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mental accounting, and regret aversion have on the behavior of the investors. Then, the paper proceeds to the
analysis of the rising popularity of robo-advisors and other Al-powered financial solutions, underlining the
importance of investor's trust to these technologies for their adoption and effectiveness. Algorithmic
transparency and explainability of Al become particularly notable factors influencing confidence and adoption
of Al-generated financial recommendations. The reactions of the investors to both behavioral biases and
technology-enabled financial services are considered from the perspective of financial literacy of the investors.
The paper suggests that these literacies might help investors cope with the digital nature of finances and make
more effective decisions based on data from earlier researches. There is also a mention of the differences
between demographic groups, like age or gender. The paper analyzes several researches to reveal common
understanding, debates, and gaps in this field not to test any hypothesis. It should be noted that the impact of
behavioral biases, investor’s trust, financial literacy, and the development of artificial intelligence in finance is
underlined in the conclusion of the paper.

1. Introduction

One of the most frequent assumptions in finance which is constantly being challenged is that investors are rational when investing. With the development of
Prospect Theory by Kahneman and Tversky (1979), showing that people estimate results relative to a reference point and value the losses more than the gains of
the equal amount, there appeared a great number of studies about the impact of cognitive biases on investor’s behavior (Barberis & Thaler, 2003; Kahneman &
Tversky, 1979; Tversky & Kahneman, 1992). The purpose of this review paper is not to conduct a new experiment based on this hypothesis, but to show how the
literature has changed over time — how the discussion has shifted from the description of cognitive biases that influence investor’s decision making to the question
of how artificial intelligence affects that behavior and how financial literacy plays its role in the process (Baker & Ricciardi, 2014; Ricciardi & Simon, 2000).

Timing, thus, constitutes the rationale for the revival of this literature. Algorithmically generated robo-advisers and financial planners have, within the past fifteen
years or so, gone from being a novelty to becoming a common feature in retail investment practices, and industry predictions suggest that more retail investors
would get some kind of Al-based financial advice in the future (Jung et al., 2018; Belanche et al., 2019). At the same time, another body of literature regarding
users' trust in Al-generated financial advice has evolved to stress that such trust and acceptance on the part of the users of algorithmic recommendations require,
above all else, reliability and competence of these recommendations (Glikson & Woolley, 2020; Logg et al., 2019). Finally, recent developments in the literature
on transparency of algorithms and Explainable Artificial Intelligence (XAl) address the growing need for the transparency of “black box” recommendations for
trust-based Al usage (Arrieta et al., 2020; Rai, 2020). On the other hand, research on financial literacy has begun increasingly to recognize the presence of a
particular digital aspect of that financial literacy, given that many financial choices have become digitized and do not involve a human counterpart anymore but are
taken through a digital interface (Morgan et al., 2019; OECD, 2023). In general, these four streams of research—behavioral biases, trust in Al, algorithmic
transparency, and financial literacy—have been developed independently of each other without a meaningful dialogue between the strands. The review of the
literature brings these streams together, tracing the developments of the questions and debates as they evolved. This paper takes an analytical approach by
discussing the existing literature thematically, but not chronologically in each theme. Firstly, it discusses the already existing literature regarding behavioral biases
and their relation to investment decisions (Aren & Hamamci, 2020; Goyal et al., 2022). Then, it discusses how these biases can differ across different generations
(Glikson & Woolley, 2020; Rai, 2020). After that, it looks at the current research on the role of trust in Al-powered finance tools, as well as how transparency
contributes to this kind of trust. Finally, it discusses how financial and digital financial literacy affect these relationships (Lusardi & Mitchell, 2014; Morgan et al.,
2019).

2. Review Approach

It should be noted that this is not a systematic review but a discursive synthesis of the literature, which explores how various theories and ideas emerged and
intersect or differ from each other (Baumeister & Leary, 1997; Green et al., 2006). The majority of sources for this paper are peer-reviewed articles from the areas
of behavioral finance, financial technology, human-computer interaction, and financial literacy studies. Additionally, if there were any reviews in the areas
mentioned above, they have been used as well since systematic reviews and meta-analysis are useful for understanding the present state and evolution of any
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research area (Baumeister & Leary, 1997; Snyder, 2019). The scope of research was restricted to those studies that examined individual (retail) investors' behavior,
artificial intelligence-powered or algorithmic investment advice, algorithmic transparency and explainability, and financial or digital financial literacy. References
to literature on institutional investors and market microstructure were made only in cases where this literature provided some insights into the problem of retail
investor decision making. Due to the nature of the underlying literature which belongs to the fields of finance, information systems and psychology, there may be
some inconsistencies in the use of terminology.

3. Behavioral Biases and Investment Decision-Making
3.1. The Core Biases: Overconfidence and Herding

Overconfidence and herding emerge as the two most prominent biases that receive attention in the behavioral finance literature. An empirical
investigation into more than 40 years of studies revealed that institutional investors herd more compared to individual investors, whereas individual
investors are overconfident on the whole compared to institutional investors irrespective of shifts in measurement tools (Goyal et al., 2022; Kumar &
Goyal, 2015). Overconfidence has been shown to cause excessive trading and increased risk taking. A classic piece of literature that is highly cited is
that of Barber and Odean (2000), who revealed the relationship between overconfidence and excessive trading and showed that overconfident traders
trade too often and earn less, an idea succinctly captured in the phrase “trading is hazardous to your wealth." More recent studies have added to this
body of literature by demonstrating that overconfidence can be enhanced or undermined through feedback effects and the information environment in
which the traders find themselves (Biais et al., 2005; Glaser et al., 2007).

On the other hand, the topic of herding is notable for its relevance to market-level phenomena like bubbles and crashes, and not just outcomes at the
level of an individual’s portfolio. While overconfidence is a type of cognitive bias related to one's own judgment, herding is a type of cognitive bias
related to the informational value of the behavior of others. Individuals can behave herd-like both rationally due to the belief that others know more or
irrationally as a consequence of psychological satisfaction that results from conforming to others’ behavior (Bikhchandani & Sharma, 2001; Devenow
& Welch, 1996). The scientific literature fails to reach a consensus about the relative importance of each mechanism and several surveys of the existing
literature have pointed out that different ways of measuring herding, based on self-report surveys, correlations of volumes traded or similarities of
portfolios held, often produce difficult-to-compare results (Goyal et al., 2022; Kumar & Goyal, 2015).

3.2. Loss Aversion, Anchoring, Mental Accounting, and Regret Aversion

Aside from overconfidence and herding, numerous studies have analyzed anchoring, loss aversion, disposition effect, mental accounting, and regret
aversion biases, yet there is no consensus about their importance compared to each other. A review combining evidence of multiple behavioral biases
showed that even though both overconfidence and herding biases are rather stable in terms of impact on investor behavior, some biases like mental
accounting and self-control bias seem to be highly context-dependent (Kumar & Goyal, 2015). A similar review concerning behavioral biases in the
Egyptian stock market showed that loss aversion and regret aversion biases seem to have a great impact on investor decision-making, while mental
accounting and self-control biases seem to be less important (Mousa et al., 2023).

The concept of anchoring, described as a situation in which one tends to overly rely on the first piece of information, such as the purchase price of a
stock or market peak, when interpreting future data, has been found among both individual and institutional investors (Tversky & Kahneman, 1974).
Anchoring is often mentioned in conjunction with the phenomenon called the disposition effect, which implies the behavior of investors to prematurely
sell their successful investments and hold their unsuccessful investments for too long (Shefrin & Statman, 1985). Both these behaviors can be explained
by Prospect Theory. Together, the story emerging from the literature above indicates a fairly stable body of biases, such as overconfidence and herding,
surrounded by additional behaviors that depend on the type of market, the level of expertise of the investors, and the research approach employed
(Goyal et al., 2022; Kumar & Goyal, 2015). What is missing from the literature until recently is a consideration of how these biases interact in an
increasingly algorithmic and Al-influenced environment, and how these interactions differ for different types of investors. The topics will be further
discussed below.

3.3. Demographic and Generational Variation in Behavioral Bias

There has been considerable amount of research conducted on behavioral biases according to gender, age, and experience, which is helpful in
understanding who would be impacted more by the concept of biases, trust, and literacy in the following paragraphs of this review. Differences in
gender were observed in a consistent manner, though not necessarily uniform, across studies. In studies involving individual investors, men have shown
a tendency towards significantly higher self-attributions, illusions of control, and overconfidence, while women have shown higher tendencies of regret
aversion and risk aversion (Barber & Odean, 2001; Aren & Hamamci, 2020). Likewise, findings among Indian investors reveal that women investors
are less prone to overconfidence bias compared to their male counterparts (Bashir et al., 2013). It is important to mention that some researchers have
proven the possibility for financial literacy to level out these gender-related disparities. People with higher financial literacy tend to demonstrate less
behavioral biases in general, and there is not much difference in performance between men and women anymore, which means that financial literacy
can act as an equalizer instead of just lowering biases (Lusardi & Mitchell, 2014; Goyal et al., 2022).

Another layer of complexity is brought by age and generation-related differences. In survey-based studies with financial professionals, younger
investors, who had less experience and education than their older counterparts, were more likely to see the effect of cognitive and emotional biases in
investment decision-making process, while older and more experienced professionals exhibited higher levels of confidence and optimism (Pompian,
2012). Studies into the impact of digital investing platforms revealed that younger investors exhibited a greater inclination to speculate and to trade in a
gambling-like way, interact more with crypto-currency markets, and used social media and influencers in the field more often when making investment
decisions (OECD, 2024; Xiao & Porto, 2022). Evidence is emerging about Generation Z investors, which states that exposure to digital investments
content makes them more vulnerable to behavioral biases like herding and overconfidence under highly volatile investment environment (Goyal et al.,
2022).

Adoption studies in fintech offer an alternative view on the matter. Research analyzing the use of digital banking and mobile financial services has
revealed that although all age groups tend to become more engaged in using financial technologies once access to digitization becomes available to
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them, the magnitude of the increase will be significantly higher in the case of younger respondents compared to older respondents (Morgan et al., 2019;
Venkatesh et al., 2012). This evidence confirms the hypothesis that the interplay of behavioral biases, trust in technology, and financial advice through
Al is not likely to impact all investors equally.

4. Trustin Al-Driven Financial Advice

4.1. Algorithm Aversion and the Trust Deficit

The literature concerning robo advisors and financial advisory tools based on artificial intelligence has expanded significantly from the moment when
the first robo-advisory services have come into existence after the 2008 financial crisis (Jung et al., 2018; Belanche et al., 2019). The one key factor that
appears repeatedly in the existing research is that trust, not availability or cost, plays the crucial role in the adoption of robo advice (Glikson & Woolley,
2020; Belanche et al., 2019). Specifically, there is research indicating that people tend not to accept advice of an algorithm even if it performs better
than humans do, which has been referred to as algorithm aversion (Dietvorst et al., 2015). In addition, people are less inclined to trust algorithms if they
make only one observable mistake even though they allow such mistakes when made by human beings (Dietvorst et al., 2015). Such asymmetry, in
which an error by the algorithm apparently undermines trust more deeply than a similar mistake by a human being, is among the most persistent insights
into the field of trust in the interactions between humans and machines (Glikson & Woolley, 2020; Logg et al., 2019). In this regard, the initial bad
experiences with financial instruments based on Al may have strong and persistent effects on future behavior.

4.2. What Builds Trust: Design, Neutrality, and Anthropomorphism

Under these conditions of doubt, there has simultaneously been a body of research that attempts to explore the elements that encourage trust in Al
financial tools. It is believed that the perceived objectivity of algorithms in comparison to human advice, their constant availability, as well as their
interactive and timely feedback may positively influence investor's confidence and prevent the manifestation of emotional reactions like panicking sell-
offs in times of market volatility (Belanche et al., 2019; Jung et al., 2018). There has been evidence found that anthropomorphic design elements like
names and avatars of Al along with conversational interfaces may increase perceived competence, trust, and dependence on these systems by increasing
cognitive and affective trust, especially in less experienced users (Glikson & Woolley, 2020; Longoni et al., 2019) .An international survey of young
retail investors also showed that initial levels of trust in robo-advisers were positively related to the tendency toward trust, albeit influenced by other
financial, social, and behavioral aspects such as savings behavior and performance expectations from investments (Belanche et al., 2019). The results
point to the interrelatedness between trust in Al and the psychological disposition of investors involved in the process.

Here we encounter a link between the literature on trust and the literature on behavioral biases discussed above. Overconfident investors may be more
inclined to experience algorithm aversion if Al-generated recommendations do not coincide with their beliefs (Barber & Odean, 2000; Dietvorst et al.,
2015), as they tend to have higher self-trust than trust in the outside opinion. At the same time, individuals with herding tendency may start trusting
robo-advisors more due to growing social acceptance and usage of the technology (Bikhchandani & Sharma, 2001). In recent studies in the field of
robo-advising and fintech, trust has been increasingly perceived as the mediator between antecedents and outcomes like risk mitigation, investment
performance, financial inclusion, and technology adoption (Belanche et al., 2019; Glikson & Woolley, 2020). Such approach is aligned with the
assumption that trust in Al is one of the channels through which psychological traits impact investment behavior.

4.3. Algorithmic Transparency and Explainable Al

One of the recent and emerging streams within the relevant literature pays attention not only to the trust of investors towards Al-supported financial
advice but also whether such trust is well justified by the reliability of the technology. This issue becomes crucial as regulators and business entities call
for increased accountability and transparency in algorithmic decision making processes (Arrieta et al., 2020; Rai, 2020). The empirical analysis of Al-
based fintech platforms shows that algorithmic transparency is one of the most powerful factors determining the level of investor trust, which influences
the attitudes and investment decisions of investors. Digital financial literacy and risk perception can be also considered as significant factors of trust
building in the context of technology-enabled financial services (Belanche et al., 2019; Morgan et al., 2019). As a general synthesis of XAl literature
shows, transparency and explainability may affect the level of trust and acceptance, but highlights the fact that empirical studies focus on robo-advisory
and fintech frameworks, thus failing to address the question of how transparency may help to build proper trust calibration, which would mean trusting
trustworthy recommendations and mistrusting untrustworthy ones, instead of increasing the usage rate regardless of the recommendations’ credibility
(Arrieta et al., 2020; Rai, 2020).

Such a distinction proves to be especially crucial to the discussion presented in this paper. Indeed, research conducted in the field of explainable
artificial intelligence suggests that people may demonstrate algorithm appreciation by embracing explanations produced by Al when the latter confirms
their initial beliefs and neglecting the explanations that contradict the existing presumptions (Logg et al., 2019). Thus, explainability can prove to be
ineffective in overcoming the biases, and it can give another avenue for biases like confirmation bias to act. Experimental research related to the
interface of explainable Al has confirmed that not only the quality of explanations but also users' initial beliefs and predispositions can influence the
effect of explanations (Gregor & Benbasat, 1999; Rai, 2020). Therefore, the approaches of transparency and explainability cannot be considered merely
technical methods for resolving the problem described in the literature on algorithm aversion. They can interact with the psychological tendencies
already inherent in the behavior of investors in different ways (Arrieta et al., 2020; Rai, 2020).

Indeed, the connection between behavioral bias, transparency and trust in the context of Al is more theory-driven than empirically proven. Indeed, a
large portion of both robo-advisory and Al trust literature has developed separately from the classical behavioral finance literature, being primarily
based on theories of technology acceptance, human-computer interactions and relational marketing-based approaches to understanding the concept of
trust (Venkatesh et al., 2012; Glikson & Woolley, 2020), while the behavioral finance approach is always based on Prospect Theory and heuristics-and-
biases models (Kahneman & Tversky, 1979; Tversky & Kahneman, 1974). Thus, what we have in the end is a literature that reflects two streams of
research that are related to each other but not entirely integrated with each other and that explore the way in which biases influence decision-making and
transparency and trust affect the adoption of Al respectively.
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5. Regulatory and Ethical Considerations

5.1. Fiduciary Duty Applied to Algorithmic Advice

These dynamics of trust and transparency are not operating in a regulatory void, and an ever-increasing amount of practitioner-focused as well as legal
literature has looked at the applicability of existing fiduciary and suitability regimes in the context of Al-based financial advice (Baker & Dellaert,
2018; SEC, 2017). Specifically, in the United States, the Securities and Exchange Commission (SEC) has taken the stance that the concept of a
fiduciary is related to the nature of the financial advice offered, and not the process through which it is given, thereby meaning that robos must follow
the same standards of care and loyalty as their human counterparts and that automation has not created a lesser form of regulation (SEC, 2017). Recent
examination priorities of the SEC have also addressed the increased usage of artificial intelligence by advisory firms, especially in the context of
portfolio management, trading, and marketing (SEC, 2024). Similar developments have been seen on an international scale. Regulatory authorities like
the UK Financial Conduct Authority (FCA), European Securities and Markets Authority (ESMA), and Monetary Authority of Singapore (MAS) have
mostly followed the principle of substance over form, whereas the Artificial Intelligence Act and the Digital Operational Resilience Act (DORA) of the
European Union have added new requirements for transparency, accountability, operational resilience, and risk management during the Al lifecycle
(European Parliament & Council of the European Union, 2024; ESMA, 2023; FCA, 2022).

This regulatory convergence is directly applicable to the literature on trust presented in Section 4. If the fiduciary duty mandates that Al-powered
advisory operates in the best interests of the client no matter what delivery mechanism is used, then the investor trust in Al can also be viewed not only
as trust in technology but also as trust in regulation (SEC, 2017). It is worth mentioning that enforcement activities concerning misleading statements
regarding the application of artificial intelligence, which are called “Al-washing,” demonstrate that the differences between the capabilities of
algorithms advertised and their true capabilities have become an issue for regulators (SEC, 2024). Such phenomena can be related to the literature on
algorithm aversion because the frequent misleading of the investors concerning capabilities of Al might negatively affect the baseline willingness to
trust the algorithm as suggested by various models of Al adoption (Dietvorst et al., 2015; Glikson & Woolley, 2020).

5.2. Ethical Considerations: Bias, Fairness, and Investor Vulnerability

In addition to this, there is a body of ethical literature that focuses on other aspects besides disclosure and fiduciary responsibilities regarding fairness
and the design of Al advisory systems themselves. The scholars who are concerned with the ethical issues regarding Al-based financial advisory
suggest that in addition to the competency of these systems, their trustworthiness, accountability, cybersecurity, and autonomy are the other factors
influencing the adoption of such systems (Arrieta et al., 2020; Mittelstadt et al., 2016). Some authors even suggested a system of certification and
ratings which would give investors an opportunity to assess these qualities (Floridi et al., 2018).

This ethical theory relates to the results obtained from the study of the demographic factors mentioned in Section 3.3. Considering that young,
inexperienced, and financially illiterate people are more prone to certain types of cognitive errors and more likely to place blind faith in online finance
services, they might be considered a target of increased investor protection efforts (Lusardi & Mitchell, 2014; OECD, 2023). This problem is also
reflected in the regulatory statements on the need for special attention to new financial technologies and the way they relate to retail investors (FCA,
2022; SEC, 2024).

In combination, the two bodies of literature provide an institutional element to the psychological approach that was introduced in Sections 3 and 4. Not
only is trust in investment advice provided via Al based on the characteristics of the algorithm and transparency and the biases of the investor but also
on the integrity of the regulatory and disclosure environment within which it is set (Arrieta et al., 2020; SEC, 2017). In future research, an investigation
of the connections between biases, trust, and financial literacy could thus be strengthened by including factors related to investor awareness of
regulations and fiduciary obligations.

6. Financial Literacy as a Conditioning Factor

In addition, the other literature stream focuses on financial literacy as another factor which has an impact, and usually mitigates, the impact of behavioral bias on
investment. Financial literacy, which is a broader term used to refer to the knowledge and skills required to make sound financial decisions, affects financial
decision making, financial well-being, and risk-taking behaviors in many different settings (Lusardi & Mitchell, 2014; OECD, 2023). Financial literacy has
generally been assessed through standardized tools assessing understanding of financial concepts like compound interest, inflation, and diversification of risk
(Lusardi & Mitchell, 2014). In the special case of behavioral bias, review literature suggests that financial literacy is a moderating variable that mitigates the
negative impact of behavioral biases on investment-related risk perception and decision making. Investigations undertaken in developing markets have also
explored the same two variables, financial literacy and investor experience, as moderators of the effect of behaviorial biases, including heuristics and herding on
investment decisions, treating financial literacy as an asset that helps investors process information in spite of their inherent cognitive biases (Bashir et al., 2013;
Goyal et al., 2022).

In this context, the gender-related literature mentioned above brings in an interesting dimension. It does not seem as though financial literacy just eliminates
behavioral biases across all investors; rather, it helps reduce the difference between various sub-groups. Research reveals that the difference between genders in
terms of behavioral biases like self-attribution, confirmation bias, and over-confidence is significantly lesser in investors who are highly financially literate than in
those who are less financially literate (Lusardi & Mitchell, 2014; Goyal et al., 2022). In summary, the academic literature is fairly unanimous regarding a
conclusion that financially savvy investors are prone to exhibit biases as well, yet they seem to be better prepared to acknowledge their effects and reduce them
when making investment decisions (Lusardi & Mitchell, 2014). Nevertheless, there is scarce evidence on the role of financial literacy in Al-based investment
frameworks, since previous moderation analyses have mostly concentrated on conventional investment options.
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7. Digital Financial Literacy and the Digital Turn

With the digitization of financial services, studies have suggested that just financial literacy is not adequate for the functioning of individuals in digital financial
environments. Thus, the construct of digital financial literacy has been developed by researchers to define the abilities and competencies that are required to safely
and effectively use digital financial products and services by making informed decisions in digitally-mediated environments (Morgan et al., 2019; OECD, 2023).
As compared to financial literacy, whose measurement has been in practice for a long time, digital financial literacy is a relatively new construct about which
debates regarding its exact definition and measurements are still ongoing (Morgan et al., 2019). Dimensions of digital financial literacy commonly used in studies
include knowledge of digital financial products, understanding of digital financial risks and cybersecurity issues, digital financial technology competency, and
digital consumer protections (Morgan et al., 2019; OECD, 2023).

Empirical research usually indicates that digital financial literacy is a crucial predictor of financial decision-making in digital settings. For example, Indian studies
reveal that digital financial literacy serves as an independent and mediating variable of financial decision-making and financial well-being in conjunction with
financial capability and financial autonomy (Rastogi et al., 2022). Additionally, research related to women investors has indicated that digital financial literacy and
financial attitudes in combination with perceived behavioral control are crucial determinants of financial decision-making and investment intentions (Ajzen, 1991;
Rastogi et al., 2022). In connection with the Al-trust literature reviewed above, research on trust in fintech platforms has revealed that digital financial literacy is a
crucial predictor of trust in fintech, which means that it not only increases digital financial literacy but also contributes to the ability of investors to trust Al-based
financial systems (Belanche et al., 2019; Morgan et al., 2019).

From this body of literature, one recurring implication is that digital financial literacy operates somewhat differently than traditional financial literacy. Digital
financial literacy becomes particularly relevant in contexts where decision-making is dependent on digital interfaces, something that is a defining feature of Al-
driven investment platforms (Morgan et al., 2019). Nonetheless, an important research gap remains. While there is more empirical evidence in favor of the
hypothesis that digital financial literacy is a determinant of trust compared to that of its role in moderating the link between trust and investments, it is not known if
digital financial literacy just affects trust but does not impact investments based on trust.

7.1. Summary of Key Studies

Table 1 summarizes a selection of the studies discussed above, organized by focus area, to give an at-a-glance view of how the literature's various
strands relate to one another before turning to the full synthesis.

Table 1. Summary of Selected Studies across the Reviewed Literature

Focus Area

Representative Study

Key Finding

Context

Overconfidence & trading  Barber & Odean (2000)

Overconfident investors trade more and earn lower net
returns

U.S. retail brokerage
accounts

Systematic review of
biases

Goyal et al. (2022)

Institutional investors herd more; individuals show more
overconfidence

Systematic literature
review

Gender & bias Lusardi & Mitchell (2014)

High financial literacy narrows gender gaps in bias

Cross-study synthesis

Algorithm aversion Dietvorst, Simmons &

Massey (2015)

People avoid algorithms after seeing them err, even when
accurate

Experimental / forecasting

Trust in robo-advisors Belanche et al. (2019)

Initial trust tied to propensity-to-trust,
behavioral factors

moderated by

Cross-country, young
investors

Algorithmic transparency  Arrieta et al. (2020)

Transparency and explainability shape trust and acceptance

Broader XAl literature

of Al systems synthesis
Financial literacy Bashir et al. (2013) Financial literacy and experience moderate the bias-to- Pakistan, individual
moderation decision relationship investors

Digital financial literacy Rastogi et al. (2022)

DFL is a direct and indirect predictor of financial decision-
making and well-being

India, emerging economy

Source: Author’s Own Work

8. Synthesis: Toward an Integrated Understanding

Taken as a whole, however, these four bodies of research paint a complex picture rather than a single, coherent one. First, the literature on behavioral biases
demonstrates quite convincingly that such psychological elements as overconfidence and herding play a significant role in investment decision-making,
irrespective of the technology being used for such decision-making and irrespective of the investor's gender, age, and experience. Second, the literature on trust and
trust mechanisms proves, to some extent more theoretical than empirical, that trust is a gatekeeping factor, deciding whether an Al-based recommendation is acted
upon or not, and that such trust is determined not only by the design and transparency but also by the investor's psychological makeup.

Indeed, the growing field of explainability literature offers a helpful addition to this story in arguing that increased transparency does not necessarily imply
properly calibrated trust due to the presence of individual biases among investors, namely confirmation bias. The financial literacy literature suggests that financial
literacy helps mitigate the influence of bias on decision-making in the case of traditional investments and likely does so to a different extent among various
demographic segments. Finally, the digital financial literacy literature demonstrates that there is another type of competence that influences financial decision-
making in a digital environment, including an Al-based one, and there has been at least one relevant study published recently.

None of the studies mentioned here considers all of these concepts within the same design, and this fact in itself says something significant about the state of the
research at hand: research in this area has evolved along adjacent tracks, with researchers working in behavioral finance investigating bias and its demographics,
scholars in technology adoption and human-computer interaction investigating robo-advisor trust and explainability, and scholars in financial literacy investigating
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how literacy can be a protective factor, all largely not speaking to each other. The story is one of a field where all the building blocks have been gathered to
understand the relationship between bias, trust, transparency, and literacy and their influence on investment behavior through Al, except for one empirical puzzle.

9. Gaps and a Future Research Agenda

These gaps can be identified from the review of literature above. Firstly, there is very little research linking the existence of particular biases and the trust people
exhibit towards Al-based investment instruments. Most studies either investigate the connection between the former concept and traditional decision-making or the
latter concept and the use of robo-advisors, but hardly do researchers ever consider the two topics simultaneously using one and the same dataset. Secondly,
although there has emerged some data suggesting the connection between digital financial literacy and trust, the former concept's moderating effect on the latter
one has never been studied.

The third point of departure involves the algorithmic appreciation effect noted in the explainable Al literature, whereby confirmation bias influences the way in
which investors interpret Al explanations, and whereby this effect has been discussed primarily in conceptual terms without any empirical testing of this
phenomenon relative to the classic behavioral biases found in the finance literature. The fourth point involves the fact that much of the existing trust in Al literature
employs cross-sectional designs, such that questions of trust dynamics — especially after algorithmic error — remain an open issue, especially considering the
findings of the algorithm aversion literature, wherein a single error asymmetry is noted, which implies slow recovery compared to formation of trust.

Furthermore, the demographic literature surveyed here, which includes literature on gender, age, and generational bias and engagement with fintech applications,
has largely evolved separately from both the Al-trust and the Al-literacy literature, although the results from each clearly indicate that they probably interact, with
an investigation into how patterns of demographic bias influence differential trust in and usage of advice provided by Al applications needed. Lastly, the regulatory
and ethical literature reviewed in Section 5 has largely been generated thus far by legal researchers and practitioners, rather than behavioral finance researchers,
with no studies here measuring how awareness of fiduciary protections or regulatory oversight influences individual trust in, and susceptibility to bias in the usage
of, Al applications. Seven, a great majority of the behavioral bias research literature and a significant number of the digital financial literacy research also use
country-specific or region-specific samples, like those of India, Pakistan, Egypt, and Taiwan in some of the articles reviewed here. This brings into question the
generalizability of the findings to other markets with varying degrees of fintech adoption and varying demographic makeups.

Such gaps point toward what could be seen as a relatively straightforward research agenda for future empirical research: investigations that assess behavioral
biases, trust in Al, perceptions of algorithmic transparency, financial literacy, and digital financial literacy simultaneously in one group of investors; experimental
designs that enable the examination of whether the quality of explanations moderates the influence of the investors' existing biases as proposed by the algorithmic
appreciation hypothesis; longitudinal designs that enable an assessment of how trust in Al varies over time or as a result of manipulation of transparency and
mistakes in particular of asymmetric recovery from mistakes in algorithms; and cross-national/cross-demographic comparisons in order to evaluate whether the
findings of previous single-market/single-demographic studies apply more generally.

10. Conclusion

This narrative review has attempted to examine the evolution of the literature on behavioral biases in investment along with four newer fields. These fields are
financial advice through Al technology, increased focus by scholars and regulators on algorithmic transparency and explainability, regulation and ethics on the
issue of fiduciary duty and investor protection in relation to algorithmic advice, and increased focus on financial and digital financial literacy as contextualizing
factors. The four fields are, on their own, individually developed fields, and they have already begun, in some cases, to interface with each other as seen in the
recent research on the relation between digital financial literacy and trust in fintech, concerns of confirmation bias influencing the reception of Al explanations, and
regulatory guidelines that make it clear that fiduciary duty applies to algorithmic advice in any form.

Nonetheless, they have evolved almost in parallel and not through a constructive dialogue with each other. The combination of the two in a narrative framework
would imply the presence of a well-elaborated but empirically untested theory that links behavioral biases, themselves varying depending on the characteristics of
gender, age, and experience, to not only investment decisions but also the investors’ trust in the Al-powered tools. This trust is, in turn, influenced by the extent of
Al system’s transparency and the credibility of the regulatory environment, whereas the presence of financial and digital financial literacy acts as a buffer
moderating the intensity of these influences. In light of the increasing embedding of the use of Al in investing, growing calls of regulators for algorithmic
transparency and greater activity related to exposing overstated Al capabilities, it is clear that filling these gaps in behavioral finance would become an important
area of research in the future.
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