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General Introduction 

The question of how and why individuals make certain decisions has long been a central focus 

of research. Spanning from disciplines like psychology to economics, researchers have aimed 

to understand the factors that influence human behavior. The Expected Utility Theory, with 

origins in the essay of Daniel Bernoulli (1738), provides an early framework for understanding 

decision-making under risk. Bernoulli introduced the idea that individuals aim to maximize 

their expected utility, rather than their expected monetary gains, while people experience 

diminishing marginal utility from wealth. This work laid the foundation for modern economic 

theories of decision-making. Bernoulli’s work was expanded in the 20th century by von Neu-

mann and Morgenstern (1944), who formalized the Expected Utility Theory. Their model pro-

vided a mathematical structure for how utility-maximizing individuals should make decisions 

when faced with risk. Building on this, Markowitz (1952) expanded the Expected Utility Theory 

to financial decision-making with the development of the Modern Portfolio Theory. In this 

context, the μ-σ-principle emerged as a key concept. The essence of this idea is that rational 

investors seek to maximize the expected return (μ) of their portfolios while minimizing the 

return variance (σ) as a measure of risk. This approach assumes that investors are inherently 

risk averse, meaning they will only accept higher levels of risk if compensated by higher ex-

pected returns. The concept of risk aversion itself was formalized by Pratt (1964) and Arrow 

(1971), who developed the Arrow-Pratt measure of risk aversion. This measure quantifies the 

degree of risk aversion exhibited by individuals based on the curvature of their utility func-

tions.  

However, real-world behavior often deviates from what would be the best decision as pre-

dicted by these frameworks. The emergence of behavioral finance in the late 20th century 
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challenged the notion of an investor who maximizes expected utility based on an individual 

utility function as proposed by the aforementioned theories. In particular, the Prospect Theory 

of Kahneman & Tversky (1979), which was later extended to the Cumulative Prospect Theory 

(Kahneman & Tversky, 1992), introduces and mathematically formalizes two important con-

cepts that were not captured by earlier works: loss aversion and probability weighting. Based 

on this idea, individuals exhibit loss aversion, where losses are weighted more heavily with a 

view to utility than equivalent gains. Furthermore, Kahneman & Tversky noticed that humans 

weigh probabilities non-linearly, meaning individuals tend to overweight small probabilities 

and underweight large probabilities. This explains why people might overvalue the likelihood 

of rare but highly impactful events (e.g., lottery wins), while undervaluing more probable out-

comes. Behavioral finance further identifies a range of cognitive biases that influence decision-

making and cannot yet be included into existing mathematically founded theories (e.g., Thaler, 

1993; Shiller, 2000).  

Based on the existence of all these biases, the role of financial advice has gained importance. 

Financial advisors can be seen as guides for helping individuals navigate their behavioral bi-

ases, aiming to steer them towards decisions that are more consistent with the principles of 

expected utility maximization coherent decision-making based on individual preferences. 

However, even with professional advice, investment mistakes persist, highlighting the com-

plexity of aligning real-world behavior with theoretical expectations (e.g., Shapira & Venezia, 

2001; Jansen et al., 2008; Foerster et al., 2017; Linnainmaa et al., 2021). The introduction of 

robo advice – algorithm-based, automated financial advisory services – has further trans-

formed the investment landscape. However, the implications of robo advice for investor be-

havior largely remain unclear yet.  
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The papers presented in this work contribute to the existing literature in various ways, with 

each study rooted in experimental evidence. The first paper focuses on identifying which 

measures can serve as a proxy for actual decision-making and which risk preference and pa-

tience variables demonstrate the highest explanatory power concerning investment decisions. 

By using horserace regression analyses, the paper evaluates different question-based ap-

proaches to quantify risk preference and patience. The findings of this paper can thus be linked 

to the investor exploration phase of the advisory process. In the second paper, the impact of 

different robo advisor layouts and versions of investor exploration questionnaires on trust in 

the advisor and the subsequent acceptance of advice is analyzed. By exploring this relation-

ship, the paper sheds light on how robo advisor design features can influence investor behav-

iors. Expanding on this topic, the third paper broadens the participant base and specifically 

analyzes how the presence of a human advisor can affect both trust levels and the acceptance 

of robo advisor recommendations. Employing structural equation modeling, this paper more-

over offers insights into the connections among various dimensions of trust, the features of 

robo advisors, and advice acceptance. This contributes to a more comprehensive understand-

ing of the topic. The fourth paper addresses the behavioral bias of overconfidence and its 

influence on the acceptance of advice within robo advice settings in detail. This study high-

lights how overconfidence can distort decision-making, even in contexts where robo advice is 

available, expanding the findings of Odean (1998) and Benos (1998) to robo advised invest-

ment decision-making.  

In the following chapters of the introduction, a more detailed description of how behavioral 

biases relate to investment errors is presented. Furthermore, the introduction elaborates on 

how investment advice could potentially remedy erroneous decision-making processes while 
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also addressing the inherent limitations and challenges associated with this approach. More-

over, the role of algorithm-generated advice is explained in greater detail. The main body of 

this dissertation consists of four research papers, which are briefly discussed at the end of the 

introduction. In this view, the individual contributions of each paper are clarified. 

1. Irrational Behavior and Behavioral Biases 

As noted before, decision-makers do not always choose the option that maximizes their indi-

vidual expected utility, resulting in behavior that can be classified as irrational. Irrational be-

havior relates to behavioral biases, which in turn are the reason for the occurrence of system-

atic investment errors, even when decision-makers have access to information designed to 

help them in the process. In the context of investment decision-making, irrational behaviors 

can be divided into two categories: timing-related biases and selection-related biases. Timing-

related biases are connected to when and how frequently stocks are traded, while selection-

related biases concern which stocks are bought or sold. This section will focus on prominent 

biases that have gathered much attention in past research. 

One of the earliest and most influential studies on behavioral biases in investment decisions 

is by Shefrin & Statman (1985). They identified the “disposition effect,” where investors tend 

to sell winning stocks too early and hold on to losing stocks for too long. This behavior is driven 

by loss aversion. Investors keep hoping that losing positions will recover, while accepting gains 

on winning positions “just to be safe.” The disposition effect with regard to profit can also be 

attributed to regret aversion, where investors avoid the negative emotion of regret that could 

arise if a winning stock price falls after not having sold it. 
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In the late 1990s and early 2000s, research on behavioral biases expanded. Odean (1998) and 

Benos (1998) showed that overconfidence in one’s investment abilities leads to excessive trad-

ing, which – due to transaction costs – results in below-average expected returns. Odean 

(1999) and Barber & Odean (2000) further demonstrated the existence of this bias with the 

help of market data, confirming that overconfident investors tend to trade too frequently, 

eroding their expected returns, and with that, their portfolios’ risk-adjusted performance. 

French (2008) quantified this by estimating that an active investor could increase returns by 

67 basis points annually when switching to a passive strategy. This bias is more relevant among 

men, as Barber & Odean (2001) found that men are more likely to overestimate their invest-

ment abilities compared to women. 

In terms of selection-related biases, closely akin to the disposition effect, Hartzmark (2015) 

identified that investors disproportionately often focus on extreme profit and loss positions in 

their portfolios, leading to poor trading decisions. Coval & Moskowitz (1999) discovered a 

home bias, where investors favor domestic stocks over foreign ones, resulting in under-diver-

sification. Similarly, Barber & Odean (2008) found that investors tend to favor popular stocks 

(e.g., those in the news), which can also lead to suboptimal portfolio allocation. The research-

ers relate these biases to the scarcity of the resource of attention. At the level of information 

processing, Ehm et al. (2014) showed that while investors consider risk in their decisions, they 

often fail to understand risk-related information properly, hindering risk preference coherent 

decision-making. In addition to that, Calvet et al. (2007) observed that while the majority of 

Swedish private investors performed well overall, less experienced investors were more prone 

to investment errors, particularly in portfolio diversification. These errors resulted in below-

average returns, a finding consistent with Campbell (2006), who, in addition to that, attributed 
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better performance among experienced investors to an awareness of their cognitive limita-

tions. Experienced investors thus tend to refrain from investing in financial products that they 

do not understand. The data from Badarinza et al. (2016) confirm these results in an interna-

tional context. Ultimately, investment errors lead to high welfare losses (Calvet et al., 2007; 

Goetzmann & Kumar 2008). 

2. The Role of Investment Advice 

Given the existence of systematic errors in investment decisions and the fact that experienced 

investors tend to manage such situations better, professional investment advice can serve as 

a measure to address this problem. Financial services providers have recognized this possibil-

ity and offer a range of advisory services, including investment advice. There is evidence that 

professional advice helps to reduce investment errors (Hoechle et al., 2017), particularly by 

improving portfolio diversification (Bluethgen et al., 2008; Kramer, 2012). Research shows that 

less experienced investors, in particular, benefit from professional advice, managing to set up 

better portfolios when they receive advice compared to when they do not (von Gaudecker, 

2015). 

However, the process of delivering investment advice itself is prone to a number of shortcom-

ings that can impair decision-making. To understand these challenges, it is important to define 

the typical structure of the investment advisory process. Investment advice for retail investors 

generally follows three steps. The first step is investor exploration, where the advisor collects 

data on the investor’s financial situation and preferences by asking specific questions. Based 

on this information, the advisor sets up a profile of the investor to then tailor the investment 

recommendations. The second step involves providing the actual investment advice. In this 
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step, the advisor recommends a portfolio that potentially offers an optimal risk-adjusted per-

formance based on the investor’s profile, considering individual constraints. Third, the inves-

tor makes the final investment decision. This is an important step as the whole process is es-

sentially ineffective if the advice is not accepted. However, the question of what makes indi-

viduals accept advice, especially with a view to advice providers, has not finally been answered 

yet.  

3. Human Advice vs. Robo Advice 

Since the early 2010s, a new form of investment advice, robo advice, has emerged. Robo ad-

visors use algorithms to analyze data provided by investors and to generate personalized in-

vestment recommendations. While the final investment decision still rests with the investor, 

the degree to which they can modify the robo advisor’s recommendations varies by provider. 

Robo advice is generally much cheaper than traditional human advice. Studies such as those 

by Reher & Sun (2019) have shown that robo advisors help investors to build well-diversified 

portfolios, similar to traditional investment advisors. Additionally, D’Acunto et al. (2019) 

demonstrated that robo advice can reduce systematic investment errors, as studied at the 

example of an Indian brokerage house. However, there is an ongoing debate regarding the 

effectiveness of robo advice, particularly due to the heterogeneity in the services offered by 

different financial service providers. 

Tertilt & Scholz (2018) criticize robo advisors for not adequately helping investors reflect on 

their own risk preferences, as they typically rely on a predefined set of questions that may 

overlook key factors for personalized advice. In contrast, human advisors could adapt to re-

sponses more flexibly, potentially leading to a better understanding of the clients’ needs. Hu-

man advisors, however, are not without their own biases. For instance, Jansen et al. (2008) 
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found that human advisors often underestimate their clients’ risk aversion, leading to subop-

timal portfolio recommendations. Foerster et al. (2017) further observed that advisors some-

times base their recommendations on their own portfolios rather than their clients’ needs. 

Such biases are potentially less likely to occur with robo advisors. 

Both retail and professional investors are prone to systematic investment errors, although 

professional portfolios tend to be less affected (Shapira & Venezia, 2001; Linnainmaa et al., 

2021). Nonetheless, professional advisors also exhibit cognitive biases which in turn lead to 

suboptimal advice and thus to erroneous decisions on the part of the investor. With robo ad-

visors, investment errors are caused primarily by flaws in the underlying algorithm, which can 

be easier to monitor and to correct compared to human biases. 

Concerning the integrity of the advisor, it has been shown that human advice can be affected 

by agency problems: because the compensation system may involve commissions, advisors 

may be tempted to recommend financial products that are not optimal for the investor but 

instead maximize their own profits. For example, the Council of Economic Advisors (2015) 

found that eliminating conflicted advice could increase returns on retirement accounts by 

about one percentage point per year on average. This problem is also conceivable in the con-

text of robo advice if the algorithm is designed to prioritize the institution’s profits over the 

clients’, however, this area requires further research. 

As explained above, a key challenge is that investors often do not fully follow the advice given 

to them. Particularly for inexperienced investors, not accepting advice may again lead to sys-

tematic errors and suboptimal portfolio performance, resulting in welfare losses. A lack of 

acceptance of advice thus entails the risk that investors will make systematic errors despite 

receiving advice. 
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Understanding why investors do not (fully) follow the advice requires examining the advisory 

process, often taking the form of a “judge-advisor system.” In this system, the advisor offers 

recommendations, but the final decision rests with the so-called judge, in this case, the inves-

tor. A crucial aspect in this constellation is the acceptance of the advice, as the judge is not 

obliged to take the advisor’s opinion into account. There is evidence that advice is “dis-

counted,” that is, advice influences the decision to some extent, but the decision-maker still 

incorporates his or her own ideas about the decision problem and merely shifts the actual 

decision in the direction of the advice to some degree (Yaniv & Kleinberger, 2000; Yaniv, 2004). 

The extent to which advice is discounted depends on several factors. Besides others, especially 

the degree of trust in the advisor appears to have a measurable impact on the extent of dis-

counting. A number of studies have found that the greater the trust in the advisor, the more 

the advisor’s recommendation is taken into account (Sniezek & Van Swol, 2001; Van Swol & 

Sniezek, 2005; Burke & Hung, 2021; Wang & Du, 2018). Moreover, a high level of confidence 

on the part of the decision-maker in their own predefined decision, which they perceive as 

“correct,” increases the extent to which the advice is discounted (Wang & Du, 2018).  

In theory, if we consider a boundedly rational investor in an otherwise perfect world with valid 

implications of Tobin’s separation theorem, in which all information would be accessible to 

the advisor and each advisor would act exclusively in the investor’s interest, the advisor would 

suggest, depending on the investor’s risk preference, to invest one part in the market portfolio 

and the other part in a risk-free investment (for the assumptions and content of Tobin’s sep-

aration theorem, see Tobin, 1958). Even in this world, the problem of acceptance of the advice 

would remain, which is why it is this problem that deserves special attention. This is why this 

dissertation focuses on the advisory process especially with a view to advice discounting. 
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In what follows, an executive summary of each paper presented in the main body of this dis-

sertation is given. The content of every individual paper is described with a view to the re-

search question and the findings. In addition to that, the contribution regarding the topic of 

the dissertation is clarified. 

4. Executive Summary of Paper #1 – Measuring Risk-Taking and Patience in Financial Deci-

sion Making by Wolfgang Breuer, Thomas Renerken, and Astrid Juliane Salzmann 

(published in: Review of Financial Economics, 2021; presented at: IFABS Conference 2019 

in Angers, France) 

4.1. Research Question and Contribution 

The paper investigates financial decisions by studying survey-based items meant as a proxy 

for decision-making, comparing them to more lifelike decision situations based on an experi-

mental setup. The central research question is whether simplified survey measures can pro-

vide reliable substitutes, predicting behavior in an actual financial decision-making context. 

The paper is moreover grounded on the literature on risk and time preferences in financial 

contexts and is specifically building on Kahneman & Tversky (1979) through Prospect Theory 

and Thaler’s (1981) quasi-hyperbolic discounting models, trying to additionally answer the 

question which risk preference and patience elicitation methods provide the largest explana-

tory power regarding real-life decisions. 

Previous research has suggested that simpler methods could potentially serve as a replace-

ment for more complex approaches when it comes to predicting decision-making (Dohmen et 

al., 2011; Hyll & Irrek, 2015). However, there has been a considerable debate about the validity 

of these measures in the finance-related context, where behavior is influenced by a range of 

cognitive biases and environmental factors (Frey et al., 2017). This paper contributes to the 
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literature by (i) exploring if simple survey questions that relate to hypothetical decision-mak-

ing in a financial context can serve as a good proxy for actual financial behaviors observed in 

a controlled lab setting and (ii) analyzing the predictive power of easy-to-understand risk and 

time preference measures while comparing them to the more sophisticated ones. 

The findings of the study suggest that simplified questions can serve as reliable proxies for 

actual decision-making, and that relatively easy-to-understand self-assessed measures of risk-

taking and patience are superior to more complicated approaches with a view to explaining 

behavior.  

4.2. Research Design 

The research is based on a two-part methodological approach, combining a cross-national sur-

vey with a controlled laboratory experiment to validate the reliability of the measures used. 

Survey data collection was conducted with more than 700 participants from nine countries, 

ensuring diversity in terms of cultural and socio-economic backgrounds. This global sample 

allows us to account for cross-cultural differences in risk-taking and patience, with specific 

attention to Hofstede’s (2001) cultural dimensions framework, which emphasizes the role of 

culture in shaping decisions. Furthermore, data on 163 (additional) participants in a controlled 

laboratory experiment complete the database of this study. 

The survey instrument employed straightforward questions designed to proxy participants’ 

decision-making. These questions were intended to capture intuitive patterns, similar to those 

used in earlier studies such as Donkers & van Soest (1999) and Bachmann et al. (2017). More-

over, a laboratory experiment was conducted in which participants made incentivized invest-

ment choices under risk and time constraints, closely related to real-life scenarios involving 
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real monetary stakes, which were used as a benchmark for assessing the accuracy of proxies 

used in the survey. 

The subjects were also asked to answer a set of questions intended to measure risk prefer-

ences and patience. Our questionnaire items were based on non-sophisticated and more dif-

ficult-to-understand approaches. We asked for a simple self-assessment of risk and time pref-

erences on the one hand, while on the other hand, we used methods based on lottery ques-

tions, through which the relevant risk- and time-preference-related parameters had to be cal-

culated first before relating these variables to decision-making.  

The paper employs Tobit and Logit regression models to analyze the relationship between 

different risk and time preference measures and proxied decision-making. The same models 

were set up in a second step using experimental evidence and a more lifelike decision setup. 

Controls for age, gender, income, wealth, and cultural factors were included to account for 

socio-demographic influences. Then, we estimated horserace regressions to determine the 

predictive power of the different risk and time preference measures, and to judge the applica-

bility of the survey instruments as a good substitute for actual decision-making tasks. 

4.3. Findings  

The central idea of the paper is that easy-to-understand survey questions relating to hypo-

thetical decision situations will reliably proxy actual financial behavior. The empirical findings 

strongly support this notion. The regression results achieve a high comparability, no matter if 

we use the answer to our simplified survey question or more lifelike lab-measured data as the 

dependent variable in our analyses. This means that easy-to-employ survey questions proxy 

actual financial behavior in our models well. Second, the study compares simple self-assess-
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ments with lottery-based risk and time preference elicitation methods used in finance re-

search (e.g., Hyll & Irrek, 2015), finding that the self-assessments outperform more complex 

methods in terms of predictive power. This suggests that the cognitive simplicity of the easy-

to-understand methods enhances their reliability.  

4.4. Contribution of Paper #1 to the Topic of this Thesis and Practical Relevance 

One of the central challenges addressed in this work is the need for financial advisors to accu-

rately measure their clients’ risk and time preferences in order to provide tailored advice. The 

paper’s finding is that non-sophisticated survey questions offer a practical solution to this 

challenge, enabling advisors to efficiently gather information about their clients’ individual 

needs without using more time-consuming techniques. Thus, the demonstration that simple 

measures can reliably assess risk- and time-related preferences is of direct relevance to the 

thesis. 

The practical impact of this contribution is particularly important in the context of the increas-

ing reliance on robo advisors in the financial industry. As outlined in the thesis, robo advisors’ 

investor exploration process is based on predefined, relatively easy-to-understand question-

naires to assess client preferences (Tertilt & Scholz, 2018). These tools were challenged in the 

way that they potentially do not manage to capture the complexity of individual preferences. 

This paper, however, provides empirical support for the utilization of rather non-sophisticated 

methods in large-scale investor exploration contexts, justifying current practices in robo ad-

vice that have been criticized before. In this view, the paper supports the thesis’s broader goal 

of assessing the effectiveness of financial advisory processes. 

In conclusion, the results have important implications for both academic researchers and prac-

titioners, particularly in the context of the growing use of robo advisory platforms and the 
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need for clarification concerning which measures of risk preference and patience to use in the 

investor exploration part of the advice process. With a view to the development of this thesis, 

easy-to-understand measures to determine individual preferences are therefore also used in 

the experiments employed in the following papers.  

5. Executive Summary of Paper #2 – Drivers of Trust and Advice Discounting for Robo Ad-

vice by Claudia Breuer, Wolfgang Breuer, and Thomas Renerken 

5.1. Research Question and Contribution  

Paper #2 explores how the design and structure of robo advice services influence (i) the trust 

investors place in the advisor and (ii) the acceptance of advice. It investigates how certain 

characteristics – such as an emotional presentation of the interface and the length of the ex-

ploration questionnaire – affect the degree to which users follow advice.  

The paper contributes to the emerging literature on robo advice by providing insights on what 

factors lead to greater acceptance of automated advice. While previous research has shown 

that there are different reasons why advice is disregarded, such as a lack of trust (e.g., Yaniv 

& Kleinberger, 2000; Sniezek & Van Swol, 2001), this paper focuses on the unique setting of 

robo advisors and offers evidence on the variables influencing advice acceptance. We develop 

several hypotheses regarding how interface layout and questionnaire detail impact both trust 

and advice discounting. The first hypothesis posits that participants will trust the robo advisor 

more when the questionnaire is detailed. The second hypothesis suggests that an emotionally 

engaging interface will lead to higher trust levels compared to a distanced interface. This hy-

pothesis is based on the work of Hohenberger et al. (2019), who found that positive emotions 

increase trust in automated systems. The third and fourth hypotheses concern advice dis-
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counting. Hypothesis 3 proposes that participants will discount advice less when the question-

naire is detailed, while Hypothesis 4 suggests that an emotional interface will lead to lower 

discounting rates.  

The study’s contribution lies in its practical relevance for the financial services industry, par-

ticularly in the growing field of robo advisor software, which have become essential tools for 

investors with lower wealth and insufficient financial literacy (Fulk et al., 2018; Monticone, 

2010; van Rooij et al., 2012). This research can therefore provide recommendations for robo 

advisory platforms. The findings ultimately suggest that user interface design should prioritize 

emotional engagement to increase advice acceptance, while the length of the questionnaire 

has no measurable impact in advice discounting.  

5.2. Research Design 

The research design consists of an incentivized experiment in which a total of 135 participants 

interacted with a custom-built robo advisor with the task of allocating an initial monetary en-

dowment into different assets. The experiment varied two key factors: the length of the ex-

ploration questionnaire (detailed vs. superficial), and the design of the user interface (emo-

tional vs. distanced). This 2x2 design created four treatment groups, allowing us to isolate the 

effects of each variable on both trust and advice discounting. 

To be exact, participants were asked to allocate a hypothetical 50,000 € across several risky 

and risk-free assets in a series of portfolio decisions, each decision reflecting realistic situa-

tions using real-world historical stock price data. A total of four such situations were presented 

per participant. The initial investment decisions were made without any advice. After com-

pleting this first series of decisions, participants filled out an exploration questionnaire (either 

a detailed or a superficial one) and were then presented with the same decision situations 
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again, this time with investment recommendations based on their questionnaire responses. 

These recommendations were generated by the robo advisor. After making their investment 

decisions, they were provided with information about the outcomes of their investment and 

then navigated to the next decision, until all four situations were completed. The emotional 

interface used eye-catching colors, informal language, and smiley faces, while the distanced 

interface was black-and-white with formal language and no visual emotive elements. This lay-

out was kept constant for each participant during the whole advice process (exploration, ad-

vice, decision). 

In order to measure advice acceptance, a modified version of Yaniv & Kleinberger’s (2000) 

discounting measure was introduced with the goal to fit multidimensional decision situations. 

This measure involved calculating the Euclidian distance between participants’ initial decisions 

and the robo advisor’s recommendations, as well as the distance between the final decisions 

and the recommendations. The greater the shift from the initial decision towards the recom-

mendations in the final decision, the lower the level of advice discounting. We furthermore 

collected data on trust using a Likert scale and elicited socio-demographic variables using an 

additional questionnaire. The design of this additional questionnaire was identical for each 

participant to avoid influences of different layouts in this part. 

5.3. Findings  

To determine the impact of our variables of interest on trust, we set up OLS regressions and 

ordered logistic regressions controlling for participant-specific socio-demographic, cultural 

and personality-related effects. The findings provide no support for our hypotheses concern-

ing trust. Trust levels did not significantly differ between the detailed and superficial question-

naire groups and they were also unaffected by the interface design. This contradicts earlier 
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studies (e.g., Harvey & Fischer, 1997). Concerning the acceptance of advice, we estimated sev-

eral different models including random-effects Tobit and GLS regressions and we found robust 

evidence that while the length of the questionnaire did not significantly impact advice dis-

counting, an emotional interface layout did result in lower discounting rates, reflecting a 

higher degree of advice acceptance – controlling for trust. This suggests that emotional en-

gagement plays a more critical role in advice acceptance than the perceived thoroughness of 

the exploration process. 

These findings challenge the notion that trust is the primary driver of advice acceptance 

(Sniezek & Van Swol, 2001), at least for automated settings. Instead, the paper argues that 

the design and presentation of the advice interface are crucial for determining how much us-

ers will follow the recommendations. However, it is conceivable that trust in an automated 

system cannot be measured in the same way as trust in a human and there might thus be a 

need for developing new trust scales for human-computer interactions. This is a matter of 

future research. 

5.4. Contribution of Paper #2 to the Topic of this Thesis and Practical Relevance 

As explained in Section 2 of this introductory chapter, the acceptance of the advice provided 

is of utmost importance, as it directly influences the effectiveness of financial advisory services 

in improving investor decision-making. In the realm of robo advisors, achieving high advice 

acceptance is essential for further reasons: robo advisors typically target an investor group 

that may have limited financial literacy and fewer financial resources compared to those seek-

ing traditional, more expensive human advice (Fulk et al., 2018). As research shows (Monti-

cone, 2010; van Rooij et al., 2012), less affluent clients tend to exhibit a higher number of 

errors when it comes to financial decision-making. The more affordable and accessible nature 

of robo advisors makes it a valuable solution for this demographic group, but the usefulness 
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of these platforms depends heavily on whether clients actually follow the advice provided. 

Without high levels of advice acceptance, these investors may continue to make suboptimal 

financial decisions, counteracting the purpose of using a robo advisor in the first place. 

By demonstrating that an emotionally engaging interface can significantly reduce advice dis-

counting, the paper highlights a practical approach to increasing advice acceptance. Robo ad-

visor users are likely to benefit from such design improvements, as emotionally appealing and 

user-friendly interfaces may help reduce the psychological barriers to following financial ad-

vice, thus leading to better investment behavior. 

6. Executive Summary of Paper #3 – Each Betrayal Begins with Trust? The Impact of Human 

Involvement in Robo Advice by Claudia Breuer, Wolfgang Breuer, and Thomas Renerken 

6.1. Research Question and Contribution 

The third paper of this dissertation investigates how the presence of a human advisor during 

robo advisory interactions impacts trust and advice acceptance. It furthermore provides first-

time evidence about the tension between algorithm aversion and betrayal aversion in an ad-

vised decision-making context, trying to determine whether investors are more likely to follow 

robo advice when a human is involved or when the advice is delivered exclusively by a robo 

advisor. To test these ideas, we set up different hypotheses. The first hypothesis is that trust 

levels are higher when a human advisor is involved compared to a purely robo advisor setting. 

This hypothesis is built on earlier research showing that humans are generally trusted more 

than machines (e.g., Promberger & Baron, 2006). The second set of hypotheses concerns ad-

vice discounting. Hypothesis 2a suggests that participants will discount advice more when it is 

delivered without human involvement due to algorithm aversion (Dietvorst et al., 2015). In 

contrast, Hypothesis 2b posits that participants will discount advice more when a human is 
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involved due to betrayal aversion (Bohnet et al., 2008). The third set of hypotheses concerns 

the role of uncertainty avoidance in moderating the effects of human involvement, either be-

cause of the “black box” nature of algorithm advice development (Hypothesis 3a) or possibly 

caused by an increased risk of betrayal (Hypothesis 3b). 

The findings reveal that while the presence of a human advisor increases trust, it leads to 

lower levels of advice acceptance. This may seem paradox at a first glance, but we attribute 

this to betrayal aversion – the idea is that investors may be more reluctant to follow advice 

from a human because of the perceived risk of being betrayed that increases with higher trust 

levels (Bohnet et al., 2008). The study furthermore contributes to the literature on trust in 

automated systems (see, for example, Promberger & Baron, 2006) by showing that while hu-

mans are generally trusted more than machines, the fear of betrayal can override this in-

creased trust when it comes to following financial advice. 

This paper thus adds research on robo advice by disentangling the effects of human involve-

ment on investor behavior. It provides evidence that the benefits of human advisors – such as 

increased trust – can be offset by other factors, leading to lower acceptance of their advice in 

total.  

6.2. Research Design 

The research design is built upon the experiment presented in Section 5.2. of this dissertation, 

expanding the existing 2x2 scheme by conducting an additional experiment within the same 

framework to test the impact of human involvement in robo advice. The experimental design 

allowed us to isolate the effects of human presence and to test whether that presence would 

influence trust levels and advice discounting. 84 people participated in this second experi-

ment, raising the total number of observed individuals to 219. In the baseline experiment, 
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participants interacted solely with a robo advisor. In the additional experiment, participants 

received the same algorithm-generated robo advice based on their answers in the investor 

exploration part of the experiment, but a professional human advisor was present via video 

conferencing software, asking exploration questions and ultimately delivering the advice. 

Both experiments involved the same portfolio allocation decisions and the same algorithm-

generated advice, where participants were given a hypothetical sum of money to invest across 

various stocks and funds in different lifelike settings with and without advice. Participants in 

all cases had to rate the advisor in terms of trust, and their decisions were measured regarding 

advice discounting. Human advisors could not monitor participants’ answers to questions on 

trust. 

6.3. Findings  

The findings show that trust levels – as based on OLS and ordered logistic regressions – are 

expected to be significantly higher in the presence of a human advisor, even though the advice 

was generated by the same algorithm (Hypothesis 1). However, the findings support Hypoth-

esis 2b in contrast to Hypothesis 2a – based on the same regression approaches as described 

in Section 5.3., advice discounting is expected to be higher when a human advisor is present, 

suggesting that the risk of betrayal outweighs the participants’ increased trust in the human 

advisor, and with that, overriding potential algorithm aversion as well. The study moreover 

found that participants with lower levels of uncertainty avoidance showed a lower extent of 

advice discounting when facing a human advisor. We attributed this to a smaller impact of the 

risk of being betrayed for those with lower uncertainty avoidance, supporting Hypothesis 3b.  
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To further validate these findings, we employed Structural Equation Modeling (SEM) to ex-

plore the relationship between trust, human involvement, and advice acceptance in more de-

tail. The SEM allowed us to disentangle the different dimensions of trust that were also meas-

ured in the experiment – namely trust in the advisor’s competence and trust in the advisor’s 

integrity – and to assess how these factors contributed to the overall trust in the advisor, as 

well as their impact on advice discounting. Trust in integrity as well as trust in the advisor’s 

competence were of significant influence on overall trust in the advisor, however, only trust 

in the advisor’s integrity had a significant impact on advice discounting, underscoring the no-

tion that people tend to be reluctant to follow advice when being unsure of the advisors’ eth-

ics. While a human advisor leads to higher trust in competence and integrity as well as overall 

trust, and higher trust in the advisor’s integrity leads to less advice discounting, we could cal-

culate the total effect of human presence on advice discounting. Our results show that this 

effect is significant, however, the statistics indicate that even though taking indirect effects 

into account, individuals discounted more when confronted with human advice. 

Furthermore, when calculating advice discounting only with a view to the risky part of the 

investment and again estimating regression models, the paper shows that trust in the advisor 

is a highly significant influential factor when it comes to the acceptance of advice, with more 

trust leading to a lower degree of advice discounting only for the risky part of the investment. 

This led to the idea that people who are confronted with a human advisor, in general, might 

mainly lower the amount invested riskily but tend to stick to the structure of the advice in the 

risky part. By setting up another set of regressions, we confirmed this: when a human advisor 

was present, people invested significantly less money into risky assets. This reinforces the no-

tion that betrayal aversion plays a role when it comes to human-advised decision-making, as 

investing money risk-free provides an opportunity to bypass a possible betrayal.  
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Expanding on the results of paper #2, we found that when taking the bigger pool of partici-

pants provided by the additional experiment into account and again performing OLS, GLS and 

Tobit regressions, a longer questionnaire led to significantly more advice discounting. We at-

tributed this to the idea that a longer questionnaire might relate to a higher level of algorithm 

aversion with a view to an increased “black box” character of advice creation based on a larger 

set of questions. This, however, has still to be confirmed by generating additional evidence. 

The results concerning robo advisor layout stayed robust: participants discounted significantly 

less when confronted with a more emotional interface. 

6.4. Contribution of Paper #3 to the Topic of this Thesis and Practical Relevance 

The study provides valuable insights into why investors may be hesitant to follow advice from 

human advisors, even when they trust them more than machines. This contributes to the the-

sis’s goal of identifying ways to improve the effectiveness of robo advisory services by reduc-

ing the potential for biased decision-making. The paper furthermore provides first-time ex-

perimental evidence on the balance between algorithm aversion and betrayal aversion when 

human advisors are integrated into robo advisory platforms.  

For less wealthy clients, who are prone to exhibiting behavioral biases in investing, it is critical 

that robo advisors are perceived as unbiased and trustworthy sources of financial guidance to 

ensure a high acceptance of advice. The study’s findings suggest that adding human elements 

to the advisory process can backfire, as it may lead to greater skepticism about the integrity 

of the advice. This paper is therefore important to the thesis’s exploration of how to optimize 

robo advisors for investor needs. It can furthermore serve as a basis for future research con-

cerning possible measures to avoid the pitfalls of betrayal aversion while still fostering trust. 

Ideas could be, for example, that renumeration schemes are transparently discussed with the 

investor before giving advice. 
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In terms of practical relevance, the research highlights the importance of designing advisory 

systems that build trust without introducing the “social risks” associated with human involve-

ment.  

7. Executive Summary of Paper #4 – Impact of Investor Overconfidence on Trading Volume 

in the Presence of Investment Advice by Thomas Renerken 

7.1. Research Question and Contribution 

The fourth paper of this dissertation analyzes the research question of how investor overcon-

fidence affects trading volume when investors have access to robo advice. The study builds on 

existing research by Odean (1998) and Barber & Odean (2000), who found that overconfident 

investors tend to trade more frequently than their less confident counterparts, often leading 

to lower returns due to transaction costs.  

The paper contributes to the literature by focusing on a topic that has received limited atten-

tion in previous studies. Most research on overconfidence has examined its effects on invest-

ment decisions of self-directed investors (e.g., Deaves et al., 2009; Pikulina et al., 2017; 

Inghelbrecht & Tedde, 2024), or the propensity to seek advice (e.g., Broekema & Kramer, 

2021; Piehlmaier, 2022; Hsu, 2022). This paper expands the research by analyzing overconfi-

dence and its effects on actual decision-making in the presence of financial advice. The first 

hypothesis suggests that investors classified as overconfident in the domain of overestimation 

will trade more than their non-overconfident counterparts, even though they have access to 

robo advice. The second hypothesis posits that a higher degree of overconfidence will lead to 

more excessive trading. These hypotheses build on the work of a diverse range of studies (e.g., 

Odean, 1998; Barber & Odean, 2000; Statman, 2006) who found that overconfident investors 

engage in excessive trading due to their belief in their superior knowledge or skills. 
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The study’s contribution lies in its examination of how automated investment advice interacts 

with behavioral biases, particularly overconfidence. It provides evidence that robo advice does 

not completely mitigate the effects of overconfidence, suggesting that advisory systems need 

to account for this bias to prevent suboptimal trading behavior. 

7.2. Research Design 

The research design involves an incentivized trading experiment in which participants were 

asked to invest a hypothetical sum of money across several stocks, as explained in paper #2 

and paper #3. The experiment used real-life market data to simulate a realistic trading envi-

ronment. 219 participants took part in the experiment. In the specific experimental decision-

situation analyzed in this paper, participants had to choose between a risk-free asset and five 

different stocks of rather unknown, German companies in order to avoid distortion based on 

other behavioral biases like home or media bias. Participants had to make a total of four such 

investment choices in this setting and they were charged 0.2 % of their trading volume as 

transaction costs. This number was taken from real-life data. As time progressed, investors 

were informed about the performance of their portfolio, and they could then change their 

allocation by buying or selling assets as they preferred. If participants followed the advice, 

there would be an initial allocation which would have only been altered by rebalancing the 

portfolio in later decisions, leading to a low trading volume. High levels of trading volume can 

therefore only occur when participants disregard advice. 

Overestimation of own skills was measured using self-reported financial literacy and the actual 

performance on a financial literacy test based on Lusardi & Mitchel (2011). Individuals were 

classified as overconfident in the domain of overestimation if they rated their financial literacy 

equal to or higher than the median self-assessment while answering fewer or the median 
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number of questions correctly; it was thus included as a dummy variable. Moreover, the de-

gree of overconfidence was measured using information about the level of misjudgment of 

own skills (a measure relating to “overprecision”, which is another dimension of overconfi-

dence), which was operationalized as the discrepancy between a participants’ self-assessed 

confidence to be correct and their actual performance on financial literacy questions. As the 

dependent variable, relative trading volume has been used, defined as the sum of asset values 

bought and sold in each round and then divided by the total portfolio value. Several robust-

ness checks were conducted to verify the results of this study. 

7.3 Findings 

To account for upper and lower boundaries of the dependent variable, I used Tobit regression 

models to test the hypotheses. The findings support the hypothesized ideas: the models sug-

gest that participants who were classified as overconfident in the domain of overestimation 

traded significantly more than their non-overestimating counterparts, even though all sub-

jects received robo advice based on the same algorithm. This finding is not influenced by ques-

tionnaire length, advisor layout or the presence of a human advisor. The results further show 

that the interaction between the overestimation dummy and the extent of overprecision – to 

be interpreted as the degree of overconfidence – has a significant influence on trading volume, 

with more trading activity for those overestimating participants who misjudged their skills by 

a higher degree. This finding supports previous research by showing that overconfidence plays 

a critical role in determining trading behavior (e.g., Pikulina et al., 2017; Chui et al., 2010), 

extending the literature to robo advice situations. 

I set up different robustness checks to test if factors like model choice, additional control var-

iables or changes in the dependent variable influence the results. This was not the case; thus, 

the findings can be considered robust. 
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With a view to Sharpe ratios, literacy-overestimating participants did not perform significantly 

differently compared to the other subjects. However, trading costs in this experimental setting 

were relatively low compared to the analyses of earlier works such as Odean (1998), which 

might be a reason why I did not find the same detrimental effect of overtrading in this analysis.  

7.4. Contribution of Paper #4 to the Topic of this Thesis and Practical Relevance 

This paper’s relevance to the thesis lies in its examination of investor overconfidence and its 

impact on advice acceptance and trading behavior, especially in the context of robo advisors. 

The findings of this paper underscore the notion that robo advisors cannot fully correct be-

havioral biases. For less affluent clients, who may already struggle with limited financial 

knowledge and resources but who are the key users of robo advice (Fulk et al., 2018), over-

confidence can be a relevant barrier to achieving optimal financial outcomes. While robo ad-

vice can provide objective, data-driven recommendations, overconfident investors may still 

choose to ignore this advice and engage in excessive trading. This insight contributes to the 

thesis’s discussion on the limitations of automated advisory systems and the need for addi-

tional mechanisms to address psychological biases in investment decisions. The paper thus 

underscores the importance of financial education as a crucial component for effective advi-

sory services. This is an important issue especially for robo advisors, as they are targeted at 

this specific group of investors who are susceptible to an overestimation of their own skills. 

An interesting idea and a starting point for future research could be that robo advisors should 

include features that try to counteract overconfident behavior. By doing so, robo advisory 

platforms can better align with the needs of less financially literate investors, ensuring that 

the advice they provide is both accepted and acted upon in a way that promotes good invest-

ments. 
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In conclusion, this paper is relevant to the thesis as it gives an idea of how behavioral finance 

principles can be integrated into robo advisory systems. The findings reinforce the need for 

robo advice platforms to be proactive in addressing biases, ensuring that investors follow the 

advice and make better investment decisions. 

8. Conclusion of the Thesis 

All aspects considered, this dissertation provides insights into the robo advice process and 

investor decision-making. Paper #1 demonstrates that simple, easy-to-understand questions 

are most effective in determining investor preferences with a view to the investor exploration 

phase of the advisory process. Paper #2 presents evidence that the design of robo advisors 

significantly influences the acceptance of advice. Paper #3 reveals that while the involvement 

of humans in the advisory process increases trust, it lowers the acceptance of advice, likely 

due to the investors‘ fear of being betrayed. Paper #4 highlights that the issue of overconfi-

dent investors engaging in excessive trading persists, even within robo-advised investment 

decisions, independent of design features or the involvement of a human. 

In conclusion, this work contributes to the field of behavioral finance and advised decision-

making by extending research towards robo advice. The findings have important implications 

for both advice providers and policymakers. However, the issues explored in this thesis repre-

sent only a fraction of the factors affecting investment decisions when using algorithm-based 

advisory tools. Future research needs to dive deeper into these areas to ultimately develop 

more effective solutions for guiding individuals towards rational behavior.  
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Abstract 

We empirically compared the consistency among different kinds of measures for risk-taking 

and patience in a survey and an experiment. We evaluated how these variables relate to fi-

nancial decisions, using a novel set of easy-to-apply survey questions as proxy. The main find-

ing is that our results based on the novel survey questions describing financial behavior and 

on lifelike financial behavior in the laboratory are very similar. Therefore, relatively low-cost 

elicitation measures may be used to forecast decision-making, which, in turn, may be de-

scribed by our novel set of survey questions. 
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1. Introduction 

The literature is rich in evidence of substantial heterogeneity in individual investment 

decisions, such as the choice of portfolio structure and savings behavior. The way individuals 

build their financial portfolios has been an increasingly relevant issue for economists and 

policy-makers alike. Economic theory suggests that household portfolio choice depends, 

among other things, on an individual’s level of patience and willingness to take risk. These 

factors are also understood as the root of many economic phenomena (Donkers & van Soest, 

1999). 

The study on financial decision-making is challenging because individual preferences are 

difficult to measure. The literature has proposed distinct frameworks, such as the 

sophisticated models of the well-established prospect theory or the quasi-hyperbolic 

discounting model, to elicit relevant parameters. Collecting data on portfolio selection may 

also be complicated. Real-life data on portfolio choices can be difficult and expensive to 

obtain. Survey data is usually easier and cheaper to collect, but findings based on it cannot 

always be generalized. Incentivized laboratory experiments offer an interesting trade-off 

between generalizability and cost efficiency.  

There is little consensus in the literature on how the level of patience and willingness to take 

risk should be measured to ensure consistent and reliable results. Financial advisors and 

private bankers still rely on rather rough estimates based on non-sophisticated measuring 

methods. Previous studies investigating different elicitation methods have revealed puzzling 

outcomes and large inconsistencies. A low correlation among different measures is a recurrent 

finding (see, for example, Crosetto & Filippin, 2016; Szrek, et al., 2012; Pedroni et al., 2017). 

Although self-reported measures for risk-taking show slightly higher consistency in the relative 
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ordering, the empirical rank order induced by lottery-based measures is almost identical to 

that expected from random ranking (Frey et al., 2017). 

Previous studies have compared the suitability of different measures to elicit an individual’s 

willingness to take risk and evaluated their usefulness for predicting financial behavior. 

Wärneryd (1996) asked questions on risk-taking, including self-descriptive measures and 

hypothetical lottery choices, but found that only the former are highly significant for 

explaining the riskiness of investment portfolios. Similarly, Hyll and Irrek (2015) concluded 

that simple measures of willingness to take risk appear to be more powerful predictors of 

portfolio allocation than complex lottery questions. Erner et al. (2013) examined whether the 

parameters of cumulative prospect theory are successful in predicting an individual’s 

preference for different structured financial products; they found low predictive power of the 

elicited parameters. Other studies have examined the validity of different measures for 

predicting risk-taking behavior in the laboratory. Lönnqvist et al. (2015) compared incentivized 

lottery choice tasks with non-incentivized measures and found that only the self-assessment 

measures relate to risk-taking. Vieider et al. (2015) showed that there are correlations 

between different measures of risk attitudes, pointing to the existence of one underlying 

actual risk preference. Galizzi et al. (2016) revealed similar findings, indicating correlations 

between different measures, but also mixed evidence concerning external validity in the 

context of financial behavior. Bachmann et al. (2017) used experimental data and 

demonstrated that self-assessed measures of risk tolerance are not suitable predictors of risk-

taking. 

The comparison between real-life, experimental, and survey data for financial decision-

making, such as investment behavior, has not been sufficiently addressed in the previous 

literature. There is evidence that data collection method affects data quality (de Leeuw, 2005; 
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Duffy et al., 2005; Jäckle et al., 2010; Newman et al., 2021). The literature on the effect of 

incentivization on data quality is not coherent (Davern et al., 2003; van den Brakel et al., 2006; 

Stecklov et al., 2018). When comparing survey and experimental data, individuals answering 

survey questions seemed to unknowingly misreport or knowingly misrepresent data to a large 

extent (Goldman et al., 1989; Cosby & Bates, 2019). The literature concerning the comparison 

of experimental and real-life data is rather scarce. In financial decision-making, Li (2020) found 

that choices in the laboratory can predict, to a certain extent, real-life decisions. 

Except for Bachmann et al. (2017), simple self-assessed measures seemed reliable when 

predicting actual risk-taking and patience. Given these conditions, easy-to-understand survey 

questions related to hypothetical investment behavior can be assumed to reflect behavior as, 

for example, in the laboratory. This is a potential finding that would make economic data 

collection rather easier than before. 

First, this study contributes to the existing literature by proposing a novel and easy-to-apply 

survey measurement method to proxy actual risk-taking and patience. To this end, we 

investigated survey data of more than 700 individuals from nine different countries, thus 

ensuring sufficient variation in the dataset. Then we used an experimental setting to create a 

more lifelike environment with incentivized investment choices. This approach aimed to check 

whether our novel questions for describing investment behavior in our survey can, in fact, 

proxy conclusions drawn from actual decision-making in an experimental context. Second, this 

study expands the current literature by comparing the predictive power of different 

approaches on a large-scale basis while addressing both the complex problem of determining 

willingness to take risk and the easier issue of measuring the level of patience. This may 

validate the prevailing notion that elaborated decision-theoretical approaches only deliver a 

poor and inconsistent description of individuals’ preferences. Along these lines, this study also 
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investigated whether these poor descriptions exist because of an error-in-variables problem 

caused by mismeasurement. 

The rest of our paper is organized as follows: Section 2 describes different measures to elicit 

willingness to take risk and the level of patience. Section 3 provides an overview of the dataset. 

Section 4 contains the empirical analysis of our survey data. Section 5 discusses the lab 

experiments. Section 6 addresses the error-in-variables problem. Section 7 is the conclusion. 

2. Methods to Assess Willingness to Take Risk and Level of Patience 

When comparing methods to predict risk-taking and patience, one can distinguish between 

sophisticated and simple measures. Sophisticated measures are widely used in decision-

making theory and economic literature, whereas simple methods, such as self-assessments, 

are used by practitioners in the financial services sector. An example of the latter can be seen 

in the recent rise in algorithm-based investment advice, so-called “robo advice,” which offers 

automated investment recommendations based on less-sophisticated investor exploration 

questions. For the purpose of this study, it is necessary to understand the difference between 

these two approaches to assess willingness to take risk and level of patience. 

2.1 Simple Self-Assessment 

Haliassos & Bertaut (1995) used a straightforward behavioral measure of risk tolerance. 

Respondents evaluated the following questions: 

Which of the following statements comes closest to the amount of financial risk you are 

willing to take when you save or make investments? 

o I would take substantial financial risks expecting to earn substantial returns. 
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o I would take above average financial risks expecting to earn above average financial 

returns. 

o I would take average financial risks expecting to earn average financial returns. 

o I am not willing to take any financial risks. 

Haliassos & Bertaut (1995) used a similar formulation for self-descriptive patience: 

Which of the following statements most applies to you if you needed to invest your money 

for a long period of time? 

o I would tie up money for a long period of time to earn substantial returns.  

o I would tie up money for an intermediate period of time to earn above average returns. 

o I would tie up money for a short period of time to earn average returns. 

o I am not willing to tie up money at all. 

A range of studies has employed similar measures and demonstrated their usefulness in 

predicting actual risk-taking behavior in financial matters (e.g., Donkers & van Soest, 1999; 

Dohmen et al., 2011; Barasinska et al., 2012). However, with respect to an individual’s level of 

patience, we are not aware of similar works examining the predictive power of these self-

assessments. 

2.2 More Sophisticated Approaches 

A more refined measurement of individual risk attitude is based on prospect theory. Its value 

function was introduced by Kahneman & Tversky (1979) and later extended to the cumulative 

prospect theory of Tversky & Kahneman (1992). Cumulative prospect theory is widely 

considered the most successful descriptive theory for decision-making under risk. According 

to Kahneman & Tversky (1979), individuals are risk-seeking for gains with low probabilities 

and for losses with high probabilities, and risk averse for gains with high probabilities and for 
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losses with low probabilities. In addition, Tversky & Kahneman (1992) established the concept 

of rank-dependent probability weighting. 

Based on these assumptions, a decision maker chooses the outcome that maximizes his or her 

rank-dependent utility 𝑉𝑉 = ∑ 𝜋𝜋𝑖𝑖 ∙ 𝜈𝜈(𝑥𝑥𝑖𝑖) with ν describing a value function and π specifying his 

or her decision weights. These are computed as  

𝜋𝜋𝑖𝑖 = 𝑤𝑤 �� 𝑝𝑝𝑗𝑗

𝑛𝑛

𝑗𝑗=𝑖𝑖

� − 𝑤𝑤 � � 𝑝𝑝𝑗𝑗

𝑛𝑛

𝑗𝑗=𝑖𝑖+1

�                   𝑖𝑖 ∈ (1, … , 𝑛𝑛)                                                                            (1) 

where w is a probability weighting function. The value function  

𝑣𝑣(𝑥𝑥): = � 𝑥𝑥𝛼𝛼+ , 𝑥𝑥 ≥ 0
−𝜆𝜆⋅(−𝑥𝑥)𝛼𝛼− , 𝑥𝑥 < 0

                                                                                                                        (2) 

classifies the outcomes relative to a reference point. Therefore, positive values of x denote 

gains and negative ones losses relative to a reference point. The value function is concave for 

gains (outcomes above the reference point) and convex for losses (outcomes below the 

reference point). The parameter λ causes the value function to be steeper for losses than for 

gains, thereby modeling the loss aversion phenomenon. The α+ and α– portray different 

degrees of (relative) risk aversion for gains and losses. Tversky and Kahneman’s (1992) 

weighting function of probabilities is 

𝑤𝑤𝛾𝛾(𝑝𝑝) =
𝑝𝑝𝛾𝛾

(𝑝𝑝𝛾𝛾 + (1 − 𝑝𝑝)𝛾𝛾)1 𝛾𝛾�
                                                                                                                              (3) 

and transforms the probability p of an outcome into a subjective probability weight using 

parameter γ. It models a pattern that underweighs high probabilities and overweighs small 

probabilities. Some researchers have distinguished between γ + and γ–; however, we followed 

the reasoning of Tversky & Kahneman (1992) and assumed γ + = γ– = γ. 
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We asked a series of questions in the form of a hypothetical binary lottery choice, similar to 

Barsky et al. (1997), to derive the relevant parameters. We applied the Gamble-Method by 

Currim & Sarin (1989) and the Certainty-Equivalent-Method. These methods were designed 

for our purposes, as well as relatively easy to comprehend and intuitively appealing. Winning 

probabilities and stakes vary to cover a range of outcomes with a minimum number of 

questions, because the length of the survey was limited. For the binary prospects that we 

used, the rank dependence can be ignored.  

Owing to space restrictions, we could not reproduce a detailed survey in this paper. The 

English version of the questionnaire is presented in Appendix VI. Our raw data is available on 

request. Generally speaking, the questions used to compute the relevant parameters in this 

case were stated in a formal, quantitative manner. For example: 

Please state the amount of Z for which you are indifferent between both lotteries. 

Lottery A:  

50 % chance to gain 20 $  

50 % chance to gain 200 $ 

Lottery B:  

50 % chance to gain Z $  

50 % chance to gain nothing  

Z should be __________ $, such that lottery A is as attractive as lottery B. 

These questions required more effort to understand the presented scenario compared with 

the self-assessment questions mentioned above. Because of the different nature of the 

question types and popularity of lottery-based questions, we decided to include them in our 

analysis. In this context, these questions could be considered a more sophisticated version of 

the simple self-assessment but with the same goal: to derive individual risk-taking parameters.  
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We were aware of the problems associated with calculating loss aversion parameters when 

using value functions as specified in (2). However, since it is the consistency with financial 

decision-making among different measures and not the exact values of these measures we 

wanted to study and compare, we still used the equations presented above. Although the 

absolute value of λ might depend, for example, on scaling (see, e.g., Wakker, 2010, for further 

information), demonstrating a higher loss aversion in our survey leads to a higher value for λ 

and, therefore, does not (ceteris paribus) influence statistic significance in our regressions.  

We used the theory of the quasi-hyperbolic discounting model to derive individual patience-

related measures. Although many other elicitation mechanisms exist, this method is among 

the most commonly used and relatively easy to implement. Individuals tend to prefer smaller 

but earlier rewards instead of larger but later rewards. Moreover, economists generally agree 

that people discount the near future with a higher discount rate per period than the far future 

(Thaler, 1981). Such a behavior can be described by a utility function of the following form: 

𝑈𝑈(𝑥𝑥0, 𝑥𝑥1, … , 𝑥𝑥𝑇𝑇) = 𝑢𝑢(𝑥𝑥0) + � 𝛽𝛽⋅𝛿𝛿𝑡𝑡𝑢𝑢(𝑥𝑥𝑡𝑡).                                                                                                      (4)
𝑇𝑇

𝑡𝑡=1

 

In (3), for β = 1 and 0 < δ < 1, the discount factor would be δt for any period t, and thus a 

corresponding constant discount rate 1/δ−1 per period would result for all t. However, for 0 

< β < 1, the discount factor for the first period would only amount to β⋅δ, implying that the 

discount rate for the first period of 1/(β⋅δ)−1 is higher than 1/δ−1. Therefore, when 0 < β < 1 

and 0 < δ < 1, people appear to be more patient in the long run and less patient in the 

immediate future. The parameter β  is called the present bias, and δ refers to the long-term 

discount factor. For β = 1, there is no present bias problem, and we simply arrive at the 

neoclassical intertemporal utility function, as introduced by Samuelson (1937). We again 

positioned questions for a hypothetical set of circumstances in which participants could take 
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some money now or wait until later. We then asked how much it would require making waiting 

as attractive as receiving the money now. The amount of money was kept constant, but the 

questions varied with respect to the length of time to wait, for example: 

Please consider the following alternatives: 

A: a payment of 200 $ now 

B: a payment of X $ in one month from now 

X has to be at least __________ $, such that B is as attractive as A. 

A: a payment of 200 $ now 

B: a payment of X $ in one year from now 

X has to be at least __________ $, such that B is as attractive as A. 

As can be seen, the questions were not as easy to understand as those in the simple self-

assessment. These questions demanded some additional mental effort, making them a more 

sophisticated counterpart of the patience self-assessment. 

We elicited the implicitly revealed parameters for both risk-taking and patience using a data-

fitting approach, which is presented in detail in Appendix I.  

An important concern arises from the fact that, as mentioned before, such parameter-related 

measurements are complicated and intellectually sophisticated. This particularly holds true 

for the determination of risk preferences based on (2) and (3). Respondents might misreport 

their preferences either knowingly or unknowingly. It is, therefore, probable that alternative 

survey instruments that are easier to understand can deliver similar (or even more) reliable 

information on individual preferences (Dohmen et al., 2011). Hence, we also refrained from 

employing more advanced versions of the models introduced above.  

Previous studies have examined the consistency of the derived parameters with an 

individual’s willingness to take financial risk but found no reliable evidence. Frijns et al. (2008) 
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demonstrated that risk aversion measured through lottery choice is a determining factor of 

portfolio selection. However, Dimmock & Kouwenberg (2010) found that loss aversion and 

portfolio allocation decisions are not related. Erner et al. (2013) found a low predictive power 

of prospect theory for financial risk-taking. To the best of our knowledge, literature on the 

role of patience in portfolio allocation decisions is non-existent. 

3. Dataset 

Our analysis was based on microeconomic data drawn from a specially designed survey to 

provide the most complete data. We elicited different measures of risk-taking and patience to 

obtain a rich set of information that is rarely available otherwise. In most cases, the survey 

was conducted at the beginning of a regular lecture at a university under the monitoring of a 

local field interviewer. The survey participants had mixed academic backgrounds; however, 

most of them were business students but at different stages of their studies. Participation was 

not mandatory. There was no explicit time limit for completing the survey. Individuals were 

able to be provided information on the results if they contacted the interviewer after 

participation. We surveyed individuals in nine different countries, namely China, Germany, 

India, Iran, Italy, Singapore, South Korea, Spain, and Russia. These countries were not part of 

a specific selection process but chosen based on the authors’ existing academic connections. 

This approach yielded a high response rate and, as the results of our analysis show, a broad 

cultural basis for our study, thus avoiding any kind of country-specific bias. We collected 

information on more than 700 university students across nine countries from 2010 to 2013. 

Because of the nature of the internationally conducted surveys, the procedure took some 

time. Nevertheless, the data collection per country did not take longer than three months 

each. We attempted to keep this time span as narrow as possible. As we did not compare 
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absolute values of risk and time measures across countries, we did not think that the stability 

of preferences would be an issue in our research. 

The large sample size allowed us to attain a comprehensive scope of individual variability. The 

survey was translated into local languages. Monetary payoffs were adjusted according to each 

country’s purchasing power to assure comparability of results across countries. We collected 

information on the monthly income and expenses of the local students to verify whether the 

calculated amounts make economic sense or need to be adjusted accordingly. We removed 

the responses from non-native students from our sample. We also excluded participants 

whose answers showed indications of violation of first-order stochastic dominance, more 

exactly violations of internality (Gneezy et al., 2006), or monotonicity (as a manifestation of 

response errors, such as choosing to play a binary lottery at low probabilities for a gain but 

refraining from playing a lottery at high probabilities for the same gain). These participants 

were excluded to reduce the influence of outlier responses, as we were aware that our 

approach of direct matching is prone to numerous biases (see also Rieger et al., 2017). We 

eliminated an observation if there was at least one strong internality or monotonicity violation 

while allowing any number of weak ones. For the difference between strong and weak 

violations in this regard, see Rieger et al. (2015). 

To measure individual decision-making, we elicited answers to two novel and easy-to-apply 

hypothetical questions in our survey. These were related to the two facets of financial life in 

our analysis: risk and time.  

Imagine you have an amount of 5,000 €. How much money would you invest in 

stocks/funds and fixed income assets? 

 Stocks/Funds   __________  
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 Fixed income assets  __________ 

If you had the choice between a bond of one-year maturity with an interest rate of 3 % p.a. 

and a bond of five-year maturity with an interest rate of 4.5 % p.a., which option would 

you choose? 

o Bond of one-year maturity 

o Bond of five-year maturity 

These questions have not been used in previous literature. All other questions used in our 

survey have already been introduced in the literature. Although one might assume a high per-

sistency across the different questions our survey comprised of, empirical evidence with re-

gard to stability is neither consistent nor conclusive (Eckel et al., 2005; Deck et al., 2013; Brad-

ford et al., 2014; Gürdal et al., 2017).  

We calculated our indicator for risk-taking as the ratio of money invested in stocks or 

investment funds, as answered in our novel question. We coded our self-assessed risk-taking 

variable correspondingly, such that a higher score indicates a higher propensity to take risk. 

Our measure for time-related behavior was a dummy variable that takes the value of 1 if the 

individual’s answer to our novel question is to choose the bond with longer maturity; 

otherwise, it is 0. We again encoded the self-assessed patience measure in the same direction, 

so that a higher value relates to a more patient behavior. Although the measures of riskiness 

and time orientation of portfolios appear crude, they are easy to interpret and understand 

and apparently have some relevance to household finance. 

The survey covered information on demographic, economic, and cultural characteristics that 

may influence investment and saving decisions. Overall, the age of respondents in our sample 

varied from 17 to 32 years, with a mean age of 23 years. Of the total respondents, 46.4% were 
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men. The median monthly income after adjustments according to each country’s purchasing 

power at the time the survey was conducted was 458.33 €. The median wealth after 

adjustments amounted to 2,000 €. Respondents were relatively evenly distributed among the 

countries. Although there were obvious discrepancies, the differences in the income and 

wealth of students from different countries were relatively small. Nevertheless, we controlled 

for such differences in the regressions. Table 1 provides an overview of some basic facts about 

the data. 

>>> Insert Table 1 about here. <<< 

We examined the extent to which measured risk-taking and patience predict the answers to 

our novel survey questions concerning hypothetical financial behavior. The econometric 

baseline specification was a Tobit model for risk-taking and a logit model for patience with 

robust standard errors, estimated on a cross-section of individuals and countries. The 

dependent variable indicated financial decision-making. As regressors, we used a broad set of 

parameters for risk-taking and patience, as outlined in Section 2. All our specifications 

controlled for a set of socioeconomic characteristics that existing theory and empirical studies 

suggest as relevant for household portfolio choice. More specifically, we included 

respondents’ age, gender, wealth, and income. We also included country dummies and 

individually measured cultural dimensions to disentangle the observed effects from the 

impacts of the societal and cultural background. These cultural dimensions, according to 

Hofstede (2001), play a more important role in our analyses as there is evidence that they 

heavily influence individual decision-making (e.g., Ferris et al., 2013; Breuer et al., 2014; 

Lievenbrück & Schmid, 2014; Frijns et al., 2013; Rieger et al., 2015; Wang et al., 2016) despite 

a number of shortcomings (for an overview, see Bearden et al., 2006). We reported 

standardized coefficients so that the effects of different variables are easily comparable. 
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4. Survey Results 

4.1 Correlations 

To obtain an overview, we analyzed how the survey measures relate to each other and other 

demographic factors. We first used a Shapiro-Wilk test to determine the correct method to 

measure our correlations. Table A.1 in Appendix II shows that none of our variables were 

normally distributed (p < 0.1), which is why we ran a Spearman correlation test. Since gender 

represents a binary variable, it was excluded from the analyses in this section. The Spearman’s 

correlations (see Table A.2 in Appendix II) indicated that our more sophisticated measures of 

patience correlated significantly with the demographic variables of age, income, and wealth. 

People of older age, with higher income, or with higher wealth demonstrated less patience. 

Interestingly, the self-assessed patience indicator was not significantly correlated with more 

sophisticated measures of patience. The corresponding statement about the self-assessed 

risk-taking indicator and other measures of risk-taking holds true as well. Risk aversion in gains 

was strongly positively correlated with risk aversion in losses, what one would expect. 

However, we found risk aversion in losses to be significantly negatively correlated with loss 

aversion. Our measure of probability weighting was significantly correlated with risk aversion 

in gains. We do not have explanations for the latter two observations at this point. In 

summary, this is first tentative evidence that our different measures for willingness to take 

risk and the level of patience were almost uncorrelated and thus described different 

measurement approaches. Therefore, we can assume large differences in the predictive 

power for the answers to our savings and investment decisions.1 

 
1 We would like to thank an anonymous reviewer for highlighting these issues in this section. Lack of space 
does unfortunately not permit us to elaborate deeper on these relationships. 
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4.2 Predicting Risk-Taking Behavior 

We analyzed the distribution of the answers to our risk self-assessment question and found 

sufficient variation across countries. Therefore, we could conclude that the participants 

understood this question well and did not compare themselves with other people in the same 

country, which would have led to very similar distributions instead (for a closer look, see Figure 

A.1 in Appendix III). Patterns of known country differences were also found in our data, but 

there were exceptions; for example, participants from Russia assessed themselves as quite 

risk tolerant relative to the other countries, which is an unusual finding for their cultural 

background. However, the number of observations for some countries, including Russia, was 

relatively small and might not be completely representative of the respective country. As we 

were mainly interested in individual behavior and the possibilities of its prediction in the realm 

of saving and investment decisions, this finding did not pose too great a problem for our study. 

Moreover, we could not rule out that participants might have had different understandings of 

what “fixed income” means, but it was clear at all times that this option was the least risky 

one.  

The next step of our empirical analysis regressed our newly introduced survey measure for 

risk-taking (named “Risky Share”) on a set of socio-demographic variables in Model 1, Table 2. 

Subsequently, we added two different sets of variables that relate to risk-taking in Models 2 

and 3. Moreover, in Model 5, we also added Hofstede’s dimensions in the same way, as there 

is evidence that they exhibit an influence on risk-taking as well, as briefly described in Section 

3. Finally, we ran a horserace regression in Model 5 that included the two sets of risk-taking 

variables plus Hofstede’s dimensions at a time. Therefore, Model 5 was based on the following 

regression: 
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𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑏𝑏2 ∙ 𝛼𝛼+ + 𝑏𝑏3 ∙ 𝛼𝛼− + 𝑏𝑏4 ∙ 𝜆𝜆 + 𝑏𝑏5 ∙ 𝛾𝛾 + 𝑏𝑏6 ∙ 𝑈𝑈𝑈𝑈𝑈𝑈 + 𝑏𝑏7 ∙ 𝐿𝐿𝐿𝐿𝐿𝐿

+ 𝑏𝑏8 ∙ 𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑏𝑏9 ∙ 𝐼𝐼𝐼𝐼𝐼𝐼 + 𝑏𝑏10 ∙ 𝑀𝑀𝑀𝑀𝑀𝑀 + 𝒃𝒃 ∙ 𝑪𝑪 + 𝜀𝜀                                                 (5) 

with 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 referring to self-assessed risk-taking, and vector 𝑪𝑪 describing all other control 

variables. Our analysis demonstrated that each set of measures for risk-taking and Hofstede’s 

cultural dimensions had considerable predictive power with respect to the hypothetical risk-

bearing choice of individuals. The explanatory power of the regression models increased 

significantly when we included indicators for risk propensity. The self-assessed risk-taking 

indicator thereby induced the highest increase in R2. Of the four parameters that covered 

more sophisticated risk-taking measures, solely the probability bias appeared to have a 

significant impact on decision-making.  

The horserace regression reconfirmed that the self-descriptive risk-taking indicator has a 

dominant influence on decision-making, although the impact of the probability bias in this 

special regression is significant as well. We noted that the sample size of the horserace 

regression ranked rather low, owing to a comparably high level of invalid responses for the 

implicitly estimated measures. Individuals appeared to incur difficulties in answering the 

underlying lottery questions consistently. Such violations of revealed measure conditions 

persisted evenly across all countries and were not uncommon when eliciting answers to 

lottery questions (Rieger et al., 2017). 

>>> Insert Table 2 about here. <<< 

The second step of our regression analysis subsequently added the significant variables from 

the previous regressions to the socio-demographic controls and substantiated our results. In 

this process, we restricted our analysis to the cross-section of data points for which we had 

data on all of these variables available. This procedure achieved a better comparability of the 
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impact of different risk measures while using a large sample size. This also eliminated any 

possible sample composition bias. The sample size for the models was 420 individuals, of 

which the highest number of participants were from China (n = 89), followed by Germany (n 

= 66) and India (n = 51). The lowest number of observations was reported from Spain (n = 20), 

whereas the number of participants in all other countries considered ranged between 30 

(Singapore) and 46 (Russia, see Table 1). 

Results in Table 3 paint a consistent picture. The self-assessed risk-taking indicator could best 

explain hypothetical financial risk-taking, as measured by our novel question. The pseudo R2 

in the simple specification of Model 2 was 32.4% while the explanatory power of the other 

models hardly exceeded 20%. Besides self-assessment, other variables measuring risk-taking 

achieved a very meager increase in the pseudo R2 of 7% at best of the baseline Model 1 that 

only included socio-demographic controls. 

This confirmed our findings that self-assessed indicators are consistently most important for 

explaining hypothetical risk behavior, as measured by our novel question. Probability bias no 

longer had a significant influence. The explanatory power of this model yielded a solid 42.2%, 

and the control variables of the regression models were generally in line with what was 

expected based on the previous literature. Male participants appeared to be more risk-taking. 

Age, income, and wealth did not significantly influence risk behavior in the majority of our 

regression models. Hofstede dimensions only partly turned out to be significant, and the 

coefficients were relatively close to zero. 

>>> Insert Table 3 about here. <<< 
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4.3 Predicting the Degree of Patience 

With respect to the time self-assessment question, we found sufficient variation across 

countries (see Figure A.2 in Appendix III). In this case, patterns of known country differences 

in our data could not be spotted as easily as for the self-assessment of risk-taking. 

One might object that there are reasons other than preferences for our participants to choose 

the shorter maturity bond over the longer one. Students might expect interest rates to change 

over the next few years, or they might be at different points in their studies, leading to an 

anticipated need for money in a fixed period of time. We checked these issues by analyzing 

the participants’ bond choices. We compared a) the knowledge of financial markets, using 

investments in stocks, bonds, or funds against non-investors as proxies, and b) the group of 

participants who are planning to finish their studies within the next one to three semesters 

against those who are going to study longer than three semesters (see Figure 1). As can be 

seen at first glance, the distributions did not differ greatly from each other. We performed a 

t-test and could not reject the null hypothesis of equal means in either case. Therefore, we 

supposed that students did not decide in different ways based on their market knowledge 

using financial market participation as proxy or based on their remaining study time. We could 

not rule out possible misunderstandings of when exactly the bond coupon is paid. For the five-

year-maturity option, participants might have understood the coupon payment to be made 

every year or alternatively to be paid as compound interest in one sum at the time of maturity. 

However, this did not cause too great a problem for our study since it was clear at all times 

that the initially invested amount of money, i.e., the principal, is to be blocked for one or five 

years, respectively. 

>>> Insert Figure 1 about here. <<< 
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Our analysis of patience proceeded in a manner similar to that presented in the previous 

section. We first regressed hypothetical time behavior (described by the variable “Longer 

Maturity”) on the two different sets of measurements for patience plus the Hofstede scores 

in Models 2 to 4. The combined regression equation of Model 4 is as follows: 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑏𝑏2 ∙ 𝛽𝛽 + 𝑏𝑏3 ∙ 𝛿𝛿 +  𝑏𝑏4 ∙ 𝑈𝑈𝑈𝑈𝑈𝑈 + 𝑏𝑏5 ∙ 𝐿𝐿𝐿𝐿𝐿𝐿 + 𝑏𝑏6 ∙ 𝑃𝑃𝑃𝑃𝑃𝑃

+ 𝑏𝑏7 ∙ 𝐼𝐼𝐼𝐼𝐼𝐼 + 𝑏𝑏8 ∙ 𝑀𝑀𝑀𝑀𝑀𝑀 + 𝒃𝒃 ∙ 𝑪𝑪 + 𝜀𝜀                                                       (6) 

with 𝑆𝑆𝑆𝑆𝑆𝑆 referring to self-assessed patience, and vector 𝑪𝑪 describing all other control 

variables. 

>>> Insert Table 4 about here. <<< 

Next, we established the relation between patience and survey-measured financial decision-

making in a cross-section of exactly 700 data points for which we had data on all relevant 

variables available. As pointed out previously, this procedure provided a more consistent view. 

The highest number of observations can be reported from India (n = 118), followed by Italy (n 

= 100), Germany (n = 97), and China (n = 91). Relatively few participants were disclosed from 

Russia (n = 74), Iran (n = 65), Singapore (n = 59), South Korea (n = 54), and Spain (n = 42). In 

general, more individuals managed to answer our questions consistently compared with the 

risk-taking section, which might be traced back to an easier understanding. 

Our findings were relatively consistent. The self-descriptive patience indicator consistently 

explained hypothetical individual decision-making, as measured by our novel question, at the 

best possible rate. This indicator was able to increase the pseudo adjusted R2 from 3.4% in the 

baseline model to 4.7%. The horserace regression yielded 4.8% for the pseudo adjusted R2. 

We did not observe a significant influence of gender or age in our regression models. An 

increase in income and wealth coincided with more patient time behavior. 



59 
 

>>> Insert Table 5 about here. <<< 

The coefficient of the self-descriptive patience indicator was 1.504 in Model 2 in Table 5. A 

move to the next higher value on the time preference scale thus increased the likelihood that 

an individual hypothetically chooses the bond with the higher maturity by 50%. The main 

conclusion we draw from our results is that self-assessed indicators affected hypothetical 

financial behavior as measured by our novel questions in an obvious and intuitive manner. 

As our results are similar with respect to both risk-taking and patience and as parameter 

elicitation regarding time discounting is somewhat easier than parameter determination 

regarding prospect theory, the low predictive power of these two approaches may not be 

completely caused by the high level of complexity. Moreover, we concluded that our newly 

introduced hypothetical questions about risk and time behavior turned out to deliver results 

that were in line with the existing literature, thus presumably offering an easy-to-apply 

method to reliably reflect decision-making in more realistic situations. 

5. Lab Experiment 

To compare the outcomes of a more lifelike situation with our novel, simple, and easy-to-use 

risk and time behavior elicitation method, we complemented our survey procedure through 

an experimental study. As described before, the extent to which preferences are misreported 

also depends on the data collection method. If our novel questions of hypothetical behavior 

are not subject to misreporting, we would expect the predictive power of the different risk 

and time measurements to be comparable for the survey and the experiment. Moreover, an 

experiment allowed us to address the following points that go beyond the scope of our survey: 

• Offering performance-based monetary incentives 
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• Avoiding possible halo effects 

• Determining risk and time decision-making in a single setup 

As we have elaborated before, previous studies have found that, all other things being equal, 

incentivization does not necessarily lead to different outcomes (Rieger et al., 2015; Vieider et 

al., 2015). However, the literature in this regard is still inconclusive. Although laboratory 

experiments typically suffer from smaller sample sizes and self-selection biases, offering real 

monetary incentives might ensure that participants are motivated to give thoughtful answers. 

By further disassociating the risk-taking/patience measurements and the actual decision-

making task, the experiment also helped avoid possible measurement errors that might solely 

arise because respondents tried to answer these questions consistently (halo effect). This 

might be particularly a problem with respect to patience because the simple investment 

problem presented in our novel question sounds, to some degree, similar to the self-

assessment question. The experiment considered this in general and separated the 

corresponding questions sufficiently. Moreover, as described below, in the laboratory 

experiment, individuals now determine the risk and time structure of their portfolio 

simultaneously, loosening a potential mental connection to the previously answered self-

assessment questions. 

We conducted our lab experiment at a large German university using computers. Each 

participant completed the same questionnaire as described in Section 3. We removed our two 

hypothetical questions regarding financial behavior in terms of risk and time. Instead, 

participants were asked to make a portfolio allocation decision using the experimental task 

design of Kaufmann et al. (2013), given a hypothetical endowment of 5,000 €, for both one- 

and three-year maturity portfolios. All individuals knew that their final payments depended 

on their investment choices. The participants had to choose between the purchase of a riskless 
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asset and a risky investment opportunity and state the share of money to be invested in each 

of those two options. The risk-free rates of return of the riskless asset were set at 1.5% p.a. 

for the one-year option and 2.0% p.a. for the three-year option. The risk-return profile of the 

risky investment opportunity was adapted from MSCI World Index data. First, a brief 

interactive introduction to probability distributions was provided, following the concept of 

Kaufmann et al. (2013). After making an allocation choice using a slider mechanism, a 

probability distribution of the possible outcomes of the chosen portfolio allocation based on 

a Monte Carlo simulation was presented. Participants could then decide to either change the 

allocation or accept the portfolio choice. This procedure was repeated for the allocation 

decision concerning a portfolio of longer maturity. Eventually, participants were asked to 

decide between either taking the one-year maturity portfolio and being paid one month after 

the event or taking the three-year maturity portfolio and being paid three months after the 

event. At this point, the allocation choices could no longer be altered. Moreover, participants 

could only see the probability distributions of their two portfolio choices involving the possible 

investment outcomes and the respective outcome probabilities at the time of maturity. The 

final payment, which was made via bank transfer, was then computed based on the probability 

distribution of the portfolio that the participant chose, while 500 € in the experiment 

corresponded to a real payment of 1 €. The final payments ranged between 8.07 € and 16.59 

€, with an average payment of 12.03 € for an average of 45 minutes of work. Using this 

procedure, we could observe both, participants’ risk decisions and time decisions in a single 

experimental setup. Two exemplary excerpts of the experiment are shown in Figures 2 and 3. 

Kaufmann et al. (2013) explained the experimental procedure in a more detailed way. This 

setup also allowed us to tackle the problem of different understandings of what “fixed 

income” means. The visualization component did not allow for any deviant interpretations, 
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and the same reasoning could be adapted to possible misunderstandings of the coupon 

payment. The experimental validation might have been helpful in this context as well. 

>>> Insert Figure 2 about here. <<< 

>>> Insert Figure 3 about here. <<< 

The final sample consisted of 163 observations. Again, participants whose answers indicated 

violation of first-order stochastic dominance because of response errors were excluded from 

the sample. This time, the share of excluded answers was considerably smaller because 

participants, in general, responded more consistently. This may be due to the fact that 

individuals participating in the laboratory experiment did so to earn money. Therefore, they 

might have felt obliged to read the questions very thoroughly and answer only after reflecting 

well. To this effect, incentivization may indeed be useful. However, as pointed out below, our 

main conclusions are not affected by incentivizing answers. 

We defined the indicator of time-related behavior as a variable that takes the value of 1 if the 

individual chooses the investment with three-year maturity and otherwise 0, similar to our 

novel indicator of time-related behavior presented in Section 3. Since participants had to 

decide about the share to be invested in the respective investment options twice (once for 

one-year maturity and once for three-year maturity portfolios) in this analysis, the indicator 

of risk-related behavior was defined as each individual’s mean share of money invested in the 

risky asset. 

To allow for comparison between the two analyses presented in this study, we attempted to 

create a sample consisting of individuals of similar socio-economic backgrounds as in our first 

study. The mean age of the participants in the sample was 24.28 years. The median monthly 
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income was 650.00 €, and the median wealth was 3,000.00 €. Our ratio of male participants, 

however, was slightly higher than that in our survey setting. Although our experimental 

sample mainly consisted of students of German descent, we controlled for existing country-

specific differences. Since our sample is rather restricted regarding country differences 

compared with our sample of the analyses described in the previous sections, we included a 

dummy variable that is 1 if the participant is not of German nationality and 0 otherwise. As in 

our survey, we also gathered information about Hofstede scores. 

Descriptive statistics and regression models are presented in Appendix IV. Compared with our 

survey findings, the results of our lab experiment mostly painted a consistent picture. In terms 

of risk-taking, the following results were found in all our models: the coefficient of the self-

assessed measures had a significant impact; the findings for probability weighting were 

inconsistent; and the other measures were not significant at all. Concerning patience, only the 

self-assessed measure turned out to be highly significant, while no other relevant coefficient 

was of any significance, except for one single model in which the Hofstede cultural dimension 

of masculinity was significant at the 10%-level. Therefore, our findings strongly confirm the 

survey results and point to the fact that our newly introduced questions were able to proxy 

decision-making well enough to ensure delivering results that are comparable to lifelike 

situations. A second important observation is that self-assessed indicators worked best for 

predicting behavior. 

6. Tackling the Error-in-Variables Problem 

Because of the general nature of experiments and surveys, we could not rule out that there 

were measurement errors in the explanatory variables leading to biased estimators. We were 

aware of this problem. Regarding the complexity of lottery-choice-based questions and our 
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results presented in the previous sections, and more precisely looking at the widely appearing 

non-significance of the variables derived from lottery-choice-based questions, we suspect that 

there might be measurement errors in the set of explanatory variables. In general, there are 

three possibilities to address this issue: one may use an instrumental variables approach, rely 

on the dynamic panel estimators of Arellano & Bond (1991), or apply the measurement error-

consistent generalized method of moments/cumulants estimators (Erickson & Whited, 2000; 

Erickson et al., 2017), to our lottery-measured explanatory variables. The dynamic panel 

estimators from Arellano & Bond (1991) are based on lagged regressors and thus require panel 

data. Replacing the regressors we wanted to analyze with instrumental variables does not 

make sense. Therefore, for our purposes, only the third approach can be employed. Because 

this approach is not suited for binary dependent variables, it can only be applied to our risk-

taking dataset. 

The exact outcomes of our analysis are presented in the Appendix V. We found that our results 

were very sensitive to the choice of moments/cumulants and their highest order. Although 

there were indications that, when considering an error-in-variables model, lottery-based 

measures of risk-taking may gain reliability, the explanatory power of these results when 

applying the error-in-variables approach remains questionable. This is because there is no 

clear structure regarding the significance of other risk-taking measures besides self-

assessment. The latter variable still had a consistent significant impact in all our models, 

except once. However, this may be an interesting starting point for future research. 

7. Conclusion  

A recurrent theme in economics is the description of individual risk-taking and patience 

measures and their relation to choice behavior. The novel feature of our study lies in linking 
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different risk-taking and patience measures to a new and easy-to-use survey approach utilized 

to proxy lifelike investment situations. Moreover, we replicated and extended the existing 

literature concerning the predictive power of more or less sophisticated risk-taking and 

patience elicitation methods. 

Our evidence was broadly consistent with the hypothesis that individual indicators play an 

important role in investment decisions. Analyses based on our novel survey questions regard-

ing investment behavior achieved high comparability with those relying on actual decision-

making in an experimental context. Another finding was that, in general, self-assessed indica-

tors consistently generated the best predictions of behavior. It appears that the parameters 

based on more sophisticated elicitation methods have little importance in explaining the risk 

and time dimension of portfolio selection, and our results were inconsistent in this regard. A 

plausible explanation is that ordinary respondents may incur problems in answering more so-

phisticated choice questions between different alternatives. The relatively low number of ob-

servations for these questions because of many invalid answers supports this conjecture and 

casts doubt on such methods. We tried to tackle this issue with mixed results using special 

regression approaches for such a measurement problem regarding explanatory variables. Alt-

hough this might increase the empirical relevance of lottery-choice-induced parameter com-

putations, the results strongly depended on the manner by which such regression models are 

calibrated, and there is no straightforward way to unambiguously determine the best model 

variant. Apparently, there is a need for a regression method that considers the error-in-varia-

bles problem but yields more stable results than the methods currently available.  

We tentatively conclude that economic data concerning financial decision-making can be 

generated reliably using low-cost survey questions that proxy actual decision-making in an 

experimental context. In addition, our results justify the current practices of financial advisors 
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or private bankers, who use rather rough methods to measure their clients’ risk-taking and 

patience attitudes. Our findings support prior evidence that demonstrates persistent 

discrepancies between the predictions of traditional, more sophisticated models and behavior 

(Andersen et al., 2006; Erner et al., 2013; Lönnqvist et al., 2015).  

However, our data had some drawbacks. First, we only examined university students and not 

a representative sample of the total population. Although this caveat has to be kept in mind, 

we believe our study remains valuable in providing evidence on the explanatory power of 

different variables as this sample selection offers important advantages. On the one hand, 

because of their quantitative background, students of business administration and economics, 

as well as in the field of STEM (science, technology, engineering, and mathematics) can 

understand the numeric formulations of the questions without great difficulty. Asking a 

representative sample of the population the same numerical questions involving probabilities 

might have been less straightforward. Previous studies have demonstrated that student 

samples incur fewer violations of revealed measure conditions (von Gaudecker et al., 2011). 

On the other hand, they constitute a relatively homogeneous and comparable group across 

countries, helping to reduce the influence of country-level background variables, and they 

represent future investors. In addition, previous studies have documented that student 

samples reveal behavioral patterns that do not differ much from those of non-student samples 

(Druckman & Kam, 2011; Falk et al., 2013). Therefore, we are confident that our conclusions 

remain valid even for more heterogeneous samples. Second, we only compared survey and 

laboratory data; therefore, we cannot draw any direct conclusions about real-life portfolio 

selection decisions. There is a need to compare survey data based on our novel questions with 

genuine, real-life decision-making. However, we leave this issue for future research.  
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Table 1 Descriptive statistics, survey evidence (average values) 

 all China Germany India Iran Italy Singapore South Korea Spain Russia 
male 0.48 0.34 0.46 0.56 0.59 0.53 0.52 0.47 0.52 0.36 
age 23.13 18.61 24.81 26.62 23.11 22.96 22.48 22.85 23.34 23.50 
income 681.32 665.57 693.05 1,139.92 922.27 443.33 1,027.54 487.12 662.95 329.70 
wealth 8,357.66 1,805.18 9,004.55 12,872.50 7,3152.15 6,619.68 9,872.11 8,101.59 6,197.28 9,505.47 

           
ratio of risky assets in  
individual portfolios  0.40 0.38 0.38 0.39 0.39 0.46 0.54 0.41 0.30 0.42 

ratio of individuals choosing 
the higher maturity bond 0.45 0.48 0.56 0.38 0.10 0.57 0.47 0.44 0.58 0.43 

 
          

self-assessed risk-taking 2.43 2.25 1.85 3.64 2.35 2.06 2.72 2.33 1.75 2.40 
self-assessed patience 3.01 2.80 3.00 3.13 2.75 3.14 3.18 3.10 2.87 2.65 

           

risk aversion (gains) 0.51 0.55 0.59 0.66 0.16 0.48 0.60 0.48 0.62 0.37 
risk aversion (losses) 0.60 0.63 0.79 0.67 0.17 0.60 0.72 0.55 0.75 0.45 
loss aversion 1.73 1.60 1.63 2.12 1.41 2.10 2.17 2.03 1.73 1.66 
probability weighting 0.65 0.62 0.53 0.57 0.84 0.49 0.70 0.68 0.70 0.66 

           

present bias parameter 0.40 0.26 0.58 0.52 0.50 0.13 0.73 0.41 0.25 0.39 
long-term discount factor 0.82 0.82 0.85 0.84 0.81 0.79 0.85 0.84 0.80 0.82 

           

uncertainty avoidance 65.46 104.65 53.91 55.16 56.33 73.52 33.43 47.61 82.66 41.07 
long-term orientation 46.91 49.14 44.90 29.74 55.32 46.68 46.27 57.57 59.00 44.23 
power distance 20.52 -1.87 27.04 26.09 34.95 22.05 26.54 12.33 20.33 29.91 
individualism 72.67 62.96 73.42 71.18 83.39 73.18 90.96 60.27 62.19 96.68 
masculinity 58.58 48.78 18.21 56.41 80.77 104.18 0.76 17.21 53.58 141.11 

 
          

# observations in Table 3 420 89 66 51 36 39 30 43 20 46 
# observations in Table 5 700 91 97 118 65 100 59 54 42 74 
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Table 2 Tobit analysis of risk behavior and risk-taking indicators, first step, survey evidence 

  Model 1   Model 2   Model 3   Model 4   Model 5  
                
male 0.074 *** 0.023 0.048 ** 0.022 0.046  0.043 0.071 *** 0.023 0.068  0.042 
age 0.000  0.004 0.003  0.004 0.003  0.008 -0.001  0.004 0.004  0.008 
income 0.000  0.000 0.000  0.000 0.000 ** 0.000 0.000  0.000 0.000 ** 0.000 
wealth 0.000  0.000 0.000 *** 0.000 0.000  0.000 0.000  0.000 0.000  0.000 
                
self-assessed risk-taking    0.113 *** 0.015       0.072 ** 0.034 
                
risk aversion (gains)       0.156  0.112    0.066  0.110 
risk aversion (losses)       0.004  0.076    0.040  0.080 
loss aversion       0.015  0.026    0.012  0.021 
probability weighting       0.181 ** 0.073    0.181 ** 0.071 
                
uncertainty avoidance          -0.001 *** 0.000 0.000  0.000 
long-term orientation          -0.001  0.001 -0.003 ** 0.001 
power distance          0.000  0.000 0.000  0.000 
individualism          0.000 ** 0.000 0.000  0.000 
masculinity          0.000  0.000 0.000  0.000 
                
country dummies  yes   yes   yes   yes   yes  
observations  642   637   155   609   153  
pseudo R2  0.121   0.302   0.280   0.200   0.504  
F statistic  7.313   12.380   2.390   4.730   2.949  
p-value  0.000   0.000   0.003   0.000   0.000  
 

The dependent variable is the ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and three different sets of variables for risk-
taking as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics.  
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Table 3 Tobit analysis of risk behavior and risk-taking indicators, second step, survey evidence 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
                      
male 0.089 *** 0.028 0.062 ** 0.027 0.088 *** 0.028 0.084 *** 0.028 0.099 *** 0.028 0.084 *** 0.028 0.064 ** 0.027 
age -0.003  0.005 0.001  0.005 -0.003  0.005 -0.001  0.005 -0.004  0.005 -0.003  0.005 0.002  0.005 
income 0.000  0.000 0.000  0.000 0.000 * 0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 
                      
self-assessed risk-taking    0.117 *** 0.018             0.109 *** 0.018 
                      
probability weighting       0.071 * 0.038          0.035  0.037 
                      
uncertainty avoidance          -0.001 *** 0.000       -0.001 *** 0.000 
long-term orientation             -0.002 ** 0.001    -0.001 ** 0.001 
individualism                0.000  0.000 0.000  0.000 
                      
country dummies  yes   yes   yes   yes   yes   yes   yes  
observations  420   420   420   420   420   420   420  
pseudo R2  0.149   0.324   0.162   0.214   0.179   0.159   0.422  
F statistic  3.709   7.174   3.955   4.558   3.794   3.695   7.475  
p-value  0.000   0.000   0.000   0.000   0.000   0.000   0.000  
 

The dependent variable is the ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and those variables for risk-taking that 
gained significance in Table 2. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table 4 Logit analysis of time behavior and patience indicators, first step, survey evidence 

 Model 1 Model 2 Model 3 Model 4 Model 5 
                

male 1.041  0.167 1.061  0.174 1.069  0.181 0.970  0.162 1.036  0.187 
age 0.959  0.027 0.973  0.028 0.965  0.029 0.968  0.028 0.991  0.032 
income 1.000 * 0.000 1.000 ** 0.000 1.000 ** 0.000 1.000 ** 0.000 1.000 *** 0.000 
wealth 1.000 * 0.000 1.000 ** 0.000 1.000 * 0.000 1.000  0.000 1.000  0.000 
                
self-assessed patience    1.523 *** 0.163       1.501 *** 0.175 
                
present bias parameter       1.337  0.391    1.299  0.399 
long-term discount factor       1.737  1.539    2.921  2.712 
                
uncertainty avoidance          1.001  0.001 1.002  0.001 
long-term orientation          1.007 * 0.004 1.004  0.004 
power distance          1.000  0.002 1.000  0.002 
individualism          1.002  0.002 1.002  0.002 
masculinity          1.001  0.001 1.001  0.001 
                
country dummies  yes   yes   yes   yes   yes  
observations  722   711   668   685   628  
χ2  50.290   63.980   49.170   47.270   57.420  
p-value  0.000   0.000   0.000   0.000   0.000  
pseudo R2  0.064   0.081   0.067   0.070   0.088  
pseudo R2 adjusted  0.037   0.052   0.034   0.031   0.039  
specificity  69.700   68.540   63.970   66.670   60.900  
 

The dependent variable is the probability that an individual chooses the higher maturity bond. The independent variables consist of a group of socio-demographic variables and three different 
sets of variables for patience as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table 5 Logit analysis of time behavior and patience indicators, second step, survey evidence 

 Model 1 Model 2 Model 3 Model 4 
             

male 0.976  0.159 1.015  0.167 0.945  0.155 0.985  0.164 
age 0.968  0.028 0.975  0.028 0.971  0.028 0.977  0.028 
income 1.000 ** 0.000 1.000 ** 0.000 1.000 ** 0.000 1.000 ** 0.000 
wealth 1.000 ** 0.000 1.000 ** 0.000 1.000 ** 0.000 1.000 ** 0.000 
             
self-assessed patience    1.504 *** 0.162    1.491 *** 0.162 

             
long-term orientation       1.007 * 0.004 1.006 * 0.004 

             
country dummies yes   yes   yes   yes  
observations 700   700   700   700  
χ2  47.460   60.910   48.550   61.010  
p-value  0.000   0.000   0.000   0.000  
pseudo R2  0.061   0.076   0.065   0.080  
pseudo R2 adjusted 0.034   0.047   0.036   0.048  
specificity  70.650   67.010   69.350   69.610  
 

The dependent variable is the probability that an individual chooses the higher maturity bond. The independent variables consist of a group of socio-demographic variables and those variables for 
patience that gained significance in Table 4. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Figure 1 Distributions of survey bond choices  

Figure 1 shows the distributions of bond choices (1 = longer maturity) by remaining study time and financial market participation 
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Figure 2 Experiment: Allocation mechanism 

Figure 2 shows the slider mechanism used by participants of the experiment to make an allocation decision. 
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Figure 3 Experiment: Presentation of the probability distribution 

Figure 3 shows how the concept of a probability distribution has been presented to participants of the experiment. 
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Appendix   

I Elicitation of Parameters for Risk-Taking Behavior and Patience  

To elicit risk-taking parameters, we employ a simple task for every parameter with three sub-

questions. The main assignment for risk aversion towards gains has the following form: 

“For each lottery comparison, please state the amount of Z for which you are indifferent 

between both lotteries. 

Lottery A: 50% chance to gain 20 €, 50% chance to gain 200 € 

Lottery B: 50% chance to gain Z €, 50% chance to gain nothing 

Z should be _________ €, such that lottery A is as attractive as lottery B.” 

Using Prospect Theory by Kahneman & Tversky and three different lotteries of the form (x, 

0.5; y, 0.5) and (z, 0.5; 0, 0.5) with x, y > 0, we calculate the risk aversion towards gains: 

 𝜋𝜋(0.5) ∙ 𝑣𝑣(𝑥𝑥) + 𝜋𝜋(0.5) ∙ 𝑣𝑣(𝑦𝑦) =  𝜋𝜋(0.5) ∙ 𝑣𝑣(𝑧𝑧) + 𝜋𝜋(0.5) ∙ 𝑣𝑣(0). (A1) 

With 𝑣𝑣(0) = 0 it follows: 

 𝑣𝑣(𝑥𝑥) + 𝑣𝑣(𝑦𝑦) =  𝑣𝑣(𝑧𝑧). (A2) 

Now the function 𝑣𝑣(𝑥𝑥) has to be adjusted. For every value of the parameter α (exogenously 

given) the sum of the differences between the calculated value and the real value given 

through the questionnaire is calculated. The value of α for which this sum is minimal is the 

optimal value of the parameter. The higher the value of α, the smaller is the risk aversion 

towards gains, since the shape of the function is getting more concave with smaller α. For α = 

1 the investor is neutral towards risk. We apply the same procedure to determine risk aversion 

in losses. We can then use three subsequent questions of the form (x, 0.5; ‒ y, 0.5) and (‒ z, 

0.5; 0, 0.5) with x = y to calculate λ, the loss aversion. 
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       𝑣𝑣(𝑥𝑥) + 𝑣𝑣(−𝑦𝑦) = 𝑣𝑣(−𝑧𝑧)  

 ⇔ 𝑥𝑥𝛼𝛼+ − 𝜆𝜆⋅𝑦𝑦𝛼𝛼− = −𝜆𝜆⋅𝑧𝑧𝛼𝛼− (A3) 

 ⇔  𝜆𝜆 = 𝑥𝑥𝛼𝛼+

𝑦𝑦𝛼𝛼−−𝑧𝑧𝛼𝛼−.  

For the calculation of the probability weighting parameter γ we use a well-known formula that 

has also been used in Tversky & Kahneman (1992): 

 𝜋𝜋𝛾𝛾(𝑝𝑝) = 𝑝𝑝𝛾𝛾

((𝑝𝑝𝛾𝛾+(1−𝑝𝑝)𝛾𝛾)
1
𝛾𝛾
. (A4) 

The treatment of probabilities differs between expected utility theory and prospect theory. In 

expected utility theory, the utility of an uncertain outcome is weighted by its probability. In 

prospect theory, the probability is replaced by a decision weight π(p) that is not a probability. 

We use questions of the form (x, p; 0, 1 ‒ p) and ask the respondents for their certainty equiv-

alent z. For the sake of completeness, please note that π(p) = w(p) for binary prospects. With 

𝑣𝑣(0) = 0 it follows: 

                                  𝜋𝜋(𝑝𝑝) ∙ 𝑣𝑣(𝑥𝑥) + 𝜋𝜋(1 − 𝑝𝑝) ∙ 𝑣𝑣(0) = 𝑣𝑣(𝑧𝑧)   

 
                          ⇔  𝜋𝜋(𝑝𝑝) =

𝑣𝑣(𝑧𝑧)
𝑣𝑣(𝑥𝑥). 

 (A5) 

Since 𝑣𝑣(𝑥𝑥) and 𝑣𝑣(𝑧𝑧) are known, 𝜋𝜋(𝑝𝑝) and thus γ can be determined by variation of p, using 

the same procedure that has been utilized for the calculation of risk aversion α. 

Concerning patience, we use the theory of the quasi-hyperbolic discount-model. Following 

this model, that has been confirmed in a large number of experiments, individuals tend to 

prefer smaller, but earlier rewards instead of larger, but later rewards. The function describing 

the subjective discount factor over time does not follow the shape of exponential discounting 
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(as implied on capital markets by arbitrage freeness conditions) but a hyperbolic shape. Ma-

thematically, quasi-hyperbolic discounting can be described as: 

 
𝑈𝑈(𝑥𝑥𝑜𝑜 , 𝑥𝑥1, … , 𝑥𝑥𝑇𝑇) = 𝑢𝑢(𝑥𝑥𝑜𝑜) + � 𝛽𝛽⋅𝛿𝛿𝑡𝑡⋅𝑢𝑢(𝑥𝑥𝑡𝑡),

𝑇𝑇

𝑡𝑡=1

 (A6) 

where U is an individual’s overall utility consisting of discounted utility values u at times t = 0 

to t = T that result from rewards xt. 𝛽𝛽 and δ are constants between 0 and 1 utilized for subjec-

tive discounting purposes. The parameter 𝛽𝛽 is called the present bias because this factor de-

scribes the patience of the individual between this period and the next period. A larger 𝛽𝛽 im-

plies a smaller present bias. The other parameter δ is called long-term discount factor and 

characterizes the patience between any two future periods. 

For the calculation of these parameters the following two questions were used: 

“Please consider the following alternatives: 

Payment A: A payment of 100 € now 

Payment B: A payment of F € in one year (ten years) 

F1year (F10years) should be _________ €, such that payment A is as attractive as payment 

B.” 

Both parameters can be inferred from the individual’s responses F1year and F10years: 

 
𝛿𝛿 = �

𝐹𝐹1𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦

𝐹𝐹10𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
�

1
9

, (A7) 

 𝛽𝛽 =
100

𝛿𝛿⋅𝐹𝐹1𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
. (A8) 
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II Correlation Analysis of Survey Data 

 
Table A.1 Shapiro-Wilk test for normal distribution 

Variable Observations W V z p-value 
      
age 995 0.953 29.488 8.378 0.000 
income 866 0.449 304.787 14.080 0.000 
wealth 802 0.093 467.955 15.087 0.000 
      
self-assessed risk-taking 976 0.996 2.503 2.269 0.012 
self-assessed patience 968 0.994 3.723 3.351 0.001 
      
risk aversion (gains) 711 0.978 10.338 5.703 0.000 
risk aversion (losses) 486 0.951 15.928 6.645 0.000 
loss aversion 327 0.817 41.976 8.808 0.000 
probability weighting  635 0.867 55.575 9.761 0.000 
      
present bias parameter 962 0.898 61.944 10.202 0.000 
long-term discount factor 962 0.975 15.145 6.719 0.000 
      
uncertainty avoidance 966 0.997 1.871 1.549 0.061 
long-term orientation 976 0.995 2.840 2.582 0.005 
power distance 961 0.997 2.006 1.721 0.043 
individualism 980 0.995 3.203 2.881 0.002 
masculinity 969 0.997 1.954 1.657 0.049 
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Table A.2 Spearman’s correlations 

Variable (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  (9)  (10)  (11)  (12)  (13)  (14)  (15)  (16)  
                                 
(1) age 1.000                                
(2) income 0.107  1.000                              
(3) wealth 0.576 *** 0.220 *** 1.000                            
                                 
(4) self-assessed risk-taking 0.029  -0.049  0.050  1.000                          
(5) self-assessed patience 0.181 ** 0.072  0.206 *** 0.165 ** 1.000                        
                                 
(6) risk aversion (gains) -0.191 ** 0.032  -0.122  -0.043  0.027  1.000                      
(7) risk aversion (losses) -0.094  0.053  0.027  -0.152  0.005  0.661 *** 1.000                    
(8) loss aversion 0.004  0.015  -0.051  0.063  0.013  -0.124  -0.140 * 1.000                  
(9) probability weighting  0.095  -0.001  0.105  0.085  0.023  -0.254 *** -0.120  -0.048  1.000                
                                 
(10) present bias parameter 0.299 *** 0.160 ** 0.284 *** 0.025  0.028  0.050  0.023  -0.059  0.120  1.000              
(11) long-term discount factor 0.139 * 0.182 ** 0.160 * 0.029  0.021  0.070  0.029  -0.069  -0.011  0.342 *** 1.000            
                                 
(12) uncertainty avoidance -0.305 *** 0.113  -0.195 ** -0.100  -0.095  0.125  0.121  -0.007  -0.031  -0.124  -0.062  1.000          
(13) long-term orientation -0.146 * -0.050  -0.058  -0.283 *** -0.144  -0.044  -0.006  -0.017  0.084  0.053  0.054  -0.139 * 1.000        
(14) power distance 0.236 *** -0.015  0.176 ** -0.119  0.078  -0.242 *** -0.051 *** 0.010  0.071  0.032  -0.018  0.011  -0.146 * 1.000      
(15) individualism 0.182 ** 0.126  0.211 *** 0.157 * 0.080  -0.077  -0.212 *** 0.077  0.029  0.101  0.054  -0.163 * 0.018  -0.014  1.000    
(16) masculinity 0.061  -0.153 * 0.013  0.199 ** -0.068  -0.193 ** -0.223 *** -0.097  0.086  -0.035  -0.013  -0.180 ** -0.107  -0.007  0.119  1.000  

 

***, **, and * denote significance at 1, 5, and 10%, respectively. 
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III Distribution Analysis of Survey Data: Self-Assessed Indicators 

Figure A.1 Risk preference self-assessment distributions per country 

Figure A.1 shows the distributions of answers to our survey risk preference self-assessment question clustered by country 
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Figure A.2 Time preference self-assessment distributions per country 

Figure A.2 shows the distributions of answers to our survey time preference self-assessment question clustered by country 
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IV Descriptive Statistics and Results of Lab Experiment  

Table A.3 provides an overview of descriptive statistics of our experimental sample. As can be 

seen, the participants in the lab experiment show higher average wealth and income levels 

than survey participants. The survey data also reveal smaller present bias and probability 

weighting parameters as well as less loss aversion. Moreover, survey participants demonstrate 

less risky and less future-oriented financial behavior. The higher future orientation exhibited 

by participants in the lab might be a consequence of just waiting only two additional months 

(instead of two additional years) for relatively higher overall returns. However, the difference 

between the ratio of participants who opt for the longer maturity portfolio, which is 0.77 ac-

cording to Table A.3, compared to the ratio of participants who decide for the longer maturity 

bond, which is 0.56 for the German subsample according to Table 1, is not too large and of a 

similar magnitude as the corresponding difference between the ratio of the risky assets ac-

cording to Tables 1 and A.3 (0.38 versus 0.63).  

>>> Insert Table A.3 about here. <<< 

We conduct our additional analyses the same way as done before and as presented in Section 

3. The choice of regression models as well as the choice of independent variables stays the 

same to ensure comparability. Additional controls are added in certain models to verify the 

results. 

Our findings concerning the prediction of individual’s risk behavior are consistent with our 

previous ones. Similar to the survey analysis of the prediction of individuals’ risk behavior 

based on our novel questions, we can find significant regression coefficients for the variables 

of the self-assessed risk-taking indicator, probability weighting, and uncertainty avoidance. 

While in the first step of our regression series, the increase in pseudo R² is not the highest 
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when including the self-assessed risk-taking indicator compared to models with other risk-

taking measures, it is so in our second step. Furthermore, when including more than one 

measure of risk-taking at a time in the regression, the self-assessed risk-taking indicator ap-

pears to be statistically significant on a higher level compared to other measures in both, the 

first and the second step of our analysis. 

>>> Insert Table A.4 about here. <<< 

>>> Insert Table A.5 about here. <<< 

To verify our findings, we set up a model with an enhanced set of control variables. All addi-

tional variables are dummy variables. We include a variable concerning the job-related work-

load, which takes the value of 1 if the participant works 15 hours or more per week as a pro-

fessional, a variable which is 1 if the subject studies business administration, a variable which 

is 1 if the participant saved money during the last year, and a variable which is 1 if the partic-

ipant is currently investing a (positive) share of his/her wealth in stocks, funds or financial 

derivatives. All dummy variables take the value of 0 if the particular condition stated above is 

not fulfilled. 

We find that including these additional variables emphasizes the relevance of the self-as-

sessed risk-taking indicator for explaining risk behavior in the experiment. While this variable 

still is significant on a 5%-level, all the other risk-related variables lose significance in this ex-

tended regression. Overall, our results of Section 4.2 are confirmed and we can state that the 

variable of the self-assessed risk-taking indicator performed consistently best in all our anal-

yses. 

>>> Insert Table A.6 about here. <<< 
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Regarding individuals’ patience measures and time behavior, we again find similar evidence 

as in our previous analyses. The highest increase in pseudo R² as well as in adjusted pseudo R² 

can be observed when including the self-assessed patience indicator in the regression. In all 

regression models including the self-assessed patience indicator, we find this variable to be 

highly significant. Therefore, we can state that the self-assessed patience indicator serves con-

sistently as the best predictor for time behavior in our analyses. These findings are supported 

in the second step of the regression series.  

>>> Insert Table A.7 about here. <<< 

>>> Insert Table A.8 about here. <<< 

When including additional control variables, our findings remain stable. We can thus draw the 

same conclusion that our new and easy-to-use approach offers reliable results, which are com-

parable to lifelike decision-making in an experimental environment.  

>>> Insert Table A.9 about here. <<<
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Table A.3 Descriptive statistics, laboratory evidence (average values) 

 mean std. dev. 10%-percentile median 90%-percentile 
male 0.60 0.49 0.00 1.00 1.00 
age 24.28 3.75 20.00 24.00 28.00 
income 709.18 341.51 300.00 650.00 1,200.00 
wealth 11,388.27 31,424.66 110.00 3,000.00 29,000.00 
      
job-related workload 0.26 0.44 0.00 0.00 1.00 
business studies 0.15 0.35 0.00 0.00 1.00 
saver 0.71 0.45 0.00 1.00 1.00 
Investment experience 0.48 0.50 0.00 0.00 1.00 

      
ratio of risky assets in  
individual portfolios  0.63 0.28 0.20 0.70 1.00 
ratio of individuals choosing 
the long-term portfolio 0.77 0.42 0.00 1.00 1.00 

      
self-assessed risk-taking 1.94 0.70 1.00 2.00 3.00 
self-assessed patience 3.03 0.78 2.00 3.00 4.00 

      
risk aversion (gains) 0.63 0.24 0.29 0.62 1.00 
risk aversion (losses) 0.63 0.18 0.44 0.63 0.80 
loss aversion 4.55 7.55 0.05 0.59 15.12 
probability weighting 1.56 0.90 0.57 1.47 2.88 

      
present bias parameter 0.56 1.77 0.13 0.55 1.03 
long-term discount factor 0.84 0.12 0.73 0.83 0.96 

      
uncertainty avoidance 56.56 61.37 -14.00 55.00 138.00 
long-term orientation 51.66 25.82 20.00 60.00 80.00 
power distance 24.48 47.67 -34.00 20.00 83.00 
individualism 91.75 46.96 31.00 95.00 150.00 
masculinity 0.25 95.60 -128.00 0.00 120.00 

      
foreign dummy 0.23 0.42 0 0 1 
      
# observations  163 163 163 163 163 
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Table A.4 Tobit analysis of risk behavior and risk-taking indicators, first step, laboratory evidence 

  Model 1   Model 2   Model 3   Model 4   Model 5  
                
male            0.195*** 0.045 0.169 *** 0.045 0.282 *** 0.059 0.182 *** 0.048 0.241 *** 0.065 
age -0.002  0.008 0.001  0.008 -0.009  0.010 -0.000  0.008 -0.003  0.010 
income 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth -0.000  0.000 -0.000  0.000 -0.000  0.000 -0.000  0.000 -0.000  0.000 
                
self-assessed risk-taking    0.077 ** 0.034       0.091 ** 0.043 
                
risk aversion (gains)       -0.227  0.146    -0.190  0.141 
risk aversion (losses)       0.126  0.145    0.058  0.154 
loss aversion       0.001  0.005    -0.000  0.004 
probability weighting       0.071 ** 0.038    0.064 * 0.036 
                
uncertainty avoidance          -0.001 *** 0.000 -0.000  0.001 
long-term orientation          0.001  0.001 0.000  0.001 
power distance          0.001  0.000 0.001  0.001 
individualism          0.000  0.000 0.000  0.001 
masculinity          0.000  0.000 0.000  0.000 
                
foreign dummy  yes   yes   yes   yes   yes  
observations  163   163   115   163   115  
pseudo R2  0.198   0.251   0.253   0.299   0.334  
F statistic  4.820   5.030   3.450   4.190   3.170  
p-value  0.000   0.000   0.001   0.000   0.000  
 

The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and three different sets of variables 
for risk-taking as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.5 Tobit analysis of risk behavior and risk-taking indicators, second step, laboratory evidence 

    Model 1     Model 2     Model 3     Model 4      Model 5  
                
male 0.226 *** 0.051 0.194 *** 0.053 0.226 *** 0.052 0.206 *** 0.051 0.177 *** 0.053 
age -0.004  0.009 -0.001  0.008 -0.004  0.090 -0.001  0.008 0.002  0.009 
income 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth -0.000  0.000 -0.000  0.000 -0.000  0.000 -0.000  0.000 -0.000  0.000 
                
self-assessed risk-taking    0.078 ** 0.038       0.074 ** 0.037 
                
probability weighting       0.024  0.025    0.010  0.025 
                
uncertainty avoidance          -0.001 ** 0.000 -0.001 * 0.000 
                
foreign dummy  yes   yes   yes   yes   yes  
observations  137   137   137   137   137  
pseudo R2  0.192   0.238   0.200   0.230   0.276  
F statistic  4.200   4.400   3.950   4.490   4.120  
p-value  0.001   0.000   0.001   0.000   0.000  
 

The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and those variables for risk-taking 
that gained significance in Table A.4. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.6 Tobit analysis of risk behavior and risk-taking indicators including additional control variables, laboratory evidence 

    
    
male 0.239 *** 0.066 
age -0.006  0.010 
income 0.000  0.000 
wealth -0.000  0.000 
job-related workload 0.093  0.061 
business studies -0.064  0.080 
saver -0.055  0.068 
investment experience -0.007  0.060 
    
self-assessed risk-taking 0.091 ** 0.044 
    
risk aversion (gains) -0.158  0.136 
risk aversion (losses) 0.107  0.157 
loss aversion -0.001  0.005 
probability weighting 0.051  0.038 
    
uncertainty avoidance -0.000  0.001 
long-term orientation 0.001  0.001 
power distance 0.001  0.001 
individualism 0.000  0.001 
masculinity 0.000  0.000 
    
foreign dummy  yes  
observations  115  
pseudo R2  0.369  
F statistic  2.780  
p-value  0.001  
 

The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables including additional ones and three 
different sets of variables for risk-taking as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics.  
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Table A.7 Logit analysis of time behavior and patience indicators, first step, laboratory evidence 

 Model 1 Model 2 Model 3 Model 4 Model 5 
                

male 1.495  0.390 1.493  0.403 1.509  0.392           2.120* 0.448 2.514 * 0.481 
age 0.962  0.051 0.959  0.054 0.961  0.051 0.950  0.054 0.932  0.058 
income 1.000  0.001 1.000  0.001 1.000  0.001 1.000  0.001 1.000  0.001 
wealth 1.000  0.000 1.000  0.000 1.000  0.000 1.000  0.000 1.000  0.000 
                
self-assessed patience    2.104 *** 0.254       2.639 *** 0.282 
                
present bias parameter       1.151  0.293    1.268  0.257 
long-term discount factor       2.275  1.723    2.547  1.811 
                
uncertainty avoidance          1.001  0.003 1.002  0.004 
long-term orientation          0.998  0.008 0.999  0.008 
power distance          1.005  0.004 1.007  0.005 
individualism          0.996  0.004 0.994  0.005 
masculinity          0.997  0.002           0.996* 0.002 
                
foreign dummy  yes   yes   yes   yes   yes  
observations  163   163   163   163   163  
χ2  8.894   18.010   9.537   12.277   26.469  
p-value  0.113   0.006   0.216   0.267   0.015  
pseudo R2  0.080   0.158   0.086   0.110   0.226  
pseudo R2 adjusted  0.053   0.105   0.057   0.073   0.150  
specificity  2.600   7.900   2.600   5.300   13.200  
 

The dependent variable is the probability that an individual chooses the long-term portfolio. The independent variables consist of a group of socio-demographic variables and three different sets 
of variables for patience as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.8 Logit analysis of time behavior and patience indicators, second step, laboratory evidence 

  Model 1   Model 2   Model 3   Model 4     
                
male 1.495  0.390 1.493  0.403 1.707  0.413 1.850  0.432    
age 0.962  0.051 0.959  0.054 0.954  0.052 0.944  0.056    
income 1.000  0.001 1.000  0.001 1.000  0.001 1.000  0.001    
wealth 1.000  0.000 1.000  0.000 1.000  0.000 1.000  0.000    
                
self-assessed patience    2.104 *** 0.254    2.253 *** 0.260    
                
masculinity       -0.998  0.002 0.996  0.002    
                
foreign dummy  yes   yes   yes   yes     
observations  163   163   163   163     
χ2  8.894   18.010   9.984   20.435     
p-value  0.113   0.006   0.125   0.005     
pseudo R2  0.080   0.158   0.090   0.178     
pseudo R2 adjusted  0.053   0.105   0.059   0.118     
specificity  2.600   7.900   2.600   10.500     
 

The dependent variable is the probability that an individual chooses the long-term portfolio. The independent variables consist of a group of socio-demographic variables and those variables for 
patience that gained significance in Table A.7. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.9 Logit analysis of time behavior and patience indicators including additional control variables, laboratory evidence 

    
    
male 2.631 ** 0.494 
age 0.895 * 0.062 
income 1.000  0.001 
wealth 1.000  0.000 
job-related workload 0.767  0.507 
business studies 0.284 ** 0.615 
saver 0.507  0.534 
investment experience 0.905  0.456 
    
self-assessed patience 2.946 *** 0.320 
    
present bias parameter 1.258  0.239 
long term discount factor 2.664  1.779 
    
uncertainty avoidance 1.004  0.004 
long-term orientation 1.001  0.008 
power distance 1.008 * 0.005 
individualism 0.994  0.005 
masculinity 0.996  0.003 
    
foreign dummy  yes  
observations  163  
χ2  33.348  
p-value  0.010  
Pseudo R²  0.279  
Pseudo R² adj.  0.185  
specificity  21.100  
 

The dependent variable is the probability that an individual chooses the long-term portfolio. The independent variables consist of a group of socio-demographic variables including additional ones 
and three different sets of variables for patience as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics.   
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V The Error-in-Variables Problem 

One requirement for the use of the error-in-variables model is that the supposedly flawed 

variables are not normally distributed, which we checked, and ruled out. As exemplarily pre-

sented in Table A.10, when applying this model, it turns out that our results are very sensitive 

to the chosen method of calculation (high-order moments or cumulants) and the choice of the 

highest order of moments or cumulants, which might be due to our comparatively small num-

ber of observations, especially for our lab experiment. One may try to address this issue with 

the help of a further distribution analysis of our variables. In our case, however, this does not 

lead to meaningful results. Erickson et al. (2017) suggest using cumulants and checking the 

sensitivity of the estimates to different maximum orders case by case, since there is no way 

to determine ex ante the “right” model choice. They propose to use cumulants of fifth or 

higher order, but also point out that the choice of the order depends on the number of obser-

vations. In general, the more observations one has, the higher the order which can be applied. 

Following the advice of Erickson et al. (2017), in our case, we make use of the fourth-order-

cumulants calculation method.    

>>> Insert Table A.10 about here. <<< 

To ensure comparability, we create a similar set of horserace regressions as presented before. 

According to Table A.11, for our survey evidence, the results hardly differ at all from our pre-

vious findings of Table 2. Compared to Model 3, Table 2, the coefficient of probability 

weighting in Model 3, Table A.11, is still significant. However, when taking measurement er-

rors into account, the significance level of this coefficient increases, and risk aversion in losses 

also gains significance. Looking at the combined Models 5 in Table 2 and Table A.11, we find 

significance for exactly the same variables. However, the significance level of probability 
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weighting is still higher when using the error-in-variables model. The R² of the error-in-varia-

bles model is considerably smaller, and the low value of the Sargan-Hansen J statistic p-value 

shows that this model is not really appropriate in terms of eliminating measurement errors. 

The comparison of the combined models in the second step of our horserace regression, pre-

sented in Model 7, Table 3, and Model 8, Table A.12, does not reveal any notable differences, 

either. In both cases, the measures related to prospect theory lose their statistical significance, 

while the self-assessed risk-taking indicator retains it on a 1%-level. When looking at the Sar-

gan-Hansen J statistic p-value, this model is better than Model 5 of Table A.11. Generally 

speaking, this supports our previous findings. 

>>> Insert Table A.11 about here. <<< 

>>> Insert Table A.12 about here. <<< 

For our experimental evidence, the outcomes regarding the first step of the horserace regres-

sion are again similar. Comparing Tables A.4 and A.13, we can see that the regressors which 

are significant in Table A.4 are significant in Table A.13 as well. Additionally, in our error-in-

variables Model 3, Table A.13, loss aversion becomes significant, and in Model 5 of Table A.13, 

this is true for risk aversion (gains). In general, the significance levels of our lottery-measured 

risk-taking variables are higher when applying a regression model which accounts for the er-

ror-in-variables problem. However, when comparing the second steps of our laboratory evi-

dence horserace regressions, we find some differences. In the combined Models 5, Table A.5, 

and 7, Table A.14, the coefficient for the self-assessed risk-taking indicator loses its signifi-

cance in the latter one, while in the former one, it is still significant on a 5%-level. The very 

high p-value of the Sargan-Hansen J statistic in Model 7, Table A.14, confirms the relevance of 
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this model. While this seems to be quite a reliable result at first glance, it actually is very sen-

sitive to the choice of the highest order as well. Model 1, Table A.15, shows the results of the 

same combination of regressors using only third-order cumulants instead of fourth-order cu-

mulants. We can see that in this case, a simple self-assessment still seems to be the best choice 

for determining personal risk-taking. Note that the R² is even higher than in Model 7, Table 

A.14, and the Sargan-Hansen J statistic p-value is sufficiently high to consider this a good 

model. 

All in all, the regression method of Erickson & Whited (2000) seems to be a good starting point 

for further research, but as long as the results are that sensitive to the choice of the highest 

order, the explanatory power remains questionable – although there are indications that, 

when considering an error-in-variables model, lottery-based measuring of risk-taking may gain 

reliability. 

>>> Insert Table A.13 about here. <<< 

>>> Insert Table A.14 about here. <<< 

>>> Insert Table A.15 about here. <<<
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Table A.10 Exemplary error-in-variables analysis of risk behavior and risk-taking indicators using high-order cumulants and moments, laboratory evidence 

  Model 1   Model 2   Model 3   Model 4  
             
male 0.263 *** 0.516 0.238 *** 0.053 0.221 *** 0.069 0.213 *** 0.066 
age -0.009  0.244 -0.008  0.008 -0.006  0.009 -0.005  0.010 
income 0.000 * 0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth 0.000  0.000 0.000  0.000 0.000  0.000 0.000 ** 0.000 
             
risk aversion (gains) -0.653  0.516 -0.067  0.137 0.000  0.112 0.240 * 0.138 
risk aversion (losses) 0.471 * 0.244 -0.171  0.090 0.556 * 0.076 1.009 *** 0.324 
loss aversion -0.012 * 0.007 0.007 *** 0.002 -0.007  0.026 0.000  0.004 
probability weighting 0.015  0.063 0.071 *** 0.023 -0.006  0.073 0.100 *** 0.034 
             
foreign dummies  yes   yes   yes   yes  
observations  115   115   115   115  
pseudo R2  0.201   0.182   0.203   0.325  
Sargan-Hansen J statistic  5.600   33.946   10.794   5332.976  
p-value J statistic   0.469   0.567   0.095   0.000  
degrees of freedom J statistic  6   36   6   36  
τ21  0.219   2.809   1.210   0.838  
τ22  0.404   0.403   0.282   0.156  
τ23  0.159   0.218   0.256   55.121  
τ24  8.697   0.700   2.162   0.225  
method  cumulants   cumulants   moments   moments  
highest order of cumulants/moments  3   4   3   4  
 

The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and a set of variables for risk-taking as 
outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.11 Tobit and error-in-variables analysis of risk behavior and risk-taking indicators, first step, survey evidence 

  Model 1   Model 2   Model 3   Model 4   Model 5  
                
male 0.074 *** 0.023 0.048 ** 0.022 0.037  0.038 0.071 *** 0.023 0.059  0.037 
age 0.000  0.004 0.003  0.004 0.002  0.007 -0.001  0.004 0.004  0.006 
income 0.000  0.000 0.000  0.000 0.000 *** 0.000 0.000  0.000 0.000 ** 0.000 
wealth 0.000  0.000 0.000 *** 0.000 0.000 * 0.000 0.000  0.000 0.000  0.000 
                
self-assessed risk-taking    0.113 *** 0.015       0.068 ** 0.030 
                
risk aversion (gains)       0.103  0.088    0.141  0.096 
risk aversion (losses)       0.104 * 0.061    0.070  0.066 
loss aversion       -0.017  0.014    -0.004  0.017 
probability weighting       0.240 *** 0.054    0.209 *** 0.060 
                
uncertainty avoidance          -0.001 *** 0.000 -0.000  0.000 
long-term orientation          -0.001  0.001 -0.002 ** 0.001 
power distance          0.000  0.000 0.000  0.000 
individualism          0.000 ** 0.000 0.000  0.000 
masculinity          0.000  0.000 -0.000  0.000 
                
country dummies  yes   yes   yes   yes   yes  
observations  642   637   155   609   153  
pseudo R2  0.121   0.302   0.202   0.200   0.303  
F statistic  7.313   12.380      4.730     
p-value F statistic  0.000   0.000      0.000     
Sargan-Hansen J statistic        45.416      54.164  
p-value J statistic        0.135      0.026  
degrees of freedom J statistic        36      36  
τ21        0.501      0.387  
τ22        0.166      0.079  
τ23        0.329      2.352  
τ24        0.705      0.796  
 
The dependent variable is the ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and three different sets of variables for risk-
taking as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics.
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Table A.12 Tobit and error-in-variables analysis of risk behavior and risk-taking indicators, second step, survey evidence 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 
         
male 0.075 * 0.039 0.062  0.038 0.015  0.055 0.091 * 0.052 0.074 * 0.038 0.091 ** 0.039 0.071 * 0.039 0.078 ** 0.037 
age -0.004  0.006 0.001  0.006 0.007  0.009 -0.014  0.012 -0.002  0.006 -0.004  0.006 -0.004  0.006 -0.000  0.006 
income 0.000 ** 0.000 0.000 ** 0.000 0.000 *** 0.000 0.000 *** 0.000 0.000 ** 0.000 0.000 ** 0.000 0.000 ** 0.000 0.000 ** 0.000 
wealth 0.000 * 0.000 0.000 * 0.000 0.000 * 0.000 -0.000  0.000 0.000 * 0.000 0.000  0.000 0.000 * 0.000 0.000  0.000 
                         
self-assessed risk-taking    0.110 *** 0.027                0.081 *** 0.022 
                         
risk aversion (losses)       0.837 * 0.500             -0.008  0.186 
probability weighting          0.887  0.584          0.148  0.108 
                         
uncertainty avoidance                       -0.001 *** 0.000       -0.001 *** 0.000 
long-term orientation                -0.002 *** 0.001    -0.001 ** 0.001 
individualism                   0.001  0.000 0.000  0.000 
                         
country dummies  yes   yes   yes   yes   yes   yes   yes   yes  
observations  246   246   246   246   246   246   246   246  
pseudo R2  0.113   0.217   0.187   0.207   0.158   0.159   0.126   0.230  
F statistic  2.030   3.390         2.680   2.290   2.170     
p-value F statistic  0.022   0.000         0.002   0.007   0.012     
Sargan-Hansen J statistic        1.439   0.280            5.894  
p-value J statistic        0.487   0.869            0.659  
degrees of freedom J statistic        2   2            8  
τ21        0.324               9.584  
τ22           0.253            0.555  
 
The dependent variable is the ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and those variables for patience that gained 
significance in Table A.11. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.13 Tobit and error-in-variables analysis of risk behavior and risk-taking indicators, first step, laboratory evidence 

  Model 1   Model 2   Model 3   Model 4   Model 5  
                
male           0.195*** 0.045 0.169 *** 0.045 0.238 *** 0.053 0.182 *** 0.048 0.213 *** 0.056 
age -0.002  0.008 0.001  -0.008 -0.008  0.010 -0.000  0.008 -0.003  0.008 
income 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth -0.000  0.000 -0.000  0.000 0.000  0.000 -0.000  0.000 0.000  0.000 
                
self-assessed risk-taking    0.077 ** 0.034       0.081 ** 0.035 
                
risk aversion (gains)       -0.067  0.137    -0.320 ** 0.143 
risk aversion (losses)       -0.171  0.090    -0.122  0.090 
loss aversion       0.007 *** 0.002    0.001  0.003 
probability weighting       0.071 *** 0.023    0.101 *** 0.035 
                
uncertainty avoidance          -0.001 *** 0.000 -0.000  0.000 
long-term orientation          0.001  0.001 0.000  0.001 
power distance          0.001  0.000 0.001  0.001 
individualism          0.000  0.000 0.000  0.001 
masculinity          0.000  0.000 0.000  0.000 
                
foreign dummy  yes   yes   yes   yes   yes  
observations  163   163   115   163   115  
pseudo R2  0.198   0.251   0.182   0.299   0.263  
F statistic  4.820   5.030      4.190     
p-value F statistic  0.000   0.000      0.000     
Sargan-Hansen J statistic        33.946      38.072  
p-value J statistic        0.567      0.375  
degrees of freedom J statistic        36      36  
τ21        2.809      0.814  
τ22        0.403      0.273  
τ23        0.218      0.207  
τ24        0.700      0.853  
 
The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and three different sets of variables 
for risk-taking as outlined in Section 3. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.14 Tobit and error-in-variables analysis of risk behavior and risk-taking indicators, second step, laboratory evidence 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
        
male 0.252 *** 0.058 0.218 *** 0.059 0.160 ** 0.073 0.206 *** 0.052 0.221 *** 0.060 0.234 *** 0.057 0.171 *** 0.053 
age -0.006  0.010 -0.003  0.010 -0.000  0.013 -0.003  0.009 -0.004  0.010 -0.003  0.010 -0.000  0.009 
income 0.000  0.000 0.000  0.000 0.000  0.000 0.000 * 0.000 0.000  0.000 0.000  0.000 0.000  0.000 
wealth -0.000  0.000 -0.000  0.000 -0.000  0.000 0.000  0.000 -0.000  0.000 -0.000  0.000 -0.000 ** 0.000 
                      
self-assessed risk-taking    0.094 ** 0.043             0.053  0.038 
                      
risk aversion (gains)       0.823  0.803          0.259  0.201 
loss aversion          -0.013  0.012       0.008 ** 0.003 
probability weighting             0.201  0.242    0.064 * 0.033 
                      
uncertainty avoidance                -0.001 * 0.000 -0.001 * 0.000 
                      
foreign dummy  yes   yes   yes   yes   yes   yes   yes  
observations  117   117   117   117   117   117   117  
pseudo R2  0.198   0.250   0.128   0.150   0.218   0.227   0.208  
F statistic  4.310   4.530            4.460     
p-value F statistic  0.001   0.000            0.000     
Sargan-Hansen J statistic        0.403   0.780   0.216      9.889  
p-value J statistic        0.817   0.677   0.898      0.956  
degrees of freedom J statistic        2   2   2      19  
τ21        0.064            0.581  
τ22           0.282         0.116  
τ23              0.202      0.141  
 

The dependent variable is the mean ratio of risky assets in individual portfolios. The independent variables consist of a group of socio-demographic variables and those variables for risk-taking 
that gained significance in Table A.13. ***, **, and * denote significance at 1, 5, and 10%, respectively. Robust standard errors are reported in italics. 
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Table A.15 Exemplary error-in-variables analysis of risk behavior and risk-taking indicators using third-order cumulants, laboratory evidence 

     Model 1  
    
male           0.183*** 0.059 
age 0.000  0.008 
income 0.000  0.000 
wealth 0.000  0.000 
    
self-assessed risk-taking 0.093 ** 0.042 
    
risk aversion (gains) -0.332  0.549 
loss aversion -0.008  0.006 
probability weighting 0.004  0.062 
    
uncertainty avoidance -0.001  0.000 
    
foreign dummy  yes  
observations  117  
pseudo R2  0.221  
Sargan-Hansen J statistic  0.740  
p-value J statistic  0.864  
degrees of freedom J statistic  3  
τ21  0.216  
τ22  0.305  
τ23  19.726  
method  cumulants  
highest order  3  
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VI Questionnaire 

 

Questionnaire 

  

In this questionnaire we would kindly ask you to answer different types of questions: 

In Part A general statistical data are collected. Part B deals with your time preferences. Part C 
is concerned with your own risk preferences. Part D asks questions on your household finance. 
Part E deals with your personal attitudes. Part F is for financial statistics. 

 

Please note the following: Remember there are no right or wrong answers. I am only inter-
ested in your own preference and attitudes. The answers will not be analysed and will re-
main confidential. 

Part A: Statistical Data 

The survey will remain confidential but it is important to understand how different population 
groups think and behave, i.e. men and women, younger and older people, working people and 
pensioners, etc. Therefore we would like to know some specifics about yourself.  
 
1 Gender   
 Male   
 Female   
    
2 Nationality  

 South Korean  
 Others: ____________________  
   
3 How do you describe your ethnic origin?  
 African  
 English-Speaking  
 Confucian  
 South Asia  
 Middle East  
 East Europe  
 West Europe  
 Latin America  
 Others: ____________________  
   
4 How would you describe your religious beliefs?   
 Christian  
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 Jewish  
 Muslim  
 Buddhism  
 Hinduism  
 Others: _______________________  
   
5 What is your date of birth? 
 ___/____/_____ 
 (DD/ MM / YYYY) 
  
6 Which of the following statements concerning living conditions apply to you? 
 I live at my parents’ home.  
 I live together with my partner.  
 I live in a flat share with other people.  
 I live in a student accommodation on campus.  
 I live on my own.  
   
7 Do you live in rented accommodation or do you own your own property? 
 Rented accommodation 
 Own property 
  
8 How many hours do you regularly work per week in a part-time job? 
 0 hours 
 1 – 15 hours 
 16 – 35 hours 
 More than 35 hours 
   
9 What school are you majoring in?  
 Arts and Social Sciences  
 Business and Economics  
 Computing  
 Dentistry  
 Architecture and Civil Engineering  
 Engineering  
 Law  
 Medicine  
 Music  
 Science  
 Others: _______________________  
   
10 How many more semesters will it take you to complete your studies (please 

include the current semester as well)? 
 

 ____ semester  
   
11 Which degree are you working towards?  
 Bachelor  
 Diploma  
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 Ph.D.  
 Magister  
 Master  

 

Part B: Time Preferences 

Please note: A payment is defined as money that you receive. 

Please consider the following alternatives: 

1 A: a payment of 200 $ now 
 B: a payment of X $ in one month from now 
 X has to be at least __________ $, such that B is as attractive as A. 
  
2 A: a payment of 200 $ now 
 B: a payment of X $ in one year from now 
 X has to be at least __________ $, such that B is as attractive as A. 
  
3 A: a payment of 200 $ now 
 B: a payment of X $ in ten years from now 
 X has to be at least __________ $, such that B is as attractive as A. 
  

Part C: Risk Preferences 

For each lottery comparison, please state the amount of Z for which you are indifferent 
between both lotteries. 
  
1 Lottery A: 

50 % chance to gain 20 $ 
 
 

 50 % chance to gain 200 $  
 Lottery B: 

50 % chance to gain Z $ 
 
 

 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
2 Lottery A: 

50 % chance to gain 100 $ 
 
 

 50 % chance to gain 400 $  
 Lottery B: 

50 % chance to gain Z $ 
 
 

 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
3 Lottery A: 

50 % chance to gain 200 $ 
 
 

 50 % chance to gain 800 $  
 Lottery B:  
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50 % chance to gain Z $  
 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
4 Lottery A: 

50 % chance to lose 40 $ 
 
 

 50 % chance to lose 240 $  
 Lottery B: 

50 % chance to lose Z $ 
 
 

 50 % chance to lose nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
5 Lottery A: 

50 % chance to lose 80 $ 
 
 

 50 % chance to lose 480 $  
 Lottery B: 

50 % chance to lose Z $ 
 
 

 50 % chance to lose nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 

 
6 Lottery A: 

50 % chance to lose 160 $ 
 
 

 50 % chance to lose 640 $  
 Lottery B: 

50 % chance to lose Z $ 
 
 

 50 % chance to lose nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
7 Lottery A: 

50 % chance to gain 100 $ 
 
 

 50 % chance to lose 100 $  
 Lottery B: 

50 % chance to lose Z $ 
 
 

 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
8 Lottery A: 

50 % chance to gain 200 $ 
 
 

 50 % chance to lose 200 $  
 Lottery B: 

50 % chance to lose Z $ 
 
 

 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 
  
9 Lottery A: 

50 % chance to gain 400 $ 
 
 

 50 % chance to lose 400 $  
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 Lottery B: 
50 % chance to lose Z $ 

 
 

 50 % chance to gain nothing  
 Z should be __________ $, such that lottery A is as attractive as lottery B. 

 

Imagine you are offered the Lotteries below. Please indicate the maximum amount 
you are willing to pay for the lottery. 
  
10 0,1 % chance to gain 2000 $  
 99,9 % chance to gain nothing  
 I am willing to pay at most __________ $ to play the lottery. 
  
11 10 % chance to gain 100 $  
 90 % chance to gain nothing  
 I am willing to pay at most __________ $ to play the lottery. 
  
12 90 % chance to gain 20 $  
 10 % chance to gain nothing  
 I am willing to pay at most __________ $ to play the lottery. 
  
13 70 % chance to gain 60 $  
 30 % chance to gain nothing  
 I am willing to pay at most __________ $ to play the lottery. 
  
14 98 % chance to gain 200 $  
 2 % chance to gain nothing  
 I am willing to pay at most __________ $ to play the lottery. 
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Part D: Household Finance 

1 Imagine you have got an amount of 10,000 $. How much money would you invest in 
stocks/funds and fixed income assets? 

 Stocks/Funds _______________ $  
 Fixed income assets _______________ $  
    
    
2 If you had the choice between a bond of one-year maturity with an interest rate of 3 % p.a. 

and a bond of five-year maturity with an interest rate of 4.5 % p.a., which option would you 
choose? 

 Bond of one-year maturity   
 Bond of five-year maturity   
    
    
3 Which of the following statements most applies to you if you needed to invest your money 

for a long period of time? 
 I would tie up money for a long period of time to earn substantial returns.  
 I would tie up money for an intermediate period of time to earn above average returns. 
 I would tie up money for a short period of time to earn average returns. 
 I am not willing to tie up money at all.  
   
   
4 Please indicate what percentage of your total wealth is currently invested in each of the 

following categories (the total must sum to 100): 
 Savings ________% 
 Stocks ________% 
 Mutual Funds ________% 
 Life Insurance ________% 
 Pension Funds ________% 
 Financial Derivatives ________% 
   
   
5 Which of the following statements comes closest to the amount of financial risk you are 

willing to take when you save or make investments? 
 I would take substantial financial risks expecting to earn substantial returns.  
 I would take above average financial risks expecting to earn above average financial returns. 
 I would take average financial risks expecting to earn average financial returns. 
 I am not willing to take any financial risks.  
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 Please evaluate the following state-
ments: 

strongly 
disagree 

disagree undecided agree strongly 
agree 

6 In comparison to my environment I am 
more willing to take risks. 

     

7 In the last year my expenditure ex-
ceeded my income. 

     

8 It is important to me that I am allowed 
to pull back invested money if needed. 

     

 

  1 month the next 
couple of 
months 

1 year the next 
couple of 

years 

more than 
5 years 

from now 

9 Which of the time frames mentioned is 
most important to you with regard to 
planning expenditure and savings? 

     

 
Part E: Attitudes 
 
Please think of your ideal job, disregarding your present job, if you have one. In choosing an 
ideal job, how important would it be to you to ...  
 Please mark only one answer in each row. of no im-

portance 
of little 
impor-
tance 

of moder-
ate impor-

tance 

very im-
portant 

of utmost 
impor-
tance 

1 have sufficient time for your personal or 
family life. 

     

2 have good physical working conditions 
(good ventilation and lighting, ade-
quate work space, etc.). 

     

3 have a good working relationship with 
your direct superior. 

     

4 have security of employment.      
5 work with people who co-operate well 

with one another. 
     

6 be consulted by your direct superior in 
his/her decisions. 

     

7 have an opportunity for advancement 
to higher level jobs. 

     

8 have an element of variety and adven-
ture in the job. 

     

 

In your private life, how important is each of the following for you? 
 Please mark one answer in each row. of no im-

portance 
of little 
impor-
tance 

of moder-
ate impor-

tance 

very im-
portant 

of utmost 
impor-
tance 

9 Thrift      
10 Respect for tradition      
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 Please mark one answer in each row. never seldom some-
times 

usually always 

11 How often do you feel nervous or 
tense at work? 

     

       
 Please mark one answer in each row. very sel-

dom 
seldom some-

times 
frequently very fre-

quently 

12 How frequently, in your experience, 
are subordinates afraid to express dis-
agreement with their superiors? 

     

 

To what extent do you agree or disagree with each of the following statements? 

 Please mark one answer in each row. strongly 
disagree 

disagree undecided agree strongly 
agree 

13 Most people can be trusted.      
14 One can be a good manager without 

having precise answers to most ques-
tions that subordinates may raise about 
their work. 

     

15 An organisation structure in which cer-
tain subordinates have two bosses 
should be avoided at all costs. 

     

16 Competition between employees usu-
ally does more harm than good. 

     

17 A company’s or organisation’s rules 
should not be broken - not even when 
the employee thinks it is in the com-
pany’s best interest. 

     

18 When people have failed in life it is of-
ten their own fault. 

     

 

 Please mark one answer in each row. dissatis-
fied 

slightly 
dissatis-

fied 

neutral somehow 
satisfied 

very satis-
fied 

19 How satisfied are you overall with 
your present life? 

     

 

 Part F: Financial Values 

 
This survey will remain confidential and its purpose is purely for analytical use. It is important 
to understand how different population groups (with e.g. high, middle or lower income) think 
and behave. Therefore, I would like to ascertain the following financial information in the 
strictest of confidence. 
 
1 What is your actual total wealth? __________ $ 
   
2 How much money do you have at your disposal per month? __________ $ 
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3 How much money did you put aside in the last month? __________ $ 
   
4 Did you put money aside in the past 12 months?  
 yes  
 no  

 
 

Thank you for your time and your valuable participation! 
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Abstract 

We compare the levels of trust as well as the acceptance of advice in the context of robo-

advised individual portfolio allocation decisions with respect to the impact of certain layout 

and questionnaire characteristics. We moreover introduce an easy-to-replicate measure for 

the acceptance of advice in multidimensional decision-making situations. Our data is based on 

an incentivized experiment. The results show that a more emotional design of the advice soft-

ware leads to a higher level of advice acceptance, while trust in the advisor, on the other hand, 

is not influenced by layout or questionnaire features and does not seem to play an important 

role when it comes to advice acceptance, contradicting the findings of existing literature. We 

therefore suggest that robo advice providers should primarily focus on the development of 

informal interfaces to enhance the use of robo advice. 

Keywords: robo advice; advice discounting; judge-advisory-system; investment advice, port-

folio allocation. 
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1. Introduction 

There is empirical evidence that the investment decisions of individuals are prone to irrational 

behavioral patterns, resulting in systematic errors that ultimately lead to suboptimal portfolio 

allocations. However, there might be a simple way to remedy this issue: Literature suggests 

that financial advice plays a crucial role in preventing systematic investment errors to some 

extent (Hoechle et al., 2017). Currently, the financial services industry is facing the emergence 

of algorithm-based robo advice solutions, which represent a disruptive innovation. In 2017, 

the combined assets under management (AuM) of all robo advisors were estimated to be 

around US$240 billion globally. By 2023, this value had increased more than tenfold to an 

estimated US$2.76 trillion. By 2027, the value is projected to be around US$4.66 trillion, nearly 

a twentyfold increase in just ten years (Statista, 2023). Against the backdrop of this surge, one 

question remains largely unanswered: What impact do robo advice services actually have on 

investment decisions? This paper aims to investigate what characteristics a robo advisor 

should have to ensure that advice is considered as much as possible, based on data taken from 

an experiment in a controlled environment. 

Currently, there is limited research focusing on robo advice within the context of portfolio 

allocation. In this area, Stolper and Walter (2017) observe that “surprisingly, however, the 

question of whether advisees in fact implement the advice they receive is still largely unan-

swered […].” Evidence exists that people generally “discount” advice offered to them to a cer-

tain extent, for a variety of reasons (Yaniv & Kleinberger, 2000). 

Research regarding investor behavior in the context of robo advice is additionally important 

because, unlike conventional wealth management services, robo advice is typically accessible 

to less affluent clients. Compared to clients of traditional management services, individuals 
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using robo advice services tend to have lower income and wealth levels (Fulk et al., 2018). 

Statistically, there is a positive correlation between wealth and financial literacy as well as 

experience acting on the capital markets (Monticone, 2010; van Rooij et al., 2012) – and inex-

perienced investors are shown to be particularly prone to systematic investment errors. The 

existing robo advice services mainly differ based on the user interface and on the content of 

the interaction. However, research on how robo advice characteristics influence decision-

making is basically non-existent. Bringing together the particularly vulnerable group of inex-

perienced individuals, who heavily rely on advice, with an advisory system structured to pos-

sibly favor high discount rates, could lead to particularly undesirable outcomes; however, even 

for more experienced investors, a low discount rate, thus a high level of advice acceptance, is 

favorable.  

We expand the current literature on the acceptance of advice with a view to investment ad-

vice and portfolio composition in general and regarding the use of robo advice in particular. 

We address how user interface characteristics and questionnaire length influence decision-

making. That could help to create an “optimal” advice process with the goal to maximize ad-

vice acceptance. We find evidence that an emotional, rather informal layout implies a higher 

acceptance of advice.  

Our work is structured as follows: We review existing literature in Section 2. Based on this, we 

form hypotheses, which are presented in Section 3. Section 4 describes our experimental 

setup; consecutively, we show the outcomes of our statistical analyses in Section 5. These 

results are discussed in Section 6, after which a brief conclusion is presented in Section 7. 



118 
 

2. Literature Review 

Looking at portfolio composition, Calvet et al. (2007) found that while the majority of retail 

investors in their dataset seem to invest successfully overall, less experienced investors in par-

ticular have great difficulties when it comes to investment decisions, especially with regard to 

diversifying their portfolios. Accordingly, the annual returns for inexperienced investors are 

more often below average. Campbell (2006) also attributes the better performance of experi-

enced investors to the fact that they are more aware of their respective cognitive abilities and 

refrain from investing in financial products that they do not understand. Data of Badarinza et 

al. (2016) confirm these findings in an international context. As a consequence, suboptimal 

investment behavior leads to high welfare losses (Calvet et al., 2007; Goetzmann & Kumar 

2008). 

Considering the numerous existing systematic errors in investment decisions and the fact that 

more experienced investors are better able to deal with such situations, it can be concluded 

that professional investment advice might be a useful measure to address the problem. Finan-

cial service providers have recognized this possibility and offer their clients a wide range of 

financial advice, including investment advice. As already noted, there is evidence that profes-

sional investment advice generally helps to reduce the tendency to make investment mistakes 

(Hoechle et al., 2017) and, in particular, to improve portfolio diversification (Bluethgen et al., 

2008; Kramer, 2012). In fact, it has been found that especially the group of less experienced 

investors achieves, on average, a higher return after advice than in situations without advice 

(von Gaudecker, 2015). Since around the beginning of the 2010s, a new form of investment 

advice has been entering the market: robo advice. With the help of algorithms and on the 

basis of personal information about the investor collected by software, the providers generate 
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a recommendation for the allocation of the desired investment amount with regard to various 

investment products. The final investment decision is then made by either the software (if the 

investor does not completely step back from following the investment advice), not allowing 

any deviations from the recommended portfolio composition (so called “full service robo ad-

visors”), or by the investors themselves, making it possible to adapt changes to the advised 

portfolio (“half service robo advisors”). Robo advice is usually significantly cheaper than tradi-

tional advice. Reher & Sun (2019) relied on real market data to show that robo advice helps 

investors to build a well-diversified portfolio just like traditional investment advice. D’Acunto 

et al. (2019) studied the implementation of a robo advice tool in an Indian brokerage house in 

2015 and compared the portfolios of advised clients before and after using this tool. They 

found that the incidence of systematic investment errors can be reduced by using robo advice.  

In order to understand why people do not follow advice, one has to look at the advice process, 

which is often carried out in the form of a so-called Judge-Advisor-System (JAS). The JAS con-

sists of two actors: one gives advice (advisor) and the other actor takes advice (also called 

decision-maker, advisee, or judge). The decision-maker is then – as the name suggests – re-

sponsible for the final decision; the advisor does not make a decision, but can openly express 

what he or she considers to be the best decision from the decision-maker’s point of view (see 

Sniezek & Buckley, 1995, for more information). One important aspect of this constellation is 

the acceptance of advice, since the decision-maker is not obliged to take the advisor’s opinion 

into account. There is evidence that advice is “discounted,” that is, advice influences the de-

cision to some extent, but the decision-maker still incorporates his or her own ideas about the 

decision problem and merely shifts the actual decision towards the advice to some degree 

(Yaniv & Kleinberger, 2000; Yaniv, 2004), while higher discounting rates refer to lower advice 

acceptance.  
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The degree to which advice is accepted depends on several factors. Experienced decision-

makers appear to be less likely to follow advice, while greater experience known to the ad-

vised person on the part of the advisor leads to lower discounting (Harvey & Fischer, 1997). In 

addition, Harvey and Fischer (1997) found that the higher the potential loss associated with 

an error, the less the advice is discounted. Importantly, several authors show that the degree 

of trust in the advisor also appears to have a measurable negative impact on the extent of 

discounting. In general, the advisor’s recommendation was found to be considered more 

strongly, the greater the trust in the advisor (Sniezek & Van Swol, 2001; Van Swol & Sniezek, 

2005; Burke & Hung, 2021; Wang & Du, 2018). From the decision-maker’s perspective, the 

expectation of feeling ex post regret based on a suboptimal decision also leads to a lower 

discounting rate (Tzini & Jain, 2018). It has further been found that a high level of self-confi-

dence on the part of the advisor (known to the advisee) with respect to his or her own invest-

ment advice increases the willingness to accept advice on the part of the decision-maker and 

thus also leads to a lower discounting rate (Sniezek & Van Swol, 2001; Van Swol & Sniezek, 

2005). On the other hand, high confidence on the part of the decision-maker in his or her 

predefined own views perceived as “right” increases the extent to which advice is discounted 

(Wang & Du, 2018). Emotions experienced by the advice recipient, whether positive or nega-

tive, are also determinants of advice discounting in the context of robo advice (Hohenberger 

et al., 2019), while lower discounting rates are associated with positive emotions and higher 

ones with negative emotions. Thus, it is conceivable that the design and presentation of the 

user interface of a robo advisor could influence the acceptance of advice, particularly consid-

ering that some providers feature a more informal, colorful user interface in which smileys are 
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used to convey emotions. Furthermore, it has been observed – especially with regard to algo-

rithm-based investment advice – that personal characteristics of the recipient can influence 

the acceptance of the advice (Cheng, 2020; Piehlmaier, 2022; Figà-Talamanca et al., 2022).  

Tertilt & Scholz (2018) have found that the number of questions asked by robo advisors before 

giving advice can vary between rather superficial or detailed questionnaires. Moreover, user 

interfaces differ greatly with a view to the use of language, colors and emoticons. Our research 

question therefore is: To what extent do various levels of detail in the exploration question-

naire or the chosen type of user interface influence the acceptance of advice from robo advice 

services? 

3. Hypotheses 

As already described in the literature review, the acceptance of advice, in general, is based on 

several factors. However, trust in the advisor is of particular interest in this context. It is intu-

itively plausible that an advisor who bases his or her advice on a broader range of information 

could be trusted more. Our first hypothesis concerning trust is therefore: 

Hypothesis 1: Decision-makers will trust an advice service that uses a detailed exploration 

questionnaire to a greater extent than one whose advice is based on a superficial question-

naire. 

Furthermore, according to Hohenberger et al. (2019), positive emotions are associated with 

more trust. Since an emotional type of presentation with the help of appropriate coloring, 

smileys, and a less distant written expression could trigger positive emotions in the partici-

pant, it can be assumed that subjects feel a higher level of trust here. 
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Hypothesis 2: Decision-makers will trust an emotionally oriented advice service to a greater 

extent than a distanced one. 

Following the suggestions of the existing literature presented before, further hypotheses con-

cerning the discounting of advice can be made. 

Hypothesis 3: Decision-makers will discount the advice of an advice service based on a detailed 

exploration questionnaire less than the advice created using a superficial questionnaire. 

Hypothesis 4: Decision-makers will discount the advice of an emotionally oriented advice ser-

vice less compared to a distanced one. 

4. Experimental Design 

We set up a robo advice software with the help of oTree (Chen et al., 2016) and asked the 

participants to invest their money, allocating it to a choice of stocks or funds. The experiment 

described in this section has been conducted online and participants have been acquired using 

the database of a large German university. Thus, the experiment has been carried out in Ger-

man. 

On the one hand, we varied the number of questions in the exploration questionnaire with 

regard to the level of detail (“detailed” vs. “superficial” questionnaire), on the other hand, the 

presentation of the user interface differed (“emotional” vs. “distanced” interface). This 2x2-

design led to a total number of four treatment groups. Both the composition of the question-

naires and the design were copied from real robo advice services from the German-speaking 

robo advice market. 

The superficial questionnaire consisted of one single question about the participants’ risk tol-

erance. The detailed questionnaire contained the same question, but in addition 22 further 
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questions regarding income, wealth, risk-bearing capacity and various others on risk tolerance 

and previous experience in trading. Details on the exploration questionnaires can be found in 

the appendix of this paper.  

The distanced interface was characterized by an exclusively black and white, austere color 

scheme including formal language and no use of smileys on the one hand, the emotional one, 

on the other hand, by a colorful scheme, colloquial language and the presence of smiley faces. 

The interface layout the participants were confronted with was kept constant during the ex-

periment. Figure 1 illustrates the differences in presentation using excerpts from the explora-

tion questionnaire in the emotional (top) and distanced (bottom) versions.  

>>> Insert Figure 1 about here. <<< 

After being assigned to one of these treatment groups, the subjects were first presented with 

an allocation decision before the exploration questions were asked. Participants had to make 

a selection from five or six available stocks or funds after being provided with a hypothetical 

budget of 50,000 € and a fictitious investment horizon of one year per decision situation. For 

this purpose, the subjects received information about the performance of the available 

stocks/funds over the past two years. Participants had to go through four different decision 

situations, each involving different stocks/funds. They could also decide to invest their budget 

completely or partially with a risk-free interest rate of 0.5% per year. If the subjects decided 

to invest in a risky investment alternative, transaction costs of 0.2% based on the amount 

allocated to the risky investment were charged, about which the subjects were informed in 

advance. These values were derived from real-life data at the time the experiment was con-

ducted. Figure 2 depicts the user interface of one decision situation. 

>>> Insert Figure 2 about here. <<< 
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We varied the decision situations in order to represent a number of real-life decisions with 

the goal for our results to be better generalizable. As said before, the subjects had to make a 

total of four such allocation decisions: (1) a choice between an MSCI World fund and four well-

known country-specific stock index funds including the German stock index DAX (all being blue 

chip stock indices), (2) a choice between a CDAX fund (blue chip plus mid-cap stock index) and 

four different German sector index funds, (3) a choice between six stocks in total, three stocks 

each referring to well-known or less well-known DAX companies2, respectively, and (4) a 

choice between a total of five stocks of consistently rather unknown CDAX companies. All de-

cision situations were based on real data on the performance of the various investment alter-

natives at points in time between 2012 and 2017. Due to the impact of the Covid-19 pandemic 

and the Russian invasion in Ukraine, we decided not to use more recent data. Therefore, any 

statements on the DAX also refer to the DAX30 before the index reform in 2021. Furthermore, 

the order of the decision situations and the respective years they referred to were randomized 

across all treatment groups to avoid order- or time-specific influences on the decision. The 

year to which the respective decision situations corresponded was not disclosed in order to 

ensure that the ex post best allocation decision was not determined by an Internet search. 

With the goal to avoid such an in-depth search, the subjects were given a maximum selection 

time of five minutes per allocation decision. After the respondent had made and confirmed 

the allocation decision, the next decision situation was immediately presented until all four 

situations had been completed. 

 
2The level of popularity of the DAX companies was determined on the basis of the number of Google search 
results for the name of the respective company. The three DAX companies with the most search results and the 
three with the fewest were selected. Companies whose name has its own, different meaning, such as ”Linde,” 
which is (also) the German name of a tree species, were sorted out. 
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The consequences of the allocation decision with respect to the performance of the portfolio 

were not presented at the initial decision, because the same decision situations were to be 

presented again under the availability of advice later in the experiment with the goal to de-

termine how individuals shifted their final decision towards the direction of the advice. The 

first allocation decision – without the existence of advice – was then followed by the explora-

tion questionnaire in order to determine an investment recommendation. In all cases, this 

recommendation was based solely on the answer to the one question on risk tolerance that 

was identical across all treatment groups. It has already been established that not all questions 

of a robo advice service are also considered in the recommendation during the exploration 

process (Tertilt & Scholz, 2018). Thus, this procedure is not uncommon. The subjects were not 

aware of how exactly the recommendation was made; this also corresponds to the general 

process of robo advice. 

Depending on the answer to this question, the proportion of risk-free or risky investments 

recommended was varied. The subjects were then presented again with the decision situa-

tions already shown before the exploration, this time with investment advice. At the very be-

ginning of the experiment, the participants had been informed that the investment decisions 

influenced the payout amount as this depended on the performance of the created portfolio; 

10,000 € in the experiment corresponded to a payout amount of 2.40 € in reality. This led to 

final payouts in the range of 11.71 € to 36.57 €, with a mean payout of 15.90 €. Figure 3 shows 

a decision situation with advice. The amount of riskless lending was simply determined as the 

residual after subtracting all risky investments from the initial monetary endowment in each 

period.  

>>> Insert Figure 3 about here <<< 
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The recommendations concerning the risky share of the portfolio varied with respect to the 

decision situation presented. In the decision situations where the MSCI World and country-

specific stock indices were available for selection, we recommended exclusively the MSCI 

World for the risky part of the investment in order to achieve the greatest possible global 

diversification without too great a focus on specific regions. The same applied to our recom-

mendation regarding the CDAX and specific German sector indices: Here, we exclusively rec-

ommended investing in the CDAX in order to avoid an excessive concentration on specific sec-

tors. Our investment recommendations with respect to the other two decision situations were 

somewhat more complex: We recommended a portfolio allocation based on the market cap-

italization of the available stocks compared to the others open for selection (see also the de-

cision situation in Figure 3). The theoretical basis of this approach is the utilization of diversi-

fication effects as known from the Capital Asset Pricing Model according to Sharpe (1964), 

Lintner (1965), and Mossin (1966) and the underlying Markowitz Portfolio Theory, which will 

not be discussed further here. However, assuming at least weak form efficiency of the capital 

market, broad diversification is the best which can be done by investors. Although using his-

torical stock data, we formed our recommendation without including information about fu-

ture stock prices. The participants were free to decide to what extent they wanted to follow 

the recommendations; after each decision situation, they now received feedback on the per-

formance of their portfolio (see Figure 4). 

>>> Insert Figure 4 about here <<< 

The value of the portfolio was carried over to the next decision situation and could be invested 

entirely in the set of newly available stocks. 
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Trust in the robo advisor was measured after receiving advice and making the final investment 

decision for the first time, but before providing any information about the outcomes to avoid 

biases. Also, following the investment experiment, participants were asked to complete an 

additional questionnaire that was presented somewhat separately from the experiment itself 

to prevent the number of questions in this questionnaire from distorting the influences of the 

number of questions in the exploration questionnaire (see appendix 2 of this paper for the full 

questionnaire). The interface of this separate questionnaire was kept constant across all treat-

ment groups, regardless of the design before. In addition to demographic data such as the age 

or gender of the subjects, certain cultural characteristics (Hofstede, 2011) and the Big 5 per-

sonality traits (Digman, 1990, German translation by Körner et al., 2008) were also collected 

in this follow-up questionnaire. In addition, participants’ social value orientation (Murphy & 

Ackermann, 2014), general interpersonal trust (Beierlein et al., 2012), and financial literacy 

(Lusardi & Mitchell, 2011), among others, were also gathered to be used as control variables 

in the analysis. 

5. Results 

5.1 Data 

We recruited 135 participants. In terms of gender identification, 63 individuals identified as 

female, 59 as male, and three did not identify as either male or female. Regarding employment 

status, 10 people were employed full-time, 118 worked part-time, and 7 were unemployed. 

With a view to nationality, the majority (103) were German, 12 participants were Turkish, and 

the remaining 20 individuals represented 15 other nationalities in total. Participants were con-

fronted with 13 financial-literacy-related questions adapted from Lusardi & Mitchell (2011) 
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and answered, on average, 9.1 questions correctly, suggesting a strong level of financial liter-

acy. This was possibly influenced by their academic background, as we recruited our partici-

pants at a large university. We calculated the acceptance of advice by computing an advice 

discounting measure based on Yaniv & Kleinberger (2000). However, since the decision in our 

experiment was multidimensional (participants could decide how to invest their money offer-

ing more than two options and not only one risky and one risk-free possibility), we had to 

adjust the existing measurement of advice discounting to fit our decision problem. We first 

calculated the (Euclidean) distance between the final decision and the recommendation as 

well as between the initial decision and the recommendation. This means, the distance be-

tween two points in space p = (p0, …, pn)T and q = (q0, …, qn)T, whereas p0,…n and q0,…n reflect 

the relative share invested in a risk-free way (index 0) and in each of the respective risky in-

vestment opportunities (indexes 1 to n) and n+1 describes the resulting dimension, can be 

measured as follows: 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝑝𝑝, 𝑞𝑞) = �∑ (𝑝𝑝𝑘𝑘 − 𝑞𝑞𝑘𝑘)2𝑛𝑛
𝑘𝑘=0 . (1) 

Then, we computed an advice discounting variable for each participant i and each decision 

situation j as: 

𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹,𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑖𝑖𝑖𝑖

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑖𝑖𝑗𝑗
. (2) 

A score of 0 indicates complete reliance on the advisor’s recommendation for the final port-

folio allocation. A score of 1 reflects an exact replication of the initial allocation decision, and 

any value between 0 and 1 describes the extent to which the investors adjusted their decision 

in alignment with the advice. For instance, a score of 0.4 implies that 40% of the initial devia-

tion still persists in the ultimate allocation decision. Values greater than 1 happened in some 
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cases, which means that in these situations, the investors decided to move the final decision 

even further away from the recommendation than it has initially been (e.g., the initial decision 

was to buy 10 units of share A, we recommended buying 5 units and the final decision was to 

buy 15 units of A). In general, we can state that a lower advice discounting means a higher 

acceptance of advice. To our best knowledge, this easy-to-replicate multidimensional ap-

proach has never been used in the decision-making literature before, expanding the possibil-

ities to calculate an advice discounting measure with a view to more complex decision-making 

situations. 

We describe all variables we used in our analyses in Table 1. Descriptive data on advice dis-

counting as well as on other important variables such as cultural dimensions or personality 

traits can be seen in Table 2.  

>>> Insert Table 1 about here <<< 

>>> Insert Table 2 about here <<< 

5.2 Statistical Analyses 

Based on our hypotheses in Section 3, we first want to find out whether the design and/or the 

questionnaire length has an impact on trust in the advisor, which in turn might influence ad-

vice discounting. To check this, we set up an OLS regression model with the level of trust in 

the advisor as the dependent variable. The model is thus based on the following equation:  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 + 𝑏𝑏2 ∙ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊 +  𝜀𝜀𝑖𝑖, (3) 

Whereas Emotionali and Detailedi are dummy variables that take the value of 1 for participant 

i if the design was emotional or the questionnaire version was detailed, respectively; the vec-

tor 𝑪𝑪𝒊𝒊 describes all other control variables. The dependent variable, Trust Overalli, was defined 
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as the answer to the question: “How much do you trust your advisor overall?” measured on a 

scale of 1 to 5 with a higher value indicating higher trust levels. Our regression model was 

created including control variables to account for differences in individual characteristics such 

as age and financial literacy as well as cultural and personality traits (see Table 1), as there is 

evidence that personal characteristics might influence how others are trusted (Burke & Hung, 

2021). Since we include a relatively high number of control variables, we first checked for mul-

ticollinearity, but this is not an issue in our data. In all our models, we use robust standard 

errors to account for heteroscedasticity.  

>>> Insert Table 3 about here <<< 

Table 3 shows that the design of the user interface as well as the length of the questionnaire 

do not significantly influence trust. However, since our dependent variable is measured on an 

ordinal scale, OLS regression assumptions are violated, which is why we set up an ordered 

logistic regression model to verify our results (see Table 3 as well). Using the same control 

variables, as can be seen, our results remain stable. We therefore cannot verify any significant 

effect of questionnaire length (Hypothesis 1) or type of presentation (Hypothesis 2) on trust.  

Subsequently, we want to find out how the variables Emotional, Detailed, and Trust influence 

the acceptance of advice. We measure the dependent variable by computing advice discount-

ing (AD) as presented in Section 5.1. First, we set up a pooled OLS regression model based on 

the following equation: 

𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 +  𝑏𝑏2 ∙ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 + 𝑏𝑏3 ∙ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊𝒊𝒊 

+ 𝜀𝜀𝑖𝑖𝑖𝑖, 

(4) 

whereas ADij describes the advice discounting measure of participant i in decision situation j 

(j ∈ 1, 2, 3, 4). We use the same control variables as we did before. Additionally, in this model, 
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we control for the respective decision situation, as we calculated one advice discounting value 

for each situation. 

>>> Insert Table 4 about here <<< 

The results in Table 4 show that without controlling for personality- and culture-related vari-

ables, there is no significant effect of all our variables of interest on advice discounting. When 

including personality- and culture-related controls, we can see that our results change: In this 

model, Emotionalij and gains significance on a 5 %-level. Controlling for the aforementioned 

variables, an emotional design therefore leads to a higher acceptance of advice, ceteris pari-

bus. Keeping all other variables constant at means, we would expect an individual that has 

been confronted with the emotional layout to discount advice by 56.46% versus 68.41% for 

someone who encountered the distanced scheme.  

We moreover perform a pooled Tobit regression analysis to account for the boundaries of 

ADij, which are zero to infinity. The findings validate our previous results (see Table 5), how-

ever, the variables Trust Overallij and Detailedij gain significance on a 10%-level as well. 

>>> Insert Table 5 about here <<< 

In order to control for serial correlation and to check for consistency, we run a random-effects 

GLS regression model with the same variables, grouped by participant. A fixed effects model 

would not make sense in this case, as our variables of interest do not change throughout the 

experimental procedure. Again, the findings concerning Emotionalij confirm our OLS regres-

sion results (see Table 6). To further validate this, we run a random-effects Tobit regression 

model (see Table 7). The results are once more almost completely identical to those presented 

in Table 4.  
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Regarding our hypotheses, we thus cannot confirm that a detailed questionnaire leads to less 

advice discounting (Hypothesis 3) as the evidence is rather mixed, but we can state that this 

holds true for an emotional design (Hypothesis 4). It is somewhat surprising that Trust Overallij 

does not seem to influence advice discounting significantly, at least not in most of our models. 

>>> Insert Table 6 about here <<< 

>>> Insert Table 7 about here <<< 

6. Discussion 

One thing to keep in mind concerning our analyses is that it is not yet clear which design char-

acteristics represent the most important influential factors when it comes to the impact on 

trust and advice acceptance. We do not vary a large number of certain components of the 

design as we only use two different interfaces. Moreover, the level of detail of the question-

naire has been described by only two extremes as well: an extraordinarily superficial and a 

very detailed questionnaire. It might be possible that insignificant results only occur when 

looking at those extreme values, while setting up a slightly different experiment with a more 

diverse range of questions could lead to different results. 

The level of trust does not have an impact on advice discounting in nearly all our analyses. This 

is something we did not expect beforehand since there is ample research on this relationship 

indicating a dependency between those two variables. It could be imaginable that the concept 

of trust cannot easily be transferred to the relationship between a human and a machine, and 

therefore our question concerning the level of trust did not reflect the complexity of trust 

relationships well enough, leading to unreliable measures. Further research is needed to ad-

dress this issue, especially because the number of participants in our experiment has not been 
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extraordinarily high. Recruiting a larger number of participants might help to paint a more 

comprehensive picture in this case.  

The subjects further tend to be young academics who, due to their educational background, 

sometimes have intensive prior knowledge of issues relevant to financial decision-making. This 

relatively homogenous age structure could be the reason why no significant age-related dif-

ferences exist in our analyses. It is imaginable that older individuals react differently to, for 

example, an emotional design using emoticons than younger ones. Nevertheless, this social 

class of young academics represents future investors on the capital market. Thus, our findings 

can be deemed as useful. Replicating this study using a more international and/or more rep-

resentative sample could still make a nice extension of the existing literature.  

In general, the advice discounting rate is relatively high (about 61.3%, see Table 1). On aver-

age, the advisees seem to give more weight to their own initial decision than to the advice. 

Although this basically corresponds to the values calculated in comparable analyses (Yaniv & 

Kleinberger, 2000), it remains to be investigated whether these values can be lowered by using 

different advice characteristics we did not include in our analyses. 

7. Conclusion 

All things considered, we can state that, based on our research, robo advice providers should 

use a rather informal interface in order to ensure a higher level of advice acceptance. The 

questionnaire length, on the other hand, does not seem to have a significant influence on 

advice acceptance. Furthermore, in contrast to the majority of other studies in the advice dis-

counting literature, trust in the advisor does not play an important role in our sample. How-

ever, we do not include actual human interaction, which most of the prior research on trust 

and advice discounting was based on. The absence of significant correlations between trust 
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and advice acceptance in robo advice settings might be caused by some kind of unique dy-

namics of human-computer interaction in financial decision-making. We believe that this 

might be one reason why the relationship between trust and advice acceptance did not turn 

out to be statistically significant for the case of robo advice.  Most investment advice still relies 

on human involvement from the advisor’s side. Therefore, exploring the implications of this 

human presence in the investment advice process could provide an interesting starting point 

for future research. Moreover, our data suggests that personal characteristics and cultural 

variables play a role in our analyses (see Tables A.2 to A.5), a finding we do not focus on in this 

paper. With a view to machine-generated advice and advice discounting, this relationship has 

not achieved much attention yet. In our view, it could be promising to research the interplay 

between individual attributes or culture and decision-making in the context of situations with 

algorithm-generated advice. Future research could also explore the integration of artificial in-

telligence algorithms to copy human-like interaction. By using natural language processing 

tools and machine learning, these systems could simulate a more lifelike “human” conversa-

tion, potentially closing the gap between automated and human advice. 
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Figure 1 Excerpt from the exploration questionnaire, emotional (top) vs. distanced (bottom) versions 

 
This figure shows the design of the two questionnaire versions exemplarily. The emotional design can be seen at the top half of the figure, the distanced design is depicted on the bottom half. 
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Figure 2 User interface, initial decision, emotional design 

 

This figure shows a screenshot of the user interface participants were confronted with when making a first investment decision without advice. The screenshot is taken from the emotional layout 
version of the experiment. 
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Figure 3 User interface with given advice, emotional design 

 
This figure shows a screenshot of the user interface participants were confronted with when making an investment decision including advice. The screenshot is taken from the emotional layout 
version of the experiment. 
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Figure 4 Exemplary feedback on portfolio after investment decision, emotional design 

 
This figure shows a screenshot of the user interface participants were confronted with when being informed about the outcome of their investment decision. The screenshot is taken from the 
emotional layout version of the experiment. 
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Table 1 Overview of variables used in our analyses 

Variable Description 
  
Variables of key interest  
  
AD Advice discounting, the measurement of advice acceptance as a numerical value. 
Emotional Equals 1 if the questionnaire layout is emotional, 0 otherwise. 
Detailed Equals 1 if the questionnaire is detailed, 0 otherwise. 
Trust Overall Overall trust in advisor, measured on a scale of 1 (very low) to 5 (very high).  
  
Control Variables  
  
Basic controls  
Gender Participants‘ gender, measured as a categorial variable that can take the value “female”, “male”, or “other”. 
Age Participants’ age, measured as a numerical value. 
Marital status Participants’ marital status, measured as a categorial variable that can take the value “single”, “in a relationship”, “married”, “divorced”, or 

“other”. 
Working hours Participants’ hours worked per week in the context of gainful employment, measured as a categorial variable that can take the value “0”, “1 to 

15”, “16 to 25”, “26 to 35”, or “more than 35”. 
Living conditions Participants‘ living conditions, measured as a categorial variable that can take the value “with parents”, “with partner”, “shared apartment”, “stu-

dent accommodation”, or “alone”. 
Financial Literacy Participants’ knowledge of finance-related topics, measured as a numerical value between 0 and 13 based on the number of correct answers to 

financial literacy questions of Lusardi & Mitchell (2011). 
Self-assessed risk preference Self-assessment of participants’ risk preference, measured on a scale of 1 (strong risk aversion) to 4 (weak risk aversion). 
Advice Advised share to be invested riskily based on exploration questionnaire, measured as a percentage value between 0 and 100. 
Decision situation Investment options, only used in analyses concerning AD, measured as a categorial variable that can take the value “Situation MSCI”, “Situation 

CDAX”, “Situation Known vs. Unknown”, “Situation Ony Unknown”, see section 4.1 for details. 
  
Culture-related controls  
Power distance Hofstede dimension “Power Distance“, individual-level data, measured as a numerical value, see Hofstede (2011) for details. 
Individualism Hofstede dimension “Individualism“, individual-level data, measured as a numerical value, see Hofstede (2011) for details. 
Masculinity Hofstede dimension “Masculinity“, individual-level data, measured as a numerical value, see Hofstede (2011) for details. 
Uncertainty avoidance Hofstede dimension “Uncertainty avoidance“, individual-level data, measured as a numerical value, see Hofstede (2011) for details.  
Long-term orientation Hofstede dimension “Long-term orientation“, individual-level data, measured as a numerical value, see Hofstede (2011) for details. 
Indulgence vs. restraint Hofstede dimension “Indulgence vs restraint“, individual-level data, measured as a numerical value, see Hofstede (2011) for details. 
  
Personality-related controls  
Neuroticism Personality trait “Neuroticism“, individual-level data, measured as a numerical value, see Digman (1990) for details.  
Agreeableness Personality trait “Agreeableness “, individual-level data, measured as a numerical value, see Digman (1990) for details.  
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Extraversion Personality trait “Extraversion “, individual-level data, measured as a numerical value, see Digman (1990) for details.  
Conscientiousness Personality trait “Conscientiousness“, individual-level data, measured as a numerical value, see Digman (1990) for details.  
Openness Personality trait “Openness”, individual-level data, measured as a numerical value, see Digman (1990) for details. 
General interpersonal trust General level of trust in other people, individual-level data, measured as a numerical value, see Beierlein at al. (2012) for details. 
Social value orientation Social value orientation, individual-level data, measured as a numerical value, see Murphy & Ackermann (2014) for details. 
  

This table shows definitions of all variables we used in our analyses including basic controls, personality- and culture-related controls as well as our variables of key interest. Information includes a 
brief description of the variable and details on the measurement.
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Table 2 Descriptive statistics of most important variables 

 # observations mean std. dev. min max 
      
Variables of key interest      
Advice discounting 135 0.613 0.592 0 5.983 
Emotional 135 0.593 0.493 0 1 
Detailed 135 0.452 0.500 0 1 
Trust overall 135 3.207 0.931 1 5 
      
Basic controls      
Age 135 25.444 4.113 19 42 
Self-assessed risk preference 135 2.741 0.657 1 4 
Financial literacy 135 9.104 1.975 2 12 
Advice 135 0.530 0.237 0 1 
      
Culture-related controls      
Power distance 135 12.852 59.061 -155 180 
Individualism 135 7.000 50.918 -175 140 
Masculinity 135 -23.852 61.468 -175 140 
Uncertainty avoidance 135 -39.111 69.663 -220 120 
Long-term orientation 135 -13.370 61.728 -155 145 
Indulgence vs. restraint 135 57.000 60.459 -145 225 
      
Personality-related controls      
Openness 135 11.252 2.585 3 19 
Conscientiousness 135 14.674 3.097 6 21 
Extraversion 135 13.585 4.113 2 23 
Agreeableness 135 9.733 3.456 4 23 
Neuroticism 135 9.104 3.984 0 20 
General interpersonal trust 135 2.983 0.857 1 5 
Social value orientation 135 0.550 0.184 0.203 1.141 
      
This table shows average values and standard deviations as well as minimum and maximum values of the variables used in our analyses. The variables gender, marital status, working hours, living 
conditions, and decision situation do not appear here due to their categorical nature. 
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Table 3 OLS and ordered logistic regression results, dependent variable: Trust Overall 

 OLS Ordered logistic regression 

 Trust Overall Trust Overall 
       
Emotional -0.102  0.198 -0.071  0.453 
Detailed 0.232  0.180 0.633  0.414 
       
Controls  yes   yes  
# observations  135   135  
R2  0.221   0.098  
       
This table shows the results of an OLS and an ordered logistic regression that evaluate the effect of advisor layout and ques-
tionnaire on overall trust in the advisor. All models include control variables. Dependent variables appear in the second row 
of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard 
errors in italics. Full regression results are available in the appendix of this paper (Table A.1). 

Table 4 Pooled OLS regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
       
Trust Overall -0.044  0.035 -0.055  0.036 
Emotional -0.071  0.064 -0.119 ** 0.057 
Detailed 0.068  0.069 0.082  0.065 
       
Basic controls  yes   yes  
Culture-related controls  no   yes  
Personality-related controls  no   yes  
# observations  540   540  
R2  0.077   0.124  
       
This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout and question-
naire length on advice discounting. All models include basic control variables. The second and the third model additionally 
include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, 
respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For details 
concerning basic, culture- and personality-related controls see Table 1. Full regression results in the appendix of this paper 
(Table A.2). 

Table 5 Pooled Tobit regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
       
Trust Overall -0.050  0.038 -0.063 * 0.038 
Emotional -0.079  0.058 -0.137 ** 0.057 
Detailed 0.101  0.063 0.121 * 0.062 
       
Basic controls  yes   yes  
Culture-related controls  no   yes  
Personality-related controls  no   yes  
# observations  540   540  
Pseudo R2  0.041   0.066  
       
This table shows the results of a pooled Tobit regression that evaluates the effect of overall trust, advisor layout and ques-
tionnaire length on advice discounting. All models include basic control variables. The second and the third model additionally 
include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, 
respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For details 
concerning basic, culture- and personality-related controls see Table 1. Full regression results in the appendix of this paper 
(Table A.3). 
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Table 6 Random-effects GLS regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
       
Trust Overall -0.044  0.035 -0.055  0.036 
Emotional -0.071  0.064 -0.120 ** 0.057 
Detailed 0.068  0.069 0.082  0.065 
       
Basic controls  yes   yes  
Culture-related controls  no   yes  
Personality-related controls  no   yes  
# observations  540   540  
# groups  135   135  
Overall R2  0.077   0.098  
       
This table shows the results of a random-effects GLS regression that evaluates the effect of overall trust, advisor layout and 
questionnaire length on advice discounting. All models include basic control variables. The second and the third model addi-
tionally include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, 
and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For 
details concerning basic, culture- and personality-related controls see Table 1. Full regression results in the appendix of this 
paper (Table A.4). 

Table 7 Random-effects Tobit regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
       
Trust Overall -0.048  0.042 -0.061  0.041 
Emotional -0.078  0.083 -0.136 * 0.082 
Detailed 0.104  0.078 0.126  0.077 
       
       
Basic controls  yes   yes  
Culture-related controls  no   yes  
Personality-related controls  no   yes  
# observations  540   540  
# groups  135   135  
       
This table shows the results of a random-effects Tobit regression that evaluates the effect of overall trust, advisor layout and 
questionnaire length on advice discounting. All models include basic control variables. The second and the third model addi-
tionally include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, 
and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For 
details concerning basic, culture- and personality-related controls see Table 1. Full regression results in the only appendix of 
this paper (Table A.5). 
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Appendix  

Appendix 1.1: Question used in superficial exploration questionnaire, English 

translation 

1. How risky do you want your investment to be? 

- No risk   

- Safety-oriented   

- Balanced   

- Return-oriented 

Appendix 1.2: Questions used in long exploration questionnaire, English transla-

tion 

1. How much is your monthly disposable income? 

- Up to 250 € 

- 250 € - 500 € 

- 500 € - 750 € 

- Over 750 € 

2. How much are your liquid assets in Euro? 

- Up to 20.000 € 

- 20.000 € - 50.000 € 

- 50.000 € - 100.000 € 

- Over 100.000 € 
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3. We recommend keeping at least two months’ salary in reserve for unforeseen expenses. 
Beyond that, how long can you live off your reserves? 

- Not at all 

- One month 

- Two months 

- Over two months 

4. The risk of losing some of my money weighs heavily on me. 

- Do not agree at all   

- Agree partially  

- Agree mostly 

- Completely agree  

5. The security of my investment is most important to me. 

- Do not agree at all   

- Agree partially  

- Agree mostly 

- Completely agree  

6. I am reluctant to take risks in financial matters. 

- Do not agree at all   

- Agree partially  

- Agree mostly 

- Completely agree  

7. Even small losses make me nervous. 

- Do not agree at all   

- Agree partially  

- Agree mostly 

- Completely agree  
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8. I would like to achieve higher returns and am prepared to accept risks to do so. 

- Do not agree at all   

- Agree partially  

- Agree mostly 

- Completely agree  

9. How risky do you want your investment to be? 

- No risk   

- Safety-oriented   

- Balanced   

- Return-oriented   

10. The return on investments can change every year. Acceptable for me is the following 
range: 

- Between -5 % and +5 % 

- Between -10 % and +10 % 

- Between -15 % and +15 % 

- Below -15 % to above +15 % 

11. What knowledge and experience do you have with investments? 

- I already have knowledge. 

- I do not have any knowledge yet. 

12. Do you already have knowledge about direct investments in single stocks / precious met-
als? 

- Yes  

- No 
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13. How many transactions do you make per year in these investments? 

- None 

- Up to 2 

- 3 to 5 

- More than 5 

14. For how many years have you been doing these transactions? 

- Up to 2 years 

- 3 to 5 years 

- Over 5 years 

15. The volume per transaction was: 

- Up to 5,000 € 

- Up to 25,000 € 

- Up to 50,000 € 

- Over 50,000 € 

16. Do you already have knowledge about investments in funds containing equity, mixed funds 
or funds on precious metals? 

- Yes  

- No 

17. How many trades do you make per year in these investments? 

- None 

- Up to 2 

- 3 to 5 

- More than 5 

18. For how many years have you been doing these transactions? 

- Up to 2 years 

- 3 - 5 years 

- Over 5 years 
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19. The volume per transaction was: 

- Up to 5,000 € 

- Up to 25,000 € 

- Up to 50,000 € 

- Over 50,000 € 

20. Do you already have knowledge about direct investments in bonds or bond funds? 

- Yes 

- No 

21. How many transactions do you make per year in these investments? 

- None 

- Up to 2 

- 3 to 5 

- More than 5 

22. For how many years have you (you) been doing these transactions? 

- Up to 2 years 

- 3 to 5 years 

- Over 5 years 

23. The volume per transaction was: 

- Up to 5,000 € 

- Up to 25,000 € 

- Up to 50,000 € 

- Over 50,000 € 
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Appendix 2: Full Questionnaire 

Which gender do you feel you belong to? 

☐ Male 

☐ Female 

☐ Other 

 

What is your nationality? 

______________________ 

 

Which religion do you belong to? 

☐ Christianity 

☐ Islam 

☐ Judaism 

☐ Non-denominational 

☐ Other: ______________________ 

 

When were you born? 

DD.MM.YYYY 
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Which statement regarding your marital status applies to you? 

☐ Single 

☐ In a relationship 

☐ Married 

☐ Divorced 

☐ Other: ______________________ 

 

Which statement regarding your living conditions applies to you? 

☐ I live with my parents. 

☐ I live with my partner. 

☐ I live in a shared apartment. 

☐ I live in student accommodation. 

☐ I live alone. 

 

How many hours in total do you regularly work per week? 

☐ 0 
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☐ 1 - 15 

☐ 16 - 25 

☐ 26 - 35 

☐ More than 35 

 

What degree are you working towards in your current degree program? 

☐ Bachelor 

☐ Diploma 

☐ Master 

☐ PhD 

☐ I have never studied before 

☐ I have already completely finished my studies 

 

In how many semesters do you expect to complete your studies (please include the current 

semester)? 

In _________________________ semesters 

 

What subject are you studying? 



155 
 

☐ Arts and social sciences 

☐ Economic sciences 

☐ Computer science 

☐ Dentistry 

☐ Architecture and civil engineering 

☐ Engineering sciences 

☐ Law 

☐ Medicine 

☐ Music 

☐ Natural sciences 

☐ Other, namely: ______________________ 
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Please rate yourself on the following statements on a scale from 0 (strongly disagree) to 4 
(strongly agree). 

 
 do not agree at 

all ... 
 ... completely ag-

ree 

I often feel inferior to others.                

I like having lots of people around me.                

I find philosophical discussions boring.                

I often get into arguments with my family and col-
leagues.                

I keep my things tidy and clean.                

When I’m under a lot of stress, I sometimes feel like I’m 
going to collapse.                

I am easy to make laugh.                

I am inspired by the motifs I find in art and in nature.                

Some people think I’m selfish and complacent.                

I can manage my time quite well so that I finish my busi-
ness on time.                

I often feel tense and nervous.                

I like to be at the center of the action.                

Poetry makes little or no impression on me.                

I tend to be cynical and skeptical about the intentions of 
others.                

I try to carry out all the tasks assigned to me very consci-
entiously.                

Sometimes I feel completely worthless.                

I often feel like I’m bubbling over with energy.                

When I read literature or look at a work of art, I some-
times feel a chill or a wave of enthusiasm.                

Some people think I’m cold and calculating.                
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If I make a commitment, you can definitely rely on me.                

Too often I get discouraged and want to give up when 
something goes wrong.                

I am a cheerful, good-humored person.                

I have little interest in speculating about the nature of 
the universe or the state of humanity.                

I always try to act considerately and sensitively.                

I am a hard-working person who always gets the job 
done.                

I often feel helpless and wish I had someone to solve my 
problems                

I am a very active person.                

I often enjoy playing with theories or abstract ideas.                

To get what I want, I am prepared to manipulate people 
if necessary.                

I will probably never be able to bring order into my life.      
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Instructions 

In this task, you will determine how you would like to divide certain hypothetical amounts of 
money between yourself and another person. In the following, we will simply refer to this 
other person as the hypothetical “someone else.” This someone is a person whom you do 
not know and who will remain anonymous. All their decisions are completely confidential. 
For each of the following questions, please indicate the distribution of money that you 
would prefer. 
 
In the example below, one person has decided to split the money so that they receive  
50 Euro while the anonymous other person receives 40 Euro. 
 
There are no right and wrong answers in this task, it is all about personal preference. Once 
you have made your decision, mark the corresponding position using the slider. You can 
only mark one item per question. As you can see, your decision affects both the amount of 
money you receive and the amount of money the other person receives. 
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Please think of an ideal professional activity. Please disregard your current professional ac-
tivity if you are employed. How important is it for you when choosing a professional activity? 

1 = most important  
2 = very important  
3 = fairly important  
4 = less important  
5 = unimportant 

 of the utmost im-
portance ... 

 ... slightly important or 
unimportant 

have enough time for yourself personally or for 
your private life                

Having a direct supervisor who you can respect                

Receive recognition for good work performance                

having a secure job                

working with nice people                

to do an interesting job                

to be consulted by your direct superior on deci-
sions affecting your work                

to live in a pleasant environment                

have enough time for yourself personally or for 
your private life                

Having work that is respected by family and 
friends                
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How important is the following for you in your private life? 

1 = most important  
2 = very important  
3 = fairly important  
4 = less important  
5 = unimportant 

 of the utmost im-
portance ... 

 ... slightly important or 
unimportant 

Keeping time free for pleasure                

Moderation: having few wishes                

to be there for my friends                

Modesty (not spending more money than nec-
essary)      
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How often do you feel nervous or tense? 

☐ always 

☐ mostly 

☐ sometimes 

☐ rare 

☐ never 

 

Are you a happy person? 

☐ always 

☐ mostly 

☐ sometimes 

☐ rare 

☐ never 

 

Do other people or circumstances ever stop you from doing what you really want to do? 

☐ yes, always 

☐ yes, usually 
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☐ sometimes 

☐ no, rather rare 

☐ no, never 

 

How would you describe your current state of health overall? 

☐ Very good 

☐ good 

☐ mediocre 

☐ bad 

☐ very bad 

 

How proud are you to be a citizen of your country? 

☐ very proud 

☐ quite proud 

☐ reasonably proud 

☐ not very proud 

☐ not proud at all 
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In your experience, how often are employees afraid to contradict their supervisor (or 

teacher for pupils/students)? 

☐ never 

☐ rare 

☐ sometimes 

☐ usually 

☐ always 
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To what extent do you agree or disagree with the following statements? 

1 = absolutely agree  
2 = agree  
3 = undecided  
4 = disagree  
5 = absolutely disagree 

 absolutely agree ...  ... absolutely disag-
ree 

You can be a good manager without being 
able to give precise answers to all the ques-
tions that subordinates have about their work 

               

Consistent effort is the surest way to success                

An organizational structure in which certain 
employees have two superiors should be 
avoided at all costs 

               

Company or organizational policies should not 
be broken, even if an employee believes it is 
in the best interest of the company 

               

 

Now it’s about your attitudes towards other people. For each statement, please indicate the 
extent to which you agree with it. 

1 = strongly disagree  
2 = somewhat disagree  
3 = somewhat agree  
4 = fairly agree  
5 = strongly agree 

 do not agree at all ...  ... agree wholehe-
artedly 

I am convinced that most people have good 
intentions.                

You can’t rely on anyone these days.                

In general, you can trust people.                
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For each of the following lottery comparisons, please indicate how large Z must be for you to 
be indifferent between the two lotteries. Z can be entered as a negative or positive number. 
A negative win corresponds to a loss, while a negative loss corresponds to a win. 

1. Lottery A: 
 50% probability Win 10 € 

 50% probability Win 100 € 
 Lottery B: 
 50% probability Win Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
2. Lottery A: 
 50% probability Win 50 € 

 50% probability Win 200 € 
 Lottery B: 
 50% probability Win Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
3. Lottery A: 
 50% probability Win 100 € 

 50% probability Win 400 € 
 Lottery B: 
 50% probability Win Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
4. Lottery A: 
 50% probability Loss 20 € 

 50% probability Loss 120 € 
 Lottery B: 
 50% probability Loss Z € 

 50% probability Loss 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
5. Lottery A: 
 50% probability Loss 40 € 

 50% probability Loss 240 € 
 Lottery B: 
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 50% probability Loss Z € 
 50% probability Loss 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
6. Lottery A: 
 50% probability Loss 80 € 

 50% probability Loss 320 € 
 Lottery B: 
 50% probability Loss Z € 

 50% probability Loss 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
7. Lottery A: 
 50% probability Win 50 € 

 50% probability Loss 50 € 
 Lottery B: 
 50% probability Loss Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
8. Lottery A: 
 50% probability Win 100 € 

 50% probability Loss 100 € 
 Lottery B: 
 50% probability Loss Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 
9. Lottery A: 
 50% probability Win 200 € 

 50% probability Loss 200 € 
 Lottery B: 
 50% probability Loss Z € 

 50% probability Win 0 € 
 The amount Z should be ____________ so that I am indifferent between the lotteries. 
 

Imagine you are offered the following lotteries. Enter the maximum amount you would be 
willing to pay to take part in each lottery once. 

10. 0.1% probability Win 1000 € 
 99.9% probability Win 0 € 
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 I would pay ____________ € to take part in the lottery. 
 
11. 10% probability Win 50 € 
 90% probability Win 0 € 
 I would pay ____________ € to take part in the lottery. 
 
12. 90% probability Win 10 € 
 10% probability Win 0 € 
 I would pay ____________ € to take part in the lottery. 
 
13. 70% probability Win 30 € 
 30% probability Win 0 € 
 I would pay ____________ € to take part in the lottery. 
 
14. 98% probability Win 100 € 
 2% probability Win 0 € 
 I would pay ____________ € to take part in the lottery. 
 

Imagine you are offered the following lotteries. Enter the maximum amount you would be 
willing to pay to avoid the lotteries once. 

15. 0.1% probability Loss 1000 € 
 99.9% probability Loss 0 € 
 I would pay ____________ € to avoid the lottery. 
 
16. 10% probability Loss 50 € 
 90% probability Loss 0 € 
 I would pay ____________ € to avoid the lottery. 
 
17. 90% probability Loss 10 € 
 10% probability Loss 0 € 
 I would pay ____________ € to avoid the lottery. 
 
18. 70% probability Loss 30 € 
 30% probability Loss 0 € 
 I would pay ____________ € to avoid the lottery. 
 
19. 98% probability Loss 100 € 
 2% probability Loss 0 € 
 I would pay ____________ € to avoid the lottery. 
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Which of the following statements comes closest to the amount of financial risk you are will-

ing to take when saving money or making investments? 

☐ I take considerable risks in order to achieve substantial gains. 

☐ I take above-average risks in order to achieve above-average gains. 

☐ I take average risks to achieve average financial gains. 

☐ I am not prepared to take any financial risks. 
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Each of the following questions offers two or three possible answers. After answering each 

question, please indicate how certain you are about your answer. For a question with three 

possible answers, 33.3% means that you do not know the answer, you are therefore com-

pletely unsure and your choice would therefore only be correct by chance. For a question 

with two possible answers, 50% means that you do not know the answer. In both cases, 

100% would mean that you are completely sure that your answer is correct. 

 

1. Imagine you have €100 in a savings account and the interest rate is 2% per year. How 

much money do you think you would have after five years if you left the money and the in-

terest earned in the savings account? 

☐ More than €102 

☐ Exactly €102 

☐ Less than €102 

How confident are you? _______% (33.3-100) 

 

2. Imagine you had €100 in a savings account, the interest rate was 20% per year and you 

never withdrew any money or interest from the account. How much money do you think you 

would have in your account after five years? 

☐ More than €200 

☐ Exactly €200 
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☐ Less than €200 

How confident are you? _______% (33.3-100) 

 

3. Imagine that the interest rate on your savings account was 1% per year and the inflation 

rate was 2% per year. How much would you be able to buy with the money in this savings 

account after one year? 

☐ More than today 

☐ Exactly the same amount 

☐ Less than today 

How confident are you? _______% (33.3-100) 

 

4. Imagine that a friend of yours inherits €10,000 today, while his brother inherits €10,000 in 

exactly three years’ time. Who will be richer on the basis of this inheritance, given that there 

are positive interest rates for savings? 

☐ The friend 

☐ His brother 

☐ They are both equally rich 

How confident are you? _______% (33.3-100) 
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5. Imagine that both your income and all goods prices have doubled in 2025. How much will 

you be able to buy with your income in 2025? 

☐ More than today 

☐ The same as today 

☐ Less than today 

How confident are you? _______% (33.3-100) 

 

6. Which of the following statements describes the main function of a stock exchange? 

☐ The stock exchange helps to predict income from securities. 

☐ The stock market results from an increase in security prices. 

☐ The stock exchange brings potential buyers and sellers of securities together. 

How confident are you? _______% (33.3-100) 

 

7. Which of the following statements is correct? 

☐ As soon as you invest in an open-ended investment fund, you cannot withdraw your 

money in the first year. 

☐ Open-ended investment funds can invest in different types of securities, for example in 

both equities and bonds. 
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☐ Open-ended investment funds pay out a guaranteed return, which depends on past per-

formance. 

How confident are you? _______% (33.3-100) 

 

8. How would bond prices develop as expected if the key interest rate falls? 

☐ They rise 

☐ They fall 

☐ They remain the same 

How confident are you? _______% (33.3-100) 

 

9. Right or wrong? Holding shares in a single company usually provides safer returns than 

holding shares in an equity fund. 

☐ Correct 

☐ Wrong 

How confident are you? _______% (50-100) 

 

10. Right or wrong? Equities are usually riskier than bonds. 

☐ Correct 
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☐ Wrong 

How confident are you? _______% (50-100) 

 

11. Which of these asset classes usually has the highest return over a long investment hori-

zon (e.g. 10 or 20 years)? 

☐ Savings accounts 

☐ Bonds 

☐ Shares 

How confident are you? _______% (33.3-100) 

 

12. Which of these asset classes normally exhibit the highest fluctuations in value? 

☐ Savings accounts 

☐ Bonds 

☐ Shares 

How confident are you? _______% (33.3-100) 

 

13. How does the risk of losing money change when an investor divides his assets between 

different asset classes? 
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☐ The risk of loss increases 

☐ The risk of loss decreases 

☐ The risk of loss remains the same 

How confident are you? _______% (33.3-100) 

 

How would you rate your own understanding of economic relationships? 

Very low ☐ ☐ ☐ ☐ ☐ ☐ ☐ Very high 
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Appendix 3: Regression Tables 

Table A.1 OLS and ordered logistic regression results, dependent variable: Trust Overall 

 OLS Ordered logistic regression 

 Trust Overall Trust Overall 
       
Emotional -0.102  0.198 -0.071  0.453 
Detailed 0.232  0.180 0.633  0.414 
       
Gender (0 = female)       
Male -0.132  0.226 -0.302  0.539 
Other  0.021  0.649 0.168  1.151 
       
Marital status (0 = single)       
In a relationship -0.036  0.232 0.167  0.547 
Married 0.616  0.422 1.498  1.002 
       
Working hours (0 = zero hours)       
1 to 15 hours -0.139  0.241 -0.423  0.588 
16 to 25 hours 0.198  0.283 0.370  0.698 
26 to 35 hours 0.159  0.377 0.363  0.882 
More than 35 hours 0.223  0.431 0.896  1.001 
       
Living conditions (0 = with parents)       
With partner 0.082  0.374 0.287  0.823 
Shared apartment 0.296  0.336 0.591  0.691 
Student accommodation 0.391  0.417 0.942  0.956 
Alone  0.338  0.393 0.870  0.895 
       
Age -0.016  0.027 -0.029  0.059 
Financial Literacy -0.033  0.053 -0.078  0.132 
Self-assessed risk preference 0.261 * 0.149 0.651 * 0.362 
Advice -0.092  0.520 0.108  1.230 
       
Power distance 0.000  0.001 -0.001  0.003 
Individualism 0.002  0.002 0.001  0.005 
Masculinity 0.001  0.002 0.000  0.003 
Uncertainty avoidance 0.000  0.001 -0.000  0.003 
Long-term orientation -0.000  0.001 -0.001  0.003 
Indulgence vs. restraint -0.001  0.002 -0.002  0.003 
       
Neuroticism 0.025  0.029 0.057  0.068 
Agreeableness -0.034  0.026 -0.067  0.062 
Extraversion 0.032  0.027 0.047  0.060 
Conscientiousness 0.004  0.034 0.031  0.079 
Openness 0.011  0.036 0.034  0.086 
General interpersonal trust -0.094  0.130 -0.125  0.304 
Social value orientation 0.482  0.509 1.195  1.215 
       
Constant 2.583  1.156    
       
# observations  135   135  
R2  0.221   0.099  
       
This table shows the results of an OLS and an ordered logistic regression that evaluate the effect of advisor layout and ques-
tionnaire length on overall trust in the advisor. All models include control variables. Dependent variables appear in the second 
row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard 
errors in italics. 
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Table A.2 Pooled OLS regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
Trust Overall -0.044  0.035 -0.055  0.036 
Emotional -0.071  0.064 -0.120 ** 0.057 
Detailed 0.068  0.069 0.082  0.065 
       
Decision situation (0 = situation MSCI)       
Situation CDAX -0.094 ** 0.047 -0.094 * 0.048 
Situation known/less known 0.010  0.077 -0.001  0.078 
Situation only less known -0.011  0.060 -0.011  0.061 
       
Gender (0 = female)       
Male 0.114  0.074 0.088  0.083 
Other  -0.150  0.226 -0.241  0.209 
       
Marital status (0 = single)       
In a relationship -0.080  0.082 -0.100  0.084 
Married -0.137  0.136 -0.101  0.123 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.031  0.118 0.025  0.119 
16 to 25 hours 0.008  0.110 0.064  0.099 
26 to 35 hours 0.030  0.138 0.022  0.143 
More than 35 hours -0.011  0.123 0.005  0.161 
       
Living conditions (0 = with parents)       
With partner 0.169  0.110 0.159  0.102 
Shared apartment 0.005  0.131 0.012  0.116 
Student accommodation 0.059  0.113 0.048  0.114 
Alone  0.105  0.108 0.034  0.100 
       
Age -0.011  0.009 -0.012  0.010 
Financial Literacy -0.045 ** 0.020 -0.043 ** 0.020 
Self-assessed risk preference -0.118 ** 0.045 -0.148 *** 0.045 
Advice 0.014  0.117 0.035  0.116 
       
Power distance    0.001  0.000 
Individualism    0.000  0.001 
Masculinity    -0.001 ** 0.001 
Uncertainty avoidance    0.001  0.001 
Long-term orientation    -0.000  0.000 
Indulgence vs. restraint    -0.001  0.001 
       
Neuroticism    -0.001  0.010 
Agreeableness    -0.008  0.009 
Extraversion    0.021 *** 0.007 
Conscientiousness    -0.017  0.011 
Openness    -0.002  0.010 
General interpersonal trust    -0.093 ** 0.044 
Social value orientation    0.138  0.172 
       
Constant 1.663 *** 0.352 2.150 *** 0.587 
       
# observations  540   540  
R2  0.077   0.124  
       
This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout and question-
naire length on advice discounting. All models include basic control variables. The second and the third model additionally 
include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, 
respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Table A.3 Pooled Tobit regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
Trust Overall -0.050  0.038 -0.063 * 0.038 
Emotional -0.079  0.058 -0.137 ** 0.057 
Detailed 0.101  0.063 0.121 * 0.062 
       
Decision situation (0 = situation MSCI)       
Situation CDAX -0.073  0.077 -0.074  0.074 
Situation known/less known 0.026  0.089 0.027  0.087 
Situation only less known 0.020  0.077 0.020  0.074 
       
Gender (0 = female)       
Male 0.116  0.076 0.097  0.088 
Other  -0.227  0.249 -0.380  0.246 
       
Marital status (0 = single)       
In a relationship -0.050  0.068 -0.069  0.070 
Married -0.142  0.102 -0.091  0.105 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.021  0.101 0.018  0.104 
16 to 25 hours -0.009  0.088 0.053  0.084 
26 to 35 hours -0.012  0.118 -0.029  0.125 
More than 35 hours 0.011  0.078 0.035  0.081 
       
Living conditions (0 = with parents)       
With partner 0.232 ** 0.113 0.219  0.112 
Shared apartment 0.035  0.125 0.039  0.122 
Student accommodation 0.099  0.134 0.094  0.134 
Alone  0.140  0.111 0.058  0.115 
       
Age -0.013  0.008 -0.014  0.009 
Financial Literacy -0.048 ** 0.024 -0.045 * 0.024 
Self-assessed risk preference -0.146 *** 0.043 -0.180 *** 0.046 
Advice 0.028  0.118 0.055  0.122 
       
Power distance    0.001  0.000 
Individualism    0.001  0.001 
Masculinity    -0.001 *** 0.001 
Uncertainty avoidance    0.001 * 0.000 
Long-term orientation    0.000  0.000 
Indulgence vs. restraint    -0.001 ** 0.000 
       
Neuroticism    0.001  0.010 
Agreeableness    -0.010  0.009 
Extraversion    0.022 *** 0.008 
Conscientiousness    -0.016  0.010 
Openness    -0.006  0.010 
General interpersonal trust    -0.120 *** 0.040 
Social value orientation    0.165  0.169 
       
Constant 1.178 *** 0.340 2.291 *** 0.390 
       
# observations  540   540  
Pseudo R2  0.041   0.066  
       
This table shows the results of a pooled Tobit regression that evaluates the effect of overall trust, advisor layout and ques-
tionnaire length on advice discounting. All models include basic control variables. The second and the third model additionally 
include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, 
respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Table A.4 Random-effects GLS regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
Trust Overall -0.044  0.035 -0.055  0.036 
Emotional -0.071  0.064 -0.120 ** 0.057 
Detailed 0.068  0.069 0.082  0.065 
       
Decision situation (0 = situation MSCI)       
Situation CDAX -0.094 ** 0.047 -0.094 * 0.048 
Situation known/less known 0.001  0.077 0.001  0.078 
Situation only less known -0.011  0.060 -0.011  0.061 
       
Gender (0 = female)       
Male 0.114  0.074 0.088  0.083 
Other  -0.150  0.226 -0.241  0.209 
       
Marital status (0 = single)       
Liased -0.080  0.082 -0.100  0.084 
Married -0.137  0.136 -0.101  0.113 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.031  0.118 0.025  0.119 
16 to 25 hours 0.008  0.110 0.064  0.099 
26 to 35 hours 0.030  0.138 0.022  0.143 
More than 35 hours 0.000  0.073 0.007  0.080 
       
Living conditions (0 = with parents)       
With partner 0.169  0.110 0.159 ** 0.102 
Shared apartment 0.005  0.131 0.012  0.116 
Student accommodation 0.059  0.123 0.048  0.114 
Alone  0.105  0.108 0.034  0.100 
       
Age -0.011  0.009 -0.012  0.010 
Financial Literacy -0.045 ** 0.020 -0.043 ** 0.020 
Self-assessed risk preference -0.118 *** 0.045 -0.148 ** 0.045 
Advice 0.014  0.117 0.035  0.119 
       
Power distance    0.001  0.000 
Individualism    0.000  0.001 
Masculinity    -0.001 ** 0.001 
Uncertainty avoidance    0.001  0.001 
Long-term orientation    -0.000  0.000 
Indulgence vs. restraint    -0.001  0.001 
       
Neuroticism    -0.001  0.010 
Agreeableness    -0.008  0.009 
Extraversion    0.021 *** 0.007 
Conscientiousness    -0.017  0.011 
Openness    -0.002  0.010 
General interpersonal trust    -0.093 ** 0.044 
Social value orientation    0.138  0.172 
       
Constant 1.663 *** 0.352 2.150 *** 0.437 
       
# observations  540   540  
# groups  135   135  
Overall R2  0.077   0.124  
This table shows the results of a random-effects GLS regression that evaluates the effect of overall trust, advisor layout and 
questionnaire length on advice discounting. All models include basic control variables. The second and the third model addi-
tionally include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, 
and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Table A.5 Random-effects Tobit regression results, dependent variable: AD 

 AD AD 
 (1) (2) 
Trust Overall -0.048  0.042 -0.061  0.041 
Emotional -0.078  0.083 -0.136 * 0.082 
Detailed 0.104  0.078 0.126  0.077 
       
Decision situation (0 = situation MSCI)       
Situation CDAX -0.074  0.071 -0.075  0.071 
Situation known/less known 0.025  0.071 0.026  0.071 
Situation only less known 0.020  0.071 0.021  0.071 
       
Gender (0 = female)       
Male 0.123  0.087 0.107  0.094 
Other  -0.268  0.277 -0.384  0.270 
       
Marital status (0 = single)       
In a relationship -0.044  0.109 -0.063  0.108 
Married -0.139  0.188 -0.086  0.185 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.027  0.106 0.021  0.103 
16 to 25 hours -0.006  0.111 0.053  0.113 
26 to 35 hours -0.006  0.146 -0.028  0.147 
More than 35 hours 0.022  0.112 -0.095  0.117 
       
Living conditions (0 = with parents)       
With partner 0.236  0.148 0.225  0.143 
Shared apartment 0.033  0.141 0.038  0.137 
Student accommodation 0.101  0.159 0.100  0.159 
Alone  0.138  0.144 0.058  0.145 
       
Age -0.014  0.010 -0.015  0.011 
Financial Literacy -0.048 ** 0.020 -0.045 ** 0.020 
Self-assessed risk preference -0.149 ** 0.064 -0.181 *** 0.066 
Advice 0.037  0.168 0.066  0.165 
       
Power distance    0.001  0.001 
Individualism    0.001  0.001 
Masculinity    -0.001 ** 0.001 
Uncertainty avoidance    0.001  0.001 
Long-term orientation    0.000  0.001 
Indulgence vs. restraint    -0.001  0.001 
       
Neuroticism    0.001  0.012 
Agreeableness    -0.010  0.012 
Extraversion    0.023 ** 0.010 
Conscientiousness    -0.015  0.014 
Openness    -0.007  0.016 
General interpersonal trust    -0.122 ** 0.048 
Social value orientation    0.167  0.214 
       
Constant 1.723 *** 0.439 2.266 *** 0.647 
       
# observations  540   540  
# groups  135   135  
       
This table shows the results of a random-effects Tobit regression that evaluates the effect of overall trust, advisor layout and 
questionnaire length on advice discounting. All models include basic control variables. The second and the third model addi-
tionally include culture- and personality related controls. Dependent variables appear in the first row of the table. ***, **, 
and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Abstract 

Our research addresses investment decision-making with the help of robo advisors. We gen-

erate our data using incentivized experiments in a controlled environment, including human 

interaction with professional investment advisors via video conferencing software during the 

trials. The results demonstrate that although all individuals in our experiment received auto-

mated investment advice based on the same algorithm, the presence of a human advisor in-

fluences trust levels significantly positive but leads to a lower acceptance of advice in total. 

The latter finding is moderated by uncertainty avoidance. We attribute this to the idea that a 

human involved in the process is seen as an additional source of uncertainty concerning a 

possible betrayal, leading to “algorithm affinity” in the case of robo advice. 

Keywords: robo advice; advice discounting; judge-advisory-system; investment advice, port-

folio allocation. 
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1. Introduction 

In recent years, the landscape of investment decision-making has undergone a transformation 

with the rise of robo advice platforms. Central to the significance of robo advice is its role in 

mitigating the problematic impact of behavioral biases on investment decisions. These biases, 

rooted in cognitive and emotional factors, often lead investors to deviate from rational deci-

sion-making, resulting in suboptimal investment choices. However, to some extent, this neg-

ative impact can be remedied by seeking financial advice (Hoechle et al., 2017). Robo advice 

addresses this challenge, offering objective and rational investment guidance, while being 

cheaper than traditional advice. The constraints of time, accessibility and cost associated with 

traditional advisory services have fueled the importance of robo advice as a more efficient and 

accessible alternative for investors seeking personalized financial guidance. 

Amidst an exponential growth of robo-advised assets under management in the last ten years 

(Statista, 2024), a fundamental question remains unanswered: What impact does a lack of 

human involvement in investment advice have on investment decisions? Based on laboratory 

experiments in controlled settings, we seek to uncover the underlying factors influencing the 

acceptance of financial advice. 

To date, research comparing the degree of acceptance of human advice with that of robo 

advice in the context of portfolio allocation is scarce. In general, the literature shows that de-

cision-makers “discount” advice, meaning that individuals do not follow advice completely but 

merely shift their final decision to the direction of the advice, with the degree of acceptance 

depending on different factors (Yaniv & Kleinberger, 2000). Predicting the willingness to follow 

robo advice compared to human advice poses challenges, as conflicting factors may come into 
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play. In situations including computer-assisted decision-making, on the one side, there’s a be-

havioral pattern called “algorithm aversion,” where individuals exhibit reluctance to accept 

automatically generated advice and often prefer human guidance, despite evidence in the lit-

erature showing the superior performance of purely data-driven advice on average (e.g., 

Dawes et al., 1989; Bartlett & McCarley, 2017). Yet, it remains unclear whether algorithm 

aversion persists in the context of portfolio composition involving robo advice. Furthermore, 

there is evidence that people tend to trust a human more than a machine (Promberger & 

Baron, 2006) and higher trust is generally connected to a higher level of advice acceptance 

(Sniezek & Van Swol, 2001; Van Swol & Sniezek, 2005; Burke & Hung, 2021; Wang & Du, 2018). 

However, it is yet unclear if this relationship holds for the case of robo advice (Breuer et al., 

2024).  

On the other side, because of this higher level of trust, another factor might influence the 

acceptance of advice: betrayal aversion. With higher trust comes higher vulnerability to be-

trayal; therefore, individuals anticipating a possible betrayal might in turn follow human ad-

vice less than machine-related advice, in order to avoid the possible negative feeling of being 

betrayed (Bohnet et al., 2008). It is therefore yet unclear whether human involvement in in-

vestment advice leads to a higher level of advice acceptance due to algorithm aversion or to 

a lower level because of betrayal aversion. These effects need to be disentangled.  

Tauchert & Mesbah (2019) find that in a hypothetical setting of stock price prediction tasks 

with no actual human presence, when being told that the advice originates from a human, 

decision-makers would follow the advice less compared to a robo-generated advice. However, 

the researchers do not actually include human interaction or individualized advice, nor do they 

derive causalities in this regard. The study of Tauchert & Mesbah has a set of drawbacks we 

want to address, contributing to the existing literature and delivering first-time evidence of 
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advice-taking in a more lifelike portfolio composition task using robo advice and including ac-

tual communication with a professional human investment advisor.  

We expand the current literature on the acceptance of advice with a view to how the presence 

of a human advisor influences the acceptance of advice. After presenting relevant literature 

in Section 2, we form our hypotheses in Section 3. We briefly describe our experimental setup 

in Section 3 and continue by showing the results of our analyses in Section 5. In Section 6, our 

results are discussed. Section 7 concludes.  

2. Literature Review 

Literature shows that people tend to exhibit a behavioral pattern that Dietvorst et al. (2015) 

refer to as “algorithm aversion” (for an overview see Jussupow et al., 2022). Individuals some-

times are reluctant to accept automatically generated advice and tend to prefer human advice 

over algorithm-based advice, although there is ample evidence in the literature comparing 

human and algorithm-based advice that the latter outperforms the former (e.g., Bartlett & 

McCarley, 2017), with one reason for this being the “black box” nature of the algorithmic ad-

vice generation (Mahmud et al., 2022). It is, however, yet unclear, if algorithm aversion also 

occurs in a portfolio composition context that involves robo advice. Trust in the advisor, at 

least, has been found to be lower in human-computer interactions than in human-human in-

teractions (Promberger & Baron, 2006). At a time when professional robo advisors did not 

exist yet, Önkal et al. (2009) found that individuals who received advice from an algorithm-

based software discounted the computer-based advice much more compared to human ad-

vice concerning a prediction task in a relatively easy-to-understand financial decision-making 

context. Since trust is considered a crucial factor for the acceptance of advice, Önkal et al. 
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(2009) also deem lack of trust in a non-human advisor as a possible reason for a higher dis-

counting rate. However, recent studies show that this relationship may not be incontroverti-

ble. Prahl & van Swol (2017) found that advice from algorithm-based sources was not dis-

counted more than human advice regarding health-related decision-making in hospitals. With 

respect to investment decisions, Germann & Merkle (2020) showed in an experimental setting 

that when asked by whom they would like to be advised, individuals did not prefer human 

over robo advisors, suggesting that participants did not exhibit algorithm aversion. Logg et al. 

(2019) found that individuals even prefer algorithmic advice to human advice in certain set-

tings, but did not examine situations in the financial advice context with the specifics relevant 

here. The results of previous studies on the discounting of advice in situations with human 

and computer-assisted advice cannot simply be transferred to robo advice, since different var-

iables such as personal risk attitude or risk-bearing capacity influence the behavior in invest-

ment decisions individually. This is not the case in other decision situations with clearly de-

fined, generally valid best solutions.  

While there is evidence that on the one hand, higher trust in human advisors leads to less 

advice discounting, on the other hand, those higher trust levels might imply an increasing vul-

nerability to possible betrayal, as indicated before. The ex-post feeling of betrayal causes a 

“psychological loss” (Bohnet et al., 2008). Decision-makers tend to avoid this psychological 

loss, adjust their decision accordingly and thus exhibit so-called “betrayal aversion” (Koehler 

& Gershoff, 2003). Trusting someone is, in this view, always a decision under uncertainty in-

cluding a “social risk” (Gambetta, 1988). Biased decision-making on the side of the advisor can 

occur in certain situations and is often unobservable to the investor. With a view to integrity, 

it has been shown that financial advice situations with human advisors may be subject to 

agency problems, as the compensation system may include commissions, tempting advisors 
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to recommend financial products that maximize their own profits rather than being optimal 

for the investor (Council of Economic Advisors, 2015). Studies have found that people are less 

willing to expose themselves to a social risk when facing a human compared to AI. Candrian & 

Scherer (2022) examined the willingness to delegate decisions, forcing participants to choose 

between a human or an AI agent. They found that participants preferred to delegate to AI, 

attributing this to the perception that AI is more likely to act in an unbiased manner. This effect 

might also explain why the results of the existing studies concerning advice discounting are 

inconsistent.  

With a view to advisor competence, systematic investment errors can be observed not only 

among retail investors but also among professional investors and advisors, although the ex-

tent to which professionally managed portfolios are affected by investment errors is lower 

than that of non-professionally managed portfolios (Shapira & Venezia, 2001; Linnainmaa et 

al., 2021). However, advisors themselves exhibit forms of systematic errors in investment de-

cisions sometimes, leading to suboptimal advice and erroneous decisions by clients (Shapira 

& Venezia, 2001). Participants might anticipate this problem, which would then result in a 

different level of advice acceptance when a human is present.  

Summarizing, there seems to be an interplay between algorithm aversion and betrayal aver-

sion in decision-making. We extend the current literature by investigating whether individuals 

are more inclined to follow advice when delivered exclusively by a robo advisor or when hu-

man involvement is part of the process, trying to link our results to the influences of algorithm 

aversion and betrayal aversion. 
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3. Experimental Design 

Two experiments have been conducted to determine the effects of the existence of a human 

advisor, who is present via video conferencing software and passes on the (robo) advice to 

the advised person, on two dependent variables: trust and advice discounting. A robo advice 

software was set up and the participants were asked to invest their money, allocating it to a 

choice of stocks or funds (for a more detailed description see Breuer et al., 2024). Participants 

have been acquired using the database of a large German university. The experiments both 

were conducted online and in German. They were set up using oTree (Chen et al., 2016). 

In the first experiment, participants were given a hypothetical amount of 50,000 € and had to 

make investment decisions in four different scenarios, at first without advice and then under 

the existence of an automated allocation proposal without any human involvement. Breuer 

et al. (2024) varied the length of the exploration questionnaire and the user interface in a 2x2 

treatment group design to check for effects rooted in the robo advisor setup. Details will not 

be discussed here; they are available in the abovementioned literature. Participants were paid 

based on their portfolio performance. 

The second experiment was based on the design of the first experiment. With the help of this 

additional experiment, we wanted to determine what influences the acceptance of advice in 

situations where advisees are confronted with actual human advisors. The procedure was sim-

ilar to that of the first experiment: One by one, as in the first experiment, the possible invest-

ment scenarios were presented, and before receiving advice, also as in the first experiment, 

an initial portfolio allocation decision was made with respect to four different decision situa-

tions.  
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The decision-makers were then asked by a human advisor – who is present via a video confer-

encing software, simply shares the screen and uses the robo advice software from the first 

experiment – to answer personal questions in the investor exploration part. The choice of 

questions corresponded to the setting in the first experiment, so that the results remain com-

parable. After that, the subjects orally and visually received investment advice. Finally, the 

participants were asked to make an allocation decision for all four decision scenarios again, 

this time receiving investment advice. Equivalent to the first experiment, the decisions deter-

mined the amount of the individual payoff of the investors. The advisors were recruited 

amongst employees of a large German bank. They all had former experience with regard to 

investment advice and customer service and they were paid a flat fee of 30.00 € per hour. The 

renumeration scheme was not known to the investors. Advisors were instructed to mainly use 

a set of predefined wordings and to not give more information than the user interface pro-

vides in order to avoid biases and to achieve a better comparability to the first experiment. 

Just like in this first experiment, data on trust in the advisor was collected: information about 

overall trust, trust in the advisor’s integrity and trust in the advisor’s competence. To avoid 

mismeasurements, the investors received a link they had to click at a certain point in time in 

order to be directed to an online survey about trust levels which the advisor could not moni-

tor. This was known to the participants.  

As already pointed out, to ensure comparability of advice, the human advisors entered the 

investors’ information into the robo advice software used in the first experiment while sharing 

the screen. We also included all the different treatment groups just as in Experiment 1, to 

keep the outcomes comparable. An individual allocation proposal was then displayed, based 

on the same algorithm that was used in the first experiment (for details, see Breuer et al., 

2024). Human advisors repeated this investment proposal orally, stating that this is what they 
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would recommend the investors to do. The fact that the investment proposal was calculated 

solely by the software was not pointed out specifically and the allocation proposal was given 

without further explanation of the process. The two experiments were conducted only a few 

months apart. Possible differences in the discounting of advice can thus be explained by the 

fact that the advice was given through different channels: solely with the help of a software 

or under the presence of a human.  

Just as Breuer et al. (2024) did, we gathered some additional data to be used in our analyses 

as, for example, control variables (see Table 1 in Breuer et al., 2024, for descriptions of all the 

data collected; the full questionnaire can be seen in the Appendix of Breuer et al., 2024). Ad-

ditionally, we included the variable Video which is a dummy variable that has the value of 1 if 

the individual took part in our second experiment and was therefore confronted with a human 

advisor in a video conference. 

4. Hypotheses 

Based on the existing literature, which consistently shows that humans are more trusted than 

machines, the following hypothesis can be formulated: 

Hypothesis 1: Decision-makers trust a human advisor more than a robo advisor. 

Furthermore, there are two potential scenarios to consider: either algorithm aversion out-

weighs betrayal aversion, or the reverse holds true. The first scenario suggests that humans 

may be trusted more than machines, leading to a rejection of algorithm-generated advice and, 

therefore, less utilization of pure robo advice compared to advice including human interac-

tion. In the second scenario, decision-makers follow human advice less due to an increased 

trust in humans, which heightens the perceived social risk. This increased perceived risk is 
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based on the belief that involving a human in the decision-making process introduces the pos-

sibility of a betrayal. Therefore, two opposing hypotheses can be formulated: 

Hypothesis 2a: Decision-makers will discount pure robo advice to a greater extent than advice 

including human interaction. 

Hypothesis 2b: Decision-makers will discount advice including human interaction to a greater 

extent than pure robo advice. 

In both cases, the level of uncertainty avoidance is likely to play a crucial role. On one hand, 

individuals may be hesitant to trust machine-generated advice due to uncertainty about the 

algorithmic advice creation process, resulting in algorithm aversion (Mahmud et al., 2022). On 

the other hand, a human advisor may introduce uncertainty due to the associated social risk 

(Koehler & Gershoff, 2003; Gambetta, 1988), which could lead to betrayal aversion and a pref-

erence for algorithmic advice (“algorithm affinity”). Since individuals tend to avoid uncertainty 

regarding both the advice creation process and the potential for betrayal, Hofstede’s (2011) 

uncertainty avoidance index scores were used to check if they could moderate the extent to 

which advice is accepted in both cases. This, again, leads to two opposing hypotheses: 

Hypothesis 3a: Decision-makers discount pure robo advice less when the values of Hofstede’s 

uncertainty avoidance index are lower. 

Hypothesis 3b: Decision-makers discount advice including human interaction less when the 

values of Hofstede’s uncertainty avoidance index are lower. 
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5. Results 

5.1 Data 

All in all, 219 subjects took part in the experiments. 135 of them completed the first one, while 

84 others participated in the second experiment. The age of our participants ranged between 

19 and 42, whereas the average age was about 26 years, which is due to the fact that people 

were acquired at a university. Out of all 219 participants, 100 individuals identified as female, 

116 as male and three people did not identify themselves as either male or female. 15 people 

worked full-time, 187 worked part-time, and 17 did not work at all. Out of 13 financial-literacy-

related questions based on Lusardi & Mitchell (2011), participants gave the correct answer to 

an average of 9.26 questions, which is quite much. Again, this could be due to their academic 

background. Concerning nationality, 173 individuals were German, 12 were Turkish and the 

remaining 34 participants all in all represented a total of 23 other nationalities. The average 

payoff across all experiments was 15.59 €. We measured the acceptance of advice by compu-

ting an advice discounting variable, replicating the multi-dimensional approach of Breuer et 

al. (2024) and defining advice discounting of the individual i in the respective decision situation 

j as the (Euclidean) distance between the final and the recommended decision divided by the 

distance between the initial and the recommended decision: 

𝐴𝐴𝐴𝐴𝑖𝑖,𝑗𝑗 = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹,𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑖𝑖,𝑗𝑗

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑖𝑖,𝑗𝑗
. (1) 

For more information on the logic behind this, see also Yaniv & Kleinberger (2000). Descriptive 

data on advice discounting as well as on other important variables such as cultural dimensions 

or personality traits can be seen in Table 1.  

>>> Insert Table 1 about here <<< 
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5.2 Statistical Analyses 

5.2.1 Testing for Hypotheses 

Based on our hypotheses in Section 3, we first want to find out whether the presence of a 

human via video conferencing software has an impact on trust in the advisor, which in turn 

might influence advice discounting through different channels. To check this, we set up an OLS 

regression model with Trust Overall as the dependent variable. The model is thus based on 

the following equation:  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 + 𝑏𝑏2 ∙ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 𝑏𝑏3 ∙ 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊 

+ 𝜀𝜀𝑖𝑖, 

(2) 

Our data allows us to expand the results of Breuer et al. (2024) concerning robo advisor layout 

and questionnaire length and we therefore include the variables Emotionali and Detailedi. 

Whereas Emotionali, Detailedi and Videoi are dummy variables that take the value of 1 for 

participant i if the robo advisor design was emotional, the questionnaire version was detailed, 

or if a human was present via a conferencing software, respectively; the vector 𝑪𝑪𝒊𝒊 describes 

all other control variables. We use the same variables and variable measurements as Breuer 

et al. (2024). In all our models, we deploy robust standard errors to account for heteroscedas-

ticity.  

>>> Insert Table 2 about here <<< 

Table 2 shows that while the design of the user interface as well as the length of the question-

naire do not significantly influence trust (which confirms the results of Breuer et al., 2024), 

people who were confronted with an experimental setup including the presence of a human 

advisor reported significantly higher trust levels. Based on our OLS model, we would expect 
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that participants, on average, score 0.426 units higher on the trust scale when there is human 

involvement, ceteris paribus. 

However, since our dependent variable is measured on an ordinal scale, OLS regression as-

sumptions are violated, which is why we set up an ordered logistic regression model to verify 

our results. 

Using the same control variables, as can be seen, our results remain stable. Keeping all other 

variables constant at mean, based on this model, we would expect the trust level distributions 

by Videoj as shown in Table 3. 

>>> Insert Table 3 about here <<< 

All in all, our results indicate that trust levels are reported significantly higher when an actual 

human is involved in the process (Hypothesis 1).  

Subsequently, we want to find out how the variables Emotional, Detailed, Video, and Trust 

Overall influence the acceptance of advice. We measure the dependent variable by computing 

advice discounting (AD) as presented before. First, we set up a pooled OLS regression model 

based on the following equation: 

𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 +  𝑏𝑏2 ∙ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 + 𝑏𝑏3 ∙ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 

+ 𝑏𝑏4 ∙ 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊𝒊𝒊 + 𝜀𝜀𝑖𝑖𝑖𝑖, 

(3) 

whereas ADij describes the advice discounting measure of participant i in decision situation j 

(j ∈ 1, 2, 3, 4). We use the same control variables as we did in our previous regressions. Addi-

tionally, in this model, we control for the respective decision situation, as we calculated one 

advice discounting value for each situation. The results in Table 4 show that without control-
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ling for personality- and culture-related variables, Trust Overallij leads to significantly less ad-

vice discounting, thus more acceptance of advice, while Detailedij has a significantly positive 

effect on the dependent variable. The coefficients of Emotionalij and Videoij are not signifi-

cantly different from zero.  

When including personality- and culture-related controls, we can see that our results change: 

In this model, additionally, Emotionalij and Videoij gain significance on a 10%-level. We observe 

that controlling for the aforementioned variables, an emotional design leads to less advice 

discounting, while the existence of a human leads to a higher value, ceteris paribus. In general, 

with a view to the influence of layout, questionnaire length and trust, this is somewhat differ-

ent to what Breuer et al. (2024) found out, as they did not observe a significant influence of 

the two latter variables in most of their models. Furthermore, our findings suggest that – con-

trolling for trust – advice including human interaction is considered less, which contradicts 

much literature on algorithm aversion but confirms the findings of Tauchert & Mesbah (2019). 

Our findings therefore support Hypothesis 2b. It seems that betrayal aversion overcompen-

sates algorithm aversion. Hypothesis 2a (and with that, Hypothesis 3a) seem to not hold true 

for our sample. 

This underlines the idea that a human is rather seen as a source of “social risk” (Gambetta, 

1988), so we set up an additional model controlling for a moderating effect of Hofstede’s un-

certainty avoidance index score (UAI), which we measured individually:  

𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 + 𝑏𝑏2 ∙ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 + 𝑏𝑏3 ∙ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖 

+ 𝑏𝑏4 ∙ 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖 + 𝑏𝑏5 ∙ 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖𝑖𝑖 + 𝑏𝑏6 ∙ 𝑈𝑈𝑈𝑈𝑈𝑈𝑖𝑖𝑖𝑖 × 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊𝒊𝒊 + 𝜀𝜀𝑖𝑖𝑖𝑖. 

 

(4) 

Looking at the results in Model 3, Table 4, our coefficients of interest stay significant and the 

direction of the effect does not change. We can confirm that UAIij has a moderating effect. 
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With a view to the marginal effect, we conclude that we would expect people who are con-

fronted with a human advisor to discount their advice by 0.188 + 0.001·UAI units, ceteris pa-

ribus. Note that UAI can be smaller than zero, ranging between –220 and +120 in our sample 

(see Table 1). This means that only for people who exhibit very low uncertainty avoidance 

levels, advice from a human advisor is taken into account more than advice from a robo advi-

sor.  

We moreover perform a pooled Tobit regression analysis to account for the boundaries of 

ADij, which are zero to infinity. The findings validate our previous results (see Table 5). 

>>> Insert Table 4 about here <<< 

>>> Insert Table 5 about here <<< 

In order to control for serial correlation and to check for consistency, we run a random-effects 

GLS regression model with the same variables, grouping by participant. A fixed effects model 

would not make sense in this case as our variables of interest do not change throughout the 

experimental procedure. Again, the findings confirm our OLS regression results (see Table 6). 

To further validate this, we run a random-effects Tobit regression model (see Table 7). The 

results are almost completely identical to those presented in Table 5. However, in Model 3, 

Table 7, the coefficient of the interaction term is not statistically significantly different from 

zero anymore (p = 0.106).  

Regarding our hypotheses with a view to the influence of human presence, we can state that 

a “real” human advisor present during the process may lower advice discounting only for peo-

ple with low uncertainty avoidance scores, thus supporting Hypothesis 3b.  

>>> Insert Table 6 about here <<< 
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>>> Insert Table 7 about here <<< 

Finally, comparing the risk-adjusted performance, the realized Sharpe Ratio of portfolios that 

were advised by a pure robo advisor was 0.979, while under the influence of a human advisor, 

this value is 1.073 and thus a bit higher. However, we performed a t-test and the difference is 

not statistically significant (p > 0.1).  

5.2.2 Structural Equation Model 

It seems that on the one hand, trust in the advisor has an important impact on advice dis-

counting, whereas on the other hand, the presence of a human advisor influences trust. Liter-

ature suggests that following the so-called “reputation characterization” of trust (McKnight et 

al., 1998) there are several trust dimensions: trust in the integrity of the advisor and trust in 

the competence of the advisor, which form a measure of overall trust. In our experiment, we 

asked the subjects how much they trust the integrity/competence of the advisor as well as 

how much they trust the advisor overall, each on a scale of 1 (“I do not trust at all”) to 5 (“I 

trust completely”). See Table 1 for details. Expanding our analyses in the previous sections and 

using structural equation modeling, we want to shed a light on the effects driving advice ac-

ceptance with a view on the dimensions of trust. With this approach, we can disentangle the 

effects of questionnaire length, layout and human presence on trust in advisor integrity and 

competence and, as a second step, check how this affects overall trust in the advisor, defining 

overall trust as a resultant of trust in integrity and competence. Both integrity and compe-

tence are non-observable by the investor, and integrity is a crucial factor when it comes to a 

possible betrayal. Furthermore, uncertainty avoidance seems to have a moderating effect as 

suggested in the previous section. This is why we set up a more comprehensive moderated 

mediation model (see Figure 1). 
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>>> Insert Figure 1 about here <<< 

We use pooled linear regression models, robust standard errors and the same control varia-

bles that we included in our analyses presented in Section 5.2.1, comprising basic, personality- 

and culture-related controls. Looking at the direct effect of the variables influencing trust, our 

model shows that Video has a significant positive influence on all three dimensions of trust 

(see Table 8). Detailed has a significant positive effect on trust in the integrity (p < 0.1). It 

seems intuitively reasonable, at least, that advisors who base their advice on more infor-

mation are considered to act with more integrity. Emotional does not significantly influence 

any of the three dimensions of trust. With a view to the influential factors of advice discount-

ing, we see that the discounting rate is driven by trust in the integrity of the advisor. The co-

efficients reflecting overall trust and trust in the advisor’s competence are not statistically 

significant. The results align with findings from the prior analyses: advice discounting de-

creases with an emotional design, while a more detailed questionnaire increases it. Addition-

ally, as observed across all analyses, the presence of a human advisor reduces advice ac-

ceptance, ceteris paribus. The moderating effect of uncertainty avoidance also persists.  

>>> Insert Table 8 about here <<< 

We can now calculate an indirect effect of Video on AD, since the presence of a real advisor 

leads to more trust and in turn, via this channel, to a decrease in advice discounting. However, 

this effect does not offset the higher discounting rate when advised by a human: The coeffi-

cient of the indirect effect of all dimensions of trust on AD combined is –0.024 and statistically 

significant on a 10%-level. The total effect coefficient of Video on AD thus is 0.187−0.024 = 

0.163 (p < 0.01); under the presence of a human advisor, individuals discount around 16.3 

percentage points more compared to pure robo advice, ceteris paribus. The total marginal 
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effect including the moderation is 0.163 + 0.001·UAI. This means that, for example, using the 

value of the 20%-percentile for UAI (= -115), less uncertainty avoidant individuals would dis-

count the advice from a human source around 4.8 percentage points more compared to pure 

robo advice, while for more uncertainty avoidant individuals and using the value of the 80%-

percentile for UAI (= 10), this value would add up to 17.3 percentage points, keeping all other 

variables at constant levels. Our conclusion concerning Video still stands: Only people with 

(very) low uncertainty avoidance levels discount less when a human advisor is present, ceteris 

paribus. We attribute this to betrayal aversion.  

6. Discussion 

One thing to keep in mind is that we argue that betrayal aversion and algorithm aversion are 

crucial factors in the decision-making process, yet we do not measure these variables directly. 

However, due to the indirect approach using UAI as a moderating variable and the effects of 

trust in the advisor’s integrity, we think that our point is comprehensible. Future research 

might repeat our experiment, adding additional questions concerning these two factors and 

address this issue.  

We moreover base our reasoning concerning the moderating effect of uncertainty avoidance 

on the uncertainty avoidance index as measured by Hofstede (2011). We are aware that Hof-

stede’s cultural dimensions were not intended to be measured and analyzed on individual 

levels. Despite that, the dimensions are still widely used in this context, although there are a 

number of shortcomings (see Bearden et al., 2006, for an overview). There is an ongoing dis-

cussion about this method, still, and additional uncertainty avoidance measures might be used 

in the future to verify our results. 
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It must be kept in mind that the sample in this study is not representative of the general public. 

As we had to tell participants upfront that during the experiment, they needed to accept to 

join a Zoom meeting if asked to, we cannot exclude a possible sample selection bias towards 

people who are less socially distant.  

Looking at our results, it is striking that Detailed has a significantly positive impact on AD in 

nearly all our analyses. This is a surprising outcome and a finding that we did not expect be-

forehand. It is conceivable that there is an optimum number of questions that lies between 

the two extremes presented in the experiment, as just one question might appear too super-

ficial, while too many questions – without further explanation – might lead to intransparency 

concerning the advice generation. Transparency is known to be a crucial factor influencing the 

use of advice (Burton et al., 2020; Glikson & Woolley, 2020; van de Merwe et al., 2022). Be-

yond transparency, perceived algorithm complexity seems to play an important role as well 

(Lehmann et al., 2022). It is at least imaginable that a long questionnaire might have had an 

effect on perceived algorithm complexity, adding to confusion about the “black box” advice 

creation process in our experiment. More research is needed to address this issue. Following 

an idea that more experienced investors might grasp the reasoning behind a large number of 

questions about risk attitudes differently compared to less experienced participants, we 

checked if financial literacy or previous investment experience had a significant moderating 

effect on the relationship between questionnaire length and advice acceptance, but this was 

not the case. This also addresses the thought that some sort of priming effect influences in-

vestment decision-making in the detailed questionnaire treatment group, as more experi-

enced investors might realize their superior level of experience only while answering a large 

number of questions about their investment history. However, as we did not find the moder-

ating effects described above, this could be ruled out. Furthermore, we noticed that a detailed 
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questionnaire leads to more trust in the advisor’s integrity (p < 0.1, see Table 8). More trust in 

integrity, moreover, leads to lower advice discounting (p < 0.05), which raises questions on 

the indirect effect and the sign of the total effect of a detailed questionnaire on advice dis-

counting. However, in this case, the indirect effect is –0.009 (p < 0.1) and thus the total effect 

of a long questionnaire on advice discounting is 0.102–0.009 = 0.093 (p < 0.05), which is still 

larger than zero.  

As an addition to our analyses in Section 5.2, we investigated more closely how the existence 

of a human advisor influences the investment decision. To do this, we calculated AD in two 

additional, slightly different ways and performed further regressions (see Table 9). First, we 

measured AD only with regard to the part that has been invested in risky investment oppor-

tunities, checking for deviations within the riskily invested share of the portfolio, leaving out 

the part that has been invested in a risk-free way. We call this variable ADOnlyRisky. Second, 

we calculated advice discounting comparing the percentage that has been invested with no 

risk to the share that has been invested in the risky investment opportunities, referring to this 

as ADRiskySafe. We sorted out undefined values for advice discounting which could happen if 

the denominator of equation (1) is zero (see Section 5.1). We then balanced the panel. As can 

be seen, the allocation within the risky investment share is only significantly influenced by 

Trust Overall. However, looking at the results for ADRiskySafe, the findings are comparable to 

our insights presented in Section 5.2: participants discount more when a human advisor is 

present, and this effect also depends on uncertainty avoidance. Checking the average share 

of the total budget invested in the risky investment opportunities, we found that individuals 

that have been advised by a human choose to invest, on average, 53.44% riskily while this 

value amounts to 59.27% for the robo advice treatment group. We performed a t-test which 

showed that the difference is significant (p < 0.01). The subjects seem to be reluctant to invest 
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riskily when a human is involved, which again supports the idea that participants try to avoid 

being betrayed, as betrayal can only happen when investing riskily (provided that there is a 

credible risk-free investment opportunity). 

>>> Insert Table 9 about here <<< 

This study deepens the analyses of Breuer et al. (2024). It has therefore to be kept in mind 

that possible differences with a view to the results might be rooted in the number of partici-

pants, which we increased from 135 to 219 in total. The analyses in this paper are based on a 

larger database and can thus be considered to be more accurate. However, these differences 

mainly concern the insignificance of certain coefficients in Breuer at al. (2024), which are sig-

nificant in the regressions presented in this work. Using the same variables as Breuer et al. 

(2024) did and repeating the regressions on this broader dataset does not lead to different 

outcomes either, which is something we checked. The results do not contradict each other. 

7. Conclusion 

All things considered, we provide evidence that the integration of human communication 

plays an important role when it comes to the actual advice acceptance, while also influencing 

trust in the advisor. However, the relationship between human involvement and advice utili-

zation is not as straightforward as one might initially think: the presence of a human does not 

lead to more but less acceptance of advice. Additional analyses show that sufficient diversifi-

cation can be achieved similarly through both human and robo advisory formats, as evidenced 

by comparable levels of advice discounting within the risky portion of the portfolio. This sug-

gests that, in terms of managing portfolio risk through diversification, human and robo advi-

sors can be equally effective. However, the regression models indicate that in our experi-

mental context, robo advice may be more effective in increasing overall stock engagement 
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among investors, potentially due to human presence being seen as an additional factor caus-

ing uncertainty about a possible betrayal. Further research is needed to determine whether 

this presumed fear of betrayal can be reduced by, for example, additional information about 

the advisors’ motives or payment schemes. 

Looking to the future, it would also be helpful to investigate how different setups of robo 

advice with the aid of augmented or virtual reality influence the extent of trust and discount-

ing. Here, it would be conceivable to have a human-like avatar act as an advisor. It is imagina-

ble that such an avatar, located in a virtual reality office and appearing like a professional 

human advisor, could influence the level of trust and the extent of discounting. The exact ef-

fects of such an approach are yet to be studied; however, it could potentially combine the 

trust-enhancing benefits of human influence with the higher advice acceptance seen in purely 

robo-advised settings. Furthermore, future research could focus on the comparison of the ac-

ceptance of robo advice compared to “traditional” in-office financial advice.  
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Figure 1 Mediated Moderation Model, overview 

 
This figure shows the relationships between the variables Emotional, Detailed, Video and three dimensions of trust as well as their effect on the acceptance of advice based on a mediated moderation 
model as presented in Section 5.2.3. Uncertainty avoidance is included as a moderator of the effect of Video on AD. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. See Breuer et al. (2024) for details concerning the variables used in this figure.
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Table 1 Descriptive statistics of most important variables 

 # observations mean std. dev. min max 
      
Variables of key interest      
Advice discounting 219 0.655 0.548 0 5.983 
Emotional 219 0.562 0.497 0 1 
Detailed 219 0.484 0.501 0 1 
Video 219 0.384 0.487 0 1 
Trust overall 219 3.338 0.896 1 5 
Trust competence 219 3.374 0.980 1 5 
Trust integrity 219 3.242 0.939 1 5 
      
Basic controls      
Age 219 25.680 4.195 19 42 
Self-assessed risk preference 219 2.758 0.691 1 4 
Financial literacy 219 9.260 1.965 2 12 
Advice 219 0.527 0.255 0 1 
      
Culture-related controls      
Power distance 219 9.262 58.679 -165 190 
Individualism 219 24.292 60.067 -175 145 
Masculinity 219 -15.662 58.458 -175 140 
Uncertainty avoidance 219 -51.187 71.969 -220 120 
Long-term orientation 219 -13.927 62.001 -160 195 
Indulgence vs. restraint 219 74.909 75.410 -145 260 
      
Personality-related controls      
Openness 219 11.178 2.517 3 19 
Conscientiousness 219 15.037 3.007 6 21 
Extraversion 219 13.534 3.902 2 23 
Agreeableness 219 9.626 3.430 4 23 
Neuroticism 219 8.991 4.247 0 23 
General interpersonal trust 219 3.088 0.862 1 5 
Social value orientation 219 0.563 0.186 0.158 1.141 
      
This table shows average values and standard deviations as well as minimum and maximum values of the variables used in our analyses. The variables gender, marital status, working hours, living 
conditions, and decision situation do not appear here due to their categorical nature. 
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Table 2 OLS and ordered logistic regression results, dependent variable: Trust Overall 

 OLS Ordered logistic regression 

 Trust Overall Trust Overall 
       
Emotional 0.004  0.139 0.096  0.328 
Detailed 0.098  0.126 0.243  0.295 
Video 0.426 ** 0.177 0.935 ** 0.435 
       
Controls  yes   yes  
# observations  219   219  
R2  0.177   0.075  
       
This table shows the results of an OLS and an ordered logistic regression that evaluate the effect of advisor layout, question-
naire length and existence of a human advisor on overall trust in the advisor. All models include control variables. Dependent 
variables appear in the second row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, 
and 10 % levels. Robust standard errors in italics. Full regression results are available in the online appendix of this paper 
(Table A.1). 

Table 3 Distribution of trust levels based on ordered logistic regression 

Trust Overall level 1 2 3 4 5 
Probability if Video = 0 0.027 0.162 0.434 0.343 0.034 
Probability if Video = 1 0.011 0.073 0.310 0.524 0.082 
      
This table shows the expected distribution of the categorial variable trust overall as based on the ordered logistic regression 
model presented in Table 2, conditional on the existence of a human advisor who is present via a video conferencing software. 

Table 4 Pooled OLS regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.067 ** 0.029 -0.065 ** 0.028 -0.062 ** 0.027 
Emotional -0.047  0.049 -0.084 * 0.047 -0.093 ** 0.047 
Detailed 0.106 ** 0.051 0.104 ** 0.048 0.099 ** 0.049 
Video 0.043  0.062 0.117 * 0.063 0.188 ** 0.078 
          
UAI    0.001 *** 0.000 0.001  0.000 
          
UAI × Video       0.001 ** 0.001 
          
Basic controls  yes   yes   yes  
Culture-related controls  no   yes   yes  
Personality-related controls  no   yes   yes  
# observations  876   876   876  
R2  0.063   0.095   0.102  
          
This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout, questionnaire 
length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic control vari-
ables. The second and the third model additionally include culture- and personality related controls. Dependent variables 
appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % 
levels. Robust standard errors in italics. For details concerning basic, culture- and personality-related controls see Breuer et 
al. (2024). Full regression results in the online appendix of this paper (Table A.2). 
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Table 5 Pooled Tobit regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.085 *** 0.028 -0.083 *** 0.027 -0.079 *** 0.027 
Emotional -0.056  0.044 -0.100 ** 0.045 -0.109 ** 0.047 
Detailed 0.145 *** 0.045 0.146 *** 0.044 0.141 *** 0.049 
Video 0.038  0.053 0.115 ** 0.056 0.195 *** 0.078 
          
UAI    0.001 *** 0.000 0.001 ** 0.000 
          
UAI × Video       0.001 ** 0.001 
          
Basic controls  yes   yes   yes  
Culture-related controls  no   yes   yes  
Personality-related controls  no   yes   yes  
# observations  876   876   876  
Pseudo R2  0.037   0.056   0.058  
          
This table shows the results of a pooled Tobit regression that evaluates the effect of overall trust, advisor layout, question-
naire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic control 
variables. The second and the third model additionally include culture- and personality related controls. Dependent variables 
appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % 
levels. Robust standard errors in italics. For details concerning basic, culture- and personality-related controls see Breuer et 
al. (2024). Full regression results in the online appendix of this paper (Table A.3). 

Table 6 Random-effects GLS regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.067 ** 0.029 -0.065 ** 0.028 -0.062 ** 0.027 
Emotional -0.047  0.049 -0.084 * 0.047 -0.093 ** 0.047 
Detailed 0.106 ** 0.051 0.104 ** 0.048 0.099 ** 0.049 
Video 0.043  0.063 0.117 * 0.063 0.188 ** 0.078 
          
UAI    0.001 *** 0.000 0.001  0.000 
          
UAI × Video       0.001 ** 0.001 
          
Basic controls  yes   yes   yes  
Culture-related controls  no   yes   yes  
Personality-related controls  no   yes   yes  
# observations  876   876   876  
# groups  219   219   219  
Overall R2  0.063   0.098   0.102  
          
This table shows the results of a random-effects GLS regression that evaluates the effect of overall trust, advisor layout, 
questionnaire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic 
control variables. The second and the third model additionally include culture- and personality related controls. Dependent 
variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. Robust standard errors in italics. For details concerning basic, culture- and personality-related controls see Breuer 
et al. (2024). Full regression results in the online appendix of this paper (Table A.4). 
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Table 7 Random-effects Tobit regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.085 ** 0.034 -0.082 ** 0.033 -0.079 ** 0.033 
Emotional -0.055  0.062 -0.099  0.061 -0.108 * 0.061 
Detailed 0.149 ** 0.059 0.151 *** 0.058 0.145 ** 0.057 
Video 0.035  0.072 0.113  0.079 0.192 ** 0.092 
          
UAI    0.001 *** 0.000 0.001  0.001 
          
UAI × Video       0.001  0.001 
          
Basic controls  yes   yes   yes  
Culture-related controls  no   yes   yes  
Personality-related controls  no   yes   yes  
# observations  876   876   876  
# groups  219   219   219  
          
This table shows the results of a random-effects Tobit regression that evaluates the effect of overall trust, advisor layout, 
questionnaire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic 
control variables. The second and the third model additionally include culture- and personality related controls. Dependent 
variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. Robust standard errors in italics. For details concerning basic, culture- and personality-related controls see Breuer 
et al. (2024). Full regression results in the only appendix of this paper (Table A.5).
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Table 8 Mediated Moderation Model, direct effects 

 Trust Competence Trust Integrity Trust Overall AD 
 (1) (2) (3) (4) 
             
Emotional -0.006  0.069 -0.002  0.064 0.006  0.047 -0.093 ** 0.039 
Detailed 0.057  0.064 0.103 * 0.058 0.041  0.042 0.102 *** 0.037 
Video 0.600 *** 0.083 0.342 *** 0.074 0.126 * 0.070 0.187 *** 0.058 
             
Trust Competence       0.303 *** 0.041 0.024  0.025 
Trust Integrity       0.384 *** 0.042 -0.057 ** 0.027 
Trust Overall          -0.041  0.028 
             
UAI -0.001  0.001 0.000  0.000 -0.001 * 0.000 0.001 ** 0.000 
             
UAI × Video          0.001 *** 0.000 
             
Basic controls  yes   yes   yes   yes  
Culture-related controls  yes   yes   yes   yes  
Personality-related controls  yes   yes   yes   yes  
# observations  876   876   876   876  
R2  0.168   0.192   0.462   0.108  
             
This table shows the results of a mediated moderation regression model that evaluates the direct effect of advisor layout, questionnaire length, existence of a human advisor and uncertainty 
avoidance on trust in the advisor’s competence, trust in the advisor’s integrity and overall trust as well as the aforementioned variables plus the three dimensions of trust in the advisor on advice 
discounting. All models include basic control variables and culture- as well as personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, respectively, 
describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For details concerning basic, culture- and personality-related controls see Breuer et al. (2024). Full 
regression results in the online appendix of this paper (Table A.6). 
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Table 9 Pooled OLS regression results, dependent variables: ADOnlyRisky and ADRiskySafe 

 ADOnlyRisky ADOnlyRisky ADOnlyRisky ADRiskySafe ADRiskySafe ADRiskySafe 
 (1) (2) (3) (4) (5) (6) 
                   
Trust Overall -0.077 *** 0.021 -0.072 *** 0.022 -0.071 *** 0.022 -0.084 *** 0.027 -0.083 *** 0.027 -0.079 *** 0.027 
Emotional -0.047  0.040 -0.054  0.040 -0.062  0.040 -0.053  0.046 -0.075  0.049 -0.087 * 0.050 
Detailed -0.038  0.036 -0.026  0.036 -0.032  0.036 0.168 *** 0.047 0.158 *** 0.048 0.154 *** 0.048 
Video -0.012  0.042 0.014  0.048 0.067  0.054 0.024  0.056 0.127 ** 0.064 0.210 *** 0.073 
                   
UAI    0.000  0.000 -0.000  0.000    0.001 ** 0.000 0.001  0.000 
                   
UAI × Video       0.001 * 0.001       0.001 ** 0.001 
                   
Basic controls  yes   yes   yes   yes   yes   yes  
Culture-related controls  no   yes   yes   yes   yes   yes  
Personality-related controls  no   yes   yes   yes   yes   yes  
# observations  824   824   824   811   811   811  
R2  0.062   0.078   0.081   0.063   0.094   0.099  
                   
This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout, questionnaire length, existence of a human advisor and uncertainty avoidance on 
advice discounting in only the risky part of the investment (Models 1 to 3) and on advice discounting calculated using the percentage that has been invested risklessly compared to the share that 
has been invested in the risky investment opportunities (Models 4 to 6). All models include basic control variables. Models 2, 3, 5 and 6 additionally include culture- and personality related controls. 
Dependent variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. For details 
concerning basic, culture- and personality-related controls see Breuer et al. (2024). Full regression results in the online appendix of this paper (Table A.7). 
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Appendix  

Appendix 1: Regression Tables 

Table A.1 OLS and ordered logistic regression results, dependent variable: Trust Overall 

 OLS Ordered logistic regression 

 Trust Overall Trust Overall 
       
Emotional 0.004  0.139 0.096  0.328 
Detailed 0.098  0.126 0.243  0.295 
Video 0.426 ** 0.177 0.935 ** 0.435 
       
Gender (0 = female)       
Male -0.152  0.151 -0.376  0.371 
Other  0.181  0.465 0.465  1.111 
       
Marital status (0 = single)       
In a relationship 0.150  0.181 0.254  0.442 
Married 0.340  0.311 0.646  0.747 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.294  0.287 0.826  0.735 
16 to 25 hours 0.332  0.303 0.911  0.788 
26 to 35 hours 0.541 * 0.288 1.140 * 0.766 
More than 35 hours 0.619  0.400 1.172 * 1.031 
       
Living conditions (0 = with parents)       
With partner 0.110  0.258 0.291  0.587 
Shared apartment 0.271  0.245 0.606  0.545 
Student accommodation 0.297  0.299 0.628  0.744 
Alone  0.348  0.264 0.868  0.607 
       
Age -0.010  0.018 -0.017  0.042 
Financial Literacy -0.064 * 0.034 -0.162 * 0.087 
Self-assessed risk preference 0.181  0.103 0.430 * 0.256 
Advice 0.018  0.115 -0.013  0.273 
       
Power distance 0.001  0.001 0.001  0.002 
Individualism 0.001  0.001 0.003  0.003 
Masculinity 0.001  0.001 0.002  0.003 
Uncertainty avoidance -0.001  0.001 -0.002  0.003 
Long-term orientation -0.000  0.001 -0.001  0.003 
Indulgence vs. restraint -0.000  0.001 -0.000  0.003 
       
Neuroticism 0.013  0.020 0.025  0.047 
Agreeableness -0.024  0.021 -0.047  0.050 
Extraversion 0.008  0.020 -0.002  0.046 
Conscientiousness -0.015  0.025 -0.028  0.059 
Openness 0.031  0.024 0.089  0.059 
General interpersonal trust -0.007  0.087 0.055  0.212 
Social value orientation 0.315  0.389 0.785  0.966 
       
Constant 2.688 ** 1.157    
       
# observations  219   219  
R2  0.177   0.075  
       



215 
 

This table shows the results of an OLS and an ordered logistic regression that evaluate the effect of advisor layout, question-
naire length and existence of a human advisor on overall trust in the advisor. All models include control variables. Dependent 
variables appear in the second row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, 
and 10 % levels. Robust standard errors in italics. 
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Table A.2 Pooled OLS regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.067 ** 0.029 -0.065 ** 0.028 -0.062 ** 0.027 
Emotional -0,047  0.049 -0.084 * 0.047 -0.093 ** 0.047 
Detailed 0.106 ** 0.051 0.104 ** 0.048 0.099 ** 0.049 
Video 0.043  0.062 0.117 * 0.063 0.188 ** 0.078 
          
Decision situation (0 = situation MSCI)          
Situation CDAX -0.097 ** 0.038 -0.097 ** 0.038 -0.097 ** 0.034 
Situation known/less known -0.030  0.054 -0.030  0.054 -0.030  0.054 
Situation only less known 0.002  0.047 0.002  0.048 0.002  0.048 
          
Gender (0 = female)          
Male 0.053  0.062 0.067  0.064 0.073  0.063 
Other  -0.121  0.231 -0.204  0.198 -0.210  0.187 
          
Marital status (0 = single)          
In a relationship -0.066  0.063 -0.099  0.067 -0.101  0.067 
Married -0.048  0.102 0.008  0.102 0.012  0.106 
          
Working hours (0 = zero hours)          
1 to 15 hours 0.028  0.107 -0.012  0.106 -0.049  0.102 
16 to 25 hours 0.052  0.104 -0.019  0.109 -0.053  0.105 
26 to 35 hours 0.005  0.107 -0.011  0.110 -0.045  0.106 
More than 35 hours -0.001  0.150 -0.043  0.160 -0.080  0.155 
          
Living conditions (0 = with parents)          
With partner 0.267 *** 0.097 0.191 ** 0.088 0.182 ** 0.087 
Shared apartment 0.135  0.106 0.113  0.099 0.105  0.099 
Student accommodation 0.130  0.108 0.099  0.095 0.071  0.093 
Alone  0.232 ** 0.098 0.145  0.091 0.132  0.089 
          
Age -0.004  0.006 -0.007  0.006 -0.006  0.006 
Financial Literacy 0.031 * 0.016 -0.023  0.016 -0.022  0.016 
Self-assessed risk preference -0.068 * 0.040 -0.079 ** 0.038 -0.076 ** 0.038 
Advice 0.018  0.038 0.018  0.037 0.005  0.038 
          
Power distance    0.000  0.000 0.000  0.000 
Individualism    0.000  0.000 0.000  0.000 
Masculinity    -0.001  0.000 -0.001  0.000 
Uncertainty avoidance    0.001 *** 0.000 0.001  0.000 
Long-term orientation    0.000  0.000 0.000  0.000 
Indulgence vs. restraint    -0.001  0.000 -0.001 * 0.000 
          
Neuroticism    -0.004  0.008 -0.006  0.008 
Agreeableness    -0.007  0.008 -0.008  0.008 
Extraversion    0.015 *** 0.006 0.017 *** 0.006 
Conscientiousness    -0.002  0.009 -0.002  0.009 
Openness    0.006  0.009 0.007  0.008 
General interpersonal trust    -0.080 ** 0.032 -0.081 ** 0.031 
Social value orientation    -0.059  0.146 -0.065  0.144 
          
UAI × Video       0.001 ** 0.001 
          
Constant 1.130 *** 0.304 1.464 *** 0.437 1.151 *** 0.444 
          
# observations  876   876   876  
R2  0.063   0.095   0.102  
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This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout, questionnaire 
length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic control varia-
bles. The second and the third model additionally include culture- and personality related controls. Dependent variables ap-
pear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. 
Robust standard errors in italics. 
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Table A.3 Pooled Tobit regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.085 *** 0.028 -0.083 *** 0.027 -0.079 *** 0.027 
Emotional -0,056  0.044 -0.100 ** 0.045 -0.109 ** 0.047 
Detailed 0.145 *** 0.045 0.146 *** 0.044 0.141 *** 0.049 
Video 0.038  0.053 0.115 ** 0.056 0.195 *** 0.078 
          
Decision situation (0 = situation MSCI)          
Situation CDAX -0.093  0.057 -0.094 * 0.056 -0.094 * 0.056 
Situation known/less known -0.027  0.065 -0.027  0.063 -0.027  0.063 
Situation only less known 0.022  0.059 0.022  0.058 0.022  0.058 
          
Gender (0 = female)          
Male 0.057  0.057 0.075  0.062 0.083  0.062 
Other  -0.220  0.239 -0.330  0.300 -0.338  0.226 
          
Marital status (0 = single)          
In a relationship -0.045  0.052 -0.077  0.056 -0.078  0.057 
Married -0.030  0.079 0.040  0.084 0.044  0.085 
          
Working hours (0 = zero hours)          
1 to 15 hours 0.023  0.087 -0.017  0.087 -0.059  0.085 
16 to 25 hours 0.044  0.081 -0.034  0.085 -0.071  0.084 
26 to 35 hours -0.002  0.085 -0.025  0.087 -0.063  0.086 
More than 35 hours -0.042  0.127 -0.098  0.135 -0.139  0.134 
          
Living conditions (0 = with parents)          
With partner 0.330 *** 0.090 0.238 *** 0.086 0.228 *** 0.086 
Shared apartment 0.165  0.095 0.138  0.092 0.189  0.092 
Student accommodation 0.157  0.102 0.130  0.100 0.098  0.099 
Alone  0.272 *** 0.092 0.177 * 0.091 0.162 * 0.090 
          
Age -0.006  0.006 -0.009  0.056 -0.008  0.006 
Financial Literacy -0.033 * 0.017 -0.025  0.017 -0.023  0.017 
Self-assessed risk preference -0.079 ** 0.035 -0.094 *** 0.035 -0.090 *** 0.035 
Advice 0.025  0.053 0.021  0.035 0.007  0.035 
          
Power distance    0.000  0.000 0.000  0.000 
Individualism    0.000  0.000 0.000  0.000 
Masculinity    -0.001 * 0.000 -0.001 * 0.000 
Uncertainty avoidance    0.001 *** 0.000 0.001 ** 0.000 
Long-term orientation    0.000  0.000 0.000  0.000 
Indulgence vs. restraint    -0.001 * 0.000 -0.001 ** 0.000 
          
Neuroticism    -0.004  0.007 -0.007  0.007 
Agreeableness    -0.009  0.007 -0.011  0.008 
Extraversion    0.018 *** 0.006 0.019 *** 0.006 
Conscientiousness    0.003  0.008 0.002  0.008 
Openness    0.005  0.008 0.006  0.008 
General interpersonal trust    -0.098 *** 0.029 -0.099 *** 0.029 
Social value orientation    -0.057  0.131 -0.065  0.131 
          
UAI × Video       0.001 ** 0.001 
          
Constant 1.168 *** 0.298 1.535 *** 0.390 1.576 *** 0.390 
          
# observations  876   876   876  
Pseudo R2  0.037   0.056   0.058  
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This table shows the results of a pooled Tobit regression that evaluates the effect of overall trust, advisor layout, question-
naire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic control 
variables. The second and the third model additionally include culture- and personality related controls. Dependent variables 
appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % 
levels. Robust standard errors in italics. 
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Table A.4 Random-effects GLS regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.067 ** 0.029 -0.065 ** 0.028 -0.062 ** 0.027 
Emotional -0,047  0.049 -0.084 * 0.047 -0.093 ** 0.047 
Detailed 0.106 ** 0.051 0.104 ** 0.048 0.099 ** 0.049 
Video 0.043  0.063 0.117 * 0.063 0.188 ** 0.078 
          
Decision situation (0 = situation MSCI)          
Situation CDAX -0.097 *** 0.038 -0.097 ** 0.038 -0.097 ** 0.038 
Situation known/less known -0.030  0.054 -0.030  0.054 -0.030  0.054 
Situation only less known 0.002  0.047 0.002  0.048 0.002  0.048 
          
Gender (0 = female)          
Male 0.053  0.062 0.067  0.064 0.073  0.063 
Other  -0.121  0.231 -0.204  0.198 -0.210  0.187 
          
Marital status (0 = single)          
Liased -0.067  0.063 -0.099  0.067 -0.101  0.067 
Married -0.048  0.102 0.008  0.102 0.012  0.106 
          
Working hours (0 = zero hours)          
1 to 15 hours 0.028  0.107 -0.012  0.106 -0.049  0.102 
16 to 25 hours 0.052  0.104 -0.019  0.109 -0.053  0.105 
26 to 35 hours 0.005  0.107 -0.011  0.110 -0.045  0.106 
More than 35 hours -0.001  0.150 -0.043  0.160 -0.080  0.155 
          
Living conditions (0 = with parents)          
With partner 0.267 *** 0.097 0.191 ** 0.088 0.182 ** 0.087 
Shared apartment 0.135  0.106 0.114  0.099 0.105  0.099 
Student accommodation 0.130  0.108 0.099  0.095 0.071  0.093 
Alone  0.232 ** 0.098 0.145  0.091 0.132  0.089 
          
Age -0.004  0.006 -0.007  0.006 -0.006  0.006 
Financial Literacy -0.031 * 0.016 -0.023  0.016 -0.022  0.016 
Self-assessed risk preference -0.068 * 0.040 -0.079 ** 0.038 -0.076 ** 0.038 
Advice 0.018  0.038 0.018  0.063 0.005  0.038 
          
Power distance    0.000  0.000 0.000  0.000 
Individualism    0.000  0.000 0.000  0.000 
Masculinity    -0.001  0.000 -0.001  0.000 
Uncertainty avoidance    0.001 *** 0.000 0.001  0.000 
Long-term orientation    0.000  0.000 0.000  0.000 
Indulgence vs. restraint    -0.001  0.000 -0.001 * 0.000 
          
Neuroticism    -0.004  0.008 -0.006  0.008 
Agreeableness    -0.007  0.008 -0.008  0.008 
Extraversion    0.016 *** 0.006 0.017 *** 0.006 
Conscientiousness    -0.002  0.009 -0.002  0.009 
Openness    0.006  0.009 0.007  0.008 
General interpersonal trust    -0.079 ** 0.032 -0.081 ** 0.031 
Social value orientation    -0.080  0.146 -0.065  0.144 
          
UAI × Video       0.001 ** 0.001 
          
Constant 1,130 *** 0.304 1.464 *** 0.437 1,506 *** 0.444 
          
# observations  876   876   876  
# groups  219   219   219  
Overall R2  0.063   0.098   0.102  
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This table shows the results of a random-effects GLS regression that evaluates the effect of overall trust, advisor layout, 
questionnaire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic 
control variables. The second and the third model additionally include culture- and personality related controls. Dependent 
variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. Robust standard errors in italics.  
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Table A.5 Random-effects Tobit regression results, dependent variable: AD 

 AD AD AD 
 (1) (2) (3) 
          
Trust Overall -0.085 ** 0.034 -0.082 ** 0.033 -0.079 ** 0.033 
Emotional -0,055  0.062 -0.099  0.061 -0.108 * 0.061 
Detailed 0.149 ** 0.059 0.151 *** 0.058 0.145 ** 0.057 
Video 0.035  0.072 0.113  0.079 0.192 ** 0.092 
          
Decision situation (0 = situation MSCI)          
Situation CDAX -0.094 * 0.053 -0.095 * 0.053 -0.095 * 0.053 
Situation known/less known -0.027  0.053 -0.027  0.053 -0.027  0.053 
Situation only less known 0.022  0.052 0.022  0.053 0.022  0.052 
          
Gender (0 = female)          
Male 0.062  0.066 0.083  0.069 0.091  0.069 
Other  -0.216  0.271 -0.325  0.264 -0.333  0.263 
          
Marital status (0 = single)          
In a relationship -0.044  0.085 -0.074  0.085 -0.075  0.084 
Married -0.024  0.139 0.048  0.138 0.052  0.137 
          
Working hours (0 = zero hours)          
1 to 15 hours 0.023  0.124 -0.015  0.124 -0.056  0.126 
16 to 25 hours 0.046  0.127 -0.029  0.128 -0.066  0.129 
26 to 35 hours -0.001  0.129 -0.023  0.127 -0.050  0.129 
More than 35 hours -0.037  0.175 -0.095  0.172 -0.135  0.173 
          
Living conditions (0 = with parents)          
With partner 0.332 *** 0.115 0.240 ** 0.114 0.230 ** 0.114 
Shared apartment 0.164  0.113 0.137  0.111 0.128  0.111 
Student accommodation 0.152  0.129 0.126  0.126 0.095  0.127 
Alone  0.269 ** 0.116 0.175  0.115 0.161  0.114 
          
Age -0.006  0.008 -0.009  0.008 -0.008  0.008 
Financial Literacy -0.033 ** 0.016 -0.024  0.016 -0.023  0.016 
Self-assessed risk preference -0.078 * 0.045 -0.094 ** 0.045 -0.090 ** 0.045 
Advice 0.035  0.044 0.024  0.045 0.010  0.045 
          
Power distance    0.000  0.000 0.000  0.000 
Individualism    0.000  0.001 0.000  0.001 
Masculinity    -0.001  0.001 -0.001  0.001 
Uncertainty avoidance    0.001 *** 0.000 0.001  0.001 
Long-term orientation    0.000  0.000 0.000  0.000 
Indulgence vs. restraint    -0.001  0.000 -0.001  0.000 
          
Neuroticism    -0.004  0.009 -0.006  0.009 
Agreeableness    -0.009  0.010 -0.010  0.010 
Extraversion    0.018 ** 0.008 0.020 ** 0.008 
Conscientiousness    0.003  0.011 0.002  0.011 
Openness    0.004  0.012 0.006  0.012 
General interpersonal trust    -0.100 *** 0.035 -0.101 *** 0.035 
Social value orientation    -0.054  0.165 -0.061  0.164 
          
UAI × Video       0.001  0.001 
          
Constant 1.168 *** 0.357 1.508 *** 0.518 1.552 *** 0.515 
          
# observations  876   876   876  
# groups  219   219   219  
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This table shows the results of a random-effects Tobit regression that evaluates the effect of overall trust, advisor layout, 
questionnaire length, existence of a human advisor and uncertainty avoidance on advice discounting. All models include basic 
control variables. The second and the third model additionally include culture- and personality related controls. Dependent 
variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. Robust standard errors in italics.
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Table A.6 Mediated Moderation Model, direct effects 

 Trust Competence Trust Integrity Trust Overall AD 
 (1) (2) (3) (4) 
             
Emotional -0.006  0.069 -0.002  0.064 0.006  0.047 -0.093 ** 0.039 
Detailed 0.057  0.064 0.103 * 0.058 0.041  0.042 0.102 *** 0.037 
Video 0.600 *** 0.083 0.342 *** 0.074 0.126 * 0.070 0.187 *** 0.058 
             
Trust Competence       0.303 *** 0.041 0.024  0.025 
Trust Integrity       0.384 *** 0.042 -0.057 ** 0.027 
Trust Overall          -0.041  0.028 
             
Decision situation (0 = situation MSCI)             
Situation CDAX          -0.097 ** 0.047 
Situation known/less known          -0.030  0.055 
Situation only less known          0.002  0.051 
             
Gender (0 = female)             
Male -0.097  0.077 0.132 * 0.074 -0.173 *** 0.047 0.086  0.055 
Other  -0.574 *** 0.131 0.060  0.262 0.332 ** 0.158 -0.197  0.153 
             
Marital status (0 = single)             
In a relationship 0.152 * 0.088 -0.020  0.085 0.111 * 0.059 -0.108 ** 0.049 
Married 0.065  0.165 0.843 *** 0.140 -0.003  0.137 0.051  0.081 
             
Working hours (0 = zero hours)             
1 to 15 hours 0.301 ** 0.132 -0.018  0.138 0.210 ** 0.089 -0.064  0.072 
16 to 25 hours 0.489 *** 0.142 -0.011  0.145 0.188 * 0.110 -0.073  0.070 
26 to 35 hours 0.467 *** 0.133 -0.056  0.141 0.421 *** 0.104 -0.072  0.072 
More than 35 hours 0.485 ** 0.202 -0.160  0.204 0.533 *** 0.135 -0.114  0.116 
             
Living conditions (0 = with parents)             
With partner -0.245 ** 0.128 0.160  0.116 0.123 * 0.072 0.194 *** 0.068 
Shared apartment -0.059  0.120 0.252 ** 0.125 0.193 *** 0.068 0.115  0.076 
Student accommodation 0.014  0.138 0.193  0.134 0.219 *** 0.084 0.075  0.081 
Alone  -0.005  0.131 0.450 *** 0.126 0.177 ** 0.074 0.150 ** 0.070 
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Age -0.002  0.008 -0.021 *** 0.008 -0.002  0.005 -0.007  0.005 
Financial Literacy -0.058 *** 0.015 -0.072 *** 0.016 -0.019  0.012 -0.023  0.015 
Self-assessed risk preference 0.052  0.049 0.110 ** 0.047 0.124 *** 0.038 -0.075 *** 0.028 
Advice 0.104  0.054 -0.002  0.052 -0.049  0.037 0.003  0.003 
             
Power distance -0.001 *** 0.001 0.000  0.001 0.001 *** 0.000 0.000  0.000 
Individualism 0.002 *** 0.001 0.000  0.001 0.001  0.000 0.000  0.000 
Masculinity 0.001 ** 0.001 0.000  0.001 0.001  0.000 -0.001 ** 0.000 
Uncertainty avoidance -0.001  0.001 0.000  0.000 -0.001 * 0.000 0.001 ** 0.000 
Long-term orientation 0.001  0.001 0.002 *** 0.001 -0.001 *** 0.000 0.000  0.000 
Indulgence vs. restraint 0.000  0.001 0.001  0.001 -0.001  0.000 -0.001 ** 0.000 
             
Neuroticism 0.006  0.010 0.024 ** 0.010 0.002  0.006 -0.005  0.005 
Agreeableness -0.024 ** 0.010 -0.029 *** 0.010 -0.006  0.007 -0.008  0.006 
Extraversion 0.020 ** 0.009 0.023 ** 0.009 -0.007  0.007 0.017 *** 0.005 
Conscientiousness -0.027 ** 0.013 -0.018  0.012 0.000  0.008 -0.002  0.007 
Openness 0.032 ** 0.013 0.046 *** 0.012 0.003  0.008 0.009  0.007 
General interpersonal trust 0.079 ** 0.038 0.077 ** 0.040 -0.061 ** 0.031 -0.078 *** 0.024 
Social value orientation -0.030  0.180 0.074  0.172 0.295 *** 0.134 -0.066  0.117 
             
UAI × Video          0.001 *** 0.000 
             
Constant 2.695 *** 0.528 2.889 *** 0.559 0.764 ** 0.366 1.552 *** 0.323 
             
# observations  876   876   876   876  
R2  0.168   0.192   0.462   0.108  
             
This table shows the results of a mediated moderation regression model that evaluates the direct effect of advisor layout, questionnaire length, existence of a human advisor and uncertainty 
avoidance on trust in the advisor’s competence, trust in the advisor’s integrity and overall trust as well as the aforementioned variables plus the three dimensions of trust in the advisor on advice 
discounting. All models include basic control variables and culture- as well as personality related controls. Dependent variables appear in the first row of the table. ***, **, and *, respectively, 
describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Table A.7 Pooled OLS regression results, dependent variables: ADOnlyRisky and ADRiskySafe 

 ADOnlyRisky ADOnlyRisky ADOnlyRisky ADRiskySafe ADRiskySafe ADRiskySafe 
 (1) (2) (3) (4) (5) (6) 
                   
Trust Overall -0.077 *** 0.021 -0.072 *** 0.022 -0.071 *** 0.022 -0.084 *** 0.027 -0.083 *** 0.027 -0.079 *** 0.027 
Emotional -0.047  0.040 -0.054  0.040 -0.062  0.040 -0.053  0.046 -0.075  0.049 -0.087 * 0.050 
Detailed -0.038  0.036 -0.026  0.036 -0.032  0.036 0.168 *** 0.047 0.158 *** 0.048 0.154 *** 0.048 
Video -0.012  0.042 0.014  0.048 0.067  0.054 0.024  0.056 0.127 ** 0.064 0.210 *** 0.073 
                   
Decision situation (0 = situation MSCI)                   
Situation CDAX -0.048  0.050 -0.048  0.050 -0.048  0.050 -0.023  0.064 -0.034  0.063 -0.033  0.063 
Situation known/less known -0.016  0.047 -0.016  0.047 -0.016  0.048 -0.078  0.064 -0.083  0.064 -0.083  0.064 
Situation only less known 0.052  0.048 0.052  0.048 0.052  0.048 -0.024  0.062 -0.030  0.062 -0.031  0.062 
                   
Gender (0 = female)                   
Male 0.050  0.038 0.060  0.042 0.063  0.042 0.077  0.049 0.040  0.057 0.044  0.057 
Other  0.023  0.181 -0.007  0.185 -0.011  0.184 -0.082  0.262 -0.165  0.245 -0.176  0.241 
                   
Marital status (0 = single)                   
In a relationship -0.064  0.045 -0.067  0.046 -0.070  0.046 0.036  0.061 0.002  0.061 0.000  0.062 
Married -0.090  0.078 -0.049  0.081 -0.044  0.082 -0.048  0.105 -0.010  0.107 -0.008  0.108 
                   
Working hours (0 = zero hours)                   
1 to 15 hours -0.047  0.069 -0.014  0.074 -0.044  0.074 -0.132  0.091 -0.137  0.089 -0.172 ** 0.086 
16 to 25 hours -0.021  0.073 -0.024  0.078 -0.051  0.077 -0.017  0.097 -0.058  0.097 -0.089  0.093 
26 to 35 hours -0.057  0.073 -0.071  0.073 -0.096  0.073 -0.007  0.100 -0.017  0.098 -0.050  0.095 
More than 35 hours 0.099  0.106 0.065  0.110 0.035  0.111 -0.170  0.114 -0.200 ** 0.118 -0.235 ** 0.115 
                   
Living conditions (0 = with parents)                   
With partner 0.204 *** 0.071 0.172 ** 0.074 0.161 ** 0.075 0.254 *** 0.086 0.197 ** 0.087 0.187 ** 0.087 
Shared apartment 0.074  0.073 0.059  0.073 0.052  0.073 0.130  0.087 0.143  0.089 0.136  0.089 
Student accommodation 0.053  0.077 0.041  0.076 0.019  0.078 0.270 *** 0.102 0.231 ** 0.100 0.206 ** 0.099 
Alone  0.079  0.073 0.062  0.076 0.053  0.076 0.267 *** 0.087 0.191 ** 0.089 0.178 ** 0.088 
                   
Age -0.002  0.004 -0.000  0.005 0.000  0.005 -0.000  0.006 -0.002  0.006 -0.001  0.007 
Financial Literacy -0.008  0.010 -0.001  0.010 0.000  0.011 -0.022 * 0.012 -0.012  0.013 -0.009  0.013 
Self-assessed risk preference -0.050 * 0.027 -0.051 * 0.026 -0.050 * 0.026 -0.033  0.034 -0.033  0.034 -0.029  0.034 
Advice 0.014  0.027 0.013  0.029 0.004  0.030 0.038  0.036 0.038  0.038 0.025  0.038 
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Power distance    -0.000  0.000 -0.000  0.000    0.001 * 0.000 0.001  0.000 
Individualism    -0.000  0.000 -0.000  0.000    -0.000  0.000 -0.000  0.000 
Masculinity    -0.001 * 0.000 -0.001 * 0.000    0.000  0.000 0.000  0.000 
Uncertainty avoidance    0.000  0.000 -0.000  0.000    0.001 ** 0.000 0.001  0.000 
Long-term orientation    -0.000  0.000 -0.000  0.000    0.000  0.000 0.000  0.000 
Indulgence vs. restraint    -0.000  0.000 -0.001  0.000    -0.000  0.000 -0.001 * 0.000 
                   
Neuroticism    -0.005  0.006 -0.006  0.006    -0.010  0.007 -0.012 * 0.007 
Agreeableness    0.008  0.006 0.007  0.006    -0.005  0.009 -0.006  0.009 
Extraversion    0.007  0.005 0.008  0.006    0.012 * 0.007 0.013 ** 0.007 
Conscientiousness    0.010  0.007 0.010  0.007    -0.004  0.010 -0.004  0.010 
Openness    0.005  0.008 0.006  0.008    0.007  0.010 0.008  0.010 
General interpersonal trust    -0.030  0.021 -0.030  0.021    -0.103 *** 0.029 -0.104 *** 0.028 
Social value orientation    0.131  0.101 0.134  0.100    -0.058  0.145 -0.067  0.145 
                   
UAI × Video       0.001 * 0.001       0.001 ** 0.001 
                   
Constant 0.954 *** 0.212 0.556 * 0.321 0.584 * 0.321 0.929 *** 0.268 1.327  0.403 1.352 *** 0.404 
                   
# observations  824   824   824   811   811   811  
R2  0.062   0.078   0.081   0.063   0.094   0.099  
                   
This table shows the results of a pooled OLS regression that evaluates the effect of overall trust, advisor layout, questionnaire length, existence of a human advisor and uncertainty avoidance on 
advice discounting in only the risky part of the investment (Models 1 to 3) and on advice discounting calculated using the percentage that has been invested risklessly compared to the share that 
has been invested in the risky investment opportunities (Models 4 to 6). All models include basic control variables. Models 2, 3, 5 and 6 additionally include culture- and personality related controls. 
Dependent variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust standard errors in italics. 
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Abstract 

Using data from an incentivized experiment involving 219 participants, which has been con-

ducted in a realistic trading environment with real-life data, this study is set up to understand 

how overconfidence in the field of financial literacy influences trading behavior when inves-

tors receive advice. The findings reveal a significant positive relationship between investor 

overconfidence and trading volume: individuals with higher levels of overconfidence tend to 

engage in higher trading activities, suggesting that the more overconfident an investor is, the 

more is traded. These results support the findings of Odean (1998), reinforcing the notion that 

overconfidence leads to excessive trading, expanding on situations with advice. 
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1. Introduction 

The dynamics of investor behavior have long been a subject of interest within the field of 

finance, especially the role of psychological factors such as overconfidence. Overconfidence 

has been consistently linked to increased trading activity. Odean’s (1998) work first high-

lighted this relationship, demonstrating that overconfident investors trade more frequently 

than their non-overconfident counterparts. However, the investment landscape has evolved 

fundamentally since Odean’s study, with the rising importance of advisory services and the 

appearance of robo advisors changing how investors make decisions. The emergence of robo 

advisors, which offer low-cost algorithm-based financial services with minimal human inter-

vention, underscores a shift towards more accessible and machine-driven advice solutions.  

Despite this evolution, existing research has primarily focused on the propensity of investors 

to seek advice, rather than examining investor behavior in scenarios where advice is actively 

provided (e.g. Broekema & Kramer, 2021, Hsu, 2022, Piehlmaier, 2022). This study aims to fill 

the research gap by exploring the impact of investor overconfidence on trading volume in 

actual investment decision-making contexts. By employing an incentivized experiment with 

219 participants in a lifelike setting using real-life stock market data, insights into how over-

confidence influences trading behavior when investment advice is available are provided. The 

findings validate that more overconfident individuals engage in higher trading activity. 

This study contributes to the existing literature by not only reaffirming the link between over-

confidence and trading volume but also by contextualizing this relationship within the modern 

landscape of investment advice. Understanding these dynamics is crucial for financial advisors, 

robo advisor developers, and policymakers aiming to optimize advisory services and mitigate 

the potentially detrimental effects of overconfidence on trading behavior. 
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The paper is structured as follows: In Section 2, the current state of literature is analyzed. 

Based on this, hypotheses are presented in Section 3. Section 4 describes the experimental 

design, and statistical analyses are shown in Section 5. A discussion is provided in Section 6. 

Section 7 concludes. 

2. Literature Review 

The relationship between overconfidence and trading volume has been an important topic in 

financial research. Odean (1998), as mentioned before, was the first to empirically demon-

strate that overconfident investors tend to trade more frequently than their non-overconfi-

dent counterparts. This study laid the foundation for following research and Odean’s study 

was supported by Barber & Odean (2000), who found that overconfident investors not only 

trade more but also achieve lower net returns due to excessive trading costs. Subsequent 

studies have continued to explore the relationship between overconfidence and trading in 

different contexts. Research by Statman et al. (2006) suggests that overconfident investors 

are more likely to chase trends, which in turn also leads to an increased trading volume. Biais 

et al. (2005) have explored the role of overconfidence in diverse market settings. Their re-

search indicated that overconfidence could also affect market prices and liquidity, linking this 

to the (faulty) belief that overconfident investors have an informational advantage. They fur-

thermore find that trading behavior is influenced by gender, while men trade more than 

women and are more affected by personality-related influences. Deaves et al. (2009) ex-

tended this line of research by examining the role of gender in overconfidence and trading in 

more detail. They found that men are generally more overconfident than women in financial 

decision-making contexts, with this being the main cause they observe higher trading volumes 
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for male investors. Their research also showed that this overconfidence results in larger trans-

action costs and lower net returns, further confirming the adverse effects of this bias on in-

vestment outcomes. In a cross-cultural study, Chui et al. (2010) examined overconfidence and 

found that cultural factors influence overconfident behavior. They discovered that investors 

in countries with higher levels of individualism tend to exhibit more overconfident trading 

behaviors, resulting in higher trading volumes. Concerning personality-related influences, Du-

rand et al. (2013) found that the Big 5 personality traits influence overconfidence and with 

that, investment behavior. Expanding on this research, the impact of overconfidence levels on 

trading behavior have been tested in laboratory experiments and using real-life data, deliver-

ing similar results: overconfidence leads to more excessive trading (Pikulina et al., 2017; 

Inghelbrecht & Tedde, 2024). Overall, the existing research supports the idea of a robust link 

between overconfidence and trading volume, which is also influenced by gender, and by psy-

chological and cultural factors. 

Overconfidence manifests in three different forms: overplacement, overprecision and overes-

timation (Moore & Healy, 2008). Overplacement will not be addressed in more detail, since it 

is defined as one’s overestimation of personal abilities, knowledge or control over events in 

comparison to others, which is not relevant to this study. Overprecision involves excessive 

certainty in the accuracy of one’s beliefs, and it is measured using confidence intervals, a 

method that often proves problematic due to the general public’s limited understanding of 

the statistical concept of said confidence intervals. This misunderstanding may lead to mis-

calibrated interval values – either too narrow or too broad – that do not reflect true confi-

dence levels (e.g., Juslin at al., 2000). Because of this problem, the overestimation form of 

overconfidence – describing that individuals overestimate their actual abilities, knowledge, or 

control over events – has received particular attention in the context of financial literacy and 
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decision-making. Measuring overconfidence in the form of overestimation involves comparing 

individuals’ self-reported knowledge with objective measures of their actual performance, 

which is, in general, a method that is relatively easy to implement in surveys and experiments.  

In the particular case of financial literacy, overestimation refers to an individual’s tendency to 

overrate the understanding of financial concepts and finance-related mathematics. Studies 

have shown that individuals tend to believe they are more knowledgeable about financial 

matters than they actually are, which can result in overconfident trading behavior and, ulti-

mately, suboptimal financial outcomes (Lusardi & Mitchell, 2011).  

A number of studies have shown that behavioral biases in investment can be influenced when 

the decision-maker receives advice (Bhattacharya et al., 2012; Hoechle et al., 2017). The pro-

vision of investment advice has traditionally been an important financial service, with the goal 

to guide investors through the decision-making process. However, Bhattacharya et al. (2012) 

also found that those who would most be in need of advice tend to ignore it, and the studies 

mentioned before did not specifically address the role of overconfidence. Actual investment 

decisions in this context are often only examined indirectly, with researchers attempting to 

address the influence of overconfidence on advised investment decision-making through the 

non-straightforward way of looking at the propensity to seek advice (e.g., Broekema & Kra-

mer, 2021; Piehlmaier, 2022; Hsu, 2022). In general, research in this area is still scarce and the 

aforementioned indirect approach highlights a significant research gap since the willingness 

of a person to be advised is not necessarily a good proxy for actual advised decision-making, 

as it leaves the use of advice disregarded. However, the relatively large number of papers 

trying to examine the effect of overconfidence on advised decision-making with the help of 

this “detour” shows that the research question is a relevant one. While the link between over-

confidence and trading volume in situations without advice is well-established, it is striking 
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that this specific influence remains underexplored in advisory contexts addressing lifelike de-

cision-situations. The research gap is particularly important given the evolving landscape of 

financial advisory services. This is especially true considering the rise of digitalized advisory 

services like robo advisors, which have revolutionized the accessibility of investment advice. 

Merkle (2020) highlighted that robo advisors offer cost-effective, data-driven financial plan-

ning, making professional advice accessible to a broader and less financially sophisticated au-

dience. This growing importance of automated investment advice leads to the question of the 

impact of such a form of advice on actual investment decisions. Piehlmaier (2022) has identi-

fied this research gap as well, stating that “these comparably new financial services are criti-

cally understudied,” but also only examines the propensity to seek robo advice in his work. 

There is thus a need to address investment decisions in the context of robo advice. 

To summarize, this study aims to close a research gap by testing if overconfidence affects 

trading volume in scenarios where automated investment advice is provided. By using an in-

centivized experiment with a realistic setting and using real-life stock market data, the aim of 

this work is to check if overconfidence leads to higher trading volumes even when investment 

advice is available, therefore examining the persistence of this psychological bias despite the 

presence of guidance. 

3. Hypotheses 

Based on the existing literature discussed before, which consistently shows investors classified 

as overconfident trade more frequently due to their overestimation of knowledge and abilities 

and considering that advice is ignored mostly by those who would need it the most, the fol-

lowing hypothesis is set up: 
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Hypothesis 1: Despite receiving advice, overconfident decision-makers trade more than non-

overconfident individuals. 

As the level of overconfidence increases, literature suggests that the expected trading volume 

increases as well, which leads to a second hypothesis.  

Hypothesis 2: Despite receiving advice, a higher the degree of overconfidence leads to a higher 

trading volume. 

As indicated before, these hypotheses are being checked using experimental data. 

4. Experimental Design 

The experiment was designed to explore what drives decision-making in investment situations 

with advice. Participants were asked to invest a hypothetical sum of money by distributing it 

across various stocks or funds and a risk-free investment. They were compensated based on 

the performance of their portfolios. Furthermore, a 2x2x2 treatment group design that ma-

nipulated the length of the exploration questionnaire, the user interface, and the presence of 

a human advisor via video was introduced to control for different aspects of a robo advisor 

setup (for further details about the experiment, see Breuer et al., 2024a; Breuer et al., 2024b). 

The participants were recruited at a large German university and therefore the experiment 

was conducted in German. It was programmed using the oTree framework (Chen et al., 2016). 

Among other investment scenarios which are less relevant to this paper, participants were 

tasked with allocating a hypothetical sum of money across five different company shares from 

the CDAX, all representing relatively unknown firms. Participants made investment decisions 

over four consecutive rounds, with each progressing round representing an additional year in 

time, based on real historical stock data. They had the possibility to adjust their investments 
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according to the results from previous rounds. Participants were given stock prices from the 

past two years but received no additional information. Moreover, they could select a risk-free 

investment offering an annual interest rate of 0.5%, reflecting a prevalent number at both the 

time of the historical data and when the experiment was conducted. Using the internet in 

order to acquire more knowledge about the companies was forbidden. Participants received 

individualized investment advice based on their answers to an exploration questionnaire 

which had to be answered once before receiving advice for the first time (for more details, 

see Breuer et al., 2024a). 

During Round 1, participants could only buy shares (see Figure 1 for a screenshot). After final-

izing their allocations with advice available, participants clicked “Next” and were immediately 

informed of the outcomes of their investments. In Rounds 2 through 4, participants could buy 

additional shares or sell shares they had previously purchased (see Figure 2 for a screenshot). 

They were charged a transaction fee that amounted to 0.2% of the trading volume. After each 

allocation decision, they were once again shown their updated portfolio value, which incor-

porated their gains or losses from the earlier decision. The dynamic nature of the experiment 

allowed them to either maintain, modify, or reverse their prior choices. This iterative process 

was created to simulate a real-world investment scenario. Participants were given a time limit 

of five minutes per allocation decision in order to avoid in-depth Internet searches that could 

have distorted our results due to differences in participants’ information at the time of the 

decision. 

>>> Insert Figure 1 about here <<< 

>>> Insert Figure 2 about here <<< 
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Additional data, to be used as control variables, was also gathered to enhance the quality of 

the analyses (refer to Breuer et al., 2024a, Table 1, for details on the collected data; the full 

questionnaire is available in the Appendix of Breuer et al., 2024a). 

5. Results 

5.1 Data 

In the experimental setup described above, individual-level data on 219 participants’ social 

and demographic attributes has been collected, as well as their Big 5 personality traits (Dig-

man, 1990, German translation by Körner et al., 2008) and cultural dimensions (Hofstede, 

2011). To assess the measure of financial literacy, a set of 13 questions based on the method-

ology developed by Lusardi & Mitchell (2011) has been used. Participants correctly answered 

an average of 9.26 questions, which indicates a relatively high level of prior financial 

knowledge. After each question, the individuals were additionally asked to indicate a confi-

dence level in their answer on a scale ranging from 33% (for questions with three answer op-

tions) or 50% (for two answer options) to 100%. A value of 33% or 50%, respectively, indicated 

a complete guess, while 100% indicated certainty. This confidence scale was carefully ex-

plained to ensure participants fully understood its implications. Confidence intervals were not 

used because of the general problems that come with a potentially limited understanding of 

those measures, as explained before. Individuals were also asked to rate their own financial 

literacy on a Likert scale from 1 (very low) to 7 (very high). 

Following the approach used by Porto & Xiao (2016), a variable reflecting overconfident be-

havior has been set up by comparing participants’ self-assessed financial literacy based on the 

Likert scale with their actual performance. This variable thus relates to the overconfidence 

domain of overestimation. As Porto & Xiao (2016) propose to use this measure, it was defined 
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as a dummy variable, taking the value of 1 if participants rated their own financial literacy 

equal to or above the median of the Likert scale question (≥ 4) but correctly answered at max-

imum the median number of right answers (≤ 9). Based on this methodology, 28 participants 

were classified as overconfident in the domain of overestimation, which relates to a relative 

share of 12.79%. As it is extensively used in the literature (e.g., Atlas et al., 2019; Aristei & 

Gallo, 2022; Pearson & Korankye, 2023), this variable is considered as the key measure to 

determine if an individual acts in an overconfident way or not. Studies have demonstrated 

that overestimation is not only practical to measure but also predictive of financial behavior. 

Mallik et al. (2017) found that overestimation is highly relevant to financial decision-making. 

Tang et al. (2014) observed a connection between visualization and interactivity in financial 

tools and overestimation, which is important to this study with a view to the different robo 

advisor features applied in the experiment.  

The drawback of the aforementioned, widely used measure of overestimation is its binary 

nature. Therefore, the confidence values that have been stated after each literacy-related 

question have been used to calculate how many questions participants were expected to have 

answered correctly. For example, if a participant’s average confidence was 75%, one would 

expect them to correctly answer 75% of the questions. In this regard, the variable relates to a 

certain form of overprecision, not measured by using confidence intervals but by a judgment 

of participants’ certainty to be right. This expected value was then compared to the actual 

results to calculate an Overprecision variable: 

(    )
   

expected correct answers correct answersOverprecision
total number of questions

−=  (1) 

On average, participants misjudged (or, “overprecised”) by 0.0502, indicating that their overall 

judgment was relatively appropriate, as this number is close to zero. 
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The inclusion of an overprecision variable adds depth to the analysis by capturing a different 

dimension of overconfidence, making it possible to measure overconfidence in a non-binary 

way. However, relevant studies connecting overprecision to financial decision-making do not 

exist yet, which is why this variable is treated only as an addition to the analyses involving 

overestimation. In this context, an interaction term between Overestimation and Overpreci-

sion has been created to be interpreted as the degree of overconfidence. The idea is that a 

higher Overprecision value within the group of participants that tend to overestimate their 

abilities can be described as a higher degree of overconfidence, which is a new approach. As 

mentioned before, this interaction term goes beyond a simple binary overconfidence classifi-

cation and offers a more refined measure which takes two domains of overconfidence into 

account. 

Data on participants’ trading behavior was also collected. Total trading volume was calculated 

by summing up all sales and purchases in one round. On average, participants traded assets 

worth approximately 8,931.72 € in each of Rounds 2 through 4, with total trading values rang-

ing from 0 € to 125,050.30 € per round. This corresponds to an average relative trading volume 

of 15.12% of participants’ total portfolio value per round. The distinction between total and 

relative trading volume is important since participants might have had different monetary en-

dowments, as those values were based on prior investment decisions and their respective 

outcomes. In order to take this possibly result-distorting issue into account, since it is imagi-

nable that people who own more money trade more in absolute numbers, the relative trading 

volume has been used in the main analyses, whereas the use of the absolute trading volume 

is limited to robustness checks only. It is furthermore worth noting that the total trading vol-

ume could theoretically range from 0 up to twice the portfolio value, since participants were 

able to simultaneously sell and buy assets. If participants had followed the advice provided, 
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their trading activity would have been much lower than what has been observed, consisting 

only of portfolio rebalancing. Trading volume in Round 1 has not been used for the analyses, 

as the decision made in this round is not comparable to the ones in Rounds 2 through 4, since 

in Round 1, only buying assets was possible, therefore the upper boundary of the trading vol-

ume variable differed. This way, the total number of observations used in the analyses 

amounts to 657 – three for each individual. Additional details on participants’ social and de-

mographic characteristics, as well as their personality and culture-related traits and infor-

mation concerning the other variables used in the analyses, can be found in Breuer et al. 

(2024b). 

In terms of descriptive statistics with a view to the individuals that have been defined as over-

confident in the domain of overestimation compared to all others, Table 1 reveals no notable 

differences between overestimating and non-overestimating participants regarding age, cul-

tural dimensions, or personality-related variables. Among the 28 people identified as overes-

timators, 16 are male (57.14%), 11 are female (39.29%), and one identifies as another gender. 

This distribution differs slightly from the remaining participants, of whom 89 identified as fe-

male (46.60%), 100 as male (52.36%), and two as a different gender. Further distinctions show 

that 57.59% of non-overestimating participants encountered the emotional layout, and 

47.64% completed the long questionnaire. For overestimating participants, these figures shift 

slightly, with 46.43% exposed to the emotional layout and 53.57% to the long questionnaire. 

However, these differences in layout and questionnaire length should not have influenced the 

overestimation classification, as the questions used to determine the dummy variable origi-

nated from a separate, standardized questionnaire given to all participants regardless of treat-

ment group, ensuring consistency in length and layout. A notable difference appears in finan-

cial literacy levels, which – by design – are directly connected to the classification criteria. 
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Additionally, overestimating participants demonstrated a higher mean trading volume, which 

relates to an average of 25.11% of their total portfolio value per round, compared to 13.65% 

among non-overconfident participants. The mean overprecision of participants that overesti-

mated their knowledge amounted to 0.1527, while the average overprecision value of all 

other participants was 0.0352. This difference is statistically significant (p < 0.01). 

>>> Insert Table 1 about here <<< 

5.2 Statistical Analyses 

Examining the pairwise correlations in Table 2, one can observe significant positive relation-

ships between Overestimation and Relative Trading Volume, between Overprecision and Rel-

ative Trading Volume, and between Overestimation and Overprecision. Additionally, Financial 

Literacy has a significant negative correlation with both Overestimation and Overprecision. 

These initial findings provide evidence that the variables of interest are connected with each 

other and play a role in the decision-making process. In particular, the results support the idea 

that overconfident individuals tend to engage in higher trading activity. 

>>> Insert Table 2 about here <<< 

However, pairwise correlations do not account for the influence of other variables in the sys-

tem, and it is plausible that multiple factors simultaneously affect investment decisions. To 

address this, a multivariable regression approach is employed, with Relative Trading Volume 

as the dependent variable. Since the dependent variable is bounded both at the upper and 

lower level, ordinary least squares (OLS) regression assumptions are violated. Therefore, a 

Tobit regression model is used to account for the boundaries (0 to two times the total portfolio 

value for each decision situation). Given that each participant i provides three observations j, 
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a random-effects model is applied to control for both within- and between-group variability, 

allowing for a better estimation of the relationship between the variables of interest and Rel-

ative Trading Volume. To determine if overconfidence in the field of overestimation influences 

trading behavior, the following model has been set up: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑚𝑚𝑒𝑒𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊𝒊𝒊 + 𝜀𝜀𝑖𝑖𝑖𝑖. (2) 

The vector Cij describes all control variables used. Furthermore, with the goal to go beyond 

the scope of a simple binary classification and thus to analyze the effects of the degree of 

overconfidence on trading activity, an additional random-effects Tobit regression model is set 

up including an interaction term between Overprecision and Overestimation to be interpreted 

as the degree of overconfidence, as explained before: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖 = 𝑏𝑏0 + 𝑏𝑏1 ∙ 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 + 𝑏𝑏2 ∙

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 +  𝑏𝑏3 ∙ 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 × 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 + 𝒃𝒃 ∙ 𝑪𝑪𝒊𝒊𝒊𝒊 + 𝜀𝜀𝑖𝑖𝑖𝑖. 

(3) 

The results of these two models are presented in Table 3. Model 1 of Table 3 shows that one 

would expect people being overconfident in the domain of overestimation to indeed trade 

more than their non-overconfident counterparts. However, Overestimation is not significant 

in Model 2 (as well as Overprecision), but the coefficient of the interaction term is significant 

and positive (p < 0.01). This means that individuals who overestimate their knowledge do not 

inherently exhibit higher trading volumes, but they are strongly influenced by the degree of 

overprecision. This is an interesting notion which has not been described in the previous liter-

ature on overconfidence. Furthermore, the magnitude of this effect is relatively large. The 

coefficient is 0.812. Calculating the average marginal effect, keeping all other variables con-

stant at means, amounts to 0.811, suggesting that for each additional percentage point in-

crease in the interaction term – seen as the “degree of overconfidence” – one would expect a 
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participant to trade 0.811 percentage points more of their total portfolio value, on average. 

With a view to the hypotheses, being classified as overconfident in the domain of overestima-

tion leads to a higher trading volume but only for those who overprecise the accuracy of their 

financial literacy (Hypothesis 1). Within the group of overestimating participants, there is evi-

dence that higher degrees of overconfidence, as measured by a higher overprecision, indeed 

lead to higher trading volumes (Hypothesis 2). It is worth noting that in terms of Sharpe ratios 

after subtracting transaction costs, non-overestimating individuals in the sample have an av-

erage Sharpe ratio of 0.267, while overestimating participants exhibit a mean Sharpe ratio of 

0.143. However, this difference is not statistically significant (p > 0.1). 

>>> Insert Table 3 about here <<< 

5.3 Robustness Checks 

Additional models were set up to account for a larger number of control variables, specifically 

including those related to personality and culture-specific effects. As shown in Table 4, the 

results remain consistent. Overestimation is only significant in Model 1, while in Model 2, the 

interaction term is significant, with both Overprecision and Overestimation being non-signifi-

cant. 

>>> Insert Table 4 about here <<< 

Moreover, the same random-effects Tobit regression models were estimated with and with-

out additional controls, using the absolute value of participants’ trading volume per round as 

the dependent variable (see Table 5). The results remain robust across all versions. 

>>> Insert Table 5 about here <<< 
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Although the assumptions of OLS regression are technically violated due to the bounded na-

ture of the dependent variable, a linear random-effects OLS regression can still be employed 

as a robustness check to validate the consistency of the results, allowing for an additional layer 

of comparison. Using OLS as a robustness check helps to ensure that the relationships ob-

served are not model-dependent. Tables 6 and 7 show the results of such an approach. While 

Table 6 is dedicated to Relative Trading Volume, Table 7 presents the outcomes with Absolute 

Trading Volume being the dependent variable. Once again, the analyses paint a consistent 

picture. 

>>> Insert Table 6 about here <<< 

>>> Insert Table 7 about here <<< 

The interpretation of the coefficients in Table 7 is somewhat more straightforward in the case 

of linear regressions. Based on Model 4, Table 7, participants who overestimate their abilities 

and who misjudged their performance by one question (out of the thirteen asked) are ex-

pected to trade 1 49,915.07 3,839.62
13

⋅ = € more per round compared to non-overestimating 

individuals, who misjudged their performance by the same degree. 

All in all, the results are robust to additional control variables, to a change in the dependent 

variable and to using alternative statistical models. 

6. Discussion 

The measure of defining an individual as overconfident in the domain of overestimation used 

in the study could be considered as quite simple. Overconfidence is a complex construct that 

works in various ways such as overestimation of knowledge or skills, overplacement relative 
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to others, and overprecision, which is normally measured by using confidence intervals, as 

mentioned before. According to Glaser & Weber (2007), different types of overconfidence can 

have different influences on trading. Therefore, a more nuanced measurement that further 

distinguishes between these forms might provide a clearer understanding of how overconfi-

dence influences trading volume. This study moreover only focuses on overconfidence in the 

domain of financial literacy, which may not account for all kinds of overconfidence that affect 

trading behavior. By expanding the scope to include different overconfidence measures, fu-

ture research could provide a more comprehensive picture.  

The findings moreover suggest a decrease in trading volume for later rounds, as the controls 

for Round 3 and 4 (compared to Round 2) are significantly negative in all of the analyses, which 

might indicate the existence of a learning effect. This aligns with the findings of Nicolosi et al. 

(2009), who observed that individual investors learn from their trading experiences and adjust 

their behavior accordingly. A moderating effect of the overconfidence measures was checked, 

but could be ruled out. In this study, the observed decline in trading volume in later experi-

mental rounds could reflect participants’ growing awareness of the inability to make better 

choices than what is being advised (that is, following a buy and hold strategy and only re-

balancing the portfolio), independent of being overconfident. It is yet unclear if and how 

strong this learning effect would have been in situations without advice. Future research 

might address this idea. 

It is striking that the influence of personality traits on trading volume does not align with ex-

pectations based on the literature. For instance, traits like extraversion and conscientiousness 

have been linked to trading behavior in previous studies (e.g., Durand et al., 2013). However, 

in the analyses performed in this paper, said personality variables do not show significant ef-

fects on trading volume. This discrepancy might be due to the homogeneity of the sample or 



245 
 

the context-specific factors of the experiment. Further research is needed to explore these 

relationships more deeply, possibly considering a more diverse sample or different contextual 

settings to better capture the effects of personality traits and culture on trading behavior. 

Generally speaking, the participants’ homogeneity might have limited the generalizability of 

the results. I furthermore checked if personality- as well as culture-related controls moderate 

any of the connections between overconfidence and trading volume. However, no significant 

effects could be found. 

Considering only models with additional control variables, there is a finding that more trading 

occurs when participants are confronted with a more emotional, colorful interface, possibly 

reflecting an influence of some form of gamification on trading behavior. Gamification in-

volves applying playful design elements in non-game contexts to enhance motivation (Deterd-

ing et al., 2011). A colorful, engaging interface can make trading feel more like a game, en-

couraging more frequent interactions. This aligns with research indicating that gamified envi-

ronments can increase user engagement and activity (for an overview, see, e.g., Hamari et al., 

2014). However, this could also lead to excessive trading driven by entertainment reasons 

rather than thoughtful decision-making, which is an interesting idea to be possibly addressed 

by future research. Again, a potential moderating effect of specific robo advisor features was 

tested to assess if these might amplify or mitigate the influence of overconfidence on trading 

volumes. However, the analyses did not yield statistically significant results, providing no sup-

port to this idea. 

There is evidence that Sharpe ratios do not differ significantly between overestimating and 

non-overestimating individuals, although one would expect overestimating participants to 

trade more based on their level of overconfidence, and thus, show lower levels of returns net 

of fees, influencing Sharpe ratios ceteris paribus. The idea Odean (1998) had was based on 
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this logic. However, when transaction costs are relatively low, as they were in this case (0.2% 

of the trading volume), the “penalty” for frequent trading is less severe. As a result, the nega-

tive impact of excessive trading on portfolio performance may be less pronounced. Low trans-

action costs, especially compared to earlier periods like 1998, reduce the performance gap 

between frequent and non-frequent traders. An iteration-based approach yields that the dif-

ference would have been statistically significant (p < 0.1) for all fees larger than 1.34% of the 

trading volume and highly significant (p < 0.01) for fees that excess 3.59%, ceteris paribus. The 

calculation does not account for the behavioral consequences of higher trading costs; how-

ever, it exemplarily shows that Barber’s & Odean’s reasoning seems correct for trading costs 

that were common in the 1990’s, which at that time amounted to about 2% per trade on 

average (Barber & Odean, 2000).  

With a view to the practical implications of this paper, it can be stated that robo advice does 

not manage to fully annihilate behavioral biases in investment decision-making. Especially re-

garding the socio-demographic background of robo advice users, who are rather less finan-

cially literate with no extensive prior knowledge of capital markets and investments (Fulk et 

al., 2018; Monticone, 2010; van Rooij et al., 2012), there seems to be a necessity to address 

this issue. Research is needed to determine if features such as real-time feedback on trading 

volume, alerts for excessive trades, or even education modules aimed at improving financial 

literacy could help mitigate the impact of overconfidence and promote better financial out-

comes. 

7. Conclusion 

All things considered, the findings reaffirm the significant effect of overconfidence on trading 

behavior in situations with advice, a finding that closes a research gap and underscores the 
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consistency of the impact of this behavioral bias in investing. This might have important im-

plications for robo advisor developers and policymakers aiming to optimize advisory services 

and trading platforms, as overconfidence seems to be a problem that needs to be addressed. 

The analysis also pointed towards the existence of a learning effect, as indicated by the signif-

icant decrease in trading volume in later experiment rounds. This suggests that participants 

adjust their trading behavior based on prior experiences, changing it as time progresses. Ana-

lyzing if this is caused or supported by advice might be an interesting starting point for future 

research. This study, however, has some drawbacks. One notable limitation is that it does not 

specifically examine advice discounting, i.e., the acceptance level of advice provided to the 

participants. Given the relevance of advice acceptance in understanding the effectiveness of 

advisory systems (Breuer et al., 2024a; Breuer et al., 2024b), future research should integrate 

this perspective and analyze the impact of overconfidence on advice acceptance in financial-

decision making. Moreover, the influence of personality traits and culture on trading volume 

was less clear, with many expected relationships from the literature not observed here. The 

discrepancy could be due to the homogeneity of the sample, which might have limited some 

variability necessary to detect these effects. Future research should therefore consider more 

diverse samples. However, the results can still be considered helpful as young academics form 

a very important investor group, to date as well as in the future. 
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Figure 1 Screenshot of decision situation without sale possibility 

 
This figure shows a screenshot of the user interface participants were confronted with when making an investment decision 
with possibility to buy only. 



252 
 

Figure 2 Screenshot of decision situation with sale possibility 

 
This figure shows a screenshot of the user interface participants were confronted with when making an investment decision 
with possibility to buy and sell.
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Table 1 Descriptive statistics grouped by Overconfidence 

 Overestimation = 0 Overestimation = 1  
 n = 191 n = 28  

 mean std. dev. mean std. dev. p-value (t-test) 
      

Variables of key interest      
Relative Trading Volume 0.137 0.230 0.251 0.336 0.000 
Financial literacy 9.424 1.980 8.143 1.458 0.001 
Overprecision 0.035 0.135 0.153 0.141 0.000 

      
Basic controls      
Emotional 0.576 0.496 0.464 0.508 0.268 
Detailed 0.476 0.501 0.536 0.508 0.560 
Video 0.387 0.488 0.357 0.488 0.760 
Trust overall 3.340 0.914 3.321 0.772 0.917 
Age 25.607 4.279 26.179 3.591 0.502 
Self-assessed risk preference 2.827 0.679 2.286 0.600 0.000 
Advice 0.519 0.258 0.580 0.236 0.241 
      
Culture-related controls      
Power distance 9.162 59.565 10.000 53.229 0.944 
Individualism 26.753 61.382 7.500 47.968 0.114 
Masculinity -16.492 59.527 -10.000 51.171 0.584 
Uncertainty avoidance -49.005 71.740 -66.071 73.072 0.242 
Long-term orientation -11.780 62.448 -28.571 57.797 0.181 
Indulgence vs. restraint 74.110 77.553 80.357 59.627 0.683 
      
Personality-related controls      
Openness 11.115 2.533 11.607 2.409 0.335 
Conscientiousness 14.979 3.042 15.429 2.781 0.461 
Extraversion 13.529 3.812 13.571 4.541 0.957 
Agreeableness 9.544 3.491 10.170 2.982 0.362 
Neuroticism 9.089 4.283 8.321 4.000 0.373 
General interpersonal trust 3.129 0.849 2.809 0.981 0.067 
Social value orientation 0.568 0.186 0.526 0.182 0.268 
      
This table shows average values and standard deviations of the variables used in my analyses grouped by Overestimation. P-values of a two-sample t-test are presented in the right column. The 
variables gender, marital status, working hours, living conditions, and round do not appear here due to their categorical nature. 
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Table 2 Pairwise Correlations 

Variables  Relative Tra-
ding Volume 

 Overestima-
tion 

 Overpreci-
sion 

 Trust  Emotional  Detailed  Video  Age  Financial  
Literacy 

 Self-assessed 
risk preference 

 

                      
Relative Tra-
ding Volume  

 1.000                    

Overestimation  0.171 
 

*** 1.000                  

Overprecision  0.090 
 

** 0.279 
 

*** 1.000                

Trust  -0.064 
 

 -0.007 
 

 -0.130 
 

*** 1.000              

Emotional  0.044 
 

 -0.075 
 

* 0.048 
 

 -0.057 
 

 1.000            

Detailed  -0.054 
 

 0.040 
 

 -0.054 
 

 0.104 
 

*** 0.119 
 

 1.000          

Video  -0.069 
 

* -0.021 
 

 0.097 
 

** 0.185 
 

*** -0.079 
 

** 0.082 
 

 1.000        

Age  -0.013 
 

 0.046 
 

 0.069 
 

* 0.009 
 

 -0.054 
 

 0.004 
 

 0.072 
 

* 1.000      

Financial  
Literacy 

 -0.044 
 

 -0.218 
 

*** -0.403 
 

*** -0.186 
 

*** 0.033 
 

 -0.091 
 

** 0.101 
 

* 0.005 
 

 1.000    

Self-assessed 
risk preference 

 -0.125 
 

*** -0.262 
 

*** -0.271 
 

*** 0.170 
 

*** -0.163 
 

*** 0.048 
 

 0.032 
 

 -0.051 
 

 -0.095 
 

** 1.000  

 
This table shows pairwise correlations of the most important variables used in our analyses. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. 
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Table 3 Random-effects Tobit regression results, dependent variable: Relative Trading Volume 

 Relative Trading Volume Relative Trading Volume 
          (1)   (2)  
Overestimation 0.126 *** 0.047 0.011  0.065 
Overprecision    -0.109  0.135 
Overestimation × Overprecision    0.812 *** 0.315 
       
Trust Overall 0.001  0.017 0.001  0.017 
Emotional 0.055 * 0.031 0.060 ** 0.031 
Detailed -0.038  0.029 -0.041  0.029 
Video 0.028  0.035 0.028  0.035 
Advice 0.010  0.022 0.011  0.022 
Financial Literacy -0.006  0.008 -0.006  0.009 
Self-assessed risk preference -0.003  0.023 0.002  0.023 
Age -0.004  0.004 -0.004  0.004 
       
Gender (0 = female)       
Male 0.052  0.032 0.059 * 0.032 
Other  -0.051  0.130 -0.004  0.129 
       
Marital status (0 = single)       
In a relationship -0.005  0.042 -0.005  0.042 
Married -0.071  0.070 -0.026  0.071 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.059  0.062 0.053  0.062 
16 to 25 hours 0.140 ** 0.063 0.146 ** 0.063 
26 to 35 hours 0.106  0.065 0.106  0.064 
More than 35 hours 0.161 * 0.088 0.162 * 0.086 
       
Living conditions (0 = with parents)       
With partner 0.066  0.057 0.071  0.056 
Shared apartment 0.012  0.055 0.019  0.055 
Student accommodation 0.060  0.063 0.064  0.062 
Alone  0.037  0.057 0.043  0.056 
       
Round (0 = Round 2)       
Round 3 -0.046 *** 0.017 -0.046 *** 0.017 
Round 4 -0.055 *** 0.017 -0.055 *** 0.017 
       
Constant 0.086  0.182 0.071  0.185 
       
# observations  657   657  
# groups  219   219  
 
This table shows the results of a random-effects Tobit regression that evaluate the effect of overestimation and overprecision  
on relative trading volume. All models include control variables which are explicitly stated in the table. Dependent variables 
appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % 
levels. Standard errors in italics.  
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Table 4 Random-effects Tobit regression results including additional controls, dependent variable: Relative Trading Volume 

 Relative Trading Volume Relative Trading Volume 
          (1)   (2)  
Overestimation 0.135 *** 0.046 0.025  0.064 
Overprecision    -0.051  0.140 
Overestimation × Overprecision    0.735 ** 0.309 
       
Trust Overall 0.002  0.017 0.004  0.017 
Emotional 0.076 ** 0.030 0.080 *** 0.030 
Detailed -0.049 * 0.028 -0.059 * 0.028 
Video 0.028  0.038 0.029  0.038 
Advice 0.017  0.022 0.018  0.022 
Financial Literacy -0.002  0.008 -0.001  0.009 
Self-assessed risk preference 0.002  0.023 0.008  0.023 
Age -0.001  0.004 -0.002  0.004 
       
Gender (0 = female)       
Male 0.045  0.039 0.046  0.034 
Other  -0.061  0.126 -0.018  0.125 
       
Marital status (0 = single)       
In a relationship -0.011  0.042 -0.014  0.041 
Married -0.062  0.070 -0.019  0.071 
       
Working hours (0 = zero hours)       
1 to 15 hours 0.048  0.061 0.043  0.061 
16 to 25 hours 0.123 * 0.064 0.128 ** 0.063 
26 to 35 hours 0.107 * 0.064 0.106 * 0.063 
More than 35 hours 0.149 * 0.086 0.152 * 0.085 
       
Living conditions (0 = with parents)       
With partner 0.062  0.056 0.066  0.056 
Shared apartment -0.000  0.055 0.007  0.054 
Student accommodation 0.042  0.062 0.046  0.061 
Alone  0.036  0.056 0.041  0.055 
       
Round (0 = Round 2)       
Round 3 -0.046 *** 0.017 -0.046 *** 0.017 
Round 4 -0.055 *** 0.017 -0.055 *** 0.017 
       
General Interpersonal Trust -0.004  0.017 -0.005  0.017 
Social Value Orientation 0.126  0.081 0.127  0.083 
       
Power Distance -0.000  0.000 -0.000  0.000 
Individualism -0.001 ** 0.000 -0.001 *** 0.000 
Masculinity 0.000  0.000 0.000  0.000 
Uncertainty Avoidance 0.000  0.000 0.000  0.000 
Long Term Orientation 0.001 *** 0.000 0.001 *** 0.000 
Indulgence vs. Restraint 0.001 ** 0.000 0.001 ** 0.000 
       
Neuroticism 0.001  0.004 0.001  0.004 
Agreeableness 0.002  0.005 0.002  0.005 
Extraversion -0.001  0.004 -0.002  0.004 
Conscientiousness -0.007  0.006 -0.007  0.006 
Openness 0.005  0.006 0.005  0.006 
       
Constant -0.071  0.256 -0.092  0.262 
       
# observations  657   657  
# groups  219   219  
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This table shows the results of random-effects Tobit regressions that evaluate the effect of overestimation and overprecision 
on relative trading volume. All models include additional control variables which are explicitly stated in the table. Dependent 
variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 
10 % levels. Standard errors in italics. 
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Table 5 Random-effects Tobit regression results, dependent variable: Absolute Trading Volume 

 Absolute Trading Volume Absolute Trading Volume Absolute Trading Volume Absolute Trading Volume 
          (1)   (2)   (3)   (4)  
Overestimation 4,802.527 * 2,673.057 -3,505.803  3,672.07 4,959.187 * 2,671.920 -3,201.230  3,689.762 
Overprecision    -5,393.151  7,588.855    -3,143.554  8,009.891 
Overestimation × Overprecision    57,789.750 *** 17,866.530    55,037.810 *** 17,729.550 
             
Trust Overall -1,687.191 * 972.828 -1,563.035  974.064 1,668.977 * 953.615 -1,482.172  950.565 
Emotional 348.117  1,765.855 772.006  1,729.562 889.894  1,760.639 1,292.593  1,726.077 
Detailed -871.340  1,663.880 -1,001.155  1,629.247 -757.331  1,634.952 -821.466  1,603.692 
Video -2,540.563  1,990.010 -2,654.012  1,999.086 -2,761.175  2,198.199 -2,707.304  2,180.817 
Advice 1,431.817  1,262.896 1,541.461  1,238.282 2,039.550  1,280.941 2,185.148 * 1,257.978 
Financial Literacy -243.320  453.682 -176.601  519.269 42.187  460.854 199.906  548.876 
Self-assessed risk preference -1,555.889  1,311.839 -1,084.876  1,317.822 -1,161.267  1,322.735 -655.922  1,328.775 
Age 172.239  221.051 131.887  216.541 292.734  222.617 237.045  218.590 
             
Gender (0 = female)             
Male 3,469.445 * 1,827.040 3,834.270 ** 1,811.350 3,418.145 * 1,940.076 3,427.141 * 1,921.141 
Other  -3,569.439  7,354.492 -537.031  7,249.775 -6,004.931  7,225.931 -2,911.242  7,141.457 
             
Marital status (0 = single)             
In a relationship -2,417.999  2,378.643 -2,483.959  2,353.077 -2,531.144  2,372.801 -2,704.356  2,347.556 
Married -33.468  4,095.238 3,461.646  4,173.453 1,446.850  4,090.813 4,810.513  4,183.047 
             
Working hours (0 = zero hours)             
1 to 15 hours -2,089.410  3,525.728 -2,531.370  3,460.643 -2,179.641  3,537.965 -2,412.827  3,470.003 
16 to 25 hours 471.490  3,601.028 846.043  3,540.221 -153.090  3,671.353 253.766  3,596.354 
26 to 35 hours -246.018  3,691.341 -294.102  3,619.930 -71.258  3,663.681 -88.414  3,583.283 
More than 35 hours -1,738.649  4,985.713 -1,365.948  4,869.857 -2,246.429  4,964.128 1,740.291  4,857.956 
             
Living conditions (0 = with parents)             
With partner 2,343.578  3,254.354 2,621.558  3,179.241 1,241.607  3,252.260 1,544.293  3,182.661 
Shared apartment -2,661.589  3,149.195 -2,231.947  3,093.765 -3,240.628  3,144.368 -2,685.039  3,094.246 
Student accommodation 1,924.331  3,595.944 2,380.034  3,510.994 1,128.978  3,556.367 1,566.137  3,480.292 
Alone  -995.140  3,228.422 -643.360  3,158.701 -1,601.340  3,227.898 -1,182.960  3,161.494 
             
Round (0 = Round 2)             
Round 3 -3,128.574 *** 1,001.763 -3,070.871 *** 999.971 -3,114.053 *** 1,000.869 -3.055,714 *** 999.270 
Round 4 -3,159.324 *** 1,006.308 -3,137.748 *** 1,003.833 -3,161.724 *** 1,005.326 -3.140,124 *** 1,003.029 
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General Interpersonal Trust       -1,868.989 * 1,013.012 -1,852.172 * 991.398 
Social Value Orientation       5,445.08  4,638.902 5,745.457  4,767.002 
             
Power Distance       -10.633  14.169 -9.048  13.928 
Individualism       -11.152  14.922 -14.150  14.667 
Masculinity       14.351  15.231 11.322  14.945 
Uncertainty Avoidance       2.211  13.567 -1.212  13.315 
Long Term Orientation       29.774 ** 13.929 26.655 * 13.720 
Indulgence vs. Restraint       18.305  13.531 14.497  13.299 
             
Neuroticism       199.608  242.972 173.566  241.331 
Agreeableness       211.109  270.711 278.506  265.915 
Extraversion       153.714  230.243 58.396  227.251 
Conscientiousness       -116.527  323.643 -109.436  319.118 
Openness       327.824  342.180 360.171  335.909 
             
Constant 17,452.93 * 10,378.13 15,082.64  10,476.10 4.010,48  14,878.72 968.25  15,120.59 
             
# observations  657   657   657   657  
# groups  219   219   219   219  
 
This table shows the results of random-effects Tobit regressions that evaluate the effect of overestimation and overprecision on absolute trading volume. All models include control variables which 
are explicitly stated in the table. Dependent variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Standard 
errors in italics.  
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Table 6 Random-effects OLS regression results, dependent variable: Relative Trading Volume 

 Relative Trading Volume Relative Trading Volume Relative Trading Volume Relative Trading Volume 
          (1)   (2)   (3)   (4)  
Overestimation 0.096 ** 0.044 -0.010  0.045 0.101 ** 0.043 -0.002  0.044 
Overprecision    -0.094  0.152    -0.031  0.154 
Overestimation × Overprecision    0.752 *** 0.292    0.697 *** 0.264 
             
Trust Overall -0.008  0.013 -0.008  0.015 -0.009  0.013 -0.007  0.014 
Emotional 0.030  0.023 0.035  0.023 0.046 * 0.024 0.050 ** 0.024 
Detailed -0.026  0.023 -0.028  0.023 -0.032  0.023 -0.032  0.023 
Video 0.001  0.028 0.001  0.027 0.002  0.034 0.002  0.031 
Advice 0.010  0.018 0.010  0.017 0.016  0.019 0.017  0.018 
Financial Literacy -0.007  0.006 -0.007  0.009 -0.002  0.006 -0.000  0.009 
Self-assessed risk preference -0.009  0.015 -0.004  0.015 -0.005  0.017 0.001  0.018 
Age -0.001  0.003 -0.002  0.003 0.001  0.003 0.000  0.003 
             
Gender (0 = female)             
Male 0.052 * 0.029 0.058 * 0.032 0.045  0.033 0.045  0.035 
Other  -0.044  0.060 -0.000  0.056 -0.058  0.062 -0.017  0.060 
             
Marital status (0 = single)             
In a relationship -0.020  0.030 -0.020  0.027 -0.025  0.030 -0.028  0.029 
Married -0.039  0.054 0.001  0.055 -0.024  0.055 0.015  0.056 
             
Working hours (0 = zero hours)             
1 to 15 hours 0.017  0.038 0.010  0.039 0.013  0.044 0.013  0.044 
16 to 25 hours 0.083 ** 0.042 0.088 ** 0.045 0.071  0.049 0.071  0.049 
26 to 35 hours 0.056  0.041 0.055  0.042 0.059  0.044 0.059  0.044 
More than 35 hours 0.076  0.059 0.077  0.059 0.065  0.061 0.065  0.061 
             
Living conditions (0 = with parents)             
With partner 0.052  0.046 0.055  0.047 0.044  0.048 0.044  0.048 
Shared apartment -0.009  0.047 -0.003  0.050 -0.016  0.049 -0.016  0.049 
Student accommodation 0.035  0.051 0.038  0.052 0.022  0.050 0.022  0.050 
Alone  0.017  0.045 0.022  0.046 0.012  0.046 0.012  0.046 
             
Round (0 = Round 2)             
Round 3 -0.042 *** 0.016 -0.042 *** 0.016 -0.042 *** 0.016 -0.042 *** 0.016 
Round 4 -0.048 *** 0.016 -0.048 *** 0.016 -0.048 *** 0.016 -0.048 *** 0.016 
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General Interpersonal Trust       -0.005  0.013 -0.012  0.013 
Social Value Orientation       0.119  0.077 0.122 * 0.074 
             
Power Distance       -0.000  0.000 -0.000  0.000 
Individualism       -0.000 ** 0.000 -0.001 *** 0.000 
Masculinity       0.000  0.000 0.000  0.000 
Uncertainty Avoidance       0.000  0.000 0.000  0.000 
Long Term Orientation       0.001 *** 0.000 0.001 *** 0.000 
Indulgence vs. Restraint       0.000 ** 0.000 0.000 ** 0.000 
             
Neuroticism       0.001  0.004 0.001  0.004 
Agreeableness       0.003  0.005 0.003  0.005 
Extraversion       -0.000  0.003 -0.002  0.003 
Conscientiousness       -0.005  0.004 -0.005  0.004 
Openness       0.006  0.007 0.006  0.007 
             
Constant 0.192  0.132 0.178  0.155 0.030  0.242 0.030  0.242 
             
R2  0.088   0.109   0.142   0.159  
# observations  657   657   657   657  
# groups  219   219   219   219  
 
This table shows the results of random-effects OLS regressions that evaluate the effect of overestimation and overprecision on relative trading volume. All models include control variables which 
are explicitly stated in the table. Dependent variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust 
standard errors in italics. 
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Table 7 Random-effects OLS regression results, dependent variable: Absolute Trading Volume 

 Absolute Trading Volume Absolute Trading Volume Absolute Trading Volume Absolute Trading Volume 
          (1)   (2)   (3)   (4)  
Overestimation 6,840.615 ** 3,096.260 -824.564  2,855.097 7,150.537 ** 2,968.634 -184.866  2,781.449 
Overprecision    -6,310.691  10,057.670    -3,574.551  10,015.270 
Overestimation × Overprecision    54,214.640 ** 21,438.750    49,915.070 *** 19,130.130 
             
Trust Overall -963.855  953.132 -929.168  966.834 -1,004.436  910.969 -878.479  931.544 
Emotional 1,707.173  1,488.948 2,055.981  1,455.194 2,607.731 * 1,522.577 2,927.357 * 1,499.333 
Detailed -1,530.064  1,498.394 -1,622.083  1,527.796 -1,793.741  1,474.349 -1,837.223  1,487.698 
Video 491.299  1,743.286 442.522  1,652.760 -72.992  2,162.384 -1.193  1,966.809 
Advice 692.342  1,139.665 732.905  1,066.041 1,219.548  1,167.444 1,297.951  1,120.915 
Financial Literacy -281.022  375.175 -280.709  570.405 -57.768  352.629 29.271  559.139 
Self-assessed risk preference -590.064  1,006.877 -212.249  972.340 -314.011  1,084.856 99.460  1,096.902 
Age -60.514  196.997 -86.825  190.710 90.296  195.018 45.365  194.943 
             
Gender (0 = female)             
Male 2,655.715  2,004.445 3,066.197  2,093.871 2,226.222  2,210.045 2,284.384  2,296.306 
Other  -4,784.003  3,855.149 -1,657.072  3,286.490 -6,416.577  4,296.643 -3,443.119  3,807.085 
             
Marital status (0 = single)             
In a relationship -424.414  2,367.439 -443.657  2,142.993 -667.727  2,408.948 -809.427  2,278.510 
Married -1,782.332  3,493.096 1,112.989  3,650.055 -931.054  3,467.471 1,802.446  3,524.780 
             
Working hours (0 = zero hours)             
1 to 15 hours 921.609  3,253.455 440.791  3,291.202 683.315  3,595.145 333.949  3,583.544 
16 to 25 hours 4,461.618  3,085.290 4,811.479  3,329.286 3,622.714  3,624.031 3,963.079  3,700.828 
26 to 35 hours 3,049.913  3,089.828 3,003.967  3,196.542 3,245.085  3,211.670 3,208.194  3,196.158 
More than 35 hours 4,553.904  3,971.424 4,613.495  3,989.141 3,817.981  3,980.217 4,037.392  3,941.003 
             
Living conditions (0 = with parents)             
With partner 2,747.752  2,732.703 2,939.521  2,793.796 2,008.782  2,929.441 2,233.325  2,910.985 
Shared apartment -344.247  2,825.107 10.721  3,045.889 -1,023.345  2,883.040 -565.273  3,002.934 
Student accommodation 3,713.251  3,662.504 3,905.281  3,662.297 2,755.883  3,442.454 2,964.011  3,426.571 
Alone  842.227  2,602.125 1,201.390  2,661.002 440.629  2,739.888 822.874  2,763.071 
             
Round (0 = Round 2)             
Round 3 -2,196.884 ** 941.216 -2,196.884 ** 942.706 -2,196.884 ** 951.032 -2,196.884 ** 952.570 
Round 4 -2,481.973 ** 1,050.552 -2,481.973 ** 1,052.216 -2,481.973 ** 1,061.509 -2,481.973 ** 1,063.225 
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General Interpersonal Trust       -1,009.641  887.594 -1,045.795  863.640 
Social Value Orientation       6,301.933  4,958.767 6,306.664  4,738.668 
             
Power Distance       -6.142  12.431 -4.697  12.568 
Individualism       -23.121 * 12.462 -25.083 ** 11.796 
Masculinity       20.822 * 12.380 18.417  11.926 
Uncertainty Avoidance       5.688  18.234 2.527  17.988 
Long Term Orientation       42.723 *** 15.436 39.322 *** 14.838 
Indulgence vs. Restraint       31.168 ** 12.460 27.724 ** 11.608 
             
Neuroticism       102.660  256.187 72.862  232.105 
Agreeableness       103.109  298.734 159.325  294.098 
Extraversion       -38.362  207.187 -131.422  210.984 
Conscientiousness       -261.390  232.167 -256.561  237.915 
Openness       327.001  195.018 347.417  410.774 
             
Constant 10,772.32  8,920.72 9,585.29  10,245.44 1,600.51  15,012.60 420.81  15,680.33 
             
R2  0.081   0.108   0.137   0.159  
# observations  657   657   657   657  
# groups  219   219   219   219  
 
This table shows the results of random-effects OLS regressions that evaluate the effect of overestimation and overprecision on absolute trading volume. All models include control variables which 
are explicitly stated in the table. Dependent variables appear in the first row of the table. ***, **, and *, respectively, describes statistical significance at the 1 %, 5 %, and 10 % levels. Robust 
standard errors in italics.  
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