
Implications of AI-based
robo-advisory for private

banking investment advisory
Christian Dietzmann

Information Systems Institute, Leipzig University, Leipzig, Germany and
Business Engineering Institute St. Gallen AG, St. Gallen, Switzerland

Timon Jaeggi
University of St. Gallen, St. Gallen, Switzerland, and

Rainer Alt
Information Systems Institute, Leipzig University, Leipzig, Germany

Abstract

Purpose – AI-based robo-advisory (RA) represents a FinTech application that is already replacing retail
investment advisors. In private banking (PB), clients also increasingly expect service provision across different
digital channels, but with a higher degree of personalization. Hence, the present study investigates the impact
of intelligent RA on the PB investment advisory process to derive both process (re)design knowledge and
strategic guidance for artificial intelligence (AI) usage for PB investment advisory.
Design/methodology/approach – The present study applies an AI process impact analysis approach by
decomposing AI-based RA into three AI application types: conversational agent, customer segmentation and
predictive analytics. The analysis results along a reference PB investment advisory process reveal sub-process
transformations which are applied for process redesign integrating AI.
Findings – The study results imply that AI systems (1) enable seamless client journeys, (2) increase advisor
flexibility, (3) support the client–advisor relationship by applying an omnichannel approach and (4) demand
advisor skills to be augmented with technical and statistical knowledge.
Originality/value – The research study contributes (1) an AI process impact analysis approach, (2) derives
process (re)design knowledge for AI deployment and (3) develops strategic guidance for AI usage in PB
investment advisory.
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Introduction
Robo-advisory (RA) is a widely recognized trend in the financial industry and the FinTech
sector. The term “FinTech” represents the abbreviation of “financial technology” and
describes both innovative IT-based financial solutions as well as companies offering such
solutions (Jung, Dorner, Glaser, & Morana, 2018a). RA is considered as a business model
archetype that represents a decision support system from a technological perspective and a
personal assistant from a product offering perspective (Eickhoff, Muntermann, &
Weinrich, 2017). With RA offering low fees and minimum deposit requirements, private
banking (PB) client advisors are facing increased competition (von Martens & Schildbach,
2019). Besides, the number of global RA users is expected to be half a billion by 2025
accompanied by changes in client behavior and expectations (Statista, 2021a). Artificial
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intelligence (AI) may not only boost RA adoption as well as their assets under management,
but AI-based RA application types could also decrease transaction costs and support
investment advisors to understand client needs (Renaux, Rudnicki, Beniere, & Lorain, 2019;
Brodski, 2019). Wealth managers and private banks need to develop concepts integrating
AI-based solutions within their value chain since especially young, technology-savvy
clients expect digital services as well as personalized offerings and advisor contact (Kothari
& Berry, 2021; Sachse, Puschmann, & Alt, 2012). According to a study by Accenture (2018),
63% of the high-net-worth individuals (HNWIs) are highly interested in individual journeys
across digital channels and more than half of HNWIs would leave their private bank if no
integrated and seamless channels are available. Since the technological possibilities driven
by AI indicate the PB client advisor no longer to be the main client contact and PB
profitability is decreasing, private banks need to redesign investment advisory
implementing AI-based solutions such as intelligent RA and find a balance between
machine- and human-centered client interaction (Moulliet, Majonek, Stolzenbach, & V€olker,
2016a). While retail banks already started integrating intelligent systems, private banks
lag the development and are still evaluating or testing the integration of AI applications in
the investment advisory process (Forbes Insights, 2019). The academic literature is mainly
concerned with the design of AI-based RA (e.g. Jung et al., 2018a) and behavioral
investigations (e.g. Wang, 2020) with a research gap regarding the processual redesign and
business impact of AI-based RA application types, especially on PB investment advisory.
The process coverage by AI-based systems as well as the application potentials
resulting from media discontinuities in the process have hardly been considered so far
(Dietzmann, Heines, & Alt, 2020). Hence, the present research paper examines two research
questions (RQs):

RQ1. What is the processual impact of AI-based RA on PB investment advisory?

RQ2. What are the implications for AI-based PB investment advisory?

The RQs are addressed by deploying process-related and AI-based RA characteristics on the
PB investment advisory process developed by Nueesch, Zerndt, Alt, and Ferretti (2016). The
two main goals of the study are to derive knowledge about (1) the process influence of
AI-based characteristics and (2) process redesign integrating AI. The remainder of the paper
is as follows: The next section lays the foundations of AI-based RA, the AI application types
and existing research. Section 3 presents the methodology and characterizes the PB
investment advisory process; section 4 contains the iterative development of the process
redesign and the evaluation. Section 5 discusses the implications, limitations and further
research opportunities. Section 6 concludes the paper.

Existing research on robo-advisory
Emergence of AI-based robo-advisory
The origins of the RA business model date back to the year 2008, when US FinTech
companies Wealthfront and Betterment were founded (Fisch, Labour�e, & Turner, 2019)
and developed innovative solutions for advisory processes, which were not yet associated
with automation and the term “robo” for “robot” (Alt & Puschmann, 2012). With the robo-
advisors “vaamo”, “moneyfarm” and “quirion”, similar businesses gained popularity in
Germany since 2014, being the second largest European FinTech market with 25 robo-
advisors following the UK (Alt, Beck, & Smits, 2018; vonMartens & Schildbach, 2019). The
emergence of robo-supported business models was fueled by both a loss of confidence in
actively managed funds following the financial crisis in 2008 and new technical
possibilities (Poterba & Shoven, 2002). In contrast to traditional banks, RA providers offer
capital market access to formerly unbanked customers via excange traded funds (ETF)
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investments starting from one Euro as minimum investment or monthly savings rate
(Hoelscher & Nelde, 2018). The business models focus on the young and technology-savvy
generation with low, but potentially growing incomes, which in 2016 was only considered
serious competition by six to seven percent of 134 German asset managers participating in
a study (Sironi, 2016; Webersinke, 2017). This impression changed with RA assets under
management in Germany having more than tenfold from EUR 756m in 2017 to EUR
8.068bn in 2020 and are expected to reach EUR 30.515bn in 2025 (Statista, 2021b). The
estimates are also driven by the cooperation with banks and asset managers implementing
RA solutions. Besides the “white label solution” strategy, RA providers have developed
the “platform solution” and the “software-as-a-service” (SaaS) strategy. The “white label
solution” is considered the most uncomplicated variant since the RA simply offers its
complete service under the name of the contracting partner. The banks’ risk of this
strategy is a possible migration of customers to RA, the advantages are low
implementation and maintenance costs. In the two other cooperation forms, RAs act as
pure IT service providers implementing the bank’s products and processes digitally. Thus,
the bank’s investment advisor remains with these two solutions for queries based on
product knowledge. The two latter strategies differ by the aspect that in the platform
solution, the RA can be assigned the tasks of processing and custody account
management, whereas in the SaaS solution all nontechnical tasks remain with the bank
(Schabicki, Quint, & Schroeder, 2020). Investment advisory digitization triggers
transformation along two dimensions. The first one is the physical dimension, i.e. the
face-to-face customer–bank communication getting replaced by digital devices such as
smartphones and tablets (Cocca, 2016; Nueesch et al., 2016). In the second dimension, novel
technologies transform and automate advisory content creation, thereby shifting the focus
from human- to algorithm-based investment advice. The first digital continuation of the
traditional “human advisory” archetype represents a converging online and offline
channel combination (N€uesch, Alt, & Puschmann, 2015). Although human advisory still
dominates customer relationships in this archetype, clients may change between digital
channels like e-mails, video telephony or chats. From an evolutionary viewpoint, RA
archetype contains four generations with the first representing a simple tool displaying
investment options based on an online questionnaire. The second generation comprises
investment platforms enabling customers to invest in ready-made investment funds.
Asset managers execute the purchase orders, prepare the asset allocations andmonitor the
entire process. The third evolutionary stage is characterized by rule-based
algorithms automatically proposing investments and executing portfolio adjustments.
RA 4.0 includes self-learning algorithms being capable of investing and portfolio
rebalancing driven by advances in AI (Moulliet et al., 2016a; Perrin & Roncalli, 2020).
Intelligent conversational agents (CA) guide users through business processes while other
AI components like predictive Analytics (PA) or intelligent customer segmentation (CS)
have an impact on the quality and depth of advisory content (Law & Chung, 2020;
Beck, 2020).

AI-based robo-advisory application types
AI-based RA can be decomposed into AI application types that have significantly driven its
evolution. An application type refers to a software cluster solving similar problems within a
specific task environment such as recognizing speech, playing chess or driving cars
(Russell & Norvig, 2016; Boobier, 2020). An advanced RA is composed of many such
application types to address the high decision-making complexity in investment advisory.
Based on the three types of AI presented by Davenport and Ronanki (2018), the following
AI-based RA application types could be identified: intelligent CA (Day, Lin, & Chen, 2018;
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Hildebrand & Bergner, 2021), intelligent CS (Tertilt & Scholz, 2018; Xue, Zhu, Liu, & Yin,
2018) and PA (Day & Lin, 2019; Gu, Hsieh, Wu, Chang, & Ho, 2019). The characteristics of
each are the following.

Intelligent CA: The connection of AI and intelligent conversational systems processing
natural language enables automated interactions between banks and clients via text-based
chatbots and audio-based voice assistants (Day et al., 2018; Liao,Ma, He, Hong, &Chua, 2018).
This form of communication is primarily used for customer inquiries relieving the cost-
intensive front office (Crosman, 2018). According to the Financial Stability Board (Schindler
et al., 2017) the range of tasks performed by chatbots and voice assistants in the financial
industry is still modest and limited to routine and simple activities. However, due to recent
technological advances in machine learning, a generation of intelligent CAs is evolving (Li
et al., 2019; Yan, 2018). A significant advantage over other interaction channels arises
primarily from the high degree of mobility. A CA can typically be implemented across
multiple devices and applications so that the customer can interact with the bank regardless
of time and place. For example, the financial services provider Wells Fargo uses Facebook’s
Messenger service to automatically answer simple customer queries (Burnett, 2017).

Intelligent CS: Banks are increasingly replacing rigid and generalized segmentation
approaches with individual profiling addressing the immense complexity and multi-
layered nature of customer needs as proposed byKhadivizand et al. (2020).With the help of
AI-based CS, RAs automatically divide the market and its clientele into meaningful (micro)
segments by assessing risk preferences or even analyzing their behavior such as answer
switching while filling out a digital questionnaire (Tertilt & Scholz, 2018; Tsiptsis and
Chorianopoulos, 2011; McDonald, 2019). Through this process, buyer groups may be
identified to determine their specific characteristics and to predict the individual risk
(Beck, 2020). Kilic, Dolata, and Schwabe (2017) find that client profiling should not
necessarily be carried out purely digitally, but that joint profiling is much more accepted
by clients. If the intelligent system correctly identifies the customer segment based on the
joint profiling, risk-accurate investment solutions can be offered, underlining that
intelligent financial innovations are advantageous for both customers and bank risk-
taking (Dietzmann & Alt, 2019).

Predictive analytics: PA is an AI application type that helps identifying patterns from a
vast amount of data to make predictions about business-relevant content (Joshi, Lavanchy, &
Stehli, 2018). In doing so, algorithms can identify parametric and nonparametric relationships
that are mostly imperceptible to humans (LeCun, Bengio, & Hinton, 2015). In many cases, the
datasets available to organizations are too large for human experts and therefore, AI-based
data processing is effectively supporting the generation of market or stock price predictions
(Day et al., 2018; Althelaya, El-Alfy, & Mohammed, 2018). The underlying algorithms often
process input data such as macroeconomic data and company-related financial information
(Wang, Liu, Yang, & Huang, 2019), social network relationship data (Xue et al., 2018) or
Twitter sentiment (Oliveira, Cortez, & Areal, 2017). A benefit of PA is the absence of
subjective influences, mitigated by the high degree of diversified information and AI model
selection, e.g. in sentiment-based predictions.

Robo-advisory in information systems research
RA has already received some attention in the information systems (IS) literature. Jung et al.
(2018a) observe “interface design” and “behavior” as the two main research streams
addressed by RA research. Most scholars focus on interface design in connection with (1)
transparency and trust (Jung et al., 2018a; Kilic et al., 2015, 2017; Mesbah, Tauchert, Olt, &
Buxmann, 2019; R€uhr, 2020), (2) design approaches such as anthropomorphism (Morana,
Gnewuch, Jung, & Granig, 2020; Adam, Toutaoui, Pfeuffer, & Hinz, 2019), nudging (Jung &
Weinhardt, 2018) as well as user control (R€uhr, Berger, & Hess, 2019) and (3) the change from
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display-to voice-based RA (Ostern, Sch€oler, & Moormann, 2020). The “behavior” research
stream developed further by evaluating RA adoption, in which scholars investigate adoption
determinants and barriers (Wang, 2020; Bruckes, Westmattelmann, Oldeweme, & Schewe,
2019), trust-influencing factors (Guo, Cheng, & Zhang, 2019), users’ utilization of robo-advice
(Tauchert &Mesbah, 2019), RA user characteristics (Woodyard&Grable, 2018; Fulk, Grable,
Watkins, & Kruger, 2018) and user attitudes encouraging and discouraging RA adoption
(Belanche, Casal�o, & Flavi�an, 2019). In addition, a third stream contains IS literature focusing
on the business process impact and process redesign of and by RA as well as its effect on
human-based financial advisory. The results of a qualitative case study by Coombs and
Redman (2018) imply to augment the human advisor with RA since financial investment is an
emotional process and the RA’s ability to show empathy are limited (Jung, Glaser, & K€opplin,
2019). The RA’s lack of emotionality is even considered to improve financial decision-making
– and thus achieve the performance of professional investors, who regularly outperform retail
investors (Kinniry & DiJoseph, 2014). Nevertheless, RA may be vulnerable to conflicts of
interest because of their affiliation with brokers, clearing firms, etc., which in turnmay lead to
higher prices (Fein, 2015). It has also been observed that RAs feature difficulties in the
evaluation of client risk tolerance and provision of highly personalized services, which is
important in PB (Jung et al., 2019). Nueesch, Puschmann, and Alt (2014) address the aspect of
human augmentation with tablet-based applications in the PB investment advisory process.
The findings imply a redesign of the advisory process and provide first indications on the
impact AI-based RA application types may have when augmenting a human financial
advisor. In a further study on tablet-based financial advisory, Nueesch et al. (2016) proposed
tablet-supported PB investment advisory process variants.

Conceptualization
Methodology
The research gap is addressed through the application of design science research (DSR)
according to Hevner, March, Park, and Ram (2004). DSR was applied since the present study
develops practically utilizable results, which is one of DSR’s main goals (Winter, 2008).
Furthermore, the research approach follows the design cycles proposed by Peffers,
Tuunanen, Rothenberger, and Chatterjee (2007) to ensure rigor and relevance. First, the
problem is identified through a literature review and the study objectives are defined
(Webster & Watson, 2002). The design and development phase contains the process
characterization, derivation of process-relevant RA characteristics and an impact analysis of
the AI-based RA application types CA, CS and PA on the PB investment advisory process.
The demonstration is presented by the re-designed investment advisory process, including
an integration of the three AI-based application types. The AI potentials for process redesign
were discussed in 10 semi-structured PB expert interviews and the evaluation was conducted
in four separate semi-structured interviewswith both PB and technology experts. Finally, the
design knowledge is presented by three implications for future AI-based PB investment
advisory (Figure 1).

Characterization of the private banking investment advisory process
The traditional investment advisory process is an integral part of a private bank’s overall
sales process, which encompasses the client–bank interface. To create an adequate
understanding of the tasks connected with investment advisory, this paper applies a PB
advisory process, which was proposed by Nueesch et al. (2016) and employed in an impact
analysis of tablets onto bank advisory. The process represents the traditional end-to-end
investment advisory process, which is carried out by a human advisor being separated
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into six process steps: (1) initiation, (2) profiling, (3) concept, (4) offer, (5) implementation
and (6) maintenance. The process steps are divided into 26 sub-processes, which are the
object of investigation for the impact analysis of the RA-related AI application types
(Figure 2).

Process-relevant robo-advisory characteristics
A structured literature review following Webster and Watson (2002) was conducted to
identify process-relevant RA characteristics for the subsequent iterative process redesign.
The search string (“robo advice” OR “robo advisor” OR “robo advisory”) was applied to title,
abstract and keywords for the databases AISeL, IEEE Xplore, ACM DL and Springer Link
database including a backward-forward search. The literature search resulted in a total set of
617 documents, which were analyzed for relevance to the RQs. More precisely, the existing
body of knowledge was screened for articles containing RA characteristics, which are
relevant in the context of the investment advisory process. Inappropriate research papers and
duplicates were excluded during this process. Another full-text screening resulted in 19
articles that were reviewed in detail by two of the authors. The authors extracted seven RA
characteristics, which are considered to manifest the impact of RAwithin a process (Table 1):
Accessibility, automation, availability, efficiency, standardization, transparency and usability
are considered to manifest the impact of RA within a process. During the impact analysis of
the subsequent iterative process redesign of the present study, the seven process-relevant RA
characteristics are applied on each of the investment advisory sub-processes through the
three AI application types. The RA characteristics and corresponding scientific literature are
shown in Table 1.

Quantifying the fit of the three AI application types in processes, the indicative
correlations from Figure 3 are applied during the impact analysis. The correlation scale
indicates the extent to which the respective AI application type has the potential to
introduce the respective RA characteristic into a process and consequently improve it.
The assignment of AI applications and RA characteristics was derived during the expert
interviews. The interfaces of both axes show either a very high, high, moderate, low, very
low or no correlation. The higher the sum of correlations per application type, the greater
the effects on the respective sub-processes to be analyzed in chapter 4.1. Therefore, it
is expected that the intelligent CA has the highest impact on the process, also because
of its high relevance for client interaction, while the impact of CS and PA is expected to
have less direct and more indirect impact on the process through the intelligent CA
application.

Figure 1.
Research design cycles
and iterative results
based on Peffers
et al. (2007)
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Figure 2.
The private banking
investment advisory

process based on
Nueesch et al. (2016)

AI-based
robo-advisory

9



Robo-advisory
characteristic Explanation References

Accessibility A characteristic feature of robo-advisors is the
ease of access to the service. In principle, this
also enables customers with low assets to use
the service of an asset management company

Becchi et al. (2018), Jung et al. (2018a), Kaya
et al. (2017), O’Keefe et al. (2016), Ruf et al.
(2015)

Automation Automated activities by the robo-advisor
allow the overall advisory process but also
particular sub-processes to be executed
without human intervention

Becchi et al. (2018), D’Acunto et al. (2019), Fein
(2015), Fisch et al. (2019), Gold and Kursh
(2017), Jung et al. (2018a), Kaya et al. (2017),
Moulliet et al. (2016a), Moulliet, Stolzenbach,
Bein, andWagner (2016b), R€uhr (2020), Sironi
(2016)

Availability The advisory process can be accessed at any
time and from any location, provided the user
has an internet-enabled device and the robo-
advisor is not affected by server problems

Becchi et al. (2018), Fisch et al. (2019), Jung
et al. (2018a), Moulliet et al. (2016a),
Panebianco and Folcia (2016), Singh and
Kaur (2017)

Efficiency The robo-advisor executes the individual sub-
processes or activities within the advisory
process in less time and at lower costs
compared to the bank advisor

D’Acunto et al. (2019), Fisch et al. (2019), Gold
and Kursh (2017), Jung, Dorner, Weinhardt,
and Pusmaz (2018b), Kaya et al. (2017),
Moulliet et al. (2016a), Panebianco and Folcia
(2016), Singh and Kaur (2017), Sironi (2016),
Tauchert and Mesbah (2019)

Standardization Some process steps are unchangeable and
standardized in their sequence and the
activities they contain. For this reason, every
customer can always be guaranteed
consistent quality and exclusion of human
advisory errors

Fisch et al. (2019), Jung et al. (2018a), Kaya
et al. (2017), Singh and Kaur (2017)

Transparency Transparent robo-advisors allow each step
within the end-to-end process to be rationally
and logically justified creating trust toward
the user

Climescu et al. (2021), D’Acunto et al. (2019),
Gold and Kursh (2017), Jung et al. (2018a, b),
Kaya et al. (2017), Moulliet et al. (2016a),
O’Keefe et al. (2016), Panebianco and Folcia
(2016), Ruf et al. (2015), R€uhr (2020), Singh
and Kaur (2017), Tauchert andMesbah (2019)

Usability Content is presented in a modern way and
customers are actively involved in the process,
in which, e.g. they must make investment
decisions in a playful way based on sample
situations and are thus involved in
determining their risk attitude

Becchi et al. (2018), D’Acunto et al. (2019),
Fisch et al. (2019), Jung et al. (2018b), Kaya
et al. (2017), O’Keefe et al. (2016), Panebianco
and Folcia (2016), Ruf et al. (2015), Singh and
Kaur (2017), Sironi (2016)

Table 1.
Process-relevant RA
characteristics

Figure 3.
Indicative correlation
of AI application
process optimization
potentials
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Iterative impact analysis
Impact on sub-processes
The impact analysis is conducted by applying the three AI-based RA application types CA, CS
and PAwith their individual causative characteristics onto the PB investment advisory process.
The analysis of each process step results in a transformation, which is expressed by either a

(1) merger (due toAI application functionalities addressing process steps at the same time)

(2) elimination (process steps that, due to AI application functionalities, become so
inherent to other process steps that they become “invisible”)

(3) shifting (execution of the process step elsewhere in the process)

(4) or acceleration (faster execution of the process stepdue toAI application functionalities)

of sub-processes providing indications for process redesign which are based on the condition
statements of Netjes et al. (2007). Subsequently, each AI-based application type and
corresponding transformations are applied for process re-design. The concrete influences on
the end-to-end process are presented in amatrix (Table 2). Thematrix representation offers the
benefit of linking the induced transformations of the sub-processes with the causative process
characteristics and the underlying AI application types. The numbers in the matrix represent
the sub-processes in chronological order. For better readability, sub-processes that merge are
indicatedwith the same letter. The process transformations induced by the threeAI application
types cause 10 mergers, six eliminations, three shifts and nine accelerations of and within the
investment advisory sub-processes. Most process mergers occur in the initiation, profiling,
concept and offer phases, which are characterized by intense client-advisor interaction.

Transformative process change analysis
Sub-processes like (1) initial customer contact, (3) clarification with compliance and (4) analysis
of last customer contactmay be integrated since client conversations and segmentations can be
analyzed in-time and updated based on the customer profile saved. Also, the sub-processes (2)
identification of customer needs and (8) goal formulationmerge since both can be derived with
an intelligent CA. Sub-processes (9) determination of restrictions and (11) creation of risk profile
are integrated applying a CA combined with PA for risk analysis. Finally, sub-processes (13),
(14), (16)merge because the investment simulation and proposal generation are conducted by
applying PA. While sub-process eliminations and shifts are observed through the whole
process, accelerations take mostly place in the second part of the process where highly
standardized and administrative tasks such as (20) settlement of contract and (24) customer
reporting are located, which profit from digital interactions, digital data storage and the
transmission of information and insights between the three AI-based application types.

The changes are mostly initiated by CA (18) and CS (14), while PA only causes eight
process transformations. An analysis of frequency distributions of process-relevant RA
characteristics and induced transformation per AI application type reveal further insights
into the impact of RA onto the investment advisory process (Figure 4). First, most sub-
process mergers are based on the intelligent CA and CS. This is because such systems are
frontend systems affecting the activities and its sequences between the bank advisor and the
clients. Second, eliminations are relatively evenly distributed with CS in the lead. This makes
sense because customer needs are matched with the risk profile by the CS application type
which used to be extensive work for the advisor. On that basis, the application seamlessly
identifies cross- and up-selling potential, creates an investment profile, and prepares a
solution. Process accelerations are mostly driven by the CA since it enables fast
communication between clients and the bank. The majority of investment advisory
process changes are caused by efficiency (15), automation (9) and (8) standardization that CA

AI-based
robo-advisory

11



P
ro
ce
ss

st
ep

S
u
b
p
ro
ce
ss
es
/

ac
ti
v
it
ie
s

In
d
u
ce
d
tr
an
sf
or
m
at
io
n

A
d
d
re
ss
ed

p
ro
ce
ss
-r
el
ev
an
t
ro
b
o-
ad
v
is
or
y
ch
ar
ac
te
ri
st
ic
s

A
I
ap
p
li
ca
ti
on

ty
p
e

M
er
g
er

E
li
m
in
at
io
n

S
h
if
t
A
cc
el
er
at
io
n

A
cc
es
si
b
il
it
y

A
u
to
m
at
io
n

A
v
ai
la
b
il
it
y

E
ff
ic
ie
n
cy

S
ta
n
d
ar
d
iz
at
io
n

T
ra
n
sp
ar
en
cy

U
sa
b
il
it
y

C
on
v
er
sa
ti
on
al

ag
en
t

C
u
st
om

er
se
g
m
en
ta
ti
on

P
re
d
ic
ti
v
e

an
al
y
ti
cs

In
it
ia
ti
on

1
a

x
x

x
x

x
x

x
2

b
x

x
3

a
x

x
x

x
4

a
x

x
x

C
M
1

x
x

x
x

x
x

P
ro
fi
li
n
g

5
x

x
x

x
6

x
x

x
7

x
x

x
x

x
x

8
b

x
x

x
x

9
c

x
x

x
x

10
x

C
on
ce
p
t

11
c

x
x

x
x

12
x

x
x

13
d

x
x

x
x

x
14

d
x

x
x

15
x

x
x

C
M
2

x
x

x
x

O
ff
er

16
d

x
x

x
x

17
x

x
x

x
x

C
M
n

x
x

x
x

18
x

x
x

x
19

x
x

x
x

x
20

x
x

x
21

x
x

x
x

x
x

Im
p
le
m
en

ta
ti
on

22
x

x
x

x
x

23 24
x

x
x

x
x

x
x

M
ai
n
te
n
an
ce

25
x

x
x

x
x

x
x

x
26

x
x

x
x

x
x

T
ot
a
l

1
0

6
3

9
3

1
4

5
1
9

1
4

1
1
0

1
8

1
3

8

Table 2.
Summary matrix of
induced
transformations on the
sub-process level

JEBDE
2,1

12



offers. Besides of that, the standardization (10) and efficiency (8) of the intelligent CS account
mostly for sub-process mergers and eliminations, while PA brings efficiency (6),
standardization (4) and usability (4) into the process. In addition, usability is generated by
all three AI application types for both clients and advisors. In contrast to the beforementioned
RA characteristics, accessibility (2), availability (4) and transparency (1) only cause a
minority of the overall process impact. The reasons lay in the fact that accessibility and
availability can only emerge at mandatory contact points. Transparency in the investment
advisory process is still provided by the advisor as studies imply (R€uhr, 2020) and can only be
supplemented by AI-based application systems in (13) simulation of the best solution.

Investment advisory process redesign
The impact analysis results of the three AI-based applications CA, CS and PA imply a process
redesignwith changes in both the sub-process sequence and the system support. In contrast to
the traditional PB investment advisory process, the first customer meeting can be conducted
either by a CA or bank advisor. Sub-processes (1), (3) and (4) merge due to automation and
efficiency gains from the use of intelligent CS and the communication via CA. An analysis of
existing customer data along with a set of noncompliant examples allows to automatically
estimate risks and flag fraudulent cases. The self-learning systems are continuously improved
through iterative feedback to evaluate unknown cases. AI-based chatbots and voice assistants
learn and memorize (2) individual client needs to support (8) goal formulation. As part of the
client profiling, CA-collected data is used to assign a client segment and for (5) positioning in
the right phase of life.With this, the combination of intelligent CS and CA allows (7) to identify
and actively offer suitable cross-/upselling options. Further, the CA asks clients questions
about risk tolerance and portfolio restrictions in the combined sub-processes (9) and (11). The
recorded information is then interpreted by CS and possible market scenarios are
contextualized for an accurate risk analysis. The final consolidated client profile (10) is
subsequently used to offer the client an investment solution. Compared to the traditional
advisory process, the sub-processes (13), (14) and (16) occur simultaneously due to efficiency
gains. Here, PA is used for financial asset selection and allocation. Considering the predicted
returns, risks and the client’s risk tolerance, self-learning algorithms select the best fitting
investments. Further suggestions for improvement made by the customer can be discussed
interactively in the subprocess (19) customer approval for the overall solution using intelligent
CAs. Once the investor is satisfied with the investment solution, a standardized contract can
be drafted. With the conclusion of the contract (20), the consultation ends. Analogous to
the traditional PB investment advisory, the following implementation of the agreed contract,
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i.e. (22), (23) and (24), runs without further customer interaction. In the last process step,
maintenance, the forecasting capability of PA can be used for the successive assessment of the
compatibility of the solution andmarket development (25). As proposed byAlmahdi andYang
(2017), portfolio profitability is continuously checked, and alternative investment instruments
are recommended to either the bank advisor or the client (Figure 5).

Evaluation
Four semi-structured, one-hour expert interviews were conducted and transcribed to
critically assess the results by applying an interview guideline, which participants received in
advance. The questions focus on the applicability of the three application types in the
identified process steps and their impact on the process and beyond. All interviewees work in
the financial industry and have an association with AI and PB. Expert 1 works as head of
innovation management at a German bank, expert 2 is the head of digitization at a Swiss
private bank, expert 3 is the head of business technologywith a focus onAI and expert 4 is the
managing director at a Swiss AI-based asset management FinTech company. The interview
results largely confirm the process redesign, but also reveal surprising findings. Regarding
CA integration, experts 1, 3 and 4 saw potentials in customer data collection: “It’s not just
about ‘recording’ customer data, rather CAs enable a kind of intuitive interaction with the
customer”. CA usage also depends on product complexity – the more complex the product,
the more likely a bank advisor is to add value. Expert 2 views CA-based client onboarding
rather critical: “. . . the first client contact in PB must be personal and cannot be established
via a conversational system”. Still, mobile device-implemented chatbots and voice assistants
contribute to the investor’s independence of location and time-consuming phone calls or email
queues (experts 1, 2 and 4). Yet, efficiency gains of CA depend on domain knowledge and
speech flow, since immature assistants decrease client trust (expert 3 and 4). In addition, CAs
in PBmust follow HNWI regulations, which offers additional potential for advisor support in
the consultation documentation (expert 2). Besides that, all experts confirm the applicability
of CS in customer acquisition but find external client data availability and processing due to
data protection regulations a barrier (expert 3). Moreover, product recommendations based
on CS promote service individualization and risk-adequate investments while improving the
client journey (expert 2 and 4). While expert 1 recognizes potential for CS-based, dynamic
client segmentation, expert 2 takes a rather critical view of this approach: “The compliance
department may be interested in different segmentations than those who create the offers”.
Regarding PA integration, experts 1, 3 and 4 mention that analyzing alternative and
unstructured data helps to identify lucrative investment solutions. Expert 4 thereby
emphasizes the potential of standardizing processes internally which would enable banks to
process client information across channels and systems and hence individualize services and
products toward the clients. Nevertheless, the interviewees fear that efficiency gains tend to
favor banks rather than customers. AI-based automation may diminish client trust since
“trust is not scalable” (expert 4). Also, internal bank tensions may arise as human advisors
find themselves in competition with intelligent applications and are overwhelmed by the AI-
based automation (expert 2 and 3). Expert 2 evenwarns against automating organizations too
quickly. In the case of a Swiss private bank, automation led to the loss of employees because
they felt overstrained by the rapid digitalization.

Discussion
Implications for AI-assisted private banking investment advisory
Based on the impact analysis and expert interviews, three implication dimensions for PB
investment advisory are derived. First, AI-based automation is driven by the AI application
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types CA and CS which standardize the process and hence enable advisory flexibility. On the
one hand, CAs help advisors to stay informed about the clients by identifying needs and
reporting them. This increases consulting service efficiency, as the bank advisor can discuss
uncommunicated needs with clients and proactively present solutions. On the other hand, CS
and partly PA drive process automation and relieve advisors of analytical tasks, enabling an
intense relationship management across the different channels as well as regular market and
product insights. All relevant AI-based market and product insights should be
communicated regularly or even ad hoc to the clients online or offline. Hence, advisory can
focus on their banking professional role, while theAI application types increasingly take over
the analytical role. Second, AI-based process automation requires strategic integration of the
three AI-based application types in the form of an omnichannel approach, which mainly
evolves around CA. The degree of accessibility and availability that CA brings into the
process for both clients and advisors allows connecting with different online and offline
channels. Nevertheless, advisors only remain the client focus if they are reachable through
different direct and indirect channels since the application type also provides clients with
intelligent self-services such as analyses and interpretations which are created by CS and PA
systems. Hence, client journeys need to be formalized to seamlessly integrate AI-driven
insights for both clients and advisors. Direct channels such as branch, telephone, email and
video conferencing are time-intensive from the advisors’ viewpoint but remain important to
establish personal client relationships. Above all, it is important to ensure that there are no
media discontinuities between the direct and indirect channels (e.g. online banking and bank-
specific apps), to maximize customer flexibility and experience. Third, an omnichannel
approach that integrates the three AI application types into a consulting-intensive process
requires structured human-AI interaction. The combined use of all three applications can
contribute to improving efficiency, transparency and usability, provided that the
collaboration between humans and machines is purposeful and thus sustainable. While
advisors remain the face to the clients especially when it comes to complex products, they
increasingly generate value through collaboration with AI-based applications. For
encouraging clients to use intelligent services, system design should place emphasis on
usability to gain client trust. Furthermore, sequential decision-making between advisors and
AI systems is proposed with the advisor having a veto right, which is required by regulation
to ensure transparency. If banks offer their customers intelligent self-services, the definition
of human–machine interaction at the customer–bank interface is also necessary to provide
seamless client journeys, avoid communication breaks between solutions, advisors and
clients, as well as to build trust regardingAI use. Themultiple channels require the advisor to
act as an internal and external network coordinator and deliver hybrid, AI-assisted services.
All in all, CA has the overall highest impact on PB investment advisory since the process is
communication-intensive by nature and the NLP capabilities of CA are well-suited to support
PB advisors. The effects of the CS and PAapplication types, in turn, unfold in an indirect way,
since these, especially CS, are for internal bank use and, unlike CA, are not representing a
direct customer interface. CS and PA, nonetheless, are the underlying analytical components
of the CA application type that ultimately lead to added customer value. Hence, AI-assisted
PB investment advisors are asked to (1) perform professional banking tasks such as risk
profile creation, (2) interpret AI-based analyses and interpretations to create valuable
insights, (3) coordinate betweenAI-based systems and interpersonal client actions and finally
(4) integrate knowledge into these systems. In addition, customer needsmay be related to non-
banking services and must be coordinated with other service providers. Due to the AI
integration into the PB investment advisory process, the advisor task range increases and
raises the question whether the advisor role should be split into one role covering banking
professional tasks toward the client and a second role being responsible for data analysis and
interpretation (see Figure 6).
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Limitations and future research
As the first limitation, the process impact analysis, redesign and implications presented are
tailored for PB and are not generally applicable to retail banking. Nevertheless, the results
can be used for the design of AI-based service processes. Second, the process impact analysis
and re-design is based on a reference process which can vary in other financial institutions.
Hence, the present study is not replacing a detailed analysis of individual processes. Third,
the three AI application types are abstract, generic descriptions of varying degrees of
complexity, which only allow for implications at the conceptual level. For the redesign of
company-specific processes, the concrete applications and their respective process-related
effects must be analyzed. While the process re-design indicates usage of the AI application
types CA, CS and PA in PB investment advisory, the paper is not providing concrete human-
AI interactions along the sub-processes. The work of Dellermann et al. (2019a) on human-AI
collaboration can be used as a foundation. Further research could also examine the proposed
sequential decision-making design between AI systems and advisors and investigate effects
on the system adoption from both the client and advisor perspective, e.g. based on the
research of Shrestha, Ben-Menahem, and von Krogh (2019). Additionally, client trust towards
AI usage within the process should be analyzed. Since AI-based systems affect the available
channels, customer experience should be investigated and appropriate multichannel
solutions designed. Besides that, further research could focus on required PB advisory
skills in the newly designed process. Moreover, AI system design researchmust consider that
the human advisor may suffer from both a high degree of automation and information
overload within the AI-based process. The latter has already been indicted by the research
results of Dietzmann and Duan (2022). Future research could therefore address how to
increase employee well-being in AI-based workflows so that employees achieve long-term
success in collaboration with the algorithms. Approaches for such research include the work
of Kellogg, Valentine and Christin (2020), which describes the “6 Rs” (recommending,
restricting, recording, rating, replacing, and rewarding) of algorithmic control of employers,
which in turn elicit six corresponding positive and negative experiences among employees.

Conclusion
This article presents anAI process impact analysis of RA-basedAI application types on the PB
investment advisory process developed by Nueesch et al. (2016). The impact analysis was
performed by examining three AI-based RA application types and the associated seven
process-relevant RA characteristics for their transformation potential in the sub-processes,
which canmanifest itself in amerger, elimination, shifting, or acceleration of the respective sub-
processes. The impact analysis results imply that efficiency, standardization, usability, and
automation gains induced by the AI application types trigger process changes. Additionally,
the expert interviews largely confirmed the proposed process redesign and three organizational
implications of AI for PB are derived. First, AI-based and automated systems support client
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advisors in analytical tasks and enable them to act more flexible toward the client through
different direct and indirect channels. Hence, the bank advisor role may be divided into one
banking-professional and one analytical rolewith the latter role eventually being covered by an
AI system. Second, AI-based process automation and the provision of intelligent self-services
require an omnichannel approach. This aspect is crucial to enable individual client journeys and
create value by providing both bank advisors and clients with AI-based analyses and
interpretations. Third, AI-based automation and the integration of an omnichannel approach
demand active design of task-specific human–AI interaction toward bank advisors and clients.
Overall, the advisor should remain the face to the client and orchestrate identified client needs
also beyond banking products and services. Clients are expected to use AI systems depending
on product complexity, system usability and trust in the solution. To avoid a decrease of client
trust through AI implementation, a sequential decision-making structure from AI to human
should be integrated and customer advisors as well as clients should thus be assigned a veto
right for the AI applications. If private banks consider the identified implications, the use of AI
in PB investment advisory can generate added value in the form of personalized advice and
individualized product and service offerings. It should be noted that the PBadvisorwill have an
even more comprehensive role, as a better understanding of customer needs beyond financial
aspects will emerge because of AI systems. Hence, the AI-driven disruptions will further open
the banking industry and require advisors to increasingly operate as coordinators in the
internal and external network to generate client value.

From a scientific perspective, the present study contributes to the business process
redesign research stream by providing (1) AI application and application-related process
characteristics on the example of RA, (2) an impact analysis approach to assess AI-based
business process redesign and (3) guidance for AI-driven organizational design on the
example of industry-specific implications. Furthermore, the analysis of the four sub-process
transformations merger, elimination, shifting and acceleration implies that AI-driven process
redesign is mostly induced by interaction-intense sub-processes affected by CA. By applying
AI application characteristics and the four mentioned process transformations, the impact
analysis approach extends knowledge on the technology-induced business process redesign
(Mansar & Reijers, 2007). The generated knowledge may serve research and practice as a
fundament for investigations on AI deployment in advisory processes. Moreover,
practitioners receive a blueprint for a structured AI impact analyses for process redesign
that is based on three AI application types and exemplary application-related process
characteristics that allow companies to derive organizational implications along the causal
chain of the impact analysis. Additionally, the results of the present study provide PB
practitioners with concrete suggestions for the future of PB investment advisory, where
advisors interact and decide together with AI-based systems.
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