? 

 

The second objective of this research is to validate the quality of data extraction and analysis from unstructured text sources, such as 

YT recordings scripts, using the Retrieval-Augmented Generation (RAG) (Gao et al., 2024; Yu, 2022); using AESTIMA tool1. This 

objective supports the primary research by ensuring that the data used to analyse the impact of LLMs on RIs behaviour was robust.   

 

 

Theoretical Framework   
 

The Theory of Planned Behaviour (TBP) (Ajzen, 2011; Schifter & Ajzen, 1985) has been employed in previous studies in the field 

of finances for example to understand casual investors’ investment decisions (Sharma & Gupta, 2011), to explore the impact of 

psychological factors on capital market investments (Piyumini & Wijethunga, 2020), predict people's intentions to invest in 

cryptocurrencies (Norisnita & Indriati, 2022) understand mutual funds’ investments (Dewi & Ronny, 2023), or to predict the intention 

to trade online (Gopi & Ramayah, 2007). A systematic literature review applied the TPB to develop a theory of financial planning 

behaviour (Yeo et al., 2023). The TPB was applied to investors’ decisions in studies conducted in different settings such as stock 

market (Pahlevi & Oktaviani, 2018; Pham et al., 2021), or mutual funds (Widyastuti et al., 2023). The studies included populations, 

such as Millennials (Setyorini & Indriasari, 2020), Gen Z and Gen Y (Gumasing & Niro, 2023; Malzara et al., 2023; Nugraha & 

Rahadi, 2021; Nugraha & Prasetyaningtyas, 2023) professionals from investment sector (Adam & Shauki, 2014), or private 

households (Gamel et al., 2022).    

 

According to the TPB, intention to perform behaviour is affected by three factors: attitude, subjective norm (SN) and perceived 

behavioural control (PBC). Attitude is a tendency towards an object, person, or idea, which has cognitive, and affective components 

and contributes to a person's behaviour (Ajzen, 2011; Schifter & Ajzen, 1985). Attitudes towards saving, borrowing, or investing 

were reported to influence intention to engage in those behaviour (Kisaka, 2014; Pham et al., 2021). Investors' attitudes towards risk, 

return, and other financial factors also influence their investment decisions (Rooh et al., 2023). SN covers social rules and pressures 

from an individual social environment (Ajzen, 2011; Schifter & Ajzen, 1985), which can influence investment intentions (Nugraha 

& Prasetyaningtyas, 2023; Pahlevi & Oktaviani, 2018; Sharma & Gupta, 2011). On the other hand, a study exploring investment 

decisions on the crowdfunding platform reported that SN did not affect behaviour (Yulandreano & Rita, 2023). SN can also guide 

investors towards ethical financial decisions (Adam & Shauki, 2014). PBC refers to an individual's perception of how easy or difficult 

performing certain behaviour can be (Ajzen, 2011; Schifter & Ajzen, 1985). Multiple studies have shown that PBC influences 

investment intentions and behaviours, for example, it positively impacted the crowdfunding intentions (Yulandreano & Rita, 2023) 

or green investment intentions (Malzara et al., 2023).   

 

 

Research Methodology 
 

The qualitative exploration of the topic allows gaining insights supporting in depth understanding of the topic with consideration for 

the context and nuance in the data (Braun & Clarke, 2022; Clarke & Braun, 2013). As LLMs are still a novel tool, especially for 

individual RIs, this exploratory approach is best fitted to answer the research questions.    

 

Data   

Two complementary sources of information were used to answer the research questions. The primary source was semi-structured 

interviews with experienced industry members. The interview schedule included questions formulated in line with the TPB 

framework and included up to 20 questions2 aimed to capture interviewees' attitudes, SN, PBC and explore their intention to use 

LLMs in professional practice. The interviewees were also asked about their actual experience using LLMs professionally. 

Participants were eight experienced industry members (all of them were RIs, 5 were also financial professionals). They were recruited 

using convenience approach through the personal network of a lead researcher. All eight were male and their age range was 30 – 55 

years of age. Two interviews were conducted in person and six online. Consent was obtained from all participants.  

 

 
1 https://aestima.io 
2 Some questions were found to bring redundant information and were removed from subsequent interviews.  



Gimmelberg et al., International Journal of Finance & Banking Studies 14(1) (2025), 20-29 
 

 

 

22 

The second data source was YouTube (YT). It was searched for videos with interviews or talks, discussing the use of LLMs within 

the financial markets and investment sector. 78 relevant channels, discussing the capital and financial market issues, were selected. 

This selection ensured representation of the mainstream financial media (Bloomberg, Yahoo Finance, CNBC etc) as well as smaller 

organisations, independent experts, and financial journalists. The total number of 4513 sources (transcripts) uploaded to YT in the 

2nd quarter of 2024 and 1617 sources uploaded in the 2nd quarter of 2023 were gathered to be checked for their relevance to answer 

the research questions.      

 

Data analysis   

Data was analysed in two stages; first automated stage was completed using the AESTIMA tool followed by the manual check of the 

accuracy of the analysis. In accordance with RAG process operationalised through AESTIMA tool3, following embedding and 

similarity search, the sources were checked for relevance to answer the research questions (Gimmelberg et al., n.d.).   

 

A RAG approach was employed to extract and analyse data from a collection of video transcripts (Gao et al., 2024; Yu, 2022; Zhao 

et al., 2024). It was implemented in two stages. First, textual content (transcripts for videos) was converted into dense embeddings 

using the 'text-embedding-ada-002' model4. This type of model creates high-dimensional vector representations of text, encapsulating 

semantic meaning, which allows for efficient transformation of the text into embeddings (H. Cao, 2024; Keraghel et al., 2024; 

Petukhova et al., 2024). Next, a similarity search was conducted using Pinecone.io's automated cosine similarity algorithm5. The 

second stage involved applying the user's query and customised ranking process to the text chunks identified as most relevant in the 

previous step. For this task, the ChatGPT-4o-mini and ChatGPT-4o models 6 were used. This model was used to extract and analyse 

information from the selected text chunks, utilising its advanced language understanding and generation. By interpreting and 

synthesising the retrieved data, the model provided comprehensive and contextually appropriate responses to the user's queries.   

 

The steps of relevance check are presented in Figure 1. Queries were applied to the 4500 tokens of each text, which is about 3375 

words for English texts to complete the checks. The final 10 questions reflected the questions in the interviews; however, those that 

did not bring any new information during the interview stage were excluded. Out of all identified sources, 17 and 27 from 2024 and 

2023, respectively, answered at least one of 10 questions or provided useful inferential information to the subject. Two types of 

responses were generated in the analysis: direct quotes from expert(s) opinions and inferential responses based on the content of the 

source. The quality of the responses was reviewed independently by three researchers using manual checks (comparing the output to 

the original source). 

 

 
Figure 1: Relevance check flow 

 

To evaluate the effectiveness of data extraction and analysis performed by LLMs, a random sample of 130 responses, representing 

25% of the total, was selected to verify the accuracy and reliability of the automated process. The validation process was applied two 

criteria: (a) accuracy and thematic relevance judged by correctly understanding the subject matter, and (b) interpretive depth judged 

by comprehension of the extracted data's meaning. Selected statements generated by the AESTIMA tool were compared for similarity 

to the parts of the original text (chunks) on which these statements were based and to the entire source in manual check. The size of 

the chunk was fixed and was equal to 1500 tokens. One token for English texts equals approximately 0.75 of the word. The selected 

size of the chunk is expected to give sufficient context volume. A response was deemed accurate and confirmed if it clearly matched 

 
3 All prompts are available upon request. 
4 https://openai.com/index/new-and-improved-embedding-model/ 
5 https://www.pinecone.io/learn/vector-similarity/ 
6 https://platform.openai.com/docs/models 
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the original source content. It was considered partially confirmed if the meaning was preserved but some key message was omitted 

or not conveyed clearly. The response was marked as unconfirmed if it did not align with the original source. Any judgment 

discrepancies between the researchers were discussed until a consensus was reached on the final classification of the responses.   

 

The TBP (Ajzen, 2011; Schifter & Ajzen, 1985) was selected to provide a comprehensive framework for the analysis. Both the 

interview responses and YouTube video transcripts were systematically analysed following a thematic analysis approach (Braun & 

Clarke, 2022; Clarke & Braun, 2013; Neuendorf, 2018; Vaismoradi et al., 2016); and organised into key themes and mapped onto 

the TPB framework. The mapping exercise provided insight into the role of expert opinions and the potential role of LLMs in RIs 

decisions. The synthesis involved integrating findings from both interview data and YouTube video content with a special focus on 

any new insights into the topic brought by the latter. The analysis was a collaborative process in which regular discussions within the 

research team was held to agree on themes, synthesise the data and formulate conclusions. 

 

 

Results  
 

The analysis of the interviews and YT sources revealed a range of attitudes, provided insight into SN related to the perception of 

roles of human experts and LLMs in RIs practice and shed light on PCB in relation to LLMs use in the investment industry.   

 

Attitude toward behaviour    

The attitude refers to the views on the possibility of replacement of human experts by LLMs in providing investment advice and the 

potential of LLMs to improve RIs’ decisions. The general attitude towards LLMs seems to be cautiously positive. The interviewees 

raised issues such as LLM capabilities and limitations, democratisation of the retail investment industry, risks of widespread use of 

LLM to inform investment decisions, as well as issues of trust and directions of change in investment professionals’ roles. In both 

interviews and YT recordings, introducing LLMs into practice seems inevitable although not imminent. There is recognition of 

LLMs’ efficiency and superior data processing capabilities, but also an acknowledgement of the irreplaceable human qualities in 

judgment and understanding.    

 

Many experts recognise that LLMs capabilities exceed those of human experts, especially in quick and accurate processing and 

analysing vast amounts of data (YT14, YT5, YT11, YTQ3). As one of the experts emphasised: 

 

Capabilities of LLM are significantly higher than those of human experts. Specifically of specialised LLMs and/or specialised RAGs 

empowered by LLMs. (INT1)    

 

LLMs can play a tri-fold role: acting as advisors by themselves, aiding in understanding expert advice and aggregating and 

summarising a multitude of opinions. LLMs can improve the investment decision process by optimising trading strategies, as one 

interviewee explaned “LLM can critique existing strategy parameters and suggest improvements.” (INT4).  LLMs can also provide 

an unmatched level of customisation highlighted by an expert:   

 

All that AI is going to do is know more about you learn more about you look at patterns and you know look at successful things in 

the past. (YT9)    

 

Mixed opinions were found about whether the use of LLMs would lead to more rational investment decisions. They can help dealing 

with human bias and contradicting information (YTQ3), offer “a second opinion” (INT5), reduce the emotional factors (YTQ5) and 

improve understanding of large volumes of information (YT5, YT11, YT7).  However, they will not eliminate irrational human 

nature; “They [IRs] will remain irrational as they are. “(INT1). There were also concerns regarding LLMs ability to handle complex, 

unstructured situations, and make nuanced judgments, as one interviewee mentioned:    

 

So far [the capabilities of LLM] are limited, just reading and aggregation of texts. They [LLM] lack nuances and interpretation and 

are hallucinating and there is lack of access to the most recent events. (INT5)    

 

Similarly, in a 2023 video discussion, the author notes LLMs' limitations, particularly in recommending individual holdings or funds 

(YT48). Aruna Perera (YT37) also points out that the artificial intelligence (AI) systems lack emotional intelligence and ability to 

learn from experience.    

 

There was a shared belief that LLMs can make high-quality information available to a broader audience, breaking down traditional 

barriers to accessing expert advice. They offer opportunity to educate RIs and translate complex financial jargon into simple terms 

(YT25). Richard Walker reinforces this notion discussing HuggingGPT.    

 

Hugging GPT can be trained to understand complex Financial Concepts, jargon, and market dynamics. By doing so, it can assist 

analysts in various tasks such as generating concise summaries of financial reports and news articles identifying market trends and 

patterns evaluating the credit worthiness of companies. (YT25)    

 

LLMs also enhance the accessibility of expert opinions by democratising access to complex financial information, as one of the 

interviewees explained:   

 

Experts are not accessible to most retail investors. Accessibility will lead to better understanding. (INT 1) 
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By improving access to information and  providing educational to RIs, LLMs can empower them to make more informed decisions 

(YT3, YT4, YT5, YT11, YT21, YT33, YT42, YT49). 

 

On the other hand, there were concerns voiced that the increased accessibility will not translate into improved understanding and 

decision-making by RIs. One interviewee stated     

 

A retail investor does not want to know why the stock is outperforming; he just needs a name. (INT 4)     

 

And another said   

 

Increased understanding will come together with a higher risk of reliance on the model instead of using [one's] own brain capacity. 

(INT 3)   

 

One respondent highlighted the concern that LLMs fail to account for psychological factors (INT 6) and may misinterpret or 

mishandle information (INT 4), posing potential risks to investors who might over-rely on AI-driven advice. ‘Over-reliance’ on 

LLMs could lead to unintended consequences in the investment process (YT41).  

 

Increased accessibility may also not translate into more informed decision-making due to potential lack of nuance, hallucinations, 

incompleteness, or misuse of LLM-generated advice (for example, malicious advice) (YT1, YT5, YT17, YT29, YT34, YT35, YT37, 

YT40, YT44).  As ine of the interviewees explained LLMs use can be bring the threat of influencing and manipulating people 

(investors); there might be ill intentions and   sabotage by LLM designers (INT3) which could lead to errors in investment decisions. 

RIs were hesitant to trust LLMs as much as they trust human experts. As one of the interviewees noted  Retail investors at mass ..., 

uneducated will be suspicious. New technology. Less trust to LLM. More to human. (INT 2)  The concerns over reliability and 

accuracy (YT23) may require fact-checking of complex responses (YT1).  

 

Despite this, some experts believe that trust in LLMs will grow as their capabilities improve and RIs will rely less on traditional 

brokers and fund managers (YTQ8). At the same time expert roles may grow as their advice and opinions would be readily available 

to a broader audience. Trust in LLM-generated advice may increase as AI models become more capable, reliable, and seamlessly 

integrated into user interfaces and workflows (YT1, YT2, YT4).   

 

While some experts believe that LLMs will eventually replace certain functions traditionally performed by human experts, there is a 

consensus that their roles will evolve rather than disappear entirely. There was no expectation of pronounced changes in the roles of 

brokers, investment bankers and fund managers. Josh Brown pointed out that     

 

Nobody with a straight face thinks a rich person wants to talk to a robot about his problems. (YT16)   

 

However, this might change with the development of the technology, as one of the interviewees said:    

 

The role of LLM will be ever-growing, with the potential to reach 65-90% of investment decision-making. Human experts will propel 

in the data acquiring, for example by interviewing the executives, visiting on-site operations etc – those operations which cannot be 

performed by LLMs. (YT6)   

 

The most frequent opinion was that LLMs would enhance current roles, extending professionals abilities to deal with large volumes 

of data and provide more personalised service to clients (YT5, YT6, YT7, YT9, YT14, YT15, YT16). Robyn Grew underlined that 

financial professionals would need to use AI in their jobs to maintain competitive edge (YT6). One of the interviewed experts stated:    

 

Their [financial intermediaries] role will be limited to 1) client interface and 2) servicing infrastructure such as back-office. In 2 

years. Global back office of the capital market. (INT5)    

 

Subjective Norms    

SN refer to the opinions and behaviours of financial experts, influencers, and other authoritative figures in the investment community 

impacting retail investors` opinions. These opinions can influence RIs ' decisions, as one respondent explained    

 

On the market I am familiar with the investors are mostly uneducated, so investors are heavily relying on speaking heads. (INT4)   

 

This may be especially important when innovative technologies are considered. One of the interviewees underlined the importance 

of trust in human experts and the role of endorsements by well-known figures “If it someone I trust, I will definitely consider LLM” 

(INT3). Another interviewee expressed similar oponion "Collectively discussed and approved recommendations have higher quality 

and lesser risks" (INT2). One of the respondents highlighted the generational aspect, pointing out that older generations with lower 

trust in LLMs, might be swayed by endorsements from trusted figures (INT4). The endorsement of LLMs by respected financial 

experts could lead to greater acceptance and trust towards the new technology among RIs. A similar sentiment was expressed by 

another expert, who stated that:    

 

Endorsement by experts will increase the trust of retail investors. This will help address older generations who have an inherently 

larger mistrust of LLM. (INT4)    
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Younger generations, who are more accustomed to digital tools, may increasingly view LLMs as credible sources of advice (INT4). 

This generational shift could eventually lead to broader acceptance and a redefinition of what is defined as expert advice in the 

investment community. As another expert suggested  Existing generations are mentally ready for adoption. (INT2).  However, some 

investors stated that successful cases and objective studies are more important for them than experts’ endorsement (INT 2, INT 4).   

 

The group norms are also expressed in the ‘herding behaviour’ among RIs, which may be amplified by LLMs endorsement and 

increased use by industry experts (INT 3). This, in turn, could lead to more uniform decision-making among investors, potentially 

reducing market inefficiencies but also increasing the risk of collective errors if the LLM-generated advice is flawed. It was also 

mentioned that widespread use of LLMs by RIs could increase market volatility (YT47). One of the interviewees explained    

 

There could be a very wide range of possible impacts, from manipulation to higher volatility to super arbitrage and levelling out. 

New models and patterns of behaviour will emerge. (INT 5)    

 

In several YT videos regulatory issues related to data ownership and privacy were mentioned (YT1, YT5, YT7, YT12, YT17, YT37, 

YT41). Regulatory frameworks should ensure the accuracy and reliability of AI outputs, and ethical considerations should ensure 

that human oversight remains a critical component of the investment process. Concerns were also raised regarding AI use leading to 

increased inequalities   

 

Are they again just going to unlevel the playing field even more and make it available to those clients who have half a million or a 

million dollars to invest with them or are they going to do what we're trying to do in that is make the playing field level. (YT45)   

and further   

 

I don't think that's an improvement in our society when we just throw upon those who are very rich in more advantages over those 

who aren't. (YT45)    

 

Perceived Behavioural Control    

PBC refers to how RIs perceive their ability to use LLM-generated advice. The perception of how easy or difficult it is for RIs to 

access and use LLM-generated investment advice plays a critical role in determining how LLMs are used in retail investment.   

 

One expert stated that "It's not difficult and it should not be difficult to access" LLM-generated advice and that ‘it’s just a matter of 

education and learning process’ (INT3). Others identified several challenges to implementing LLMs into retail investment such as 

"lack of product awareness" (INT6) and ‘geographical limitations’ (INT4), which can hinder access to LLMs. The technical 

complexities involved in integrating LLMs into existing investment processes and required technical knowledge were also mentioned 

as significant challenges (YT1, YT2, YT5, YT6, YT11, YT13, YT14, YT17, YT21, YT51). As explained in one of the YT videos 

 

There is this notion of prompt engineering, which is extremely important for you to understand so that you can leverage the most out 

of these models when you're wearing it and that's an engineering problem. (YT23)   

 

The quality of the user interface (UI) and user experience (UX) also play role, as explained "It all depends on the quality of UI/UX" 

(INT7).  Other barriers included the need for substantial financial resources, the complexity of data processing, and continuous 

learning and adaptation requirement (YT21).  

 

LLMs have the potential to significantly enhance investors' confidence by providing tools that simplify complex financial 

information. As one of the experts explained “More confidence, more feeling of control—LLM will empower retail investors" (INT3). 

This was contrasted by concerns from another respondent who felt that the complexity of LLMs might reduce the perceived control; 

he said "LLM is controlling me, due to my little understanding of the processes and factors" (INT4). On the other hand, LLMs might 

create a false sense of control. As one expert suggested, "you are seeing certain false facts come out as answers from Chat GPT 

which with a very confident sounding” (YT23).  

 

Scepticism and the difficulty in trusting AI-generated advice affect how comfortable RIs feel about relying on LLMs. One of the 

experts said that "LLMs are intentionally limited in their capabilities to provide certain types of advice." (INT4). Such believes could 

prevent widespread adoption of LLMs for investment purposes (YT1, YT9, YT17, YT23, YT29, YT34, YT42). This sentiment was 

echoed in several videos, which inferred that RIs do not trust LLM-generated advice as much as they trust advice from human experts 

(YT1, YT3, YT4).    

 

The analysis of the YT video interviews brought up also challenges related to integrating LLMs with other technologies and 

integrating the tools into the existing investment decisions process. This requires the involvement of different market players and is 

both complex and resource-intensive (YT6). It also often remains outside of the users’ control.   

  

Usefulness of the AESTIMA tool for data extraction and analysis   

The manual checks of data extraction and analysis described above showed 76% of correctly extracted data by subject and meaning 

(score 2) and 95% correctly extracted data by subject alone (score 1). This number was deemed sufficient as the results indicated 

consistent patterns within the tested scenarios, and additional tests did not yield further insights.   
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Discussion  
 

RIs generally had a positive attitude toward LLMs appreciating their capabilities and recognising their limitations. Further 

development of the technology and a growing number of cases describing the successful use of LLMs in the retail investment field, 

the willingess to introduce them into professional practice should increase. However, failed LLMs applications, technical challenges, 

as well as regulatory and ethical issues related to the use of LLMs could hinder their implementation. The comparison between 2023 

and 2024 reveals a gradual shift in sentiment towards greater acceptance and integration of LLMs in financial decision-making 

processes. While scepticism regarding trust and reliability remains, recognition of the potential benefits of LLMs also increases, 

particularly in enhancing investor confidence and complementing human expertise. Simplification of the tools and ongoing education 

are essential in overcoming barriers to the widespread use of LLMs in the investment industry.To fully benefit from LLMs benefits 

requires overcoming limitations, such as the need for more nuanced judgment and the inherent risks associated with reliance on AI-

driven advice. Predicted democratisation of the industry could help RIs make more informed and more rational decisions. On the 

other hand, overreliance on the tools and underestimation or lack of understanding of their limitation could lead to decisions 

destabilising markets and resulting in loss for RIs.  

 

Inaccuracies, misconceptions, and hallucinations generated by LLMs could lead to financial losses or harm to individuals' savings 

(Lo & Ross, 2024). Concerns regarding data privacy, bias, fairness, and transparency, risk of unethicall use of LLMs underscores the 

need for robust safeguards and ethical guidelines (Petroșanu et al., 2023; Sun et al., 2024). The combination of ‘word of mouth’ 

recommendations and high-level regulation would shape the norms around using LLMs within the industry .The EU Artificial 

Intelligence Act (EU Artificial Intelligence Act, 2024) and the General Data Protection Regulation (GDPR) (General Data Protection 

Regulation (GDPR) – Legal Text, 2018) emphasise the need for compliance with strict data privacy and ethical standards (Chen et 

al., 2024; Leslie & Perini, 2024). Wealthier regions and individuals who can afford to comply with stringent regulations or who are 

in less regulated regions could benefit more from the advancements in AI.    

 

There seems to be an agreement that those who would embrace new technology will gain an advantage in their areas of expertise. 

Widespread use of the LLMs within the sector could eventually lead to a partial replacement of human experts in certain areas, and 

a change of roles of retail investment experts may be expected. There is, however, no imminent risk of their complete replacement 

with technology, as at this stage of its development, it does not offer reliability sufficient to gain complete trust from the investors. 

Exploring how old roles evolve and what new roles will be created should be focus on future research to inform the education of 

those working in the financial sector as well as guide the systematic approach to offset potential job loss or necessary re-skilling 

(Leslie & Perini, 2024).     

 

The TPB has proven to be a useful analysis framework, guiding its focus and allowing in-depth exploration of the topic. Core concepts 

of the theory were easily identifiable in the sources and painted a picture of the current and predicted state of intentions to use LLMs 

in RIs decisions making process. The use of the AESTIMA tool allowed the first stage of analysis to be completed fast and with high 

level of accuracy. This facilitated an engagement with large volume of data, which would be more resource intensive in a traditional 

approach. This approach could be particularly usefy for smaller teams and/or teams with limited resources. The insights generated 

when using the tool were comprehensive and were well placed within the wider context. It is important to note that the analysis was 

completed on a curated set of collected sources, which removes the risk of hallucinations of non-existing sources frequently cited in 

the literature (Hadi et al., 2023; Huang et al., 2023). Additionally, the human input was still at the core of analysis, from checking 

the accuracy to the interpretation of the AESTIMA tool output. However, at this stage of the technology development it should not 

replace the researchers, as their knowledge of the topic, engagement and familiarisation with the sources are still essential. Use of 

any of the LLMs based tools in research process should be undertaken with knowledge of advantages and limitations of the 

technology and follow the ethical guidance (Porsdam Mann et al., 2024). 

 

The findings are potentially applicable to various sectors of the financial industry. In asset management, LLMs can optimise portfolio 

strategies by analysing market trends and assessing risk more efficiently than human experts. Similarly, in regulatory compliance, 

LLMs can streamline the interpretation of complex regulatory documents, enhance audit processes, and improve anomaly detection 

for fraud prevention. In wealth management, LLMs can deliver personalised investment advice by aggregating data across client 

portfolios, aligning well with the industry’s focus on tailored financial planning.  These applications are particularly relevant due to 

the financial industry’s reliance on regulation, data accuracy, and customer protection. The capability to democratise access to 

complex tools can also address systemic inefficiencies of other sectors, making expert-level insights available to underserved 

populations. However, as noted, ethical concerns like over-reliance, manipulation, and inherent model biases require robust oversight, 

which is critical to all sectors where trust and compliance are non-negotiable.   

 

The limitation of this study can be used to formulate direction of future reseaerch. The interviewees were recruited through the 

personal network of the PI, who is a retail investor himself, this could introduce a selection bias. However, their opinions were 

matched with those from the identified YT videos, which may indicate that they reflect commonly shared sentiments well. A selection 

of YT video transcripts was analysed due to existing large volume of sources. This may lead to some less frequent views being missed 

in the analysis. Only videos in English were included in the analysis, which can introduce further bias, especially considering a 

notable lack of voices from certain parts of the world, such as Africa or South America. Inclusion of varied voices from YT video 

recording, addressed to some extent lack of wider demographic respresentation in the interviews. Further research should also focus 

on exploring the impact on LLMs on RIs behaviour, encompassing worldwide perspectives, reflecting the interconnected nature of 

financial markets and consider issues of diversity in the financial industry.    
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Conclusions  
 

LLMs have the potential to change the retail investment industry, influencing professional roles within, impacting who has access to 

it, and changing market dynamics. Despite great promises, caution is needed when implementing LLMs due to their limitations, as 

is the case for any innovation at its early stages of development. At the current state, LLMs cannot replace human experts, but there 

is a potential for that. Education and endorsement by well-established experts in the field remain essential for the successful large-

scale adoption of LLMs. Human experts continue to play a role in interpreting and validating AI-generated insights, ensuring that 

the advice provided to RIs is sound and reliable. Integration of LLMs into financial advisory services should be accompanied by 

robust regulatory frameworks and ethical guidelines to ensure that they serve to enhance, rather than detract from, the quality of 

investment advice available to RIs. LLMs can potentially enhance accessibility to industry expert insights for retail investors, 

democratising investment advice and improving informed decision-making. They can also help to reduce emotional biases by offering 

data-driven insights, while simplifying complex financial information for increased understanding. However, the results also caution 

against over-reliance on LLMs due to their current lack of nuance and potential for errors. 
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