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Abstract:
							                           
Technological advancements bring continuous changes into the investment industry. The paper aims to provide insights on future research agenda based on a review of the current stance of research on the links between the Robo-advisors phenomenon and behavioural biases of individual investors. A qualitative investigation method has been applied for literature review on Robo-advisors and their impact on behavioural biases.The key findings indicate that Robo-advisors can help users to make better informed and less biased decisions. However, Robo-advisors activate the investors’ automatic system processes. The resulting passive investment approach could lead to alienation of the investors from the stock market, decreasing their understanding of the investment process that could widen a gap between different clusters of investors.

The paper makes several contributions to the literature. First, it provides arguments on why a dual process theoretical framework in the relationship between financial advisory and investment behavioural biases is applicable. Second, it studies the Robo-advisor phenomenon and proposes a comprehensive definition of Robo-advisors. Third, the literature review suggests drivers of the Robo-advisors effect on the changes of behavioural biases as a future research direction.





Keywords: Robo-advisor, behavioural biases, dual process theory.
		                         








Introduction


In theory, investors act as rational agents who maximise expected utility, hold well-diversified portfolios and trade infrequently to minimise taxes and other investment costs (Fama,1970). Studies focusing on the performance of individual investors note that they do not always behave as expected utility maximisers and tend to underperform the market. ‘The investor’s chief problem – and even his worst enemy – is likely to be himself’ (Benjamin Graham). The underperformance outcome differs due to limited cognitive resources (Simon, 1955). Tversky and Kahneman (1974) showed that heuristics or rules-of-thumb lead to systematic deviations from rational behaviour and predictable errors and biases. Irrational decisions may lead to poor financial returns and a lower level of welfare that may be particularly important considering that demographic trends press on shifting the pay-as-you-go retirement system towards a more occupational and personal insurance system that transfers responsibility from governments to individuals for their financial security after retirement.

As a solution to this dilemma, Robo-advisors have been introduced in the investment industry to provide investors with low-cost products and high-quality advice. Based on Market Data Forecast (2020), the global Robo-advisors market will grow during 2020-2025 at a compound annual growth rate of 53.4%. That will translate into a revenue of USD 97.03 billion by 2025.

In this paper, we focus on the rapidly growing body of research examining Robo-advisors applications in investment services, linking them with possibilities of reducing behavioural biases of individual investors. Technological advancements bring rapid changes into the forms, scope, characteristics of Robo-advisors, and applications for specific target customers. Therefore, the first goal of the study is to examine the Robo-advisors phenomenon and its evolvement.

Secondly, the paper discusses the emerging theoretical framework for studying Robo-advisors in investment services. The dual process theory forms the basis for automatic rules in Robo-advisors (Evans, 2008). Defaults or framing as nudges usually utilise the automatic system, while there exist a few nudges that target the deliberative system, such as those that aim to show people the consequences of their decisions (Bhandari et al., 2008; Sunstein, 2014). Defaults used in Robo-advisors can help users make better informed and less biased decisions (Jung &Weinhardt, 2018). However, research also shows that fully automated Robo-advisors activate the automatic system, and investors do not have to make any decisions, which could lead to the alienation of investors from the stock market (Tan, 2020).

In research, there is still no general agreement on the scope of advice the Robo-advisors provide and the performance measurement of Robo-advisors. The evidence of the financial performance of Robo-advisors is still mixed. Previous studies showed that Robo-advisors alleviate the effect of behavioural biases on investment decision making, however, in some cases, Robo-advisors had no impact. Therefore, the third goal of the study is to explore the links between Robo-advisors and behavioural biases.

This is a literature review type of paper. It examines the current state of research on the links between the Robo-advisors phenomenon and behavioural biases of individual investors, addresses the limitations of the research and builds propositions for future research agenda in this novel field. We contribute to the current state of the literature on the use of Robo-advisors and behavioural biases in investment in the following ways. First, we propose a comprehensive definition of Robo-advisors beyond the traditional dyad of technology and its applications. Second, in addition to existing theoretical propositions, we provide arguments for the application of a dual process theoretical framework in the relationship between financial advisory and the behavioural biases of investors. Third, we review literature in this novel field of research and present findings from the empirical studies. Because this is a new area in investment studies, we conclude with future research directions in the field.

The paper employs a qualitative investigation method. The literature review is performed based on data collection, data coding, data analysis and interpretation of results. We have searched relevant papers from 2017 to 2021 for inclusion in the comprehensive review. The following keywords: Robo-advisor, Robo-advisory, investment, investor(s), behavioural biases were used for the search. That resulted in approximately 900 articles in Google Scholar, Web of Science, Science Direct, Springer Link and Taylor&Francis databases. We filtered the papers based on the titles, abstracts and keywords. We coded the articles by objective, method and findings to achieve a better systematisation of the review. When performing a literature review, we systematised articles based on qualitative and quantitative research methods. We systematised the findings of the articles to identify the key trends in this growing field of research. The final sample used for this literature review consists of 53 articles.

The paper is organised as follows. In Section 1, the phenomenon of Robo-advisors and its evolution are discussed. In Section 2, we describe the theoretical propositions for the exploration of Robo-advisors and behavioural biases. The previous literature examining how digital investment advisors change the effects of behavioural biases is overviewed in Section 3. In Section 4, the conclusions and implications from the literature review are presented.





1. Robo-advisors phenomenon and its evolution


Heuristics lead to behavioural biases, and behavioural biases cause systematic deviations from rational behaviour (Tversky Kahneman, 1974). Irrational decisions may result in poor financial returns and a lower level of welfare. Research in behavioural finance suggests that financial education and advice provided by professional financial service advisors can successfully reduce behavioural biases (Bhandari et al., 2008; Feng & Seasholes, 2005). However, those investors who need advice or financial education to overcome their mistakes usually do not seek education or advice (Bhattacharya et al., 2012). The reasons could be different: individual investors often consider investment advice and education to be expensive, complicated, biased. As a solution to this dilemma, Robo-advisors are introduced in the investment industry to provide investors with low-cost products and high-quality advice.

Recent research focuses on examining the application of Robo-advisors – online investment advice platforms that simplify the process as automated execution allows individual investors to implement the advice they receive and to reduce their behavioural biases (D’Acunto et al., 2019; Jung & Weinhardt, 2018). From the technological point of view, Robo-advisors are a specific kind of software for advisory services: the investors input their data, investment experience, goals, risk, etc. via an initial questionnaire. Using these data, algorithms can provide specific recommendations on investment decisions and portfolio changes, or they can make the decisions and initiate appropriate actions. This raises the interest of social scientists in Robo-advisors and the links between investment performance and human behaviour. In the literature, there is no common definition of Robo-advisors. ‘Robo’ stands for an automated process using algorithms to support investment decisions, while ‘advisor’ stands for wealth management automated services provided through online channels (Deloitte, 2016). In general, the Robo-advisors term defines a digital or web application that delivers automated portfolio management advice. The literature review allowed us to summarise the existing definitions of Robo-advisors and their evolution as presented in Table 1.




Table 1




Overview of the Main Definitions of Roboadvisors









	
Source

	
Definition

	
Characteristics




	Lopez   et al. (2015)
	Robo-advisors   seek ‘to provide simplified financial solutions through sophisticated online   platforms, eliminating or reducing the need for face-to-face interaction’.
	Decision-making   role in specific stock trades;    Passive   investment approach



	Sironi   (2016)
	‘Robo   advisors are automated investment solutions that provide automated portfolio   rebalancing using trading algorithms based on passive investment and   diversification strategies, which engage individuals with digital tools   featuring advanced customer experience, to guide them through a self‐assessment process and   shape their investment behaviour towards rudimentary goal‐based decision making’.
	Decision-making   role in portfolio management;   Passive   investment approach    



	Jung   et al. (2018)
	‘Robo-advisors   are digital platforms comprising interactive and intelligent user assistance   components that use information technology to guide customers through an   automated (investment) advisory process’.
	Decision-making   role in advice and portfolio management;   Interactive   investment approach



	Maume(2019)
	‘Robo-advisor   is algorithm-based software that provides specifically tailored investment   recommendations to the client based on the client’s input. The final   investment decision is made by the client and not by the algorithm’.
	Role   in personalised advice and managing in asset management value chain;   Interactive   and active investment approach



	Shanmuganathan   (2020)
	‘Robo-advisors   have been identified as customized, algorithm-based goal setting and   machine-operated services, which provide customers with an overview of their   financial standing, and recommend them with relevant investment portfolios’.
	Role   in personalised advice and managing in asset management value chain;   Interactive   and active investment approach



	Hildebrand   and Bergner (2020)
	‘Conversational   Robo-advisors as advisory interfaces that possess a dialogue-based process of   financial advisory, which emulates fundamental properties of human-to-human   conversation’.
	Role   in personalised advice and managing in asset management value chain;   Interactive   and active investment approach with ‘the human touch’ of RA.






















The evolution of Robo-advisors definitions provided in Table 1 indicates how Robo-advisors’ role has been changing from passive investment approach to interactive and active investment approach. One of the first definitions provided by Sironi (2016) suggested that Automated Investment Solutions (AIS) would be a more appropriate name for Robo-advisors as they are neither robots nor advisors, however, “we are aware that AIS would not be a headline stealer because it does not convey the same emotional emphasis as robotics”. The discussion is ongoing whether Robo-advisors are automated asset management service or advisors that leave the final investment decision to the client. When Robo-advisors are fully automated, are they Robo-advisors or, as D’Acunto (2020) suggested, a more appropriate term would be Robo-investors or Robo-managers? The most recent definitions starting with Jung et al. (2018) include an interaction between the Robo-advisors and the investors used in active investing. Hildebr and and Bergner (2020) referred to conversational Robo-advisors that compensate for the lack of ‘human touch’ during the advisory process to provide turn-taking or the presence of social cues throughout the conversation with Robo-advisors. However, current Robo-advisors are not customised according to the personal aims of investors within the framework of individual life-cycle management yet. Usually, the Robo-advisors provide advice only concerning the assets that those Robo-advisors manage. However, more fundamental needs of individuals, like the planning of studies, retirement, real estate, are not addressed yet (Fisch et al., 2019). Based on the evolution of Robo-advisors, as presented in Table 1, and taking into account the broad context of investors’ needs and future development in intelligent data analysis and machine learning, we suggest the definition of Robo-advisors. Robo-advisors are algorithm-based software that interacts like a human, provides specifically tailored rational investment recommendations to the customer and can learn from data. The final investment decision is made either by the client or by the algorithm.

The evolution of Robo-advisors offers increased benefits to individual investors. Robo-advisors evaluate potential trades based on the underlying systems. Therefore, human errors or behavioural biases, common among individual investors, might be less prevalent in the cases of Robo-advisors involvement.





2. Theoretical Framework for Research on Robo-advisors and Behavioural Biases in Investment Services


In theory, investors hold well-diversified portfolios and trade infrequently to minimise taxes. However, overall individual investors underperform the market in the long run due to different cognitive abilities (Barber Odean, 2000). The foundations of neoclassical finance – expected utility theory, portfolio theory, capital asset pricing theory – provide a framework for defining normative behaviour. However, they do not explain the decision making and behavioural biases of investors. Research in behavioural finance improved the traditional research framework along three dimensions: first, through more realistic assumptions about individual beliefs – people deviate from Bayes’ rule; second, through more realistic assumptions about individuals preferences – replacing expected utility theory with prospect theory (Kahneman & Tversky, 1979); third, taking into account the cognitive limits, i.e., recognising that people are unable to process all the information that is relevant to their decision making. The latter is approached in dual process theory (Evans, 2008; Kahneman, 2012). The dual process theory also focuses on explaining the influence of emotions and cognition on behavioural biases.

Limited time and decision making under uncertainty lead to heuristics: shortcuts in reasoning and systematically erroneous judgments (Kahneman et al., 1982). “The term heuristics encompasses innate and automatic processes as well as learned or consciously selected rules of thumb” (Hirshleifer, 2015, p. 136). Heuristics often work well within some domains for some types of problems. Nevertheless, heuristics also imply decision errors such as representativeness, availability, anchoring (Tversky Kahneman, 1974). Kahneman (2012) described human thinking as intuitive and influenced by the associations and pointed out that the information which does not immediately come to mind is neglected – Kahneman called it WYSIATI (What You See Is All There Is). Based on the specific context and individual cognitive capacities, one of the two systems are activated: System 1 – intuitive, automatic, emotion-driven, quickly operating, or System 2 – a slower one, but reflective, logically calculating (Evans, 2008; Kahneman, 2012). Both systems function in parallel and interact with each other. Therefore, individuals respond systematically to the stimulus of physical, verbal, emotional, supposedly irrelevant factors – default and salience options (Thaler, 2016);

According to the dual process theory, one of the two systems are activated based on the specific context (Evans, 2008; Kahneman, 2012). Understanding how both systems interact and what their roles are is helpful to understand the decision anomalies in when, why, and how decision-makers act against their interests in judgements and decision-making and how to help people make effective decisions. The use of automatic rules in Robo-advisors might be examined employing the theoretical background of the dual process based theory. Automatic investment decisions tackle the self-control issue, as investors with self-control problems might plan to make rational decisions but might become emotional when the actual decision time comes. Automating the decision-making process leads to more rationality: by using System 2, programmers can avoid behavioural biases and heuristics of System 1 (Liaudinskas, 2019). Decision support systems like recommendation agents or defaults used in Robo-advisors can help users make better informed and less biased decisions (Jung & Weinhardt, 2018).

When joining Robo-advisors, investors answer questions about their financial goals, timeline, risk tolerance. Robo-advisors then either automatically build a portfolio based on those responses or suggest a few portfolio choices to investors. Some Robo-advisors allow investors to modify the portfolios recommended by the Robo-advisors: an investor can remove some stocks and replace them with different ones (Shanmuganathan, 2020). Investors might use defaults in Robo-advisors because they want to relinquish a part of their responsibility (Jung & Weinhardt, 2018). However, fully automated Robo-advisors promote passive investment attitudes that might reduce investor motivations to take part in the stock market and acquire financial knowledge in the first place. There is a risk that, on the one hand, Robo-advisors increase the inclusion into the stock market, but on the other hand, Robo-advisors prevent investors from actively managing their portfolios, and new forms of exclusion might arise (Tan, 2020). The alternative is to have advice with a few options produced by Robo-advisors based on the profile of investors. The active choice puts into action the deliberative system: the investors have time to think and decide, therefore learning is activated. Behavioural policies usually design the defaults that lead to losing the capacity of active choice of individuals. Van Gestel, Adriaanse and De Ridder (2020) experimentally tested the effectiveness of defaults through automatic and deliberative systems and found that the default effect was not attenuated when participants deliberated their decision. This implied that default nudges are not dependent on elaborate processing to be effective. However, the study showed that participants who received deliberation instructions made different choices, which suggested that the availability of cognitive resources does not directly imply engagement of these resources. Therefore, to activate the deliberative system, information must be appropriately structured and presented for decision making.

The previous paragraph may be understood to contain an implicit bias in interpreting the literature that an active investment approach is superior to a passive investment approach. However, neither approach can be said to be superior or inferior with a sufficient degree of certainty at this stage. The research of both active and passive investment approaches is still limited, and the results are mixed as further discussed in Section 3.

Thaler and Sunstein (2009) stated that it is possible to mitigate cognitive biases by deliberately designing how information is presented and nudging individuals via automatic and deliberative systems to achieve desired results. Thaler and Sunstein (2009) defined the term nudge as any aspect of the choice architecture that predictably alters people’s behaviour without forbidding any options or signiﬁcantly changing their economic incentives. Figure 1 supplements Jung and Weinhardt (2018) by splitting nudges into passive and active choice and adding the learning effect.
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Figure 1



Interaction between Roboadvisors and Behavioural Biases in Investment Decisionmaking Based on Jung and Weinhardt 2018















Choice architecture postulates that nudges can influence and improve financial decision-making. It shapes the interaction between the information system, the Robo-advisors, and investment decision-making. Depending on the nudge type, either the automatic system (System 1) or the deliberative (System 2) is activated. If Robo-advisors provide default options and process investment decisions automatically without investors’ involvement, the investors can relinquish themselves and take no part in the investment process. This type of nudging derives from a passive investment approach. An alternative may be to have Robo-advisors provide a few options so that investors have to choose. In this case, the investors take time to think before making the investment decision. We conclude from the above discussion on the theoretical framework that this type of nudging derives from an active investment approach.

Robo-advisors enable more people to participate in financial markets. However, those investors might no longer actively manage their portfolios due to the passive attitudes imposed by Robo-advisors. The risk could increase when Robo-advisors featuring a passive investment attitude are oﬀered to individuals with lower wealth and no investment experience (Abraham et al., 2019). OECD (2017) listed a few risks, such as lack of consumer safety and trust in digital financial services, new types of exclusion for some populations (elderly, women, first-time users of technology) driven by particular policies, excess reliance on digitally delivered credit or over-indebtedness of some groups (youth, students, low-income segment), misuse of personal financial data. Robo-advisors can provide active choice aimed at encouraging individuals to take part in the stock market. Different types of nudges could have diverse effects on investment decision making, therefore, it is important to understand how the passive and active investment approaches of Robo-advisors affect the behaviour of investors.





3. Robo-advisors Effect on Investors’ Behavioural Biases 


The field of research on multiple uses of Robo-advisors is rapidly growing. However, research examining the Robo-advisors application in investment services and their effect on the behavioural biases of individual investors is limited. We reviewed qualitative and empirical studies in the field to distinguish three key research areas: research on technologies and regulation, research on applications of Robo-advisors, and research on the impact of Robo-advisors on investment and risks.

The typology of key research areas on Robo-advisors in investments and their characteristics is presented in Table 2.

We have distinguished a broad research area, which serves as the background for the development of research methodology on Robo-advisors in the investment industry. Baker (2018), Fisch et al. (2019), Maume (2019) examined fundamental characteristics of Robo-advisors that raise challenges to the development of the regulatory framework. The studies investigated transparency and ethical characteristics by examining such issues as adequate disclosure about the Robo-advisors and the services they provide. The researchers indicated the need to ensure that the Robo-advisors provide suitable advice to the investors and the possibility to track the accountability of the Robo-advisors by storing all interactions on the individual level. Such studies formed a background for the development of methodology for further research on Robo-advisors. The main theoretical framework employed in Robo-advisors research is based on classical Modern Portfolio Theory. The current trend is to improve this framework rather than to develop entirely new approaches (Beketov et al., 2018). New methodological approaches, including network analysis and specific exploration-exploitation algorithms that focus on portfolio choices linking costs with autonomous trading decisions, were adopted to examine Robo-advisors role in investment portfolio research (Alsabah et al., 2019; Snihovyi, 2018). A few studies focused on the effective design of Robo-advisors that could lead to easier interaction, efficiency in helping investors to achieve their goals with a certain accuracy, completeness and reliability, greater levels of trust and transparency (Boreiko; Massarotti, 2020; Hildebrand & Bergner, 2020; Jung et al., 2018). The studies indicated the emerging methodological framework of information design and choice architecture. In case it is further developed, empirical studies based on it might help draw investors’ attention to key characteristics of Robo-advisors, provide better advice and experiences and be better equipped to comply with regulatory requirements (Adam et al., 2019; Bourgeron, 2018; Salo & Haapio, 2017).




Table 2




Typology of Research Areas on Roboadvisors in Investments









	
Research   areas 

	
Characteristics

	
Origins




	Methodological   background of Robo-advisors research
	Transparency   and ethical issues
	Maume   (2019), Fisch et al. (2019), Baker (2018)



	Investment   portfolio building
	Beketov   et al. (2018), Snihovyi (2018), Alsabah et al. (2019)



	Design   and choice architecture
	Jung   et al. (2018), Boreiko and Massarotti (2020), Hildebrand and Bergner (2020),   Adam et al. (2019), Salo and Haapio (2017), Bourgeron (2018)



	Applications   of Robo-advisors
	The   determinants of adopting Robo-advisors
	Dietvorst   et al. (2015), Szeli (2020), Rühr et al. (2019), Rühr (2020), Niszczota and   Kaszás (2020), Balwani et al. (2019), Zhang et al. (2021) Tauchert and Mesbah   (2019)



	Characteristics   of the users of Robo-advisors
	Brenner   and Meyll (2020), Goldbach et al. (2019), Polansky et al. (2019); Rossi and   Utkus (2020), Hohenberger (2019), Glaser et al. (2019), Belanche et al.   (2019); Brenner and Meyll (2020), Todd and Seay (2020)



	Robo-advisors   and investments risks
	General   implications and risks of Robo-advisors
	D’Acunto   et al. (2019), Faloon and Scherer (2017), Jung et al. (2019), Hayes (2019),   Tao et al. (2021), Shanmuganathan (2020), Rühr et al. (2019), Horn and Oehler   (2020), Puhle (2019), Au and Krahnhof (2020)



	Robo-advisors   impact on the change of behavioural biases
	Bhatia   et al. (2020), Braeuer et al. (2017), D’Acunto et al. (2019), D’Hondt (2019),   Jung and Weinhardt (2018), Liaudinskas (2019), Polansky et al. (2019), Rohner   (2018), Loos et al. (2020)



	Robo-advisors   and financial literacy, experience
	LLit﻿terscheidt   and Streich (2020), Hohenberger (2019), Braeuer et al. (2017), Tan (2020),   Polansky et al. (2019), Loos et al. (2020), Rossi and Utkus (2020)






















Information technology is used in financial markets extensively, however, the adoption of Robo-advisors level remains low (Bhatia et al., 2020). Therefore, some studies focus on the characteristics of Robo-advisors to customise and personalise their applications from different perspectives. In the area of application of Robo-advisors, the studies investigated the determinants of adopting Robo-advisors, such as the level to which the Robo-advisors are automated, the extent to which the investors can control the system, humanisation of Robo-advisors, and the performance of Robo-advisors (Balwani et al., 2019; Rühr, 2020; Rühr et al., 2019; Szeli, 2020; Tauchert & Mesbah, 2019; Zhang et al., 2021). The characteristics of the users of Robo advisors were examined using personality factors: (extroverts versus introverts), age, gender, income, financial literacy, investing characteristics associated with having used an automated investment solution, algorithm aversion, fear to be victimised by investment fraud (Brenner & Meyll, 2020; Dietvorst et al., 2015; Glaser et al., 2019; Hohenberger, 2019; Niszczota & Kaszás, 2020; Polansky et al., 2019; Rossi & Utkus, 2020; Todd & Seay, 2020).

Finally, we have distinguished a separate area of research on Robo-advisors and investment risks. To generalize, these studies compare the behaviour of investors and decisions of adopters versus non-adopters or before adoption and after adoption. The studies on general implications and risks of Robo-advisors investigated the effects of Robo-advisors on the investors’ performance and behaviour: portfolio diversification, volatility, risk, trading results (Au & Krahnhof, 2020; D’Acunto et al., 2019; Hayes, 2019; Horn & Oehler, 2020; Puhle, 2019; Rühr et al., 2019; Shanmuganathan, 2020; Tao et al., 2021). Faloon and Scherer (2017) investigated the individualisation of Robo-advisors, Jung et al. (2019) discussed the strengths, weaknesses, opportunities and risks of Robo-advisors. Studies investigated the impact of Robo-advisors on the change of behavioural biases in general (Bhatia et al., 2020; Braeuer et al., 2017; Rohner, 2018). A few studies focused on Robo-advisors effect on specific behavioural biases: disposition effect, trend-chasing and rank effect (D’Acunto et al., 2019), home bias (Loos et al., 2020), disposition effect (D’Hondt, 2019; Liaudinskas, 2019), decision inertia (Jung & Weinhardt, 2018). Studies on Robo-advisors, financial literacy and experience evaluated the effect of financial literacy and experience on the usage of Robo-advisors (Braeuer et al., 2017; Hohenberger, 2019; Litterscheidt & Streich, 2020; Polansky et al., 2019), and the effect of Robo-advisors on the financial literacy and experience. (Loos et al., 2020; Rossi & Utkus, 2020; Tan, 2020).

As Robo- advisors grow in scale and modalities (from traditional, non-conversational interfaces to the natural language processing capabilities of conversational interfaces), cross-disciplinary research of new technologies and augmented investors decision making is emerging.

We have selected for a detailed review several studies that represent typical research methods used to examine links between Robo-advisors and behavioural biases: real-time experiments, qualitative studies and a laboratory experiment. The selected studies are summarised in Table 3.




Table 3




Methods and Implications of Research on Roboadvisors Impact on the Change of Investors’ Behavioural Biases









	
Research   methods

	
Research   design

	
Major   findings

	
Relevance   to research on investors’ experience and financial literacy

	
Origins




	Interviews
	Interviews   from a different perspective with experts from digital advice providers,   financial services companies
	Robo-advisors   might mitigate investor’s behavioural biases. However, Robo-advisors are not   yet self-sufficient to accurately perform risk analysis for retail investors.
	Interviews   with experts, financial literacy is not studied.     
	Bhatia   et al. (2020), Polansky et al. (2019)



	Field   Experiments    
	Comparing   choices of self-directed individuals with those who use Robo-advisors
	Robo-advisors   guidance motivates the choice of better diversified and lower-cost funds in   savings plans.
	Less   experienced individual investors use the Robo-advisors.
	Braeuer   et al. (2017)



	Comparing   choices of individual investors before and after investors access   Robo-advisors
	Robo-advisors   reduce but do not eliminate disposition effect, trend-chasing, rank effect,   and home bias.
	Users   of the Robo-advisors are more sophisticated. Robo-advisors have opposite eﬀects on investors’   performance based on their level of sophistication.
	D’Acunto   et al. (2019), Loos et al. (2020)



	The   high-frequency transaction-level data.
	Disposition   effect among professional human stock day-traders, but virtually no   disposition effect among algorithmic traders.
	Decisions   of the professional day- traders are studied.
	Liaudinskas   (2019)



	Real-time   Experiments
	The   notion of AI Alter Egos, shadow Robo-advisors
	AI   Alter Ego reduces the disposition effect and trading frequency. Compared to   passive ETFs, the evidence is mixed.
	High   risk-averse and low- income investors signiﬁcantly gain from Robo-advisors.
	D’Hondt   (2019)



	Indices   compared to the Robo-advisors strategy
	Robo-advisors   solutions can save costs up to 4.4% per year.
	-
	Rohner   (2018)



	Laboratory   Experiment
	An   experiment with three treatments: control, default nudge and warning message
	Nudges   can reduce financial decision inertia. Inertia is also linked to financial   literacy and gender.
	-
	Jung   and Weinhardt (2018)






















In recent literature, several papers have focused on insights based on interviews as a research method. Bhatia et al. (2020) noted that developers of Robo-advisors need to be aware of the biases to eliminate them from the questionnaires. However, the study investigated the mitigation of behavioural biases as cognitive errors in general, without specifying those biases. Polansky et al. (2019) explored how digital advice providers execute decumulation strategies to manage pay-outs during retirement and noted that Robo-advisors offer an opportunity to steer investors away from biases likely to lead to detrimental behaviour: overconfidence, loss aversion, mental accounting, framing, and more.

Several studies focus on field experiments to investigate the issues. Braeuer et al. (2017) analysed the impact of savings defaults in the Robo-advisors context and found that Robo-advisors have a significant positive effect compared to self-directed savings plans in increased diversification, increased choice of passive investment in ETFs and less costly ETFs. Their results suggest that automatic order execution can counteract a lack of self-control and inertia. However, they did not investigate Robo-advisors effect on the change of a particular behavioural bias. The authors noted that less experienced individual investors use Robo-advisors, while the more experienced rely more on self-directed participation. Liaudinskas (2019) found that the disposition effect is substantial among human professional day-traders but close to zero among algorithms suggesting that automating the decision-making process and using deliberative system programmers can help achieve rationality and avoid behavioural biases. D’Acunto et al. (2019) found that Robo-advisors reduced but did not eliminate the disposition effect, trend-chasing, and the rank effect. Also, they showed that Robo-advisors increased portfolio diversification and decreased volatility for those that held less than five stocks before adoption, while it did not affect diversification for investors that held more than ten stocks before adoption. Hence, Robo-advisors had the opposite eﬀects on investors’ performance based on their level of sophistication. The study suggested that users of Robo-advisors were more sophisticated, had a higher amount of assets under management, a higher trading activity than non-users, which contradicts Braeuer et al. (2017). Loos et al. (2020) found that the investors increased their portfolio diversification and reduced home bias after joining Robo-advisors. They showed that after starting to use the Robo-advisors services, portfolio efficiency of investors, such as the number of investments, geographical diversiﬁcation and the fraction of index or passive funds, improved compared to the non-Robo-advisors part of their investment, which suggests that investors learn from Robo-advisors.

Additional insights are brought by investigating the phenomenon using real-time experiments. D’Hondt (2019) used a data set including the 2008 ﬁnancial crisis and found that shadow Robo-advisors, AI Alter Ego, alleviated the disposition effect, however, compared to passive ETF investment, the evidence is mixed – during the non-crisis time median AI Alter Ego performed worse than the market benchmarks. Rohner (2018) empirically showed that investors are misguided by emotions creating a ‘behavioural gap’, which is the difference between the performance of equity or bond indices and the realised performance of average equity or bond investor. Therefore, Robo-advisors that apply a strict rebalancing regime compared to those that try to time the market could help the investors. Investors would rebalance their portfolio back to its strategic weights: they would sell the winning assets and buy the lowest returning assets. However, Rohner (2018) evaluated the ‘behavioural gap’ without specifying any particular behavioural bias.

Studies employing laboratory experiments provided additional insights into the research field. Jung and Weinhardt (2018) investigated whether Robo-advisors can help overcome decision inertia in investment decisions. The results indicate a significant influence of both nudges – defaults and warning messages – on alleviated decision inertia. Default nudges are more robust to overcome decision inertia compared to warning messages.

Recent research on the effects of the use of advanced investment technologies on investor behaviour made significant advancements. However, the performed literature review shows that research of applications of Robo-advisors of different design employing passive investment approach versus active investment approach is limited. Also, the findings on the impact of Robo-advisors on the change of investors’ behavioural biases are mixed. Liaudinskas (2019) investigated the passive investment approach and the impact of algorithms on behavioural biases without any possible intervention from the investors’ side. Braeuer et al (2017) explored how external anchors and guidance can influence investment decisions in an experimental setting where investors needed to make an active decision by choosing one of the portfolios recommended by Robo-advisors. They found that investors who are financially able to contribute more will do so, even though the Robo-advisors provide a default value. D’Acunto et al (2019) in their study allowed the active choice to the investors. In this experiment, Robo-advisors had different effects across investors based on their extent of diversification before Robo-advisors adoption. Jung and Weinhardt (2018) laboratory experiment found that default nudges (i.e., a passive approach) are more robust to overcome decision inertia compared to the warning message (i.e., an active approach). A deeper understanding of how Robo-advisors of different design that employ passive investment approach versus active investment approach affect specific behavioural biases, performance and investment results of investors could help use Robo-advisors and ensure higher participation in the stock market.





4. Conclusions and Implications for Future Research 


The literature review has examined the current state as well as the limitations of the research to date. It has provided arguments as to why the dual-process theoretical framework should be applied in examining the relationship between the application of Robo-advisors in investment services and investors’ behavioural biases. The literature review has shown that the effects of the application of automatic rules in Robo-advisors might be examined based on a theoretical framework of the dual process based theory. Defaults or framing as nudges usually utilise the automatic system. However, a few nudges that aim to show investors the consequences of their decisions target the deliberative system (Bhandari et al., 2008; Sunstein, 2014). Defaults used in Robo-advisors can help market participants make better informed and less biased decisions (Jung & Weinhardt, 2018). However, fully automated Robo-advisors activate the automatic system processes, and the investors do not have to make any decisions themselves any more. The passive investment approach could result in investors’ alienation from the stock market. The option of active choice in modern Robo-advisors puts into action the deliberative system that may activate the learning process. The increased level of automation may require different approaches to ensure that investors understand their decisions. Otherwise, the spill-over effect of alienation could lead to decreased participation in the stock market.

As the literature review has indicated, there is a lack of agreement among researchers on the scope of advice Robo-advisors provide as well as on their characteristics. Based on analysis of the stage of their development, we have suggested an extended definition of Robo-advisors to be employed for further research in the field. The application of most Robo-advisors is limited to advice and management of a specific investment portfolio. However, along with developments in intelligent data analysis and machine learning, Robo-advisors are becoming more sophisticated, and personalised tools for investors should be addressed in further research of Robo-advisors application in the investment area.

Studies investigated Robo-advisors impact on the change of behavioural biases in general (Bhatia et al., 2020; Braeuer et al., 2017; Rohner, 2018). A few studies focused on Robo-advisors effect on specific behavioural biases: disposition effect, trend-chasing and rank effect (D’Acunto et al., 2019), home bias (Loos et al., 2020), disposition effect (D’Hondt, 2019; Liaudinskas, 2019), decision inertia (Jung & Weinhardt, 2018). Based on the literature review, we can conclude that research on Robo-advisors role and effects on behavioural biases in the investment area is still limited and focuses mainly on examining a limited number of behavioural biases. The results of the studies are mixed. Therefore further research is expedient to investigate the impact of Robo-advisors on the broader range of behavioural biases, especially research aimed at a better understanding of the underlying mechanisms of causality.

The research on behavioural biases documents why some investors are less prone to the biases than others, e.g. cultural differences, gender, age, information, sophistication, trading experience, etc. (Feng & Seasholes, 2005; Grinblatt & Keloharju, 2001), genetic and neurological factors (da Silva et al., 2020; Teixeira et al., 2015), emotional and cognitive factors (Wynes, 2020). So far, the research has not investigated the use of Robo-advisors by individual investors in the context of biological, neurological and socio-cultural factors. Research on the effects of moderating and mediating factors could provide an understanding of how and when different factors affect the impact of Robo-advisors on the change of behavioural biases. The existing research gaps can be addressed by raising the following research questions: How significant are biological, neurological and socio-cultural factors, how do they interact? Do important mediating and moderating mechanisms exist? Further research might focus on Robo-advisors when they become better adapted to different demographics, life stages and learning styles of individuals: how different designs of Robo-advisors including a passive investment approach versus an active investment approach affect specific behavioural biases and investment decisions. Future research could dig deeper into the broader implications on the investment industry of Robo-advisors tailored to the needs of particular categories of investors, increasing the personalisation of Robo-advisors.

Literature review suggests that the following questions remain open: what financial decisions should individual investors make independently, and what decisions should they delegate to Robo-advisors, depending on individual-specific factors, such as biological, neurological and socio-cultural. Further research in the above-suggested fields might provide answers and solutions to the investment industry as to what extent Robo-advisors could remove the influence of investors’ behavioural biases and decrease entry barriers to the stock market.
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