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ABSTRACT 

The financial services sector is undergoing substantial change due to technological inno-

vation and digitalization. Traditional banks face intensifying competition through the 

market entry of digital investment platforms that make use of automated investment advi-

sory, so-called robo advisors. Based on replica of two German robo advisors, a sample of 

96 participants assessed their intention to use such digital investment services. The results 

obtained using partial least squares (PLS) path modelling indicate that perceived useful-

ness and privacy are the most decisive factors with a one percent higher perceived useful-

ness (higher privacy) increasing usage intentions by 0.57% (0.25%). The results are robust 

to various socio-demographic and FinTech-related controls as well as alternative estima-

tion procedures such as generalized structured component analysis (GSCA). 
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1. Introduction 

The traditional banking sector is currently facing intensifying competition through the 

market entry of technology-based start-ups, so-called FinTechs, which cover various areas such 

as banking, asset & wealth management, lending, crowdfunding, insurance, trading, and handling 

of payments (see for example the overviews in Sironi, 2016, Dorfleitner et al., 2017, Gomber et 

al., 2017, Gomber et al., 2018, and Thakor, 2020). While many traditional banks struggle with 

innovations because their infrastructures are entrenched and the mindset of the organization is 

oftentimes not focused on innovation, FinTechs have the advantage that they are closer to their 

customers and can start from scratch, as they have no legacy. Moreover, FinTechs are often not 

burdened with regulatory requirements as banks are; they offer specialized products and services 

and often do not even possess a banking licence. On the other hand, FinTechs usually are rather 

young companies that are not yet established in the market and do not have a well-known brand. 

Hence, they frequently lack a sound customer base as well as trust, which is a precondition when 

it comes to financial services (Jünger and Mietzner, 2020). 

One of the under-researched areas in the field of digital finance and FinTechs identified 

by Gomber et al. (2017) and Lucey et al. (2018) are asset allocation solutions, i.e., robo advisory. 

Robo advisors use algorithms and asset allocation models to provide investment advice as well as 

discretionary investment management services. They are less costly than other options of invest-

ment advisory and give private investors the opportunity to invest in various asset classes even if 

they do not possess deep knowledge about finance and investments (Gomber et al., 2018). Based 

on a set of questions regarding risk appetite, liquidity preferences, prior experience with financial 

instruments, investment horizon and demographics, robo advisors recommend an investment 

strategy. Depending on the extent of automatization, they also provide automatic rebalancing and 

shift funds between different asset classes. This is facilitated by using artificial intelligence and 

big data applications such as machine learning (see for example Belanche et al., 2019, D’Hondt 

et al., 2020, Shanmuganathan, 2020, and Tao et al., 2021). 

Given this background, the key question is how potential users evaluate these applications 

for online investment and what impacts their decision to use them in the first place. Academic 

literature on the subject is scarce, however. Jünger and Mietzner (2020) recently addressed the 

question what drives customers to switch from traditional retail banking service providers to 

FinTechs. However, given the broad range of services provided under the umbrella term FinTech, 

this label might have different meanings to different people. Moreover, FinTechs usually focus 



2 

on one particular service offering rather than being a full-service provider. Thus, the analysis of 

Jünger and Mietzner (2020) adopts a rather generic setting and does not allow to derive specific 

managerial implications. Besides, customers might be willing to use FinTechs for some applica-

tions while relying on their bank for others. Hence, the focus on switching, i.e., exclusive reliance 

on FinTechs, limits the scope of the analysis: It remains unclear, what factors drive usage inten-

tions of FinTechs in general. The paper that comes closest to ours is Belanche et al. (2019). In 

their thought experiment, participants are told to imagine having used a robo advisor. Given that 

investment decision making in general and the usage of robo advisory in particular is an abstract 

task, it is questionable whether the instructions given by Belanche et al. (2019) allow users to 

clearly picture what a robo advisor does look like and what kind of services it may perform; the 

usage of a thought experiment rather than having participants exposed to a robo advisor obvious-

ly presents a major shortcoming which is aggravated by the fact that detailed information about 

the investment principles and algorithm of the robo advisor increase the likelihood of investors to 

delegate financial decision making to digital investment platforms (Litterscheidt and Streich, 

2020). To summarize, the question which determinants drive the acceptance and usage intentions 

of digital investment platforms is poorly understood and under-examined. 

In order to address this gap, our study adds to the scant literature on the adoption of 

FinTech services such as robo advisory in the following ways: First, we examine the main deter-

minants of acceptance of digital investment platforms to shed further light on the drivers of usage 

adoption. Second, we propose a novel way to make an abstract service such as robo advisory 

more tangible: In order to give participants a better understanding of the capabilities of robo advi-

sors, we employ replica of two German digital asset management solution platforms having the 

same appearance and offering the same information as the original FinTechs but without their 

brand names and logos so as to ensure anonymity. Participants had the chance to navigate the 

robo advisor replica and make themselves familiar with its functionality before completing an 

online questionnaire on their usage intentions and different drivers thereof. Finally, the findings 

are of managerial relevance and might be used to improve the service offering of robo advisors to 

better address customers’ needs. Accordingly, our paper is not only of interest to academics in the 

field but relevant for practitioners alike. 

The results point to perceived usefulness and perceived privacy being the most important 

drivers of the intention to use a robo advisor while content (i.e., the kind of information provided) 

and design (i.e., the visualization) have no significant impact. Moreover, usage intentions are 
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lower for females, while participants who use online banking or have previous experience with 

investment funds show higher usage intentions. Whether a robo advisor has a well-known brand 

or a banking licence does not have a significant effect on usage intentions. Likewise, subjects do 

not show higher usage intentions for those robo advisors that are a division of a traditional bank. 

The results are robust to alternative model specifications and different estimation techniques. 

The remainder of this paper is structured as follows: Section 2 presents an overview of the 

growing body of literature on robo advisory. Section 3 provides the theoretical framework, our 

data gathering process and the methodology used for our analyses, while Section 4 presents the 

empirical results of our study. Section 5 concludes. 

 

2. Related Literature 

While academic literature on FinTechs and robo advisory is scarce, it is evolving at a fast 

pace. Sironi (2016), Dorfleitner et al. (2017), Gomber et al. (2017), Gomber et al. (2018) and 

Thakor (2020) provide overviews that help to navigate the growing number of publications and to 

better understand the different business models and services. More specific research on robo ad-

visors connected to our paper is provided by Belanche et al. (2019), Jünger and Mietzner (2020), 

Bhatia et al. (2020), Brenner and Meyll (2020), D’Hondt et al. (2020), Hildebrand and Bergner 

(2020), Litterscheidt and Streich (2020), Shanmuganathan (2020), Bai (2021) and Tao et al. 

(2021). 

A first strand of literature focuses on customer acceptance of digital investment manage-

ment platforms. Belanche et al. (2019) is one of the earliest papers to study the adoption of robo 

advisory. For their analysis, they use a web survey of 765 participants from the U.S., UK and 

Portugal. Subjects were provided with some general information on robo advisors and the in-

struction to imagine having some amount of money for investment and being offered the oppor-

tunity to use a robo advisor before answering the items of the different constructs of the model 

and some socio-demographic questions (age, gender, familiarity with robo advisory). Rather than 

focusing on usage intentions and adoption of robo advisory as such, Jünger and Mietzner (2020) 

address the question what drives customers to switch from traditional retail banking service pro-

viders to FinTechs. Their findings show that financial expertise, preferences for transparency and 

trust are key drivers of switching decisions. Brenner and Meyll (2020) document a substantial 

negative relationship between robo advisory usage and the need to seek human financial advice 

for a sample of 2,000 U.S. investors. This finding is especially strong for investors concerned 
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about conflicts of interest of human financial advisors
1
 that might negatively affect the quality of 

financial advice and ultimately result in outright investment fraud. Thus, Brenner and Meyll 

(2020) conclude that especially investors who distrust human financial advisors are more prone to 

rely on robo advisory. Moreover, users of digital investment platforms tend to be less financially 

literate, younger, and among the lower income brackets. These findings are replicated for a sam-

ple of 1,762 U.S. investors by Bai (2021). Hildebrand and Bergner (2020) shed further light on 

the question how robo advisors can establish trust by contrasting non-conversational and conver-

sational robo advisors.
2
 Their findings reveal that the latter are able to increase the level of trust 

towards the digital investment platform which in turn affects investor behaviour and perception 

of the financial services firm: Not only are conversational robo advisors able to increase the like-

lihood of compliance with the investment recommendations; customers also believe that the fi-

nancial services firm acts in their best interest. Moreover, the increase in affective trust leads to a 

reallocation of assets towards conversational robo advisors. 

A second strand of literature grounded in behavioural finance evolves around the idea that 

robo advisors might have the potential to mitigate behavioural biases of investors, thus leading to 

better investment decisions. To this end, Bhatia et al. (2020) surveyed 34 Indian experts from the 

banking and financial services industry as well as non-bank financial institutions, FinTechs and 

the IT sector. The structured content analysis of the interviews shows that the current focus of 

robo advisors is to educate investors and build trust, thereby increasing the awareness level and 

acceptance of digital investment platforms. Currently, capabilities concerning risk analysis, cus-

tomer segmentation and mitigation of behavioural biases seem to be limited, though. Quantitative 

evidence concerning the mitigation of behavioural biases is provided by D’Acunto et al. (2019) 

who compare the portfolios of Indian adopters of robo advisory and non-adopters. Their results 

indicate that users of robo advisors achieve diversification benefits which holds true for both, 

undiversified and already well-diversified portfolios, with the effects being larger for the former. 

More precisely, adopters of robo advisory are less affected by disposition, trend following and 

rank effects. In a similar vein, Tao et al. (2021) show that robo advisors by far achieve a superior 

risk adjusted performance compared to pure equity, fixed income and money market funds as 

well as hybrid funds over the period 2016-2019. Furthermore, robo advisors outperform both, 

mutual funds as well as equity indices. Using artificial intelligence (AI) robo advisor alter egos 

                                                            
1 For extensive studies of financial advisory and conflicts of interest see Bolton et al. (2007), Danilov et al. (2013) 

and Burke et al. (2015). 
2 We thank one anonymous reviewer for drawing our attention to this literature. 
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that match a sample of 22,972 Belgian retail investors, D’Hondt et al. (2020) are able to show 

that especially investors with lower incomes and lower levels of education benefit from robo ad-

visory. Moreover, portfolios built by the AI alter egos substantially outperformed those of retail 

investors during the financial crisis of 2008. 

 

3. Model, Data and Methodology 

3.1 Proposed Model 

Following Belanche et al. (2019), we use the technology acceptance model (TAM) of Da-

vis (1989) which models user intentions to adopt a new technology as a result of that technolo-

gy’s perceived usefulness and perceived ease of use as the theoretical framework for our analysis. 

TAM is flexible and usually extended by additional constructs in order to adjust the model to the 

specific context (see Legris et al., 2003, for an overview). Borrowing from the e-commerce litera-

ture, we consider perceived risk to be an important determinant of the intention to use digital in-

vestment solutions. Riskiness of using robo advisors is not understood as the riskiness of the in-

vestment as such as measured by volatility, maximum drawdown, value at risk, expected shortfall 

or some other risk measure; in the context of digital investment platforms perceived risk rather 

refers to the uncertainty users are facing with respect to the digital investment management plat-

form itself: Transactions may fail or users might suffer a monetary loss due to malfunctions (see 

Pavlou, 2003, and Wu and Wang, 2005). 

Another concern arising from performing monetary transactions online is privacy. During 

financial transactions, sensitive data is transferred from one point to another and is therefore vul-

nerable to information leakage. Examining customer choice of different channels for financial 

services, Black et al. (2002) show that people are especially reluctant to disclose personal or con-

fidential financial information using the internet. This is further underlined by Poon (2008) who 

finds privacy and security to be the main determinants of user adoption of e-banking services. 

Likewise, Susanto et al. (2016) find perceived security and privacy to be significant predictors 

when it comes to the decision whether to continue usage of smartphone banking services. It is 

intuitive that customers are more likely to use an investment platform if they consider their data 

and assets to be handled safely and with confidentiality. 

In addition to the two e-commerce specific variables, we consider content, design, and as-

sessment of risk preferences as platform specific variables. Pikkarainen et al. (2004) and Poon 

(2007) show that informative content is an important determinant of customer usage of online 
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banking services. Investment decision making is an activity which requires solid information. On 

the one hand, there is information that is legally required to be provided to customers. On the 

other hand, customers voluntarily seek additional information. In a traditional brick-and-mortar 

banking setting, customers usually prefer face-to-face interactions with a trustworthy financial 

advisor (Black et al., 2002). However, direct face-to-face interaction is at odds with the idea of 

robo advisory and automated asset allocation. Hence, the lack of personal interaction needs to be 

compensated for by providing all the content customers need for their decision making.
3
 

Besides providing the content itself, we expect the way in which the content is presented 

to influence usage intentions. Design refers to the appearance of the application, i.e. the user in-

terface (Shanmuganathan, 2020), and helps to structure the content and make it easier to compre-

hend. If the design is appealing, customers are more inclined to spend time on the website and 

perceive it to be more credible. In the context of online banking, Poon (2008) refers to design as 

attractiveness of screen layouts, graphics, and colour configurations. The design aspect is espe-

cially important in the context of robo advisory, as FinTechs in general focus on innovative de-

signs of their user interfaces as a major selling proposition (Shanmuganathan, 2020). 

Before customers are able to use any digital investment management solution, they are re-

quired to go through an onboarding process where several questions with regards to their willing-

ness to take losses are being asked (see for example Tertilt and Scholz, 2018). The aim is to elicit 

their risk aversion. Hence, we are interested in examining the degree to which the robo advisor is 

able to assess a customer’s risk aversion and propose an investment strategy that reflects these 

risk preferences: When the recommended investment strategy contains more risk than customers 

are willing to tolerate, they might be worried about their savings and feel uneasy so that the inten-

tion to use robo advisory will be less likely. Likewise, if customers are willing to take higher 

risks in order to achieve a higher return, they will be disappointed if the recommended strategy 

contains less risk and hence falls short of their return expectations. The second case is even more 

precarious as in the context of robo advisors customers usually can self-select a strategy that con-

tains less risk than recommended but are not able to choose upwards. In fact, Tertilt and Scholz 

(2018) show that some questions asked when assessing an investor’s risk profile do not seem to 

influence the risk categorization at all and that the equity exposure recommended by robo advi-

sors generally tends to be conservative, thus reducing the expected return. 

                                                            
3 The usage of so-called “conversational” robo advisors using chatbots (see Hildebrand and Berger, 2020) might 

provide an alternative. 
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Moreover, we control for both, socio-demographic (gender, age, whether the subject is a 

student or not, highest academic degree, financial literacy, monthly assets, experience with online 

deposits and experience with investment funds) and FinTech-specific (having a well-known 

brand, having a banking licence and being the division of a bank) variables. 

Please note that we are not able to assess actual usage; thus, our key dependent variable is 

the intention to use digital investment platforms. Figure 1 summarizes our model: Perceived ease 

of use and perceived usefulness are the key constructs we borrow from the technology acceptance 

model, perceived risk and perceived privacy are e-commerce specific determinants, whereas con-

tent, design and assessment of risk preferences are platform specific determinants. 

 

– Please insert Figure 1 about here – 

 

3.2 Data Collection and Sample Composition 

We collected data between 13 and 28 February 2018 making use of two German FinTechs 

offering robo advisory and operating since three to four years to empirically analyze the proposed 

model. In order to assure anonymity, we built replica of the respective websites but removed all 

labels, names and logos. We then randomly assigned participants to one of the two platforms. 

Participants first went through the onboarding process, since the recommended investment strate-

gies depend on the answers given to questions concerning risk preferences, investment horizon 

and liquidity needs in this stage. Next, participants were able to navigate the platform and famil-

iarize themselves with the different functionalities. Subsequently, the determinants for technolo-

gy acceptance as well as socio-demographic characteristics were surveyed. Screenshots from the 

robo advisor replica are presented in Appendix A while the specific items included in the ques-

tionnaire and a description of the variables are available in Appendix B. 

In total, we obtained 96 usable observations, consisting of 37 (38.54%) female and 59 

(61.46%) male participants. The average age of the participants is 28.68 years, ranging from 19 to 

69 years, which is in line with the age of respondents reported in the analysis of Jünger and 

Mietzner (2020). 48 respondents (50.00%) have experience with online securities deposits while 

only 34 participants (35.42%) have experience with investment funds. Given that according to the 

Deutsche Bundesbank’s most recent “Panel on Household Finances (PHF)” only 16% of German 

households own mutual funds (Deutsche Bundesbank, 2019), this number seems reasonable. The 

low percentage of investment fund ownership reflects the fact that German households prefer 
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liquid investments over mutual funds and direct share investments. With regards to monthly liq-

uid funds available after deduction of all regular costs, participants could group themselves into 

different brackets. 48 participants (50.00%) reported monthly assets below EUR 399. This num-

ber is driven by 58 respondents (60.42%) being students. As digital asset management solutions 

are appealing to young investors with low account balances and limited personal wealth (Polyak, 

2015, Dorfleitner et al., 2017, and Bain, 2019), our sample seems representative for the target 

group of robo advisors. Table 1 summarizes the composition of our sample. 

 

– Please insert Table 1 about here – 

 

3.3 Methodology 

We use partial least squares (PLS) path modelling
4
 to analyze our model of technology 

acceptance of digital investment platforms. While it is possible to use alternatives such as princi-

pal component regression (see Jünger and Mietzner, 2020), PLS is better suited if the purpose of 

the analysis is to predict some endogenous variable rather than testing theory and offers the ad-

vantage of being able to work with small samples and data that is not normally distributed (Jör-

eskog and Wold, 1982, Lohmöller, 1989, and Chin, 1998).
5
 More precisely, the minimum sample 

size should be equal to the larger of ten times the largest number of path coefficients directed 

toward an endogenous construct (largest structural equation) or ten times the largest number of 

formative items, in case the model includes formative constructs (largest measurement equation) 

(Chin, 1998, and Hair et al., 2011). With a maximum of 7 exogenous constructs pointing towards 

usage intention in our baseline model (see Figure 1), our sample meets this criterion. 

PLS recently gained increasing acceptance in banking and finance research with applica-

tions including construction of sentiment indices (Huang et al., 2015, and Xu and Zhou, 2018), 

the assessment of the impact of macroeconomic variables on exchange rate volatility (Adusei and 

Gyapong, 2017),  prediction of financial distress (Mselmi et al., 2017), transmission of systemic 

risk and stress testing (Avkiran et al., 2018), and the analysis of credit relationships between sav-

ings banks and small and medium-sized enterprises (SMEs) (Hirsch et al., 2018).
6
 

 

 

                                                            
4 All estimations are run using SmartPLS 3 (Ringle et al., 2015). 
5 Please note that Hadi and Ling (1998) explicitly caution against the use of principal component regression. 
6 For further examples see the edited volume by Avkiran and Ringle (2018). 
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4. Results 

4.1 Reliability and Validity Assessment of Measurement Models 

We model the latent constructs using reflective indicators for the measurement models. 

Except for items PEASE02, DESIGN01, DESIGN02, DESIGN03 and PERPRIV04, the mini-

mum indicator reliability threshold of 0.50 required by Fornell and Larcker (1981) is met, as the 

indicator loadings are ≥ 0.70 (see Table 2). Internal consistency is given for all scales, as the 

values for Cronbach’s 𝛼 (Cronbach, 1951, and Cortina, 1993) and Jöreskog’s 𝜌 (Jöreskog, 1971, 

Werts et al., 1974, and Fornell and Larcker, 1981) exceed 0.70. Please note that the loadings of 

PEASE02 and PERPRIV04 are statistically significant at the 10% and 1% level, respectively. 

Furthermore, both items possess small predictive relevance as to Stone-Geisser’s 𝑄2 (Geisser, 

1974, 1975, and Stone, 1974). Accordingly, we decided to not remove the two items from the 

analysis.
7
 To summarize, with the exception of the measurement model for 𝐷𝐸𝑆𝐼𝐺𝑁, internal 

consistency, composite reliability and predictive validity are given. 

 

– Please insert Table 2 about here – 

 

We next look at convergent validity, i.e., the consistency of items measuring a latent con-

struct, and discriminant validity in order to assess construct validity (Cronbach and Meehl, 1955, 

and Peter, 1981). With the exception of 𝐷𝐸𝑆𝐼𝐺𝑁, the average variance extracted (AVE) for all 

constructs exceeds the minimum threshold of 0.50 (Fornell and Larcker, 1981, and Chin, 1998) 

so that convergent validity is given. Likewise, all construct correlations are lower than the square 

root of the AVE (see Table 3, Panel A), so that discriminant validity is given as to the Fornell-

Larcker criterion (Fornell and Larcker, 1981). This is further supported by the heterotrait-

monotrait (HTMT) criterion proposed by Henseler et al. (2015), as the heterortrait-monotrait rati-

os of correlations are well below 0.90 (see Table 3, Panel B). In summary, construct validity 

seems acceptable. 

 

– Please insert Table 3 about here – 

 

 
                                                            
7 Dropping PEASE02 and PERPRIV04 does neither change the reliability nor the validity of the scale. Likewise, 

exclusion of these items does neither change the magnitude nor the significance of the path coefficients of the struc-

tural model. 
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4.2. Assessment of Structural Model 

4.2.1 Main Results 

Table 4 presents the estimates of both, direct and total effects, for the baseline model as 

depicted in Figure 1, as well as alternative model specifications when removing insignificant 

paths. The baseline specification in column (1) shows that the explained variance for usage inten-

tion (𝐼𝑁𝑇𝑈𝑆𝐸), our main variable of interest, as judged by the 𝑅2 of 0.454 is moderate (Chin, 

1998). Moreover, Stone-Geisser’s 𝑄2 (Geisser, 1974, 1975, and Stone, 1974) of 0.320 shows that 

the model has medium predictive validity. With regards to the explanatory variables, the intention 

to use robo advisory is mainly driven by perceived usefulness (𝑃𝑈𝑆𝐸) and perceived privacy 

(𝑃𝐸𝑅𝑃𝑅𝐼𝑉) which both have a positive impact; the effect size as judged by the 𝑓2 value is mod-

erate (weak) for 𝑃𝑈𝑆𝐸 (𝑃𝐸𝑅𝑃𝑅𝐼𝑉). 

It is interesting to note that perceived ease of use (𝑃𝐸𝐴𝑆𝐸) as one of the core variables of 

the technology acceptance model has no significant effect on usage intentions. This might be ex-

plained by the fact that perceived usefulness fully mediates the effect of perceived ease of use on 

usage intention (see Zhao et al., 2010, and Nitzl et al., 2016): The mean of the indirect effect 

which we get from multiplying the path coefficients from 𝑃𝐸𝐴𝑆𝐸 to 𝑃𝑈𝑆𝐸 and from 𝑃𝑈𝑆𝐸 to 

𝐼𝑁𝑇𝑈𝑆𝐸 over all 5,000 Bootstrap samples is 0.316 with a standard error of 0.087 which yields a 

pseudo 𝑡-value of 3.630 indicating statistical significance at the 1% level. Likewise, the 95% 

Bootstrap confidence interval (two-sided test) for the indirect effect (MacKinnon et al., 2004, and 

Wood, 2005) has a lower (upper) bound of 0.166 (0.504) so that 0 is not included. 

The three platform-specific variables 𝐶𝑂𝑁𝑇𝐸𝑁𝑇, 𝐷𝐸𝑆𝐼𝐺𝑁 and 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 do not have 

a significant effect on usage intentions. As the measurement models of 𝐶𝑂𝑁𝑇𝐸𝑁𝑇 and 

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 meet the reliability and validity criteria usually used to assess the scales (see Ta-

bles 2 and 3), the two variables do not seem to be primary drivers of the intention to use robo 

advisory. However, please note that the scale for 𝐷𝐸𝑆𝐼𝐺𝑁 does not pass the reliability and validi-

ty assessment. Removing either 𝐶𝑂𝑁𝑇𝐸𝑁𝑇 (model (2)) or 𝐶𝑂𝑁𝑇𝐸𝑁𝑇 and 𝐷𝐸𝑆𝐼𝐺𝑁 simultane-

ously (model (3)) does not change the results with regards to our main variable of interest, 

𝐼𝑁𝑇𝑈𝑆𝐸. For the e-commerce specific variables we find a positive effect of perceived privacy 

(𝑃𝐸𝑅𝑃𝑅𝐼𝑉) on usage intention which is significant at the 10% level while we find a negative but 

insignificant effect of perceived risk (𝑃𝐸𝑅𝑅𝐼𝑆𝐾). As in this case the indirect effect is insignifi-

cant and the 95% Bootstrap confidence interval includes 0, this finding cannot be attributed to 

mediation. 
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– Please insert Table 4 about here – 

 

4.2.2 Impact of Socio-Demographic and FinTech Controls 

In order to assess the robustness of our results, we add socio-demographic controls and re-

estimate our baseline model. The results presented in Table 5 show that controlling for socio-

demographic variables does not change our main findings: The intention to use robo advisory is 

mainly driven by the perceived usefulness and perceived privacy of such a service. Interestingly 

and in contrast to Belanche et al. (2019), women have a lower usage intention than men as indi-

cated by the strong negative path coefficient of -0.315 for 𝑆𝐸𝑋 that is statistically significant at 

the 1% level. If adoption of robo advisory is perceived to be risky, this result is in line with gen-

eral findings that women are more risk averse than men (see for example Brooks et al., 2019). 

Furthermore, respondents that have experience with using online deposits (𝑂𝑁𝐿𝐷𝐸𝑃) or invest-

ment funds (𝐼𝑁𝑉𝐹𝑈𝑁𝐷) have significantly higher usage intentions. Please note that when both 

control variables are added simultaneously the two effects cannot be isolated so that the impact of 

𝐼𝑁𝑉𝐹𝑈𝑁𝐷 on 𝐼𝑁𝑇𝑈𝑆𝐸 is no longer significant. However, unlike Jünger and Mietzner (2020), 

we do not find financial literacy to have any influence on usage intentions: The path coefficient 

of 0.029 for 𝐹𝐼𝑁𝐿𝐼𝑇 is neither of economic nor of statistical significance. 

 

– Please insert Table 5 about here – 

 

As a second robustness check, we control for FinTech characteristics. More precisely, we 

re-estimate our baseline model when adding variables that assess whether respondents would be 

more willing to make use of the digital investment platform when the robo advisor has a well-

known brand (𝐵𝑅𝐴𝑁𝐷), the robo advisor has a banking licence (𝐿𝐼𝐶𝐸𝑁𝐶𝐸) or when the platform 

is a division of a traditional bank (𝐵𝐴𝑁𝐾𝐷𝐼𝑉). Again, our main result that 𝐼𝑁𝑇𝑈𝑆𝐸 is mainly 

driven by perceived usefulness and perceived privacy does not change. Moreover, none of the 

three FinTech controls has a significant effect on usage intentions (see Table 6); when added 

simultaneously, we find that 𝐵𝑅𝐴𝑁𝐷 has a negative effect on 𝐼𝑁𝑇𝑈𝑆𝐸. However, some caveat 

seems appropriate, as the negative path coefficient of -0.187 is statistically significant at the 10% 

level only. 

 

– Please insert Table 6 about here – 
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4.2.3 Usage of Generalized Structural Component Analysis 

As a last robustness check, we follow Avkiran (2018) and Avkiran et al. (2018) and re-

estimate our model using generalized structured component analysis (GSCA)
8
 introduced by 

Hwang and Takane (2004, 2014). The choice of generalized structured component analysis is 

driven by both, PLS and GSCA being variance-based methods, latent variables being modelled as 

components rather than factors and the main application being prediction rather than theory test-

ing. 

The detailed results are presented in Appendix D. With regards to overall model assess-

ment, PLS and GSCA both provide a coefficient of determination of the same magnitude for 

𝐼𝑁𝑇𝑈𝑆𝐸, our main variable of interest (𝑅𝑃𝐿𝑆
2 : 0.454; 𝑅𝐺𝑆𝐶𝐴

2 : 0.453), and 𝑃𝐸𝑅𝑅𝐼𝑆𝐾 (𝑅𝑃𝐿𝑆
2 : 0.140; 

𝑅𝐺𝑆𝐶𝐴
2 : 0.141). Only for 𝑃𝑈𝑆𝐸 do we find a slightly lower coefficient of determination when us-

ing GSCA for the estimation (𝑅𝑃𝐿𝑆
2 : 0.290; 𝑅𝐺𝑆𝐶𝐴

2 : 0.232). Likewise, there are no fundamental 

differences with regards to size and significance of the path coefficients with the exception of 

perceived privacy: Although of a similar magnitude, the direct effect of 𝑃𝐸𝑅𝑃𝑅𝐼𝑉 on 𝐼𝑁𝑇𝑈𝑆𝐸 is 

no longer statistically significant (𝑡-value of 1.557). Similarly, the assessment of the measure-

ment models does not reveal any profound differences. In summary, the re-estimation using gen-

eralized structured component analysis strengthens the robustness of the results obtained by par-

tial least squares. 

 

5. Conclusion 

This paper analyses the usage intentions of digital investment platforms and complements 

previous research by Belanche et al. (2019) and Jünger and Mietzner (2020) thus contributing to 

the scarce literature on robo advisor adoption. Using an extended version of the technology ac-

ceptance model (Davis, 1989), we investigate which factors increase usage intentions. In order to 

give participants a better understanding of the capabilities of digital investment platforms and 

make their abstract services more tangible, we propose the usage of replica of two robo advisors. 

The results suggest that perceived ease of use and privacy are the two main drivers of us-

age intentions with the former being particularly important, as the overall impact is more than 

twice as large (0.584 vs. 0.269). Moreover, we find that usage intentions of females are signifi-

cantly lower (by about 23%-32%, depending on whether all socio-demographic controls are in-

cluded or 𝑆𝐸𝑋 is the only socio-demographic control), which is somewhat lower than the 43% of 

                                                            
8 The estimation is run using web gesca 1.5 (Hwang et al., 2019). 
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female robo advisory users documented by Brenner and Meyll (2020) but in line with D'Acunto 

et al. (2019) who find that 71% of robo advisor adopters in their sample are male. Although not 

statistically significant, the negative conditional effects of 𝐴𝐺𝐸, 𝐹𝐼𝑁𝐿𝐼𝑇 and 𝐴𝑆𝑆𝐸𝑇𝑆𝐿𝑂𝑊 when 

including all socio-demographic controls simultaneously corroborate previous results of Brenner 

and Meyll (2020) that users of digital investment platforms tend to be younger, less financially 

literate and among the lower income brackets. The finding that customers do not differentiate 

between robo advisors with and without banking licence or those being a division of a bank 

might seem puzzling only at first sight: While checking accounts are protected up to EUR 

100,000 as to the German deposit insurance scheme in case a bank goes bankrupt, this coverage 

does not extend to securities custody accounts so that there is a level playing fields with regards 

of ownership of a banking licence. Moreover, the erosion of trust during the financial crisis (see 

Burke and Hung, 2015, and van der Cruijsen et al., 2016) might play to the advantage of 

FinTechs rather than banks, which supports the finding of Brenner and Meyll (2020) that inves-

tors who distrust human financial advisors are more prone to rely on robo advisory.  

Besides addressing a gap in the academic literature, our results bear the following mana-

gerial implications: When trying to attract customers to their digital investment management plat-

forms, providers of robo advisory should clearly emphasize the usefulness and privacy of their 

service offerings, as these two factors are the main drivers of usage adoption. Moreover, when it 

comes to customer segmentation, females are more reluctant to use robo advisory, which might 

be due to women caring less about financial investment or being more risk averse than men (see 

Brooks et al., 2019, for a recent example). Accordingly, special initiatives targeted at women are 

needed if the aim is to tap into this underserved customer group and attract more female users to 

digital investment platforms. Furthermore, while not being able to benefit from having a banking 

licence or a strong brand, traditional banks adding robo advisory to their service portfolio might 

be able to transfer their online banking customers and those having prior experience with invest-

ment funds to their digital asset management platforms. In light of customer acquisition costs 

between 300 and 1,000 USD per new customer (Wong, 2015), we hope that our findings provide 

some useful information for managerial decisions in the digital asset management industry. Given 

that investors who use robo advisory are able to better diversify their portfolios thus achieving 

higher returns and less volatility (D’Acunto et al., 2019) and the strong growth of this FinTech 

segment with estimates of the assets under management ranging from 3 billion to 600 billion 

EUR for Germany in 2035 (Dorfleitner et al., 2017), more studies are needed in order to assess 
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the robustness of our findings. Moreover, the majority of research on FinTechs and robo advisors 

focuses on single country studies. Thus, international studies across countries might help to foster 

our understanding of the cultural differences and determinants important to users when it comes 

to acceptance of digital asset management solutions. We leave this for future research. 
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Figure 1: Proposed Model 
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Table 1: Composition of Sample 

 

 N % 

Panel A: Sex 

Female 37 38.54 

Male 59 61.46 

Panel B: Online Securities Depot 

Experience 48 50.00 

No Experience 48 50.00 

Panel C: Investment Funds 

Experience 34 35.42 

No Experience 62 64.58 

Panel D: Occupation 

Student 58 60.42 

Employee 29 30.21 

Self-employed 5 5.21 

Civil servant 3 3.13 

Other 1 1.04 

Panel E: Highest Academic Degree 

No degree 24 25.00 

Bachelor 37 38.54 

Master/Diplom 29 30.21 

Other 6 6.25 

Panel F: Monthly Assets 

< EUR 100 2 2.08 

EUR 100 - EUR 199 13 13.54 

EUR 200 - EUR 299 12 12.50 

EUR 300 - EUR 399 21 21.88 

EUR 400 - EUR 499 6 6.25 

EUR 500 - EUR 999 19 19.79 

> EUR 1,000 23 23.96 

 

This table presents the composition of the sample as to socio-demographic indicators. Monthly assets refers to 

monthly liquid funds after deduction of all regular costs. 
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Table 2: Assessment of Measurement Models – Internal Consistency, Composite Reliability, Convergent Validity and Predictive Validity 

 

Construct Item Loading 𝑡-Value Indicator 

Reliability 

Cronbach’s 

𝛼 

Jöreskog’s 

𝜌 

AVE Stone-

Geisser 𝑄2 

𝐼𝑁𝑇𝑈𝑆𝐸 INTUSE01 0.920*** 47.909 0.846 0.863 0.916 0.785 0.592+++ 

 INTUSE02 0.842*** 19.227 0.709    0.473+++ 

 INTUSE03 0.894*** 34.277 0.799    0.564+++ 

𝑃𝐸𝐴𝑆𝐸 PEASE01 0.936*** 23.924 0.876 0.806 0.853 0.612 0.471+++ 

 PEASE02 0.389* 1.951 0.151    0.111+ 

 PEASE03 0.773*** 7.369 0.598    0.398+++ 

 PEASE04 0.907*** 12.891 0.823    0.628+++ 

𝑃𝑈𝑆𝐸 PUSE01 0.936*** 51.673 0.876 0.918 0.948 0.860 0.693+++ 

 PUSE02 0.918*** 37.016 0.843    0.660+++ 

 PUSE03 0.928*** 52.944 0.861    0.661+++ 

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 CONT01 0.888*** 3.153 0.789 0.853 0.906 0.765 0.479+++ 

 CONT02 0.946*** 3.672 0.895    0.472+++ 

 CONT03 0.782** 2.547 0.612    0.410+++ 

𝐷𝐸𝑆𝐼𝐺𝑁 DESIGN01 0.310 0.666 0.096 0.773 0.568 0.310 -0.184 

 DESIGN02 0.289 0.602 0.084    0.155+ 

 DESIGN03 0.328 0.759 0.108    -0.048 

 DESIGN04 0.977** 2.072 0.955    -0.044 

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 RISKASSESS01 0.931*** 5.874 0.867 0.854 0.907 0.767 0.575+++ 

 RISKASSESS02 0.939*** 5.644 0.882    0.662+++ 

 RISKASSESS03 0.744*** 2.934 0.554    0.359+++ 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 PERPRIV01 0.876*** 18.250 0.767 0.741 0.855 0.668 0.492+++ 

 PERPRIV02 0.922*** 40.526 0.850    0.510+++ 

 PERPRIV03 0.622*** 4.914 0.387    0.102+ 

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 PERRISK01 0.839*** 15.908 0.704 0.891 0.924 0.752 0.488+++ 

 PERRISK02 0.906*** 31.753 0.821    0.594+++ 

 PERRISK03 0.851*** 15.786 0.724    0.590+++ 

 PERRISK04 0.871*** 19.019 0.759    0.593+++ 

 

This table presents the assessment of the measurement models as to their internal consistency, composite reliability, convergent validity and predictive relevance. 

Bootstrapped 𝑡-values (2-sided test) based on 5,000 Bootstrap samples (Efron, 1979). AVE: Average variance extracted. ***/**/* indicates statistical significance at 

the 1%/5%/10% level. +++/++/+ indicates high/medium/small predictive relevance. 𝐼𝑁𝑇𝑈𝑆𝐸. Usage intention. 𝑃𝐸𝐴𝑆𝐸: Perceived ease of use. 𝑃𝑈𝑆𝐸: Perceived 

usefulness. 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: Content provided by the robo advisor. 𝐷𝐸𝑆𝐼𝐺𝑁: Design of the user interface of the robo advisor. 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆: Risk assessment. 𝑃𝐸𝑅𝑃𝑅𝐼𝑉: 

Perceived privacy. 𝑃𝐸𝑅𝑅𝐼𝑆𝐾: Perceived risk. 
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Table 3: Assessment of Measurement Models – Discriminant Validity 

 

 𝐼𝑁𝑇𝑈𝑆𝐸 𝑃𝐸𝐴𝑆𝐸 𝑃𝑈𝑆𝐸 𝐶𝑂𝑁𝑇𝐸𝑁𝑇 𝐷𝐸𝑆𝐼𝐺𝑁 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 𝑃𝐸𝑅𝑃𝑅𝐼𝑉 𝑃𝐸𝑅𝑅𝐼𝑆𝐾 

Panel A: Fornell-Larcker Criterion 

𝐼𝑁𝑇𝑈𝑆𝐸 0.886        

𝑃𝐸𝐴𝑆𝐸 0.232 0.782       

𝑃𝑈𝑆𝐸 0.620 0.539 0.927      

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 0.122 0.562 0.279 0.874     

𝐷𝐸𝑆𝐼𝐺𝑁 0.136 0.352 0.335 0.419 0.557    

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 0.191 0.318 0.290 0.541 0.256 0.876   

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 0.497 0.318 0.509 0.259 0.297 0.313 0.817  

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 -0.305 -0.058 -0.345 -0.043 -0.029 -0.110 -0.374 0.867 

Panel B: Heterotrait-Monotrait Ratio 

𝐼𝑁𝑇𝑈𝑆𝐸         

𝑃𝐸𝐴𝑆𝐸 0.241        

𝑃𝑈𝑆𝐸 0.688 0.485       

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 0.151 0.732 0.310      

𝐷𝐸𝑆𝐼𝐺𝑁 0.157 0.729 0.270 0.833     

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 0.218 0.432 0.333 0.677 0.674    

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 0.609 0.369 0.587 0.323 0.379 0.396   

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 0.326 0.085 0.374 0.075 0.083 0.143 0.447  

 

This table presents the Fornell-Larcker criterion (Fornell and Larcker, 1981) in Panel A and the heterotrait-monotrait ratio (Henseler et al., 2015) in Panel B. In Panel 

A, the square root of the average variance extracted (AVE) is displayed in the main diagonal in bold print and the construct correlations are presented underneath. 

𝐼𝑁𝑇𝑈𝑆𝐸. Usage intention. 𝑃𝐸𝐴𝑆𝐸: Perceived ease of use. 𝑃𝑈𝑆𝐸: Perceived usefulness. 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: Content provided by the robo advisor. 𝐷𝐸𝑆𝐼𝐺𝑁: Design of the 

user interface of the robo advisor. 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆: Risk assessment. 𝑃𝐸𝑅𝑃𝑅𝐼𝑉: Perceived privacy. 𝑃𝐸𝑅𝑅𝐼𝑆𝐾: Perceived risk. 
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Table 4: Baseline Model and Alternative Specifications 

 

 Direct Effects Total Effects 

 (1) (2) (3) (1) (2) (3) 

Endogenous Variable: Usage Intention 

𝑃𝐸𝐴𝑆𝐸 -0.138 

(0.996) 

[0.018] 

-0.142 

(1.111) 

[0.019] 

-0.154 

(1.402) 

[0.028]+ 

0.176 

(1.141) 

0.164 

(1.126) 

0.153 

(1.196) 

𝑃𝑈𝑆𝐸 0.584 

(4.211)*** 

[0.326]++ 

0.567 

(4.535)*** 

[0.313]++ 

0.570 

(4.441)*** 

[0.320]++ 

0.584 

(4.211)*** 

0.567 

(4.535)*** 

0.570 

(4.441)*** 

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 0.006 

(0.048) 

[0.000] 

-0.025 

(0.198) 

[0.001] 

 0.006 

(0.048) 

-0.025 

(0.198) 

 

𝐷𝐸𝑆𝐼𝐺𝑁 -0.093 

(0.760) 

[0.012] 

  -0.093 

(0.760) 

  

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 0.002 

(0.020) 

[0.000] 

0.003 

(0.029) 

[0.000] 

-0.007 

(0.070) 

[0.000] 

0.002 

(0.020) 

0.003 

(0.029) 

-0.007 

(0.070) 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 0.263 

(1.682)* 

[0.083]+ 

0.249 

(1.597) 

[0.075]+ 

0.248 

(1.556) 

[0.074]+ 

0.269 

(1.857)* 

0.258 

(1.800)* 

0.258 

(1.746)* 

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 -0.015 

(0.152) 

[0.000] 

-0.026 

(0.262) 

[0.001] 

-0.026 

(0.263) 

[0.001] 

-0.015 

(0.152) 

-0.026 

(0.262) 

-0.026 

(0.263) 

𝑁 96 96 96    

𝑅2 0.454 0.448 448    

𝑅𝑎𝑑𝑗.
2  0.410 0.411 417    

𝑄2 0.320++ 0.318++ 0.322++    

Endogenous Variable: Perceived Usefulness 

𝑃𝐸𝐴𝑆𝐸 0.539 

(6.284)*** 

[0.409]+++ 

0.539 

(6.010)*** 

[0.410]+++ 

0.539 

(6.628)*** 

[0.410]+++ 

   

𝑅2 0.290 0.291 0.291    

𝑅𝑎𝑑𝑗.
2  0.283 0.283 0.283    

𝑄2 0.235++ 0.236++ 0.236++    

Endogenous Variable: Perceived Risk 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 -0.374 

(3.775)*** 

[0.162]++ 

-0.374 

(3.813)*** 

[0.162]++ 

-0.374 

(3.832)*** 

[0.162]++ 

   

𝑅2 0.140 0.140 0.140    

𝑅𝑎𝑑𝑗.
2  0.131 0.130 0.131    

𝑄2 0.088+ 0.088+ 0.088+    

 

This table presents the results of the baseline model as presented in Figure 1 as well as alternative specifications 

when removing insignificant paths. Bootstrapped 𝑡-values (2-sided test) based on 5,000 Bootstrap samples in paren-

theses (Efron, 1979). Effect size 𝑓2 in squared brackets. 𝑁: Number of observations. 𝑄2: Stone-Geisser measure of 

predictive relevance (Geisser, 1974, 1975, and Stone, 1974); omission distance 𝐷=7. Highest variance inflation fac-

tor for Model (1): 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: 2.027; highest variance inflation factor for Model (2): 𝑃𝐸𝐴𝑆𝐸: 1.977; highest vari-

ance inflation factor for Model (3): 𝑃𝑈𝑆𝐸: 1.841. ***/**/* indicates statistical significance at the 1%/5%/10% level. 

+++/++/+ indicates high/medium/small effect size (𝑓2) and high/medium/small predictive relevance (𝑄2), respec-

tively. 𝑃𝐸𝐴𝑆𝐸: Perceived ease of use. 𝑃𝑈𝑆𝐸: Perceived usefulness. 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: Content provided by the robo advi-

sor. 𝐷𝐸𝑆𝐼𝐺𝑁: Design of the user interface of the robo advisor. 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆: Risk assessment. 𝑃𝐸𝑅𝑃𝑅𝐼𝑉: Per-

ceived privacy. 𝑃𝐸𝑅𝑅𝐼𝑆𝐾: Perceived risk. 
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Table 5: Baseline Model and Socio-Demographic Controls 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Endogenous Variable: Usage Intention 

𝑃𝐸𝐴𝑆𝐸 -0.208 

(1.455) 

[0.047]+ 

-0.146 

(1.034) 

[0.019] 

-0.150 

(1.098) 

[0.021]+ 

-0.139 

(0.994) 

[0.017] 

-0.143 

(1.032) 

[0.019] 

-0.142 

(1.022) 

[0.019] 

-0.157 

(1.254) 

[0.027]+ 

-0.125 

(0.925) 

[0.015] 

-0.141 

(1.023) 

[0.019] 

-0.181 

(1.296) 

[0.036]+ 

𝑃𝑈𝑆𝐸 0.574 

(4.731)*** 

[0.373]+++ 

0.592 

(4.115)*** 

[0.321]++ 

0.594 

(4.240)*** 

[0.338]++ 

0.585 

(4.045)*** 

[0.316]++ 

0.582 

(4.190)*** 

[0.322]++ 

0.578 

(4.017)*** 

[0.312]++ 

0.546 

(4.292)*** 

[0.332]++ 

0.619 

(4.696)*** 

[0.378]+++ 

0.581 

(4.162)*** 

[0.326]++ 

0.518 

(3.464)*** 

[0.270]++ 

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 0.026 

(0.199) 

[0.001] 

0.012 

(0.095) 

[0.000] 

0.015 

(0.120) 

[0.000] 

0.006 

(0.050) 

[0.000] 

0.007 

(0.052) 

[0.000] 

0.006 

(0.049) 

[0.000] 

0.053 

(0.451) 

[0.003] 

-0.010 

(0.083) 

[0.000] 

-0.001 

(0.011) 

[0.000] 

0.038 

(0.277) 

[0.002] 

𝐷𝐸𝑆𝐼𝐺𝑁 -0.006 

(0.050) 

[0.000] 

-0.090 

(0.744) 

[0.011] 

-0.091 

(0.733) 

[0.012] 

-0.093 

(0.766) 

[0.012] 

-0.093 

(0.749) 

[0.012] 

-0.090 

(0.723) 

[0.011] 

-0.033 

(0.264) 

[0.002] 

-0.069 

(0.590) 

[0.007] 

-0.093 

(0.754) 

[0.012] 

-0.001 

(0.008) 

[0.000] 

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 0.020 

(0.192) 

[0.001] 

-0.004 

(0.035) 

[0.000] 

-0.005 

(0.041) 

[0.000] 

0.002 

(0.020) 

[0.000] 

0.010 

(0.085) 

[0.000] 

0.006 

(0.047) 

[0.000] 

0.016 

(0.160) 

[0.000] 

0.021 

(0.186) 

[0.001] 

0.007 

(0.057) 

[0.000] 

0.045 

(0.389) 

[0.003] 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 0.325 

(2.251)** 

[0.145]+ 

0.256 

(1.555) 

[0.075]+ 

0.257 

(1.594) 

[0.079]+ 

0.264 

(1.682)* 

[0.082]+ 

0.261 

(1.664)* 

[0.081]+ 

0.263 

(1.681)* 

[0.082]+ 

0.223 

(1.610) 

[0.068]+ 

0.240 

(1.568) 

[0.072]+ 

0.252 

(1.559) 

[0.076]+ 

0.280 

(1.988)** 

[0.108]+ 

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 -0.007 

(0.082) 

[0.000] 

-0.018 

(0.187) 

[0.000] 

-0.001 

(0.008) 

[0.000] 

-0.015 

(0.153) 

[0.000] 

-0.009 

(0.091) 

[0.000] 

-0.019 

(0.189) 

[0.000] 

-0.034 

(0.383) 

[0.002] 

-0.022 

(0.225) 

[0.001] 

-0.018 

(0.178) 

[0.000] 

-0.009 

(0.098) 

[0.000] 

(continued) 
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Table 5: Baseline Model and Socio-Demographic Controls – Continued 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Socio-Demographic Controls        

𝑆𝐸𝑋 -0.315 

(3.684)*** 

[0.186]++ 

        -0.234 

(2.255)** 

[0.093]+ 

𝐴𝐺𝐸  0.029 

(0.371) 

[0.001] 

       -0.074 

(0.748) 

[0.007] 

𝑆𝑇𝑈𝐷𝐸𝑁𝑇   -0.080 

(1.055) 

[0.011] 

      -0.037 

(0.278) 

[0.001] 

𝐵𝐴𝐶𝐻𝐸𝐿𝑂𝑅    -0.002 

(0.027) 

[0.000] 

     0.054 

(0.580) 

[0.004] 

𝑀𝐴𝑆𝑇𝐸𝑅
/𝐷𝐼𝑃𝐿 

    0.041 

(0.548) 

[0.003] 

    0.039 

(0.308) 

[0.002] 

𝐹𝐼𝑁𝐿𝐼𝑇      0.029 

(0.317) 

[0.001] 

   -0.031 

(0.333) 

[0.002] 

𝑂𝑁𝐿𝐷𝐸𝑃       0.294 

(4.038)*** 

[0.169]++ 

  0.230 

(2.023)** 

[0.065]+ 

𝐼𝑁𝑉𝐹𝑈𝑁𝐷        0.177 

(2.339)** 

[0.055]+ 

 -0.010 

(0.090) 

[0.000] 

𝐴𝑆𝑆𝐸𝑇𝑆𝐿𝑂𝑊         -0.094 

(1.156) 

[0.016] 

-0.077 

(0.815) 

[0.008] 

𝑁 96 96 96 96 96 96 96 96 96 96 

𝑅2 0.540 0.455 0.460 0.454 0.456 0.455 0.532 0.483 0.462 0.585 

𝑅𝑎𝑑𝑗.
2  0.498 0.404 0.411 0.404 0.406 0.405 0.489 0.435 0.413 0.501 

𝑄2 0.383+++ 0.319++ 0.323++ 0.316++ 0.318++ 0.315++ 0.378+++ 0.339++ 0.322++ 0.389+++ 

(continued) 
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Table 5: Baseline Model and Socio-Demographic Controls – Continued 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Endogenous Variable: Perceived Usefulness 

𝑃𝐸𝐴𝑆𝐸 0.539 

(6.383)*** 

[0.409]+++ 

0.539 

(6.416)*** 

[0.409]+++ 

0.539 

(5.984)*** 

[0.410]+++ 

0.539 

(5.634)*** 

[0.409]+++ 

0.539 

(5.963)*** 

[0.410]+++ 

0.539 

(6.353)*** 

[0.409]+++ 

0.538 

(6.453)*** 

[0.408]+++ 

0.539 

(6.345)*** 

[0.409]+++ 

0.539 

(6.665)*** 

[0.409]+++ 

0.539 

(6.301)*** 

[0.409]+++ 

𝑅2 0.290 0.290 0.291 0.290 0.291 0.290 0.290 0.290 0.291 0.290 

𝑅𝑎𝑑𝑗.
2  0.283 0.283 0.283 0.283 0.283 0.283 0.282 0.283 0.283 0.283 

𝑄2 0.235++ 0.236++ 0.236++ 0.235++ 0.236++ 0.236++ 0.235++ 0.235++ 0.236++ 0.235++ 

Endogenous Variable: Perceived Risk 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 -0.374 

(3.803)*** 

[0.162]++ 

-0.374 

(3.848)*** 

[0.162]++ 

-0.374 

(3.836)*** 

[0.162]++ 

-0.374 

(3.882)*** 

[0.162]++ 

-0.374 

(3.820)*** 

[0.162]++ 

-0.374 

(3.934)*** 

[0.162]++ 

-0.374 

(3.862)*** 

[0.162]++ 

-0.374 

(3.840)*** 

[0.162]++ 

-0.374 

(3.847)*** 

[0.162]++ 

-0.374 

(3.850)*** 

[0.162]++ 

𝑅2 0.140 0.140 0.140 0.140 0.140 0.140 0.140 0.140 0.140 0.140 

𝑅𝑎𝑑𝑗.
2  0.131 0.131 0.130 0.131 0.130 0.131 0.131 0.131 0.130 0.131 

𝑄2 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 0.088+ 

 

This table presents the results of the baseline model as presented in Figure 1 adding socio-demographic controls. Bootstrapped 𝑡-values (2-sided test) based on 5,000 

Bootstrap samples in parentheses (Efron, 1979). Effect size 𝑓2 in squared brackets. 𝑁: Number of observations. 𝑄2: Stone-Geisser measure of predictive relevance 

(Geisser, 1974, 1975, and Stone, 1974); omission distance 𝐷=7. Variance inflation factors are reported in Table C.1 in the Appendix. ***/**/* indicates statistical 

significance at the 1%/5%/10% level. +++/++/+ indicates high/medium/small effect size (𝑓2) and high/medium/small predictive relevance (𝑄2), respectively. 

𝑃𝐸𝐴𝑆𝐸: Perceived ease of use. 𝑃𝑈𝑆𝐸: Perceived usefulness. 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: Content provided by the robo advisor. 𝐷𝐸𝑆𝐼𝐺𝑁: Design of the user interface of the robo 

advisor. 𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆: Risk assessment. 𝑃𝐸𝑅𝑃𝑅𝐼𝑉: Perceived privacy. 𝑃𝐸𝑅𝑅𝐼𝑆𝐾: Perceived risk. 𝑆𝐸𝑋: Dummy variable that is 1 if the respondent is female and 0 

otherwise. 𝐴𝐺𝐸: Age of the respondent in years. 𝑆𝑇𝑈𝐷𝐸𝑁𝑇: Dummy variable that is 1 if the respondent is a student and 0 otherwise. 𝐵𝐴𝐶𝐻𝐸𝐿𝑂𝑅: Dummy variable 

that is 1 if the highest academic degree of the respondent is a Bachelor degree and 0 otherwise. 𝑀𝐴𝑆𝑇𝐸𝑅/𝐷𝐼𝑃𝐿: Dummy variable that is 1 if the highest academic 

degree of the respondent is either a Master degree or a Diplom and 0 otherwise. 𝐹𝐼𝑁𝐿𝐼𝑇: Financial literacy (see Table B.2 in the Appendix for further details). 

𝑂𝑁𝐿𝐷𝐸𝑃: Dummy variable that is 1 if the respondent has previous experience with online securities deposits and 0 otherwise. 𝐼𝑁𝑉𝐹𝑈𝑁𝐷: Dummy variable that is 1 

if the respondent has previous experience with investment funds and 0 otherwise. 𝐴𝑆𝑆𝐸𝑇𝑆𝐿𝑂𝑊: Dummy variable that is 1 if monthly liquid funds after deduction of 

all regular costs of the respondent are below EUR 399. 
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Table 6: Baseline Model and FinTech Controls 

 

 (1) (2) (3) (4) 

Endogenous Variable: Usage Intention 

𝑃𝐸𝐴𝑆𝐸 -0.157 

(1.075) 

[0.023]+ 

-0.133 

(0.966) 

[0.017] 

-0.130 

(0.949) 

[0.016] 

-0.157 

(1.112) 

[0.024]+ 

𝑃𝑈𝑆𝐸 0.570 

(3.933)*** 

[0.314]++ 

0.577 

(4.005)*** 

[0.322]++ 

0.581 

(3.996)*** 

[0.331]++ 

0.556 

(3.789)*** 

[0.314]++ 

𝐶𝑂𝑁𝑇𝐸𝑁𝑇 0.039 

(0.311) 

[0.001] 

-0.016 

(0.129) 

[0.000] 

-0.045 

(0.364) 

[0.002] 

-0.017 

(0.141) 

[0.000] 

𝐷𝐸𝑆𝐼𝐺𝑁 -0.088 

(0.730) 

[0.011] 

-0.098 

[0.013] 

-0.118 

(0.956) 

[0.019] 

-0.118 

(0.974) 

[0.020] 

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆 0.001 

(0.008) 

[0.000] 

0.045 

(0.822) 

(0.399) 

[0.002] 

0.067 

(0.582) 

[0.005] 

0.102 

(0.852) 

[0.011] 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 0.227 

(1.564) 

[0.059]+ 

0.273 

(1.693)* 

[0.089]+ 

0.304 

(1.871)* 

[0.105]+ 

0.262 

(1.778)* 

[0.077]+ 

𝑃𝐸𝑅𝑅𝐼𝑆𝐾 -0.022 

(0.223) 

[0.001] 

-0.000 

(0.001) 

[0.000] 

0.005 

(0.053) 

[0.000] 

0.006 

(0.063) 

[0.000] 

FinTech Controls 

𝐵𝑅𝐴𝑁𝐷 0.119 

(1.198) 

[0.022]+ 

  -0.187 

(1.900)* 

[0.054]+ 

𝐿𝐼𝐶𝐸𝑁𝐶𝐸  -0.096 

(1.073) 

[0.015] 

 -0.036 

(0.279) 

[0.001] 

𝐵𝐴𝑁𝐾𝐷𝐼𝑉   -0.140 

(1.537) 

[0.027]+ 

0.196 

(1.406) 

[0.023]+ 

𝑁 96 96 96 96 

𝑅2 0.466 0.461 0.467 0.494 

𝑅𝑎𝑑𝑗.
2  0.417 0.412 0.418 0.435 

𝑄2 0.327++ 0.322++ 0.322++ 0.339++ 

(continued) 
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Table 6: Baseline Model and FinTech Controls – Continued 

 

 (1) (2) (3) (4) 

Endogenous Variable: Perceived Usefulness 

𝑃𝐸𝐴𝑆𝐸 0.539 

(6.361)*** 

[0.409]+++ 

0.539 

(6.300)*** 

[0.409]+++ 

0.539 

(6.247)*** 

[0.409]+++ 

0.539 

(6.232)*** 

[0.409]+++ 

𝑅2 0.291 0.290 0.290 0.290 

𝑅𝑎𝑑𝑗.
2  0.283 0.283 0.283 0.283 

𝑄2 0.236++ 0.235++ 0.235++ 0.235++ 

Endogenous Variable: Perceived Risk 

𝑃𝐸𝑅𝑃𝑅𝐼𝑉 -0.374 

(3.942)*** 

[0.162]++ 

-0.374 

(3.850)*** 

[0.162]++ 

-0.374 

(3.920)*** 

[0.162]++ 

-0.374 

(3.878)*** 

[0.162]++ 

𝑅2 0.140 0.140 0.140 0.140 

𝑅𝑎𝑑𝑗.
2  0.130 0.131 0.131 0.130 

𝑄2 0.088+ 0.088+ 0.088+ 0.088+ 

 

This table presents the results of the baseline model as presented in Figure 1 adding FinTech controls. Bootstrapped 

𝑡-values (2-sided test) based on 5,000 Bootstrap samples in parentheses (Efron, 1979). Effect size 𝑓2 in squared 

brackets. 𝑁: Number of observations. 𝑄2: Stone-Geisser measure of predictive relevance (Geisser, 1974, 1975, and 

Stone, 1974); omission distance 𝐷=7. Variance inflation factors are reported in Table C.2 in the Appendix. ***/**/* 

indicates statistical significance at the 1%/5%/10% level. +++/++/+ indicates high/medium/small effect size (𝑓2) and 

high/medium/small predictive relevance (𝑄2), respectively. 𝑃𝐸𝐴𝑆𝐸: Perceived ease of use. 𝑃𝑈𝑆𝐸: Perceived useful-

ness. 𝐶𝑂𝑁𝑇𝐸𝑁𝑇: Content provided by the robo advisor. 𝐷𝐸𝑆𝐼𝐺𝑁: Design of the user interface of the robo advisor. 

𝑅𝐼𝑆𝐾𝐴𝑆𝑆𝐸𝑆𝑆: Risk assessment. 𝑃𝐸𝑅𝑃𝑅𝐼𝑉: Perceived privacy. 𝑃𝐸𝑅𝑅𝐼𝑆𝐾: Perceived risk. 𝐵𝑅𝐴𝑁𝐷: Respondent 

would be more willing to take advantage of digital investment advice if the robo advisor has a well-known brand. 

𝐿𝐼𝐶𝐸𝑁𝐶𝐸: Respondent would be more willing to take advantage of digital investment advice if the robo advisor has 

a banking licence. 𝐵𝐴𝑁𝐾𝐷𝐼𝑉: Respondent would be more willing to take advantage of digital investment advice if 

the robo advisor is a division of a traditional bank. For FinTech controls, a 5-point Likert-type scale is used, where 

lower scores indicate a lower agreement with a specific item. The labels are as follows: 1 strongly disagree, 2 disa-

gree, 3 neutral, 4 agree, 5 strongly agree. 
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Robo advisor replica to make abstract service more tangible

Methodology and Framework for Analysis

Seiler, V. and Fanenbruck, K.M. (2021)

Data and Results

▪ Effective sample of 96 participants

▪ Estimation of model using Partial Least 

Squares (PLS)

▪ Intention to use robo advisory mainly 

driven by perceived usefulness and privacy

▪ 1% higher perceived usefulness 

increases usage intention by 0.57%

▪ 1% higher privacy increases usage 

intention by 0.25%

▪ Usage intentions are 23%-32% lower for 

females

▪ Users of robo advisors tend to be younger, 

less financially literate and among the 

lower income brackets




