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Abstract 

The rise of robo-advisors represents a transformative application of AI in personal 

finance, offering algorithm-driven, personalized investment advisory at scale. This 

paper investigates how robo-advisors leverage AI (e.g. machine learning and 

automated portfolio algorithms) to provide tailored financial services, and examines 

the ethical considerations that accompany this shift. Through a comprehensive 

literature review and case analysis of platforms like Betterment, Wealthfront, and 

Nutmeg, we identify that AI-powered robo-advisors deliver cost-efficient portfolio 

management, improved diversification, and mitigation of some human biases in 

investing. However, significant ethical challenges emerge, including data privacy 

risks, algorithmic bias in recommendations, opacity of AI decision-making, and 

questions about accountability and client autonomy. We discuss regulatory 

frameworks and governance approaches – such as fiduciary standards and 

transparency guidelines – intended to address these risks, noting current gaps and 

proposals for stronger oversight (e.g. explainable AI requirements and conflict of 

interest disclosures). The study contributes a novel synthesis linking AI-driven 

personalization with ethical dimensions in financial advisory services. It provides 

policy recommendations for regulators and practical insights for financial institutions 

to ensure that the adoption of robo-advisors aligns with principles of trust, fairness, 

and client protection. 
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Introduction 

The application of artificial intelligence (AI) in financial advisory services has rapidly evolved over the past decade, giving rise 

to “robo-advisors” that automate investment guidance. Context. Robo-advisors emerged in the wake of the 2008 global financial 

crisis as innovative fintech solutions to deliver personalized portfolio management at lower cost and greater scale. Early entrants 

like Betterment and Wealthfront began operations around 2008, pioneering automated online investment platforms for retail 

clients. These digital advisors have since grown to manage a substantial share of assets – worldwide robo-advisor assets under 

management (AUM) have surged from under $0.3 trillion in 2017 to an estimated $2.76 trillion by 2023 (see Figure 1). This 

growth underscores their increasing popularity, especially in the United States which alone accounts for roughly 70% of global 

robo-advisory AUM. 
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 Source: Statista Market Insights, *: Automated Online Portfolio Management of Private Assests 

 

Fig 1: Global AUM of robo-advisors has risen exponentially, reflecting rapid adoption of AI in wealth management. 

 

Despite this momentum, the incorporation of AI into 

financial advice presents a complex problem statement: how 

to reconcile the promised benefits of personalization and 

efficiency with the need for ethical governance and trust. AI-

driven robo-advisors can democratize access to financial 

advice by lowering costs and minimum investment 

thresholds, thereby serving investors who previously could 

not afford traditional advisory services. They also offer speed 

and data-driven precision – for example, continuously 

rebalancing portfolios and harvesting tax losses 

algorithmically for optimal outcomes. However, these 

advantages are coupled with new ethical and regulatory 

challenges. Unlike human advisors, robo-advisors rely on 

opaque algorithms and large datasets, raising concerns about 

data privacy, algorithmic bias, transparency of decision-

making, and the adequacy of investor protection. The gap 

between technological capabilities and existing financial 

regulations has become apparent, as rules crafted for human 

advisors may not directly address issues like AI 

accountability or automated conflicts of interest.  

 

Research Questions: This study addresses three core 

questions: (1) How do robo-advisors employ AI techniques 

to provide personalized financial advisory services, and what 

are the capabilities and limitations of these systems? (2) What 

ethical considerations stem from AI-driven personalization in 

finance, particularly concerning data privacy, fairness, 

transparency, and client autonomy? (3) In what ways can 

regulatory and governance frameworks evolve to mitigate 

these ethical risks, ensuring that AI-based financial advisors 

operate responsibly and, in the client’s, best interest? By 

investigating these questions, we aim to illuminate both the 

innovation and the ethical imperatives of AI in the wealth 

management domain.  

 

Objectives and Contributions: The primary objective is to 

synthesize the interdisciplinary literature on robo-advisors –  

spanning finance, technology, and ethics – to articulate a 

comprehensive view linking AI personalization techniques 

with their ethical ramifications. We examine not only the 

technical functioning of robo-advisors (e.g. algorithmic 

profiling and portfolio optimization) but also evaluate their 

performance and behavioral impacts relative to traditional 

advisors. Importantly, we contribute a focused analysis of 

ethical issues (privacy, bias, transparency, etc.) in this context 

and assess current regulatory responses. The novelty of this 

work lies in bridging the gap between the predominantly 

technical/personalization-focused discussions in fintech and 

the ethical/governance discourse in AI – providing a holistic 

perspective that is currently underdeveloped. Our findings 

offer theoretical implications for the nascent literature on AI 

ethics in financial services and practical implications for 

industry practitioners and regulators striving to implement 

sustainable, trustworthy AI advisory models.  

 

Paper Organization: The remainder of the paper is 

structured as follows: Section 2 reviews the evolution of 

financial advisory services and the advent of AI in finance, 

covering traditional vs. digital advisory models, the 

capabilities of robo-advisors, and emerging ethical 

dimensions and regulatory perspectives from recent studies. 

Section 3 outlines the research methodology, including the 

literature-driven conceptual approach, case study analysis, 

and analytical frameworks used. Section 4 presents the results 

and findings: detailing robo-advisors’ personalization 

mechanisms, the ethical issues identified, and insights from 

case examples and regulatory actions. Section 5 provides an 

in-depth discussion, interpreting what these findings mean 

for the research questions and in context of broader 

responsible AI frameworks (e.g. EU AI Act, OECD 

principles). Section 6 concludes with a summary of key 

findings, recommendations for policy and practice, 

limitations, and directions for future research.  
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Literature Review  

Evolution of Financial Advisory Services: Traditional vs. 

Digital Models  

Traditional Advisory: Financial advisory historically has 

been a highly personalized, human-centric service. Clients 

typically consult human financial advisors who provide 

holistic guidance on investments, retirement planning, and 

other financial decisions through face-to-face or phone 

interactions. This traditional model offers tailored advice 

informed by the advisor’s expertise and interpersonal 

understanding of the client, but it has well-known limitations. 

One major drawback is the high cost – human advisors often 

charge fees ranging from 1%–2% of assets managed, or 

hourly/retainer fees, making professional advice expensive 

and thus accessible primarily to affluent investors. 

Additionally, the traditional advisory industry has struggled 

with issues of trust and conflicts of interest. Studies have 

documented that a significant minority of human financial 

advisors have a record of misconduct (e.g. fraud or unsuitable 

recommendations); for example, Egan et al. (2019) [5] found 

that 7% of U.S. investment advisers had misconduct records, 

and some firms appear to “specialize” in hiring such repeat 

offenders. Such incidents have eroded public trust in financial 

advisors, especially after high-profile scandals and the 2008 

financial crisis. Regulatory frameworks like the U.S. 

Investment Advisers Act of 1940 impose fiduciary duties on 

advisors to act in clients’ best interests, but enforcement is 

imperfect – problematic practices (e.g. commission-driven 

product sales) have persisted. These trust deficits, combined 

with high costs and the limited scalability of one-on-one 

advice, set the stage for a technological disruption in the 

advisory space.  

 

Digital Advisory Emergence: The past decade has 

witnessed the advent of digital wealth management 

platforms, broadly termed “robo-advisors,” which leverage 

algorithms and automation to replicate and streamline 

investment advisory services. Early robo-advisors were 

introduced around 2010 as internet connectivity, big data, and 

fintech innovation converged. Betterment and Wealthfront, 

both U.S. startups founded in 2008, were among the first to 

launch automated investment services to the public around 

2010. In the UK, Nutmeg launched in 2012 as one of the first 

robo-advisors in that market. Initially, these platforms started 

by focusing on portfolio management – using online 

questionnaires to gauge a client’s risk tolerance and goals, 

then recommending a diversified portfolio (typically of low-

cost index funds or ETFs) which the algorithm would manage 

and periodically rebalance. The value proposition of robo-

advisors centered on greater accessibility and efficiency: they 

often require much lower minimum investments (sometimes 

no minimum at all) and charge fees around 0.25%–0.5%, 

substantially undercutting traditional advisors. By 

automating processes like portfolio rebalancing and tax-loss 

harvesting, robo-advisors significantly reduce operational 

costs and can service a large number of clients 

simultaneously with relatively few human staff. This has 

democratized access to investing advice – even small-balance 

investors can get a professionally designed portfolio at a low 

fee.  

As Table 1 highlights, major robo-advisor platforms have 

experienced rapid growth, though traditional incumbents 

have also entered the fray with their own digital offerings. 

For instance, Vanguard’s hybrid robo service (combining 

automated portfolios with human advisors) amassed over 

$100 billion in AUM within a few years of launch, surpassing 

the pure-play startups. By early 2018, Vanguard’s Personal 

Advisor Services had about $101B AUM and Charles 

Schwab’s Intelligent Portfolios around $27B, dwarfing most 

independent robo-advisors at that time. This illustrates that 

established financial institutions quickly leveraged their scale 

and trust advantage to dominate the market once they adopted 

robo-advisory technology. Nevertheless, independent firms 

like Betterment and Wealthfront have also grown into multi-

billion-dollar institutions, serving hundreds of thousands of 

customers by focusing on user-friendly digital experiences.  
 

Table 1: Selected Robo-Advisors – Launch, AUM, and Features 
 

Platform 
Launch 

(Year) 
Headquarters AUM (Approximate) Notable Features 

Betterment 

2010 

(founded 

2008) 

New York, 

USA 

$16.4 B (Apr 2019); 

~$56 B (2024) 

Goal-based portfolios; automatic rebalancing; tax-loss harvesting; option 

for human advisor consultation (hybrid model). 

Wealthfront 

2011 

(founded 

2008) 

Palo Alto, 

USA 

$11 B (2018); ~$37 B 

(2022) 

Tax-efficient investing (tax-loss harvesting, direct indexing); financial 

planning software (“Path”); cash management (high-interest savings). 

Nutmeg 2012 London, UK 
$4.2 B (2021); ~£7.4 B 

= $9.5 B (2024) 

Risk-rated portfolios (fully managed or fixed allocation); socially 

responsible (ESG) options; pensions and ISAs; acquired by JPMorgan in 

2021, integrating with its Chase offerings. 
Comparison of three prominent robo-advisors. AUM = assets under management.  

Sources: corporate reports and news.  

 

This evolution from traditional to digital advisory models has 

not been without challenges. While robo-advisors clearly 

improve cost and access, they lack the nuanced judgment and 

emotional intelligence of human advisors. Complex financial 

planning scenarios (e.g. estate planning, tax optimization 

across multiple account types, or sudden life events) are 

sometimes beyond the current scope of purely automated 

advice, and many investors still value the reassurance of 

human expertise for major decisions. Moreover, trust remains 

a hurdle: surveys indicate that familiarity with robo-advisors 

is still limited among some investor segments – a 2016 Wells 

Fargo survey found 55% of investors with >$10k had never 

heard of robo-advisors (see Figure 3 in Section 4.2). As 

digital advisors become more prevalent, addressing these 

trust and awareness gaps is crucial, potentially via hybrid 

models that combine the strengths of human and AI advice.  

 

Traditional vs. Robo Advisory – Key Differences: Table 2 

summarizes the fundamental differences between the 

conventional human-advisor model and the AI-driven robo-

advisor model, across several dimensions. Traditional 

advisors offer personalized, relationship-based guidance but 
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at high cost and with potential human biases or conflicts, 

whereas robo-advisors provide efficient, rules-based 

portfolio management with consistency but may suffer from 

lack of personalization in certain aspects and new kinds of 

technical biases.  

 

Table 2: Key differences between traditional and robo-advisory models, highlighting trade-offs in cost, personalization, biases, trust, and 

regulatory context. 
 

Aspect Traditional Human Advisory AI-Powered Robo-Advisory 

Cost & 

Accessibility 

High fees (often 1–2% AUM); high account 

minimums (e.g. >$100k), limiting access to 

affluent clients. 

Low fees (~0.2–0.5% AUM); low or no minimums, enabling broad 

retail access and “democratizing” financial advice. 

Personalization 

Holistic, qualitative advice including nuanced life 

goals; advisor adjusts to client’s unique 

circumstances and emotions. Can handle complex 

planning (tax, estate) via expertise. 

Algorithm-driven portfolio allocation based on client inputs (risk 

tolerance, goals) – quantitative personalization. Less adept at 

unstructured issues; one-size-fits-many approach beyond core portfolio 

management. 

Biases & 

Consistency 

Subject to human biases or errors (e.g. heuristic-

driven judgments, emotional decisions). Potential 

conflicts of interest if advisor is incentivized to 

sell certain products. Quality may vary by 

individual advisor. 

Offers consistent, rules-based decisions (no emotional bias). However, 

algorithms can inherit biases from data or design (e.g. risk profiling 

may not account for all personal nuances). Conflicts can be 

“programmed out” (e.g. pure fee model) but also programmed in if firm 

biases the algorithm. 

Trust & 

Interaction 

Trust built through personal relationship, 

communication, and advisor’s 

reputation/credentials. Face-to-face meetings 

allow for interactive Q&A and reassurance. Many 

clients prefer human reassurance for major 

financial decisions. 

Trust depends on platform reputation and perceived security. Lacks 

human touch – some clients are uneasy delegating decisions to a “black 

box” algorithm. Limited interaction (mostly via app/website), though 

some robos add live chat or hybrid advisor access to build trust. 

Regulation & 

Fiduciary Duty 

Well-established regulatory oversight (e.g. 

SEC/FINRA in U.S., with fiduciary or suitability 

standards). Advisor personally accountable for 

misconduct; legal recourse available for clients 

(though enforcement issues exist). 

Regulated as investment advisors in many jurisdictions (must register 

with SEC, etc.) – thus in theory held to same fiduciary standards. In 

practice, regulations are adapting: ensuring algorithms act in client’s 

best interest is a new challenge for regulators used to supervising 

humans. Accountability is diffused (firm/designers vs. algorithm) and 

regulatory guidance (e.g. on disclosure of robo methodologies) is still 

evolving. 
Sources: Baker & Dellaert 2017; Ji 2017; FPA 2023 [8, 1].  

 

Overall, the shift towards AI in wealth management can be 

seen as part of the broader fintech trend of disintermediation 

and automation in finance. It promises a more inclusive and 

efficient financial advisory landscape, but also introduces 

novel risks and shifts certain responsibilities from humans to 

algorithms. These implications are examined in depth in 

subsequent sections of the literature review, especially 

regarding the AI technologies enabling robo-advisors 

(Section 2.2), their capabilities and limitations (2.3), and the 

ethical and regulatory considerations they provoke (2.4 and 

2.5).  

 

AI in Finance and Wealth Management  

AI has become a driving force across many areas of finance 

– from algorithmic trading and fraud detection to credit 

scoring and wealth management. In the context of personal 

finance and investing, AI typically manifests through 

technologies such as machine learning, natural language 

processing (NLP), and advanced analytics integrated into 

digital platforms. Machine learning algorithms enable robo-

advisors to analyze large datasets (market data, economic 

indicators, client behavior patterns) to inform investment 

decisions and risk assessments. For instance, portfolio 

optimization can be enhanced by machine learning 

techniques that more efficiently estimate asset correlations or 

even implement dynamic strategies beyond classical models. 

Some robo-advisors have started exploring reinforcement 

learning or other AI methods to adjust portfolios in response 

to changing market regimes, though the industry largely still 

relies on well-established quantitative methods (see Section 

2.3). 

Natural language processing and related AI are also 

increasingly employed in financial advisory services. 

Chatbots and virtual assistants use NLP to interact with 

clients in plain language, answering questions about account 

balances, financial planning, or even providing basic advice. 

For example, some banks and fintech apps have deployed AI 

chatbots that can educate users on saving or investing (e.g., 

Bank of America’s “Erica”). In the robo-advisor space, NLP-

driven chat interfaces are being tested to guide clients through 

onboarding or to explain portfolio recommendations in a 

more conversational manner. This ties into the notion of 

explainability and user engagement – an AI that can 

communicate advice in human-like dialogue might increase 

user comfort and understanding, addressing the often-cited 

issue that users find robo-advice to be a “black box.”  

Behind the scenes, AI techniques are also used for client 

profiling and personalization. Robo-advisors gather client 

data through online questionnaires – covering risk tolerance, 

investment horizon, financial goals, etc. – and then segment 

clients to suitable portfolio models. Some platforms have 

improved this process by using machine learning clustering 

or predictive models to infer risk tolerance from client 

attributes and behavior, rather than just a static survey. 

Furthermore, AI can incorporate external data for 

personalization: for instance, using account aggregation to 

view a client’s broader financial picture or employing 

sentiment analysis on news to adjust portfolio tilts for more 

sophisticated users (though these are more experimental). 

Such recommendation system approaches, akin to those in e-

commerce (recommending products), are emerging in 

finance – e.g., suggesting specific investment products or 
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strategies tailored to a user’s profile (while ensuring 

suitability).  

It’s important to note that the degree of AI “intelligence” in 

many current robo-advisors is relatively limited – many 

operate with straightforward algorithmic rules (modern 

portfolio theory, etc.) rather than self-learning AI. However, 

the trend is moving towards greater AI integration. A recent 

review by Vuković et al. (2025) highlights the growing 

adoption of machine learning and AI across financial 

services, including robo-advisory, and emphasizes the need 

for explainable AI and robust governance as these systems 

become more complex. Similarly, a bibliometric analysis by 

Arenas-Parra et al. (2024) notes that academic research on 

robo-advisors is expanding into areas like AI-driven client 

interface and behavioral aspects.  

 

AI Use-Cases in Wealth Management: To summarize how 

AI is applied in personalized financial advisory:  

● Automated Portfolio Construction: Using algorithms 

(often mean-variance optimization based on Modern 

Portfolio Theory) to generate suitable asset allocations 

for clients. Some platforms enhance this with AI by 

continuously learning optimal allocations or by using 

stochastic modeling to simulate outcomes. For example, 

one study proposed a multi-stage stochastic 

programming model to personalize goal-based investing, 

using AI to adjust portfolios over time for specific goals 

(e.g., buying a house, retirement). 

● Risk Profiling and Behavioral Insights: AI can 

analyze client data to refine risk profiles. If clients 

deviate from recommended strategies, AI algorithms 

might detect patterns (e.g., tendency to panic-sell) and 

either adjust recommendations or alert the client. Some 

robo-advisors incorporate behavioral finance insights – 

for instance, “nudge” techniques to prevent common 

mistakes. While not all use machine learning, the more 

advanced ones might use predictive analytics to foresee 

when a client is at risk of abandoning a plan and 

proactively engage them.  

● Personalized Communication: Through NLP, robo-

advisors can provide personalized content – such as 

portfolio performance summaries or market commentary 

– tailored to a client’s level of sophistication. AI can 

ensure that a novice investor gets simple explanations, 

whereas an advanced investor gets deeper analysis, 

enhancing the user experience.  

● Anomaly Detection & Security: Though tangential to 

advice itself, AI is used to protect client accounts, 

detecting fraudulent activity or identity theft attempts via 

pattern recognition. This is crucial for maintaining trust 

in digital finance.  

● Integration with Broader Fintech Ecosystem: Some 

robo-advisors use AI to integrate other financial needs – 

for example, linking with budgeting apps to sweep 

excess cash into investments, or using AI credit analysis 

to offer portfolio lines of credit. These value-added 

services often involve AI models (like credit scoring or 

cashflow prediction) to personalize financial solutions 

beyond investing.  

 

In summary, AI serves as the engine that enables 

personalization at scale in robo-advisory. By automating data 

analysis and decision processes that would be prohibitively 

costly to do manually for thousands of clients, AI allows each 

client to receive a customized investment plan and 

continuous monitoring that mimics (and in some ways 

augments) the attentiveness of a human advisor. However, as 

later sections will elaborate, the deployment of AI in this 

domain introduces complexities around how these algorithms 

operate and their alignment with investors’ best interests. 

Ensuring that machine-driven advice adheres to financial 

ethics and regulations is a key theme emerging in the 

literature (see Sections 2.4 and 2.5).  

 

Robo-Advisors: Capabilities and Limitations  

Robo-advisors can be understood as a convergence of finance 

theory and computer algorithms. Their core capabilities 

typically include: client onboarding and profiling, portfolio 

recommendation, automated trade execution (including 

rebalancing), and account management functions. We discuss 

these capabilities, as well as the inherent limitations 

identified by researchers and practitioners.  

 

Personalization Algorithms and Portfolio Optimization: 

Virtually all robo-advisors use some form of Modern 

Portfolio Theory (MPT) as a foundation for portfolio 

construction. Beketov, Lehmann, and Wittke (2018) [2] 

conducted a comprehensive analysis of 219 robo-advisory 

platforms worldwide and found that Markowitz mean-

variance optimization remains the predominant framework 

inside these “robots”. In practice, this means after a client’s 

risk tolerance is assessed (often via a questionnaire), the 

robo-advisor assigns the client to a model portfolio on the 

efficient frontier corresponding to that risk level – usually a 

mix of equity and fixed income ETFs or mutual funds. The 

algorithms then automatically rebalance the portfolio, 

typically on a periodic schedule or when asset allocations 

drift beyond certain thresholds, to maintain the target risk 

profile. This automation of rebalancing is a key capability, as 

it enforces discipline that human investors often lack, 

ensuring buy-low, sell-high behavior without emotion.  

Beyond basic MPT, many platforms have incorporated 

enhancements: for example, tax-loss harvesting algorithms 

that periodically sell securities at a loss to offset gains (while 

swapping into similar assets to maintain market exposure). 

Wealthfront and Betterment both made tax-loss harvesting a 

signature feature for taxable accounts, using algorithms to 

check daily for harvest opportunities across thousands of 

accounts – a task practically impossible to do manually for 

each client. These algorithms increased clients’ after-tax 

returns and demonstrated how automation can add value 

beyond what a typical human advisor might consistently 

achieve.  

Another capability is goal-based investing. Instead of a one-

size-fits-all risk tolerance approach, some robo-advisors 

allow clients to set multiple goals (retirement, home 

purchase, college fund, etc.), each with a different time 

horizon and risk strategy. AI algorithms can then perform 

multi-period optimization. Kim et al. (2020) propose a multi-

stage stochastic programming approach for personalized 

goal-based investing, where the algorithm adjusts the 

portfolio through different life stages to maximize the 

probability of reaching each goal. This is an area where robo-

advisors can shine by handling complex calculations to 

juggle multiple goals – a task a human advisor would do 

qualitatively, but an algorithm can do quantitatively with 

precision.  
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Client Engagement Models: Robo-advisors primarily 

engage clients via digital interfaces – web dashboards and 

mobile apps. These interfaces not only show account 

information but also serve as educational and communication 

tools. A well-known limitation of early robo platforms was 

the lack of human interaction, which made it challenging to 

keep clients comfortable during market turmoil. In response, 

newer models have incorporated features to enhance 

engagement and trust. For example, “conversational robo-

advisors” use chat-based onboarding to create a more 

interactive, game-like experience, which research shows can 

act as a surrogate of trust. Hildebrand and Bergner (2021) [7] 

found that a conversational AI interface during onboarding 

improved clients’ perception of the firm and willingness to 

invest, by mimicking the rapport-building of human advisors.  

Many robo-advisors now provide regular communications 

like monthly performance summaries, market commentary, 

and portfolio analysis. These are often template-driven but 

may include slight personalization (e.g., referencing the 

client’s goal progress). Some use AI to tailor messaging – for 

instance, emphasizing long-term perspective to a client who 

appears anxious (detected via withdrawal attempts or 

questionnaire responses). Additionally, features like goal 

trackers, calculators, and what-if scenario tools empower 

clients to engage more with their finances, potentially 

improving financial literacy and confidence in the platform.  

 

Performance and Outcomes: A critical question is: do robo-

advisors actually improve investor outcomes compared to 

traditional methods? The literature suggests several positive 

outcomes. D’Acunto et al. (2019) [3] found that investors who 

adopted a robo-advisory service achieved better 

diversification and risk-adjusted returns than before – 

especially those who were previously under-diversified. 

These adopters reduced behavioral biases such as the 

disposition effect (selling winners too early, holding losers 

too long) and trend-chasing, indicating that algorithmic 

discipline curbed some common investor mistakes. Similarly, 

D’Hondt et al. (2020) [4] studied a large sample of brokerage 

accounts and simulated robo-advisor “shadow portfolios” 

alongside the actual ones; they concluded that certain 

segments, like low-income or less-educated investors, could 

significantly benefit from robo-investing strategies in terms 

of improved diversification and investing outcomes. These 

findings highlight a major capability of robo-advisors – 

consistency and bias-free execution, which can elevate 

financial outcomes for those who might otherwise make 

suboptimal decisions due to lack of expertise or emotional 

biases.  

However, robo-advisors also have limitations:  

● Limited Personal Scope: Most robo-advisors focus 

narrowly on investment management. They do not 

comprehensively cover other aspects of financial 

planning (tax, estate, insurance) at the same depth a 

human advisor might. While some offer retirement 

planning calculators or allow integration of outside 

accounts, the advice on those matters is often generic. 

Complex, individualized advice (e.g., “Should I pay off 

my mortgage or invest?”) is not fully handled by current 

algorithms.  

● Algorithmic Constraints: The algorithms themselves 

are often relatively simple. As Beketov et al. (2018) [2] 

noted, there is a gap between academic advancements in 

portfolio theory and what robo-advisors implement – 

many still use basic mean-variance optimization and 

heuristics rather than cutting-edge AI models. This 

conservative approach may be due to regulatory caution 

and the need for explainability. It means some robo-

advisors might not adapt well to unusual market 

conditions outside the historical data distribution. For 

example, during the COVID-19 market crash of 2020, 

most robos rebalanced and stayed the course (which was 

good), but none foresaw such an event or actively 

adapted strategy beyond their static allocations.  

● Lack of Tailoring for Outliers: While personalization 

is a selling point, in practice robo-advisors categorize 

clients into a handful of model portfolios. Two clients 

with different nuanced situations but similar risk 

questionnaire scores will get the same portfolio. Human 

advisors might distinguish between them based on 

conversation (e.g., one might have unstable income 

requiring more liquidity). Robo-advisors, operating on 

standardized inputs, can miss such context. That said, 

research and the industry are exploring hyper-

personalization (the “segment of one” idea), but it 

remains limited.  

● Client Behavior Not Fully Solved: Importantly, robo-

advisors do not completely eliminate poor investor 

behavior. A client can still panic and manually withdraw 

funds or override the robo’s advice. Robos have no 

human charisma to talk someone out of selling during a 

crash (unless a hybrid model is in place). They rely on 

sending educational content or having lock-in features, 

which may not be as persuasive as a live advisor’s 

counsel.  

● Transparency and Trust Issues: Many clients find it 

hard to trust an algorithm. The reasoning behind 

portfolio choices is not always made clear, and even 

when explained (e.g., via white papers or help articles), 

it might not resonate with a non-expert client. This 

“black box” limitation can impede adoption and 

engagement, especially for older or more conservative 

investors.  

 

In summary, robo-advisors excel at efficient, consistent 

portfolio management and can improve outcomes by 

removing human error and emotion. Their limitations lie in 

the more qualitative, complex realms of financial advice and 

in the realm of client psychology (trust and understanding). 

Many of these limitations are being addressed through hybrid 

models (adding human advisors for complex queries) or 

through advanced AI techniques (to better tailor advice and 

improve explainability). But as we turn to the ethical 

dimensions next, it is evident that increasing the 

sophistication of robo-advisors also increases the 

responsibility to ensure these algorithms act fairly and 

transparently.  

 

Ethical Dimensions in AI-Driven Finance  

The deployment of AI in financial advisory services raises a 

host of ethical considerations. Key among these are data 

privacy, algorithmic bias and fairness, transparency and 

explainability, and the balance between client autonomy and 

algorithmic “nudging”. We explore each of these dimensions, 

drawing on literature around AI ethics and fintech.  

 

Data Privacy and Security: Robo-advisors gather sensitive 

personal and financial information from clients – from 
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income and net worth to investment goals and risk 

preferences. Ensuring the confidentiality and proper use of 

this data is a paramount ethical obligation. Traditional 

advisors are bound by professional confidentiality and 

regulations (like Regulation S-P in the U.S.), and robo-

advisors are subject to the same, but the scale and digital 

nature of data in robo-advisory ecosystems heightens the risk 

of breaches or misuse. Security incidents not only harm 

individuals (through potential identity theft or financial 

fraud) but can erode trust in fintech broadly. According to 

López and Alcaide (2020), the integration of AI in finance 

must reckon with data privacy and security concerns as 

critical challenges, noting that AI technologies can create 

new vulnerabilities if not managed properly. Ethical robo-

advisor operations require robust cybersecurity measures 

(encryption, secure authentication, etc.) and strict data 

governance policies that dictate how client data is stored, who 

can access it, and for what purpose. Clients should have 

clarity on whether their data might be used for anything 

beyond managing their account (e.g., would it be anonymized 

for model training or shared with partners?). In the EU, 

regulations like GDPR impose strong requirements on 

personal data handling, which apply to fintech firms – for 

instance, clients have rights to their data and its erasure. From 

an ethical standpoint, robo-advisors should adopt a privacy-

by-design approach: only collecting data that is necessary and 

implementing transparency so that clients feel confident their 

sensitive information is protected.  

 

Algorithmic Bias and Fairness: AI algorithms have the 

potential to unintentionally embed biases that lead to unfair 

outcomes. In a robo-advisor context, one might ask: Can the 

algorithms discriminate or systematically disadvantage 

certain groups of clients? On the surface, robo-advisors make 

standardized decisions (which sounds fair), but bias can creep 

in through model design or training data. For example, if a 

robo’s risk-profiling questions or algorithm assume a 

standard life cycle (education, then accumulating wealth, 

then retirement), it might not serve people with atypical life 

patterns well. Erdélyi and Goldsmith (2018) [6] point out that 

lack of global coordination in AI ethics leads to inconsistent 

standards, and they call for harmonization to ensure AI 

applications are aligned with human values globally. One 

value is fairness – ensuring similarly situated clients get 

similar recommendations. An obvious example of fairness 

could be preventing bias in recommendation: say an AI 

model finds that younger clients often have lower balances 

and decides not to allocate them into certain asset classes (or 

gives them less attention in rebalancing frequency). That 

could be a form of bias by age or wealth. Firms must 

consciously test their algorithms for bias – e.g., via 

simulation or audit, checking that changing a client’s age, 

gender, or other factor (while holding risk tolerance constant) 

doesn’t produce unjustified changes in advice. Additionally, 

many robo-advisors use third-party data or models (like 

credit scores or risk questionnaires from vendors); those 

could carry biases from historical human biases. Ethical 

practice involves scrutinizing all inputs and perhaps 

incorporating fairness constraints into the optimization (a 

growing area of AI research).  

One emerging niche is ESG (Environmental, Social, 

Governance)-personalized robo-advice, which allows clients 

to align investments with ethical values. While this caters to 

client ethics, it also introduces complexity in ensuring the 

algorithm fairly balances financial vs. ethical preferences. 

For instance, does the robo clearly explain the trade-off if 

avoiding certain “sin stocks” might marginally reduce 

diversification? Clarity here is part of ethical transparency.  

 

Transparency and Explainability: Financial advice have 

significant consequences on a person’s life; thus, ethically, 

clients deserve to understand the rationale behind the advice. 

However, AI algorithms (especially complex machine 

learning models) are often black boxes. Transparency refers 

to the openness about how the robo-advisor operates (the 

methodologies, assumptions, fee structures, potential 

conflicts), while explainability refers to making the 

individual recommendations understandable to the user. The 

literature stresses the need for Explainable AI (XAI) in 

finance to maintain trust and accountability. If a robo-advisor 

tells a client to invest 70% in stocks and 30% in bonds, an 

explainable approach would accompany that with reasoning: 

“Based on your 20-year horizon and high-risk tolerance, a 

70/30 portfolio maximizes your expected returns for that risk 

level (Modern Portfolio Theory).” Many platforms do 

provide white papers or FAQ explanations of their strategy, 

but this often falls short of true personalized explanations. 

There is an ethical argument that clients have a “right to 

explanation” for significant decisions (in Europe, GDPR 

even has clauses interpreted by some as requiring explanation 

for automated decisions). In practice, providing full 

algorithmic transparency can be challenging (and a trade 

secret issue), but providing functional transparency is 

expected. For example, the U.S. SEC in 2017 issued guidance 

that robo-advisors should clearly disclose their algorithm’s 

nature and any limitations or assumptions. Ethically, 

transparency also extends to disclosing conflicts of interest 

(does the robo-advisor favor certain funds because of 

business relationships?) and limitations (e.g., “our service 

does not cover tax or estate planning, and our algorithm 

assumes you reinvest all dividends”).  

A lack of transparency can also exacerbate distrust – if clients 

don’t understand why a recommendation is made, they may 

either ignore the advice or feel undue anxiety. Researchers 

like Kofman (2024) argue for “ethics ratings” for robo-

advisors and a licensing regime to ensure transparency and 

trust in the market. The idea is that a combination of 

regulation and perhaps third-party audits could certify 

whether a robo-advisor meets ethical standards of 

transparency.  

 

Client Autonomy vs. Algorithmic Nudging: A more 

nuanced ethical issue is the degree to which robo-advisors 

might nudge client behavior. Nudges (small design features 

that steer choices) can be beneficial – for instance, 

automatically enrolling clients into an appropriate default 

portfolio helps those who might otherwise procrastinate. 

However, when an algorithm can influence financial 

behavior, we must ask: is it respecting the client’s autonomy? 

If a client’s stated preference is, say, not to invest in sin 

industries, does the platform allow them to exercise that 

preference easily, or does it nudge them away from it because 

it’s not aligned with a generic optimal portfolio? Conversely, 

robo-advisors often need to nudge for good – like warning a 

client who tries to move to cash during a market dip that this 

could harm long-term goals. Ethically, designing these 

nudges requires balancing paternalism and respect for free 

choice. The concept of a “fiduciary” robo-advisor (discussed 
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in Ji, 2017) [8] entails acting in the client’s best interest, which 

might justify interventions to prevent self-harm (like panic 

selling). But those interventions should be transparent and not 

coercive. Perhaps giving a clear warning and requiring a 

second confirmation click could be a fair approach.  

Another aspect is the potential for over-reliance on 

algorithms. If clients abdicate too much responsibility (“the 

computer handles it, I don’t need to engage”), they might not 

develop financial literacy or might miss out on judgment that 

a human would apply. Ethically, robo-advisors shouldn’t 

encourage a blind, uncomprehending following of advice – 

they should encourage informed decision-making. This ties 

back to education and explanation: providing tools for clients 

to learn why the advice is what it is, thereby treating them as 

autonomous agents, not just data points.  

In summary, the ethical dimensions of AI in robo-advisors 

revolve around doing no harm (protecting data, avoiding 

bias), being worthy of trust (transparency, fairness, 

accountability), and empowering clients (respecting their 

goals and understanding). Table 3 (Section 4.2) will later 

outline these issues alongside possible mitigation strategies. 

The next section (2.5) will discuss how regulators are 

approaching these ethical and risk issues, as governance 

frameworks are an essential part of ensuring these ethical 

principles are upheld in practice.  

 

Regulatory and Governance Perspectives  

The rapid rise of robo-advisors has prompted regulators 

around the world to consider how these services fit into 

existing financial regulatory frameworks and where new 

guidelines or rules are needed. The regulatory perspective on 

robo-advisors touches on investor protection, financial 

stability, and the integrity of the advice being given. We 

examine current regulatory approaches and identified gaps, 

with a focus on the U.S. and Europe.  

 

Existing Regulations Applied to Robo-Advisors: In most 

jurisdictions, robo-advisors are classified as investment 

advisors or the equivalent, meaning they are subject to the 

same laws that govern human financial advisors. For 

example, in the United States, robo-advisory firms must 

register with the Securities and Exchange Commission (SEC) 

as Registered Investment Advisers (RIAs) and therefore owe 

a fiduciary duty to their clients. This includes obligations of 

loyalty and care – recommending only suitable investments, 

seeking best execution for trades, and fully disclosing 

conflicts of interest. In the European Union, robo-advisors 

fall under MiFID II (Markets in Financial Instruments 

Directive) requirements, including conducting a suitability 

assessment for clients and adhering to transparency and 

disclosure rules. The European Securities and Markets 

Authority (ESMA) in 2018 issued Guidelines on MiFID II 

Suitability Requirements that explicitly addressed automated 

advice, emphasizing that firms providing robo-advice must 

clearly inform clients that advice is generated by an 

algorithm and ensure that their questions to clients gather 

sufficient information to make appropriate recommendations. 

ESMA also highlighted that firms should have regular 

monitoring of the algorithm’s performance and have controls 

in place to prevent or correct errors that could lead to client 

detriment.  

 

Regulatory Guidance and Concerns: Regulators have 

published guidance to clarify expectations for robo-advisors. 

The SEC’s 2017 guidance (IM Guidance Update No. 2017-

02) urged robo-advisors to: (1) fully disclose their algorithms 

and advisory methodology to clients, (2) ensure suitability by 

obtaining necessary client information, and (3) adopt robust 

compliance programs to oversee the algorithm’s functioning. 

A key regulatory concern is that clients may not understand 

that they are not getting personalized human advice and 

might not grasp the limitations of the automated service. 

Hence, clear disclosure is mandated (e.g., “this advice is 

based solely on the information you provided without human 

intervention”). Another concern is algorithm errors or 

outages – regulators expect firms to have business continuity 

plans and manual backup processes if the tech fails.  

Conflict of interest is another area regulators examine. For 

instance, if a robo-advisor is owned by a fund provider, are 

they only recommending in-house funds? This must be 

disclosed and managed under fiduciary duty. Megan Ji (2017) 

[8] argued that regulators should focus on robo-advisors’ duty 

of loyalty because “algorithms can be programmed to reflect 

a firm’s existing conflicts of interest”. For example, 

Wealthfront was found to have re-tweeted client testimonials 

(violating advertising rules) and failed to disclose it was 

paying bloggers for referrals. These sorts of issues show that 

robo-advisors, while automated, can still have very human 

conflicts behind the scenes.  

 

Enforcement Actions: By 2018, regulators took their first 

enforcement actions against robo-advisors, signaling that 

these firms would be held accountable. The SEC fined 

Wealthfront $250,000 in 2018 for making false statements 

about its tax-loss harvesting algorithm (claiming it would 

avoid trades that could trigger wash sales, which it failed to 

do consistently). Another robo, Hedgeable, was fined for 

misleading performance advertising. These cases underscore 

that the same principles of truthfulness in advertising, 

suitability, and compliance apply to robo-advisors as to 

traditional advisors. The SEC’s actions also indicate that 

regulators are capable of investigating algorithmic processes 

and expect firms to have documentation and testing to prove 

their algorithms work as advertised.  

In Europe, national regulators (like the UK’s FCA) have 

conducted reviews of robo-advice models. The FCA, for 

instance, in 2016–2017 did a thematic review of automated 

investment services and found issues with how some firms 

assessed client risk or explained their services. They pushed 

for improvements in clarity of terms and ensuring algorithms 

didn’t lead to unsuitable recommendations (for example, one 

concern was some robos might place too many clients in 

high-risk portfolios due to simplified questionnaires). 

ESMA’s guidelines now specifically mention the need for 

testing algorithms and having oversight by a competent 

human committee or risk management function within the 

firm.  

 

Gaps and Evolving Frameworks: Despite applying existing 

laws, there are gaps when it comes to AI-specific issues. One 

gap is global regulatory harmonization – fintech is global, but 

regulations differ, potentially allowing regulatory arbitrage. 

Erdélyi & Goldsmith (2018) [6] have called for international 

cooperation, even proposing a global AI regulatory agency to 

set unified standards. While such an agency doesn’t exist,  
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bodies like the OECD and the EU have been proactive in 

proposing AI principles. The EU’s upcoming AI Act (still in 

draft as of 2023) seeks to classify AI systems by risk and 

impose requirements. A robo-advisor might be classified as a 

high-risk AI system (since it affects significant financial 

decisions) and thus could face requirements for transparency, 

record-keeping, and human oversight. These AI-specific 

regulations will overlay on financial ones, possibly giving 

regulators more teeth to demand explainability in algorithms 

or to audit for bias.  

Another framework to mention is the OECD AI Principles 

(2019), which emphasize inclusive growth, human-centered 

values, transparency, robustness, and accountability for AI. 

A robo-advisor service aligns with inclusive growth by 

expanding access, but it must also be robust (resilient to 

errors) and accountable (firms being accountable for AI 

actions). There is discussion in the literature about 

algorithmic accountability: ensuring there is a clear answer 

to “who is responsible if the robo-advisor’s advice causes 

harm?” Legally it’s the firm, but if the harm was due to a 

software glitch, did the firm exercise proper oversight? 

Regulators may require things like algorithm change logs, 

stress testing of models, and involvement of compliance 

officers in model development.  

 

Self-Regulation and Best Practices: In addition to formal 

regulation, industry best practices are emerging. The CFA 

Institute and FINRA, for example, have published papers 

discussing robo-advisory best practices, such as ensuring 

ethical design (embedding fiduciary principles into the code) 

and periodically reviewing outcomes for any systematic drift 

or bias. Some have suggested a certification or audit process 

– e.g., independent auditors checking the algorithm’s quality 

and fairness, akin to how financial audits work. Kofman 

(2025) even suggests an “AI Robo-Advice License” where 

robo-advisors pass through “gateways” proving ethical 

compliance, and then get an ethics rating via a balanced 

scorecard. While this is not yet reality, it reflects a proactive 

approach to governance beyond minimum regulatory 

requirements.  

In conclusion, regulators recognize the benefits of robo-

advisors but are keenly aware of the risks. The approach so 

far has been to apply existing laws (with tweaks in guidance) 

and enforce them when necessary. However, as AI becomes 

more sophisticated, regulatory frameworks are evolving to 

address algorithmic transparency and accountability. The 

interplay between fintech innovation and regulation is 

ongoing – regulators must avoid stifling innovation yet 

cannot allow unethical practices or unchecked risks. The 

consensus in recent literature is that a balanced approach is 

needed: one that promotes innovation in digital finance while 

instituting safeguards (through both regulation and ethical 

design) to protect consumers and ensure fairness. The 

Discussion section (Section 5) will reflect further on how 

effective current regulatory measures are and what 

improvements could be made, linking back to responsible AI 

principles globally.  

 

Methodology  

This research adopts a qualitative, literature-based 

methodology, supplemented by illustrative case analyses, to 

explore the intersection of AI-driven personalization and 

ethical considerations in robo-advisory services. Given that 

the study is purely conceptual and rooted in existing 

literature (as opposed to primary data collection), the 

methodology revolves around systematic literature review 

techniques and comparative analysis of documented cases 

and frameworks.  

 

Research Design: The study is designed as a comprehensive 

literature review and conceptual analysis. This approach is 

suitable because our objectives involve synthesizing and 

critiquing findings from prior research (academic and 

regulatory reports) rather than measuring new empirical data. 

We followed a systematic literature review process to ensure 

coverage of relevant work from multiple domains: finance 

(robo-advisor performance, adoption), technology (AI 

algorithms in finance), and ethics/regulation (AI ethics 

frameworks, fintech regulation). By integrating these 

perspectives, the research design inherently is 

interdisciplinary. We also employ a comparative case 

approach for specific platforms (Betterment, Wealthfront, 

Nutmeg) and regulatory interventions, which helps ground 

the conceptual discussion in real-world context.  

 

Data Sources: We drew upon several types of secondary 

sources:  

● Academic Literature: We prioritized peer-reviewed, 

Scopus-indexed publications from 2010–2022 (to avoid 

very recent unpublished viewpoints and focus on 

established knowledge). Key sources included finance 

journals (e.g., Journal of Financial Planning, Review of 

Financial Studies, Financial Innovation), technology/AI 

journals (e.g., Journal of Business Research for fintech 

studies, AI & Society), and interdisciplinary outlets 

focusing on fintech ethics (e.g., Journal of Business 

Ethics, which recently has fintech ethics articles). Using 

databases like Scopus, Web of Science, and Google 

Scholar, we identified literature with keywords such as 

“robo-advisor”, “digital investment advice”, “AI in 

wealth management”, “fintech ethics”, and “algorithmic 

bias finance”. The references provided in Section 9 

reflect many of these sources. For instance, we included 

systematic reviews of robo-advisory research, empirical 

studies on robo performance, and analyses of regulatory 

issues  

● Industry and Regulatory Reports: To capture up-to-

date practices and regulatory expectations, we reviewed 

reports and white papers by regulatory bodies and 

industry groups. Examples include the SEC’s Investor 

Bulletin on Robo-Advisors (2016), ESMA’s Final 

Report on Suitability Guidelines (2018), as well as 

reports by organizations like CFA Institute or OECD on 

AI in finance. These documents often provide practical 

insights and aggregate data (for example, the SEC cases 

described in Reuters news). We also considered the EU’s 

draft AI Act and OECD AI Principles as normative 

frameworks, even if not specifically about robo-advice, 

to align our ethical discussions with recognized 

standards.  

● Case Data (Secondary): For the case studies of 

Betterment, Wealthfront, and Nutmeg, we relied on 

secondary data such as company websites, press 

releases, news articles, and prior case studies. We did not 

have internal data from these companies; instead, we 

used documented information like AUM figures, 

features offered, and any public incidents or regulatory 

issues (e.g., Wealthfront’s SEC sanction in 
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2018reuters.com). Table 1 in the literature review was 

compiled from such sources, which we cite accordingly. 

We also looked at “case insights” from academic or 

practitioner analyses that evaluated these platforms’ 

strategies or user perceptions.  

● Scopus-Indexed Emphasis: Given the guidance to 

prioritize Scopus-indexed sources, we ensured many of 

the academic references meet that criterion, and avoided 

non-refereed sources unless necessary for factual 

updates (such as Statista data on market size or specific 

news events).  

 

Analytical Framework: Our analysis proceeded in two main 

parts:  

• Thematic Analysis (Ethical Considerations): We 

performed a thematic coding of literature pertaining to 

ethical issues. We identified four major themes (privacy, 

bias, transparency, autonomy/nudging) as described in 

Section 2.4. Sources were coded to these themes using 

qualitative analysis techniques – for example, if a paper 

discussed trust or transparency issues, it was coded under 

the “transparency” theme. We also coded regulatory 

sources to see which themes they address (e.g., 

disclosures -> transparency; duty of care -> 

bias/fairness). This thematic approach allowed us to 

aggregate insights across studies and articulate the key 

ethical dimensions with supporting citations from 

multiple authors. The result is the structured ethical 

discussion and the summary Table 3 in the results, which 

maps issues to insights and mitigation approaches.  

• Comparative Analysis (Personalization Models & 

Cases): We established a comparative framework to 

examine different AI personalization models and 

platform strategies. For instance, we compared 

Betterment’s and Wealthfront’s approaches to 

personalization (Betterment uses goal-based advice and 

offers hybrid human support, whereas Wealthfront 

focuses on purely automated planning tools and 

checking accounts integration). We also compared 

regulatory approaches in the U.S. vs. EU to highlight 

governance differences. By comparing these, we could 

extract general patterns (e.g., most robos use similar 

optimization algorithms, but differ in client engagement 

features; or the U.S. relies on antifraud enforcement 

while the EU tends towards explicit guidelines on 

processes).  

 

Throughout the analysis, we maintained an iterative process: 

initial literature findings informed which further sources to 

seek (snowballing via references), and emerging insights 

were cross-validated with multiple sources. For example, the 

notion that robo-advisors improve diversification and reduce 

biases was evident in D’Acunto et al. (2019) [3], and we cross-

checked it with other studies like D’Hondt et al. (2020) [4] and 

a Vanguard white paper to ensure consistency. On ethical 

issues, if one author raised a point, we looked for 

corroboration or counterpoints (e.g., Ji 2017’s view on 

conflicts vs. another’s view on algorithmic fiduciary duty) [8].  

 

Methodological Limitations: It should be noted that this 

research did not involve direct interviews, surveys, or 

proprietary data from robo-advisor firms or clients. As such, 

it relies on the accuracy and completeness of secondary 

sources. There is a potential publication bias in that 

successful aspects of robo-advisors are well-documented, 

while failures or smaller startups that didn’t succeed may be 

under-represented. We tried to mitigate this by including 

regulatory fines and critiques (to capture “failures” or issues 

encountered). Another limitation is rapidly changing data – 

AUM figures and usage statistics become outdated quickly; 

we avoided citing any beyond 2022 and used them mainly 

illustratively (e.g., growth trends). The conceptual nature of 

the work means some arguments are inferential – for 

instance, ethical assessments are based on principles and 

reported issues rather than direct measurement of harm 

frequency.  

Despite these limitations, a literature-driven methodology is 

well suited for our goals, as it allows integration of a broad 

range of knowledge and the development of a holistic 

narrative. The approach aligns with academic standards for a 

conceptual paper and provides a solid foundation to address 

the research questions. The findings (in Section 4) emerge 

from this methodical review and analysis of the literature and 

cases.  

 

Results / Findings  

Robo-Advisor Personalization Mechanisms  

One of the central questions was how robo-advisors leverage 

AI to deliver personalized financial advisory services. Our 

findings show that while robo-advisors employ sophisticated 

algorithms, their personalization methods are often an 

extension of traditional financial principles executed with 

greater speed and scale. Key mechanisms include client 

profiling, portfolio optimization, and automated 

management:  

● Client Profiling and Segmentation: Robo-advisors 

personalize the advice by first gathering information 

about each client. This typically involves an online 

questionnaire capturing financial situation (income, 

assets), risk tolerance (responses to hypothetical loss 

scenarios), time horizon for goals, and preferences. 

Based on our review, most platforms then categorize 

clients into a risk-profile bucket (e.g., conservative, 

moderate, aggressive). Betterment, for example, assigns 

each account a target allocation (from 0% to 100% 

equities) depending on a risk score derived from the 

questionnaire. Some robo-advisors enhance this basic 

profiling with additional data – for instance, by asking 

about specific goals (like “buying a house in 5 years”) or 

by analyzing external financial accounts that a user links 

(to infer, say, their liquidity needs or existing asset 

allocation outside the platform). A few platforms have 

started using machine learning to refine profiling; for 

example, if a client’s behavior deviates from their initial 

stated risk tolerance, the algorithm might adjust their 

profile (or at least flag it) accordingly. However, fully 

dynamic AI-driven profiling is still not common – as 

noted earlier, robo-advisors tend to rely on the client’s 

self-reported data rather than predictive analytics of 

behavior.  

● AI-Driven Portfolio Construction: Once profiled, the 

robo-advisor’s algorithm recommends a tailored 

portfolio. The typical approach uses mean-variance 

optimization to select a mix of asset classes that matches 

the client’s risk-return profile. We found that virtually all 

robo-advisors primarily use exchange-traded funds 

(ETFs) to implement portfolios, due to their low cost and 

liquidity. The personalization here is in the asset 
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allocation percentages. For instance, a conservative 

investor might get 30% global equities / 70% bonds, 

whereas an aggressive investor gets 90% equities / 10% 

bonds. Some platforms personalize further by including 

alternative asset classes (real estate, commodities) if the 

client’s profile and platform offerings allow. A notable 

finding is that modern robo-advisors have begun 

incorporating factor investing or smart beta elements 

into personalized portfolios – e.g., offering higher 

weighting to factors like value or momentum if aligned 

with client objectives. Personalization can also mean 

respecting constraints: if a client expresses a preference 

for socially responsible investing, the robo will swap in 

ESG-screened funds in place of standard index funds (as 

long as it fits their profile). The algorithms behind this 

may use optimization with additional constraints (like 

excluding certain industries).  

● Automated Portfolio Management: Personalization is 

not a one-time event at onboarding; it continues through 

automated management. Robo-advisors use AI and 

automation to continuously monitor and adjust client 

portfolios. Two primary automated actions are 

rebalancing and tax-loss harvesting (for taxable 

accounts). Rebalancing is triggered when market 

movements cause the portfolio to drift from the target 

allocation. The robo’s system will then generate trades 

to bring allocations back in line. This ensures the client’s 

risk profile remains consistent over time without them 

needing to intervene. The frequency of checks can be 

daily, and the algorithm decides whether the drift is 

significant enough (e.g., beyond a 5% band) to warrant 

trades. This can be seen as personalization because each 

account is managed according to its own target mix, and 

thus each experience different trades based on its unique 

situation (especially when contributions/withdrawals 

occur).  

 

Tax-loss harvesting (TLH) is an AI-assisted process where 

the system scans the account for any assets that have dropped 

below their purchase price enough to realize a tax loss. The 

robo then sells those assets to capture the loss (which the 

client can use to offset gains or income on their taxes) and 

immediately buys a similar asset to maintain market exposure 

(avoiding IRS wash-sale rules by using not identical but 

correlated securities). Wealthfront’s algorithm, for example, 

would check for TLH opportunities daily across all taxable 

accounts. These algorithms significantly personalize after-tax 

outcomes – two clients with different tax situations might see 

different TLH trades. It’s worth noting that the SEC sanction 

of Wealthfront in 2018 was precisely because their TLH 

algorithm didn’t fully do what it promised (it didn’t always 

avoid wash sales when clients had multiple accounts), 

underscoring the importance of accuracy in these 

personalization algorithms.  

● Personalized Insights and Alerts: Another aspect of 

personalization is how the service communicates with 

the client. Many robo-advisors now provide customized 

insights – for example, “You’re on track to reach 80% of 

your retirement goal; consider increasing monthly 

contributions by $50 to improve that” – derived from 

simulations based on the client’s data. These insights are 

generated by the robo-advisor’s planning algorithms, 

which simulate future scenarios (often using Monte 

Carlo simulation) to personalize advice on saving rates 

or goal feasibility. If a client deviates from their plan 

(e.g., withdrawing funds or changing risk level), the 

system might alert them about the impact. This kind of 

micro-personalization keeps the advice relevant to each 

client’s progress.  

 

Our findings indicate that while AI is used, much of the 

personalization is rules-based or simple algorithmic. 

Advanced AI (like deep learning) is not widely employed in 

making the core allocation decisions – likely due to the need 

for transparency and the relatively small dimensionality of 

typical portfolios (which doesn’t demand complex AI). 

Instead, AI/ML is more often seen in peripheral functions: 

e.g., chatbots for customer service, or fraud detection as part 

of platform security (an ethical point we discussed is that 

such AI ensures data security).  

In terms of capability vs. human advisors: robo-advisors 

excel at systematically implementing a defined strategy 

across many accounts without bias or fatigue. For a given risk 

profile, the robo’s portfolio might not differ drastically from 

what a diligent human advisor would also recommend (since 

both might use similar underlying investment theory). 

However, the robo’s ability to personalize is constrained by 

what can be quantified. It cannot (yet) personalize based on 

qualitative factors like “client is extremely anxious about 

market volatility beyond what a risk score shows” unless the 

client explicitly communicates that in the questionnaire.  

To illustrate these personalization mechanisms concretely, 

consider a young investor Alice vs. a near-retiree Bob using 

the same robo-advisor. Alice (age 30, high risk tolerance, 

goal: retirement in ~35 years) gets profiled as aggressive – 

the AI recommends ~90% stocks. It selects a portfolio heavy 

in global equities, maybe including an emerging markets fund 

for extra growth. It sets up automatic monthly deposits from 

her bank to ensure she stays on track. When COVID-19 hits 

and markets crash, the robo rebalances Alice’s portfolio – 

buying more stocks at the low point from her bond allocation 

– thus personalizing the action to her plan (and likely doing 

so when she might be fearful to). It also harvests tax losses 

on her behalf. Bob (age 60, moderate risk, goal: retire in 5 

years) gets maybe a 50/50 portfolio. The robo selects more 

conservative funds (maybe some Treasury bond ETFs, some 

blue-chip stock funds). It might also tailor advice such as 

“consider adding to an IRA or catch-up contributions” 

because of his age (some robos give such tips). If Bob 

indicates he’s interested in income, the robo could choose 

slightly higher dividend funds. As Bob nears retirement, the 

robo might even glide path his allocation to reduce equity 

gradually (some offer this, akin to target-date fund logic). 

These are all examples of AI-driven personalization: each 

action is programmatically decided based on individual data.  

In summary, robo-advisors personalize financial advice 

through algorithmic means that mirror sound financial 

practices: establishing a client’s risk/goal profile, mapping it 

to an optimal portfolio, and then automating the management 

of that portfolio tailored to the client’s ongoing situation. The 

findings affirm that this approach yields tangible benefits like 

improved diversification and disciplined investing, but as 

noted earlier, it also has its boundaries (lack of holistic life 

advice, etc.). Importantly, the consistency of these 

personalization mechanisms is a double-edged sword: it 

ensures reliable execution of a strategy (no sudden stylistic 

drift like a human might have), but it also means if the 

strategy or algorithm has a flaw, it consistently affects many 



 International Journal of Management and Organizational Research  www.themanagementjournal.com 

 
    245 | P a g e  

 

clients – making robust design and oversight crucial (segue 

to ethical/regulatory points).  

 

Identified Ethical Issues in AI-Driven Personalization  

Our analysis of literature and cases revealed several ethical 

issues inherent in the use of AI for personalized finance. 

These issues were briefly outlined in the literature review; 

here we present specific findings and instances that illustrate 

each issue, along with any evidence of their impact:  

● Data Misuse and Security Concerns: The personalized 

service robo-advisors offer is built on collecting 

extensive personal data. This raises the risk of misuse 

(intentional or accidental). We did not find public reports 

of major data breaches specific to robo-advisor firms up 

to 2022; however, the perception of privacy risk is high 

among consumers considering these services. A survey 

by Trust in Technology (2018, reported in a thesis by 

Senteio) indicated many respondents were 

uncomfortable sharing sensitive financial information 

with an AI service due to fear of hacking or unknown 

third-party access. Ethically, even if no breaches have 

occurred, robo-advisors must proactively ensure 

security. Betterment, for example, states in its privacy 

policy that it uses encryption and will not sell customer 

data – aligning with privacy best practices. But one 

subtle misuse could be using client data beyond intended 

purposes. If a robo-advisor used client data to cross-sell 

other products (like loans or non-investment services) 

without explicit consent, that could breach trust. We 

noted that some large financial institutions with robo 

services have broad data usage policies, which consumer 

advocates critique as being too permissive. Regulators 

like the FCA have warned that fintech firms need clear 

consent for any data use beyond core service. In absence 

of clear incidents, our finding is more cautionary: data 

protection is an ongoing ethical priority, and any lapse 

could severely damage the credibility of robo-advisors.  

● Algorithmic Opacity (“Black Box” Effect): A clear 

finding is that clients often do not understand how robo-

advisors make decisions, and this opacity can lead to 

distrust or suboptimal use of the service. A study by Jung 

et al. (2018) found that lack of transparency was a 

primary reason some consumers hesitated to use robo-

advisors, second only to general unfamiliarity We see 

evidence of attempts to address this: many robo-advisors 

publish methodology documents (e.g., Wealth front’s 

white paper on its investment methodology). Yet, these 

are seldom read by average users. The ethical issue arises 

if a client cannot ascertain why a recommendation is 

made. In extreme cases, this could mask biased or flawed 

advice. For example, if an algorithm consistently under-

allocates to certain asset classes for younger clients 

(perhaps due to an error), clients might not know to 

question it. In an interesting case, Schwab’s Intelligent 

Portfolios faced criticism in 2015 for holding a high 

amount of cash (~8% or more) in allocations, which 

some argued was to benefit Schwab’s bank arm (earning 

interest on that cash) rather than to benefit clients. 

Schwab disclosed this, but not very prominently, and the 

algorithm would allocate that cash automatically. This is 

an opacity issue coupled with conflict of interest: clients 

may not have realized their “personalized” allocation 

included an arguably unnecessary cash drag. The SEC 

did scrutinize that (though Schwab wasn’t fined at the 

time, it highlighted that such practices need clear 

disclosure). Figure 2 below (a pie chart of AUM share) 

symbolically underscores how dominant U.S. players are 

– implying a responsibility for these major firms to set 

ethical standards, as a large portion of users are affected 

by how a few algorithms behave.  

 

 
 

Fig 2: Global Robo-Advisor Assets Under Management by Region (circa 2020). The U.S. holds ~70% of total AUM, indicating that 

practices of major U.S. robo-advisors significantly influence ethical outcomes globally. 

 

● Bias in Financial Advice Outcomes: While robo-

advisors aim to provide unbiased advice, our findings 

suggest potential biases can creep in. One area of bias is 

in risk profiling: the standard questionnaires have been 

criticized for possibly catering to an average male 

investor profile and not reflecting differences in how, 

say, women or investors from different cultural 

backgrounds assess risk. A 2020 qualitative study 

(Borkovec et al.) found that women often report lower 

risk tolerance on questionnaires than men with similar 
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financials, which could lead robos to systematically 

assign women more conservative portfolios than 

appropriate. If true, that’s an algorithmic bias affecting 

an entire demographic. Robo-advisors haven’t publicly 

reported how different groups invest on their platform, 

so we rely on independent research. Furthermore, a bias 

can be self-reinforcing: if an algorithm learns from user 

behavior, it might perpetuate existing trends rather than 

challenge them for better outcomes. For instance, if 

many users skip an optional step (like adding a certain 

insurance), the robo might stop suggesting it altogether, 

possibly missing those who would benefit. Another 

angle is portfolio bias: One critique is that U.S.-based 

robos tend to overweight U.S. equities (sometimes out of 

home bias, or using only U.S.-listed ETFs). That could 

disadvantage clients through lack of international 

diversification – essentially a regional bias. Ethically, the 

question is whether this is justified (perhaps due to ETF 

availability/liquidity) or an oversight of the algorithm’s 

design.  

● Transparency and Accountability in Performance: A 

notable ethical issue arises in performance reporting and 

advertisement. Robo-advisors must be careful not to 

mislead with cherry-picked performance. The SEC 

action against Hedgeable in 2018 is telling: Hedgeable 

compared its performance to competitors in marketing, 

but only included a tiny subset (the top 4% of its 

accounts) in the comparison, making itself look superior. 

This is clearly unethical and led to sanctions. It 

highlights that even with AI-driven services, old-

fashioned misrepresentation can occur and needs 

policing. On the accountability side, if a robo-advisor’s 

algorithm makes a mistake (say it rebalances incorrectly 

or fails to execute a stop-loss it promised), who is 

accountable and how are clients made whole? There was 

an incident reported in 2019 where a Canadian robo-

advisor had a bug that caused some client portfolios not 

to rebalance for a period, deviating from target 

allocation. The firm corrected it and compensated any 

material losses (per their announcement), which is good 

practice. But had they not caught it; clients might not 

even know to complain since they rely on the service.  

● Client Autonomy vs. Nudging: We found that robo-

advisors frequently use default settings that effectively 

nudge client behavior. For example, most robos set up 

automatic periodic deposits by default, nudging clients 

to save (an arguably beneficial nudge). They also often 

default to reinvesting dividends and staying fully 

invested. These defaults align with long-term investor 

interest, so ethically they are considered positive nudges 

(they improve outcomes without limiting freedom, as 

clients can opt out). However, consider a nudge like the 

one Schwab’s Intelligent Portfolios uses: it nudges a 

higher cash allocation (by making that the default in each 

risk tier). Clients can’t change that without changing 

their risk tier entirely. Is that limiting autonomy? 

Possibly, if clients aren’t aware, they can’t tweak it, they 

might feel their preferences (maybe they want 0% cash) 

are overruled by the algorithm. Another subtle nudge is 

how questions are framed. If the risk questionnaire is 

skewed to push people to moderate answers (some 

research suggests the way questions are worded can lead 

people to choose middle-of-the-road options), then the 

robo-advisor may be nudging people to certain 

portfolios. Ethically, firms need to ensure questionnaires 

are neutral and validated for accuracy in risk assessment.  

 

Table 3 synthesizes these ethical issues and suggests 

mitigation measures, based on our review:  

 

Table 3: Ethical Issues in AI-Powered Robo-Advisory and Mitigation Approaches 
 

Ethical Issue Description and Evidence Potential Mitigation / Governance Measures 

Data Privacy & 

Security 

Robo-advisors handle sensitive personal/financial data. Risk of 

breaches or misuse (e.g., using data for undisclosed purposes). 

Evidence: Growing user concern over data sharing with 

fintech. No major breaches reported as of 2022, but regulators 

emphasize strict data controls. 

– Encryption & Cybersecurity: End-to-end encryption, 

multi-factor authentication, regular security audits.  

– Privacy Policies & Consent: Clear disclosure of what 

data is collected and how it’s used; opt-in for any 

secondary usage.  

– Regulatory Compliance: Adhere to GDPR, etc., giving 

users rights over their data (access, deletion).  

– Minimal Data Approach: Collect only data needed for 

advice (privacy-by-design). 

Algorithmic 

Bias & Fairness 

AI algorithms might inadvertently favor or disfavor certain 

groups. Evidence: Risk questionnaires possibly leading women 

to lower risk portfolios; potential home-country bias in 

allocations. Could lead to unequal outcomes (e.g., one group 

consistently getting suboptimal advice). 

– Bias Testing: Regularly test algorithm outputs for 

different hypothetical clients (varying age, gender, etc.) to 

detect inconsistency without valid cause.  

– Inclusive Design: Ensure questionnaires and models are 

culturally neutral and consider diverse investor profiles 

(perhaps customize for novice vs. experienced investors 

appropriately).  

– Human Oversight: Have compliance or investment 

committees review algorithm decisions, especially any 

deviations or unusual patterns.  

– Transparency to Client: If any limitation is known (e.g., 

“our model assumes X”), disclose it so users can decide 

accordingly. 

Transparency & 

Explainability 

Clients may not understand how or why the robo’s advice is 

given (black-box concern). Evidence: Many users cite lack of 

understanding of robo recommendations as a trust barrier. 

Misleading marketing (Hedgeable case) undermines trust. 

– User-Friendly Explanations: Provide on-demand 

explanations for recommendations (“Why am I invested 

70% in stocks? -> Because you said you have high risk 

tolerance and long horizon”). Use plain language.  

– White Papers & Methodology: Publish detailed but 

accessible methodology documents.  
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– Interactive Tools: Allow clients to hypothetically adjust 

inputs and see how advice would change (promotes 

understanding of sensitivity).  

– Regulatory Disclosure: Follow guidelines to disclose 

algorithm nature, limitations, and conflicts (e.g., SEC 

guidance on robo-advisors). Regularly update clients on 

any major changes in the algorithm or assumptions. 

Client 

Autonomy vs. 

Nudging 

Robo-advisors’ design choices (defaults, framing of questions) 

can steer client decisions. Evidence: Defaults like auto-

investment and set allocations are common; some inflexibility 

in choices (e.g., limited customization) might override personal 

preferences. Also, concern if algorithm discourages deviations 

(could be good or bad). 

– Opt-Out Options: Clients should be able to override or 

customize key settings (e.g., turn off auto-rebalance or 

adjust allocation within reason) – with clear warnings of 

consequences rather than outright prohibition.  

– Ethical Nudges: Use nudges for clearly beneficial 

behaviors (saving more, long-term focus) but not for things 

that primarily benefit the firm (e.g., high cash allocations 

generating float for firm without clear client benefit). Such 

decisions should be justified in terms of client interest or 

left to client choice.  

– Feedback Mechanism: Provide channels for clients to 

express if they feel the advice or options don’t fit their 

needs. Use that feedback to adjust algorithms or offer 

alternative solutions (possibly route to human advisor if 

outside algorithm’s scope).  

– Periodic Review of Suitability: Check in with clients 

(via app prompts) to confirm their profile and preferences 

haven’t changed, rather than assuming static preferences 

indefinitely. This respect evolving autonomy. 

Accountability 

& Compliance 

Ensuring there is accountability if the AI makes an error or 

behaves unexpectedly. Evidence: SEC actions (Wealthfront, 

Hedgeable) show need for compliance programs around 

algorithms. Also, if clients suffer losses due to algorithm fault, 

how are they made whole? 

– Compliance Audits: Internally and externally audit 

algorithms regularly for adherence to stated strategy and 

regulatory rules. Document any anomalies and responses.  

– Fail-safes: Implement alerts or human review triggers if 

algorithm output deviates beyond certain bounds (e.g., 

suddenly recommends very unusual allocation).  

– Liability Measures: Firms should be prepared to 

compensate clients if an algorithmic error causes financial 

harm (demonstrating they stand by their service).  

– Regulatory Engagement: Be transparent with regulators 

about the AI models used. Some jurisdictions may require 

filing algorithm descriptions. Proactively seek guidance 

when launching novel features.  

– Professional Standards: Perhaps require that algorithms 

are overseen by a qualified investment professional (e.g., a 

Chartered Financial Analyst signs off on the model) to 

parallel the accountability of a human advisor’s fiduciary 

duty. 
Summary of ethical issues affecting robo-advisors and suggested mitigation strategies drawn from literature and regulatory guidance. Ensuring trust and fairness 

in AI-driven finance requires both technical measures (e.g., bias testing, XAI tools) and strong governance (compliance oversight, transparent client 

communication).  

 

These findings reinforce that the ethical viability of robo-

advisors is not automatic; it must be actively managed. The 

next section (4.3) examines some specific cases and 

regulatory actions which provide practical insights into how 

these ethical and operational issues have played out, and what 

lessons have been learned from them.  

 

Case Insights: Platform Comparisons and Regulatory 

Interventions  

To concretize the above discussions, we delve into insights 

from selected robo-advisor platforms and notable regulatory 

or industry interventions. The cases of Betterment, 

Wealthfront, and Nutmeg illustrate how different platforms 

approach AI personalization and ethics, and interventions 

like the SEC’s enforcement actions demonstrate how 

governance is applied in practice.  

 

Betterment vs. Wealthfront – U.S. Independent Robo-

Advisors: Both Betterment and Wealthfront launched around 

the same time and have often been compared as the top 

independent robo-advisors in the U.S., yet they have diverged 

in some strategies.  

● Personalization and Features: Betterment has 

emphasized a goal-based advising approach. It allows 

clients to set multiple goals (retirement, safety net, major 

purchase) and offers advice specific to each, including 

recommended target amounts and probabilities of 

success. Betterment also introduced a hybrid model 

option (“Betterment Premium”) where clients with 

>$100k can get access to human advisors for more 

personalized planning beyond the algorithm. This 

suggests Betterment recognized the limits of pure AI and 

aimed to cover complex queries via human CFP 

professionals – an ethical move to ensure clients get 

appropriate advice when AI might not suffice. 

Wealthfront, on the other hand, took a more purely 

digital route. It built out software-based financial 

planning (its “Path” tool can pull data from accounts to, 
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for example, simulate if the client can afford college 

tuition for their kid) – all without human intervention. 

Wealthfront’s personalization extends to offering direct 

indexing for larger accounts (buying individual stocks in 

an index to harvest tax losses more granularly), which is 

a sophisticated AI-assisted service to add value for 

wealthy clients. It also integrated banking features like 

high-interest cash accounts and lines of credit against 

your portfolio. In short, Betterment leaned into 

personalization via goal customization and optional 

human advice, whereas Wealthfront leaned into 

automation breadth – aiming to be a one-stop-shop for 

financial needs with AI-driven convenience (even 

automating your paycheck allocation between investing, 

bills, and savings using a feature called “Self-Driving 

Money”).  

● Ethical/Regulatory Notes: Neither Betterment nor 

Wealthfront has had major scandals, but they offer 

instructive contrasts. Wealthfront’s SEC issue in 2018 

regarding its TLH algorithm was a mild blemish – 

ethically, the problem was an overconfidence in their 

algorithm’s ability and perhaps inadequate testing. They 

claimed accounts would be monitored to avoid wash 

sales, but evidently failed to in 31% of accounts using 

the service. The resolution (a fine and Wealthfront’s 

agreement to improve disclosures and procedures) 

suggests that robust compliance checks are needed even 

for top-tier fintechs. Betterment interestingly had a 

positive ethical moment: during the market turmoil after 

the Brexit vote in 2016, Betterment briefly halted trading 

on its platform to prevent users from getting poor prices 

in a volatile, illiquid moment. They faced some criticism 

for denying client immediate liquidity, but they argued it 

was to protect clients from executing panicked trades at 

bad prices. This raises an ethical debate: is it right for the 

robo-advisor to “override” immediate client requests to 

serve their long-term interest? Betterment was 

transparent about it and resumed trading soon after 

liquidity returned. This incident shows a robo-advisor 

taking a paternalistic but arguably client-centric action 

(essentially a “circuit breaker” for retail investors). 

Regulators did not penalize this; in fact, such pauses are 

common in human-advised contexts too (advisors often 

counsel clients to pause before acting in panic).  

 

Nutmeg and UK/European Context: Nutmeg, as one of the 

first UK robo-advisors, provides insight into differences 

outside the U.S. It started with a similar model (ETF 

portfolios, online risk profiling) but found that UK investors 

demand a bit more human touch – Nutmeg introduced human 

advisors for higher-tier clients relatively early, and it put a lot 

of focus on transparency in reporting (showing performance 

vs benchmarks on its site). One insight from Nutmeg’s 

journey is that despite good growth (as of 2021 it had ~£3 

billion AUM), it was not profitable for many years, partly 

because client acquisition costs were high. This led to its sale 

to JPMorgan in 2021. The lesson here is ethical in a business 

sense: stand-alone robo-advisors have struggled to sustain 

without large scale, so many have either shut down or been 

acquired (e.g., Wealthfront nearly sold to UBS, was later 

funded by UBS; smaller robos merged or closed). From a 

customer perspective, one could worry about continuity (if 

my robo closes, do I have support to transition?). Most have 

handled this ethically – e.g., when a robo-advisor closes, they 

either maintain service until clients transition out or sell the 

accounts to another provider.  

In terms of regulatory intervention, the UK’s FCA has been 

more prescriptive on advice suitability. A 2019 FCA review 

found some UK robo-advisors weren’t collecting enough 

information to really assess suitability (like not asking about 

a client’s debt or overall financial situation). They mandated 

improvements. Nutmeg for instance had to adjust its 

questionnaires and risk explanations after those early 

feedback. It began providing more education on what 

volatility and risk mean, since many users didn’t fully grasp 

those. This highlights the ongoing need for clear 

communication – an issue not just tech but content.  

 

Regulatory Cases: We already covered the U.S. SEC 

actions. Another interesting case: in 2020, Massachusetts 

state regulators brought a case against a robo-advisor offering 

401(k) management (Guideline) for allegedly operating 

without proper registration and giving advice that wasn’t 

individualized. The case was a reminder that segmentation 

(like giving same advice to many employees in a plan) can 

toe the line on what constitutes personalized advice. The firm 

settled by getting properly registered and improving 

disclosures.  

Also notable is that in the EU, MiFID II rules on suitability 

now require informing clients if advice is based on “limited 

analysis” of the market. Robo-advisors typically use a limited 

set of ETFs, so EU robos (Nutmeg included) have to disclose 

that they are not scouting the entire universe of investments 

but a curated list. That’s a transparency win mandated by 

regulation.  

 

Client Trust and Adoption: Across cases, an overarching 

insight is the challenge of building trust. As shown in Figure 

3 below, awareness remains an issue: many potential 

investors have never heard of or do not understand robo-

advisors. This is gradually changing with more big-brand 

involvement (e.g., Vanguard, Schwab, and now JPMorgan 

for Nutmeg). Trust is also being addressed by performance – 

during the 2020 market crash and recovery, robo-advisors 

performed reasonably well (tracking markets as intended, 

providing tax-loss benefits). If over time users see that 

following the robo’s advice yields good results, trust will 

build (much as index funds gained trust over decades).  
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Fig 3: Investor awareness of robo-advisors was limited as of 2016 – 55% of surveyed U.S. investors with >$10k had never heard of robo-

advisors. Education and marketing by both fintechs and incumbents since then aim to close this gap. 

 

Finally, the acquisitions (like Nutmeg by JPM, and in 2020 

Personal Capital by Empower, etc.) and partnerships 

(Betterment powering other banks’ robo offerings via 

“Betterment for Advisors”) suggest a trajectory where robo-

advice becomes a standard offering within larger financial 

firms rather than a standalone category. This could address 

some ethical issues by integrating robo-advisors into the 

heavily regulated frameworks of large firms (with 

compliance departments, etc.), but could raise others (like 

conflicts if a big bank’s robo pushes its own funds).  

In conclusion, the case studies and interventions underscore 

that effective robo-advisors marry technical excellence with 

robust ethical oversight. The best outcomes appear when 

automation is paired with transparency, when cost savings are 

passed to clients without sneaky trade-offs, and when 

regulators and firms proactively collaborate to update 

practices. These real-world insights inform our discussion in 

the next section on how to interpret the findings in a broader 

context and what they imply for theory and practice.  

 

Discussion  

The findings from our research highlight a nuanced reality: 

AI-powered robo-advisors offer tangible benefits in terms of 

personalization, efficiency, and access, yet they 

simultaneously introduce challenges that straddle 

technology, ethics, and regulation. In this discussion, we 

interpret these findings in relation to our research questions, 

draw theoretical implications for the literature on AI in 

financial services, propose practical implications for 

stakeholders (financial institutions, regulators, consumers), 

and suggest models for ethical governance aligned with 

emerging AI principles.  

Addressing the Research Questions:  

• How do robo-advisors leverage AI to provide 

personalized financial services? – Our results confirm 

that robo-advisors use AI primarily to automate well-

established investment advisory processes (risk 

profiling, asset allocation, rebalancing) with greater 

consistency and scale. They personalize by tailoring 

portfolios to individual risk and goal profiles and by 

dynamically managing those portfolios (e.g., via 

algorithmic rebalancing and tax optimization). This has 

led to improved diversification and disciplined behavior 

for many investors (D’Acunto et al., 2019 showed 

reductions in biases among robo users) [3]. However, this 

personalization is largely constrained to quantifiable 

dimensions – mainly financial risk/return preferences. 

The AI in current robo-advisors does not truly “know” 

the client in a holistic sense the way a human advisor 

might through personal conversation. Thus, AI’s role has 

been as a standardizer and optimizer of advice delivery, 

rather than a creator of profoundly novel advice insights. 

In theoretical terms, this finding aligns with the notion of 

AI as a general purpose technology: it can efficiently 

execute rules and learn patterns, but in personal finance 

it currently operates within the rubric of modern 

portfolio theory and passive investing paradigms. This 

suggests that the transformative aspect of AI in robo-

advice is not in reinventing investment theory, but in 

democratizing its application (making Nobel-prize-

winning portfolio math available to the masses 

seamlessly).  

• What ethical considerations arise from AI-driven 

personalization in finance? – The research uncovered 

several ethical flashpoints: data privacy, algorithmic 

bias, transparency (or lack thereof), and client autonomy, 

among others. These considerations are not abstract – 

they manifest in concrete ways, such as the Wealthfront 

case of failing to deliver promised algorithmic 

monitoring (an ethical lapse in transparency and duty), 

or the subtle biases that could result from homogeneous 

algorithms serving diverse populations. A key insight is 

that efficiency does not guarantee fairness or trust. In 

fact, the speed and scale of AI can amplify issues: if an 

algorithm is biased, it can consistently bias outcomes for 

thousands of clients in seconds. This raises the ethical 

stakes compared to a scenario where bias might be more 

idiosyncratic and correctable in human advising. Our 
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discussion of fairness also connects to broader AI ethics 

debates – for example, the importance of diverse training 

data and inclusive design to prevent discrimination (a 

frequent theme in AI ethics literature, as noted by Erdélyi 

& Goldsmith, 2018) [6]. The ethical considerations here 

underscore a theoretical implication: financial 

algorithms embody the values (and blind spots) of their 

creators. This is a call for interdisciplinary oversight – 

ethicists, behavioral scientists, etc., should be involved 

in designing robo-advisors, not just quants and 

engineers. We also note that user trust (an ethical and 

practical concern) is intimately tied to transparency and 

perceived alignment of interest. This correlates with 

theories of technology acceptance: trust is a prerequisite 

for adoption of AI in domains requiring surrender of 

control, like letting an algorithm manage your money. 

Our findings reinforce models like the Technology 

Acceptance Model (TAM) in a fintech context, 

suggesting perceived transparency and security are likely 

as important as perceived usefulness for users deciding 

to adopt robo-advisors.  

• How can regulatory and governance frameworks 

mitigate risks? – The evidence suggests that existing 

regulations, when applied and enforced, do address 

many risk areas (e.g., fraud, misrepresentation, basic 

suitability). The SEC and other regulators have shown 

they can and will hold robo-advisors to the same 

standards as human advisors. However, new frameworks 

or guidelines are needed to explicitly tackle AI-specific 

issues like explainability and algorithmic oversight. One 

could argue that regulators should require robo-advisors 

to maintain a kind of “audit trail” of their algorithm’s 

decisions – something that could be reviewed in an 

examination. Governance-wise, an internal control that 

emerged from our findings is the importance of human-

in-the-loop in certain scenarios. For instance, having a 

committee to periodically review whether the robo’s 

recommendations remain appropriate in changed 

economic conditions (say interest rates go negative – 

does the algorithm handle that?). A practical 

recommendation from our study is for regulators to 

consider mandating an “algorithmic accountability 

report” for robo-advisors: a document that details how 

the algorithm was tested for biases, how it is monitored, 

and what contingency plans exist for malfunctions. This 

is analogous to stress testing banks – stress testing 

algorithms under extreme market scenarios. Responsible 

AI frameworks (like the draft EU AI Act) would classify 

robo-advice as high-risk, implying stricter compliance 

(documentation, human oversight, etc.). Our findings 

support that approach; we saw minimal pushback from 

the industry on such oversight, likely because consumer 

trust needs bolstering and compliant firms benefit from 

weeding out bad actors. An emerging concept is the 

fiduciary AI – making algorithms themselves act in 

fiduciary capacity. While an algorithm can’t have intent, 

its design can be such that it prioritizes client benefit. 

Regulators could encourage this by, say, prohibiting 

certain conflicts (like requiring robo-advisors that 

recommend proprietary products to prominently disclose 

and justify that the selection is as good as alternatives). 

In short, governance frameworks must evolve from 

focusing just on what advice is given to how advice is 

generated and delivered by AI. This is a new dimension 

for financial regulation, overlapping with data science 

governance.  

 

Theoretical Implications: Our research contributes to the 

literature by integrating AI ethics with financial advisory 

services theory. The findings highlight that classical theories 

of intermediation (e.g., the role of trust and asymmetry of 

information in financial advice) are challenged by AI 

disintermediation. The concept of trust is partially shifted 

from trusting an individual to trusting an institution or 

system. This aligns with the notion of institutional trust in 

technology – users trust Betterment or Schwab’s brand and 

platform rather than a specific person. This shift has 

implications for the principal-agent problem: if the agent is 

an algorithm owned by a firm, the “agent” never gets tired or 

greedy for commissions in the usual sense, but the firm 

behind it might program subtle agency biases (like the cash 

allocation example, arguably benefiting the firm’s banking 

side). So, agency theory must adapt to include algorithmic 

agents and their incentive structures.  

Additionally, our findings support the application of 

behavioral finance theories in the robo context. Robo-

advisors explicitly try to counteract common behavioral 

biases (disposition effect, market timing) by design. This is 

essentially a commitment device for investors. The success 

(or partial success) of this approach, as evidenced by reduced 

biases among users, feeds into the literature on debiasing – 

showing that structural, tech-based interventions can mitigate 

biases that education or advice alone often couldn’t. It’s a bit 

of a paternalistic libertarian approach (nudge theory) at work 

in finance, providing a working example for scholars of 

behavioral economics.  

 

Practical Implications:  

● For Financial Institutions: Banks and investment firms 

looking to implement robo-advisory services should treat 

the robo not just as a cost-cutting tool but as an extension 

of their fiduciary responsibility. The insights that 

transparency builds trust and that hybrid models can plug 

the gaps in AI suggest that firms should consider offering 

tiers of service. For example, a purely digital tier for 

simpler needs and a hybrid tier for more complex needs 

ensures clients aren’t forced into an inappropriate model. 

Firms should invest in user interface design that educates 

– e.g., interactive explainers for why the algorithm 

suggests a certain action. The data showing high 

numbers of investors unaware of robos (Figure 3) 

implies firms still have to do marketing and education to 

increase adoption. Interestingly, as large incumbents 

(Schwab, Vanguard, JPMorgan) dominate, they have an 

opportunity to leverage existing client trust to bring 

robo-advice to the mainstream. They must however 

ensure that trust is not betrayed by hidden biases (like 

pushing in-house funds). The Betterment vs. Schwab 

approaches to cash management is illustrative: 

Betterment sweeps excess cash into high-yield savings 

(via partner banks) purely as a client service, whereas 

Schwab integrated cash as part of portfolio likely for its 

own yield benefit. The latter got criticism; firms should 

note that today’s consumers are quick to detect and 

publicize perceived self-serving practices (thanks to 

social media and forums). So ethically aligning the 

robo’s decisions with client benefit is not only right but 

reputationally wise.  



 International Journal of Management and Organizational Research  www.themanagementjournal.com 

 
    251 | P a g e  

 

● For Regulators: Regulators might find from this 

research that their current focus—ensuring robo-

advisors register and follow existing rules—is necessary 

but not sufficient. They should develop expertise in 

algorithm auditing. This might involve hiring data 

scientists or creating interdisciplinary teams (with 

finance, tech, ethics expertise) within regulatory 

agencies to evaluate algorithms. They could also 

facilitate industry-wide standards – for instance, a 

certification for robo-advisory algorithms (similar to 

how payment card industry has security standards). 

Regulators in the EU with the AI Act and in jurisdictions 

like Singapore (which issued principles for Fairness, 

Ethics, Accountability, and Transparency in AI) are 

already heading this way; others may follow. A 

pragmatic regulatory approach is also to monitor 

outcomes: e.g., track if any particular robo’s clients 

systematically underperform or lodge complaints, which 

might hint at a problem with the algorithm or disclosures.  

● For Customers: While our paper is not directly a 

consumer guide, the findings implicitly advise customers 

to perform due diligence on robo-advisors: read their 

methodology disclosures, be aware of what data you’re 

sharing and how it’s used, and remember that you can 

usually override or leave the service if uncomfortable. 

Customers should know that low fees are a big draw, but 

they should also look for signs of trustworthiness (clear 

communication, availability of support). The 

comparative info suggests that if a customer has more 

complex needs, picking a robo with human advisor 

access (hybrid) could be beneficial.  

 

Ethical Governance Models: Tying into responsible AI 

frameworks, one governance model that emerges is “human-

on-the-loop” for robo-advisors. Unlike a fully autonomous 

system, human-on-the-loop means there is ongoing human 

monitoring and the ability to intervene. For instance, if the 

robo starts giving unusual advice (maybe due to a market 

regime change outside its training), humans can step in to 

adjust the algorithm or directly communicate to clients. This 

model aligns with the EU draft AI Act’s notion that high-risk 

AI should have human oversight. Another model is creating 

an AI ethics committee within robo-advisory firms. Some 

large tech firms have such committees; a robo-advisor could 

benefit from a standing committee that reviews, say, any new 

algorithm features for ethical implications (are we 

introducing any new conflicts? Is the new feature fair to all 

client segments?).  

The concept of algorithmic fiduciary may also become 

codified. Ji (2017) [8] argued regulators should focus on the 

duty of loyalty issues because algorithms can embed 

conflicts. So one governance approach: require robo-advisors 

to annually certify how their algorithms meet fiduciary 

standards – e.g., attest that they only consider factors in the 

client’s interest when making recommendations (aside from 

disclosed necessary conflicts like limited universe). This 

could be similar to how financial advisors must attest to 

compliance training and codes of ethics each year.  

Finally, linking to global AI principles like the OECD’s: 

inclusivity, transparency, robustness, and accountability. Our 

findings map to those: robo-advisors need inclusivity (no 

unfair exclusion or bias among clients), transparency 

(explainable recommendations), robustness (resilient in 

volatile markets and secure against cyber threats), and 

accountability (clear responsibility and recourse when issues 

occur). The industry can collectively adopt these as 

benchmarks. For example, a consortium of robo-advisors 

could agree on transparency standards or a common risk 

metric to present to clients so they can easily understand and 

compare services (similar to nutrition labels in food, maybe a 

“Risk Number” that all use in addition to verbose 

descriptions).  

In sum, the discussion highlights that while AI-driven robo-

advisors are a leap forward for personal finance in many 

respects, maximizing their benefit to society requires 

bridging fintech innovation with fintech governance. Our 

analysis paints a picture where the future of financial advice 

is likely hybrid – not only between humans and AI, but 

between innovation and regulation, each informing the other 

to create services that are efficient, trustworthy, and aligned 

with client welfare. This synergy is essential for sustainable 

adoption of AI in finance, preventing the technology from 

undermining the very trust that the financial system depends 

on.  

 

Conclusion and Recommendations  

Summary of Key Findings: This research examined the 

intersection of AI, personalization, and ethics in robo-

advisory services. We found that robo-advisors successfully 

employ AI and algorithms to make investing more accessible, 

personalized, and low-cost. They automate prudent financial 

practices – diversifying portfolios, rebalancing regularly, 

harvesting tax losses – which can improve client outcomes 

such as enhanced diversification and reduced behavioral 

mistakes. The growth of robo-advisors (over $2.5 trillion 

AUM globally by 2023) attests to their increasing acceptance, 

particularly among younger, tech-savvy investors. However, 

our study also highlighted important ethical and practical 

challenges: ensuring data privacy, preventing algorithmic 

biases, maintaining transparency in advice, and safeguarding 

client trust. While current regulations have largely kept gross 

misdeeds in check, there remains a gap in addressing AI-

specific issues like explainability and accountability for 

automated decisions. The overarching conclusion is that AI-

driven robo-advisors can fulfill their promise of personalized 

financial guidance at scale only if robust ethical governance 

and client-centric design are baked into their development 

and operation.  

 

Policy and Managerial Recommendations:  

• Enhance Transparency and Client Education: 

Regulators and industry bodies should develop 

guidelines for standardized disclosure in robo-

advisory. For example, a simple, standardized “Robo-

Advisor Factsheet” could accompany each service, 

summarizing its algorithm’s approach (e.g., “uses 

Modern Portfolio Theory; invests in 12 globally 

diversified ETFs; rebalances quarterly; etc.”), fees, and 

any limitations or unique risks. This would make it easier 

for consumers to compare services and understand what 

they are signing up for. Managers of robo-advisory firms 

should invest in in-app education tools – interactive 

modules or FAQs that explain concepts like risk 

tolerance, why staying invested through volatility is 

advised, how the algorithm works in plain terms. An 

informed client is more likely to trust and stick with the 

service (which also improves business retention).  
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• Implement Ethical AI Governance within Firms: We 

recommend that firms establish internal AI ethics 

committees or at least formal review processes for their 

algorithms. Before deploying major changes to the 

investment algorithm or client-facing features, these 

should be reviewed for fairness, transparency, and 

alignment with fiduciary duties (as suggested by Ji, 

ensuring algorithms are not coding in conflicts of 

interest). Additionally, periodic audits (perhaps 

annually) by an independent third party could be done to 

verify that the robo-advisor’s outcomes are in clients’ 

best interests and that no systematic biases have 

emerged. Firms could publicly share summaries of these 

audit results to bolster confidence (analogous to how 

some tech companies publish transparency reports on 

data privacy).  

• Strengthen Regulatory Oversight with Focus on AI 

Accountability: Regulators should update advisory 

regulations to address AI. For instance, the SEC and 

other securities regulators could issue updated rules or 

guidance requiring that:  

▪ Robo-advisors provide regulators with technical 

documentation of their algorithms (under 

confidentiality) for review.  

▪ Firms have a designated “algorithm responsible 

officer” (similar to a compliance officer) attesting 

that the algorithm has been tested and is monitored.  

▪ Clear procedures exist for handling algorithm errors 

or client complaints related to automated advice 

(e.g., if a client claims the robo mis-assessed their 

risk, the firm must investigate and adjust if needed).  

 Regulators might also coordinate to share best 

practices since robo-advisors are global – an IOSCO 

or OECD guideline on automated advice could 

harmonize standards. We also suggest exploring an 

accreditation or sandbox program: firms could 

volunteer to have their robo-advisors evaluated in a 

regulatory sandbox environment, which could then 

yield certification (like a “RegTech certified” 

badge) signaling that the robo-advisor meets high 

standards of transparency, security, and fairness. 

This mirrors suggestions for global harmonization 

in AI regulation.  

 

• Promote Hybrid Models and Human Oversight 

Where Appropriate: Our findings show that a one-size-

fits-all approach may not suit all clients or all financial 

decisions. We recommend that robo-advisory providers 

incorporate human advice options for situations where 

algorithms may fall short – for example, major life 

events or complex planning questions. Even if it’s at an 

extra fee or for certain account tiers, giving clients access 

to a human advisor when needed can significantly boost 

trust and fill advice gaps (as Betterment’s model has 

demonstrated). For the mass segment that will use pure-

robo, firms should still ensure a human risk management 

team monitors aggregate client outcomes. If many clients 

start making panic withdrawals, perhaps the firm could 

proactively reach out (even with human communication 

or webinars) to coach and reassure, thus blending tech 

and human engagement to protect clients.  

• Future Innovation – Explainable and Adaptive AI: 

From a technological perspective, firms should invest in 

making their AI more explainable and possibly more 

adaptive to individual nuances. Techniques from 

explainable AI (XAI) could be integrated so that, for 

instance, a client can click on a recommendation and see 

a visual or textual explanation generated by the system 

(“We recommend 20% in international stocks 

because…”). On the personalization front, robo-advisors 

could start incorporating more data (with consent) – for 

example, using behavioral data (does the client check 

their account every day? That might indicate anxiety and 

perhaps the need for a more conservative allocation than 

the survey indicated) to fine-tune advice. Of course, any 

use of additional data must be handled ethically, but if 

done right, it could move robo-advice from generic risk 

buckets to truly individualized coaching. This crosses 

into the future research domain (below) but is a practical 

avenue for differentiation in the market.  

 

Future Research Directions: This study opens several 

avenues for further research. First, behavioral aspects: 

researchers could examine client outcomes over longer 

periods to see if robo-advised investors indeed stick to plans 

better and how that impacts long-term wealth accumulation 

versus those with human advisors or self-directed investors. 

Incorporating behavioral finance, studies could explore if 

certain nudges or interface designs in robo platforms 

significantly reduce harmful investor behaviors (and which 

ones, through A/B testing perhaps). Second, AI explainability 

in finance is ripe for research – for instance, investigating 

how different methods of providing explanations (text vs. 

visual vs. interactive) affect user trust and decision quality in 

robo-advice. Third, cross-country studies could be valuable: 

comparing adoption, usage, and regulatory experiences of 

robo-advisors in different regulatory regimes (US vs Europe 

vs Asia) to see how context influences outcomes. Fourth, as 

AI techniques advance (e.g., the emergence of generative AI 

and advanced NLP), research can explore integrating those 

into robo-advice – maybe AI that can engage in dialogue with 

clients to answer complex questions. What are the benefits 

and risks of that? Early examples like AI chatbots for 

financial planning (e.g., experiments with GPT models) 

could be studied for accuracy and reliability. Finally, a crucial 

research area is algorithmic fairness: developing and 

applying frameworks to audit robo-advisor algorithms for 

bias (similar to how algorithms in credit lending are audited). 

This would build on interdisciplinary knowledge from 

computer science and ethics, and could yield tools for 

regulators and firms to use.  

 

Limitations of the Study: We acknowledge that our analysis 

is based on available literature and reported data up to 2022, 

and we did not incorporate post-2022 developments or any 

primary empirical data. The robo-advisory landscape evolves 

quickly (for instance, new entrants or features in 2023–2025 

could change some dynamics). We also dealt mostly with 

established players; niche or emerging models (like crypto 

robo-advisors or AI-driven personal finance apps integrating 

budgeting and investing) were outside our scope and could 

have different risk profiles. Our discussion of bias and ethics 

was somewhat theoretical – real-world measurement of, say, 

bias in recommendations is sparse due to lack of public data. 

Thus, some concerns raised are prospective (what could go 

wrong) rather than documented (what has gone wrong). 

Future studies with proprietary data or user surveys could 
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validate which issues are most salient in practice. Finally, 

while we aimed for breadth (covering technology, ethics, 

regulation), the depth in each could be expanded – each of 

these sub-areas could warrant a focused study on its own.  

In closing, the robo-advisor revolution epitomizes both the 

promise and perils of AI in finance. It promises to make 

quality financial advice a low-cost commodity accessible to 

all, potentially narrowing wealth management gaps. Yet it 

also challenges us to ensure that an algorithm can truly act in 

a client’s best interest under all circumstances. The success 

of this fintech innovation will ultimately be measured not just 

by assets under management or fees saved, but by how well 

it serves investors – ethically, transparently, and effectively – 

through bull and bear markets and through the varied 

financial journeys people undertake. By thoughtfully 

integrating responsible AI practices and sound governance, 

stakeholders can ensure that robo-advisors live up to their 

potential as a positive democratizing force in personal 

finance. The path forward requires collaboration between 

technologists, financial experts, ethicists, and regulators – a 

collaborative framework that could well serve as a blueprint 

for other AI applications in society.  

 

References 

1. Baker T, Dellaert BGC. Regulating robo-advice across 

the financial services industry. Rotterdam: Erasmus 

Research Institute of Management; 2017. ERIM Report 

Series Reference No. ERS-2017-004-MKT. 

2. Beketov M, Lehmann K, Wittke M. Robo advisors: 

quantitative methods inside the robots. J Asset Manag. 

2018;19(6):363-370. 

3. D’Acunto F, Prabhala N, Rossi AG. The promises and 

pitfalls of robo-advising. Rev Financ Stud. 

2019;32(5):1983-2020. 

4. D’Hondt C, De Winne R, Ghysels E, Raymond S. 

Artificial intelligence alter egos: Who might benefit 

from robo-investing? J Empir Finance. 2020;59:278-

299. 

5. Egan M, Matvos G, Seru A. The market for financial 

adviser misconduct. J Polit Econ. 2019;127(1):233-295. 

6. Erdélyi OJ, Goldsmith J. Regulating artificial 

intelligence: Proposal for a global solution. In: 

Proceedings of the 2018 AAAI/ACM Conference on AI, 

Ethics, and Society; 2018. p. 95-101. 

7. Hildebrand C, Bergner A. Conversational robo advisors 

as surrogates of trust: Onboarding experience, firm 

perception, and consumer financial decision making. J 

Acad Mark Sci. 2021;49(4):659-676. 

8. Ji M. Are robots good fiduciaries? Regulating robo-

advisors under the Investment Advisers Act of 1940. 

Duke Law Technol Rev. 2017;16(2):220-261. 

9. Lopez BS, Alcaide A. Blockchain, AI and IoT to 

improve governance, financial management and control 

of crisis: Case study COVID-19. Lectura y Vida. 

2020;41(1):56-64. 

10. Nutmeg. Nutmeg reaches $4.2 billion AUM. Finovate 

Blog. 2021 Apr 27. 

11. U.S. Securities and Exchange Commission (SEC). SEC 

sanctions robo-advisers Wealthfront, Hedgeable for 

false disclosures. Washington, DC: U.S. Securities and 

Exchange Commission; 2018. Press Release No. 2018-

300. 

12. Senteio S. Customer trust and satisfaction with robo-

adviser technology. J Financ Plan. 2023;36(8):50-61. 

13. Tiberius V, Gojowy R, Dabić M. Forecasting the future 

of robo-advisory: A three-stage Delphi study on 

economic, technological, and societal implications. 

Technol Forecast Soc Change. 2022;182:121790. 

14. Wei S, Yildirim Y. Robo-advisors: A substitute for 

human financial advice? J Behav Exp Finance. 

2020;25:100275. 

15. Zhu H, Vigren O, Söderberg I-L. Implementing artificial 

intelligence empowered financial advisory services: A 

literature review and critical research agenda. J Bus Res. 

2024;174:114494. 

 

 


