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The mini review assesses the value propositions of robo-advisors through

the lens of behavioral finance. Despite their promise of data-driven, rational

investment strategies, robo-advisors may not fully replicate the personalized

service of human financial advisors or eliminate human biases in decision-

making. A content analysis of 80 peer-reviewed articles and publications was

conducted, focusing on the intersection of financial technology and behavioral

finance. Literature was retrieved using The Chicago School University Library’s

OneSearch and the EBSCO host database, with key terms including “robo-

advisor,” “investment behavior,” “risk tolerance,” “financial literacy,” and “a�ective

trust.” The review identifies four key limitations of robo-advisors: (1) their inability

to replicate the service-relationship of human advisors; (2) the presence of

human bias in supposedly rational algorithms; (3) the inability tominimizemarket

risk; and (4) their limited impact on improving users’ financial literacy. Instead,

robo-advisors temporarily compensate for a lack of financial knowledge through

passive investment strategies. The findings suggest that integrating behavioral

finance principles could enhance the predictive power of robo-advisors, though

thiswould introduce additional complexities. The review calls for further research

and regulatory measures to ensure that these technologies prioritize investor

protection and financial literacy as they continue to evolve.

KEYWORDS

behavioral finance, robo-advisor, investment behavior, risk, a�ective trust, financial
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1 Introduction

The financial sector is undergoing a large-scale transformation that is strongly

characterized by the emergence of novel financial technology (FinTech) and its

applications. With the rising accessibility of digital financial products, society’s interest in

participating in the capital market has continued to increase over the past years because of

higher exposure and awareness of these new products. This is reflected by the increase

of active stock holdings in U.S. households to by 2019 (Bleck, 2021). However, asset

management is not done by private individuals alone, but instead accompanied by the

support of professional financial advisory. In the digital age, this service is increasingly

covered by online applications and so-called robo-advisors in particular who present a

new form of competition and strategic advantage alike to traditional financial advisors.
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Robo-advisors provide data-driven, customized investment advice

though automated online platforms in a low-cost manner (Beketov

et al., 2018; Belanche et al., 2019; Garg et al., 2023; Hildebrand

and Bergner, 2021; Sironi, 2016; Pietersen et al., 2021; Wexler

and Oberlander, 2021). They do so by leveraging accessible

market data, user insights, and customer preferences to derive

tailored investment predictions and recommendations based on an

advanced artificial intelligence model.

1.1 Background and rationale

The compound annual growth rate (CAGR) of assets under

robo-advisor management between 2023 and 2027 is predicted

to be at 13.46% globally—tendency rising (Statista Market

Insights, 2023). Today, Vanguard, Schwab Intelligent Portfolios,

Betterment, or SoFi belong to the most renowned robo-advisor

providers. On the one hand, it is important to understand

the value proposition of robo-advisors as well as how their

providers claim to realize this strategic advantage over traditional

human financial advice. Therefore, it is pivotal to evaluate the

interaction between customers and robo-advisors to understand

the technology’s functionality and means of application in a critical

manner. Providers of robo-advisors claim to realize investment

decisions “on the go,” whilst reducing investors’ potential risks

of biased decisions by providing individuals with experienced,

data-driven advice. Yet, they cannot influence natural human

attitudes, personal preferences, or the emotional states during an

investment decision, e.g., responses to market dynamics or news.

Put differently, robo-advisors try to “de-humanize” the investment

process to minimize risks whilst maximizing financial returns.

However, it is questionable to what extent robo-advisors can do so

and whether it is beneficial.

In the literature, the rise of behavioral economics is

characterized by the opposite trend: integrating, or rather

“humanizing,” neoclassical economic models by replacing the

rational homo economicus with the idea of a human being.

According to this notion, behavior is not the consequence of perfect

evaluation or utility maximization, but the product of affective

states, cognition, information processing, and bounded rationality

(Simon, 1955; Thaler, 2016). Herein, behavioral finance is a subset

of behavioral economics that views financial phenomena from

a psychological perspective and integrates behavioral dimensions

into the economic principles of modern portfolio theory and

asset pricing theorems (Moreira Costa et al., 2021; Sent, 2004;

Shefrin, 2009; Maier-Paape and Zhu, 2018). Behavioral economics

and behavioral finance are evolving fields that propose novel

approaches to economics, whilst at the same time complementing

and enhancing the predictive power of economic models through

the integration of human dimensions to offer explanations for

real-life scenarios.

1.2 Objectives

The aim of this mini-review is to evaluate and contrast the

value propositions of robo-advisors in the context of behavioral

finance literature. Specifically, it focuses on the contrast between

the data-driven, rationalized nature of robo-advisor technology

and the insights derived from behavioral finance. The mini review

proposes four key claims to structure its analysis. First, robo-

advisors, being algorithmic systems, cannot replicate the nuanced

service-relationship offered by human financial advisors. Second,

despite their promise of objective and rational decision-making,

robo-advisors cannot fully eliminate the human element, as the

data they rely on inevitably contains subjective components. Third,

robo-advisors are unable to mitigate market risks, such as the

volatility of individual assets, due to the multitude of external

factors that influence overall market conditions. Lastly, contrary

to expectations, robo-advisors may not significantly enhance users’

financial literacy. Instead, they tend to compensate for a lack of

financial expertise by offering passive investment strategies that do

not actively engage users in the learning process. This mini-review

critically examines both the advantages and limitations of robo-

advisors within this framework and concludes with a discussion of

their broader implications for the financial industry. It is important

to note that this mini review will not deep dive into advanced

technological implications of the technology as it relates to machine

learning, coding, or data analytics, nor will the review focus on

ethical considerations that are of importance in this emerging field.

1.3 Methodology

The researcher chose to write a mini review to provide a

concise and condensed summary of the current state of research

within this novel field of interest whilst also pointing out future

directions of research and important developments (Bioelectronic

Medicine, 2024). In the context of robo-advisor technology, a

mini review allows to distill the essential findings or debates

on the rising technology and its value proposition as well as

current shortcomings, offering a clear, focused synthesis of the

latest research in the field. By integrating contrasting perspectives,

the mini review does not only summarize the current literature

and points out existing gaps but integrates different perspectives,

such as the interplay between robo-advisors’ algorithmic logic and

human behavioral finance. It is acknowledged that the review

is not exhaustive of the entire body of literature existing in

the field. Literature was retrieved using The Chicago School

University Library’s One Search and the EBSCO host database.

Peer-reviewed articles and book entries between 1955 until 2024

were integrated into the analysis. Key words were chosen based

on concepts that were assumed to influence service relationships

and investment decisions. These included but were not limited to:

“robo-advisor,” “investment behavior,” “risk tolerance,” “financial

literacy,” and “affective trust.” Ethical considerations, regulatory

issues, or advanced technological evaluations are out of the

paper’s scope.

2 An introduction to robo-advisor’s
functionality

Before evaluating the four outlined claims, it is important

to understand what robo-advisors are, how they operate on a
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high-level, and which alleged human shortcomings the technology

seeks to compensate for. The current state of the literature

differentiates between static robo-advisors and conversational,

also called generative, robo-advisors. For example, robo-advisors

can be found on online banking platforms or digital investment

hubs. Hereby, static robo-advisors will use questionnaire-driven

risk assessments to define a customer’s overarching risk profile,

investment goals, or preferred asset classes as well as the amount

and timeline of the envisioned investment. Based on the provided

user data and the available market data, the robo-advisor will

set up an investment strategy and corresponding portfolio for

the customer to initiate the passive investment process (Alsabah

et al., 2019; Beketov et al., 2018; Semko, 2019). Today’s advanced

technology allows for higher level of automation through artificial

intelligence and algorithmic methods for portfolio optimization,

which allows the robo-advisor to fully monitor and conduct the

passive investment strategy on its own.

The newest generation of robo-advisors uses chatbot

functionalities in addition to risk assessments to interact with

new investors. These conversational robo-advisors integrate social

cues, such as colloquial language or the use of emojis, to mimic a

human-like two-way conversation (Hildebrand and Bergner, 2021;

Thomaz et al., 2020). The advanced technology seeks to customize

financial advice by creating a sense of relationship between the

customer and financial institution. For example, providers hope

that the use of emojis or user-adapted languages creates feelings

of affective trust toward the robo-advisor, which is the outcome

of turn-taking in an anthropologic chat design (Hildebrand and

Bergner, 2021; Thomaz et al., 2020).

The technology behind robo-advisors shall not be the focus

of this mini review, yet the core means of functionality shall be

explained to understand how this FinTech application operates.

According to a review of 219 robo-advisor systems, the following

workflow pattern can be observed across robo-advisor applications:

Following the user profiling and the review of available market

data and financial products of the institution, suitable assets are

selected and then allocated through Modern Portfolio Theory. To

do so, the robo-advisor will use its foundational data model or any

existing sample portfolio. The more individualization the better,

the more complex the algorithm needs to be to ensure customer

expectations are met and to allow for a continuous rebalancing

of the created investment portfolio (Beketov et al., 2018; Semko,

2019). To enhance this process further, the use of artificial neural

networks, a sub-domain of machine learning, may become the new

state of the art approach to robo-advisor applications. Machine

learning allows us to train the robo-advisor algorithm, leading to

continuous improvement of the investment recommendations.

The continued evolution of this technology holds the promise

that robo-advisors will potentially be able to perform the advising

functionality that they have been designed for in the first place. It is

expected that the application will improve gradually as more user

feedback becomes available. The more data input the algorithm

receives through the financial market environment as well as the

clients’ behavior, the more dynamic and sophisticated the data

model becomes (Guresen and Kayakutlu, 2011; Semko, 2019).

Hereby, neural networks use non-linear learning algorithms which

simulate the activity of biological neurons to collect information

and interconnects it continuously, posing the opportunity to

detect and mitigate irrational behavioral patterns, such as biases,

in human investment behavior that cannot be fully rebalanced

through traditional Modern Portfolio Theory (Beketov et al., 2018;

Guresen and Kayakutlu, 2011; Semko, 2019). Following this brief

introduction to robo-advisors’ functionality, the mini review will

now evaluate the four proposed research claims by building on the

current state of research.

2.1 Robo-advisors are algorithms and not
advisors

Trust is an integral part of the formation of relationships. In

the financial services industry, investing is considered a segment

in which customers require knowledge that usually exceeds their

personal know-how, making them dependent on skilled financial

advisors to assist them in making informed financial choices.

Investment banking is a personal field, requiring both high

customer involvement and a strong foundation of trust. The

term robo-advisor implies that a robot will provide a form

of (financial) advice to the customer. How individuals respond

to financial information does depend on multiple factors, such

as how the information is being processed and portrayed, the

perceived credibility of the message sender, as well as perceived

level of affective trust toward the advisor. Advice, especially in

the service industry, is delivered through speech and means of

communication. It is a form of providing help that is either

accepted or neglected (Torrey et al., 2013) and hence seems to go

hand in hand with the concept of persuasion.

The current state of research on information processing

does not adhere to one unifying theory but often differentiates

between two distinct modes, reflected in dual-process theories.

These modes, or systems, are characterized by different cognitive

features. System 1 thinking is fast, intuitive, and based on

past experiences, leading to automatic responses, while System

2 thinking requires more cognitive effort, engaging conscious,

analytical reasoning (Evans and Stanovich, 2013; Frankish, 2010;

Kahneman, 2011, 2003; Tversky and Kahneman, 1974). Although

neither system is inherently superior, both can be susceptible to

judgment errors. In financial decision-making, System 1 thinking

may employ heuristics, using mental shortcuts to simplify the

complex processing of financial information (De Bondt and Thaler,

1994; Petty and Cacioppo, 1979). Rather than providing a broad

overview of dual-processing theories, the focus here is on how

robo-advisors specifically engage these cognitive systems. Robo-

advisors are designed to reduce reliance on the investor’s System

1 thinking by automating many of the intuitive, heuristic-based

decisions that investors might otherwise make. This minimizes

the risk of hasty judgments and biases typically associated with

System 1 processing. Instead, by streamlining the decision-making

process, robo-advisors aim to free up cognitive resources, enabling

investors to engage more fully in System 2 thinking. This deeper,

more deliberate evaluation allows investors to better assess the risks

and benefits of the proposed investment portfolios (Darškuviene

and Lisauskiene, 2021; Jung et al., 2018). Consequently, the robo-

advisor is designed to act as a cognitive aid, enhancing the investor’s
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ability to make more informed, rational decisions without the

cognitive overload often associated with manual financial analysis.

For example, this is done by realizing passive investment strategies

on behalf of the customer which merely requires hir or her

agreement to initiate the investment process.

Yet, the interaction between a robo-advisor and a customer

poses a new form of service relationship that is less characterized by

social interaction and exchange, also referred to as turn-taking. A

lack of human-to-human interaction yields the question of whether

robo-advisors can form relationships. Also, it poses the question

whether they can ultimately be considered a credible and trustful

advisor. Information is perceived as attractive, valid, and lastly

trustworthy if the sender is confident in the message’s content

and the expertise of the sender (Wu and Wang, 2011). However,

credibility as an antecedent of trust is evaluated differently in robo-

advisors as opposed to human financial advisors. The latter are

measured against their perceived level of performance, the trust

in the advisor and the financial institution, as well as the ability

to provide accurate investment advice. In contrast, the credibility

of robo-advisors is also determined by the level of trust toward

the technology itself (Johnson and Grayson, 2005; Zhang et al.,

2021). Yet, for the customer segment between the age of 18–35, the

technology’s data-driven nature has been found to favor credibility

of robo-advisors. Older customer segments prefer the apparent

interpersonal cues of the human financial advisor (Chua et al., 2023;

Wu and Wang, 2011; Zhang et al., 2021).

It follows that different customer segments seem to put different

emphasis on two dimensions of trust: cognitive trust and affective

trust. Cognitive trust relates to the perceived level of competence

and an individual’s confidence therein (Hildebrand and Bergner,

2021; Johnson and Grayson, 2005), whilst affective trust describes

a subjective, emotional dimension of trust between two or more

parties that depends on the perceived level of social connection

or the quality of relationship. However, affective trust remains

the most integral part of a service relationship and determines

a customer’s willingness to put trust into the (financial) service

provider (Hildebrand and Bergner, 2021). Ultimately, a customer’s

willingness to invest with the support of a robo-advisor again

will depend on the achieved return on investment. Whether an

investment is considered profitable or not depends on different

factors: First, the investor will consider the total monetary gain

that has been achieved. Second, the investor will evaluate to what

extent the investment has contributed to achieving the personal

investment goals. Because the process of following and acting

on advice is completely reflected by the robo-advisor’s passive

investment strategy toward the customer’s predefined investment

goals, robo-advisors are rather an intelligent algorithm than an

advisor. Financial advising is a profession in which trained financial

advisors support individuals to reach their financial goals. For a

fee, customers benefit from the advisor’s expertise and allow them

to manage their finances, e.g., by defining investment strategies

or designing suitable portfolios (Aiken-Wisniewski et al., 2015;

Napoletano, 2020). In contrast, an algorithm can be defined

as logical steps or a computer program’s execution path to

reach a clearly defined goal. The performance of an algorithm

is determined by its effectiveness and its reliability of results

(Carstensen, 2024). However, this evaluation will depend on

predefined performance indicators and the ability to measure

reliability. In contrast, the prior findings underline that a successful

service-relationship is determined by its ability to act on the

expectations of the customer, and most importantly by the feeling

of trust and social exchange which can only be achieved through

continuous relationship-building in a human-to-human context.

Therefore, the authors believes that robo-advisors should be

considered algorithms, not true advisors.

2.2 Robo-advisors cannot uphold
unbounded rationality

Robo-advisors claim to be rationally acting agents that

uphold complete rationality by leveraging data instead of human

behaviorism or intuition. Yet, in real life, robo-advisors cannot

uphold unbounded rationality due to inherent limitations in both

data and algorithms. Whilst they process vast amounts of financial

information rapidly, this does not guarantee that all investment

options are fully considered or that future outcomes can be

accurately predicted (Kalantari, 2010; Schwarz et al., 2022; Simon,

1955, 1991). In contrast, human investors face cognitive limitations

that prevent them from being aware of all market possibilities or

portfolio combinations. More specifically, investors often rely on

mental shortcuts (heuristics) or their prior experience to simplify

complex financial decisions, which can introduce biases (Costa

et al., 2019; Petty and Cacioppo, 1990; Shefrin, 2009; Kahneman

and Tversky, 1979; Kahneman, 2003; Tversky and Kahneman,

1974).

Robo-advisors themselves are limited by the quality of the data

they process and the algorithms they use. Although they reduce

reliance on human intuition, their predictive power is determined

by the algorithms designed by humans, who are inherently

influenced by their own cognitive biases. Every robo-advisor

provider uses a unique algorithm created by individuals, which

means the technology cannot be completely free from human

affect, cognition, or opinion (Luo et al., 2024). Furthermore, robo-

advisors base their predictions on historical market data—such as

stock prices, company valuations, and macroeconomic trends—

data that reflects both systematic market factors and individual

behaviors. Therefore, despite the sophisticated processing power

of robo-advisors, any recommendations they make may still carry

biases from the data itself. Investment decisions are inherently

decisions under uncertainty, and no form of financial advisory

can guarantee perfect outcomes. Robo-advisors use algorithms

grounded inModern Portfolio Theory (MPT) to solve optimization

problems, but these algorithms may not always align with the

investor’s goals. The “correctness” of financial decisions made by

robo-advisors depends on the goals defined by their underlying

algorithms, which may not always prioritize the profit-maximizing

strategies expected by the investor (Beketov et al., 2018; Semko,

2019; Carstensen, 2024). As a result, while robo-advisors may

process financial data accurately according to their models, they do

not necessarily make optimal choices for the investor.

Lastly, the author argues that bounded rationality and human

dimensions should be integrated into robo-advisor models. Simon
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(1955, 1991) introduced the concept of bounded rationality

to address the limitations of neoclassical theory and abstract

economic models. He emphasized that human behavior, while

often considered “irrational,” provides valuable insights into real-

life economic decisions. Rather than striving for unattainable

perfect rationality, robo-advisors should aim to incorporate

human factors—such as perception and affect—into their data

models, which would better reflect the complexities of real-world

investment scenarios. Bounded rationality can therefore be seen as

a strength, helping to create models that more accurately mirror

how investors behave.

2.3 Robo-advisors cannot lower stock- or
market risks

In addition to unbiased rationality, robo-advisors also claim

to reduce investment risks by providing passive investment

strategies at low cost. Whilst other researchers have highlighted the

shortcomings of robo-advisors to accurately understand and reflect

investors’ risk preferences in the passive investment strategies

(Severino and Thierry, 2022), the author also argues that robo-

advisors may not lower the overarching stock- or market risks.

Instead, robo-advisors are designed to minimize the risk within a

diversified portfolio by continuous rebalancing whilst seeking to

meet the investor’s financial goals (Beketov et al., 2018; Semko,

2019). In theory, robo-advisors aim to construct portfolios that

balance high potential returns with the lowest possible volatility

according to the investor’s risk profile. However, investment

decisions remain fundamentally decisions under uncertainty. Even

with the advanced data-processing capabilities of algorithms, no

model can fully account for all sources of uncertainty or eliminate

the risk inherent in investment decisions. While robo-advisors

may be more effective than human investors at balancing risk

based on historical data, their ability to manage future risks

remains limited by the unpredictable nature of markets and the

inherent uncertainties of investing. Thus, while robo-advisors can

enhance the accuracy and efficiency of risk management, they

cannot overcome the fundamental unpredictability and complexity

of financial markets (Elbannan, 2014; Sharpe, 1964).

Considering the above findings, it becomes apparent that

an investor’s stated low risk preference may lead to different

rebalancing strategies depending on how the algorithm of the robo-

advisor is designed and that a low-risk portfolio may also contain

high-risk assets which are merely compensated by diversification.

Further, the paragraph above has highlighted, that financial markets

are also prone to external influences and human dynamics which

lead to irregularities or sudden market fluctuations, which in turn

trigger structural changes on the financial market (Luo et al., 2024).

Volatility of a stock price is a potential risk, because it reflects

the degree of price fluctuation. Some stocks are more volatile than

others, yet volatility is a normal market phenomenon (Measuring

and Managing Market Risk, 2024; Rosenberg, 2022). Often, the

degree of volatility, expressed by the beta-value, is measured against

a stock index to allow investors to drive meaningful comparisons.

In addition, the alpha value of a stock reflects its performance

relative to a market index and indicates whether the stock is

outperforming or underperforming. However, these values do

not operate in isolation; they interact with other risk factors,

creating a complex risk profile. For a robo-advisor to minimize

the total risk of an investment, its algorithm would need to

reduce both the individual risks of each asset and the risks

arising from the interaction between these factors. This presents a

significant limitation. According to the Capital Asset PricingModel

(CAPM), investment risk can be divided into two broad categories:

individual stock risks and market risks (Elbannan, 2014; Sharpe,

1964). While robo-advisors can address stock-specific risks by

selecting assets with low volatility, they cannot influence ormitigate

the volatility itself. Stock-specific risks, such as those related to

company performance, industry dynamics, or other idiosyncratic

factors, remain present, and a robo-advisor’s algorithm can only

manage these risks by diversifying the portfolio and choosing assets

based on the investor’s risk tolerance. However, this management

is reactive rather than preventive, meaning the algorithm cannot

prevent stock-specific volatility from affecting the portfolio.

Furthermore, systematic market risk, which stems from

macroeconomic factors, geopolitical events, and broad market

fluctuations, poses a particular challenge to robo-advisors.

Systematic risks are beyond the control of any advisor, human or

robo, as they are inherent to the market itself. Although robo-

advisors can balance portfolios in a way that aligns with an

investor’s risk preferences, they cannot mitigate these market-wide

risks. The predictive power of robo-advisors, while valuable for

navigating stock-specific risks, falls short in reducing exposure

to the unpredictable nature of the overall market. In addition,

interactive risk factors, or the way different risks interact within a

portfolio, present another limitation for robo-advisors. Although

they can optimize portfolios to match risk-return profiles, robo-

advisors cannot fully account for the complex interactions between

assets in real-time. These interactions, where the performance of

one asset affects others, are difficult to predict and often behave

in non-linear ways, especially during periods of market stress. As

such, while a robo-advisor’s algorithm can recommend portfolio

adjustments based on historical correlations, it cannot completely

forecast or manage the dynamic relationships between assets.

2.4 Robo-advisors cannot improve
financial literacy

Lastly, robo-advisors often hold the promise of not requiring

any financial knowledge to succeed on the investment market.

Whilst robo-advisor applications simplify the access to investment

opportunities and digitalize the process of investing in an

increasingly user-friendly manner, they do not take over

responsibility for the investment decision itself. Among other

aspects, the investor first needs to determine her or his risk

preference, investment goals, investment timeline, as well as the

desired investment amount and intervals of investment to set up

the passive investment portfolio.Whilst the robo-advisor algorithm

will optimize and rebalance the portfolio according to the investor’s

user-profile, these initial investment criteria can be pivotal for

investment success and do require an understanding of financial

concepts. Objective financial literacy refers to an individual’s
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ability to understand and apply financial concepts, which is often

considered a key factor for stock market participation (Ansari

et al., 2022; Lusardi and Mitchell, 2011; Raut, 2020; OECD, 2023).

In contrast, subjective financial know-how, or overconfidence,

refers to the beliefs an individual holds on her or his financial

competence regardless of the actual level of know-how (Ahmad

and Shah, 2022; Lewis, 2018; Mittal, 2022; Raut, 2020; Mittal et al.,

2022; Kruger and Dunning, 1999).

The distinction between these two types of literacy plays an

important role in determining who is more likely to use robo-

advisors and how effectively they can manage investments. For

instance, a study by Isaia and Oggero (2022) found that individuals

with higher objective financial literacy, those who have a solid grasp

of financial concepts, are more likely to use robo-advisors than

those with basic financial knowledge. This suggests that those who

possess strong financial knowledge may recognize the benefits of

using technology to assist in investment decisions. However, the

study’s focus on a specific demographic from Italy (n= 1,263) born

between 1981 and 2010 limits the generalizability of its findings. In

contrast, a study using data from the 2015U.S. Financial Industry

Regulatory Authority (FINRA) National Financial Capability Study

(NFCS) offers a different perspective. This research found that

individuals with high subjective financial literacy, meaning those

who perceive themselves as financially knowledgeable, are more

likely to use robo-advisors, even if their objective financial

knowledge is limited. Interestingly, the study revealed a negative

relationship between objective financial literacy and robo-advisor

usage, suggesting that those with lower actual financial literacy

may feel less confident in their abilities to manage investments

independently and therefore turn to robo-advisors for assistance

(Kim et al., 2019).

Either way, using robo-advisors makes individuals engage

more with the investment market, yet does not contribute to

their objective financial literacy because the technology takes

over the investment process for them, nor does the robo-advisor

provide customized knowledge resources during this process.

Nevertheless, robo-advisors pose an alternative opportunity for

rather inexperienced investors to participate in the stock market

at a low-cost entry point. This allows them to make first

experiences and maybe develop an interest in the field to further

expand their skillset, i.e., their objective financial literacy (Tan,

2020). However, the author assumes that individuals with high

subjective financial literacy and low objective financial literacy

are at risk to overestimate their skills, if they experience their

first moments of financial success through the help of robo-

advisors. The importance of affective states has been highlighted

repetitively in the behavioral finance literature. Accordingly,

positive affect because of a financial gain has been associated

with a reduction of risk aversion and increased risk-seeking

behaviors in hope of further future gains (Kahneman and

Tversky, 1984; Seo et al., 2010; Kahneman, 2003; Tversky

and Kahneman, 1974). Therefore, robo-advisors might keep

inexperienced investors from actively increasing their objective

financial literacy because they already consider themselves to be

highly skilled which in turn exposes them to higher investment

risks and overconfidence.

3 Discussion

The mini review has shown the potential and increasing

influence of robo advisors. The technology shall serve as

investors’ digital supporters to pursue automated, individualized,

passive investment strategies which create, manage and rebalance

portfolios to maximize returns and protect their investments

(Alsabah et al., 2019; Beketov et al., 2018; Semko, 2019). The author

has critically reviewed the current state of research, particularly

the blurred boundaries between robo-advisors and human advisors,

where social cues and affective trust play a pivotal role in the service

relationship. This is particularly relevant given the increasing

use of human-like designs in generative robo-advisor chatbots

(Hildebrand and Bergner, 2021; Thomaz et al., 2020).

A key limitation of robo-advisors lies in their reliance on data

influenced by human behavior, which undermines their ability

to act as fully rational agents. As algorithms are designed and

built using data created by humans, they inevitably inherit human

biases and cannot achieve pure rationality. This limitation is

particularly apparent in the context of financial risk management.

While robo-advisors may select low-volatility stocks according to

an investor’s risk profile, they cannot eliminate systematic market

risks or the inherent volatility of financial markets (Elbannan,

2014; Rosenberg, 2022; Sharpe, 1964). These risks are driven by

complex, interactive market effects and human behavior, which

cannot be fully predicted by algorithms alone. Further, while robo-

advisors are often positioned as tools that democratize investing,

their role in addressing financial literacy remains underdeveloped.

Rather than educating users or improving financial literacy,

robo-advisors compensate for a lack of investor knowledge by

relying on passive investment strategies. This can have unintended

consequences, such as fostering overconfidence in investors who

experience initial financial gains, potentially encouraging risk-

seeking behavior (Kahneman and Tversky, 1979, 1984; Seo et al.,

2010; Kahneman, 2003; Tversky and Kahneman, 1974). Such

behaviors, especially among inexperienced investors, may pose a

risk to long-term financial wellbeing.

The review ultimately raises a broader question: should the

goal of robo-advisors be to “de-humanize” investment decisions

in the pursuit of more objective, data-driven market predictions?

Or, as behavioral finance suggests, would integrating human

factors, such as emotions, perceptions, and social behaviors,

lead to more accurate and sustainable economic models? The

author encourages further reflection on whether incorporating

human elements could enhance the predictability of financial

outcomes, rather than relying solely on the rationality of

algorithms. This integration may offer a more realistic approach to

improving investment returns and mitigating risks in increasingly

complex financial markets.

Ultimately, the mini review acknowledges the potential the

robo-advisors hold and underlines their emerging nature of the

technology which calls for continuous improvement. At the same

time, the mini review outlines central misconceptions and current

weaknesses of the robo-advisor technology to motivate other

researchers and practitioners to adopt a holistic view of the problem

and work toward new solutions.
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3.1 Limitations

The mini review allowed for a concise synthesis of the current

state of literature as it relates to behavioral finance and the rise of

robo-advisors until the year 2024. Future developments, ethical and

regulatory concerns, or advanced technological evaluations were

not considered in this review. Whilst the mini review draws on

80 peer-reviewed articles, publications, and validated data reports,

the article does not claim a fully exhaustive review of the existing

body of literature. In addition, the author acknowledges that both

behavioral finance and the application of robo-advisors are still

a novel field which limits the extent of available research today

and underlines the potential of future research yet to come. Lastly,

the mini review merely offers a meaningful synthesis of what

we know about the intersection of these two fields today and

makes assumptions about implications for individual investment

behavior. The nature of the mini review does not include the

development and testing of hypotheses to produce new knowledge

through an experimental research design.

3.2 Future developments

Financial technology, and artificial intelligence in particular, are

continuing to advance and develop at a high pace. Therefore, it

will be of utmost importance to monitor these developments from

a technological, anthropologic, ethical, and psychological point of

view. One can assume that advanced robo-advisor applications

that do not only evoke the feeling of cognitive trust but also

create a social connection by mimicking humanoid behaviors will

establish affective trust and ultimately succeed on the market.

However, to be of interest to a larger customer base, financial

services organizations need to provide greater transparency on the

technology behind this FinTech application. For example, by using

simple language and user-friendly explanations, human financial

advisors may be able to convince investors of their digitalized

counterpart by explaining both the advantages and risks that are

associated with the technology.

In addition, financial organizations may learn from customer

feedback and improve their robo-advisor applications by

integrating further functionalities that not only make online

investments more easily, but also more human-like to establish a

stable feeling of trust and elevate the service relationship between

the institution and the investor. In addition, the mini review has

highlighted the importance of integrating human dimensions into

existing data models and algorithms to elevate their predictive

power. Surely, this implies an even higher degree of complexity

yet might untap hidden potential of the application. Hereby, the

capability of robo-advisors should not only be evaluated through

the eyes of financial services organizations, but also from an

investors’ standpoint. Individuals need to understand how their

personal attitudes and behaviors toward both digitalized finance

services and investing in general impact their investment choices,

and which benefits and risks are associated with that. For example,

this includes self-awareness of one’s objective financial literacy as

opposed to one perceived financial literacy to determine whether

an investment should be done merely by the help of a robo-advisor,

or whether additional professional advice is of value.

The evolving technological landscape also gives rise to ethical

questions and the need for transparent regulations that protect

consumers and proactively promote financial wellbeing. Future

research is well-advised to focus its efforts on understanding how

individuals perceive and react to different forms of financial advice

and how their behaviors impact their perceived level of risk and

affective trust considering their financial literacy. In addition,

future research should focus on supporting policy makers to design

the laws and regulations required to foster a safe promotion,

application, and advancement of digital financial services.

4 Conclusion

This mini review has critically examined the evolving role of

robo-advisors by evaluating four statements that relate to both

interactive market effects and human effects as underlined by

the behavioral finance literature. While the advantages of robo-

advisors are undeniable, so are its shortcomings and persisting

limitations. Hence, the findings of the mini review suggest that

the integration of behavioral finance principles could enhance the

efficacy and predictive power of robo-advisors, though this would

likely introduce additional complexities. Furthermore, the review

stresses the importance of transparency and ethical considerations

in the development and regulation of these technologies, that

should be explored by future research to work toward a balanced

approach that prioritizes investor protection and financial literacy.

As the landscape of financial technology continues to advance,

it is imperative that future research and policy development

adopt a holistic perspective, addressing both the opportunities and

challenges presented by robo-advisors. Ultimately, the intersection

of technological innovation and behavioral finance will continue to

play a pivotal role in shaping the future of digital financial services,

with significant implications for portfolio management on the one

hand and investors’ financial wellbeing on the other hand.
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