


Enhancing Investor Rationality: A Review of Behavioural Biases and the De-Biasing Potential of Artificial Intelligence in Investment Decision Making

Abstract
Traditional financial theories assume that investors are rational individuals who make decisions based on all the information available at their disposal. However, insights from behavioural finance research suggest that investors frequently deviate from rationality because of the psychological and cognitive biases. These biases affect judgment and can result in suboptimal investment outcomes. The purpose of this study is to present a narrative review of important behavioural biases that influence investment decisions, as well as to examine how artificial intelligence-driven tools help in minimising their impact. The study adopts a narrative review approach, drawing insights from both foundational and recent literature on behavioural finance and financial technology. It analyses prior research to understand how different biases shape investor behaviour and decision-making processes. The review highlights cognitive biases, namely confirmation bias, anchoring bias, and overconfidence bias, that significantly influence investment choices. In addition, emotional biases further distort the decision-making process. The findings also indicate that AI-driven tools can support investors by offering objective, data-driven information, personalised recommendations, and help minimise the influence of biases, thereby improving decision quality. Overall, this study contributes to the growing literature by offering a clear understanding of the role of behavioural biases in investment decision-making and the corrective potential of AI-driven tools to address them. However, this study is limited by its reliance on secondary literature and the absence of empirical validation, which provides scope for future empirical research. It provides practical insights for investors, practitioners, and researchers seeking to navigate financial markets more effectively in a technology-driven environment.
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1. INTRODUCTION 
Traditional economic and financial theories are based on the fundamental tenet that people are rational individuals who weigh all available information when making investment decisions. A rational investor has access to all the information about a particular stock, which is an irrational assumption in and of itself. Substantial studies show that investors’ behaviour deviates from their hypothetically rational counterparts and does not make reasonable and sound decisions always. Decisions are impacted not only by knowledge and analysis, but also by psychological, emotional, and social influences, resulting in regular patterns of irrationality known as behavioural biases. The majority of the investors make decisions through automatic and intuitive processes, instead of controlled and deliberate ones. Behavioural finance provides an understanding of why investors behave in a particular way by applying psychological principles. Traditional financial theories describe how investors should behave under conditions of rationality, whereas behavioural finance explains how they actually behave in real-world settings. By integrating the systematic, obvious, and withdrawal from rationality into the standard model of financial markets, behavioural finance has relaxed the basic assumptions of traditional financial economics.
The rise of behavioural finance has changed how people think about financial markets by delving into the psychological aspects that govern the choices of people in the investment realm. Behavioural biases such as overconfidence, loss aversion and herding affects the decision-making of an individual as to how they interpret information, assess risk, and respond under uncertainty. As a result, contributing to the inconsistency in asset pricing, market volatility and excessive trading. Understanding these biases is therefore crucial for improving investment results and enhancing the stability of financial markets. This research paper embarks on a comprehensive exploration of these biases by reviewing and synthesising the extensive body of literature.
This paper presents a narrative review of behavioural biases in investment decision-making and examines the influence of these biases on investment decisions. It classifies biases into different categories and discusses their implication for investor behaviour. Furthermore, it examines the corrective potential of AI-driven tools in decision-making. This study aims to provide insights into investor behaviour and contribute to the evolution of financial theory and practice.


2. RESEARCH METHODOLOGY
This study adopts a structured narrative review approach to examine behavioural biases in investment decision-making and the role of artificial intelligence in mitigating these biases. To enhance transparency and rigor, a systematic search strategy was employed. Relevant literature was sourced from databases such as Google Scholar and Scopus using keywords including “behavioural biases”, “Investment Decision-Making”, and “Artificial Intelligence in investment.” The review focuses on studies published between 2020 and 2025. Only peer-reviewed, English-language articles addressing investor behaviour and AI applications were included, while non-academic sources, duplicates, and irrelevant studies were excluded. The selected literature was thematically analysed to identify key biases and evaluate AI’s de-biasing potential.

3. Review of LITERATURE
The expanding field of behavioural finance, which integrates concepts from psychology and economics, provides valuable insights into how cognitive errors and emotional factors influence financial decisions. Empirical and real-world evidence consistently indicate that investors often deviate from rational behaviour due to these psychological influences. Central to this approach are behavioural biases, which cause investors to act in a manner that may not be in their best financial interests.

3.1 Behavioural Finance, Behavioural Bias and Investment Decision
Behavioural Finance: The field of behavioural finance is multidisciplinary, which integrating psychology and economics, providing a thorough understanding of investor decision-making and behaviour (Gabhane, 2023). The subject matter of behavioural finance studies how psychological factors, social circumstances, and emotions influence financial judgment. It challenges the widely held notion that people act rationally and make decisions solely out of self-interest and reason (Arora, 2025).
Behavioural Bias: A pattern of judgmental variation that arises in particular circumstances is referred to as behavioural bias. Perceptual distortion, incorrect judgment, illogical interpretation, or what is commonly called irrationality can occasionally result from this (Mittal, 2018).
Investment Decision Making: Investment decision making is a fundamental cognitive process that includes choosing the best course of action from among various available alternatives (Samantaray, 2025). 
Behavioural Bias and Types
Identifying and understanding these biases helps investors recognise and manage the cognitive and emotional error that often leads to suboptimal outcomes. To achieve better investment results and gain deeper insights into investor decision-making, it is essential to examine the underlying behavioural biases. Several studies have categorised the biases into different categories, such as heuristic-driven biases and frame-dependent biases (Shefrin, 2000); cognitive and emotional biases (Pompian, 2011); self-deception, heuristic simplification and social interaction (Montier, 2002). By thorough analysis of the literature, behavioural bias can be broadly classified into three types: Cognitive bias, Emotional bias and Social bias as shown in Figure 1- 
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Figure 1: Classification of Behavioural Bias
a) Cognitive Bias
Cognitive bias is a sort of error in thinking that occurs during information gathering, processing, and interpretation. It is a defect or limitation in how humans think (Francis, 2023). The biases that comes under the heads of cognitive bias are as follows:
Overconfidence Bias: Overconfidence bias happens when investors believe they can predict market changes and make profitable deals. In this case, a person tends to overestimate their skills and knowledge, leading to too much trading and bad financial choices (Arora, 2025). Several studies have shown that overconfidence bias significantly positively affects investment decisions.  (Ahmad, 2020; Salehi, 2023).
Confirmation Bias: The tendency to choose and interpret data selectively often leads to prioritising information that supports existing opinions. This can cause people to overlook important facts that contradict their investment beliefs when making decisions (Arora, 2025). According to Zaleskiewicz (2021) investors often show a sense of knowledge and understanding because of this bias. Similarly, Mohamed (2022) observed that this bias appears more frequently among investors who participate in online chat rooms.
Anchoring Bias: Anchoring bias refers to the tendency to rely excessively on a decision based on a single piece of information (Flyvbjerg, 2021). Investors typically base their investment decisions on information that is already available.
Representative bias: When an individual evaluates the possibility of an event on the basis of its similarity to a recognized category, potentially overlooking important statistical information, this is known as Representativeness bias. Representativeness bias encourages investors to buy hot stocks instead of those with adverse prior performance (Gohain, 2025).
b) Emotional Bias: An emotional bias arises when decisions are guided more by personal feelings and emotions than by logical reasoning or objective analysis These biases often cause people to make choices that differ from what is considered as rational. 
The following section highlights some of the main emotional biases that impact investors’ judgment and decision-making:
Loss Aversion Bias: People show different emotions based on gains and losses. This bias occurs when people feel more anxious about potential losses than they feel happy about corresponding rewards. (Tripathy, 2014).
Regret Aversion Bias: Regret aversion bias occurs when risk-averse investors prefer safer, lower-yielding investments. They choose certainty instead of the chance for bigger rewards that come with uncertainty. In simple terms, regret aversion is the fear of making bad decisions and feeling regret later.
Status Quo: It is the tendency to do nothing or stick with a choice until a strong reason arises to change. For instance, investors may keep owning poor companies simply because they have always owned them, even though better returns are available from other investments.

c) Social Bias: These are the behavioural biases which arises from the social influence, social norms or group dynamics on individual decision making, instead of relying upon personal judgement.
Some of the social biases are discussed below:
Herding Bias: Herding bias is when individuals imitate the activities of a bigger group, contributing to market phenomena such as bubbles or crashes. During the herding bias, an individual who behaves rationally tends to start behaving irrationally by depending on others judgement. (Almansour, 2023). Almansour (2023) have shown in their study that herding behaviour has an indirect effect on investment decisions by influencing risk perception.
Bandwagon Bias: The tendency of an individual to adopt certain behaviours, beliefs, or investment decisions, due to the actions of others. The core idea behind bandwagon bias is, “if everyone else is doing it, it must be right”.
3.2 Impact of Behavioural Bias on Investment Decision Making
Behavioural biases have a substantial influence on investment decision-making. A thorough review of existing literature, reveals diverse perspectives on how different biases shape financial choices. This section analyses the influence of these biases on investment decisions by carefully analysing prior studies and empirical evidence. Dungarwal (2022) has highlighted in their study that overconfidence bias has a significant and positive effect on investors' decision. Research conducted on equity investors in Punjab, India, highlights that overconfidence bias is the most dominant factor affecting investment decisions (Jain, 2019). Evidence from multiple studies on confirmation and conservatism biases provides valuable insights into the ways these biases shape investor behaviour and investment decisions (Ditto, 1992).
Chen (2021) found that confirmation bias influences the investment decisions of the investors and is present among them. In addition, Nelson (2014) revealed that confirmation bias is more prominent in men. The study conducted by Guenther (2023) examined the influence of disposition effect on investment decisions and found that confirmation bias can lead investors to hold losing investments, thereby impacting their returns. Investors sometimes choose information that confirms their opinions over other perspectives, leading to disposition effects. Damayanti (2022) found that millennial investors exhibit strong overconfidence, herding behaviour, and disposition bias, which have a significant influence on investment decisions, leading to irrational decisions and suboptimal outcomes.
3.3 AI-Driven Tools in Investment Decisions
The term Artificial Intelligence(AI), refers to the use of technology or a computer capable of performing tasks that were previously performed by humans only. In the domain of investment and finance, AI tools assist in data analysis, enhance decision-making regarding various securities, and provide insights based on real-time information. Beyond finance, the applications of AI extend to diverse fields such as healthcare, criminal justice, transportation and national security, where it contributes to improving efficiency. 
 The key AI-driven tools available for investment decision-making are shown in Figure 2 and explained as follows:

1. Automated Finance Service:
It is a data-driven program that operates using particular algorithms. The reasoning behind these algorithms is based on an analysis of information gathered from investors through a series of questions. The goal of implementing automated services is to increase efficiency in areas related to financial advising, such as portfolio creation, transaction cost reduction, and—above all—avoiding human contact to control biases (Hasan, 2022).


Figure 2: AI-Driven Tools in Investment Decisions
2. Robo-Advisors
A Robo-advisor is an automated, algorithm-driven financial planning and investment service that requires little to no human intervention. A Robo-advisor conducts an online survey to learn more about your financial condition and plans, and it then uses the information to provide recommendations and automatically invest for you.
3. Algorithm trading/ Automated Trading
These are quantitative trading algorithms that execute trades using quantitative models, predefined rules, and algorithms. By analysing real-time market data, such as fluctuations in prices and order book dynamics, they seek to identify trading opportunities and execute orders with the least amount of human involvement (Dakalbab, 2024; Devapitchai, 2024).
4. Machine Learning 
One area of artificial intelligence (AI) technology that creates algorithms to allow computers to learn from and make predictions, based on data, is machine learning (Jagtap, 2025), vast collections of historical financial data can be analysed by these algorithms, which can find patterns, correlations, and anomalies that human analysts would overlook.
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Figure 3: Categories of Machine Learning

Supervised Learning Technique: It is a technique where the model is trained on a labelled dataset, which means both the input data and output are known. These techniques are used in activities like stock price forecasting, investment opportunity identification, and portfolio allocation optimisation (Prasad, 2021; Devapitchai, 2024).
Unsupervised Learning Technique: It is a technique which deals with the unlabelled data, where algorithm identifies hidden patterns, structure and relationship without any predefined output. are essential for discovering connected market segments and revealing hidden patterns in financial data.
5. Natural Language Processing system: NLP refers to a group of computing techniques which are used for producing or processing text and speech. These methods include speech generation (converts text into speech), voice recognition (converts spoken language into text), natural language understanding, which infers meaning from written or spoken text, and natural language generation, which generates natural language data from other data sources (Devapitchai, 2024). 
6. Sentiment Analysis: Sentiment Analysis analyse news articles, financial reports and social media data to capture market sentiments and guide investment decisions. Feedback from users and public sentiments on social media helps in forecasting stock market moves with accuracy. As a result, Financial sentiment analysis has become more and more valued for assisting investors in understanding the connection between sentiments concealed in social media or financial news and stock market values 
(Nabipour, 2020;  M, 2021; Chen, 2025). 
7. Conversational AI/ Chatbots:
Chatbots are computer programs that simulate aspects of human conversation; each of them uses programming to provide an output after ingesting user input. These chatbots can create responses based on pre-set rules and either provide the user a predefined menu of alternatives to choose from or guide them between options using a set of keywords.

3.4 Impact of AI and AI-Driven Tools on Investment Decisions

Financial markets generate enormous amount of data every day, and AI provides tools to examine these large datasets, revealing insights that inform investing strategies. AI's capacity to handle massive amounts of data quickly enables investors to make informed judgments based on detailed data analysis. Several studies have revealed the significant impact of AI on investment decisions. The rise of AI has improved investment procedures, allowing for faster and more precise identification of trends, risk mitigation, and portfolio optimization.
Machine learning (ML), a subset of AI, is an effective tool for forecasting market trends and monitoring asset performance. Machine learning algorithms forecast future trends, enabling investors to change their strategy accordingly. These models continuously learn and refine their predictions, adjusting to market fluctuations and improving the judgment accuracy of the investors over time (Arifian, 2024). Similarly, AI-powered automated trading systems can conduct high-frequency trades with minimum human participation, making them appealing. Algorithmic trading algorithms closely track market conditions, execute deals at appropriate times, and mitigate the effects of human biases. This technology improves liquidity and lowers transaction costs, providing a competitive advantage in the financial industry. Qadoos (2025) highlighted in their study that using digital advisors significantly impacts investment decisions, revenue, and satisfaction among customers and AI-based RA improves decision-making, reduces economic complexity, and leads to more profitable investments.
3.5 Potential of AI tools in Behavioural Bias Mitigation
Recent literature in financial planning identifies two major approaches to addressing behavioural bias in investment decision making: Client classification based on psychographic factors and digitalisation of financial planning through AI-driven tools such as Robo-advisors (Piehlmaier, 2022; Shanmuganathan, 2020; Hasan, 2023). While psychographic models assist in recognising potential biases, as its predictive capability is limited, they do not offer effective management strategies. In contrast, AI-enabled systems, for instance Robo- advisor and intelligent analytics platform offer data-driven decision support that avoids the influence of human judgement to reduce biases (Bhatia, 2020; D’Acunto, 2021). According to Hasan (2023), artificial neural network models employing the backpropagation model assists in mitigating confirmation bias, by processing each piece of information separately. By treating data inputs separately rather than in line with investor’s prior beliefs, backpropagation model circumvents the compatibility principle and selective exposure- two core features of confirmation bias.
Furthermore, to address hindsight bias, Hasan (2022) recommends the application of deep reinforcement learning technique. This AI technique is goal-oriented and enables software agents learn how to attain a difficult objective by evaluating actions based on the results they produce. Similarly, Athota (2023) found that a majority of planners perceive AI systems could be effective in mitigating these biases, since they generate data driven, rational and unbiased analysis, thereby countering emotional and intuitive decision making.
Overall, by reducing emotional and cognitive biases, AI-powered solutions may increase the objectivity of financial decision-making. However, their position is better viewed as augmentative rather than substitutive—that is, AI should aid human planners rather than replace them.
3.6 The Psychological Barriers to AI adoption
Despite the demonstrated ability of AI to reduce cognitive biases, its effectiveness is strictly limited by the user’s willingness to trust the technology. This resistance, termed “Algorithm Aversion”, refers to decision-makers consciously or unconsciously disregarding or undervaluing algorithmic recommendations through rational judgment or irrational bias (Liu, 2023). Dietvorst (2015) described algorithm aversion as “the tendency of individuals to distrust or avoid using algorithmic decision aids after witnessing errors made by these algorithms, even when algorithms consistently outperform human judgment”. In other words, this means people tend to be less forgiving of mistakes made by algorithms than those made by humans, which leads them to revert to human decision-making despite the potential to reduce cognitive biases.
 Liu (2023) in their study, found two drivers: contextual experience and herding, as the drivers of aversion to the algorithm. Contextual experience refers to users’ specific interactions and experiences tied to particular locations and moments during their tasks, whereas herding is described as the phenomenon in which drivers monitor and imitate their peers’ location choices, often facilitated through chat groups on popular instant messaging platforms. The findings revealed that if an algorithm’s recommendation contradicts their prior success at a location, they are less likely to follow it. Likewise, when peers stay put, drivers are less likely to accept repositioning tasks. Previous research has shown various factors which shows why people avoid algorithm such as: they are less likely forgiving of algorithm errors (Dietvorst, 2015; Liu, 2023), view algorithms as less capable than humans (Luo, 2019; Reich, 2023; Liu, 2023), see them as biased and hard to understand (Cowgill, 2019; Cadario, 2021; Zhang, 2021; Meng Liu, 2023), and feel they lack control over algorithmic decisions (Dietvorst, Overcoming algorithm aversion: People will use imperfect algorithms if they can (even slightly) modify them., 2018; Meng Liu, 2023).
Scholars have increasingly examined how individuals respond to algorithmic decision-making in finance. Niszczota P (2020) in their study provided an evidence of Robo-investment aversion. Across five experiments involving more than 3,800 participants, they found that investors consistently preferred human fund managers over algorithmic systems, even when outcomes are equivalent. This aversion was pronounced when investment decisions touched on morally controversial stocks.
4. Theoretical and Practical Implications
4.1 Theoretical Implications
 This study adds to the growing field of behavioural finance by integrating the concept of Artificial intelligence (AI) into the understanding of investor behaviour. Traditional theories such as Prospect Theory and Heuristics and biases framework have long explained why investors make irrational choices. However, the present review expands these frameworks by suggesting that AI driven tools can act as corrective mechanisms that promote rationality in decision making.
This discussion also offers a conceptual link between technology adoption theories and behavioural bias research, showing how investors’ reliance on automated, data- driven systems may reshape the decision environment. This theoretical connection encourages future scholars to examine how human cognition interacts with algorithmic decision support and whether AI can sustainably modify behavioural distortions over time.
4.2 Practical Implications
From a practical perspective, the findings have relevance for investors, financial planners, educators and policymakers.
· For investors: understanding common biases can help improve self-awareness and encourage the use pf AI based tools like Robo- advisors and predictive analytics for more consistent decisions.
· For financial planners: AI can serve as an assistant that support rational recommendations, reduce subjective judgement and increases transparency in advisory practices.
· For policymakers and regulators: the result highlight the need to create guidelines ensuring that AI tools are ethical, transparent and explainable so that investors benefit without becoming over reliant on algorithms.
· For educators: integrating behavioural finance with financial technology training can prepare future professionals to handle digital investors environments responsibly.




5. Limitations and Future Research
Despite its contributions, this study has certain limitations. First, the review is based on a structured narrative approach rather than a fully systematic meta-analysis, which may limit the comprehensiveness of coverage. Second, the study relies on secondary data, making it dependent on the quality and scope of existing literature. Third, the rapid evolution of artificial intelligence technologies may lead to the omission of very recent developments.
[bookmark: _GoBack]Future research can use empirical methods to assess the effectiveness of AI-driven tools in reducing specific behavioural biases. Additionally, cross-country studies and real-time analysis of investor behavior can provide deeper insights into the interactions between human psychology and intelligent systems. 
6. Conclusion
This paper presented a narrative review of behavioural biases in investment decision making and examined the potential of AI driven tools in mitigating these biases. The review revealed that investors are often influenced by cognitive, emotional and social biases that lead to irrational and inconsistent choices. AI applications such as Robo-advisors, predictive analytics and sentiment analysis can help counter these biases by introducing objectivity, consistency and data based reasoning into the investment process.
The study emphasises that AI should complement rather replacing the human judgement, serving as a supportive mechanism that enhances rationality and financial awareness. By bridging behavioral finance with technological innovation, this research contributes to both academic understanding and practical advancement in financial decision making.


Disclaimer (Artificial intelligence)
The Author(s) hereby declare that no generative AI tools were used for the generation of data, analysis, or core intellectual content of this manuscript. Limited AI-assisted tools were used solely for language editing and grammar improvement to enhance clarity and readability.

References
Abdul Qadoos, H. A., AbouGrad, H., Wall, J., & Sharif, M. S. (2025). AI investment advisory: Examining robo-advisor adoption using financial literacy and investment experience variables. 3rd International Conference on Mechatronics and Smart Systems, 201–207. https://doi.org/10.54254/2755-2721/2025.21287
Ahmad, M., & Shah, S. Z. A. (2022). Overconfidence heuristic-driven bias in investment decision-making and performance: Mediating effects of risk perception and moderating effects of financial literacy. Journal of Economic and Administrative Sciences, 38(1), 60–90. https://doi.org/10.1108/JEAS-07-2020-0116
Arifian, D., Mudawanah, S., Herlina, H., & Sofana, A. I. (2024). The impact of artificial intelligence on investment decision-making. Islamic Studies in the World, 1(2), 93–102.
Arora, S. (2025). Behavioral biases and their impact on investment decision-making. In Money management and Indian economy (2nd ed., pp. 23–32). KDPublications.
Almansour, B. Y., Elkrghli, S., & Almansour, A. Y. (2023). Behavioral finance factors and investment decisions: A mediating role of risk perception. Cogent Economics & Finance, 11(2), Article 2239032. https://doi.org/10.1080/23322039.2023.2239032
Bhatia, A., Chandani, A., & Chhateja, J. (2020). Robo advisory and its potential in addressing the behavioral biases of investors—A qualitative study in Indian context. Journal of Behavioral and Experimental Finance, 25, Article 100281. https://doi.org/10.1016/j.jbef.2020.100281
Chen, M., Cheng, H., Du, Y., Xu, M., Jiang, W., & Wang, C. (2023). Two wrongs don’t make a right: Combating confirmation bias in learning with label noise. Proceedings of the AAAI Conference on Artificial Intelligence, 37(12), 14765–14773. https://doi.org/10.1609/aaai.v37i12.26725
D'Acunto, F., & Rossi, A. G. (2021). Robo-advising. In R. Rau, R. Wardrop, & L. Zingales (Eds.), The Palgrave handbook of technological finance (pp. 725–749). Palgrave Macmillan. https://doi.org/10.1007/978-3-030-65117-6_26
Dakalbab, F., Abu Talib, M., Nasir, Q., & Saroufil, T. (2024). Artificial intelligence techniques in financial trading: A systematic literature review. Journal of King Saud University - Computer and Information Sciences, 36(3), Article 102015. https://doi.org/10.1016/j.jksuci.2024.102015
Damayanti, A. I. P. P., & Rokhim, R. (2022). Investment behavioral biases in Indonesia millennial investors behavior during pandemic. Journal of Entrepreneurship and Business, 3(2), 83–93. https://doi.org/10.24123/jeb.v3i2.5089
Devapitchai, J. J., Krishnapriya, S. V., Karuppiah, S. P., William Robert, P., & Saranya, S. (2024). Using AI-driven decision-making tools in corporate investment planning. In J. G. Sankar & A. David (Eds.), Generative AI for transformational management (pp. 137–160). IGI Global. https://doi.org/10.4018/979-8-3693-5578-7.ch006
Gabhane, D., Sharma, A. M., Mukherjee, R., & Aparna. (2023). Behavioral finance: Exploring the influence of cognitive biases on investment decisions. Boletín de Literatura Oral, 10(1), 3133–3141.

Ditto, P. H., & Lopez, D. F. (1992). Motivated skepticism: Use of differential decision criteria for preferred and nonpreferred conclusions. Journal of Personality and Social Psychology, 63(4), 568–584. https://doi.org/10.1037/0022-3514.63.4.568

Dungarwal, H., & Tollawala, N. (2022). A study on impact of behavioral biases on investment decision. International Journal of Research Publication and Reviews, 3(4), 697–703.
Flyvbjerg, B. (2021). Top ten behavioral biases in project management: An overview. Project Management Journal, 52(6), 531–546. https://doi.org/10.1177/87569728211049046
Francis, G. (2023). Behavioural biases and investment decision-making: An overview. International Journal of Novel Research and Development, 8(6), 126–132.
Guenther, B., & Lordan, G. (2023). When the disposition effect proves to be rational: Experimental evidence from professional traders. Frontiers in Psychology, 14, Article 1091922. https://doi.org/10.3389/fpsyg.2023.1091922
Hasan, Z., Vaz, D., Athota, V. S., Désiré, S. S. M., & Pereira, V. (2022). Can artificial intelligence (AI) manage behavioural biases among financial planners? Journal of Global Information Management, 31(2), 1–18. https://doi.org/10.4018/JGIM.313885
Jagtap, S. D. (2025). Impact of AI tools on investment decisions of an individuals. GAP Bodhi Taru - A Global Journal of Humanities, 8(Special Issue), 97–100.
Jain, J., Walia, N., & Gupta, S. (2020). Evaluation of behavioral biases affecting investment decision making of individual equity investors by fuzzy analytic hierarchy process. Review of Behavioral Finance, 12(3), 297–314. https://doi.org/10.1108/RBF-03-2019-0044
Nabipour, M., Nayyeri, P., Jabani, H., Shahab, S., & Mosavi, A. (2020). Predicting stock market trends using machine learning and deep learning algorithms via continuous and binary data; a comparative analysis. IEEE Access, 8, 150199–150212. https://doi.org/10.1109/ACCESS.2020.3015966
Mittal, S. K. (2019). Behavior biases and investment decision: Theoretical and research framework. Qualitative Research in Financial Markets, 11(2), 213–228. https://doi.org/10.1108/QRFM-09-2017-0085
Mohamed, R., & Sinha, N. (2022). Am I getting it right? A framework for attributing style factor exposures [Working paper]. Social Science Research Network.
Montier, J. (2002). Darwin's mind: The evolutionary foundations of heuristics and biases [Working paper]. Social Science Research Network. https://doi.org/10.2139/ssrn.373321
Nelson, J. A. (2014). The power of stereotyping and confirmation bias to overwhelm accurate assessment: The case of economics, gender, and risk aversion. Journal of Economic Methodology, 21(3), 211–231. https://doi.org/10.1080/1350178X.2014.939691
Piehlmaier, D. M. (2022). Overconfidence and the adoption of robo-advice: Why overconfident investors drive the expansion of automated financial advice. Financial Innovation, 8(1), Article 29. https://doi.org/10.1186/s40854-021-00330-y
Pompian, M. M. (2011). Behavioral finance and wealth management: How to build optimal portfolios that account for investor biases (2nd ed.). John Wiley & Sons.
Mehta, P., Pandya, S., & Kotecha, K. (2021). Harvesting social media sentiment analysis to enhance stock market prediction using deep learning. PeerJ Computer Science, 7, Article e476. https://doi.org/10.7717/peerj-cs.476
Prasad, A., & Seetharaman, A. (2021). Importance of machine learning in making investment decisions in the stock market. Vikalpa, 46(4), 209–222. https://doi.org/10.1177/02560909211059992
Salehi, M., Dalwai, T., & Arianpoor, A. (2023). The impact of narcissism, self-confidence and auditor’s characteristics on audit report readability. Arab Gulf Journal of Scientific Research, 41(2), 202–223. https://doi.org/10.1108/AGJSR-04-2022-0043
Samantaray, H. M. (2025). Beyond instinct: The influence of artificial intelligence on investment decision-making among Gen Z investors in emerging markets. International Journal of Accounting & Information Management. Advance online publication. https://doi.org/10.1108/IJAIM-08-2024-0226
Shanmuganathan, M. (2020). Behavioural finance in an era of artificial intelligence: Longitudinal case study of robo-advisors in investment decisions. Journal of Behavioral and Experimental Finance, 27, Article 100297. https://doi.org/10.1016/j.jbef.2020.100297
Shefrin, H. (2002). Beyond greed and fear: Understanding behavioral finance and the psychology of investing. Oxford University Press.
Tripathy, C. K. (2014). Role of psychological biases in the cognitive decision making process of individual investors. Orissa Journal of Commerce, 34(1), 69–80.
Gohain, U., & Mahapatra, S. K. (2025). Behavioural biases in investment decision-making: A conceptual review. Multidisciplinary Research Journal, 134–146.
Athota, V. S., Pereira, V., Hasan, Z., Vaz, D., Laker, B., & Reppas, D. (2023). Overcoming financial planners’ cognitive biases through digitalization: A qualitative study. Journal of Business Research, 154, Article 113291. https://doi.org/10.1016/j.jbusres.2022.08.055
Chen, X., & Xie, H. (2025). Sentiment analysis for stock market research: A bibliometric study. Natural Language Processing Journal, 1–12.
Zaleskiewicz, T., & Gasiorowska, A. (2021). Evaluating experts may serve psychological needs: Self-esteem, bias blind spot, and processing fluency explain confirmation effect in assessing financial advisors’ authority. Journal of Experimental Psychology: Applied, 27(1), 27–45. https://doi.org/10.1037/xap0000308

























AI driven tools 


Predictive Analytics


Machine Learning


Algorithm Trading


Automated Financial Advisor


Conversational AI


Sentiment Analysis





