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Introduction
Through the advancement of technology, digital algorithms are already able to advice
clients in investment affairs. Many statistics forecast an ongoing rise of assets under
management in the robo-advisory market. Statista (2022), for example, projects that
approximately 3.13 trillion USDs will be managed worldwide by robo-advisor in 2026,
which represents a circa 75 percent increase to the year 2022. This form of advising can-
not only be cheaper in terms of lower operating costs (see e.g. Deloitte GmbH 2016,
p- 4), but might also provide clients with higher returns than most of the conventional
advisors due to e.g. lower provisions (see e.g. Jung et al. 2019, p. 414). Furthermore,
robo-advisors may not be influenced by emotions (see Rosenberg 2019), so that such
robots may also bypass behavioral biases (see e.g. Uhl and Rohner 2018, p. 48), if pro-
grammed properly.

There is now a large body of literature on digital investment advice, so that it is worth
investigating whether there are fundamental differences in decision making between
conventional and digital investment advice. Therefore, the objective of this paper was
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to systematically review the literature on the determinants of conventional and digital
investment advisory decisions. In this context, it was important to find out whether the
two variants of advice differ in their decision-making with respect to the determinants.
Thereby, implications could be derived that are valuable not only for banks or investment
advisory firms but also for investors. Thus, this paper systemizes and critically presents
relevant publications. The main concepts covered in this thesis were briefly explained in
the beginning. After the applied methodology of this systematic literature review was
described, the obtained findings were discussed, and conclusions were drawn.

Theoretical foundation

Investment advice

According to Investopedia (2021) “investment advice is any recommendation or guid-
ance that attempts to educate, inform, or guide an investor regarding a particular invest-
ment product or series of products” Investment Advice is in high demand all over the
world. The reasons why clients seek investment advice are especially time constraints,
convenience, security, and error avoidance and unfamiliarity with trading processes (see
e.g. Jansen et al. 2008, p. 8; Spatt 2020, p. 218).

Advancing technology transformed the traditional business model of the advisor-cli-
ent relationship in investment advisory from face-to-face encounters to more and more
digital alternatives. Thus, investment advice today can be divided into conventional
advice by humans, digital advice or a hybrid combination (see Metzler et al. 2022).

Conventional advice

Traditional investment advice involves a meeting between an advisor and a client. A typ-
ical practice standard for a financial planning process is that of the CFP Board (2019, p.
10f). Accordingly, the advisor asks the client about his or her personal and financial cir-
cumstances and discusses the client’s investment goals. Based on these data, the advisor
provides a personalized investment recommendation.

Advisors may be independent or employed by an advisory firm or bank, which often
directs them to sell specific products (see Hoechle et al. 2018). It is not necessary to have
completed professional training or to have been certified in order to be allowed to pro-
vide investment advice (Rubin 2015, p. 537f). A certification such as the CFP or the CFA
attests that an advisor has undergone professional training and an examination.

Digital advice
Digital advice is often associated with the term “robo-advisor” (hereafter: “RA”). This
is, however, not the only application of digital advice. Generally, digital advice can be
categorized into direct to consumer, business to business or hybrid models (see Phoon
and Koh 2018, p. 86). Accordingly, an algorithm either interacts directly with the client
without any human interference or it supports conventional advisors in their decision-
making. It is also common that the investment recommendation is determined by algo-
rithms and the outcomes are then interpreted by the human advisor and presented to
the client, which represents a hybrid solution (see Metzler et al. 2022).

Purely digital RAs usually follow a similar decision-making approach as conventional
advisors (see Beketov et al. 2018, p. 365f; Jung et al. 2018a, p. 83f; Jung et al. 2019, p.
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410f). Today, such algorithms predominantly use only variants of Markowitz’s (1952)
Modern Portfolio Theory (hereafter: "MPT") for portfolio allocation (see e.g. Hayes
2020, p. 573f). As technology advances, algorithms are becoming increasingly sophis-
ticated and are attempting to apply more complex models based on machine learning
(hereafter: “ML) or artificial intelligence (hereafter: “Al), which is however not yet the
standard (see e.g. Beketov et al. 2018, p. 369).

Determinants of investment advisory decisions

There are a variety of factors that may be relevant to an advisor’s investment decision.
Most important for an advisor is to consider the personal situation of the client, which is
referred to in this thesis as the "client profile". A client profile should include data about
the client’s demographic, psychological, and financial circumstances (see Thanki and
Baser 2021, p. 59).

The European Union, for example, introduced laws such as the MiFID I in 2007, which
was further developed into the MiFID II in 2018. Article 25 (2) of MiFID II stipulates
that the advisor “shall obtain the necessary information regarding the client” Accord-
ing to the ESMA (2018) guidelines, necessary information contains the client’s financial
situation, its financial knowledge and its investment experience. Example include age,
family situation, marital status, employment situation, need for liquidity, risk tolerance
and investment objectives (see ESMA 2018, p. 8f).

While any financial advisor must follow the legislation of its country, for certified advi-
sors, there are additional guidelines set by their respective institution. Advisors acting
under e.g. the CFP Board (2019) Code of Ethics, in addition to the necessary information
mentioned above, should also obtain the following client data: health, life expectancy,
values, attitudes, expectations, earnings potential, goals, needs, priorities, and current
course of action. Based on the client profile and market developments, the advisor must
decide on a suitable investment strategy that he or she then recommends to the client
(see e.g. CFP Board 2019, p. 10f).

From the advisor’s point of view, the achievement of personal benefits, which might be
contrary to the client’s interest, can be of great importance when making recommenda-
tions. For instance, higher provisions on certain investment products might incentivize
advisors and create conflicts of interest (see e.g. Chen and Richardson 2019, p. 174).

In addition, some countries and certification agencies imposed a fiduciary duty on
advisors to mitigate conflicts of interest. This means that such advisors must subordinate
their own interests and give their advice in the best interest of the client (see Rubin 2015,
p. 525). Advisors who are subject to such regulations must take this into account when
recommending to clients.

It could also be possible, that behavioral biases or misguided beliefs affect advisors in
their investment advisory decision, i.e. advisors might deviate from rational behavior
because they might be unconsciously influenced by irrational factors (see e.g. Baker et al.
2017; Linnainmaa et al. 2021).

Inderst and Ottaviani (2012), one of the earliest papers focusing on factors impact-
ing advisory decisions, discussed the role of conventional financial advice in retail finan-
cial markets and the potential conflicts of interest that can arise between advisors and
consumers. Their paper addresses determinants such as limited consumer knowledge,
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conflicts of interest, policy interventions, disclosure, financial literacy, and the impor-
tance of empirical research in the realm of conventional financial advice. Apart from this
paper there is a lack of research that gathers all potential determinants that may influ-
ence investment advisory decisions. Although some papers, such as Inderst and Otta-
viani (2012), identified some determinants, no paper developed a holistic framework of
all potential determinants influencing investment advisory decisions. Especially in the
context of steadily increasing automation and digitalization in the investment advisory
industry, the determinants can be strongly influenced by all means of new digital tools,
such as computer algorithms, machine learning and artificial intelligence. Therefore, it
is time to systematically condense all new research findings relating to advisory deci-
sions covering both conventional and digital advisors. To the best of my knowledge, no
systematic literature review has yet been conducted that addresses the determinants of
investment advisory decisions comparing both conventional and digital advisors. For
this reason, the aim of this paper is to systematically examine these determinants in the
context of conventional and digital investment advice based on existing literature and
to present the current state of research on this topic. The approach was to conduct an
independent analysis of all determinants from the ground up, without relying too heav-
ily on earlier literature summaries that may be outdated. For this reason, the current
paper takes a holistic approach, developing a framework that encompasses all determi-
nants, particularly in the context of comparing conventional and digital advisors. This
comprehensive framework is a novel contribution, as it has not been explored by previ-
ous researchers. Especially companies who offer investment advice in either way con-
ventional or digital can benefit from the findings. Clients who have to choose one of the
alternatives may also profit.

Methodology

Literature search strategy

This systematic literature review is, as far as it was applicable, in accordance with the
reporting guidance provided by the preferred reporting items for systematic reviews and
meta-analyses (PRISMA) statement (see Page et al. 2021). The analysis was limited to a
qualitative synthesis of the results.

The intention of this systematic review was to provide a broad overview of the state
of research. Thus, the applied inclusion criteria for the literature search were deliber-
ately not too narrowed. An overview of all inclusion and exclusion criteria is displayed in
Table 1.

The review includes only English-written publications. It was essential to select only
publications consistent with the objectives of this work. Thus, the research question of a
study must relate to one of the following contents: determinants of investment advisory
decisions, factors influencing the advisory decision or differences in the decision mak-
ing of conventional and digital advisors. This thesis considered only the advisor’s per-
spective and not the investor’s. Accordingly, no consideration was given to how clients
proceed with advisory recommendations or whether they accept the advisor. Country-
specific regulations were not discussed, only generally applicable principles. Further-
more, it was feasible to include only peer-reviewed publications. In the case in which
articles have not been reviewed but were cited frequently and used appropriate data and
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Table 1 Inclusion and exclusion criteria
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Criterium

Included

Excluded

Language of publication
Research question studied

Type of publication

Data description

Methodology description

Reported outcomes

Publication date
Study population

Geographic location of the study

English

All factors that could possibly
influence investment advice;
determinants that are necessary to
give suitable advice to the clients;
comparison of conventional and
digital advice giving

Articles, studies and reviews that are
peer-reviewed (exception if not peer-
reviewed: frequently cited, appropri-
ate data and methodology)

Only publications with a clear
description of the used data

Only publications with a clear
description of the applied methodol-
ogy

Only publications with clearly
reported outcomes

All publications available

No limitation, but representative

Studies that consider one or more of
the countries of the world (no limita-
tion to one country)

All other languages than English

All publications that consider only the
perspective of investors, e.g. investors
who are biased; publications that
consider country specific regulations
and general laws

Publications that have not yet been
peer-reviewed; articles that lack rel-
evant content and methodology

All publications that lack a clear data
description

All publications that lack a clear meth-
odology description

All publications that lack a clear out-
come description

Studies with not representative
samples

Table 2 Search string strategies

ID: Nuance

Search string

1 Robo-advisor’s decision

2 Conventional advisor's decision

3 Comparison

4 Uncategorized Search
Uncategorized Search

(“Digital advi*” OR "Robo* advi*") AND (“decision*” OR ‘recommendation”)

AND (“investment*” OR “Financ*")

("Financ* advi*” OR “Financ* advice” OR “Conventional advi*” OR "human

advi*” OR “In* Person advi*") AND (‘recommmendation” OR “decision*”) AND

(“investment*” OR “Financ*”)

(“Digital advi*"OR “robo* advi*” OR “human advi*" OR “conventional advi*”
OR”“In* person advi*") AND (“‘compar*” OR “difference*”) AND (“investment*”

OR“Financ*”)
Keyword search
Forward and Backward search

methodology, an exception was made. For an effective synthesis of the individual pub-
lications, it was necessary that they encompass a comprehensible description of their
used data and their applied empirical methodology. There was no restriction regarding
the publication date since this review dealt with both the chronologically earlier conven-
tional advisors and the more modern digital advisors. The population and the data of the
studies have to be appropriately large and representative so that statistical methods can
be applied meaningfully. Furthermore, no limitations regarding the geographical loca-
tion of the studies were made.

Methodologically, five search string strategies regarding different nuances were
defined to obtain a fully comprehensive literature review. Each search string strategy
consists of a different string combination, that is listed in Table 2. The keywords were
identified through a preliminary web search on Google Scholar.
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It was crucial to find all possible synonyms for RAs and for conventional advisors,
since different publishers used various spellings and terms. According to the Oxford
English Dictionary (2022) the term “adviser” has equal meaning as the now more
common term “advisor” To identify relevant literature, a search for “advi*” was per-

“gn

formed. The asterisk “*” indicates that the word or word fragment before the “*” can
end in several ways. This allowed the database to show all related publications. A sim-
ilar approach was applied to obtain the financial context. Thus, “Financ*” as string can

=7

mean e.g. “financial” or “Finance” and “Decision*” can stand for e.g. “decision making

process” or other terms. Furthermore, authors might use either one of the expressions
“financial advisor”, “conventional advisor’, “In-person advisor” or “human advisor” to
indicate that their article concerns conventional advisors. For this reason, the enu-
merated terms were connected with the logical operator “OR” in the search string.
A similar approach was applied for the variety of expressions for RAs. Since, “digital
advisor”, “robo* advisor” and “digital advice” function as synonyms for RAs, they were
linked together with “OR”.

First, RAs’ decisions were considered. Therefore, all synonyms for RA were con-
nected with (“decision*” OR “recommendation”) and (“investment” OR “Financ*”) by
the logical operator “AND”. Second, these keywords were linked to the synonyms of
conventional advisors, so that this angle could also be taken into account. Addition-
ally, it was searched for publications that compare the two advisory types regarding
their decision-making process. In few cases the search string combinations had to be
slightly adjusted to adapt to the search mask of the database (see Appendix 1).

In addition, uncategorized search in other sources was performed to ensure com-
pleteness, especially forward and backward search. This means checking whether the
publication was cited by other articles (forward search) or whether the article cites
other articles (backward search). Publications that were important to consider and
not yet found through the aforementioned search string strategies were then included.

For an extensive literature search, the databases Scopus and IEEE Xplore were
selected as these are recognized scientific databases. Besides, also a search in the
Social Science Research Network SSRN was performed. The obtained records of
each search strategy were noted and are presented in “Overview of studies included”
section of this paper. In addition, a detailed literature search report is provided in
Appendix 1.

Study selection
After performing the literature search, the records had to be selected from the data-
bases. Titles and abstracts were screened for relevance based on the inclusion criteria.
The detailed findings per database and query were reported in Appendix 2. Duplicates
were removed and the remaining publications were subjected to a full-text analysis.
In the full text analysis, the contents of the respective study were examined in greater
depth, so that only relevant publications were selected.

All articles that did not meet the inclusion criteria were eliminated. This approach
ensured that the literature search was conducted in a systematic process, so that the
selection bias could be mitigated to a minimum.
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Fig. 1 Literature search and selection procedure

The overall literature search and selection procedure is summarized in Fig. 1.

Study assessment
All publications that were found through the above presented literature search strategy
were evaluated regarding specific assessment criteria, that are categorized in Table 3.

In terms of content, each relevant study was analyzed in terms of the setting in which
it was conducted, the data used, and its limitations. Special emphasis was placed on the
results and conclusions of the individual studies.

The quality of an individual study was evaluated according to quality criteria of data,
i.e. it was scrutinized whether the used data was representative. It was also exam-
ined whether some authors did various simplifying limitations, which could affect the
validity of the results. The publications were each assessed regarding their statisti-
cal methods. A study with a good quality utilizes reasonable and proper empirical
methodology, such as statistical regression models. It was ensured that the journals

Table 3 Assessment criteria

Assessment criterium: content Assessment criterium: quality
Data Quality of the used data
Limitations Number of limitations in the study
Setting Feasible statistical methodology
Results Citation tracking

Conclusions Transferability of the results
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in which the publication appeared had a reasonable impact factor. Besides, citation
tracking was performed as a quality measure for the study.

Through these evaluations, conclusions about the significance and transferability of
the results could be drawn. The study assessment was performed during the full-text
analysis and was not reported for each study.

Results and discussion

Overview of studies included

The selection process is illustrated as a PRISMA flow chart in Fig. 2. Appendix 2 pro-
vides deeper insights into the obtained records, sorted by the particular search strat-
egy which was used in the respective database.

The database search resulted in a total of 4138 identified records. In addition,
25 records were found through other sources. Of the total 4163 records, 44 were
excluded due to language. The remaining 4119 records were screened using the selec-
tion procedures described in “Study selection” section. Thereby, 3897 articles could
be excluded because they were recognizably not relevant to the topic. Among the
remaining articles were 52 duplicates. The eligibility of the remaining 170 publica-
tions was further assessed in a full text analysis. After this analysis, a total of 52 arti-
cles were excluded mainly for content reasons. 21 publications were excluded because
they were of limited relevance or methodologically inadequate, or a more recent

Records identified trough
database searching Additional records
(n=4138) identified trough other
Scopus (n = 3779) sources
IEEE Xplore (n = 21) (n=25)
SSRN (n = 338)

| !

Total records searched N Records excluded:
(n=4163) Not English (n = 44)
Records screened N Records excluded:
(n=4119) Not relevant: content (n = 3897)
¥
Records obtained | Records excluded:
(n=222) Duplicates (n = 52)
v
Full-text articles assessed for Full-text articles excluded:
eligibility > - Not relevant: content (n = 52)
(n=170) - Not relevant: quality (n = 21)

Articles included in qualitative
synthesis
(n=97)

Fig. 2 PRISMA flow chart
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version of the publication was used. The 97 articles that survived the selection pro-

cess were included in this systematic literature review.

The following figures provide insights into the composition and the structure of the

relevant literature used. Figure 3 illustrates the number of publications included in this

systematic literature review, sorted by the form of advice over time. It can be seen that

the volume of publications has risen in recent years, and that authors are increasingly

focusing on the digital variant of advice. Figure 4, which lists the publication types by

publication date, displays that a large proportion of the new ideas are still published as



Wagner Financial Innovation (2024) 10:18 Page 10 of 32

conference papers. The conference papers used here dealt predominantly with propos-
als related to digital advice, suggesting that these ideas were not yet ready for journal
articles.

Framework: determinants of investment advisory decisions

Investment advisory decisions are influenced by a variety of different factors. In this
thesis, an attempt was made to systematize the identified determinants in an organized
framework (see Fig. 5). Accordingly, not only the client profile, the investment strategy
and laws, but also conflicts of interests and biases determine an advisor’s investment
decision.

Figure 6 presents the literature dealing with each identified determinant. It can be seen
that most publications addressed the client profile. For investment strategy, only publi-
cations dealing with digital or digitally supported investment advice were found. In the
context of conflicts of interest, the majority of publications dealt with conventional advi-
sors, whereas almost the same number of publications were found on biases for each
type of advice. In the synthesis, each determinant is reviewed based on the literature.

Synthesis

Client profile

Client profile: general In order to provide an investment recommendation that is opti-
mally tailored to the needs of the client, an advisor needs a detailed profile of its client.
Thus, data about the client’s personal circumstances (see “Determinants of investment
advisory decisions” section) have to be collected by the advisor. Without these data a
recommendation in the client’s interest is hardly possible.

Fig. 5 Determinants of investment advisory decisions
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In general, conventional advisors collect data from their clients either through a
questionnaire or in a personal meeting to create a fully comprehensive client profile
(see Cooper et al. 2014, p. 273). The legislators, however, do not provide standard-
ized questionnaires, so that advisors rely on their own judgment when interpreting
the obtained data (see Baeckstrom et al. 2021, p. 716; Hubble and Grable 2019, p. 73).

Without trust the client may not provide its advisor with the necessary data, so that
an advisor must ensure that the relationship between advisor and client is character-
ized by mutual trust. Client’s trust in the advisor is connected to the client’s financial
literacy, its age and its willingness to take investment risk (see e.g. Lachance and Tang
2012, p. 222f.).

Advisors who can detect their clients’ emotional attachment to money strengthen
the financial advisory relationship (see Lozza et al. 2022, p. 623). For example, clients
may associate money as a symbol of security or power, while others may perceive it
as freedom, which can affect the client’s risk tolerance (see Lippi et al. 2021, p. 215).
Logically, the emotional intelligence of an advisor seems of crucial importance not
only for building a bond of trust, but also for identifying the clients’ objectives.

Digital advisors might struggle to achieve such an emotional relationship as the
interaction is limited to the IT-application. Thus, it can be easier for human advisors
to collect data than for RAs, as the algorithm cannot interact personally with the client
and relies solely on the data provided by the client (see Puhle 2019, p. 349). The algo-
rithm could have difficulties in properly understanding the client’s objectives, espe-
cially if they are very emotional, which may lead to an inadequate evaluation of the
client (see Phoon and Koh 2018, p. 91; Jung et al. 2019, p. 412). For this reason, human
advisors may give more personalized advice as they are not constrained by standard-
ized elicitation questionnaires like the RAs (see Fisch et al. 2019, p. 24). Furthermore,
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RAs usually ask fewer questions because it is difficult to motivate the client to invest a
lot of time in an online questionnaire (see Tertilt and Scholz 2018, p. 74f).

Several authors recently studied the effects of various designs of RAs that try to
influence clients’ robo-advice adoption by e.g. imitating human traits through anthro-
pomorphism, trying to mitigate client’s biases or building trust (see e.g. Adam et al.
2020; Deo and Sontakke 2021; Jung et al. 2018b; Litterscheidt and Streich 2020;
Morana et al. 2020; Rithr 2020). The way in which the client profile is elicited has
a significant impact on the client’s decision to seek advice, so the method must be
designed in such a way that the client feels that he or she has been correctly assessed
(see Streich 2021, p. 13). Complex RA algorithms based on Al may be opaque and
non-transparent. For this reason, Bianchi and Briére (2021, p. 19) suggested that XAI
(explainable AI) may mitigate the issue. This means that the algorithm is designed in
such a form that it can be understood by humans by describing its processes, whereas
usual ML models are often associated with a black box.

Client profile: elicitation of risk tolerance One of the most important determinants
of the client profile is risk tolerance. Risk tolerance can be seen as a multidimensional
entity consisting of propensity, attitude, capacity and knowledge (see Cordell 2001).
Cooper et al. (2014, p. 278f) found that these four elements show low correlation
between each other, so that it is necessary to query them separately.

Other authors such as Nguyen et al. (2016, p. 16) as well as Lippi et al. (2021, p. 214)
observed that the client’s risk tolerance is influenced by the client’s financial knowl-
edge, its trust in the advisor, and the duration of the advisory relationship. When
these factors are strong, the client is willing to take more risks in the investment deci-
sion (see Nguyen et al. 2016, p. 17; Lippi et al. 2021, p. 214).

Similarly, Thanki and Baser (2021) analyzed factors that determine financial risk
tolerance of clients by examining demographic, psychological, and financial literacy
factors. Accordingly, “personality type, financial literacy, gender, income, marital sta-
tus, occupation, and number of dependents” were significant, whereas educational
background and age not (Thanki and Baser 2021, p. 59). Cooper et al. (2014, p. 275)
obtained similar results by reviewing literature, with the exception that marital sta-
tus showed an inconclusive correlation with risk tolerance. It is crucial to consider
that financial risk tolerance is not static but alters over time. Therefore, advisors
must periodically adjust their investment strategy as the client’s attitude changes (see
Thanki and Baser 2021, p. 59).

So (2021) evaluated 20 real questionnaires used by banks through content analysis to
see which questions were asked most frequently and which were asked least frequently
in order to list important risk factors. Thereby, he identified the following determinants:
the setting of realistic investment goals (factual information); the risk appetite of an
investor (perceptual information); the understanding of investment risk according to
own practical experience and knowledge; investor behavior when suffering investment
loss (behavioral information); ability to take risk (factual information), i.e. the employ-
ment status or the financial situation (see So 2021, p. 8f). Although this study was espe-
cially aimed for RAs, the findings can also be used by conventional advisors.
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So (2021, p. 10) additionally made important suggestions for RAs on how to profile cli-
ents. Accordingly, RAs should ask only a limited number of questions that are straight-
forward and comprehensible to understand. This is essential because clients cannot ask
for an explanation of a question. Furthermore, the RA should directly evaluate whether
the given answers are consistent. If not, the client should be asked further questions or
be asked to enter its data again.

The above-mentioned findings help advisors build a more accurate profile of their cli-
ents and better understand clients’ goals.

Client profile: difficulties in evaluation Snelbecker et al. (1990, p. 378) was one of the
first who described the problem that advisors often have quite decent knowledge about
their products, but lack a clear understanding of their client’s objectives, as this requires
some sort of intuitive emotional judgement, that is not objective. Asking the clients e.g.
what their risk affinity is, does not solve the problem as clients may state deficient data
because they cannot evaluate themselves correctly (see Snelbecker et al. 1990, p. 379).
The problem of the right interpretation of the client’s data by the advisor remains. They
furthermore demonstrated that advisors’ interpretations varied for the same client profile
and clients showed inconsistencies in their self-evaluations (see Snelbecker 1990, p. 391).
This puzzle was confirmed by Jansen et al. (2008, p. 21f), who asked advisors to assess
their clients regarding three risk proxies (protection seeking, risk taking and loss toler-
ance) and compared the answers to the self-evaluation of the respective client. Thereby,
they empirically observed that advisors’ and clients” assessment differed (see Jansen et al.
2008, p. 22).

Hens and Mayer (2018) showed that different investment recommendations can occur
if the client is assessed incorrectly and therefore modeled with an incorrect decision
theory. They came to the conclusion that the risk assessment by existing questionnaires
is not sufficient (see Hens and Mayer 2018, p. 213). Bhatia et al. (2020, p. 7) stated con-
sistently that measuring client’s objectives accurately is difficult, since preferences are
changing over time and may not resemble future objectives. Furthermore, the people
who create questionnaires either for in-person encounters or for digital advice may be
biased. A potential solution could be to hire professional experts who are educated how
to design questionnaires and have financial knowledge (see Bhatia et al. 2020, p. 7).

Tertilt and Scholz (2018, p. 82) criticized that RAs often use only a simple standard-
ized risk elicitation approach and found that in their sample only slightly more than half
of the asked questions impacted the client’s risk assessment. Thus, RAs may not be able
to determine all relevant information about their clients through questionnaires and
consequently may not give their advice based on the true client profile (see Fein 2015, p.
30).

According to Bianchi and Briére (2021, p. 13), RAs suffer from fuzzy legislation
that does not clearly regulate how questionnaires should be structured so that clients’
characteristics are difficult to assess. Thus, comparisons between client profiles are
often not accurately possible because the questions and rating scales vary in different
questionnaires.

D’Acunto and Rossi (2021, p. 741) explained that RAs divide their clients into cat-
egories based on their answers in the questionnaire. Clients belonging to the same
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category receive the same advice, although clients in a category also differ in some
characteristics, which would mean that they do not receive tailored advice (see
D’Acunto and Rossi 2021, p. 741). This is consistent with Fein (2015, p. 8f). Such gen-
eral approaches of RAs only provide suitable advice for an average client and not indi-
vidualized advice, as they only obtain limited data about an individual client through
simple questionnaires (see Faloon and Scherer 2017, p. 33f). These findings are in line
with Torno and Schildmann (2020, p. 103) and Scherer and Lehner (2021, p. 17f).

Albeit advisors should, conventional advisors oftentimes do not take client char-
acteristics into account, when making a recommendation. Mullainathan et al. (2012,
p. 3) showed in an audit study that in only 75% of the advisor-client encounters, the
clients were even asked to provide personal information. More severely the data when
obtained was often not used by the advisor, which questions the reliability of an advi-
sor’s recommendation (see Mullainathan et al. 2012, p. 3; Uhl and Rohner 2018, p.
45). RAs also do not use all obtained information of the client profile for their deci-
sion (see Tertilt and Scholz 2018, p. 82; Harrison and Samaddar 2020, p. 78).

Client profile: methods for conventional advice proposed by literature In literature
there exist several methods that try to guide the advisor through the client profiling,
which are methodologically very similar and intend to make the client profiling and the
information gathering more effective.

For instance, Kinder and Galvan (2005) developed a theoretical model in which
an advisor follows sequential steps, and this model has been empirically validated
through a survey conducted by them. Accordingly, an advisor has to explore the cli-
ent’s needs and identify the client’s vision and obstacles. In the subsequent step the
advisor applies its financial knowledge to give an investment recommendation which
leads then to the execution (see Kinder and Galvan 2005, p. 46).

Belkora (2015) transferred a similar model which was earlier described in medical
literature to the financial context. This model can be explained by making use of the
widely known iceberg model (see Belkora 2015, p. 10). Clients usually provide their
advisor only some personal data and objectives (the part of the iceberg that is vis-
ible), while omitting their underlying values (the part of the iceberg that is under the
water). For an advisor to completely understand the client’s investment motives it is,
however, essential to gather a fully comprehensive profile of its client. Through such
structured model approaches, an advisor obtains more information from the client
than from an unstructured interview (see e.g. Snelbecker et al. 1990, p. 380).

There are besides authors, such as Stendardi and Graham (2006), who suggested
that advisors should customize client profiling to the gender of the client. They
reviewed several gender studies with the result that men and women decide differ-
ently in general and in their investment affairs. They further analyzed whether advi-
sors should behave differently when advising a woman or a man. Women are more
risk averse than men and should thus be more enlightened about risks (see Stendardi
and Graham 2006, p. 236). Furthermore, women are more comfortable discussing and
planning their investment strategy in face-to-face encounters to build trust, whereas
men are fine using the Internet or the phone for their financial affairs (see Stendardi
and Graham 2006, p. 227).
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Client profile: methods for digital advice proposed by literature Modern technology sup-
ported collection systems enable conventional advisors to benefit greatly from increasing
digitalization. This can be seen especially in the client profiling phase.

Kilic et al. (2017, p. 4696) noted that some clients hesitate to give personal informa-
tion to an advisor due to privacy concerns which led them explore digital approaches to
client profiling. They considered a “joint profiling” and “task aware joint profiling” con-
cept (see Kilic et al. 2017, p. 4697). Their first approach encompasses a separated two-
step process to identify suitable investment opportunities, i.e. first the advisor and its
client collect the data together on a tablet and afterwards on a subsequent page on the
screen the recommended solution is displayed (see Kilic et al. 2017, p. 4698). Their latter
approach directly displays the solution while entering the data (see Kilic et al. 2017, p.
4700). They found such a “task aware joint profiling” makes clients more open to pro-
vide their personal data. This is because clients can directly see the impact of the data
and thus perceive the data gathering as necessary. Kilic et al. (2015, p. 1328) observed
furthermore that in an advisory session guided by an IT visualized structure clients and
advisors are subject to a perceived compulsion for completeness in determining the cli-
ent profile.

In purely digital advising, there is no possibility of human support in the interaction
with the client. Current RAs determine the client profile using questionnaires that the
client fills out digitally. Several methods have been proposed in the literature on how the
use of ML or Al can improve digital client profiling.

For example, Alsabah et al. (2021) integrated reinforcement learning into a RA model
so that the algorithm learns the client’s risk preference over time by observing portfolio
decisions under different market circumstances. Dong et al. (2021) developed the model
of Alsabah (2021) further by changing the underlying framework from single level mean-
risk to a bi-level framework. Whereas Alsabah et al. (2021) updated the client’s risk pref-
erences through an equally weighted averaging, Dong et al. (2021, p. 2) used a dynamic
weighting method, i.e. the client’s most recently made decision carries the most weight,
which makes the RA more accurate. Wang and Yu (2021) proposed a similar algorithm
that determines the client’s risk preference by analyzing its historical portfolio allocation
using another ML approach.

Investment strategy

Conventional Advice: The client profile serves as the basis for the development of an
individual investment strategy and for the recommendation of specific investment prod-
ucts. In the past, there were also a lot of scientific recommendations for conventional
advisors on how to structure an optimal portfolio, such as Markowitz’s (1952) Modern
Portfolio Theory or other methods. However, a presentation of asset allocation theories
is not within the scope of this paper.

Digital Advice: According to Jung et al. (2018a, p. 83f), digital investment advice can
be structured into the following three phases: Configuration (initiation, profiling and
assessment), Matching and Customization, and Maintenance (e.g. data storage). In the
following, only the methods for the matching and customization phase will be discussed,
as the configuration phase has implicitly already been described in the client profiling
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section. Maintenance is often performed as standardized background processes, without
much impact on the investment recommendation, why it is not explicitly reviewed. In
the recent literature, there are a number of works that addressed how RAs can indepen-
dently make advisory decisions or how they can assist advisors in choosing an invest-
ment strategy. Some of these models are presented in the following.

Garcia-Crespo et al. (2012) and Gonzalez-Carrasco et al. (2012) developed similar
investment recommendation systems that attempted to provide tailored advice. The
principle of these models is based on predefined social and psychological character
traits that are classified into different risk tolerance categories. The investment products
offered are allocated to one of these categories by financial experts. After the client has
been profiled and categorized with regard to these criteria, the algorithm maps the cli-
ent in a matrix and additionally projects the investment products into the matrix (see
Garcia-Crespo et al. 2012, p. 105; Gonzalez-Carrasco et al. 2012, p. 65). In this way, the
advisor can give his client a personalized investment recommendation.

Zibriczky (2016) created a literature review of different recommender system con-
cepts and their application in different financial contexts. Accordingly, these systems rely
either on collaborative filtering, content-based filtering, knowledge-based recommenda-
tion, case-based recommendation or a mixture of those.

In practice, collaborative filtering systems recommend products on the basis of what
similar users prefer, whereas content-based filtering systems recommend products that
are similar to already held products by a user. The knowledge-based and the case-based
recommendation system are very similar as both advice on the grounds of past experi-
ences (see Leonardi et al. 2016, p. 33). Each of the algorithms requires a lot of data to
perform analyzes.

Xue et al. (2018b, p. 54528) proposed to integrate a financial social relationship factor
into a collaborative filtering algorithm to calculate the similarity of users more precisely.
Their analysis showed that their extended approach outperformed pure collaborative fil-
tering systems. (see Xue et al. 2018b, p. 54534).

The most sensible approach to aid advisors in their decision making is according to
Musto et al. (2015) an IT-supported case-based recommendation system. Such systems
usually consist of five steps: retrieve, reuse, revise, review, and retain (see Musto et al.
2015, p. 103f). Thus, various advice cases that were stored in a memory can be retrieved
on demand regarding the similarity to a new issue. The system revises the cases and clus-
ters similar portfolio choices together to provide the advisor different options to choose
from. The ranking process sorts those in order to optimize the balance between similar-
ity and diversity and evaluates the performance of each case portfolio based on historical
yields. Their results showed that such case-based recommendation system approaches
can outperform human advice (see Musto et al. 2015, p. 109). According to Leonardi
et al. (2016), such a case-based recommendation system is not restricted to an initial
investment recommendation but provides also a deeper understanding of an existing
client’s portfolio. By that, an advisor and its client can see whether comparable clients
opted for similar investment strategies and thereby derive necessary actions (see Leon-
ardi et al. 2016, p. 38).

A multitude of authors developed RA algorithms which are based on various ML

techniques aiming at creating more accurate portfolio allocation recommendations. In
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principle, the proposed models are similar in structure, though the authors used dif-
ferent assumptions and methodologies. For example, Day et al. (2018) were among the
first who developed a RA model for scientific purposes. Therefore, they combined a big
data deep-learning algorithm with the Black and Litterman (1990) model to find opti-
mal allocation weights. Wang and Yu (2021) presented a reinforced learning algorithm
that attempts to create an allocation strategy through iterative learning and optimization
of a historical price dataset without relying on estimates. In addition, similar proposals
for ML application in the Robo-advisory segment were presented, such as the models of
Ahn et al. (2020), Chen et al. (2018), Damrongsakmethee and Neagoe (2020), Day and
Lin (2019), Gu et al. (2019), Xue et al. (2018a) and Wang et al. (2019).

Another approach is to let an algorithm analyze past financial news announcements
compared to stock prices to predict market prices from future news (see, e.g., Schu-
maker and Chen 2009; Geva and Zahavi 2014; Leow et al. 2021). In addition, Leow et al.
(2021) integrated Twitter sentiment analysis into such a RA model.

These ML systems are continuously evolving, so that it is expected that more conven-
tional advisors will rely on such systems in their decision-making process to keep up
with purely digital advisors (see e.g. Beketov et al. 2018, p. 369; Coombs and Redman
2018, p. 20f).

Fang et al. (2022) conducted a review and analysis of cryptocurrency trading strate-
gies, identifying various methods such as basic regression methods, linear classifiers and
clustering, time series analysis (e.g., GARCH), decision trees, and probabilistic classi-
fiers or modern portfolio theory that can be applied in developing such an investment
strategy. Additionally, Sebastido and Godinho (2021) explored various ML techniques
for forecasting cryptocurrency returns, finding that while they can predict returns, the
precision power heavily relies on the chosen ML model technique. These papers show
that digital aided advice is not limited to standard investment products, but is also trans-
ferable to more complex portfolio securities such as cryptocurrencies.

Confilicts of interest

Currently, there is still relatively little literature on conflicts of interest dealing with RAs,
which makes a valid comparison of RAs and traditional investment advisors impossible.
For this reason, the following paragraph deals almost exclusively with conflicts of inter-
est in traditional investment advice. However, many of these conflicts can also be trans-
ferred to the context of RAs. “Contrary to the general assumption that RAs” section
deals exclusively with conflicts of interest of digital advisors.

Conflicts of interest: compensation style Determinants that are not in the client’s
best interest may affect investment advisory decisions. Advisor’s compensation is a
serious problem in investment decisions because advisors could be influenced by the
commissions received for individual investment products (see Rubin 2015, p. 538f).
The problem is exacerbated when sales commissions are a critical part of the advi-
sor’s compensation, making advisors more sales-focused (see Rubin 2015, p. 539). This
could lead advisors to recommend funds, not for their chances of growth, but for the
potential commissions these funds pay to the advisors (see e.g. Spatt 2020, p. 222f;
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Chen and Richardson 2019, p. 174; Gottschalk 2020, p. 23), so that the client’s utility
of the investments is often not the first priority in the advisory decision (see e.g. Sah
2019, p. 62).

Angelova and Regner (2013) analyzed several different payment styles in regard to
conflicts of interest in an experimental setting. They compared inter alia the effec-
tiveness of a voluntary prepayment, an obligatory prepayment, a voluntary bonus
afterwards, and a combination of a voluntary prepayment and a bonus afterwards
in fostering advisors to give truthful advice and in reducing conflicts of interest. By
performing the sender-receiver model of Crawford and Sobel (1982), they found two
interesting outcomes (see Angelova and Regner 2013, p. 217). First, the higher the
compensation, the more truthful the advice. Second, a compensation consisting of
a voluntary prepayment and a bonus afterwards leads to more truthful advice com-
pared to other compensation models. This is consistent over time because an advisor
has an incentive not to lie due to the performance-based payment.

Hoechle et al. (2018) investigated, inter alia, how banks make profits with employed
advisors and whether bank-owned products are preferred in investment advice deci-
sions. They observed that bank products were more likely to be recommended, which
could mean that bank advisors put the client’s interest behind their employer’s inter-
est (see Hoechle et al. 2018, p. 4483).

Conflicts of interest: competition Bolton et al. (2007) examined conflicts of interest in
financial advice in the context of competition and compared different scenarios, i.e.,
monopoly and competition, based on mathematical models related to the Bertrand
model. They analyzed whether an advisor would recommend products of its own firm
even if a product of another firm would be more suitable for a client in the context of
competition, finding that competition reduces conflicts of interest (Bolton et al. 2007,
p- 317f.). Gelman et al. (2021, p. 8) got similar outcomes, i.e. advisors who have a high
local market power are more likely to engage in misconduct. Both results imply that
the more competitive the advisory industry, the less conflicted the advisor.

Conflicts of interest: disclosure Results such as those of Chung and Harbaugh (2018,
p. 534), who found that nontransparent incentives encourage advisors to provide
biased advice to clients, motivated several authors to research whether disclosure of
conflicts of interest could mitigate them.

Sah (2019) researched the effects of disclosure on conflicts of interest. She com-
pared different perceptions of professional advisory norms, i.e. “self-interest” or “cli-
ent first’, in the context of financial advice and medical advice (see Sah 2019, p. 66).
According to her, disclosure per se does not attenuate conflicts but professional norms
in combination with disclosure can (see Sah 2019, p. 66). Thus, disclosure could be
beneficial if it functions as a reminder for professional norms, when the norm “client
first” is present in that industry. This means advisors behave differently in their advice
giving, depending on the norm that is present in a specific environment, (see Sah
2019, p. 75£.). Especially, she found that while in the medical context the “client first”
norm is more present, in the financial context it is often “self-interest’, which might
be grounded on the more severe effects of biased advice in the medical setting (see
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Sah 2019, p. 71). She further discovered that non-expert advisors generally give more
biased advice, whereas lesser, when reminded that the professional norm at place is
“client first” (see Sah 2019, p. 75).

Cain et al. (2005, p. 22) and Cain et al. (2011, p. 849) observed that disclosure could
have opposite effects than desired. Accordingly, disclosure of conflicts of interest, espe-
cially in a face-to-face conversation with a client, can create trust that can be abused
by the advisor. Church and Kuang (2009) and Koch and Schmidt (2010) each repeated
the experiment of Cain et al. (2005) and developed it further. For instance, Church and
Kuang (2009, p. 521) found that advisors’ conflicts do not increase with disclosure, but
sanctions by clients may lessen conflicts because conflicted advisors fear the sanctions
after disclosure. Opposingly, Gottschalk (2020, p. 23) came to the result that neither
fines nor disclosure lessens biased advice, but rather increase conflicts. Ismayilov and
Potters (2013, p. 319) discovered that disclosure has no significant impact on advice
giving, i.e. it neither mitigates nor increases conflicts of interest. Chen and Richardson
(2019) came to similar conclusions, additionally observing that disclosure has no impact
on clients’ purchase decision (see Chen and Richardson 2019, p. 179).

These mixed results suggest that it would be better not to focus only on regulatory
enforced disclosure, but more on providing objective information to the clients that help
them evaluate the recommendation (see Cain et al. 2011, p. 851), so that a client can dis-
tinguish between good and bad advice (see Inderst and Ottaviani 2012, p. 511).

Conflicts of interest: digital advice Contrary to the general assumption that RAs operate
in a completely rational manner, not only human advisors but also RAs can be affected by
conflicts of interest. Ji (2017, p. 1578) argued that RAs’ conflicts of interest may be of even
greater concern than human advisors because a RA typically advises significantly more
clients than a human advisor.

Fein (2015) studied contractional information, i.e. user agreements and investment
strategies, of three RAs to investigate to which extent RAs exhibit conflicts of interests.
Her analysis revealed that RAs, like human advisors, are conflicted in their advice. For
example, RAs often keep close relationships with brokers and banks in order to obtain
favorable terms when executing their trades (see Fein 2015, p. 15). RAs also seek to rec-
ommend products that earn them the highest brokerage commission. This allows RAs,
which are generally touted as low-cost, to indirectly increase their profits (see Fein 2015,
p. 18). These findings are in line with Fisch et al. (2019, p. 26) and Bhatia et al. (2020, p.
7), who claim that RAs are often programmed for such a behavior.

Fiduciary duty

In some countries, legal regulations attempt to mitigate the problem of conflicts of inter-
est by making a fiduciary duty mandatory. If advisors are subject to such an obligation,
compliance with the fiduciary duty would be essential for their investment advisory
decision. Financial advisors, acting under fiduciary duty, have to subordinate their own
interests to those of their clients (see Rubin 2015, p. 525), thereby aiming at fulfilling
their duty of care and loyalty (see Fein 2017, p. 2). The advisor’s obligation may go as far
as to refuse an explicit client request if the advisor recognizes that the request is con-
trary to the client’s interests (see Rubin 2015, p. 542f).
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Rubin (2015, p. 521) stated that the fiduciary duty should apply to all who provide
customized advice to clients. An advisor can only meet this obligation if he or she has
undergone appropriate training or a certification process, but this is often not the case,
as there are hardly any legal requirements to do so (see Rubin 2015, p. 538).

Fein (2017) dealt in detail with the question of whether RAs can meet the obligations
of fiduciary duty. She came to the conclusion that RAs cannot fulfill especially the duty
of care (Fein 2017, p. 19). Addressing the criticism of Fein (2017), Lightbourne (2017,
p. 665) instead came to the result that conflicts of interest arise equally for RAs as for
human advisors, so that it is possible to program RAs in a way that they can meet the
fiduciary duty. This is consistent with Duffy and Parrish (2021, p. 29) and Ji (2017, p.
1583).

Linnainmaa et al. (2015, p. 34) showed that conflicts of interest have only a minor
impact on advice giving, which would imply that regulations that try to eliminate con-
flicts of interest would not have great importance.

Biases

Behavioral biases Biases can also influence investment advisory decisions. Behavioral
biases are pervasive in the advisory industry, and not only do investors suffer from those,
but many financial advisors do as well (see e.g. Baker et al. 2017, p. 25). Recommenda-
tions that are based on such biased and flawed judgments can seriously affect the quality
of advice. For this reason, professional advisors must be aware of the various biases that
anyone can fall prey in order to avoid them (see Baker et al. 2017, p. 25).

Baker et al. (2017) discussed a multitude of behavioral biases and their influence on
the decision making of advisors theoretically. Accordingly, some advisors may utilize
simple heuristics e.g. in their assessment of the client’s risk tolerance, which rely often
on stereotypes. In a general setting, advisors ranked risk assessment characteristics so
that time horizon was listed as the most important characteristic, followed by liquid-
ity needs, risk capacity, risk demand, and risk tolerance (see Grable et al. 2020, p. 14).
However, when the advisors were confronted with different real-world scenarios, incon-
sistencies emerged. For example, it appeared that advisors were likely applying a simple
portfolio allocation heuristic such as the “100—age” equity allocation rule, not taking
into account other factors (see Grable et al. 2020, p. 20; Hubble and Grable 2019, p. 88).
Hubble and Grable (2019) furthermore investigated the variation in portfolio allocation
recommendations given by 200 financial advisors for five hypothetical scenarios, finding
that even though the advisors were presented with the same client data, they gave vary-
ing recommendations (see Hubble and Grable 2019, p. 87f).

Another example is that advisors could be anchored by an initial piece of information
that they use as reference point in making their decision, e.g. an initial stock price that
has then changed (see Baker 2017, p. 25).

Besides, advisors’ emotions and feelings affect the perception and thus the assessment
of risks, which could result in biased advice. Among others, Baeckstrom et al. (2021, p.
732) observed a gender bias in financial advisory encounters i.e. advisors view their cli-
ents differently depending on their gender. For example, women are often perceived as
less literate and less experienced in financial matters than male clients. Advisors are also
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more likely to recommend lower-risk portfolios to women, suggesting that advisors are
influenced by certain gender stereotypes. Similarly, Soderberg (2012) identified signifi-
cant differences between female and male advisors in how they evaluated their clients
(see Soderberg 2012, p. 267). For example, she observed that male advisors in her sample
rated their clients’ responses higher than female advisors for almost all variables, which
can be explained by the overconfidence bias that is typically stronger in men (see Soder-
berg 2012, p. 267).

While Soderberg (2012) examined ordinary clients, Baeckstrom et al. (2021) only
considered millionaire clients in their study, resulting that the observed gender bias
decreases as the client’s wealth increases.

Other biases are e.g. the familiarity bias (the advisor prefers familiar options, which
then leads to underdiversification), herding (the advisor discards its own thoughts and
follows the recommendations of other advisors), the confirmation bias (advisors prefer
and choose information that confirms their existing beliefs in their evaluation) and many
more (see Baker et al. 2017).

Misguided beliefs of advisors It is also possible that advisors have misguided beliefs and
make their decisions based on them. The research of van de Venter and Michayluk (2008)
demonstrated that financial advisors become overconfident in their forecasting abilities
with age and experience, which suggests that advisors give their recommendation not
based on a rational analysis of what would be best for their clients but based on the advi-
sor’s own biased judgement (see van de Venter and Michayluk 2008, p. 554). Mullainathan
et al (2012) showed that advisors do not dissuade their clients from investing in expensive
actively managed products, but rather encourage them to do so (see Mullainathan et al.
2012, p. 18).

Hackethal et al. (2012, p. 510) found that advised portfolios show higher account turn-
over and perform worse in regard to the risk-return factor compared to non-advised
portfolios. Moreover, they observed that this effect is more pronounced when advised by
bank advisors than by independent advisors, which could be due to constraints imposed
by the bank on its advisors (see Hackethal et al. 2012, p. 519). Confirming this puz-
zle, Foerster et al. (2017) demonstrated that advisors incorporate the client profile into
their deliberations only to a limited extent and therefore do often not tailor portfolio
recommendations to clients. They explained this behavior by comparing the portfolios
of several thousand Canadian advisors to those of their clients, resulting that advi-
sors incorrectly projected their own risk attitudes onto those of their clients (see Foer-
ster et al. 2017, p. 1480). Results of Baeckstrom et al. (2021, p. 732) indicated similarly,
that not only the client’s portfolio impacts the advice, but especially personal traits of
advisors.

The abovementioned findings are in line with the research results by Linnainmaa et al.
(2021). They compared the trading behaviors and the investment performance of nearly
4000 Canadian advisors and their clients, resulting that the majority of financial advisors
are lacking trading knowledge and are misguided in their beliefs. It furthermore turned
out that both advisors and clients invest almost solely in active managed funds, that they
choose similar return chasing strategies and that their portfolios are underdiversified
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with fairly high turnover and high costs (see Linnainmaa et al. 2021, p. 596f.). They sup-
plementary found strong similarities between purchases of clients and co-clients of the
same advisor (see Linnainmaa et al. 2021, p. 606). Strengthening this, they observed
merely nonessential differences between “advisor-only” and “client-only” purchases,
which suggests that the advisors act to the best of their knowledge and belief (see Lin-
nainmaa et al. 2021, p. 610).

Additionally, they tested whether advisors trade contrary to their beliefs. Therefore,
they regarded 400 post-career advisors, who continued to trade for themselves at their
old firm. Thereby, Linnainmaa et al. (2021, p. 614) determined that even when there is
no strategic benefit, advisors continue to invest in e.g. costly mutual funds, which implys
that they were misguided in their beliefs.

Priolo et al. (2022) addressed a similar issue. Higher risk is generally rewarded with
higher returns. Nevertheless, especially investors perceive this relationship as negative,
mainly due to negative feelings associated with risk (see Priolo et al. 2022, p. 1f). They
examined how financial advisors perceived the relationship between risk and return and
found that the lower the experience and the higher the emotional intelligence of an advi-
sor, the more negatively the relationship was perceived (see Priolo et al. 2022, p. 4). Thus,
they identified that inexperienced advisors relied too much on their personal feelings
when making decisions.

Regardless of whether advisors act under a fiduciary duty or whether conflicts of inter-
est can be ruled out, the quality of advice would still be distorted if advisors have mis-
guided beliefs. Consequently, mandatory professional education may solve the problem
of poor advice (see Baker et al. 2017, p. 29; Bruhn and Asher 2020, p. 3316; Hubble and
Grable 2019, p. 89; Linnainmaa et al. 2021, p. 613; Priolo et al. 2022, p. 5; Rubin 2015, p.
537f; Soderberg 2012, p. 268).

Biases of digital advisors Whereas human advisors are prone to various biases, algo-
rithms have the potential to act rationally so that they are not influenced by emotions or
feelings, if programmed properly (see Jung, et al. 2019, p. 416).

A rational portfolio selection would be consistent with Modern Portfolio Theory
(hereafter “MPT”), dating back to Markowitz (1952), i.e., for a given risk, the expected
return must be maximized and thus as close as possible to the efficient frontier (see, e.g.,
Hayes 2020, p. 572). Such MPT-based algorithms could eliminate emotional and cogni-
tive biases of human advisors (see Hayes 2020, p. 572).

By analyzing the principles of 20 RAs that reflect approximately 90% of the market
in the USA, Hayes (2020, p. 573f) showed that almost all of them follow MPT, which is
consistent with the results of Beketov et al. (2018, p. 366).

Hayes (2020, p. 578) then compared the recommended portfolio constructions to the
efficient frontier line, finding that they have little distance. After comparing robo-advi-
sor performance with that of human advisors, it became clear that the products recom-
mended by human advisors had a greater distance to the efficient frontier line than those
of RAs (see Hayes 2020, p. 580). Such findings imply that RAs can be quite rational,
which could reduce behavioral biases (see Uhl and Rohner 2018, p. 48).
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D’Acunto et al. (2019, p. 2007) furthermore discovered that RA clients were less fre-
quently exhibiting known biases, which may suggest that RAs can eliminate clients’
biases (see D’Acunto et al. 2019, p. 2007). They found additionally that RAs for undiver-
sified investors increase portfolio diversification and thereby reduce volatility, leading to
slightly higher returns. For already diversified investors, however, there were no mean-
ingful improvements (see D’Acunto et al. 2019, p. 2017f).

Contrastingly, Harrison and Samaddar (2020), who compared the performance of a
real RA and a human advisor in different scenarios, observed that the human advisor
outperformed the RA in every scenario considered (see Harrison and Samaddar 2020,
p. 77). Although this result is certainly not generalizable, as the sample size is not rep-
resentative, the result showed a very interesting case. It was noticeable that the RA did
not take into account the individual characteristics of the clients, as it recommended
the same strategy for each client scenario even if the age or the investment amount was
changed. This means that the RA did not adapt its recommendation to an individual cli-
ent (see Harrison and Samaddar 2020, p. 78). Strengthening this, Puhle (2019) analyzed
five German RAs regarding their investment performance and asset allocation, finding
that each considered RA underperformed the MSCI World Index (see Puhle 2019, p.
342f).

Tertilt and Scholz (2018, p. 81f) found that RAs made similar recommendations com-
pared to human advisors. These finding might be caused by the fact that RAs mostly
apply simple methodology to develop advice, and do not yet use all the previously pre-
sented methods of machine learning and artificial intelligence (see Beketov 2018).
Bianchi and Briére (2021, p. 11f) explained three major reasons for this: technological
constraints, regulatory constraints and transparency issues.

Even though RAs have the ability to perform data analysis that no human could ever
do, RAs are still programmed by humans. Depending on the human impact, RAs can
also have some weaknesses. Boreiko and Massarotti (2020) analyzed 53 RAs from Ger-
many and from the USA, regarding different factors that may influence their investment
recommendation. They found differences in the recommendations in the two countries
for similar client profiles. They reasoned that different beliefs may be present in Ger-
many and in USA, which could cause this puzzle (see Boreiko and Massarotti 2020, p. 7).

As RAs mainly use similar methodology for their client assessment and portfolio allo-
cation, the problem of "herding" could arise in digital investment advisory decisions (see
Ringe and Ruof 2021, p. 202).

The described studies imply that not only conventional advisors exhibit biases (see e.g.,
Linnainmaa et al. 2021), but algorithms may also lack clear trading knowledge if they are
programmed by humans who hold misguided beliefs (see D’Acunto et al. 2019, p. 2006).

Discussion

The literature synthesis showed, that there are two main reasons why investment advice
can be flawed or not tailored to the client. On the one hand, advisors may make mistakes
in client profiling, e.g. in collecting or interpreting the data and provide incorrect advice
on this basis. On the other hand, even if a correct client profile has been created, the
advisor may give an inappropriate investment recommendation due to behavioral biases,
misguided beliefs or when he or she is influenced by conflicts of interest.
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Questionnaires designed to elicit the client profile are often insufficient to accurately
assess the client (see e.g. Bhatia 2020, p. 7). Conventional advisors can more accurately
identify clients’ underlying motivations through the use of structured methods in face-
to-face client interviews (see, e.g., Belkora 2015). In contrast to conventional advi-
sors, RAs often have difficulty identifying their clients’ investment motivations and
risk tolerance because they lack emotional intelligence and personal interaction (see
e.g. Jung et al. 2019, 412; Puhle 2019, p. 349). As a result, the advice given by RAs is
often not tailored to the individual client’s needs but more to an average client profile
(see Faloon and Scherer 2017, p. 33f). Some suggestions have been made by literature
on how to make client profiling more effective. Conventional advisors obtain a bet-
ter client assessment when assisted by digital algorithms (see e.g. Kilic et al. 2017).
Algorithms based on artificial intelligence and machine learning have the potential
to determine the clients’ risk tolerance and objectives more accurately (see Alsabah
et al. 2021; Wang and Yu 2021). The use of such sophisticated algorithms in the future
can overcome the weaknesses of questionnaire assessment. Additionally, the literature
addressed various methods to find an optimized portfolio allocation that can be used
by conventional advisors for their investment advisory decisions as well as in purely
digital advice. Proposals were made in which algorithms compare the portfolio alloca-
tions of a large number of similar client profiles (see Zibriczky 2016; Musto et al. 2015;
Leonardi et al. 2016). Other approaches aim at enabling algorithms to learn from his-
torical market developments through machine learning and artificial intelligence and
to react e.g. to future keywords in news announcements (see Geva and Zahavi 2014;
Leow et al. 2021). The literature review revealed that digital advisory services, espe-
cially in the area of investment strategy development, will make a decisive impact in
the future and could revolutionize the advisory industry. Furthermore, it was shown
that not only conventional advisors but also RAs can be affected by conflicts of inter-
est (see e.g. Fein 2015). This is mainly caused by the fact that operators, like banks
or advisory firms, have a great influence on the programming of RAs and that this is
done with a view to profit maximization. For instance, RAs often hold "relationships”
with brokers or recommend products that earn them higher commissions (see Fein
2015, p. 15, Bhatia 2020, p. 7). A number of authors addressed the question whether
conflicts of interest can be mitigated by disclosing them, finding opposing results (see
e.g. Sah 2019; Chen and Richardson 2019). Regulations such as fiduciary duty affect
conventional as well as digital investment advice and must be followed in both vari-
ants. It became apparent that conventional advisors can suffer not only from behavio-
ral biases (see e.g. Baker et al. 2017), but also from misguided beliefs (see Linnainmaa
et al. 2021). This has far-reaching consequences, as even an imposed fiduciary duty
cannot prevent advisors from giving poor advice against their best beliefs. Some stud-
ies found that existing RAs are also affected by biases (see e.g. Boreiko and Massarotti
2020, p. 7; Ringe and Ruof 2021, p. 202).

Overall, the systematic literature review demonstrated that the determinants of invest-
ment advice are the same for conventional and digital advice, only the way advisors
approach them differs.
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Limitations and future search

Through the applied systematic literature search the selection bias could be reduced to
a minimum. However, as in every literature review, it cannot be completely ensured that
each relevant publication could be found. A search in other databases or an extension of
the inclusion criteria could have led to more identified publications. However, the aim of
this systematic literature review was mainly to identify the determinants that are crucial
for investment advisory decisions and to discuss them. More detailed insights could be
gained by subjecting each determinant to its own systematic literature review. In any
case, with 97 publications considered, it was possible to provide a solid overview of the
literature regarding the determinants of investment advisory decisions.

My literature analysis revealed that no study was conducted with only certified finan-
cial advisors. Such studies could result in different outcomes and could thereby provide
suggestions for regulators. Although regulatory determinants were not the focus of this
work, it became apparent that legal regulations adapted to digital investment advice do
not yet fully exist. Furthermore, there are almost no studies comparing the performance
of RAs with conventional advisors. Once future generations of RAs give investment
advice decisions based on ML and Al, it will be important to investigate whether this
will lead to more personalized investment advice and better performance. Research will
still have a lot to contribute in these fields.

Conclusion

This systematic literature review was conducted to identify the determinants of con-
ventional and digital investment advisory decisions. Therefore, 97 relevant publica-
tions were included in this thesis. Five main determinants of advisory decisions were
identified and analyzed in detail. These were found to be the same for conventional
and digital advice, with only the way advisors approach them differing. It became sali-
ent that conflicts of interest are omnipresent in the advisory business and can hardly
be eliminated completely no matter of the advisory model. It was shown that conven-
tional advisors in particular suffer from misguided beliefs, which means that even if
advisors are subject to a fiduciary duty or are required to disclose their conflicts of
interest, they can still give poor advice if they suffer from biases. RAs, which are often
touted as operating completely rational and being free of emotions, can also be influ-
enced by conflicts of interest and can suffer from biases like traditional advisors as
they are still programmed by humans. RAs are often associated with topics such as
artificial intelligence or machine learning, although contrary to expectations, RAs are
based only on simple algorithms at this stage. There are two ways to improve invest-
ment advice in the future. One is to make professional training mandatory for conven-
tional advisors, the other is to address the identified and current deficiencies in digital
investment advice through the use of machine learning and artificial intelligence. IT
experts should collaborate with highly skilled financial experts in programming RAs.
It remains to be seen which of the two options will be realized faster and will be more
successful in the future.
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Appendix 1: Literature search report
Friday, 18. March 2022—11:00 am CET
Opened database IEEE Xplore (https://ieeexplore.ieee.org/)

Activated “Advanced Search’, switched to “Command Search”; IEEE allows only 7 wild-
cards (*), thus, little adaptations were necessary;

Search nuance 1: Robo-advisors’ decision: (“Digital advi*” OR “Robo* advi*”) AND
(“decision*” OR “recommendation”) AND (“investment*” OR “Financ*”) = > Records: 9;
Screening regarding titles and abstracts: 1 excluded (content); 8 remaining.

Search nuance 2: Conventional advisors’ decision: (“Financ* advi*” OR “Financ* advice”
OR “Conventional advi*” OR “human advi*” OR “In* Person advi*”) AND (“recommen-
dation” OR “decision*”) AND (“investment*” OR “Financ*”)= >Records: 8; Screening
regarding titles and abstracts: 4 excluded (content); 4 remaining.

Search nuance 3: Comparison: (“robo* advi*” OR “human advi*” OR “conven-
tional advi*” OR “person advi*”) AND (“compar*” OR “similarit*” OR “differ-
ence*”) = >Records:4; Screening regarding titles and abstracts: 2 excluded (content); 2
remaining.

Opened database Scopus (https://www.scopus.com/)

Activated “Advanced Search’, switched to “Enter query string”;

Search nuance 1: Robo-advisors’ decision: (“Digital advi*” OR “Robo* advi*”) AND
(“decision*” OR “recommendation”) AND (“investment*” OR “Financ*”).

=> Records: 437; 4 excluded (language); 383 excluded (content); 50 remaining.

Saturday, 19. March 2022—10:00 am CET & Sunday, 20. March 2022—10:00 am
Opened database Scopus (https://www.scopus.com/)

Activated “Advanced Search’, switched to “Enter query string”;

Search nuance 2: Conventional advisors’ decision: (“Financ* advi*” OR “Financ*
advice” OR “Conventional advi*” OR “human advi*” OR “In* Person advi*”’) AND (“rec-
ommendation” OR “decision*”) AND (“investment*” OR “Financ*”) = >Records: 2936;

31 excluded (language); 2811 excluded (content); 94 remaining.

Sunday, 20. March 2022—13:00 am CET
Opened database Scopus (https://www.scopus.com/)

Activated “Advanced Search’, switched to “Enter query string”;

Search nuance 3: Comparison: (“Digital advi*” OR “robo* advi*” OR “human advi*” OR
“conventional advi*” OR “In* person advi*”) AND (“compar*” OR “similarit*” OR “differ-
ence*”) AND (“investment*” OR “Financ*”) = > Records: 406; 5 excluded (language); 380
excluded (content); 21 remaining.

Monday, 21. March 2022—09:00 am CET
Opened SSRN (https://www.ssrn.com)
Activated “Advanced Search”; Searched in Title, Abstract, Keywords & Full Text.
Search nuance 1: Robo-advisors’ decision: (“Digital advi*” OR “Robo* advi*”) AND
(“decision*” OR “recommendation”) AND (“investment*” OR “Financ*”)

= >Records: 0; 0 excluded (content); 0 remaining.
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Search nuance 2: Conventional advisors’ decision: (“Financ* advi*” OR "Financ* advice”
OR “Conventional advi*” OR “human advi*” OR “In* Person advi*”) AND (“recommen-
dation” OR “decision*”) AND (“investment*” OR “Financ*”) = > Records: 0; 0 excluded
(language); 0 excluded (content); 0 remaining.

Search nuance 3: Comparison: (“Digital advi*” OR “robo* advi*” OR “human advi*” OR
“conventional advi*” OR “In* person advi*”) AND (“compar*” OR “similarit*” OR “dif-
ference*”) AND (“investment®” OR “Financ*”) = > Records: 0; 0 excluded (language); 0
excluded (content); 0 remaining.

Search nuance: Uncategorized search: “Robo-advice” Records: 254; 3 excluded (lan-
guage); 238 excluded (content); 13 remaining.

Search nuance: Uncategorized search: “Digital advice” Records: 40; 1 excluded (lan-
guage); 36 excluded (content); 3 remaining.

Search nuance: Uncategorized search: “Financial advi*” Records: 44; 0 excluded (lan-
guage); 40 excluded (content); 4 remaining.

Appendix 2: Overview of the Results of the Literature Search

Databases and other sources

SSRN Forward

search

Backword
search

Scopus IEEE Xplore

ID Nuance Search Hits Relevant Hits Relevant Hits Relevant Hits Relevant Hits Relevant

string

1 Robo-  (‘Digital 437 27 9 4 0 0 0 0 0 0
advisor’ advi*"OR
decision "Robo*

advi*”)

AND

("deci-

sion*”OR
“recom-
menda-
tion”) AND
(“invest-
ment* OR
“Financ*”)

2 Conven- (“Financ* 2936 54 8 2 0 0 0 0 0 0
tional advi*"OR
advisors” “Financ*
decision advice”OR

“Conven-
tional
advi*"OR
“human
advi*"OR
“In* Person
advi*”)
AND (“rec-
ommen-
dation” OR
"deci-
sion*”)
AND
(“invest-
ment* OR
“Financ*")

Page 27 of 32



Wagner Financial Innovation (2024) 10:18

Databases and other sources

Scopus IEEE Xplore SSRN Backword Forward
search search

ID Nuance Search Hits Relevant Hits Relevant Hits Relevant Hits Relevant Hits Relevant
string

3 Compari- ("Digital 406 9 4 1 0 0 0 0 0 0

son advi*" OR
“robo*
advi*"OR
“human
advi*"OR
‘conven-
tional
advi*"OR
“In* per-
son advi*")
AND
(‘compar*”
OR “differ-
ence*”)
AND
(“invest-
ment* OR
“Financ*")

4 Uncat- Keyword 0 0 0 0 338 10 0 0 0 0
egorized search
search

5 Uncat- Forward 0 0 0 0 0 0 21 19 4 2
egorized and
search  backword
search

Sum per 3779 90 21 7 338 10 21 19 4 2
database

Total With duplicates 107 + Forward search 2 Total: 97
numberOfV\/ithoutdupH— 76 Backward search 19

relevant cates

literature

selected

from 4163

scanned

docu-

ments

Notes to Appendix
Appendix 1 provides information on the hits achieved:
Sum Hits Scopus: 437 42936 + 406 =3779 | of which 27 + 54 +9 =90 were relevant
Sum Hits [EEE Xplore: 9+ 8+4=21 | of which 4+ 2+ 1=7 were relevant
Sum Hits SSRN: 0+ 338 =338 | of which 10 were relevant
Hits from other sources (backward and forward search) could be obtained through
full-text analysis
Backward search: 21 | of which 19 were relevant
Forward search 4 | of which 2 were relevant
= >3779+ 214338+ 21+4=4163 publications were scanned;
= > Relevant database publications: 90+ 7 4+ 10=107 (including duplicates)
= > After cleaning duplicates 76 relevant database publications remained
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Consequently, 97 (=76 +2+19) publications were included in this systematic litera-
ture review.

Further insights into the systematic literature evaluation and assessment can be found
in the Excel spreadsheet attached to the thesis.

Abbreviations

Al Artificial intelligence

CFA Chartered financial analyst

CFP Certified financial planner

Etal Et alia/and others

Eg. Exempli gratia/for example

T Information technology

le. Id est/that is

MiFID Markets in financial instruments directive
ML Machine learning

MPT Modern Portfolio theory
PRISMA  Preferred reporting items for systematic reviews and meta-analyses

RA Robo-advisor
USA United States of America
XAl Explainable artificial intelligence
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