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Today, an essential disruptive trend of the fourth industrial 
revolution is robo-advisors that offer innovative asset management 
services (Tao, Su, Xiao, Dai, & Khalid, 2021). They are automated 
investment platforms that use quantitative algorithms to produce 
advice to investors to help them manage their portfolios and are 
accessible to clients online (Beketov, Lehmann, & Wittke, 2018). Until 
now, there has been no comprehensive analysis of the development 
of these innovative advisors, the asset allocation methods used, and 
the performance (also concerning the Corona crisis). Thus, the paper 
takes robo-advisory-related research a step further by analyzing 
the development of robo-advisory on a global scale from 
an evolutionary point of view, at the same time focusing on 
the variety of methods applied by the advisors and the factors 
influencing their performance between 2018 and 2021 by regression 
analysis. Our results show that modern portfolio theory remains 
the primary framework used by robo-advisors, even though some 
use new approaches. The average performance of robo-advisors 
appears to beat the market benchmark, however not significantly 
during the Corona-crash period. Important factors influencing their 
performance are the number of allocation methods applied and, 
specifically, the technique of rebalancing. The findings demonstrate 
that in the context of Industry 4.0, robo-advisors can offer 
advantages not only in terms of costs and technical processes but 
also in terms of performance. 
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1. INTRODUCTION 
 
Innovative information technology is in 
the foreground of the fourth industrial revolution 
(nicknamed Industry 4.0, and also understood as 
the ―digital transformation‖ of the economy (Culot, 
Nassimbeni, Orzes, & Sartor, 2020). The speed of 
the disruption that has been advanced by Industry 4.0 
is so tremendous that some economies have found it 
challenging to keep up with the progress (Kim, 2018; 
Su, Qin, Tao, & Umar, 2020). The emergence of 
innovative technologies affects the level of 
management in firms as well as organizational and 
regional structures in a disruptive sense (Horvath & 
Szabo, 2019; Muscio & Ciffolilli, 2020). Traditional 
financial intermediaries such as banks and insurers 
are among those organizations exposed to 
substantial change resulting in new opportunities 
and new risk factors that can be put forth by this 
revolution (Tao, Su, Xiao, Dai, & Khalid, 2021; Grove, 
Clouse, & Xu, 2020). Against this backdrop, 
the adaption and diffusion of technology in 
the financial service area is expediting extremely 
fast, including a Schumpeterian shift from 
traditional to more innovative financial products 
(Liu, Li, & Wang, 2020; Ahmad, Kowalewski, & 
Pisany, 2021).  

In this regard, robo-advisors can be defined as 
FinTech institutions that offer financial services 
employing new (information) technology (see 
basically on FinTechs, Thakor, 2020; Holtfort, 
Horsch, and Schwarz, 2021; Eickstädt and Horsch, 
2021). As such, robo-advisors are considered one of 
the most important disruptive trends (re-)shaping 
the asset management industry (Tao et al., 2021; 
Siddiqui & Rivera, 2022). In a nutshell, a robo-
advisor can be defined as a mechanized investment 
platform that operates with automated algorithms to 
provide financial advice to investors (Beketov, 
Lehmann, & Wittke, 2018; Jung, Dorner, Glaser, & 
Morana, 2018). Based on this general classification 
of robo-advisors, four generations can be 
distinguished (Deloitte, 2016; Beketov et al., 2018). 

Robo-advisors of the first and second 
generation focused information transmission, 
including, for example, online questionnaires and 
proposals, thereby providing a combination of 
advice and online access to traditional asset 
management services. In contrast, robo-advisors of 
the third and fourth generation include systems that 
cover the entire investment process, starting from 
the selection of the instrument universe and 
finishing with periodic portfolio rebalancing and 
performance reporting. In doing so, these 
institutions utilize quantitative methods and 
algorithms to construct and rebalance the portfolios 
they manage (Deloitte, 2016).  

The growth prospects for these institutions are 
considerable, as different forecasts predict them to 
manage almost 2.14 trillion USD by 2023, which 
would be nearly 10% of the total global assets under 
management (Statista, 2021; Abraham, Schmukler, & 
Tessada, 2019). Overall, Industry 4.0 can lead to two 
benefits in the area of asset management (Brenner & 
Meyll, 2020): 

1. Robo advisors could provide retail investors 
access to financial advice that was unavailable for 
them before. 

2. They aim to deliver this advice at lower 
transaction costs, which could turn them more 
efficient than conventional setups (due to savings in 
fixed costs and reduced minimum investment 
requirements). 

The emergence of robo-advisory, which can be 
explained in more detail by evolutionary economics, 
gained momentum after the 2007–2008 global 
financial crisis, when tighter regulations of traditional 
banks on the one hand, and developments in 
computer science, on the other hand, increased 
incentives to develop non-bank, technology-based 
financial companies (Abraham et al., 2019). 
The ideas and fundamentals of evolutionary 
economics can be traced back to early Austrian and 
institutional economics, as represented by Menger 
(1871), Veblen (1898), Marshall (1898), Schumpeter 
(1911), Hayek (1945), and von Mises (1949), who 
provided seminal contributions. As well, 
the fundamental work of Nobel Laureate North 
(1990) on the relevance of institutions and 
institutional change, especially the effects of 
(formal/informal) rules on economic processes in 
general, contributes to a deeper understanding of 
the emergence and development of robo-advisory in 
particular.  

The first robo-advisors, i.e., US-American 
companies Wealthfront and Betterment, started 
operations already in 2008, but neither company 
offered financial advice to investors until 2010 
(Fisch, Labouré, & Turner, 2019). Wealthfront began 
as a mutual fund company and originally used 
human advisors, not robots, pursuing a business 
model based on providing high-quality asset 
management services at a lower cost and without 
the substantial minimum investments required by 
other professional advisors at that time (Ha, 2010). 
Wealthfront’s founders Andy Rachleff and Dan 
Carroll, who consequently can be seen as alert 
entrepreneurs (on the concept of the alert 
entrepreneur, see the seminal contributions of 
Kirzner, 1973, 1997), shifted the company’s focus 
after they discovered the potential that computer 
software offered for making investment advice 
accessible to more people at even lower cost (thus 
Rachleff and Carroll put an idea of new software 
technology for advisory into practice, see Fisch et al., 
2019; Wealthfront, n.d.). Betterment’s founder Jon 
Stein developed a method that automated 
the process of selecting and managing investments 
(according to Hayek, he generated a unique form of 
technological knowledge, enabling him to penetrate 
traditional banking markets; on the economic 
relevance of knowledge, see the seminal work of 
Hayek, 1945, 1973), and thus turned an abstract 
opportunity into actual market processes and even 
competitive advantage. Although Betterment claims 
to offer financial advice at a lower cost than 
traditional financial advisers, the key component of 
the company’s strategy appears to be making 
investing simple for its clients (Stein, 2016; Fisch 
et al., 2019). Meanwhile, the automated business 
models of the first robo-advisors have been imitated 
by various competitors in North America, Europe, 
and Asia (for the relevance of imitation and 
adaptation for institutional change see, Nelson and 
Winter, 1982), with the US having become the largest 
market according to assets under management 
(Statista, 2021). Altogether, it can be stated that 
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the first robo-advisors (in the sense of North they 
can be seen as new institutions, which set novel 
structures and drive market processes within the 
framework of the applicable market rules, see North, 
1990) added to the competitiveness of (financial 
advisory) market processes and structures of 
banking markets (Schumpeter, 1911, 1942) by using 
digital technology/products embedding them into 
the Industry 4.0 phenomenon and caught traditional 
financial intermediaries unaware, as particularly 
banks struggled with the consequences of the 
financial crises since 2007.  

Despite the popularity and outreach of robo-
advisors (Eule, 2018; Fisch et al., 2019), there is 
scant empirical research on their methods, 
performance, and especially factors influencing 
the latter. In this paper, we attempt to fill the gap by 
providing insights on the asset allocation/portfolio 
methods and the performance of robo-advisors of 
the third and fourth generation (only these types of 
robo-advisors can be considered as ―true‖ robo-
advisors according to their performing of portfolio 
management and optimization, see Beketov et al., 
2018). Our findings suggest that the robo-advisors 
have, on average, outperformed the benchmark 
recently (2018–2021). Moreover, the results show 
that the allocation method of rebalancing is 
advantageous for the performance of robo-advisors. 

Keeping these previous findings in mind, 
the rest of the paper is structured as follows. 
Section 2 presents a review of current literature, 
followed by an introduction to data and 
methodology in Section 3. Sections 4 and 5 present 
and discuss the results. Finally, Section 6 concludes 
the paper. 
 

2. LITERATURE REVIEW 
 
Previous research on robo-advisory topics 
predominantly focused on definitions, processes, 
characteristics/benefits, and market overviews of 
robo-advisors (Phoon & Koh, 2018; Abraham et al., 
2019; Brenner & Meyll, 2020; Jung et al., 2018; 
Torno, Metzler, & Torno, 2021). At the same time, 
robo-advisors have been focused with respect to 
problems of the (economics of) law and regulation 
(Seidt, Zaharis, & Jarrett, 2019; Treleaven, Barnettt, & 
Koshiyama, 2019; Ringe & Ruof, 2021). Regarding 
the allocation methods and especially 
the performance of robo-advisors, there is only 
scant empirical literature. Grealish and Kolm (2022) 
state in their recent paper (however without 
empirical data) that most robo-advisors build and 
manage portfolios by modern portfolio theory, while 
some robo-advisors employ other allocation 
methods like balancing portfolios. Beketov et al. 
(2018) also confirm for a dataset of 28 robo-advisors 
the relevance of the portfolio theory as most 
occurred allocation framework, modified by some 
other methods like, for example, value at risk. 
Helms, Hölscher, and Nelde (2021) analyze a sample 
of 15 US, UK, and German robo-advisors using 
different performance measures (e.g., Sharpe ratio) 
that for the US robo-advisors the Sharpe ratio is 
highest, followed by the UK. Puhle (2019) evaluate 
the performance of five German robo-advisors 
between 2015 and 2018 using Sharpe ratios. 
The findings show that no robo-advisor was able to 
beat the benchmark and the performance in 
the sample varies greatly. That performance data for 

robo-advisors are hard to find and vary widely 
confirms Scholz and Tertilt (2020) by analyzing only 
the one or two biggest robo-advisors in the US, 
the UK, and Germany. They state that by and large, 
the performance of robo-advisors seems to be 
reasonable. Finally, Torno and Schildmann (2020) 
show for a dataset of 35 robo-advisors considering 
different recommended portfolio structures (in 
terms of risk) for the months of September and 
October 2019 that within the portfolio structures 
a higher risk-affinity leads to a higher Sharpe ratio 
and vice versa. 
 

3. RESEARCH METHODOLOGY AND DATA 
 
Meanwhile, available information about robo-
advisors is tremendous and truly diverse in terms of 
topics covered and the quality of writings (Beketov 
et al., 2018). Despite this abundance, little is known 
about the core portfolio optimization, asset 
allocation methods, and the respective assets under 
management volumes of robo-advisors (as an early, 
yet small-sample primer, see Park, Ryu, and Shin, 
2016). Subsequent analyses were based on a set of 
119 companies listed as robo-advisors (information 
was derived, e.g., from www.adviserinfo.sec.gov or 
www.techfluence.eu; on the use of websites as 
a scientific method in finance, see, e.g., Adhami 
et al., 2018). This list was compiled during extensive 

prior research1 (to ensure the quality of information 
of the robo-advisor, the respective web pages of 
these robo-advisors were verified twice). The web 
pages of these robo-advisors were analyzed, and all 
of the information about the asset allocation and 
portfolio optimization methods were collected. The 
data set included robo-advisors from 18 countries, 
with 32% of the companies located in the US, 21% in 
Germany, 9% in the UK, 7% in Canada, and the 
remaining 31% in other countries (e.g., India and 
China). The robo-advisors in the dataset were 
founded between 2007 and 2021, with the average 
year being 2014 (the most frequent years are: 2014, 
2015, and 2017). Referring to the use of an active, 
passive or mixed investment strategy/allocation, 
55% of the robo-advisors work with a purely passive 
strategy (Exchange Traded Funds), 26% with a mixed 
approach (Exchange Traded Funds and active 
management funds), and 19% with a pure active 
strategy (active management funds). Regarding 
whether a bank is the parent company of the robo-
advisor, the data show that for 18% of the robo-
advisors, this is the case (above all in Germany), 
whereas the other robo-advisors work 
independently. The assets under management 
volumes of the examined robo-advisors ranged from 
1 to 161,000 million USD, with the average value 
being 5,762 million USD. 

Some robo-advisors also have specific features 
that set them apart from others. Fincite (Germany), 
Fidelity Go (the US), or Opti (Sweden), for example, 
are robo-advisors that use kind of a hybrid model by 
working with both mathematical algorithms and 
human advisors. Especially in times of crisis, such as 
the Corona pandemic and the associated price 
declines on the stock markets in spring 2020,  
this can be future-oriented for clients regarding 
the possibility of having an additional human 
advisor. Furthermore, some robo-advisors offer their 
clients mostly sustainable investments, like, for 

                                                           
1 The list is available upon request from the corresponding author. 

www.adviserinfo.sec.gov
www.techfluence.eu
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example, June (Denmark) or Sustainfolio (the US). 
The Swedish robo-advisor Robosave asks its clients 
about financial literacy as part of the investment 
process to better classify the clients’ risk attitudes. 
COCOA, an Islamic finance-oriented robo-advisor 
from Bahrain, only works with halal-compliant 
investment products. Finally, Ellevest (the US) is 
a robo-advisor specializing in women as clients. 

To analyze the frequency of the methods in 
robo-advisors (i.e., the number of robo-advisors 
applying a particular method), a table was compiled 
based on method names and definitions the robo-
advisors used to describe their methodology, 
regardless of the specificity or clarity of their 
websites. Thus, the terms ―Portfolio theory‖ or 
―Value at risk‖ refer to methodological frameworks 
that may include other more specific methods. Other 
names, such as ―Black-Litterman model‖ or ―Factor 
model‖, refer to such particular methods. Ultimately, 
the terms ―Sample portfolio‖ and ―Rebalancing‖ are 
defined generally and ambiguously, and therefore, 
the actual methods applied to derive such portfolios 
are unclear. As part of the next step in the analysis, 
the occurrences of all methods irrespective of their 
generality and definition clarity were counted (from 
one to four terms per robo-advisor). This analysis 
aimed to describe and display the overall 
methodological situation in robo-advisors. 

Furthermore, publicly available information on 
the companies’ assets under management was 
collected and related to the methods applied by 
the respective companies. This approach can 
indicate the assets under management volumes 
managed by different methods, but the results are 
only approximate, as the actual information on 
the methods’ assets under management is not 
available. All of the methods’ names were 
considered to cover the entire methodological 
landscape in this analysis. The most recent 
information on the assets under management was 
retrieved either from the companies’ websites or 
from other robo-advisor-related websites 
(e.g., www.adviserinfo.sec.gov or www.techfluence.eu).  

To evaluate the first performance insights of 
robo-advisors (the necessary information was available 
on different websites, e.g., www.nerdwallet.com, 
www.biallo.de, www.boringmoney.co.uk, or from 
individual websites of the robo-advisors analyzed); 
first, the average cumulative 3-year performance 
(this was the only performance information that was 
common to all websites) of the robo-advisors (for 
a mixed portfolio of stocks and bonds) was 
compared with a standard (Clare, O’Sullivan, 
Sherman, & Zhu, 2019) benchmark (50% Morgan 
Stanley Capital International (MSCI) World/50% 
Barclays Global Aggregate Bonds) and, on the other 
hand, the particular Corona-pandemic situation  
was taken into account by also comparing 
the performance of the robo-advisors during 
the Corona-crash in spring 2020 with this 
benchmark (this against the background to what 
extent robo-advisors/algorithms do their job well 
even in times of crisis). Finally, to gain more 
in-depth knowledge about the performance of 
robo-advisors, possible influencing factors (which 
have already been described in this section and 
document a particular relevance) are analyzed with 
regard to the 3-year cumulative long-term 
performance from March 31, 2018, to March 31, 2021 
(short-term influences on the performance are 
therefore not of great impact and longer periods are 

not yet widely available) employing a regression 
analysis (an alternative for the regression analysis 
might be — depending on the regression diagnostic — 
a specific nonparametric method, see basically 
Dickhaus, 2018; for the use of nonparametric tests 
in robo-advisory research, see Torno and 
Schildmann, 2020; Warchlewska and Waliszewski, 
2020). These influencing factors (and thus 
the independent variables) are assets under 
management, asset allocation/risk management 
method, year of foundation, country of origin, active 
or passive investment style, and whether a bank is 
involved in the robo-advisor in terms of capital 
or not. 
 

4. RESULTS 
 
The analysis of the 119 robo-advisors has shown 
that information about the asset allocation/risk 
methods is only available for 109 of them. 
The others either do not provide such information 
or do not use any formal asset allocation methods 
(this holds in particular for robo-advisors of the first 
and second generation like, e.g., US-American Robin 
Hood, British RiskSave, or French FundShop). 
Therefore, only the aforementioned 109 robo-
advisors were considered for the analysis of 
the methods used. Altogether, these 109 robo-
advisors explicitly refer to 14 various methods, most 
frequently to Markowitz’s Portfolio theory 
(Markowitz, 1952), followed by Rebalancing and 
Sample portfolios (Table 1). Among these three 
terms, only the first can be called a genuinely 
quantitative method, whereas the other two are 
general definitions provided on the companies’ 
websites, which may include various methods 
unknown to us (therefore, a general overview is 
provided hereafter). 
 

Table 1. Occurrence of different methods of 
analyzed robo-advisors (multiple answers possible) 

 

Method 
Occurrence of 

the framework in % 

Portfolio theory (diversification) 59 

Rebalancing 45 

Sample portfolio 43 

Factor investing 11 

Value at risk 7 

Artificial intelligence (neural networks) 7 

Dynamic investing  6 

Downside protection 5 

Black-Litterman model 4 

Full-scale optimization 1 

Constant proportion portfolio insurance 1 

Liability driven 1 

Behavioral finance (prospect theory) 1 

Technical analysis (moving averages) 1 

 
The analysis of the correspondence between 

the methods’ occurrence and the respective assets 
under management (if available) demonstrates that 
most robo-advised assets are managed according to 
the insights of Portfolio theory (Figure 1). 
Furthermore, we detected that comparably advanced 
methods, such as the Black-Litterman model (Black & 
Litterman, 1991), Full-scale optimization (Cremers, 
Kritzman, & Page, 2005), or factor investing (Fama & 
French, 1993), are applied to comparably high assets 
under management volumes in general, although 
the number of robo-advisors using these methods is 
small. 

www.adviserinfo.sec.gov%20
www.techfluence.eu
www.nerdwallet.com
www.biallo.de
www.boringmoney.co.uk
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Figure 1. Relation between the methods’ occurrence (%) and volumes of robo-advisors’ assets under 
management in million USD 

 

 
 

Referring to — until now rather 
underresearched — the performance of the robo-
advisors, a dataset of only 58 robo-advisors could be 
found (data on the other robo-advisors were not 
available) to get the cumulative 3-year performance 
(for a 50:50 mixed portfolio of stocks and bonds) 
from March 31, 2018, to March 31, 2021. These 
robo-advisors are based predominantly in the US, 
Germany, the UK, Canada, and India. Concerning 
the performance of the robo-advisors compared to 
a standard benchmark (as mentioned before), it 
becomes apparent (Table 2) that robo-advisors beat 
the benchmark and therefore seemed to have 
performed well. 
 

Table 2. Benchmarking the performance of 
robo-advisors (March 31, 2018, to March 31, 2021) 

 
Performance of robo-advisors Performance of the benchmark 

24.28% 20.68% 

 
In the next step, we separately analyze 

the performance of the robo-advisors with 
the aforementioned benchmark during the crash in 
spring 2020 caused by the Corona-pandemic 
situation (the dataset for this precisely selected 
period in spring 2020 was here only available for 
20 German robo-advisors and a few others, but not 
for robo-advisors in the US or the UK; furthermore, 
the data for the Corona-crash period are only 
available as separate data and not as part of 
the previously examined 3-year period). Hence, 
the period from February 1, 2020, to March 31, 2020, 
was used to analyze how the asset allocation/risk 
management systems of the robo-advisors worked in 

times of crisis, and on the other hand, how 
influential the investment style (active, mixed or 
passive) turned out during that particular period. 
Table 3 displays that, in total, the robo-advisors 
performed slightly better than the benchmark 
(taking into account the small and above all German 
sample here).  
 

Table 3. Benchmarking the performance of 
robo-advisors during the Corona-crash period 

(February 1, 2020, to March 31, 2020) 
 
Performance of robo-advisors Performance of the benchmark 

-11.36% -12.57% 

 
Finally, the results of the linear regression are 

considered. As indicated above, the assets under 
management, asset allocation/risk management 
method, year of foundation, country of origin 
(measured by two dummy variables: Germany 
compared to other countries and the US compared 
to other countries), active, mixed, or passive 
investment style (measured by two dummy 
variables: mixed compared to other investment 
styles and passive compared to other investment 
styles), and whether a bank holds shares of the robo-
advisor were considered as independent variables. 
For the asset allocation/risk management method, 
only the three methods with the highest occurrence 
(see Table 1) were used for the sake of clarity. 
A further variable refers to the number of asset 
allocation and risk management methods a robo-
advisor applies. This resulted in an overall number 
of eleven independent variables and the following 
regression equation: 

 

                                                                             
                                                                         
                                                                        

(1) 

 
Germany, US, Bank, Portfolio theory, 

Rebalancing, Sample portfolio, Mixed style, and 
Passive style are 0/1 indicator variables (dummy 
variables), and the others are metric variables. 

Evidently, it is possible to perform regression for 
those 58 robo-advisors only for which we were able 
to calculate the cumulative 3-year performance. 
Unfortunately, for a substantial part of this 
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subsample, information on assets under 
management (22) and year of foundation (4) turned 
out to be unavailable.  

Therefore, only 35 robo-advisors remain for 
the regression, 13 from Germany, 16 from the US, 
and 6 from other countries. This is a comparably 
small sample size, but the best available for the time 
being, and not unusual for the early analysis of 
innovative types of institutions compared to 
the 11 independent variables requiring thorough 
consideration of the stability of the regression 
results. For this purpose, we ran the standard 
regression diagnostics. 

First, we checked for unusual observations, i.e., 
outliers. A single observation is called unusual if 
the regression line follows a significantly different 
trend without this single observation compared with 
the regression line including this single observation. 
This results in different estimates for the regression 
coefficients, and Cook’s distance measures this 
difference to the original parameter estimates (Cook, 
1977). The higher Cook’s distance, the more unusual 
is the corresponding single observation. Another 
indicator is the leverage values (Everitt & Skrondal, 
2010). They measure the distance of the 
independent variables’ values for one observation to 
all other independent variables’ values. The higher 
the leverage values, the more unusual is 
the corresponding single observation. Both Cook’s 
distance and leverage values revealed one unusual 
observation, the robo-advisor Vanguard: the assets 
under management of Vanguard amount to 
161 billion USD, which is around four times as high 
as the second largest value of 41 billion USD 
(Schwab). Further, 161 is more than three standard 
deviations (sd = 27.8) away from the average value 
(mean = 9.1). Therefore, this observation was 
omitted from further analyses.  

Next, we checked for model misspecification, 
especially for the linearity assumption, which states 
that the relationship between dependent and 
independent variables is linear. Standard measures 
are Ramsey’s test (Ramsey, 1969) and a scatter plot 
of the regression residuals against the fitted 
regression line. If this relationship is not linear, 
a linear regression model would be an inappropriate 
approach. Non-linearity results in systematic 
deviation of the residuals from the regression line, 
which a scatter plot can reveal. Ramsey’s test 
compares the linear model with an extended model 
by adding nonlinear independent components to 
the original model. If the nonlinear independent 
components are significant, then misspecification is 
present. Both Ramsey’s test (p = 0.9122) and 
the scatter plot did not indicate any model 
misspecification, so the linearity assumption holds. 

An important assumption for the regression 
analysis is the independence of the observations 
from each other. The economic interpretation of this 
assumption is that the cumulative 3-year performance 
of each robo-advisor is independent of 
the performance of any other robo-advisor. 
Independence can be assessed by considering 

the autocorrelation of the residuals. The Durbin-
Watson test tests if a residual’s value depends on 
the value of the adjacent residual (Verbeek, 2017), 
and the (first-order) Breusch-Godfrey test (Breusch, 
1978) extends the regression model for the adjacent 
residual and tests if the adjacent residual has 
a significant effect. Both, Durbin-Watson test 
(p = 0.8055) and Breusch-Godfrey test (p = 0.5666) 
revealed no autocorrelation. 

The next assumption to be tested is 
the homoscedasticity assumption. Homoscedasticity 
means that the accuracy of the regression line is 
the same, no matter if the independent variables 
have low or high values, i.e., the explanatory power 
of the regression coefficients is the same for every 
value of the independent variables. Under 
homoscedasticity, the scatter plot of the residuals 
against the fitted line shows no pattern of 
the residuals. However, if a funnel-shaped pattern is 
present, then the variance of the residuals changes 
substantially along the regression line, indicating 
heteroscedasticity. Both the Goldfeld-Quandt test 
(Griffiths, Hill, & Judge, 1993) and the Breusch-Pagan 
test (Breusch & Pagan, 1979) test this. The Goldfeld-
Quandt test (p = 0.5267) and the Breusch-Pagan test 
(p = 0.0517), however, showed unequal results. Still, 
the scatter plot revealed no funnel-shaped pattern 
so that homoscedasticity can be assumed.  

Another critical assumption is absent (or at 
least low) multicollinearity, meaning that every 
independent variable is independent of the other 
independent variables. If one independent variable is 
dependent on all other independent variables, then 
this variable contains no additional information  
and can be omitted. For the assessment of 
multicollinearity, regression analyses are performed 
for every independent variable on all other 
independent variables. Then, the R2 values from 
these regression models are taken, and the inverses 
of (1 minus R2) are calculated. These values are 
called variance inflation factors and should not 
exceed 5. All variance inflation factors were below 
1.5, indicating no multicollinearity.  

The final assumption to be examined is 
the normality of the residuals. This is necessary for 
the test theory and the calculation of p-values and 
can be examined by the Shapiro-Wilk test (Shapiro & 
Wilk, 1965), a histogram of the residuals, and 
the quantile-quantile-plot (qq-plot). The Shapiro-Wilk 
test (p = 0.5435), the slightly right-skewed 
histogram, and the qq-plot showed no significant 
deviation from the normality of the residuals. 
Overall, the regression diagnostics showed that all 
regression assumptions listed above are met. 

As a further robustness check, regressions have 
been performed, reducing the number of 
independent variables by one. This checking has 
been done for each non-significant independent 
variable, resulting in seven reduced regressions. This 
resulted in slight changes in regression coefficients’ 
estimates and p-values, but not in significance 
levels, indicating the stability of the regression 
results, which Table 4 displays. 
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Table 4. Regression results of robo-advisors according to their cumulative 3-year performance 
 

Variable Estimate Standard error t-value p-value 

Intercept 973.70 1308.55 0.74 0.465 

Germany vs. other countries -0.46 5.15 -0.09 0.929 

US vs. other countries -3.51 4.48 -0.78 0.442 

Assets under management -0.12 0.22 -0.52 0.607 

Bank 6.38 5.93 1.08 0.293 

Number of methods -6.91 2.71 -2.55 0.018* 

Year of foundation -0.47 0.65 -0.72 0.480 

Portfolio theory 3.86 4.30 0.90 0.378 

Rebalancing 10.30 4.28 2.41 0.025* 

Sample portfolios 6.15 4.65 1.32 0.199 

Mixed style vs. active style -8.14 8.40 -0.97 0.343 

Passive style vs. active style -5.69 8.93 -0.64 0.531 

Note: *** p < 0.001, ** p < 0.01, * p < 0.05 

 
The results show a significant positive effect of 

the Rebalancing method (the other two methods also 
show positive, albeit not significant, effects). A robo-
advisor applying the Rebalancing method realized 
a significantly higher cumulative 3-year 
performance. Further, a significant adverse effect 
can be observed concerning the number of methods 
a robo-advisor applies: the more methods used, 
the lower the cumulative 3-year performance. 
 

5. DISCUSSION 
 
Table 2 has made clear that robo-advisors are able to 
outperform the benchmark on average, at least for 
the period 2018–2021. One reason for their superior 
performance could be found in their asset 
allocation/risk management method or investment 
style (active, mixed, or passive). Furthermore, it 
could be rooted in the data analysis’ innovative 
automation that leads to better investment 
screening processes and portfolio management. 
With regard to the Corona crash in spring 2020, 
Table 3 displays that on average the robo-advisors 
performed slightly better than the benchmark. This 
could be a hint for the suitability of their 
allocation/risk methods in times of crisis. However, 
a closer look at the data clarifies that robo-advisors 
applying a mixed/active style performed better  
(-9.26%) than those investing in a passive style  
(-13.22%) during this crisis period. This could be 
since, during a downswing, a more active investment 
style can consciously reduce the risk, while this does 
not work for a passive style. Altogether, it can be 
stated that since the robo-advisors did not perform 
significantly better than the benchmark in times of 
crisis, this could increase the clients’ desire for at 
least a hybrid model (combined use of robo and 
human advisors), especially in a retreating market 
(on this ―warm body effect‖, see Fisch et al., 2019). 

As the regression analysis in Table 4 has 
shown, a number of different methods for allocation 
and risk management (used at the same time) 
applied by the robo-advisor is not really 
advantageous (only the Rebalancing method for its 
own shows significant positive effects). This could 
mean that too much optimization of the asset 
allocation process by various methods does not 
bring any added value. A positive but not significant 
effect can be seen in bank ownership. Reasons for 
this could be based on more extensive funding, and 

also technology support of the robo-advisors with 
the help of the bank. Finally, it can be stated that 
the variables country of origin, assets under 
management and year of foundation tend to have 
a slightly negative impact on the performance. Thus, 
one could conclude that small robo-advisors with 
low assets under management have a better chance 
of good performance (or to put it another way: 
perhaps high volume robo-advisors are too big to 
perform). 
 

6. CONCLUSION 
 
Technological innovations have resulted in various 
disruptions in the financial services area. In this 
context, robo-advisors are a disruptive trend in asset 
management, which is linked with a rapid evolution 
(explained by evolutionary economics) of these new 
financial institutions in recent years. These 
automated investment advisors claim to offer 
various benefits to investors. Besides their assumed 
cost-effectiveness and low minimum investment 
requirements, which make them accessible to 
a larger number of investors, the robo-advisors’ 
good performance compared to the benchmark is  
to be mentioned. In addition, the analysis  
displays selected positive influencing factors  
(e.g., the Rebalancing method) on the performance. 
However, the use of various allocation methods is 
not fundamentally advantageous. Robo-advisors, 
who use not only standard methods (e.g., Portfolio 
theory) but also relatively modern methods such as, 
e.g., value at risk (like Scalable), show that precisely 
this value at risk model has proven to be vulnerable 
in the Corona crisis (Deloitte, 2020). 

There are, however, limitations to our analysis. 
On the one hand, it remains to be tested by future 
research based on a larger dataset to what extent 
robo-advisors deliver good performance in general 
and in times of crises in particular, especially 
against the backdrop of the use of different and 
modern allocation/risk methods. On the other hand, 
the regulatory framework of robo-advisors — which 
is evolving, too — should also be examined more 
closely in the future. Finally, the hybrid advisor 
model should be analyzed more intensively 
concerning future performance compared to full 
automated robo-advisors on the one hand, and 
traditional human advisors on the other hand. 
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