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ARTICLE INFO ABSTRACT

JEL classification: Robo advising is an emerging business model that aims to popularize investment advisory services
G20 by automating all the activities involved. The robo-advisor (RA) stream of research is relatively
Gl new, yet it has started to attract the attention of numerous scholars. This manuscript aims to
gfg analyze the academic literature on RA based on its impact on the different phases that make up
o the investment advice process. Our aim is to investigate which phases of the investment advice
G24 service prove of most interest to scholars. Since selecting relevant and precise keywords increases
Keywords: the visibility, accessibility, and indexing of a research paper, we explore the RA research land-
Robo Advisor scape using keyword relational analysis. We analyze metadata from 195 identified papers
Relational analysis combining the Scopus and Web of Science databases until May 2022. The analysis unfolds in two
Investment advice service parts. First, we examine the relationships and associations of keywords in titles, abstracts, and

author keywords to extract knowledge patterns from said associations. As a novelty, a specific
dictionary of RA-synonyms formed by 19 disjoint families of concepts is obtained. The second
part presents the RA’s conceptual and relational structure. For this, five clusters are determined to
identify and organize those studies dealing with similar topics. The results of our study suggest
that research is more interested in aspects related to the human factor, namely, those with phases
requiring more direct contact with the client or investor. The most relevant research interests
include the automation of client profiling functions and client response to the latter automation.

1. Introduction

Technological changes are the main driver of productivity growth in all sectors of economic activity [1]. They have revolutionized
production processes and customer services, so much so that we have become accustomed to naturally interacting with robots, ma-
chines, or chatbots. New technologies have also caused changes in consumer habits and created new needs that were previously
unknown. Humans have access to such a volume of information that we are unable to process it, having to use algorithms or artificial
intelligence when making decisions based on such an enormous amount of information. Furthermore, the globalization of knowledge
has made new information technologies accessible to any business sector.

In the financial sector, the term Fintech appears, referring to all new technologies that improve or automate financial processes. So,
Fintech is already present in practically all financial services: payment, investments, insurance, and loans [2]. Investment advice (IAd)
is one of the services with the highest added value. Traditionally, this service was only offered to a niche of clients with a high level of
wealth. With the arrival of Fintech, a new service known as robo advisor (RA) has been developed with a view to popularizing IAd.

RA service aims to transform and scale a niche business to a volume one [3]. The income growth expectations offered by this new
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advising method are very attractive for financial institutions. In 2022, the six largest RA managed over 20 billion U.S. dollars each.
Assets under management in the RA market are expected to reach USD 1802.00bn in 2024. It is estimated that the value of the
managed assets will continue to increase, and according to this forecast, in 2028, they will have increased to 2334.00bn U.S. dollars
[4]. These data show that RA is a reality that is here to stay. Although RA offers significant advantages (low costs, accessibility,
simplicity, transparency, and continuous monitoring), it also has limitations and risks that investors should be aware of when
considering its use, such as lack of personalization or limitations in diversification [5,6].

This transformation of the IAd service poses great challenges that must be met [7]. On the one hand, the transformation towards a
volume business affects all company departments involved in the IAd service. Some may even disappear due to the automation of all
their functions. On the other hand, the application of new Fintech technologies changes the way of relating to the client or the tools
used to carry out certain parts of the IAd process. Advances in Artificial Intelligence are opening up new possibilities for financial
advice, not only with the development of RA but with the use of new chatbots such as ChatGPT [8], which have achieved good results.

This paper is motivated by the recent and growing academic literature analyzing the RA. Review studies are needed to advance the
research, illustrate the status quo, and guide future research directions. Some studies in the literature analyze the main trends in global
research on this new technology [9-12]. D’Acunto et al. [9] try to summarize current knowledge about RA without using a systematic
literature review. Torno et al. [10] conduct a systematic literature review of 42 papers (30 articles and 12 conferences) that distin-
guishes three main themes: RA Users, RA Service, and RA Competence. Rico-Pérez et al. [11] investigate the main research topics and
the most critical scholars, as well as the journals and countries in which this scientific research is being carried out. Cardillo and
Chiappini [12] use a systematic literature review to analyze 103 articles on RA and identify four clusters of research on RA: early
attempts to classify RA, behavioral topics, performance, and algorithmic modelization.

However, despite the attention paid to RA development by society and scholars in recent years, there has not been a comprehensive
analysis of RA research interests and their relationship to the different phases of the investment advisory process. In this sense, the
objective of this manuscript is to analyze the main topics related to the RA that have attracted the attention of academics, linking them
to the advisory process. This makes it possible to identify which parts of the IAd service are the most studied and, therefore, the most
affected by the implementation of the RA. We are interested in knowing whether a greater interest exists in those phases of the service
in which there is more significant human intervention or in more automated ones. For this, a conceptual structure of the RA is defined a
priori. Two main clusters, C1-Low human factor and C2-High human factor, are determined in order to group concepts according to their
degree of relationship with human behavior. Subsequently, we add three clusters that allow us to complete the RA conceptual map: C3-
Compliance, C4-Cross RA business, and C5-General methodologies.

In this paper, 195 academic documents have been revised to identify the challenges and opportunities surrounding the RA. Since
the selection of relevant and precise keywords increases a research paper’s visibility, accessibility, and indexability, we explore the RA
research landscape using keyword relational analysis. Our motivation to employ a relational analysis in this study is that this type of
analysis provides a more comprehensive understanding of the knowledge in the field under study and allows uncovering gaps in the
literature as well as the identification of possible future research lines. Our interest has focused on analyzing the words included in the
titles, authors’ keywords, and abstracts of these documents to study the association between these words. These associations allow us
to define the relationship between the clusters and the papers of our corpus. The present paper attempts to answer the following
questions: (1) Which are the most significant research topics with respect to the RA? (2) Which RA-keywords are related to the different
phases of the IAds? (3) Are the documents specialized in a unique cluster, or do they study more than one topic simultaneously? (4) Are
authors focused on a specific cluster? (5) Which phases of the IAd service have focused the interest of researchers? (6) Does research
focus on analyzing those problems that have more to do with the human factor within the RA service or on processes with a reduced
dependence on the human factor? Answering these questions allows us to better understand the actual stage of RA research. We can
easily find all the papers or authors focused on the different topics and clusters and identify possible research gaps.

As anovelty, a specific dictionary of RA synonyms is developed in this paper. Previously, a list of RA-stopwords was obtained. A list
of stopwords is an inventory of concepts or words that are not useful when extracting the relevant keywords that summarize a research
topic. The dictionary of RA-synonyms allows grouping all the words used to refer to the same topic into families of concepts. This is
very useful for analyzing the relevance of the research topics. The analysis presented here is based on the relationship of the RA
synonyms with the previously defined clusters, the articles, and the authors of our corpus. This relationship allows us to draw a
complete concept map of the RA and the current situation of the RA research.

The contribution of this paper is as follows: (1) a dictionary of RA-synonyms and a list of RA-stopwords is developed that allows us
to define word families that represent the main research topics, (2) a relational analysis is undertaken to review the main topics related
to the RA that have attracted academic attention, linking them with the different phases of the IAd process, and (3) additionally, we
create an open-source code that can be used by any other researcher interested in conducting a relational analysis on any research topic
at any time interval.

The rest of the work is organized as follows. The next section will introduce our study’s main concepts: Investment Advice and the
Robo Advisor. The description of the applied methodology and the techniques used is included in section 3. Next, the analysis of
keywords is presented in section 4. In Section 5, we define the clusters to which we want to relate the keywords and phases of the
advising process. We relate the five clusters with the documents included in our corpus in Section 6. Section 7 discusses the findings
and Section 8 provides the conclusions.

2. Theoretical framework

To understand the RA’s impact on the IAd service, it is necessary to define the phases required to develop it. Beketov et al. [13]
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consider that this process comprises five phases (see Fig. 1).

We need to evaluate the impact of the human factor on successfully completing each of these phases. Another aspect to consider
when analyzing the emergence of RA is that in the traditional IAd model, these five phases are developed by different work teams
within the financial institution. This complicates the transition to an automated model where all phases are developed within a single
technology platform.

Phases 2 and 5 are usually the responsibility of the areas in charge of customers, as they require greater proximity to the client. In
this sense, the impact of the human factor is twofold since, on the one hand, it is a task performed by a human being, but on the other
hand, its objective is also to interpret the needs of another human being. Due to the high degree of human intervention in these process
phases, their scalability to a larger number of customers is very low for the traditional model since it means proportionally increasing
the number of people dedicated to this task. The objectives of these two phases are to identify the investor profile [14], which involves
interpreting the client’s needs or requirements as accurately as possible (phase 2), reviewing the results obtained, and analyzing
whether they have met the client’s expectations (phase 5). Phases 1 and 4 may involve different departments: portfolio management,
strategy, and analysis, among others. Their main objective is to estimate the return and risk of a universe of assets and to interpret the
impact of new variables that appear in these estimates. In these two phases, quantitative tools and teams of analysts are used to
interpret the impact of market variables on expected return and risk. The human factor is, therefore, less important than in phases 2
and 5. In phase 3, the portfolio is built to meet the customer’s expectations.

These five phases, necessary to build an IAd service, must be developed by the RA to offer the service to a large volume of
customers.

One of the first definitions of RA appears in the Deloitte study [15], in which they define RA as ‘new companies that accumulate
information and algorithms to automate the allocation of portfolios and make personalized recommendations to the individual client’.
This very general definition focuses on the appearance of these new Fintech specialized in the automated advisory service. However, it
is already delimited as an IAd service.

With the development of the business and the increase in research, we can find other definitions that go a little deeper into the
concept of RA, including details related to the platforms where they are developed or the use of algorithms. In this sense, Levine and
Mackey [7] consider that ‘RA are digital platforms that have interactive components and intelligent assistants that use information
technology to guide clients in the financial advice process automatically’. This is an open definition but introduces concepts that help
us visualize the keys to implementing an investment advisory model through RA. Concepts such as automation, smart assistants, and
guiding customers help us to focus on where the key points in the implementation process are going to be.

Another definition in which we find more specific terms, such as quantitative algorithms, is that of Beketov et al. [13]: ‘RA can be
defined as an automatic investment platform that uses quantitative algorithms to manage investor portfolios and is accessible to clients
online’.

All definitions consider RA as an investment advisory service developed or implemented on a platform. The new ways of relating to
customers are also made explicit.

Jung et al. [16] compare an RA to online brokers. An RA differs from online investment platforms or brokers in the way it performs
client evaluation and portfolio selection. This helps us better understand the innovation introduced by an RA.

Regarding the client evaluation, the RA changes the traditional Human-Human Advisor model to a Human-RA digital model and
from a Human-Human bilateral process to online questionnaires and self-reporting. In the Human-RA model, RA almost substitutes for
humans in the IAd process, as the algorithms evaluate investment objectives, risk aversion, or profitability expectations [17]. Thus,
human interaction with the client is limited to situations unrelated to evaluating the investment profile or process, such as computer
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technical support or fraud management. The role of the client manager as an interpreter of the client’s needs is eliminated.

Jung et al. [16] point out the change in the implication of the human factor in the identification of the investor profile (phase 2 of
the IAd process), and the new Human-RA relationship appears. These authors identify the limits of human intervention. At the same
time, they also mention the change it entails for phases 1 and 4, restricting the universe of assets that can be incorporated into a
portfolio. For client portfolio management, RA relies on assets that require minimal active management, such as Exchange Trade Funds
(ETFs), which are passively managed [18]. However, because not all investors base their investment decisions on a mean-variance
criterion [19], instrument standardization reduces the ability of RA to find portfolios that meet clients’ constraints or expectations.
The future agenda for the RA business should include its evolution towards portfolios better suited to more personalized financial
planning that use more complex financial instruments [18].

The RA market has experienced significant growth in recent years, with more consumers turning to automated platforms for in-
vestment advice. The reasons for this success are diverse: (i) a new generation of customers exists, most notably tech-savvy millennials,
who prefer digital platforms for financial services, (ii) RA possesses several advantages over traditional financial advisors that are more
expensive and may require higher minimum investment amounts, (iii) the presence of the growing popularity of passive investing, (iv)
the existence of large-scale financial processes, and (v) the continued development of artificial intelligence and machine learning
technologies [20]. Additionally, COVID-19 accelerated the shift to online financial services, including robo-advisors, so that more
consumers turned to digital channels for their financial needs. Therefore, RA constitutes one of the most important disruptive trends in
the asset and wealth management industry. In the coming years, the robo-advisor market is expected to grow, reaching a potential
34.130 million users by 2028 [4].

In the next section, we describe the data and methodology used in this paper.

3. Data and methodology
3.1. Data

The data analyzed in this study was retrieved from the Web of Science and Scopus, the most frequently used academic databases
[21]. The period examined was until May 2022 (see Table 1). We have chosen Scopus and the WoS because their metadata structure is
very similar, which allows their combination to build a single corpus. Hence, more information of a qualitative nature is available for
the analysis to be developed [22].

The search conditions include all the research documents with the expression ‘Robo Advi*’ in their title, keywords, or abstract.
With this query, all the documents that include these two words and all the combinations of ‘advi*’ are obtained from any part of their
metadata (title, keywords, or abstracts).! The search is limited to documents in English. This query found 205 documents in the WoS
and 144 in Scopus, some of them coinciding in both databases. So besides cleaning the data, we must eliminate duplicate papers. Once
we merge the metadata of both databases, we obtain 219 unique references but only 195 with abstracts. These 195 papers form the
corpus of our study (See Table 11 in Appendix).

According to our query, the oldest article, Chew [23], is from 2015. However, this article is not in our corpus as it does not meet the
condition of having an abstract. Thus, the first article in our corpus, Britton and Atkinson [24], was published in 2016. During the
period of our study, RA research increased considerably from 1 paper in 2016 to 56 in 2021 (see Fig. 2).

3.2. Methodology

The relational analysis in this paper was conducted using the R packages Bibliometrix [25] and tm-Text Mining [26] and our code.?
This analysis evaluates the link between the documents and authors and the different research subjects in our corpus. The titles, the
abstracts, and the author keywords have also been analyzed to find the relation between these research topics and the five phases of the
IAd service. Applying the R packages wordcloud2,® heatmaply [27], igraph,” and bipartite [28] highlights the relationships between
research topics, abstracts, and authors.

The first part of our analysis involves studying the relationships and associations of words in a set of documents to extract
knowledge patterns from these associations [29]. Callon et al. [30] consider that keywords represent the set of topics the documents
deal with and, therefore, can be used to measure the similarity between publications.

The second part consists of defining the RA’s conceptual and relational structure. Five clusters have been determined to identify
and organize studies related to similar topics. In this study, unlike other papers [31-33], these clusters have been defined a priori based
on the advice of expert financial analysts.

! We used the asterisk (*) in the search as a wild card character to make our search simpler and more comprehensive as it tracks all the possible
forms of the used terms.

2 See https://github.com/hricope/Relational_Analysis.

% See https://cran.r-project.org/web/packages/wordcloud2/wordcloud2.pdf.

4 See https://cran.r-project.org/web/packages/igraph/index.html.
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Table 1
Search protocol.
Database  Period Document Type Search Criteria Keywords N° of WosS + Scopus
Documents
WoS Through May  Article, Proceedings Papers, Theme “Robo 205 219 different references and 195
2022 Review Articles, Book Chapter Advi*” references with abstracts
Scopus Through May  Article, Conference Paper, Book Article title, “Robo 144
2022 Chapter, Review, Book Abstract, Keywords Advi*
60
56
50
40 40
30
20
15 16
10
0 1

2016 2017 2018 2019 2020 2021 2022
Fig. 2. Number of articles published yearly from 2016 to May 2022. Source: Own elaboration.

4. Co-word analysis: RA-stopwords and RA-synonyms

The analysis of keywords has been deepened to identify the most significant research topics regarding RA. For this, the keywords
from titles, author keywords, and those obtained from abstracts are used.”

In this paper, two-word lists have been created to refine the analysis results. On the one hand, a list of RA-stopwords comprising a
total of 1887 words that have no relevant meaning for the study was compiled. This list also includes words that, although having a
relevant meaning, do not add value to the study; therefore, they are excluded from the analysis process. On the other hand, a dictionary
of RA-synonyms has been created that incorporates 452 terms classified into 19 disjoint families of concepts. These families define all
the RA processes and help to identify the lines of research present in the documents of our corpus. The objective is to link these families
with the different phases of the IAd service presented in section 2.

The process for generating the RA-stopwords and RA-synonyms lists consists of three steps, as described below.

Step 1: Extraction of raw terms. Using the function termExtraction of the bibliometrix R-package, we extract a list of keywords from
our database’s titles, author keywords, and abstracts. Compound terms have been extracted from up to a maximum of 2 simple words
(n-grams = 1 to 2).

Step 2: Creation of RA-stopwords list. When performing a bibliometric analysis based on keywords, having these stopwords in the
preprocessing phase helps to obtain more focused results on the research subject since all those words that do not have a relevant
meaning for the study are eliminated. Thus, greater visibility is given to those terms that provide more value and meaning to the issue
under study.

In this paper, the authors have manually selected 1887 words or concepts considered irrelevant for the RA analysis. These words
have been chosen from the total terms extracted in Step 1. Also, along with the stop words that arise by default in the bibliometrix R-
package, all possible combinations of the terms Robo + Advi* have been included, given that it is our initial query. Author and country
names have also been considered stopwords as they have no relation to the phases of the IAd process. All of these terms constitute our
set of RA-stopwords.®

Step 3: Creation of RA-synonyms list. This dictionary facilitates the analysis of the relevance of the different issues covered in the
RA research by allowing all those words that refer to the same topic or concept to be grouped into families. Thus, after eliminating the
list of RA-stopwords, 5179 words were obtained from the titles, the author keywords, and the abstracts. Of them, 452 words have been
selected manually by the authors. In this review and selection process, we consider each word’s frequency of occurrence.

We consider these words representative of all those topics of interest for the RA analysis. We refer to that new word list throughout
this paper as Robo Advisor Keywords (RA-Ks). The RA-Ks have been grouped into 19 families: Asset Allocation, Instrument Markets,
Risk Performance, Quantitative Methods, Behavioral RA Acceptance, Humanization, Decision Making, Customer Interaction,
Compliance, Finance Advisory, Fintech, Innovation, RA Implementation, RA Players, Artificial Intelligence, Algorithms Digitalization,
Automated Investment, Blockchain and Big Data (see Tables 6-10 in Appendix). These conceptual groups have also been identified

5 We have considered the title, the abstract and the author keywords of the documents in our corpus as representatives of their content. The title
should be concise and transmit the main topics of the study and highlight the importance of the research, the abstract must have its own entity and
be a guide to the most important parts of the paper, and the author keywords must represent its content.

% The RA-Stopword list can be requested from the authors.
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with the five phases of the IAd process (see Fig. 1). This allows us to examine the relevance of each of these phases in the documents
collected in our corpus. When analyzing the frequency of the RA-Ks, we observe that their domain goes beyond the five phases of the
IAds. It is, therefore, necessary to define a larger number of word families to cover all the lines of research represented in our corpus.

Figs. 3-5 display the graphic representation of the keywords in each step of this cleaning and grouping process. Fig. 3 shows the 200
most repeated words when working with all the keywords extracted from the titles, the author keywords, and the abstracts. We can see
that generic words related to the performed search appear, such as ‘financial’, ‘robo advisors’, or ‘investors’. When applying the RA-
stopwords, we exclude those words that are not significant for our study or have been used for the initial search, such as robo advisor.
The results are shown in Fig. 4, in which more specific words such as ‘investment’, ‘portfolio’, ‘risk’, or ‘digital’ stand out. Finally, when
applying our RA-synonyms, the process produces results that are more oriented to the objectives of this study. Thus, Fig. 5 shows terms
such as ‘Asset Allocation’ or ‘Behavioral RA Acceptance’ that can be clearly linked to Phases 2 and 3 of the IAd service.

In the next section, we define the clusters to which we want to relate the 19 RA-Ks families and the phases of the advising process
defined by Beketov et al. [13].

5. Conceptual structure: clusters

We wanted to determine which phases of the IAds the researchers are most interested in. Also, we wished to see if the research
focuses on analyzing those problems that have more to do with the human factor within the RA service or, on the contrary, they focus
more on quantitative processes with reduced dependence on the human factor. To meet both objectives, we defined five clusters. Once
this manual phase was completed, we processed the whole corpus using the code we developed in R to complete the relational analysis.

5.1. Clusters definition

After consultation with financial experts, the authors manually defined the clusters considered in this study. First, two main
clusters, C1-Low human factor, and C2-High human factor, were defined to group concepts according to their degree of relationship with
human behavior. These two clusters are related to the five phases of the IAd process.

e CI-Low human factor. This cluster includes concepts less related to the human factor, such as the calculation of risk-return, selection
of assets, estimation, and other quantitative methods used in Phases 1, 3, and 4 of the IAd process (selection of the universe of
investments, asset allocation, and rebalance). The financial institution’s departments involved in these phases are analysis,
strategy, quantitative, and portfolio management.

C2-High human factor. The second cluster has been attributed a greater weight to the human factor. The investment advisory phases
related to this cluster are Phase 2, the definition of the investor profile, and Phase 5, the analysis of performance and reporting to
the client. In traditional investment advice, these phases that require more direct contact with the client or investor are carried out
by those departments responsible for the clients or commercial force of the financial institution.

After analyzing and reading the 195 abstracts in our database and based upon the advice of the experts consulted, we noted the
need to include three additional clusters, which allowed us to complete the RA conceptual map.

e C3-Compliance. This cluster includes all the issues related to the regulatory aspects that derive from the implementation of the RA. It
is not directly related to any of the phases of the IAd process.

e C4-Cross RA business. This cluster’s content is more heterogeneous. It includes all the cross-cutting issues related to the business and
management implementation of an RA model. It is not related to any of the phases of the IAd service.

e C5-General methodologies. Finally, a cluster dedicated to the general methodologies applied in the development of the RA is defined.
It includes the importance of the different technological issues and the algorithmic tools used in RA.

5.2. The Robo Advisor Keywords and clusters relationship

Once the clusters have been defined, it is necessary to relate them to the RA-Ks obtained previously. For this, the 19 families of RA-
synonyms are distributed among the clusters so that a family can only belong to a single cluster (see Table 2). For example, the cluster
C3 has assigned the family of synonyms ‘Compliance’ that includes terms or concepts such as bank-regulatory-compliance, data-privacy,
fear-of-investment-fraud, fiduciary-duty, Korean-law, law, and legal-informatics (see Table 8 in Appendix). Fig. 6 presents the complete
conceptual map, with the RA-synonyms, the 19 families, and the five clusters.

To measure the relevance of each cluster, the RA-Ks associated with each one have been counted. Each RA-K belongs to one of the
19 families and, therefore, to a single cluster. However, each word can appear in several abstracts’ of the same cluster (see Table 3).

C1-Low human factor. The RA-Ks of this cluster appear 959 times in the abstracts, representing 30.1 % of the total. The most relevant
family within this cluster is the ‘Asset Allocation’ and all its synonyms, mainly related to portfolio management or investing. Therefore,
concepts related to portfolio optimization, such as Markowitz, mean-variance, and Black Litterman, among others, appear. All these

7" Although we refer to abstracts, our work has been carried out taking into account the words present in the titles, author keywords and abstracts
of our corpus.
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concepts are focused on phase 3 of the IAd process, the allocation of assets or construction of the appropriate portfolio for the client’s
profile. In this regard, it seems that RA seeks to solve the same problems with the same tools that human teams use but incorporating
automation and the capacity to manage a greater number of portfolios.

The second relevant family refers to ‘Risk Performance’. Since the asset allocation problem is focused on achieving the expected
return and the risk accepted by the investor, this is another of the classic problems that analysts face. The challenge for the RA is how to
automate this task for a large number of different clients.

The third family by relevance is ‘Instruments and markets’, which covers the assets and markets in which the robo advisors operate.
This allows us to verify that the most mentioned financial assets are those related to funds, mainly ETFs. This is because working with
investment funds, including ETFs, simplifies the estimation of the return and risk of the assets since variables, such as dividends,
coupons, or maturity, are eliminated in the estimation model [34]. This allows automating this part of the process, although it reduces
the diversity of assets to consider in the portfolios [16].

Finally, in this cluster, we include a family of concepts related to quantitative methods, which are applied in phases 1, 3, and 4 of
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Table 2

RA-cluster, RA-Ks families, and Investment advice phases.
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Cluster

Family

Family Description

IAds phases & other RA relevant issues

C1-Low Human
factor

C2-High Human
factor

C3-Compliance

C4-Cross RA
Business

C5-General
methodologies

Asset_Alloc
Instruments_Markets
Risk_Performance

Q_Methods
Behavioral RA_Acceptance

Humanization
Decision_Making
Custumer_interaction
Compliance
Finance_Advisory
Fintech

Innovation
RA_Implementation

RA _Players
Al
Algorithms_Digitalization

Automated_Invest
Blockchain

Big Data

IAd phase 3: issues related to customer portfolio
construction and the different methods used.
IAds phases 1: issues related to the financial
instruments available for UNIVERSE SELECTION.
IAds phases 1,3,4: issues related to measuring
instruments & portfolio performance and risk.
IAds phases 1,3,4: Quantitative methods.

IAds phases 2,5: Issues related to the acceptance
of the RA by the Human.

IAds phases 2,5: Issues related to the
humanization of technology.

IAds phases 2,5: Issues related to human
judgment and decision making.

IAds phases 2,5: Issues related to investor or client
profiling.

Regulatory issues: issues related to regulatory or
legal concerns about RA implementation.

Words representing the financial advisory as the
main goal of the RA.

Fintech as the general field of new technology for
finance.

Words that represent technological innovation.
Words that represent concerns about the
implementation of the RA business model.
Words representing leading players in the RA
business.

Words related to Artificial Intelligence applied in
any phase of the RA implementation.

Words representing digitalization or
automatization.

Words representing service automatization.
Words representing blockchain methods or crypto
assets.

Words representing data management.

1-Asset Universe Selection.
3-Asset Allocation.
4-Monitoring & Rebalancing.

2-Investor Profile Identification.
5- Performance review & Reporting.

Regulation Risk.

General RA.
Business Issues.

RA Implementation.
Business Model.

Methodologies not specific to the IAds phases but
mentioned in a general way in the corpus analyzed.

Source: Own elaboration.

the IAd service, where the human factor is very low. This family includes concepts such as bootstrapping, smart beta, regression trees,
exponential moving average, etc. The lower weight of this family indicates that applying these methodologies does not generate great
controversy in the implantation of RA.

C2-High human factor. The RA-Ks in this cluster appear 587 times in the corpus, representing 18.5 % of the total. This cluster focuses
on understanding the importance of the relationship with the human being when developing an RA system. This relationship is of great
importance when developing an RA system. While robo advisors are an automated platform, the human element plays a crucial role in
ensuring the effectiveness and success of such systems. The most relevant families in this cluster are ‘Decision Making,” with words
such as choice, decision, or judgment, and ‘Customer Interaction,” with words such as customers, personalized, social trading, or client.

After these two families, the following most named are the ones we have called ‘Behavioral’ and ‘Humanization’. In the first one,
concepts related to human behavior are grouped, for example, trust, perceived or human vulnerability, and in the second, concepts
such as, human based, adoption, human machine or chatbots appear.

Finally, a specific family has been included that allows inquiring about the acceptance of RA, ‘RA Acceptance,’ in which concepts
such as adoption, technology acceptance, emotion regulation, or machine-human interface have been included.

C3-Compliance. This third cluster is dedicated to regulatory issues. With 6.3 % of the RA-Ks, it has the least weight. Despite this, its
presence as an independent block shows that the rise of a new business model, in which decision-making is left to algorithms or
artificial intelligence, gives rise to regulatory issues that are already worrying RA researchers. This cluster comprises a single family in
which terms such as regulatory, disclosure, legal, rights, or law are included.

C4-Cross RA business. The weight of this cluster over the total RA-Ks is 24.6 %, being the second in importance. As RA employs
innovative methodologies, it is unsurprising that among this cluster’s five families of synonyms, the most prominent is ‘Innovation’,
which includes concepts such as technology, innovation or disruptive. The family ‘RA Implementation’ also stands out, in which there
are terms such as business model, usability, crowdfunding, retail investors, and sandbox.

C5-General methodologies. With 20.4 % of the total RA-Ks mentioned in the corpus, this cluster becomes the third in relevance. Its
most important family is that of ‘Algorithms Digitalization’ with concepts such as digital, algorithms, computer, or autonomous
system. As expected, the ‘Al’ family has a high number of mentions. Concepts such as machine learning, neural networks, artificial
intelligence, or deep learning are mentioned in a large part of the works in our corpus since they are transversal concepts throughout
the RA.

Analyzing how the 19 RA-Ks families are distributed in the five clusters has allowed us to identify each one more clearly. In the



M. Arenas-Parra et al. Heliyon 10 (2024) e35946

e e o
. b ° ? i
° e °
e ® e ° o N ° T ° /
° 4 ° 2 | ° o
° e °
o { . - N\ I i e i
e % o AR Y ° MV/#% - .
° ° 4 1y e
o NN L : ' e
o\ & ° . Compliance . ° °
<« °
- P ° ° ° s y e \, o 5, >
N .
o ® ’ Q_Methods . s o/ o ¢ ’
N — o © . °
. —— Risk_Pertormance 4 .
o . Asset_Alloc* ¢ . . .
° ° e ° °
o ° ° y
° o .[ 2 ] . Z ° >
> . ° C1_Low Human Factor N
o . . : — d Bn%_zbaia . B
. - C3_Complience . X 2
° : . AUTOMareu_invest o ~ d
- - S ° . e
. ° .
— R . # e m Blockchal ® . °
- . VAR IR (S C5_General Methods| =~ %~ S .
=
o ® N s e —
. ° R . RA_acceptance AIoonthms_DlomSmétrm s
- e -— —== ° o > -
R = . AN
° o
v ”Making | C2_High_Human_Factor | (c4_cross_RA_Business ] PR :
. . .
. s e * X o Innovatiof? . Fihtech—° LI
/ ° b - o
/. ’ - ) RA_Players 2
o . R\ <
o o . Behavioural g e e
e 4 ] ° o 0 § @ S — e, °
° - Custumer_interaction ™ < e
e~ Wi\ ‘ - \ .
. | s - e .
° ° pe 4 b Finance_Advisory Rﬁ;_lmpeemen_ga\tlon Neo °
. - ~— % o R ™~
pe ° Y ° ~ 7/ ° ° °
. ¢ . { S .
i | _ b |] % .
¢ £ o ¢ o - [ b4 e o
° e 40 ° i & NG 4 > °
° Y ° ° ® -
. . p
de L
Fig. 6. RA conceptual representation. Source: Own elaboration with the ggraph R-library.
Table 3
Clusters relevance through RA-Ks.
Cluster N° RA-Ks Appearances % Appearances
C1-Low Human Factor 959 30.1 %
C2-High Human Factor 587 18.5%
C3-Compliance 201 6.3 %
C4-Cross RA Business 784 24.6 %
C5-General Methodologies 650 20.4 %

Table 4
The specific references of each cluster.

Cluster References

C1-Low Human Factor AB12, AB20, AB43, AB79, AB97, AB99, AB104, AB115, AB116, AB126, AB145, AB152, AB160, AB166, AB180, AB181

C2- High Human Factor AB14, AB16, AB32, AB39, AB47, AB50, AB60, AB62, AB63, AB66, AB92, AB101, AB108, AB110, AB111, AB118, AB123, AB128, AB131,
AB132, AB137, AB140, AB141, AB144, AB146, AB154, AB157, AB158, AB168, AB171, AB173, AB175, AB178, AB183, AB186, AB189

C3-Compliance ABS5, AB18, AB26, AB38, AB42, AB48, AB72, AB76, AB84, AB96, AB98, AB106, AB117, AB159, AB193, AB194

C4-Cross RA business AB7, AB10, AB15, AB23, AB28, AB31, AB40, AB45, AB57, AB67, AB78, AB80, AB85, AB95, AB119, AB121, AB124, AB127, AB130,
AB134, AB135, AB149, AB151, AB167

C5-General AB129, AB147, AB172, AB177

Methodologies
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following section, we relate the five clusters with the documents included in our corpus.
6. Relational analysis

In this section, we relate the five clusters with the fundamental variables of our corpus, abstracts and authors. These relationships
allow us to understand where the main focuses of scientific interest are and which parts of the RA process they affect.
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Fig. 7. Heatmap for references in cluster C1. Source: Own elaboration with the bipartite R-library.
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6.1. Clusters and abstracts relationship
This subsection analyzes the relationship between the abstracts and the five clusters with a view to deepening their relevance. From

Table 4, we conclude that 96 documents are included in only one cluster. Therefore, 99 papers are included in various clusters. We
highlight that three papers are included at the same time in four of the five clusters: AB4 [35] appears in C1, C2, C3, and C5, AB54 [36]
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is present in C2, C3, C4, and C5, and AB190 [37] is in C1, C3, C4, and C5.

Next, a heatmap of all the documents in our corpus has been developed to illustrate the relationship between abstracts and clusters.

CI1-Low human factor. There are 61 references, 31.3 % of the total, dealing with topics related to C1, of which 16 focus exclusively on
it (see Table 4 and Fig. 7). There are only two references that include issues related to C3, and eight that contain C2 concepts related to
the families ‘Behavioral RA Acceptance’, ‘Customer Interaction’ or ‘Decision Making’. Of the remaining references, most share con-
cepts with the two groups that deal with more general or cross-cutting issues, C4 and C5.

C2-High human factor. We found 77 abstracts, 39.5 % of the total, dealing with human factors. This cluster has the highest number of
documents, 36, specialized only in it (see Table 4 and Fig. 8). The RA-Ks most mentioned in these abstracts are those related to the
families ‘Behavioral RA Acceptance’ and ‘Customer Interaction’.

The paper of Gomber et al. [38], the most cited reference in our corpus, belongs to this cluster. This article covers topics related to
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Fig. 9. Heatmap for references in cluster C3. Source: Own elaboration with the bipartite R-library.
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‘Customer Interaction’ and others more transversal to the entire RA included in cluster C4, such as ‘Fintech’ and ‘Innovation’.
C3-Compliance. We find 28 references in this cluster, 14.4 % of the total. According to our RA-Ks analysis, 16 stand out for dealing
exclusively with regulation (see Table 4 and Fig. 9). Only two papers from cluster C1 (AB190 [37] and AB4 [35]) and two from cluster
C2 (AB54 [36] and AB4 [35]) are related to cluster C3. This reflects the high specialization of the three clusters, C1, C2, and C3.
In this cluster, we highlight the paper of Baker and Dellaert [39], which was among the top 20 articles with the most citations. This
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paper presents the new challenges that RA poses to regulators. The authors show the advantages of RA, such as honesty or effectiveness
in recommending suitable products, but they also identify new types of risks the regulator faces. In addition, they propose new ca-
pacities regulators must acquire to face this new form of advice where humans reduce their participation to a minimum.

C4-Cross RA business. This cluster is related to the highest number of abstracts, 83 references, or 42,5 % of the total. Considering that
the topics in this group are transversal to the entire RA, it seems logical that most articles refer to some families that define it. Only 24
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references exclusively deal with topics included in this cluster (see Table 4 and Fig. 10).

In this cluster, we highlight the study of Chen et al. [40], the second most cited study in our corpus. Its main themes are ‘Fintech’
and ‘innovation’. Fig. 10 highlights the family ‘RA implementation’ as the most mentioned. Considering the youth of the RA as a
business model, it is reasonable that much of the research is devoted to its implementation problems.

C5-General Methodologies. This cluster includes general concepts related to new technologies. ‘Al’, ‘Algorithms’, or ‘Digitalization’,
are the most relevant families of this cluster. Sixty-seven references deal with these topics, accounting for 34,4 %, but only four ab-
stracts are focused on C5 (see Table 4 and Fig. 11).

In summary, we highlight that clusters C1, C2, and C3 have a high level of grouping, which means some references specifically
investigate the topics in these clusters. The results for clusters C4 and C5 do not show such a clear grouping, which is because either the
definition of their contents is transversal to all RA research or because they deal with general methodologies.

To sum up, articles of cluster C1 that deal with topics related to phases 1 (selection of the universe of assets) and 4 (rebalancing and
assignment of portfolios) do not study issues related to phase 2 (profiling of clients) associated with cluster C2. Only eight abstracts (see
Fig. 8) are related simultaneously to clusters C1 and C2, which indicates the high degree of specialization of RA research.

After analyzing the RA-Ks and the abstracts, we study the authors’ relationships with the clusters and their associated RA-Ks
families in the next section. The objective is to identify the authors who investigate each subject and thus determine whether the
authors specialize in a particular cluster or topic or, on the contrary, whether the RA as a whole is investigated.

6.2. Clusters and authors relationship

The first step in this clusters-authors relationship analysis is to relate the 418 authors in our corpus with the 19 RA-Ks families and
the five clusters. Fig. 12 shows a relational graph between authors and clusters. A group of specialized authors can be found for all
clusters except C5. A high degree of specialization of the authors is observed; 43.7 % being specialized in a single cluster. The topics, in
order of relevance, on which these groups of specialized authors investigate are the acceptance or modification of human behavior by
interaction with a Robot (C2, 14.8 %), the implementation of the RA business (C4, 14.4 %), the problem regarding the estimation of
profitability, the risk, and the portfolio construction (C1, 10 %), and the challenges faced by the regulation or compliance of companies
that implement RA as a business (C3, 4.5 %).

Next, we analyze the research of the most cited authors of our corpus (top 20). To carry out this analysis, the methodology of
Dormann [41] has been applied and implemented in the R-library bipartite. The results are shown in Fig. 13. Again, the results highlight
that clusters C1 and C2 are usually studied separately; those authors who focus their research on cluster C1 do not usually deal with
issues related to cluster C2 and vice-versa. We also observe that only two authors, Chen K and Hornuf L, are specialized in research on a
single cluster, in their case C4-RA implementation. They analyze the evolution and impact of technological innovation in the financial

Authors relations to Clusters (418 authors)

19AU-45%

42 AU-10 %

62AU-14.8%

60AU-14.4%

O Authors specialized in one Cluster

Fig. 12. Authors universe related to conceptual clusters. Source: Own elaboration with the igraph R-library.
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Fig. 13. Interaction matrix for 20-top authors and clusters. Own elaboration with the bipartite R-library.

sector. Hornuf focuses on the German market. It commences with mobile banking, evolves to trading and investment systems, and
finally to insurance markets. They also review the problems of cybersecurity. The remaining authors deal simultaneously with the
issues of different clusters. Jung D and Kobets V stand out as the most transversal authors. Their studies consider topics included in all
the clusters except the one related to regulation (C3). Among the 20 most cited authors, only Dellaert B deals with regulatory aspects
[39]. In his paper, the authors identify the issues to which the regulator must respond when implementing robo-advisors. From the
moment an RA offers advisory services to thousands of investors, new questions arise about the liability of the service.

Table 5 shows the abstracts of the 20 most cited authors listed in Fig. 13. Three authors published only one paper. The rest appear
with more than one paper, with Jung D and Kobets V standing out as co-authors of five papers. Likewise, among the 20 most cited
authors, some have published together, such as Ivanov O and Snihovyi O, who collaborated on three papers. Kobets V is co-author of
three papers with Snihovyi O and Ivanov O. The papers are related to the practical implementation of RA with different IA techniques
(machine learning and neural networks). The other two co-authored documents are focused on solving the problem of consumption-
saving ratio using RA. Jung D’s studies are focused on identifying and solving the problem of adopting the RA service by investors.
Decision inertia and biased financial decisions are the main issues to be resolved.

6.3. Research interest evolution

We start the analysis of the evolution of research interests in 2017 since it is the year in which a representative number of papers
emerge. In 2016, there was only one paper in our corpus, Britton and Atkinson [24], which mainly deals with the implementation
problems or business impact of asset management. Fig. 14 shows the evolution of research interest through clusters during the study
period. As expected, C4 related to RA implementation stands out as the most important from 2017 to 2019. C2, which includes all the
topics highly related to human aspects, grew in interest over the years until it became the main research topic in 2021 and one of the
most important in 2022 [42]. This suggests that issues such as the automation in the definition of the customer profile (Phase 2 of the
RA process) or the acceptance of RA by the investors are the main challenges on which research is focused.

Table 5

The specific references of each 20-top author.
Author Abstracts Author Abstracts
Day M. AB20, AB21, AB55 Glaser F. AB39, AB77, AB83
Lin J. AB21, AB55 Dellaert B. AB42, AB123
Ivanov O. AB33, AB34, AB68 Berger B. AB49, AB60
Snihovyi O. AB33, AB34, AB68 Hess T. AB49, AB60
Giudici P. AB103 Hornuf L. AB7, AB121
Lee Y. AB105, AB116 Kobets V. AB25, AB33, AB34, AB68, AB91
Kim J. AB105, AB116 Chen K. AB28, AB31
Lewis D. AB24, AB47 Belanche D. AB57, AB187
Jung D. AB27, AB39, AB44, AB77, AB83 Casal L. AB57, AB187
Dorner V. AB27 Flavin C. AB57
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2022 2018

2021 2019

2020

Fig. 14. Yearly evolution of research interest through clusters. Measured as a percentage of the total abstract universe. *2017 until May 2022.
Source: Own elaboration.

7. Discussion

The irruption of automated investment advice has sparked a change in the form and processes of investment advice in the business
of financial institutions. As in other occasions, this irruption of a technological change impacts or modifies the ways of performing jobs
previously in human beings’ hands. Investment advice is a process that is necessary to deal with human beings since its main objective
is to match an investment portfolio to a client’s risk profile. The new technology makes it possible to offer a high-value-added service to
more clients. This has been achieved based on the standardization and automation of parts of the process, which makes it possible to
reduce the costs of the process and, therefore, turn it into a higher-volume business.

The research we propose arises from the conclusions of several authors regarding the type of model suitable for the development of
Robo Advisory (RA). In this regard, Bartlett and McCarley [43] conclude that ‘an automated methodology plus an imperfect human,
combining their decisions or judgments optimally, can outperform decisions made independently by an automated model or a human
being’. This is one of the lines of research mentioned as open in the RA literature. In this sense, we believe it is important to know
whether there is more academic interest in those phases of the IAds process where there is more human intervention or in those phases
where there is more automation.

In this study, we have taken a unique approach by reviewing all the documents published until May 2022 regarding RA in in-
ternational journals, conferences, and books accessible in the Web of Science and Scopus databases. Our primary objective was to
systematically review the studies conducted, linking the different lines of RA research to the stages of the investment advice process.
This approach has allowed us to identify the parts of this service that have been most analyzed following the transformation brought
about by the implementation of RA, thus providing a fresh perspective on the topic. The following research questions were used to
analyze the study’s results: (1) Which are the most significant research topics with respect to the RA? (2) Which RA-keywords are
related to the different phases of the IAds? (3) Are the documents specialized in a unique cluster, or do they study more than one topic
simultaneously? (4) Are authors focused on a specific cluster? (5) Which phases of the IAd service have focused the interest of re-
searchers? (6) Does research focus on analyzing those problems that have more to do with the human factor within the RA service or on
processes with a reduced dependence on the human factor?

To answer the first question, we extracted all relevant words related to RA from our corpus’s titles, abstracts, and author keywords.
From them, we elaborated a dictionary of synonyms that we considered to represent all the issues of interest in the study of RA. These
RA-keywords have been grouped into 19 disjoint families representing different topics. The results are presented in Tables 6-10 in
Appendix, which shows the families and their synonyms. After consultation with financial experts, five clusters are manually defined.
The CI1-Low human factor, which includes those concepts less related to the human manual factor such as Risk-Return calculation, asset
selection, etc.; C2-High human factor related, dedicated to everything related to behavioral finance, investors’ desires and those actions
in which the human factor plays a significant role; C3-Compliance, including topics related to the regulatory aspects of RA; C4-Cross RA
business, including all those cross-cutting topics related to the implementation of a RA model; and C5-General methodologies, dedicated
to the general methods applied in the development of RA. Analyzing how the 19 RA-Ks families are distributed in the five clusters has
allowed us to understand each one more clearly.

To answer the other questions, we used the information in Table 2, which showed the IAds phases related to the clusters and RA-Ks
families (the second question). Identifying the conceptual groups with the phases of the IAd process allowed us to study the relevance
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of each of these phases in the research collected in the corpus. The results of the study of the relationship between the RA-Ks and the
clusters indicate that cluster C1 is the one that has the greatest weight within the total RA-Ks. The RA-Ks of this cluster appear 959
times in the abstracts, representing 30.1 % of the total. In second place appears the cluster C4, with a weight of 24.6 %. We analyze the
relationship between the abstracts and our five clusters to answer the third question. Of the 195 analyzed domains, 96 are included in
only one cluster. Of these, 36 are from cluster C2. However, the cluster with the most documents is cluster C4. This is not surprising
since this cluster contains concepts transversal to all RA such as ‘Finance Advisory’, ‘Fintech’, ‘Innovation’, ‘RA Implementation’, and
‘RA Players’. Within this cluster, the most mentioned RA-K family is ‘RA implementation’, which appears in 48 out of 83 references.
Moreover, we observe that clusters C1, C2, and C3 are mostly dealt exclusively. This allows us to conclude that these three clusters
have a high degree of specialization. Only eight papers deal simultaneously with clusters C1 and C2, which means that most papers
dealing with aspects in which humans are not of great relevance do not deal with topics in which human relationships are important.
Cluster C3, devoted to legislation in RA, is also usually dealt with separately. Concerning the authors (fourth question), we have related
the 418 authors in our corpus to the 19 families of RA-synonyms. 43.7 % of the authors specialize in a single cluster. Of these, 14.8 %
concerned the acceptance or modification of human behavior by interaction with a robot, concepts belonging to the second cluster.
14.4 % were on the implementation of RA, i.e., on topics of the fourth cluster. 10 % analyze topics related to the first cluster, such as the
estimation of profitability, the risk, or the portfolio construction. Only 4.5 % of the authors analyze the challenges faced by the
regulation or compliance of companies that implement RA as a business. Finally, we highlight that the authors included in the fifth
cluster dedicated to the general methodologies applied in the development of RA are also related to aspects of one of the other four
clusters. The last two questions refer to the phases of the IAds in which researchers are most interested. From the analyses, it can be
concluded that of the two clusters related to the phases of the IAds service, cluster 2 is the one of most significant interest, with 39.5 %
of the abstracts and 14.3 % of the authors focusing exclusively on the topics in this cluster. It can, therefore, be deduced that research is
more interested in aspects related to the human factor, with the phases that require more direct contact with the client or investor. The
automation of client profiling functions (phase 2 of the IAd service) and the client’s response to this automation is one of the most
relevant research interests.

8. Conclusions

Automated investment management services emerge as an alternative to the traditional investment advice model with the goal of
scaling such advice to a larger number of clients at a low cost. To promote investment decisions, it integrates financial technology,
portfolio management, and the personal characteristics of investors. In this paper, the Scopus and the WoS bibliographic databases
have been merged to expand the number of references to be analyzed and thus obtain more consistent results. From a corpus of 195 RA
studies published until May 2022, the current research strives to do a relational analysis between all the relevant topics of RA
implementation and the RA research. According to our query, the oldest paper in the WoS is from 2015. However, this article is not in
our corpus as it does not meet the condition of having an abstract. Thus, the first article in our corpus was published in 2016. However,
we can conclude that research interest in RA is still very recent.

The scope of this study involves several aspects. We elaborate a dictionary of synonyms that we consider to represent all the topics
of interest in the study of RA. Two relational analyses, clusters vs abstracts and clusters vs authors, are carried out to conduct an in-
depth study of the current situation of RA research. The results of this analysis indicate that the topics of most significant interest are
those contained in the cluster C4-Cross RA business. 42.5 % of the abstracts and 14.3 % of the authors specifically deal with issues
included in this cluster. These percentages indicate that the cross-cutting nature of RA implementation poses important changes in the
different phases of the IAd process. C2-High Human factor is the second cluster of research interest, with 39.5 % of the abstracts and
14.3 % of authors exclusively focusing on the topics of this cluster. The automation of customer profiling functions (phase 2 of the IAd
service) and the customer response to this automation is one of the most relevant research interests. In third place are those topics
related to the C1-Low human factor cluster. 31.3 % of the abstracts deal with issues related to this cluster, and 10 % of authors research
exclusively on them. ‘Asset Allocation’, ‘Risk-performance’ and ‘Instruments and markets’ are the main interests within this cluster.
Our study also highlights that 43.7 % of the authors specialize in a single cluster. This implies a high degree of specialization by the
authors analyzed. The analysis of the evolution of the research during the study period shows that it initially focused on the problems
of RA implementation and development, mainly included in the C4-Cross RA business. Once these problems have seemingly been
overcome, the research focuses on the more human aspects included in the C2-High Human factor. Thus, the artificial interpretation of
customers’ desires or obtaining the acceptance of RA by investors seem to be the topics of most significant interest in recent years. In
addition, we have created an open-source code that can be used by any other researcher interested in conducting a relational analysis
on any research topic at any time interval.

In general, the findings in this paper play a key role in the academic trends related to RA research. For new research areas such as
RA, a relational analysis can be the most powerful tool to inform academics and professionals about the current state of knowledge in
this emerging discipline. This draws a clear guideline for future researchers and practitioners in financial markets.

Like any literature review, this work has several limitations that must be considered. Firstly, on the one hand, the search depends on
the sources of information used; in our case, focusing only on Scopus and the WoS. If any relevant literature is not included in these
databases, it is left out of the analysis. On the other hand, the search has been limited to documents in English, which may generate a
bias in the geographical and cultural representativeness of the literature. Another significant limitation is that it is a static study
showing the situation at a given time. RA is an emerging area of research, and the number of papers focusing on it is growing. This leads
to the possible exclusion of relevant studies that will become available during the publication process.
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Behavioral RA Acceptance Humanization Decision Making Customer Interaction
Acceptance Anthropomorphism Decision Support Client

Adoption Augmented Human Teams Choice Client Profiling
Advice Acceptance Chabot Choice Architecture Consumer

Behavior Chatbots Consumer Decision Making Consumers
Behavioral Human Consumer Financial Decision Making Customer
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Table 8

Synonyms associated with C3-Compliance.
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Table 9

Synonyms associated with C4-Cross RA business.
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Finance Advisory Fintech Innovation RA Implementation RA Players
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Al
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