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Abstract
We survey 231 undergraduate students to analyze how retail investors’ characteristics 
influence their decision to use a robo-advisor. Characteristics such as the willingness to 
take risk, extraversion, and optimism are significant in univariate tests but the willing-
ness to take risk and the internal locus of control are significant in multivariate settings. 
Participants who use the robo-advisor invest more and are more likely to also invest 
on their own in both stocks and bonds. We also find statistically significant differences 
between participants who exclusively use the robo-advisor for investments in stocks and 
bonds and participants who use the robo-advisor and invest some money in stocks and 
bonds on their own.
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1 Introduction

In this study, we analyze how retail investors’ individual characteristics influence their 
decision to invest through a robo-advisor. The most popular robo-advisors for investors 
propose an investment portfolio that typically consists of stock and bond index funds (Horn 
and Oehler 2020).1

One of the potential advantages of robo-advisors over more traditional investment 
advice is their 24/7 availability. This increased flexibility regarding time engenders lower 
consultation costs that makes robo-advisors interesting to low net-wealth individuals 
(D’Acunto and Rossi 2020; Horn et  al. 2020; Rossi and Utkus 2020b). Moreover, robo-
advisors can help investors who might not have private information build well-diversified 
portfolios with little behavioral biases that are typical of human advisors (see Linnainmaa 
et al. 2020, Foerster et al. 2017, Inderst and Ottaviani 2009). Robo-advisors can mitigate 
biases because they follow predefined rules (see D’Acunto et al. 2019).

The sum of all robo-advisors’ assets under management in the year 2020 was only 1.07 
trillion USD.2 This is a small amount when compared to the assets under management of 
the largest asset managers such as BlackRock (8.7 trillion USD), Vanguard (7.2 trillion 
USD), and State Street (3.5 trillion USD). Furthermore, at least 15 asset management firms 
had more assets under management individually than all robo-advisors combined.3 Beyond 
the recency of robo-advising (Fisch et al. 2019), explanations for the relatively low assets 
under management and low inflows remain unclear. Hohenberger et  al. (2019) find that 
retail investors who associate the use of a robo-advisor with joy are more likely to use it. 
Rossi and Utkus (2020a) show that one main reason to avoid robo-advisors is the lack of 
possibilities for personal communication and a lack of trust. Specifically, investors who 
trust their human financial advisor are very unlikely to use a robo-advisor.

We conducted a questionnaire-based survey of 231 undergraduate business students at a 
German medium-sized university in November 2019 to analyze the influence of individual 
characteristics on the decision to use robo-advising. Our reasoning is that there is a higher 
probability that young adults will use a robo-advisor than older adults. Young adults are 
less subject to algorithm aversion (Rossi and Utkus 2020a). They have no relationship or 
a less established and less trust-based relationship with a human advisor. Moreover, young 
adults are a very important target group for robo-advisors. A survey of young adults is thus 
also useful for the practice of robo-advisory.

In the survey we use validated questionnaire items to measure the characteristics that 
potentially influence investment decisions such as gender, financial knowledge, statistical 
knowledge, risk attitude, cognitive reflection, Big Five personality factors, locus of con-
trol, PANAS, and trust in institutions and persons other than a human financial advisor 
(see the overviews in, e.g., Oehler et al. 2018a, Oehler et al. 2020, Oehler et al. 2021, and 
Oehler and Wendt 2018). The literature shows that the majority of these characteristics also 

2 See https:// www. stati sta. com/ outlo ok/ dmo/ finte ch/ perso nal- finan ce/ robo- advis ors/ world wide# assets- 
under- manag ement.
3 See https:// www. black rock. com/ corpo rate/ liter ature/ annual- report/ black rock- 2020- annual- report. pdf, 
https:// about. vangu ard. com/ who- we- are/ fast- facts/, https:// annua lrepo rt. state street. com/ Y2020/ defau lt. aspx, 
https:// www. stati sta. com/ stati stics/ 322452/ large st- asset- manag ers- world wide- by- value- of- assets/.

1 Examples for robo-advisors include: Betterment (USA), MoneyFarm (UK), Nutmeg (UK), Quirion (Ger-
many), Scalable Capital (Germany), Schwab Intelligent Portfolios (USA), Wealthfront (USA). Some robo-
advisors also provide recommendations regarding individual stocks (see, e.g., D’Acunto et al. 2019). We do 
not analyze this type of robo-advising.
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influence technology acceptance (Behrenbruch et al. 2013; see also Rossi and Utkus 2020a 
on the influence of algorithm aversion). Usually, more conscientious, less neurotic people 
with more technology experience, confidence, and trust in technology are more likely to 
use a new technology (Barnett et al. 2015; Lee et al. 2017).

Our participants receive a fixed participation fee that mitigates any incentive to gam-
ble. Further, we do not provide a concrete investment suggestion in order to sidestep par-
ticipants’ confirmation bias (see Alemanni et al. 2020). This approach also eliminates the 
potential for a hypothetical bias as described in Cummings et  al. (1997). However, the 
participants’ answers are not financially binding in any case. The potential downside of 
using a survey approach is its external validity. Our findings only apply to likely users of 
robo-advisors and not to the entire population. But Oehler et al. (2018b) perform a survey 
of German undergraduate students on their financial portfolio choices, and Oehler et  al. 
(2018c) use a comparable subset from the representative survey data of the German central 
bank. The results of both suggest that our findings have broader relevance.

Even young adults might perceive robo-advisors as less trustworthy than a human advi-
sor. We hypothesize that the young adults in our survey with individual characteristics 
such as higher levels of extraversion, openness to new experiences, and optimism are more 
likely to be less risk averse and to use a robo-advisor. Presumably, not everyone among the 
individuals who give the robo-advisor a chance will go all-in and only use it for investing. 
Therefore, we allow participants to invest only a share or nothing at all of their invest-
able wealth and to invest in risk-free to relatively risky asset classes that match their risk 
attitude.

Based on tests of equality, we find that participants who are willing to use the robo-
advisor are more willing to take financial risks, are more extraverted, are more optimis-
tic, and are less pessimistic than participants who are not willing to use the robo-advisor.4 
These are key variables used in the literature and our results are in line with its findings 
(Dohmen et al. 2011, Oehler et al. 2018a, Puri and Robinson 2007; see also Kaustia et al. 
2019 for an overview). When integrating all characteristics into a logit regression, the par-
ticipants’ willingness to take financial risks remains statistically significant but extraver-
sion, optimism, and pessimism do not. Instead, participants with a lower internal locus of 
control are significantly more likely to use the robo-advisor (although the locus of control 
is not significant in the univariate analysis). Moreover, participants who are willing to use 
the robo-advisor invest a larger amount in stocks and bonds than participants who are not 
willing to use the robo-advisor, which is in line with the idea that those willing to use the 
robo-advisor are more willing to take financial risks.

We also find statistically significant differences between participants who exclusively 
use the robo-advisor for investments in stocks and bonds and participants who use the 
robo-advisor and invest some additional money on their own. The latter group invests more 
in stocks and bonds in total. However, the amount that they invest via the robo-advisor is 
less than the amounts invested by participants who exclusively use the robo-advisor. The 
participants who use the robo-advisor and invest in stocks and bonds on their own have 
higher levels of perceived financial knowledge and experience than participants who exclu-
sively use the robo-advisor. These results are further support for the findings in the litera-
ture that more experienced and literate investors are more likely to invest higher amounts 

4 Optimism and pessimism are not considered as the two poles of one scale but as two independent factors 
(see Glaesmer et al. 2008).
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and shares of their wealth in risky assets and establish better diversified portfolios (van 
Rooij et al. 2011; Graham et al. 2009; von Gaudecker 2015).

However, we observe an inverse relation between the perceived statistical knowledge 
and the likelihood to invest additionally in stocks and bonds when using a robo-advisor. A 
multinomial regression supports our univariate findings for the effect of statistical knowl-
edge and shows that participants who use the robo-advisor and invest in stocks and bonds 
on their own are less optimistic but more willing to take financial risks. Further, they have 
a lower internal locus of control than participants who exclusively invest with the robo-
advisor. However, the results of our analysis do not indicate that any of the characteristics 
actually influence the difference in the amount that these two groups of participants invest 
with the robo-advisor.

Our findings provide implications for researchers and for providers of investment ser-
vices and financial advice. For example, research on retail investors’ investment decisions 
and on financial intermediation should consider that not only individuals’ risk attitude in 
the financial domain but also that other individual characteristics might significantly influ-
ence decisions on which asset classes to invest in and at the same time which investment 
advisor to use.

The paper is structured as follows: We describe our survey design and our empirical 
methods in the next section. In Sect. 3, we present the empirical results. We discuss our 
findings and conclude in Sect. 4.

2  Design and Methodology

2.1  Survey Design

The participants received information gathered from the homepage of a real robo-advisor. 
This information covered an explanation of the robo-advisor’s basic functionality, past 
returns, costs, risks, and advantages.5 Thereafter, the participants were given 1,000 Euros 
to invest. Other studies have used investable amounts that range from a few Euros (see Ale-
manni et al. 2020) to 10,000 Euros (see Nosic and Weber 2010). We chose an amount that 
presumably best reflected what students usually would handle. Furthermore, Oehler et al. 
(2018c) measured students’ risk attitude in a theoretical lottery design with different Euro 
amounts and showed that students’ answers reflected a reasonable degree of risk aversion; 
that is, students did not act as if they perceived the investment task as gambling with play 
money when the theoretical amount at stake was 500 Euros or more. Therefore, our choice 
seemed plausible given students’ lifestyles and earning compacity.

The investment task was structured as follows: First, participants indicated whether they 
were willing to use the robo-advisor to invest (a share of) the 1,000 Euros or not. If par-
ticipants were willing to use the robo-advisor, they stated the amount of money that they 
would invest out of the 1,000 Euros with the robo-advisor. In addition, they indicated the 
allocation to stocks and bonds (on a scale of 10%/90%, 20%/80%, and so on) that the robo-
advisor should follow for the portfolio. One condition was that our participants could only 
invest up to the 1,000 Euros because we did not allow them to borrow more money. For 

5 We did not pick a robo-advisor with particularly good or bad past performance. See the return and risk 
information that respondents received in the Internet Appendix (p. 7 of the questionnaire).
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Table 1  Overview and descriptions of variables used in the empirical analysis

Vector/Variable Description

Panel A: Participants’ characteristics
CRT i Cognitive reflection that is measured by the sum of 

correct answers to six slightly transformed questions 
similar to those suggested by Primi et al. (2016) and 
three questions of Frederick (2005)

GENDERi Dummy variable that equals one when participant i is 
female and zero otherwise

LOTTERY_RISKYi Amount of money a participant is willing to pay for 
participation in the risky lottery proposed by Guiso 
et al. (2008)

LOTTERY_UNCERTAINi Amount of money a participant is willing to pay for 
participation in the uncertain lottery proposed by Guiso 
et al. (2008)

RISK_ATTITUDEi Self-assessment of risk attitude in the financial domain 
on an 11-point Likert scale (from 0 to 10) based on 
Dohmen et al. (2011)

PANAS
NEGAFFECTi Negative affect that is determined as the median value 

of three items based on a scale from one to five on the 
German version of the PANAS by Krohne et al. (1996)

POSAFFECTi Positive affect that is determined as the median value of 
three items on a scale from one to five based on the 
German version of the PANAS by Krohne et al. (1996)

KNOWLEDGE
KNOWLEDGE_STATISTICSi Self-assessment about statistical knowledge on a 6-point 

Likert scale (from “1 – very good” to “6 – very poor”, 
based on the German school grading scale) based on 
Glaser et al. (2007). For the empirical analysis, inverted 
values are used so that one indicates very poor statisti-
cal knowledge and six very good statistical knowledge

SCORE_FIN_KNOWi Financial knowledge determined as sum of two items 
based on Abreau/Mendes (2012). One item asks partic-
ipant to name five stocks listed in the German blue-chip 
index DAX, the other item asks about the authority 
responsible for complaints about miscounseling in 
financial advice in Germany. Participants can get five 
points for each item. One point for every correct stock 
in the DAX and five points for the correct authority. 
Hence, the value of SCORE_FIN_KNOWi can range 
from 0 to 10. A value of 0 means that the participant 
provided no correct answer. A value of 10 means that 
the participant answered all questions correctly

LOCUS_OF_CONTROL
EXTLOCUSi External locus of control that is determined as the median 

value of two items on a scale from one to five based on 
Kovaleva et al. (2012)

INTLOCUSi Internal locus of control that is determined as the median 
value of two items on a scale from one to five based on 
Kovaleva et al. (2012)

PERSONALITY
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Table 1  (continued)

Vector/Variable Description

AGREEABLENESSi Agreeableness that is determined as the median value of 
two items on a scale from one to five based on the BFI-
10 of Rammstedt et al. (2012)

CONSCIENTIOUSNESSi Conscientiousness that is determined as the median value 
of two items on a scale from one to five based on the 
BFI-10 of Rammstedt et al. (2012)

EXTRAVERTi Extraversion that is determined as the median value of 
two items on a scale from one to five based on the BFI-
10 of Rammstedt et al. (2012)

NEUROTICISMi Neuroticism that is determined as the median value of 
two items on a scale from one to five based on the BFI-
10 of Rammstedt et al. (2012)

OPENNESSi Openness that is determined as the median value of two 
items on a scale from one to five based on the BFI-10 
of Rammstedt et al. (2012)

LIFE_ORIENTATION
LIFE_ORIENTATION_OPTIMISMi Optimism that is determined as the sum of three items 

on a scale from one to five based on the LOT-R of 
Glaesmer et al. (2008)

LIFE_ORIENTATION_PESSIMISMi Pessimism that is determined as the sum of three items 
on a scale from one to five based on the LOT-R of 
Glaesmer et al. (2008)

FINANCIAL_ADVICE
PERSONAL_FINANCIAL_ADVICEi Received personal financial advice (i.e. from a human 

financial advisor) in the last two years; dummy vari-
able that equals one when participants state that they 
received personal financial advice in the last two years 
and zero otherwise

ROBO_FINANCIAL_ADVICEi Received financial advice from a robo-advisor in the last 
two years; dummy variable that equals one when par-
ticipants state that they received financial advice from a 
robo-advisor in the last two years and zero otherwise

EXPERIENCE_STOCKS
EXPERIENCE_STOCK_MARKETi Experience in the stock market; dummy variable that 

equals one when participants state that they already 
made transactions in the stock market and zero other-
wise

EXPERIENCE_STOCK_MARKET_SATISFIEDi Satisfactory results in the stock market that are deter-
mined by the answer to the question “Would you 
say that your recent stock market transactions had 
satisfactory results?” on a scale from one (no, not at 
all) to five (yes, completely); enters the regression 
analysis as an interaction term EXPERIENCE_STOCK_
MARKETi*EXPERIENCE_STOCK_MARKET_SATIS-
FIEDi

TRUST
CONFIDENCEi Confidence that is determined by the answer to the ques-

tion “How often do you leave the front door unlocked?” 
on a scale from one to five based on Fehr et al. (2002) 
and SOEP (2003)
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Table 1  (continued)

Vector/Variable Description

TRUST_AUTHORITIES_GENERALi Trust in authorities in general is a scale that ranges from 
one (no trust at all) to four (high trust), based on Fehr 
et al. (2002) and SOEP (2003)

TRUST_AUTHORITIES_FINANCIALi Trust in financial authorities is a scale that ranges from 
one (no trust at all) to four (high trust)

TRUST_COURTSi Trust in courts is a scale that ranges from one (no trust 
at all) to 4 (high trust), based on Fehr et al. (2002) and 
SOEP (2003)

TRUST_FINANCIAL_SERVICE_PROVIDERSi Trust in financial service providers is a scale that ranges 
from one (no trust at all) to four (high trust), based on 
Fehr et al. (2002) and SOEP (2003)

TRUST_FRIENDS_GENERALi Trust in friends in general is a scale that ranges from one 
(no trust at all) to four (high trust), based on Fehr et al. 
(2002) and SOEP (2003)

TRUST_FRIENDS_MONETORYi Trust in friends in monetary issues that is determined by 
the answer to the question “How often do you lend your 
friends money?” on a scale from one to five based on 
Fehr et al. (2002) and SOEP (2003)

TRUST_FRIENDS_NON-MONETORYi Trust in friends in non-monetary issues that is deter-
mined by the answer to the question “How often do you 
lend your friends personal items (e.g. books, your car, 
your bike, etc.)?” on a scale from one to five based on 
Fehr et al. (2002) and SOEP (2003)

TRUST_OTHER_PEOPLEi Trust in other people; dummy variable that equals one 
when participants state that most people can be trusted 
and zero otherwise, based on Guiso et al. (2008) and 
Fehr et al. (2002)

TRUST_POLICEi Trust in the police is a scale that ranges from one (no 
trust at all) to four (high trust), based on Fehr et al. 
(2002) and SOEP (2003)

TRUST_PRESSi Trust in the press is a scale that ranges from one (no trust 
at all) to four (high trust), based on Fehr et al. (2002) 
and SOEP (2003)

TRUST_STIFTUNG_WARENTESTi Trust in the German consumer organization “Stiftung 
Warentest” is a scale that ranges from one (no trust at 
all) to four (high trust)

Panel B: Investment Decisions
AMOUNT_INVESTED_IN_
STOCKS_BONDS_FUNDSi

The amount of money invested in stocks, bonds, and 
funds covering stocks and bonds

INVEST_WITH_ROBOi Investment with robo-advisor; dummy variable that 
equals one when participants state that they are willing 
to invest with the robo-advisor and zero otherwise

INVEST_WITH_ROBO_AMOUNTi Amount of money a participant is willing to invest with 
the robo-advisor; conditional on INVEST_WITH_
ROBO equaling one

INVEST_WITH_ROBO_STOCK_RATIOi Stock ratio that a participant selects for the investment 
with the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNTi Amount of money a participant is willing to invest in 
stocks, bonds, and funds covering stocks and bonds 
without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
BALANCED MUTUAL FUNDSi

Amount of money a participant is willing to invest in bal-
anced mutual funds without the robo-advisor
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the amount that they did not invest with the robo-advisor, participants were asked to state 
the amounts that they had invested in liquidity provisions, fixed-term deposits, bond ETFs, 
stock ETFs, real estate funds, bond mutual funds, stock mutual fonds, individual bonds and 
stocks, and/or another asset class. Hence, participants could design portfolios on a con-
tinuum ranging from almost risk-free in liquid assets to fairly risky (with or without the 
robo-advisor) in individual stocks or even options or certificates.

Additionally, the questionnaire included items to capture the individual characteristics 
of the participants. An overview of the variables used in the empirical analysis, how they 
are measured, and their place in the literature is presented in Table 1.

Table  2 displays the descriptive statistics. Although the students in our sample 
might not be a representative cross-section of the population, they should repre-
sent a sample of potential users of robo-investors as they (1) should be aware of the 
existence of robo-advisors; (2) should show relatively good financial capability (see 
Oehler et al. 2018b, see also Hohenberger et al. 2019 for the importance of perceived 
investment capabilities); (3) likely do not have a well-established and trust-based 
relationship with a financial advisor; and (4) are less likely to be algorithm averse 
(Rossi and Utkus 2020a).

Participants received the questionnaire in the German language; see the Internet Appen-
dix for an English translation of the questionnaire.

2.2  Empirical Analysis

We first provide univariate tests of equality (t-tests) to analyze the differences in the char-
acteristics and asset allocation of participants who are willing to use the robo-advisor 
(robo-users) versus those who are not (robo-avoiders).

Table 1  (continued)

Vector/Variable Description

INVEST_WITHOUT_ROBO_AMOUNT_
BOND INDEX FUNDSi

Amount of money a participant is willing to invest in 
bond index funds without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
BOND MUTUAL FUNDSi

Amount of money a participant is willing to invest in 
bond mutual funds without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
INDIVIDUAL BONDSi

Amount of money a participant is willing to invest in 
individual bonds without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
INDIVIDUAL STOCKSi

Amount of money a participant is willing to invest in 
individual stocks without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
STOCK INDEX FUNDSi

Amount of money a participant is willing to invest in 
stock index funds without the robo-advisor

INVEST_WITHOUT_ROBO_AMOUNT_
STOCK MUTUAL FUNDSi

Amount of money a participant is willing to invest in 
stock mutual funds without the robo-advisor

INVEST_WITHOUT_ROBO_STOCK_RATIOi Stock ratio that a participant selects for the investments 
in stocks, bonds, and funds covering stocks and bonds 
without the robo-advisor

SOLELY_USING_ROBOi Dummy variable that equals one when participants state 
that they are willing to invest solely with the robo-
advisor and zero otherwise
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Table 2  Summary Statistics

Mean Median SD Min Max

Panel A: Participants’ characteristics
CRT 3.65 4.00 1.63 .00 6.00
GENDER .51 .00 1.00
LOTTERY_RISKY 453.52 5.00 863.29 .00 4,000.00
LOTTERY_UNCERTAIN 362.45 2.00 754.38 .00 3,250.00
RISK_ATTITUDE 4.60 4.00 2.11 .00 10.00
PANAS
NEGAFFECT 1.60 1.00 .89 1.00 5.00
POSAFFECT 3.06 3.00 .96 1.00 5.00
KNOWLEDGE
KNOWLEDGE_STATISTICS 4.25 4.00 .94 1.00 6.00
SCORE_FIN_KNOW 3.70 4.00 2.46 .00 10.00
LOCUS_OF_CONTROL
EXTLOCUS 2.18 2.00 .66 1.00 4.00
INTLOCUS 4.20 4.00 .56 2.50 5.00
PERSONALITY
AGREEABLENESS 3.06 3.00 .83 1.00 5.00
CONSCIENTIOUSNESS 3.55 3.50 .74 1.00 5.00
EXTRAVERT 3.37 3.50 .94 1.00 5.00
NEUROTICISM 2.89 3.00 .96 1.00 5.00
OPENNESS 3.30 3.50 1.03 1.00 5.00
LIFE_ORIENTATION
LIFE_ORIENTATION_OPTIMISM 11.13 11.00 2.28 5.00 15.00
LIFE_ORIENTATION_PESSIMISM 7.37 7.00 2.17 3.00 15.00
FINANCIAL_ADVICE
PERSONAL_FINANCIAL_ADVICE .26 .00 1.00
ROBO_FINANCIAL_ADVICE .02 .00 1.00
EXPERIENCE_STOCKS
EXPERIENCE_STOCK_MARKET .19 .00 1.00
EXPERIENCE_STOCK_MARKET_SATISFIED 3.86 4.00 .99 1.00 5.00
TRUST
CONFIDENCE 2.07 1.00 1.38 1.00 5.00
TRUST_AUTHORITIES_GENERAL 2.67 3.00 .90 1.00 4.00
TRUST_AUTHORITIES_FINANCIAL 3.54 3.00 1.32 1.00 4.00
TRUST_COURTS 3.08 3.00 .95 1.00 4.00
TRUST_FINANCIAL_SERVICE_PROVIDERS 2.51 2.00 .89 1.00 4.00
TRUST_FRIENDS_GENERAL 3.71 4.00 .51 1.00 4.00
TRUST_FRIENDS_MONETORY 3.12 3.00 .97 1.00 5.00
TRUST_FRIENDS_NON-MONETORY 3.24 3.00 .97 1.00 5.00
TRUST_OTHER_PEOPLE .27 .00 1.00
TRUST_POLICE 2.89 3.00 .74 1.00 4.00
TRUST_PRESS 2.48 2.00 .96 1.00 4.00
TRUST_STIFTUNG_WARENTEST 2.74 3.00 .98 1.00 4.00

99Journal of Financial Services Research (2022) 62:91–125



1 3

Then, we run a logit regression to analyze the determinants of the decision to use a robo-
advisor with the following model:

Table 2  (continued)

Mean Median SD Min Max

Panel B: Investment Decision
AMOUNT_INVESTED_IN_
STOCKS_BONDS_FUNDS

591.36 600 355.60 0 1,000

INVEST_WITH_ROBO .53 0 1
INVEST_WITHOUT_ROBO_AMOUNT 314.65 250 299.82 .00 1,000

6 Vectors of variables and vectors of the corresponding coefficients are in bold print.

INVEST_WITH_ROBO
i
= �0 + �1GENDERi

+ �2RISK_ATTITUDEi

+ �3LN(LOTTERY_RISKYi
) + �4LN(LOTTERY_UNCERTAINi

)

+ �5CRTi
+ �1PANASi + �2KNOWLEDGE

i

+ �3LOCUS_OF_CONTROLi
+ �4PERSONALITYi

+

�5LIFE_ORIENTATIONi
+ �6FINANCIAL_ADVICEi

+ �7EXPERIENCE_STOCKSi + �8TRUSTi
+ �1,i

The dependent variable equals one if the participant is willing to use the robo-advisor 
and zero otherwise. Table 1 has the descriptions of the explanatory variables and vectors of 
variables6 that enter the regression analysis.

Robo-users do not have to use the robo-advisor exclusively but are also allowed to invest 
any remaining money on their own. Therefore, we also perform a series of t-tests between 
two subsamples within the group of robo-users. Specifically, we analyze the differences 
in asset allocations and individual characteristics between participants who only used the 
robo-advisor (robo-only-investors) versus participants who used the robo-advisor for some 
of the money while investing the remaining amount on their own (robo-plus-investors). 
Furthermore, we perform a multinomial logistic regression using the following model:

(1)

ROBO_USAGE
i
= �0 + �1GENDERi

+ �2RISK_ATTITUDEi

+ �3LOTTERY_RISKYi

+ �4LOTTERY_UNCERTAINi
+ �5CRTi

+ �1PANASi + �2KNOWLEDGE
i

+ �3LOCUS_OF_CONTROLi

+ �4PERSONALITYi
+ �5LIFE_ORIENTATIONi

+ �6FINANCIAL_ADVICEi

+ �7EXPERIENCE_STOCKSi + �8TRUSTi
+ �1,i

ROBO_USAGEi covers three outcomes: no use of the robo-advisor, that is, robo-avoid-
ers; only use the robo-advisor for investing, that is, robo-only-investors; and to use the 
robo-advisor for some of the money in combination with investing the remaining amount 
on their own, that is, robo-plus-investors. The first outcome serves as the reference point in 

(2)
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Table 3  Characteristics of participants willing to use the robo-advisor (robo-users) in comparison to char-
acteristics of remaining participants (robo-avoiders). We report the mean values (standard deviations in 
parentheses) of the characteristics of participants willing to use the robo-advisor (robo-users) in comparison 
to the characteristics of participants not willing to use the robo-advisor (robo-avoiders). In addition, we pro-
vide the p-values of t-tests of equality of mean values of the participants’ characteristics

robo-users
(1)

robo-avoiders
(2)

p-value
(3)

GENDER .50
(.50)

.52
(.50)

.777

RISK_ATTITUDE 4.89
(1.98)

4.28
(2.20)

.030

LOTTERY_RISKY 394.46
(796.65)

519.70
(931.63)

.274

LOTTERY_UNCERTAIN 318.05
(670.26)

412.18
(839.10)

.347

POSAFFECT 3.17
(.91)

2.95
(1.01)

.073

NEGAFFECT 1.52
(.79)

1.68
(.98)

.188

CRT 3.67
(1.55)

3.62
(1.74)

.823

SCORE_FIN_KNOW 3.81
(2.65)

3.58
(2.22)

.472

KNOWLEDGE_STATISTICS 4.33
(.98)

4.17
(.88)

.188

INTLOCUS 4.19
(.57)

4.20
(.56)

.901

EXTLOCUS 2.14
(.66)

2.22
(.67)

.418

AGREEABLENESS 3.07
(.80)

3.06
(.86)

.949

CONSCIENTIOUSNESS 3.56
(.72)

3.54
(.76)

.832

EXTRAVERT 3.49
(.88)

3.23
(1.01)

.035

NEUROTICISM 2.88
(.96)

2.91
(.97)

.825

OPENNESS 3.31
(1.00)

3.30
(1.06)

.946

LIFE_ORIENTATION_OPTIMISM 11.44
(2.24)

10.79
(2.30)

.030

LIFE_ORIENTATION_PESSIMISM 7.10
(2.10)

7.67
(2.22)

.048

PERSONAL_FINANCIAL_ADVICE .23
(.42)

.29
(.45)

.339

ROBO_FINANCIAL_ADVICE .02
(.16)

.02
(.13)

.739

EXPERIENCE_STOCK_MARKET .18
(.39)

.19
(.40)

.811

EXPERIENCE_STOCK_MARKET_SATISFIED 4.05
(.79)

3.67
(1.15)

.911
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our analysis. Using Eq.  (2) with SOLELY_USING_ROBOi as the dependent variable, we 
also apply a logit regression analysis to the subsample of robo-users to discover the charac-
teristics that drive the decision to use the robo-advisor solely or in combination with their 
own investments in stocks and bonds.

To be able to uncover the determinants of the amount that participants would invest 
with the robo-advisor and the stock ratio they would choose for this investment, we 
need to account for the fact that not all participants use the robo-advisor. Therefore, we 
applied two approaches. First, we used a Tobit regression approach on the full sample. 
Second, we used an OLS regression to approximate a truncated regression only on the 
subsample of robo-users, that is, only including responses from participants that actu-
ally invest an amount using the robo-advisor that is different from zero.7 The underlying 
model is as follows:

For the dependent variable, ROBO_INVESTMENTi, we use either the amount of money 
that participant i is willing to invest with the robo-advisor, INVEST_WITH_ROBO_
AMOUNTi, or the stock ratio that he or she chooses for the investment with the robo-advi-
sor, INVEST_WITH_ROBO_STOCK_RATIO i.

(3)

Table 3  (continued)

robo-users
(1)

robo-avoiders
(2)

p-value
(3)

CONFIDENCE 2.14
(1.44)

2.00
(1.30)

.444

TRUST_AUTHORITIES_GENERAL 2.59
(.84)

2.75
(.95)

.171

TRUST_AUTHORITIES_FINANCIAL 3.45
(1.26)

3.65
(1.38)

.240

TRUST_COURTS 3.04
(.083)

3.12
(1.08)

.534

TRUST_FINANCIAL_SERVICE_PROVIDERS 2.55
(.86)

2.46
(.93)

.444

TRUST_FRIENDS_GENERAL 3.74
(.53)

3.69
(.48)

.159

TRUST_FRIENDS_MONETORY 3.14
(.96)

3.10
(.97)

.764

TRUST_FRIENDS_NON-MONETORY 3.21
(.97)

3.28
(.96)

.627

TRUST_OTHER_PEOPLE .28
(.45)

.26
(.44)

.771

TRUST_POLICE 2.93
(.74)

2.84
(.75)

.403

TRUST_PRESS 2.54
(.90)

2.41
(1.02)

.312

TRUST_STIFTUNG_WARENTEST 2.73
(.87)

2.75
(1.10)

.861

N 122 109

7 See Breen (1996) on truncated regressions.
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our analysis. Using Eq.  (2) with SOLELY_USING_ROBOi as the dependent variable, we 
also apply a logit regression analysis to the subsample of robo-users to discover the charac-
teristics that drive the decision to use the robo-advisor solely or in combination with their 
own investments in stocks and bonds.

To be able to uncover the determinants of the amount that participants would invest 
with the robo-advisor and the stock ratio they would choose for this investment, we 
need to account for the fact that not all participants use the robo-advisor. Therefore, we 
applied two approaches. First, we used a Tobit regression approach on the full sample. 
Second, we used an OLS regression to approximate a truncated regression only on the 
subsample of robo-users, that is, only including responses from participants that actu-
ally invest an amount using the robo-advisor that is different from zero.7 The underlying 
model is as follows:

For the dependent variable, ROBO_INVESTMENTi, we use either the amount of money 
that participant i is willing to invest with the robo-advisor, INVEST_WITH_ROBO_
AMOUNTi, or the stock ratio that he or she chooses for the investment with the robo-advi-
sor, INVEST_WITH_ROBO_STOCK_RATIO i.

(3)

3  Results

3.1  Characteristics and Asset Allocation of Robo‑users vs. Robo‑avoiders

We report the mean values of the characteristics of the participants who are willing 
to invest with the robo-advisor (robo-users) and of the participants who are not willing 
to invest with the robo-advisor (robo-avoiders) in Table  3. Of the participants, 53% are 
willing to invest on average 524 Euros (out of 1,000 Euros) with the robo-advisor. This 
usage shows that our sample contains a high percentage of participants who do not pre-
clude using a robo-advisor a priori. The percentage supports our approach of using young 
adults as participants. The results of the t-tests show that robo-users show a significantly 
higher willingness to take financial risks (4.89 vs. 4.28), a higher degree of extraversion 
(3.49 vs. 3.23), more optimism (11.44 vs. 10.79), and less pessimism (7.10 vs. 7.67) than 
robo-avoiders. This difference is statistically significant at the 5% level for each of these 
characteristics.

The results of the logit regression in Table 4 show that participants with a higher will-
ingness to take financial risks, that is, a lower degree of risk aversion, are more likely to 
use a robo-advisor. The corresponding coefficient is 0.26, and the influence is statistically 
significant at the 1% level. This finding is in line with the t-test results. In contrast to the 
t-tests, however, the results of the regression analysis do not show a significant influence 
from the participants’ degree of extraversion, optimism, and pessimism. The latter effect 
is not driven by multicollinearity between risk attitude, extraversion, optimism, and pes-
simism. The untabulated results of a correlation analysis indicate no significant correla-
tion between the risk attitude and the remaining three factors (however, the latter ones are 
correlated with each other with statistical significance at the 1‰ level). Moreover, with 
statistical significance at the 1% level, the coefficient of -1.03 for INTLOCUS indicates 
higher chances that participants with a lower internal locus of control use a robo-advisor, 
that is, that people who attribute outcomes of events (e.g., investment outcomes) less to 
their own control are more likely to transfer the portfolio management to the robo-advisor. 
The results of the logit regression indicate a good model fit as 68.4% of the estimates are 

ROBO_INVESTMENT
i
= �0 + �1GENDERi

+ �2RISK_ATTITUDEi

+ �3LN(LOTTERY_RISKYi
)

+ �4LN(LOTTERY_UNCERTAINi
)

+ �5CRTi

+ �1PANASi

+ �2KNOWLEDGE
i

+ �3LOCUS_OF_CONTROLi

+ �4PERSONALITYi

+ �5LIFE_ORIENTATIONi

+ �6FINANCIAL_ADVICEi

+ �7EXPERIENCE_STOCKSi

+ �8TRUSTi
+ �6SOLELY_USING_ROBOi

+ �1,i
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correct. A post hoc test for statistical power shows high power for the regression and that 
the results are not driven by multicollinearity.8

The asset allocations of robo-users and of robo-avoiders as presented in Table  5 
again show robo-avoiders’ lower willingness to take financial risk. All differences in 
the asset allocations are statistically significant at the 1‰ level. Robo-users on average 
invest 773 Euros in stocks and bonds (including the 524 Euros they invest using the 
robo-advisor). Robo-avoiders only invest 387 Euros in stocks and bonds. Since robo-
avoiders still invest some money in stocks and bonds, not using the robo-advisor may 
indicate an active choice against the robo-advisor and not a choice against risky invest-
ments per se.

As an interim conclusion, we can state that participants with a lower degree of risk aver-
sion are more likely to use a robo-advisor. Our findings so far indicate that investors with 
a higher willingness to take financial risk have the opportunity to benefit from delegating 

Table 4  Participants’ 
characteristics as determinants 
for use of robo-advisor. We 
provide regression coefficients, 
Cragg & Uhler’s Pseudo-R2, 
and the percentage of correct 
estimates for the logit regression 
analysis using Eq. (1) with 
the decision to invest in the 
robo-advisor as the dependent 
variable. The table has the results 
for the full regression model

The symbols ****, ***, **, and * denote significance at the 1‰, 5‰, 
1%, and 5% levels, respectively; ns denotes not significant, i.e., p-val-
ues ≥ 0.05

INVEST_
WITH_
ROBO
(1)

GENDER .14
RISK_ATTITUDE .26**
LN(LOTTERY_RISKY) -.12
LN(LOTTERY_UNCERTAIN) .14
CRT .05
PANAS ns
KNOWLEDGE ns
INTLOCUS -1.03**
EXTLOCUS -.02
PERSONALITY ns
LIFE_ORIENTATION ns
FINANCIAL_ADVICE ns
EXPERIENCE_STOCKS ns
TRUST ns
�0 .71
Cragg & Uhler’s Pseudo-R2 .21
Percentage of correct estimates 68.4

8 The only variables with a variance inflation factor (VIF) higher than 10 are the pairs LN(LOTTERY_
RISKY)/LN(LOTTERY_UNCERTAIN) and EXPERIENCE_STOCK_MARKET/EXPERIENCE_STOCK_
MARKET_SATISFIED which is not surprising given that the latter variable is an interacted variable that 
includes the previous one. The VIFs for the regression models that exclude LN(LOTTERY_RISKY) and 
EXPERIENCE_STOCK_MARKET do not exceed 2.2. The corresponding regression coefficients are 
almost identical to the ones reported in Table 4. In particular, the regression coefficients for the two signifi-
cant characteristics RISK_ATTITUDE and INTLOCUS do not change considerably (.26 vs. .25 and -1.03 vs. 
-1.03), see Appendix, Table 9 for the detailed results.
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Table 5  Asset allocation of investors willing to use a robo-advisor (robo-users) and that of the remaining 
investors (robo-avoiders). We report the mean values (standard deviations in parentheses) of the amount 
of money that participants invest in stocks and bonds that is subdivided in the amount that participants 
invest with and without the robo-advisor for participants willing to use the robo-advisor (robo-users) in 
comparison to the participants not willing to use the robo-advisor (robo-avoiders). In addition, we provide 
the p-values of t-tests of equality of mean values

robo-users
(1)

robo-avoiders
(2)

p-value
(3)

AMOUNT_INVESTED_IN_
STOCKS_BONDS_FUNDS

773.61
(.242.57)

387.39
(351.95)

.000

INVEST_WITH_ROBO_AMOUNT 523.93
(242.64)

INVEST_WITHOUT_ROBO_AMOUNT 249.67
(226.46)

387.39
(351.95)

.000

N 122 109

Table 6  Asset allocation of investors who only use a robo-advisor (robo-only-investors) and of investors 
who combine the use of the robo-advisor with their own investments (robo-plus-investors). We report the 
mean values (standard deviations in parentheses) of the amount of money that participants invest in stocks 
and bonds and the stock ratio that participants choose with their asset allocation. We subdivide the sample 
into participants who invest solely with the robo-advisor (robo-only-investors) and participants who invest 
the robo-advisor in combination with other investments (robo-plus-investors). In addition, we provide the 
p-values of t-tests of equality of mean values

robo-only-investors
(1)

robo-plus-investors
(2)

p-value
(3)

AMOUNT_INVESTED_IN_
STOCKS_BONDS_FUNDS

631.75
(303.47)

842.80
(169.63)

.000

INVEST_WITH_ROBO_AMOUNT 631.75
(303.47)

471.34
(187.25)

.000

INVEST_WITH_ROBO_STOCK_RATIO 51.03
(21.00)

63.29
(19.79)

.002

INVEST_WITHOUT_ROBO_AMOUNT_
BOND INDEX FUNDS

25.12
(62.89)

INVEST_WITHOUT_ROBO_AMOUNT_
BOND MUTUAL FUNDS

19.94
(51.77)

INVEST_WITHOUT_ROBO_AMOUNT_
INDIVIDUAL BONDS

32.93
(71.24)

INVEST_WITHOUT_ROBO_AMOUNT_
STOCK INDEX FUNDS

97.07
(147.19)

INVEST_WITHOUT_ROBO_AMOUNT_
STOCK MUTUAL FUNDS

60.61
(111.46)

INVEST_WITHOUT_ROBO_AMOUNT_
INDIVIDUAL STOCKS

87.38
(127.98)

INVEST_WITHOUT_ROBO_STOCK_RATIO 74.36
(32.72)

INVEST_WITHOUT_ROBO_AMOUNT_
BALANCED MUTUAL FUNDS

48.41
(125.10)

N 40 82

105Journal of Financial Services Research (2022) 62:91–125



1 3

Table 7  Characteristics of participants who are willing to only use the robo-advisor (robo-only-investors) 
and of participants who combine the use of the robo-advisor with their own investments (robo-plus-inves-
tors). We report the mean values (standard deviations in parentheses) of the characteristics of participants 
who are willing to only use the robo-advisor (robo-only-investors) in comparison to the characteristics of 
participants who use the robo-advisor in combination with other investments (robo-plus-investors). In addi-
tion, we provide the p-values of t-tests of equality of mean values of the participants’ characteristics

robo-only-investors
(1)

robo-plus-investors
(2)

p-value
(3)

GENDER .49
(.51)

.51
(.50)

.799

RISK_ATTITUDE 4.58
(1.97)

5.04
(1.98)

.229

LOTTERY_RISKY 278.83
(631.88)

449.45
(862.22)

.222

LOTTERY_UNCERTAIN 275.19
(633.34)

338.44
(689.98)

.630

POSAFFECT 2.95
(.93)

3.28
(.88)

.058

NEGAFFECT 1.35
(.62)

1.61
(.86)

.060

CRT 3.60
(1.78)

3.71
(1.43)

.740

SCORE_FIN_KNOW 3.03
(1.76)

4.20
(2.93)

.007

KNOWLEDGE_STATISTICS 4.58
(.78)

4.21
(1.05)

.032

INTLOCUS 4.23
(.53)

4.18
(.59)

.663

EXTLOCUS 2.09
(.72)

2.17
(.63)

.503

AGREEABLENESS 3.10
(.80)

3.05
(.81)

.429

CONSCIENTIOUSNESS 3.50
(.68)

3.59
(.74)

.631

EXTRAVERT 3.44
(.88)

3.52
(.87)

.527

NEUROTICISM 2.78
(1.08)

2.93
(.89)

.736

OPENNESS 3.23
(1.10)

3.35
(.95)

.544

LIFE_ORIENTATION_OPTIMISM 11.55
(2.26)

11.39
(2.24)

.713

LIFE_ORIENTATION_PESSIMISM 7.38
(2.39)

6.96
(1.95)

.312

PERSONAL_FINANCIAL_ADVICE .15
(.36)

.27
(.45)

.112

ROBO_FINANCIAL_ADVICE .00
(.00)

.04
(.19)

.083

EXPERIENCE_STOCK_MARKET .05
(.22)

.24
(.43)

.001

EXPERIENCE_STOCK_MARKET_SATISFIED 4.00
(.00)

4.05
(.83)

.934
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investing to a robo-advisor as it provides them with the chance to establish a well-diversi-
fied portfolio and to potentially mitigate the negative effect of their own behavioral biases.

3.2  Univariate Differences Between Robo‑only‑ and Robo‑plus‑investors

Table  6 presents the mean amounts of money invested in the different asset classes by 
robo-only-investors and robo-plus-investors. Among the robo-users, 40 participants (33%) 
only invest with the robo-advisor (robo-only-investors) while 82 (67%) of the participants 
combine investing with the robo-advisor and investing in individual stocks, bonds, and 
index and mutual funds (robo-plus-investors). The t-tests on the asset allocations of these 
two groups of participants show that robo-only-investors invest a significantly smaller 
amount in stocks and bonds than robo-plus-investors (632 vs. 843 Euros). However, the 
robo-plus-investors invest a significantly lower amount via the robo-advisor (471 Euros). 
Furthermore, robo-only-investors and robo-plus-investors choose a significantly differ-
ent stock ratio for their investments with a statistical significance at the 2‰ level. While 
robo-only-investors allocate 51% of their investment amount in stocks, robo-plus-inves-
tors choose a stock ratio of 63% for investment with the robo-advisor. For the remaining 

Table 7  (continued)

robo-only-investors
(1)

robo-plus-investors
(2)

p-value
(3)

CONFIDENCE 1.88
(1.28)

2.27
(1.50)

.137

TRUST_AUTHORITIES_GENERAL 2.73
(.91)

2.52
(.80)

.238

TRUST_AUTHORITIES_FINANCIAL 3.45
(1.30)

3.44
(1.25)

.982

TRUST_COURTS 3.13
(.88)

3.00
(.80)

.436

TRUST_FINANCIAL_SERVICE_PROVIDERS 2.70
(1.11)

2.48
(.71)

.249

TRUST_FRIENDS_GENERAL 3.73
(.51)

3.74
(.54)

.853

TRUST_FRIENDS_MONETORY 3.00
(1.15)

3.21
(.86)

.317

TRUST_FRIENDS_NON-MONETORY 3.33
(1.02)

3.16
(.95)

.377

TRUST_OTHER_PEOPLE .26
(.45)

.29
(.46)

.785

TRUST_POLICE 2.83
(.75)

2.98
(.74)

.293

TRUST_PRESS 2.38
(.84)

2.62
(.92)

.156

TRUST_STIFTUNG_WARENTEST 2.70
(.88)

2.74
(.87)

.795

N 40 82
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investments without the robo-advisor, robo-plus-investors choose an even higher stock 
ratio of 74%. A paired-sample t-test between the stock ratio of investments with and with-
out the robo-advisor of robo-plus-investors shows a statistically significant difference at the 
1% level.

Besides their asset allocation, robo-only-investors and robo-plus-investors also 
differ in their characteristics. The mean values of the characteristics of robo-only-
investors and robo-plus-investors and the corresponding t-test results are presented in 
Table  7. Robo-plus-investors have better financial knowledge (4.20 vs. 3.03, signifi-
cant at the 1% level) and the greater financial experience (0.24 vs. 0.05, significant at 
the 1‰ level). On the other hand, robo-only-investors have more knowledge of sta-
tistics (4.58 vs. 4.21) with statistical significance at the 5% level. Since studies have 
shown that statistical knowledge, investment experience, and financial knowledge are 
positively related to investment performance (see Campbell et al. 2014; Corgnet et al. 
2018; Graham et  al. (2009), von Gaudecker (2015), Nicolosi et  al. 2009, Seru et  al. 
2010), our results do not indicate that robo-only-investors have better investment skills 
than robo-plus-investors or vice versa.

Table 8  Participants’ characteristics as determinants for use of robo-advisor (multinomial logistic regres-
sion, ‘No use of robo-advisor’ serves as reference). We provide exponentiated regression coefficients and 
Cragg & Uhler’s Pseudo-R2 for the multinomial logit regression analysis using Eq.  (2) with the type of 
usage of the robo-advisor as the dependent variable. Not using the robo-advisor at all serves as the refer-
ence variable. The table has the results for the full regression model

The symbols ****, ***, **, and * denote significance at the 1‰, 5‰, 1%, and 5% level, respectively; ns 
denotes not significant, i.e., p-values ≥ 0.05

robo-only-investors
(1)

robo-plus-investors
(2)

GENDER 1.04 .94
RISK_ATTITUDE 1.27 1.38***
LOTTERY_RISKY 1.00 1.00
LOTTERY_UNCERTAIN 1.00 1.00
CRT 1.05 1.12
AFFECT ns ns
SCORE_FIN_KNOW .97 1.07
KNOWLEDGE_STATISTICS 2.77*** 1.21
INTLOCUS .30 .36**
EXTLOCUS .79 1.17
PERSONALITY ns ns
LIFE_ORIENTATION_OPTIMISM 1.45* .93
LIFE_ORIENTATION_PESSIMISM 1.16 .79
FINANCIAL_ADVICE ns ns
EXPERIENCE_STOCKS ns ns
TRUST ns ns
�0(not exponential) -1.18 -.63
Cragg & Uhler’s Pseudo-R2 .402 .402
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3.3  Multivariate Results

We provide the results of multinomial logistic regressions to identify the characteristics 
that drive the decision to become a robo-only-investor or a robo-plus-investor relative to a 
robo-avoider in Table 8. The results show a positive exponentiated coefficient of 2.77 for 
the effect of statistical knowledge on the likelihood of being a robo-only-investor at the 5‰ 
level of statistical significance (1.21 and not statistically significant for robo-plus-inves-
tors). The positive relationship between the degree of optimism and being a robo-only-
investor is weak with an exponentiated coefficient of 1.45 but still significant at the 5% 
level (0.93 and not statistically significant for robo-plus-investors). Robo-plus-investors, on 
the other hand, show a higher willingness to take financial risks with an exponentiated 
coefficient of 1.38 with statistical significance at the 5‰ level and a lower internal locus of 
control with a coefficient of 0.369 that is statistically significant at the 1% level. In contrast, 
robo-only-investors are not associated with a statistically significant higher willingness to 
take financial risks (exponentiated coefficient of 1.27) or a lower internal locus of control 
(exponentiated coefficient of 0.30). The regression analysis has strong statistical power and 
is not driven by multicollinearity issues.

We perform a further logit regression for the subsample of robo-users with a binary 
dependent variable that indicates whether participants are robo-only-investors or robo-
plus-investors. The detailed results are presented in Table 10 of the Appendix. Among 
the robo-users, the participants with better statistical knowledge and a higher degree of 
optimism are more likely to only use the robo-advisor. We also find that participants 
with a higher degree of pessimism are also more likely to be robo-only-investors than 
robo-plus-investors and that is statistically significant at the 1% level. However, the test 
for statistical power shows that the regression only has marginal statistical power and 
should therefore be treated with caution. Hence, it may only serve as mild support for 
the results in Tables 7 and 8, which is why the detailed results are only presented in the 
Appendix.

In the regression analysis that uses model (3), we tried to identify the determinants of 
the amount that participants invest when using the robo-advisor and the stock ratio that 
they choose when investing with the robo-advisor. We leave the results untabulated as they 
only marginally add to our findings.10 When only using characteristics as independent var-
iables in Tobit regressions on the full sample, the results support our previous findings 
regarding the determinants of using a robo-advisor; participants with a higher willingness 
to take financial risks and a lower internal locus of control invest a higher amount with 
the robo-advisor and choose a higher stock ratio for their investments. In particular, the 
coefficients for RISK_ATTITUDE and INTLOCUS in the regression with the invested 
amount (stock ratio) as the dependent variable are 75 and -326. (7.8 and -29.5). Moreo-
ver, participants with a higher positive affect invest a higher amount with the robo-advisor 
(coefficient of 117). When we add a dummy variable that indicates whether a participant 
is a robo-only-investor or a robo-plus-investor, the significance of participants’ willingness 

10 The table is available from the authors upon request.

9 Please consider that exponentiated coefficients – reflecting odds ratios – are provided in Table 8; the non-
exponentiated coefficient of INTLOCUS is -1.03.
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to take financial risks, internal locus of control, and a positive affect stay stable or even 
slightly increase while the explanatory power of the model with the invested amount (stock 
ratio) doubles to a Pseudo  R2 of 0.06 (0.06). These findings are in line with those reported 
in Tables 4 and 8. However, the significance of these relations fully disappears when only 
using an OLS to approximate model (3) for the subsample of the 122 robo-users. The only 
relations left, with statistical significance at the 5% level and coefficients of -113 and 56, 
are that participants with a lower internal locus of control and higher positive affect invest 
a higher amount with the robo-advisor.

Assessing investors’ capacity and preferences regarding the risk and return of an invest-
ment is crucial for robo-advisors in order to propose a suitable stock ratio. When the 
dependent variable in the OLS on the subsample of robo-users is the stock ratio chosen 
for the investment through the robo-advisor, then none of the characteristics has a signifi-
cant influence. Hence, the characteristics neither directly determine the amount invested 
with the robo-advisor nor the stock ratio chosen for this investment. This lack of an effect 
indicates that only using the characteristics is not sufficient to derive the risk-return-prefer-
ences and/or the risk and return of the investors regarding the different asset classes. Con-
sequently, it is unlikely that robo-advisors would be able to provide a suitable portfolio 
proposal when solely using these characteristics at hand.

Overall, we conclude that the participants’ characteristics have a significant influence 
on the decision to (additionally) use a robo-advisor. However, further research is needed to 
better identify the factors that determine the amount invested with the robo-advisor or the 
stock ratio chosen for this investment.

4  Discussion and Conclusions

Our study focuses on younger adults as a target group for robo-advisors to analyze the 
influence of a broad range of individual characteristics on young retail investors’ decision 
to use a robo-advisor. Beyond the question of whether or not they use the robo-advisor, we 
also analyze the effect of the individual characteristics on the amount they are willing to 
invest with the robo-advisor. We use a questionnaire-based survey among 231 undergradu-
ate business students at a German medium-sized university and a series of tests of equality 
and regression analyses.

Our findings support the hypothesis that less risk-averse retail investors are 
more likely to use a robo-advisor. We also find that the characteristics of extra-
version, optimism, and pessimism are significant in univariate but not in multi-
variate analyses. Instead, participants with a lower internal locus of control are 
more likely to use the robo-advisor. In line with the idea that robo-users are less 
risk averse, we find that they invest a larger amount in stocks and bonds than 
robo-avoiders.

Thus, our findings do not provide convincing support for the idea that several widely 
used personality traits or specific trust components matter. While personality traits and 
trust affect actual investment decision-making (as shown by, e.g., Guiso et al. 2008; Oehler 
et al. 2018a), those effects indicate that they do not systematically affect the choice of the 
robo-advisor. However, the trust might also indicate that our participants do not (yet) trans-
fer it from other contexts as measured in our study to the still relatively new robo-advisors.
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When further analyzing the subsample of robo-users, we find that investors who use the 
robo-advisor and invest in risky assets on their own have better financial knowledge and 
more experience. Therefore, these investors might be either overconfident regarding their 
skills at picking assets or they might actually have better investment skills based on their 
experience (Seru et al. 2010).

Investors who solely use the robo-advisor for investments in risky assets have bet-
ter statistical knowledge and are more optimistic. This finding indicates that they might 
be actively avoiding risky investments other than those with the robo-advisor as they 
can assess the limited potential for an enhancement in portfolio performance when they 
are already invested in a diversified portfolio with the robo-advisor (Oehler and Wanger 
2020).

Our findings provide implications for researchers and practitioners alike. Research-
ers should be aware that not only retail investors’ risk attitude in the financial domain 
but also other (sometimes related) personal characteristics such as locus of control, life 
orientation, and statistical knowledge might significantly influence their decisions on 
which asset classes to invest in and which investment service provider to use. Since 
new, particularly purely digital, financial service providers have arisen in recent years, 
further research should focus on the characteristics that influence the long-term relation 
between retail investors and these new service providers, including the likelihood of 
changing them.

In addition, more analysis is necessary to determine the impact of individual 
characteristics on the amount of money an investor is willing to invest using the 
robo-advisor and on different types of portfolios beyond a simple stock–bond mix. 
It might be a promising path to investigate the latent factors that affect investors in 
the process of investment decision making (see, e.g., Yang 2013). Further research 
should also focus on other groups of potential users of robo-advisors and on further 
robo-advisors.

Providers of digital financial advice and portfolio management should consider 
further developing their business model to cater to the needs of investors with higher 
degrees of risk aversion. For instance, robo-advisors might wish to additionally offer 
advice on insurance products and real estate finance that are perceived as less risky by 
retail investors.
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Appendix

Table 9  Participant 
characteristics as determinants 
for using the robo-advisor. In 
column (1) we provide regression 
coefficients, Cragg & Uhler’s 
Pseudo-R2, and the percentage 
of correct estimates for the logit 
regression analysis using Eq. (1) 
excluding LN(LOTTERY_RISKY) 
and EXPERIENCE_STOCK_
MARKET with the decision to 
invest in the robo-advisor as 
dependent variable. In column 
(2) we provide the variance 
inflation factors (VIFs) for each 
variable or the highest VIF 
among the variables combined in 
one vector

The symbols ****, ***, **, and * denote significance at the 1‰, 5‰, 
1%, and 5% level, respectively; ns denotes not significant, i.e. p-val-
ues ≥ 0.05

INVEST_
WITH_ROBO
(1)

(Highest) VIF
(2)

GENDER .19 1.7
RISK_ATTITUDE .25** 1.6
LN(LOTTERY_UNCERTAIN) .03 1.2
CRT .05 1.3
AFFECT ns 1.6
KNOWLEDGE ns 1.4
INTLOCUS -1.03** 1.6
EXTLOCUS .00 1.5
PERSONALITY ns 1.6
LIFE_ORIENTATION ns 2.2
FINANCIAL_ADVICE ns 1.2
EXPERIENCE_STOCK_MAR-

KET_SATISFIED
-.17 1.4

TRUST ns 1.6
�0 .74
Cragg & Uhler’s Pseudo-R2 .20
Percentage of correct estimates 67.5
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Table 10  Participant 
characteristics as determinants 
for using the robo-advisor 
exclusively (conditional on 
using robo-advisor). We provide 
regression coefficients, Cragg 
& Uhler’s Pseudo-R2, and the 
percentage of correct estimates 
for the logit regression analysis 
using Eq. (2) with the decision to 
solely invest in the robo-advisor 
as dependent variable. The table 
includes the results for the full 
regression model

The symbols ****, ***, **, and * denote significance at the 1‰, 5‰, 
1%, and 5% level, respectively; ns denotes not significant, i.e. p-val-
ues ≥ 0.05
a  We only observe a significant negative effect (coefficient = -1.364; 
p-value = .039) for the variable associated with conscientiousness
b  We only observe a significant negative effect (coefficient = -1.201; 
p-value = .049) for the variable associated with trust in the police and 
a significant negative effect (coefficient = -1.605; p-value = .006) for 
the variable associated with trust in the press

SOLELY_
USING_
ROBO
(1)

GENDER 1.08
RISK_ATTITUDE -.20
LN(LOTTERY_RISKY) -.07
LN(LOTTERY_UNCERTAIN) .09
CRT -.12
AFFECT ns
SCORE_FIN_KNOW -.22
KNOWLEDGE_STATISTICS 1.06*
LOCUS_OF_CONTROL ns
PERSONALITY nsa

LIFE_ORIENTATION_OPTIMISM .75***
LIFE_ORIENTATION_PESSIMISM .73**
FINANCIAL_ADVICE ns
EXPERIENCE_STOCKS ns
TRUST nsb

�0 -1.79
Cragg & Uhler’s Pseudo-R2 .543
Percentage of correct estimates 81.8
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Questionnaire

Dear Madam or Sir,
We kindly ask you to participate in a study on investment decisions by answering the 
following questionnaire. Answering the questions will take about 30 minutes; as 
compensation you will receive 5 Euros.
Please read the following questions carefully and answer them in one go. Answer the 
questions from your point of view, i.e. how you see it. Each participant needs an individual 
user ID to be able to collect the compensation. Please fill in the following fields to create your 
user ID:

First letter of your mother’s first name:

First letter of your father’s first name:

First letter of your birthplace:

One number between 1 and 9:

One letter: 

Important!
Please detach this page carefully and keep the page as a receipt. Your 
compensation can only be paid out in return for the receipt! Enter your user ID 
in the fields on the next page. The compensation will be paid out in December 
2019.

Your information remains completely anonymous and will be destroyed after the analysis. 

Thank you for your support and your cooperation!
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P) How often do you…

Q) We would like to know which persons, groups, or institutions you trust more or 
less.
How much do you trust … [note: the order of the items in this translated version of the 
questionnaire corresponds to an alphabetical order in the German version]

0 1 2 3 4 5 6 7 8 9 10

o o o o o o o o o o o

never seldomly sometimes often very often

…lend your friends personal items (e.g. books, 

your car, your bike, etc.)? o o o o o

…lend your friends money? o o o o o

…leave the front door unlocked? o o o o o

no trust at all little trust quite some 
trust

a lot of 
trust

I don’t 

know

…your colleagues o o o o o

…government agencies o o o o o

…the federal parliament o o o o o

…the European Union o o o o o

…your own family o o o o o

…the financial supervisory authority 
(BaFin) o o o o o

…financial service providers (banks, 

insurance companies, etc.) o o o o o

…your friends o o o o o

…the courts o o o o o

…labor unions o o o o o

…churches o o o o o

…your neighbors o o o o o

…the police o o o o o

…schools and the education system o o o o o

…consumer organizations o o o o o

…large corporations o o o o o

…the press o o o o o
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Y) Please take a look at the following information provided by InvestmentRobot and 
answer the subsequent questions. 
InvestmentRobot is the ideal solution for investors who do not have much time or expertise to 
adapt their investments to the developments in financial markets:

Determine an individual investment strategy
The individual risk capacity (What losses can I afford?) and risk preference (How much risk 
am I willing to take?) are crucial for each form of investment. Both are determined by our 
investment assistant and used to determine the suitable portfolio.

Intelligent Investments – Focus on advantageous ETFs
All our investment strategies are implemented with intelligently composed and broadly 
diversified ETFs. ETFs are exchange traded funds. Their performance corresponds to the 
performance of an index, e.g. the DAX. When investing in an ETF, you as investor participate 
in the development of an entire market. Your advantage: You save a major portion of the 
usual mutual fund fees and, therefore, considerably increase your return. Compared to an 
investment in single assets, ETFs offer risk diversification across a multitude of assets 
already for small investment amounts, reducing the risk of losses.

Diversification
InvestmentRobot invests worldwide and broadly across different asset classes in ETFs. The 
diversification reduces the portfolio’s susceptibility to fluctuations, allows to capitalize on 
opportunities, and to reduce individual risks.

Optimal return
We have developed a suitable, fine balanced system of tailor-made investment strategies 
that correspond to each customer’s investment personality and corresponding return-risk 
targets. They rely on an individual mix of bonds and stocks with a stock ratio ranging 
between 10 percent and 100 percent. The realized return is convincing:

Returns of a mix of stocks and bonds with the following ratio of stocks / bonds in percent

Returns per mix of stocks and bonds per time period

time 
period

10% / 
90%

20% / 
80%

30% / 
70%

40% / 
60%

50% / 
50%

60% / 
40%

70% / 
30%

80% / 
20%

90% / 
10%

100% / 
0%

06/30/19 –
06/30/18 1.56% 1.67% 1.78% 1.90% 2.00% 2.15% 2.27% 2.36% 2.49% 2.57%

06/30/18 –
06/30/17 0.16% 0.91% 1.61% 2.35% 3.09% 3.83% 4.55% 5.27% 6.01% 6.57%

06/30/17 –
06/30/16 1.20% 2.96% 4.71% 6.44% 8.18% 9.91% 11.70% 13.50% 15.28% 16.44%

06/30/16 –
06/30/15 2.04% 0.81% 0.01% -0.78% -1.48% -2.43% -3.30% -3.85% -4.49% -5.62%

06/30/15 –
06/30/14 2.27% 3.76% 5.39% 7.02% 8.88% 10.12% 11.61% 13.09% 14.73% 15.76%

Fair costs
Issue surcharges do not exist, neither do hidden fees. This guarantees that we are 
independent while we select the investments suitable for you!

Comfortable investing

120 Journal of Financial Services Research (2022) 62:91–125



1 3

Rebalancing
Markets develop in different directions from time to time. Consequently, your portfolio will not 
correspond to your initial target allocation and the risk may shift over time. To prevent this, 
we monitor your portfolio continuously and rebalance assets when necessary. More 
specifically, we sell ETFs whose portfolio share has become too high and buy underweighted 
ETFs instead. At least once a year we automatically conduct a rebalancing to reestablish the 
initial investment ratios. Moreover, if one of the asset classes diverges by more than 10 
percent from its target weight in the meantime, we also will reestablish the initial investment 
ratios.

Advantages of asset management – Prevention of irrational behavior
Instead of deciding rationally and following a clear strategy, investor often behave too 
impulsively, myopically and too procyclically. In upward phases the inclination to firstly 
observe skeptically and missing the price increase is dominating. In this sense, less mindful 
investors invest when they are convinced of an upswing – in most cases too late and at too 
high prices. A suddenly appearing downswing then catches the investor on the wrong foot; 
and if the downtrend continues, the financial and psychological tolerance for suffering soon 
runs out. When completely frustrated, the investor sells – often at the rock bottom.   
An emotional investor, therefore, acts procyclically and improvidently buys stocks at high 
prices and sells them frustrated and scared at low prices. In this manner, a lot of money is 
burned in the long run! Instead of impulsively and procyclically trying to catch up with every 
short-term trend, it is essential to keep calm.

Facts and Figures – simply convincing
- The InvestmentRobot-portfolio is run online: Performance reports and account statements 
are provided online in the online-inbox. 
- Competitive pricing: You only pay a relative investment management fee: .04 % per month 
(.48 % p.a. with monthly settlement). All specifications are inclusive of taxes.
- InvestmentRobot is under supervision of the Federal Financial Supervisory Authority 
(BaFin), Marie-Curie-Str. 24–28, 60439 Frankfurt am Main (website: www.bafin.de).
- InvestmentRobot is the winner (overall grade: 2.0) of the recent Stiftung Warentest test on 
robo-advisors and performance champion of brokervergleich.de  

Investing with good financial judgement – Opportunities and 
Risks
Financial investments are always subject to risks. At this point, we 
would like to refer to some relevant risks associated with financial investments in general, but 
also with the products we use.

INFLATION RISK
Investments with low risks usually offer relatively low chances of high returns. The returns 
can even be so low that under circumstances the inflation rate is higher than the earned 
interest. Measured against the purchasing power, losses are possible with a relatively safe 
investment, even if one gets the money back including all agreed-upon interest payments.

BOND RISK
The risks of a bond strongly depend on the solvency of the bond issuer, which is responsible 
for the repayment. This can be a bank, a government, or a company. In general, it is 
considered a relatively low to medium risk though. Exceptions are often bonds of medium-
sized businesses and developing countries.

STOCK RISK
Investments in stocks are generally considered as being in the upper part of the risk scale. 
This results from the possibility of strong short-term up- and down-movements.

Appendix
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