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Abstract - We investigate consequences of the self-attribution bias for nonprofessional 

traders. By applying a textual analysis of more than 44,000 public comments on a large 

social trading platform, we contribute to empirical literature on investment and trading 

behavior in three ways: First, we show that one component of the self-attribution bias, the 

self-enhancement bias, leads to subsequent underperformance. Second, results support 

the theory that traders become overconfident due to biased self-enhancement. Third, we 

find that traders’ social trading portfolios attract higher investment flows from investors 

when showing self-enhancement biased behavior. 
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1. Introduction 

Approximately 17.2 million households in the US own a brokerage account. About 

11.1 millions of them make at least one transaction a year (Brien and Panis, 2015). 

However, literature points out that trading is hazardous to their wealth due to 

overconfidence (Barber and Odean, 2000). A theoretical model by Gervais and Odean 

(2001) relates overconfidence to individuals’ tendency to overestimate the degree to 

which they are responsible for their own successes. This tendency is known as the self-

enhancement bias. The self-enhancement bias is one component of the self-attribution 

bias (or the self-serving attribution bias) consisting of both, the self-enhancement bias 

and the self-protection bias (Gervais and Odean, 2001; Miller and Ross, 1975).  

In this paper, we investigate the consequences of the self-attribution bias for 

nonprofessional traders and investors. Therefore, we look into three major research 

questions: First, does the self-attribution bias affect future trading performance? Second, 

does the self-attribution bias (and in particular the self-enhancement bias) trigger 

overconfidence? Third, do traders attract more investment flows from their investors 

when they are prone to the self-enhancement bias? 

The self-attribution bias is a well-known subject in psychology (e.g., Anderson and 

Slusher, 1986; Miller and Ross, 1975; Tetlock and Levi, 1982) that recently gained 

attention in management research as well (e.g., Billett and Qian, 2008; Kim, 2013; Libby 

and Rennekamp, 2012). Relating to investors, Hoffmann and Post (2014) find evidence 

for the existence of the self-attribution bias among individual investors. However, it is 

not clear whether biased self-attribution influences trading performance. In addition, there 

is no empirical evidence for the relationship between the self-attribution bias and 

overconfidence among investors, yet. Furthermore, there is no study distinguishing 

between the effects of the self-enhancement bias and the self-protection bias on 

individuals' financial decisions. Lastly, we are not aware of any study that investigates if 

traders’ self-attribution biased behavior affects their investors.  
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To address our research questions, we use data from a social trading platform. On this 

platform, traders manage social trading portfolios in which investors can invest.1 In detail, 

we label individuals managing virtual portfolios on the platform as ’traders’ while we 

label individuals investing real money in the corresponding structured product as 

‘investors’. Following the idea of social networks, traders can write public comments 

about their transactions addressed to their investors. Traders can freely assess whether 

and when to write a comment. In addition, traders can determine scope and content of 

comments at their discretion. Those circumstances allow traders to express their thoughts, 

attitudes and purposes unforcedly. Our sample covers more than 44,000 public comments 

of more than 2,000 traders that offer investable social trading portfolios in the period from 

2012 to 2016. Based on those comments, we can identify self-attribution biased traders. 

We apply a 'bag-of-words'-model based content analysis (Salton and McGill, 1983) to 

measure the difference between the share of first person pronouns and the share of third 

person pronouns within a comment to proxy for the self-reference of a trader. To identify 

traders being prone to the self-attribution bias, we use traders’ self-reference in relation 

to past performance following the approach of Kim (2013) and Li (2010). We then 

examine the effects of biased self-attribution on nonprofessional traders and investors by 

using a time- and portfolio fixed effects panel regression framework. In doing so, we are 

able to estimate the within variation of one trader over time, which ensures that 

regressions are robust to trader-specific, time-invariant omitted variables. 

Results suggest that the self-enhancement bias leads to future underperformance. 

Moreover, a trader shows higher future trading frequencies and portfolio turnovers as well 

as lower portfolio diversification when she is prone to the self-enhancement bias. This 

relationship is in line with theoretical literature suggesting that overconfident behavior 

results from biased self-attribution. Traders that excessively attribute high past returns to 

their own abilities (self-enhancement bias) become overconfident (Gervais and Odean, 

2001), and thus, subsequently underperform (Barber and Odean, 2000).  

                                                 

1 We define a (social trading) portfolio as a virtual portfolio managed by a trader on the investigated social trading 

platform. A partner of the platform can issue a structured product (certificate) that replicates the performance of the 

virtual portfolio so that investors can invest real money in the social trading portfolio. Our sample contains investable 

social trading portfolios only.  
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In addition, we find that portfolios receive significantly more investment flows from 

investors when the trader is prone to the self-enhancement bias. As investors might 

perceive biased traders as more confident, these results are in line with literature 

suggesting that confidence strengthens individual’s social status or perceived level of 

knowledge and trustworthiness (Anderson et al., 2012; Price and Stone, 2004). However, 

as traders prone to the self-enhancement bias subsequently underperform, the self-

enhancement bias does not only harm the affected trader but also her investors. 

Our paper is an important contribution to literature because of at least three reasons. First, 

we are the first to examine the effects of biased self-attribution on trading performance. 

Second, we provide first empirical evidence that supports the hypothesis of a link between 

the self-enhancement bias and overconfident behavior among nonprofessional traders as 

suggested by theoretical literature (Gervais and Odean, 2001). Third, we present novel 

findings on how investors react to traders showing characteristics of the self-enhancement 

bias. 

Results are robust to using different return measures, namely market adjusted returns, 

Carhart (1997) four-factor alphas and Sharpe ratios. Following Heckman (1979), we 

additionally correct for a potential sample selection bias that results from the fact that not 

all traders at the platform write comments. Furthermore, results are robust to applying 

different methods of identifying self-attribution biased traders. Lastly, we address 

potential reverse causality issues by showing that overconfident trading behavior does not 

trigger the self-enhancement bias or the self-protection bias, respectively. 

2. Hypotheses and related literature 

2.1 The self-attribution bias 

The self-attribution bias is a well-documented mental process in personality psychology. 

It refers to the tendency to credit oneself and one’s own abilities excessively with past 

success but to blame others or external factors for failures (Campbell and Sedikides, 1999; 

Miller and Ross, 1975; Zuckerman, 1979). Consequently, the self-attribution bias can be 

separated into two components. While the self-enhancement bias refers to the attribution 

of past success, the self-protection bias denotes the shirking of responsibility for failures. 

Evidence from psychological literature suggests various explanations for these biases that 

can be classified either as motivational or cognitive reasoning (Shepperd et al., 2008). 
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Motivational reasoning refers to self-enhancement and self-presentation. According to 

this, people ascribe achievements to themselves in order to appear positively to others 

(Schlenker, 1980). Cognitive reasoning, however, explains the self-attribution bias as a 

result of cognitive evaluation of achievements (Schlenker, 1980). Based on this, 

individuals tend to show an illusion of objectivity resulting in the self-attribution bias as 

they look for explanations with the least amount of effort (Kunda, 1990). Since they have 

positive expectations, individuals do not question positive results and attribute these to 

their own abilities. However, they try to find possible explanations other than their own 

insufficiency to evaluate negative outcomes (Schlenker, 1980).  

The economic literature also reports on the self-attribution bias, especially in studies that 

refer to a management context. Bettman and Weitz (1983) find that managers take credit 

for positive results, but blame external factors for failures because of motivational and 

cognitive reasons. Recently, studies about earnings forecast issuance (Baginski et al., 

2004; Baginski et al., 2000; Libby and Rennekamp, 2012) as well as mergers and 

acquisitions (Billett and Qian, 2008; Doukas and Petmezas, 2007; Kim, 2013) show that 

managers are prone to the self-attribution bias.  

Within the field of investing and trading behavior, however, we only know little about 

the self-attribution bias, yet. Hilary and Menzly (2006) suggest that analysts are affected 

by the self-attribution bias. Moreover, two studies examine online traders’ self-perception 

of their trading records (Dorn and Huberman, 2005; Hoffmann and Post, 2014). 

Hoffmann and Post (2014) show that the higher the past returns of individual investors, 

the more they agree that past performance reflects their investment skills. Dorn and 

Huberman (2005) provide evidence that biased self-attribution affects the risk attitude of 

traders.  

2.2 The self-attribution bias and overconfidence 

Overconfidence describes the tendency of individuals to overestimate their own abilities. 

In general, the literature suggests that overconfidence significantly influences people’s 

behavior (McCannon et al., 2016). Regarding trading behavior, various studies support 

this finding. The literature suggests a link between overconfidence and trading frequency 

(Barber and Odean, 2001; Chen et al., 2007; Glaser and Weber, 2007; Odean, 1998). 

Additionally, overconfident traders take higher risks (Barber and Odean, 2000; Merkle, 
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2017) and hold less diversified portfolios (Goetzmann and Kumar, 2008; Merkle, 2017). 

Moreover, the economic literature finds empirical evidence for a link between biased self-

attribution and overconfident behavior among managers in the context of mergers and 

acquisitions (Billett and Qian, 2008; Doukas and Petmezas, 2007), management 

forecasting (Libby and Rennekamp, 2012) and public communication (Kim, 2013). 

Hilary and Menzly (2006) find this relationship among analysts, as well. However, there 

is no empirical evidence on the link between the self-attribution bias and overconfidence 

among investors or traders, yet.  

Based on the idea of learning, Gervais and Odean (2001) develop a theoretical multi-

period market model linking biased self-attribution of traders with subsequent 

overconfidence. Not knowing about their own abilities, traders draw inferences from 

successes and failures. Since causal reasoning is biased, the self-attribution bias leads 

traders to become overconfident. In their model, traders are not overconfident initially, 

but overconfidence may only result from assessing past trading experience. In the context 

of trading, we typically assume that overconfidence is rather triggered by past successes 

than by past failures. This assumption is in line with studies suggesting the self-

enhancement bias being more important than the self-protection bias (Fiske and Taylor, 

1991; Gervais and Odean, 2001; Miller and Ross, 1975). As overconfident trading 

behavior leads to subsequent underperformance (Barber and Odean, 2000), we expect 

that traders perform worse when they are prone to biased self-attribution. 

Overall, traders prone to the self-enhancement bias should display overconfident trading 

behavior and thus, subsequently underperform. Therefore, we formulate the following 

hypothesis:  

H1: Traders underperform when they are prone to the self-enhancement bias (H1a) as 

they develop overconfident trading behavior (H1b). 

2.3 Perception of biased self-enhancement 

To the best of our knowledge, there is no study investigating the effect of the self-

attribution bias on others. Following the concept of motivational reasoning, however, the 

self-enhancement bias also includes self-presentation: people ascribe achievements to 

themselves in order to appear positive to others (Schlenker, 1980). Hence, we assume that 

investors might perceive traders that excessively credit themselves with past successes as 
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more confident compared to others. In this context, psychological research suggests that 

confidence affects perception and treatment by others (Chance and Norton, 2015). There 

is evidence that individuals adopt recommendations by confident people more likely than 

by non-confident ones (Van Swol and Sniezek, 2005). Furthermore, confident people are 

perceived to be more knowledgeable (Price and Stone, 2004). Thus, higher confidence 

leads to a higher social status (Anderson et al., 2012). We assume that those findings 

might also apply to individual investors. Therefore, we formulate the following 

hypothesis: 

H2: Traders attract higher investment flows when they are prone to the self-enhancement 

bias. 

Figure I-1 shows a graphical summary of our hypotheses. 

Figure I-1: Hypotheses 

This figure gives an overview of the hypothesized relationships. 

 

3. Data, variables and summary statistics 

3.1 Data 

We use data from a big European social trading platform. The data was provided by the 

platform upon request. The platform allows traders to manage virtual portfolios in which 

investors can indirectly invest via exchange traded structured products. In this study, we 
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label individuals managing virtual portfolios on the platform as ‘traders’ while we label 

individuals investing real money in the corresponding structured product as ‘investors’. 

After signing up, traders can publish their investment ideas and start trading in their 

virtual portfolio. In doing so, all their trading transactions and their trading performance 

become publicly available. The platform offers a large investment universe ranging from 

stocks, bonds, mutual funds, ETFs to structured products and even derivatives. Possible 

investors can signal interest in those social trading portfolios. When there are enough 

investors interested in a social trading portfolio2, a structured product (open-ended index 

certificate) can be issued that replicates its performance. A partner of the social trading 

platform acts as issuer and index sponsor (in two legal entities) of the structured products. 

Investors can invest real money in the social trading portfolio by buying the structured 

product. After the issue of the structured product, the trader still manages the 

corresponding virtual portfolio and therefore affects the price of the structured product. 

Trading of those structured products takes place at a regular European exchange. The 

platform, the issuer and the traders earn fees from the investors.3 Besides, following the 

basic principles of a social network, traders can write public comments to communicate 

with (possible) investors or other traders. Those comments are our main object of 

investigation. See Appendix I-D for comment examples. The comments are the only way 

of communication for traders and investors on the social trading platform. For more 

detailed information about the social trading platform, see Oehler et al. (2016) or Röder 

and Walter (2019). 

One could argue that our dataset is subject to a selection bias, as traders on the social 

trading platform on average might be more prone to overconfidence or biased self-

attribution than other individual investors. We address this issue by applying a fixed 

portfolio effects model. Estimating the within variation of a trader’s variables over time, 

the absolute level of traders’ self-attribution bias or overconfidence is negligible.  

                                                 

2 More precisely, a trader’s social trading portfolio must attract at least ten supporters with a watchlisted capital of at 

least 2,500 euros. In addition, the social trading portfolio must already exist for at least three weeks. 

3 The issuer earns a fixed annual fee depending on the invested money in the structured product. The platform and the 

trader share the so called ’performance fee’ that depends on the one year performance of the social trading portfolio 

(based on the high watermark) as well as on the money invested in the structured product. 
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Our dataset ranges from June 2012 to November 2016 and features daily performance 

and flow data as well as all public comments written by traders of social trading portfolios 

that either are or once were investable for investors. Additional, trading data includes all 

transactions of the social trading portfolios on a daily basis.  

The original dataset covers more than 90,000 public comments. To achieve our final 

sample we make five adjustments. First, we only consider observations of investable 

social trading portfolios. We make this adjustment to avoid biases resulting from a 

possible gambling behavior of traders when not being responsible for real money. Second, 

we measure most of our variables on a 360-days basis. As a result, we lose social trading 

portfolios that are investable for a time horizon of fewer than 360 days during our sample 

period. Third, as we focus on nonprofessional traders, we exclude all social trading 

portfolios managed by professional asset management companies. Fourth, we combine 

all comments of one portfolio on one day to one observation.4 Fifth, we exclude all 

comments with less than three words, as those comments seem not to include relevant 

information. The final sample covers 44,985 observations of 3,519 social trading 

portfolios.  

3.2 Construction of variables 

In our study, we have four different groups of variables. First, we use variables regarding 

traders’ comments that we derive from content analysis. These variables include the time 

since the last comment of the trader, the length, tone5 and readability6 of comments as 

well as the traders’ self-reference within comments. Second, we use social trading 

portfolio data, including performance (raw return, market adjusted return, Carhart four-

factor alpha and the Sharpe ratio), return volatility, investment flows from investors into 

and out of the social trading portfolio, age of the social trading portfolio and assets under 

management. Third, we build measures for the self-attribution bias, the self-enhancement 

                                                 

4 In the following, the term ’comment’ denotes all comments of a portfolio on one day. 

5 Following Twedt and Rees (2012), we measure the tone of a comment as the difference of the numbers of positive 

and negative words relative to the overall number of words of the comment. We classify words as positive, negative or 

neutral by using the word lists of Bannier et al. (2019). This approach has been applied by several economic studies 

before (e.g., in Hanley and Hoberg, 2010; Kothari et al., 2009; Loughran and McDonald, 2011; Rogers et al., 2011). 

6 We define the readability measure as the average number of words per sentence plus the percentage of words with 

more than six letters following Bjornsson (1968). 
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bias and the self-protection bias. Fourth, we construct proxies for overconfidence to 

examine whether self-enhancement biased traders show overconfident trading behavior. 

Those proxies include the number of trading transactions, purchases and sales, number of 

different securities in the portfolio, portfolio turnover and the maximum of absolute daily 

returns of the portfolio (Merkle, 2017). 

In the following, we describe the construction of our most important variables. Please 

find a detailed description of all variables in Appendix I-A (Table I-A.1). 

To investigate traders’ public comments, we use a dictionary based content analysis 

(Kearney and Liu, 2014; Kim, 2013; Loughran and McDonald, 2011). Applying the ‘bag-

of-words’-model, we first disaggregate each comment into its single words (Salton and 

McGill, 1983). Next, we count the number of connoted words in the comment as 

classified by the business specific word lists of Bannier et al. (2019).  

To identify nonprofessional traders being prone to the self-attribution bias, we first 

measure self-reference (Self Ref) within the comments. We follow Kim (2013) and Li 

(2010) in the construction of this variable using the LIWC (Linguistic Inquiry and Word 

Count) dictionary by Wolf et al. (2008). In doing so, we define Self Ref of social trading 

portfolio i on day t as the quotient of the number of first person personal pronouns 

(category ‘Self’ in the LIWC) minus the number of third person personal pronouns 

(category ‘Other’ in the LIWC) and the overall number of words of a comment (in 

percentage terms). See Appendix I-D for examples of comments and calculation of 

Self Ref. 

Self Ref
i,t

 = 100 * 
Number Self

i,t
 - Number Otheri,t

Number Wordsi,t

 (1) 

We us three different approaches to measure the performance of social trading portfolios: 

market adjusted return (Market Adjusted), the Carhart (1997) four factor alpha (4F Alpha) 

and the Sharpe ratio (Sharpe). We define the market adjusted return as the raw return of 

social trading portfolio i minus the return of the MSCI World index in the same period. 

We obtain the four factor alphas by using international factors provided by the web page 

of Kenneth R. French (French, 2017). Furthermore, we use the Sharpe ratio to obtain a 

return measure that is independent from any benchmark. In addition, Doering et al. (2015) 

show that social trading portfolios produce hedge fund-like returns, while Eling and 
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Schuhmacher (2007) find that the Sharpe ratio is an appropriate measure for hedge funds’ 

performance. To ensure interpretability of our results in the case of negative returns, we 

refine the Sharpe ratio as suggested by Israelsen (2005).7 

Following the literature on mutual funds and hedge funds, we measure investment flows 

into and out of the corresponding structured product of a social trading portfolio expressed 

as percentages (e.g., Fung et al., 2008; Huang et al., 2007; Sirri and Tufano, 1998). We 

define Net Flows as euro inflows minus euro outflows into (out of) the structured product 

of portfolio i during the last 360 days divided by assets under management8 (AUM) in 

t-360. 

Net Flowsi,t = 100 * 
Euro Inflows

i,t 
 - Euro Outflows

i,t

AUMi,t-360

 (2) 

To investigate the relationship between the self-attribution bias and subsequent returns as 

well as investment flows, we need to identify traders being prone to the self-attribution 

bias.  

Evidence suggests that people tend to use more self-inclusive rather than self-exclusive 

personal pronouns in more positive contexts (Sendén et al., 2014). Moreover, self-

reference is an increasing function of past success (Shepperd et al., 2008). In particular, 

we assume that traders use more self-inclusive (first person pronouns) and less self-

exclusive (third person pronouns) personal pronouns when showing good past 

performance. Therefore, we follow Kim (2013) and Li (2010) in building a measure for 

the self-attribution bias. We estimate a portfolio fixed effects linear regression of Self Ref 

of social trading portfolio i on day t on the past 360-days raw return (Past Performance) 

of the respective portfolio. To adjust for possible heteroscedasticity and within-panel 

correlation, we use robust standard errors clustered by portfolio i.  

Self Ref
i,t

 = α + β Past Performance
i,t

+ εi, t (3) 

                                                 

7 Following Israelsen (2005), we add an exponent to the denominator of the Sharpe ratio (standard deviation of excess 

return). The exponent is the excess return divided by the absolute value of excess return. 

8 On the investigated social trading platform, investors invest in a structured product that replicates the performance of 

an underlying social trading portfolio. We define assets under management (AUM) as the invested money in the 

structured product of the underlying portfolio i in t. 
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The estimate of the coefficient β is 0.003. The estimation of β is statistically significant 

at the 10% level. This result implies that traders with good past performance attribute 

performance to themselves, while they attribute poor past performance to external factors. 

Our findings conform to Kim (2013) investigating this relationship among CEO 

interviews. A graphical analysis presented in Figure I-2 confirms the underlying 

assumption of a positive relationship between Past Performance and Self Ref.  

Figure I-2: Mean of Self Ref by Past Performance quintiles 

We structure the 360-day raw return (Past Performance) of investigated social trading portfolios i in t in quintiles. This 

figure shows the means of self-reference in the comments (Self Ref) among these performance quintiles. Self Ref is the 

quotient of the number of first person personal pronouns (category “Self” in the LIWC) minus the number of third 

person personal pronouns (category “Other” in the LIWC) and the overall number of words in the comment of 

portfolio i in t in percent. The difference between the low performance group and the high performance group is 

statistically significant at the 1% level. 

 
Based on the positive relationship between Past Performance and Self Ref, we then define 

proxies for the self-enhancement bias (SEB), the self-protection bias (SPB) and the self-

attribution bias (SAB) as follows: 

SEBi,t = {
1 for Past Performance

i,t
 > 0 ⋀ εi,t > 0

0 for Past Performance
i,t

 ≤ 0 ⋁ εi,t ≤ 0
 (4) 

SPBi,t = {
1 for Past Performance

i,t
 < 0 ⋀ εi,t < 0

0 for Past Performance
i,t

 ≥ 0 ⋁ εi,t ≥ 0
 (5) 
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SABi,t = {
1 for SEBi,t= 1 ⋁ SPBi,t = 1

0 for SEBi,t= 0 ⋀ SPBi,t = 0
 (6) 

  

We identify a trader as self-enhancement biased (SEB = 1) when she exhibits excessively 

high self-referencing behavior (εi,t >0)  within a comment when her social trading 

portfolio performance was positive (Past Performance
i,t

 > 0). We identify a trader as 

self-protection biased (SPB = 1) if she exhibits excessively low self-referencing behavior 

(εi,t <0)  within a comment when her portfolio performance was negative 

(Past Performance
i,t

 < 0). Lastly, we identify a trader as self-attribution biased (SAB = 1) 

if she is either self-enhancement biased or self-protection biased. See Figure I-3 for a 

visual presentation of the variable construction.9 

Figure I-3: Construction of SAB, SEB and SPB 

We identify a trader as self-enhancement biased (SEB=1) if she shows excessively high self-referencing behavior in 

the comment when the 360-day raw return of portfolio i in t is positive. We identify a trader as self-protection biased 

(SPB=1) if she shows excessively low self-referencing behavior in the comment when the 360-day raw return of 

portfolio i in t is negative. Lastly, we identify a trader as self-attribution biased (SAB=1) if she is either self-

enhancement biased or self-protection biased. 

 
 

                                                 

9 Note that we applied an alternative method of creating the variables SEB, SPB and SAB without using a regression to 

examine the robustness of our results. Results are comparable to our main results and are available in Appendix I-C. 
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In comparison to Kim (2013) and Li (2010), we make two adjustments: first, we use raw 

returns instead of Carhart four-factor returns (Carhart, 1997) to adjust the measure for the 

use among nonprofessional traders. We do so because the raw return is the only 

performance measure that is directly accessible on the main page of every social trading 

portfolio on the web page of the social trading platform. Additionally, Röder and Walter 

(2019) find that participants on the investigated social trading platform rely on raw returns 

rather than on factor model alphas or the Sharpe ratio. Moreover, literature apart from 

social trading suggests that nonprofessional traders are more likely to follow raw returns 

rather than factor-adjusted returns (Clifford et al., 2013; Veld and Veld-Merkoulova, 

2008). Second, we extend the method insofar that we do not only create a measure for the 

self-attribution bias but also for the self-enhancement bias and the self-protection bias, 

separately. 

Our methodology to identify self-attribution biased traders could be affected by the 

following three limitations. First, as we use these self-attribution bias measures in our 

second stage regressions findings may show an attenuation bias (Cameron and Trivedi, 

2005). This bias refers to the underestimation of an estimator because of measurement 

errors in the independent variables. Therefore, the expected value of an estimator is lower 

than the actual value of the parameter. In our linear regression, this issue would bias 

against finding significant coefficients. Second, traders on the social trading platform, on 

average, might be more prone to overconfidence or biased self-attribution than other 

individual investors. We address this issue by applying a fixed portfolio effects model in 

all our main estimations. Estimating the within variation of one trader’s variables over 

time, we measure if a dependent variable differs for a trader being prone to the self-

attribution bias (at one point in time) compared to the same trader not being prone to the 

self-attribution bias (at another point in time). Third, the probability that a trader writes a 

comment could depend on (time variant) portfolio characteristics. For example, Ammann 

and Schaub (2017) find that social traders are more likely to write comments, when they 

show a positive past performance. To address this type of selection bias we apply the two-

stage Heckman (1979) correction. Therefore, we first estimate a probit model 
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investigating the determinants of writing a comment.10 Then, we use the hazard rates of 

this regression as a control variable in all regressions of our main results.11 

To investigate the relationship between the self-enhancement bias and overconfidence, 

we construct proxies for overconfidence, such as trading frequency, turnover, trading 

volume or degree of diversification. The construction of these variables is based on 

Merkle (2017). See Appendix I-A (Table I-A.1) for a detailed list of all variables and 

construction details. 

3.3 Summary statistics 

Table I-1 shows the summary statistics. As can be referred from panel A, the self-

reference (Self Ref) within traders’ comments is zero for at least 25% of the observations, 

implying the same number of first and third personal pronouns or no use of personal 

pronouns in these comments at all. Traders write more often about themselves than about 

others as more than 25% of observations show a positive sign, while less than 25% are 

negative. The average number of words in one observation (Length of Comment) is 57.36, 

while the median is 31.00. It follows that most observations include several sentences. 

The mean of Tone, i.e. the mean of the difference between positive and negative words 

relative to the overall words in the comments, is -0.11 percent. Moreover, the median of 

Tone is zero. Hence, the overall tone of comments is rather neutral. The mean of 

Readability is 0.46 which can be interpreted as moderately difficult (Bjornsson, 1968).  

Panel B shows details about portfolio data. The means of Market Adjusted as well as 

4F Alpha are high, with values of 4.60 and 4.52 percent, respectively. These high alphas 

might result from the fact that our sample is restricted to traders that actually write 

comments. As mentioned before, traders that show a high past performance are more 

likely to write comments (Ammann and Schaub, 2017). Furthermore, as social trading 

investors follow past performance (Röder and Walter, 2019), portfolios with higher past 

performance will survive longer and thus, represent a larger proportion in our sample. We 

address this selection bias by adding portfolio fixed effects as well as by applying the 

Heckman (1979) correction as explained in section 3.2 and Appendix I-B. 

                                                 

10 For regression results see Table I-B.1 in Appendix I-B. 

11 Note that our main results are robust to not controlling for possible selection bias. Results are available upon request. 
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While the average invested money in the social trading portfolios (AUM) is 275,801 euros, 

the median is only 9,512 euros, which indicates that there are a lot of small portfolios as 

well as only few large portfolios. This is one reason why percentage Inflows and 

Net Flows into and out of the social trading portfolios are relatively high in comparison 

to mutual fund flows (Sirri and Tufano, 1998), showing values of 5,240 and 3,690 percent 

of AUM, respectively. Additionally, the social trading platform shows an annual growth 

rate of more than 30% during our sample period, leading to high investment flows in 

comparison to AUM. The five percent percentile of AUM is zero. However, we exclude 

those observations from our estimations as we control for the natural log of AUM in our 

regressions. We do so because traders might behave differently when not being 

responsible for real invested money.  

Panel C contains dummies that identify traders as self-attribution biased, self-

enhancement biased and self-protection biased, respectively. We identify traders in 45% 

of the comments as self-attribution biased. By construction, this variable shows a mean 

close to 50%. As most of the raw returns are positive, we find slightly more comments 

being self-enhancement biased than self-protection biased. 

Descriptive statistics of overconfidence proxies (Panel D) show that the average social 

trading portfolio in our sample holds 44 different securities (# Securities) and shows a 

Turnover of 4.84% of the current portfolio value every 90 days. These numbers suggest 

active diversification and moderate trading. However, the average trader in our sample 

makes 205 trading transactions (# Transactions) per 90 days while the median number of 

transactions is 76. The high number of transactions could result from the circumstance 

that transactions in social trading portfolios do not cause any transaction costs apart from 

bid-ask spreads. In summary, traders on the social trading platform make a high number 

of transactions, however, as most trades have a low trading volume portfolios show only 

a moderate turnover. 
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Table I-1: Summary statistics 

This table contains the summary statistics of our dataset. We define the variables as follows: Self Ref is the quotient of 

the number of first person personal pronouns minus the number of third person personal pronouns and the overall 

number of words in comment of portfolio i in t in percent. Length of Comment is the average number of words in the 

comment of portfolio i in t. Tone is the difference of positive and negative words relative to the overall number of words 

in the comment of portfolio i in t in percent. Readability is the sum of average number of words per sentence and the 

percentage of words with more than six letters in the comment of portfolio i in t divided by 100. Time-Lag Comment 

are the days since the last comment of portfolio i. # Comment is the number of comments for portfolio i until day t. 

Past Performance is the 360-day raw return of portfolio i in t in percent. Market Adjusted is the 360-day raw return of 

portfolio i in t minus the 360-day raw return of the MSCI World index in t in percent. Sharpe is the 360-day Sharpe 

Ratio of portfolio i in t (negative values adjusted). 4F Alpha is the 360-day four-factor alpha of portfolio i in t in percent. 

AUM are the assets under management, i.e. invested euros in the structured product of portfolio i on day t. Inflows is 

the sum of inflows to (the structured product of) portfolio i over the last 360 days divided by the invested euros in 

portfolio i in t-360 in percent. Net Flows is the sum of inflows minus the sum of outflows to/out of (the structured 

product of) portfolio i over the last 360 days divided by the invested euros in portfolio i in t-360 in percent. Volatility is 

the 360-day return volatility of portfolio i in t in percent. Issue Age is the age (since issue of the structured product) of 

portfolio i on day t in years. SAB, SEB and SPB are dummies that equal 1 if the comment of portfolio i in t is identified 

as self-attribution biased, self-enhancement biased or self-protective biased, respectively. # Securities is the average 

number of securities in portfolio i over the last 90 days. Turnover is the trading volume of portfolio i over the last 

90 days divided by the value of virtual portfolio i in t in percent. # Transactions, # Purchases and # Sales are the number 

of transactions, purchases and sales, respectively, of portfolio i over the last 90 days. Abs Max Return is the 90-day 

maximum absolute daily raw return of portfolio i in percent. 

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

VARIABLES N Mean SD P5 P25 P50 P75 P95 

Panel A: Comments                

Self Ref 44,985 1.57 3.24 -0.51 0.00 0.00 2.86 7.69 

Length of Comment 44,985 57.36 84.68 5.00 15.00 31.00 68.00 187.00 

Tone 44,985 -0.11 3.10 -3.70 0.00 0.00 0.00 2.78 

Readability 44,985 0.46 0.15 0.25 0.37 0.45 0.52 0.70 

TimeLagComment 44,985 14.58 42.27 1.00 1.00 4.00 9.00 59.00 

# Comment 44,985 101.92 102.68 4.00 26.00 70.00 145.00 302.00 

Panel B: Portfolio Data        

Past Performance 44,985 6.54 17.90 -23.78 -2.40 7.35 17.57 33.87 

Market Adjusted 44,985 4.60 17.40 -24.67 -4.01 5.15 15.11 31.06 

Sharpe 44,985 13.75 14.91 -0.00 -0.00 9.51 23.08 42.75 

4F Alpha 44,985 4.52 15.81 -22.50 -3.08 4.96 14.12 28.37 

AUM 44,985 275,801 1,054,696 0 1,552 9,512 51,021 1,580,882 

Inflows 23,193 5,242 102,972 0 13 84 366 4,097 

Net Flows 23,193 3,689 78,501 -82 -18.51 19.26 175.82 2,106.08 

Volatility 44,985 1.02 1.10 0.36 0.61 0.83 1.12 2.28 

Issue Age 44,985 1.33 0.77 0.24 0.80 1.20 1.78 2.81 

Panel C: Self-Attribution Bias Dummies       

SAB 44,985 0.45 0.50 0.00 0.00 0.00 1.00 1.00 

SEB 44,985 0.24 0.43 0.00 0.00 0.00 0.00 1.00 

SPB 44,985 0.21 0.41 0.00 0.00 0.00 0.00 1.00 

Panel D: Trading Data        

# Securities 25,482 43.92 41.72 3.00 15.08 30.14 58.61 131.94 

Turnover 25,482 4.84 9.40 0.05 0.60 1.79 5.30 18.76 

# Transactions 25,482 204.83 382.89 2.00 22.00 76.00 210.00 891.00 

# Purchases 25,482 107.18 196.30 1.00 11.00 36.00 111.00 495.00 

# Sales 25,482 97.65 195.14 1.00 10.00 35.00 95.00 405.00 

Abs Max Return 25,482 3.45 3.39 1.05 1.90 2.67 3.91 8.00 

 

4. Results 

4.1 The self-enhancement bias and future performance 

We hypothesize that traders perform worse when they are prone to the self-enhancement 

bias (H1a). Figure I-4 pictures the univariate connection between the self-enhancement 
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bias (SEB) and the future market adjusted performance (Future Market Adjusted). 

Consistent with all our investigations of the effect of the self-enhancement bias, we only 

compare traders that exhibit positive past performance (see SEB=1 and SEB=0 in Figure 

I-3). We do so to prevent any bias resulting from return momentum, mean reversions or 

similar effects. However, our results remain robust when we estimate the regressions 

without this adjustment.12 

Figure I-4: Mean of future market adjusted returns 

This figure illustrates the univariate relationship between self-enhancement bias (SEB) and Future Market Adjusted, 

i.e. the future 360-day raw return of portfolio i in t minus the future 360-day return of the MSCI World index in percent. 

We only include observations that show positive Past Performance (SEB=1 and SEB=0). The difference is statistically 

significant at the 1% level. 

 
While self-enhancement biased traders show 360-days future market adjusted returns of 

approximately 0.68% on average, non-biased traders show future returns of about 2.61% 

on average. The difference is statistically significant at the 1% level. This finding is a first 

indication that biased self-enhancement leads to future underperformance. To study this 

relationship in more detail, we use the following linear panel regression framework. In 

all our main regressions, we cluster standard errors by portfolio i and date t to adjust for 

possible heteroscedasticity and both, within-panel and cross-sectional correlation.  

                                                 

12 Results are not included in the paper and are available upon request. 

Future Market Adjusted (%) 
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Future Returny,s,i,t = αy+ β
y, s

 Biass,i,t+ ∑ γ
y, j

 Controlj,i,t

j=J

j

+ εy,s,i t  (7) 

We regress the different 360-days future return measures y (Future Return) of the social 

trading portfolio i on day t on the different bias dummies s (Bias) and controls j (Control). 

For the sake of completeness, we do not only examine the effect of the self-enhancement 

bias on future performance, but also the effects of the self-protection bias (SPB) and the 

self-attribution bias (SAB) as a whole. As stated before, estimating the effects of SEB and 

SPB separately, we only compare positive past performers and negative past performers 

with each other (SEB = 1 versus SEB = 0 or SPB = 1 versus SPB = 0). We control for the 

following potential determinants of future portfolio performance: past portfolio 

performance (Past Performance), Tone 13 , Readability, and length of the comments 

(Length of Comment) as well as past net flows into the social trading portfolio 

(Net Flows). Moreover, we control for the natural logarithms of days since the last 

comment of the social trading portfolio i (Ln Time Lag Comment), number of comments 

for portfolio i until day t (Ln # Comment), age of social trading portfolio i in years 

(Ln Issue Age), euros invested in portfolio i (Ln AUM) and past return volatility 

(Ln Volatility). Additionally, the following trading controls are included: number of 

transactions (Ln # Transactions), average number of securities (# Securities), turnover 

(Turnover) and the maximum absolute daily raw return (Max Return) over last 90 days 

each. Finally, we include the hazard rates of the first stage regression of the Heckman 

correction (see section 3.2) as a control variable to control for a potential sample selection 

bias.  

 

                                                 

13 Following Twedt and Rees (2012), we measure the tone of a comment as the difference of positive and negative 

words relative to the overall number of words of the comment. We classify words as positive, negative or neutral by 

using the word list of Bannier et al. (2019). 
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Table I-2: Regression of future performance on biased self-attribution 

This table contains ordinary least squares linear regression results of three future performance measures (market-

adjusted return, Carhart 4-Factor return and the Sharpe ratio) on SEB, SPB and SAB, respectively and a comprehensive 

set of control variables. We define variables as follows: Future Market Adjusted is the future 360-day raw return of 

portfolio i in t minus the future 360-day return of the MSCI World index in percent. Future 4F Alpha is the future 360-

day four-factor alpha of portfolio i in t in percent. Future Sharpe is the future 360-day Sharpe Ratio of portfolio i in t 

(negative values adjusted). SAB, SEB and SPB are dummies that equal 1 if the comment of portfolio i in t is identified 

as self-attribution biased, self-enhancement biased or self-protective biased, respectively. Trading controls are 

Max Return, Turnover, Ln # Transactions and Ln # Securities. We refer to Table I-A.1 in Appendix I-A for the 

definition of all variables. t statistics in parentheses: * significant at 10%; ** significant at 5%; *** significant at 1%. 

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

VARIABLES Future 

Market 

Adjusted 

Future 4F 

Alpha 

Future 

Sharpe 

Future 

Market 

Adjusted 

Future 4F 

Alpha 

Future 

Sharpe 

Future 

Market 

Adjusted 

Future 4F 

Alpha 

Future 

Sharpe 

           

SEB -0.480** -0.611*** -0.007***       
 (-2.422) (-3.406) (-2.679)       

SPB    0.411 0.166 0.007    
    (0.764) (0.300) (0.568)    

SAB       -0.235 -0.218 -0.014** 
       (-0.681) (-0.793) (-2.243) 

Past Performance -0.482 -0.586 -0.007 1.307 -1.839 0.035 -0.273 -0.834** 0.024 
 (-1.008) (-1.444) (-1.126) (1.323) (-1.603) (1.311) (-0.570) (-2.266) (1.204) 

Tone 0.011 -0.000 -0.000 -0.008 0.035 0.001 0.022 0.024 0.001 
 (0.306) (-0.008) (-0.283) (-0.147) (0.494) (0.690) (0.605) (0.599) (1.530) 

Readability 0.593 -0.270 -0.008 1.265 0.217 0.061 1.462 0.181 0.009 

 (0.754) (-0.307) (-0.784) (0.491) (0.085) (0.889) (1.559) (0.195) (0.599) 

Length of Comment -0.040 0.041 0.000 -0.069 -0.040 -0.005** -0.129 -0.010 -0.002 
 (-0.253) (0.308) (0.109) (-0.579) (-0.187) (-2.183) (-0.886) (-0.084) (-0.985) 

Net Flows 0.000 0.000 0.000 -0.000 -0.000 0.000 0.000 0.000 0.000** 

 (0.335) (0.362) (1.024) (-0.333) (-0.842) (0.871) (1.211) (0.533) (2.248) 
Ln TimeLagComment 0.236** 0.318*** 0.003 0.507** 0.465** 0.012 0.280** 0.402*** 0.006** 
 (2.021) (3.077) (1.446) (2.184) (2.186) (1.350) (2.487) (4.290) (2.198) 

Ln # Comment -2.174* -1.742 -0.039 8.165* 9.431 0.148* -3.680** -1.266 -0.024 
 (-1.669) (-1.309) (-1.365) (1.901) (1.608) (1.743) (-2.283) (-0.912) (-0.614) 

Ln Issue Age 1.550 33.314 0.174 -161.170* 100.715 -4.920** -14.227 47.462 -2.964 
 (0.036) (0.860) (0.295) (-1.855) (1.019) (-1.999) (-0.345) (1.397) (-1.596) 

Ln AUM -6.662 -12.785 -0.146 54.646* -36.643 1.493* -0.957 -17.510 0.871 
 (-0.452) (-0.966) (-0.704) (1.799) (-1.056) (1.819) (-0.069) (-1.508) (1.423) 

Ln Volatility -1.543 9.268*** 0.177*** 6.466*** 2.829 0.376*** 2.769 7.465*** 0.279*** 
 (-0.519) (2.901) (3.446) (2.968) (0.585) (4.103) (1.045) (3.175) (3.616) 
          

Trading Controls YES YES YES YES YES YES YES YES YES 

Heckman Correct. YES YES YES YES YES YES YES YES YES 

Time FE YES YES YES YES YES YES YES YES YES 

Portfolio FE YES YES YES YES YES YES YES YES YES 

Observations 8,613 8,613 8,613 2,010 2,010 2,010 10,664 10,664 10,664 

Adj. Within R² 0.261 0.193 0.216 0.221 0.257 0.475 0.274 0.258 0.435 

 

Columns 1 to 3 of Table I-2 show the effect of the self-enhancement bias on future 

performance over a time horizon of 360 days. We document a statistically significant 

negative relationship between the self-enhancement bias and future performance over all 

performance measures. Since we use portfolio fixed effects we infer the following 

interpretation of our results: when we identify a trader as self-enhancement biased, her 

social trading portfolio shows a 0.48 (0.61) percentage point lower future market adjusted 

return (four-factor alpha) than when identified as non-biased. These findings support our 
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hypothesis that the self-enhancement bias leads to future underperformance (H1a). 

However, columns 4 to 6 point out that the self-protection bias seems not to affect future 

returns. This finding is in line with literature suggesting that the self-enhancement bias 

has more impact on trading behavior than the self-protection bias (Fiske and Taylor, 1991; 

Gervais and Odean, 2001; Miller and Ross, 1975). When we combine the self-

enhancement bias and the self-protection bias to the self-attribution bias, we find a 

statistically significant negative relationship only for the Sharpe ratio (columns 7 to 9). 

We infer that the self-enhancement bias drives this relationship. 

4.2 The self-enhancement bias and future trading behavior 

In section 4.1, we find that the self-enhancement bias is negatively correlated with future 

trading performance. We assume that this relationship can be explained by overconfident 

trading behavior that is triggered by the self-enhancement bias (H1b). Therefore, we 

examine the effect of the self-enhancement bias on future trading behavior. We use 

different variables that are associated with overconfidence in financial literature: number 

of trades, portfolio turnover, number of different securities, return volatility and extreme 

returns (Barber and Odean, 2000; Goetzmann and Kumar, 2008; Merkle, 2017). We apply 

the following panel regression approach to estimate the influence of the self-enhancement 

bias on traders’ overconfidence.  

Future Overconfidence Proxy
v,i,t

= αv + β
v
 SEBi,t + ∑ γ

v, j
 Controlj,i,t

j=J

j

+ εv,i,t (8) 

We regress different proxies for overconfidence v (Future Overconfidence Proxy) of the 

trader of social trading portfolio i on day t on the self-enhancement bias dummy (SEB) 

and controls j (Control). Table I-3 shows the results of our regressions. Following our 

hypothesis (H1b), the table only includes regression results for the self-enhancement 

bias.14 

 

                                                 

14  For the sake of completeness, we repeat this investigation with the self-protection bias instead of the self-

enhancement bias. For only one of seven regressions, we find a statistically significant relationship. Consequently, the 

self-protection bias seems not to be an important driver of overconfidence. This is in line with our assumption in 

section 2.2. 
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Table I-3: Regression of future trading variables on self-enhancement bias 

This table contains ordinary least squares linear regression results of trading activity variables on SEB and a 

comprehensive set of control variables. We define variables as follows: SEB is a dummy that equals 1 if the comment 

of portfolio i in t is identified as self-enhancement biased. Future Ln # Transactions, Future Ln # Purchases and 

Future Ln # Sales are the natural logs of the numbers of transactions, purchases and sales, respectively, of portfolio i 

over the next 90 days. Future Turnover is the trading volume of portfolio i over the next 90 days divided by the value 

of portfolio i in t in percent. Future Ln # Securities is the natural log of the average number of securities in portfolio i 

over the next 90 days. Future Ln Volatility is the natural log of the future 90-days return volatility of portfolio i in 

percent. Future Abs Max Return is the 90-day future maximum absolute daily raw return of portfolio i in percent. We 

refer to Table I-A.1 in Appendix I-A for the definition of all variables. t statistics in parentheses: * significant at 10%; 

** significant at 5%; *** significant at 1%. 
  (1) (2) (3) (4) (5) (6) (7) 

VARIABLES Future Ln # 

Transactions 

Future Ln # 

Purchases 

Future Ln # 

Sales 

Future 

Turnover 

Future Ln # 

Securities 

Future Ln 

Volatility 

Future Abs 

Max Return 

         

SEB 0.033** 0.034** 0.030* 0.179*** -0.004* -0.002 -0.015 
 (2.192) (2.165) (1.911) (2.687) (-1.684) (-0.278) (-0.219) 

Past Performance 0.046*** 0.061*** 0.028*** 0.618*** 0.000 0.025*** -0.150*** 
 (5.487) (6.968) (3.309) (17.576) (0.173) (5.713) (-4.260) 

Tone 0.002 0.004* 0.001 0.007 -0.001*** 0.001 0.009 
 (0.868) (1.814) (0.719) (0.837) (-2.602) (1.204) (1.133) 

Readability 0.031 -0.018 0.067 0.155 0.019** 0.032 0.192 

 (0.621) (-0.344) (1.305) (0.705) (2.355) (1.160) (0.870) 

Length of Comment 0.011 0.008 0.023** 0.023 -0.001 0.005 0.043 
 (1.318) (0.860) (2.533) (0.585) (-0.509) (0.946) (1.107) 

Net Flows -0.000 -0.000 -0.000** 0.000*** 0.000 0.000* -0.000 

 (-1.356) (-0.242) (-2.110) (4.748) (0.156) (1.830) (-0.404) 

Ln TimeLagComment -0.025*** -0.019*** -0.023*** 0.017 -0.002 0.001 0.040 
 (-4.024) (-2.856) (-3.517) (0.629) (-1.597) (0.301) (1.439) 

Ln # Comment -0.092*** -0.061 -0.034 0.527*** 0.024*** 0.149*** 0.857*** 
 (-2.595) (-1.627) (-0.925) (3.409) (4.171) (7.813) (5.537) 

Ln Issue Age -4.360*** -5.705*** -3.004*** -57.992*** -0.143 -1.613*** 12.387*** 
 (-5.871) (-7.334) (-3.922) (-18.420) (-1.239) (-4.140) (3.930) 

Ln AUM 1.596*** 2.068*** 1.078*** 19.273*** -0.006 0.741*** -4.058*** 
 (6.303) (7.795) (4.123) (17.888) (-0.161) (5.559) (-3.762) 

Ln Volatility -0.184*** -0.097 -0.169*** -1.539*** -0.011 -0.374*** 1.221*** 
 (-3.148) (-1.588) (-2.801) (-6.005) (-1.141) (-11.790) (4.757) 

        

Trading Controls YES YES YES YES YES YES YES 

Heckman Correction YES YES YES YES YES YES YES 

Time FE YES YES YES YES YES YES YES 

Portfolio FE YES YES YES YES YES YES YES 

Observations 8,372 8,267 8,226 8,613 8,613 8,613 8,613 

Adj. Within R² 0.0319 0.0379 0.0232 0.0793 0.466 0.0942 0.0484 

 

We find a statistically significant positive relationship between the self-enhancement bias 

(SEB) and diverse overconfidence proxies: number of transactions 

(Future Ln # Transactions), number of purchases (Future Ln # Purchases) and number 

of sales (Future Ln # Sales) (each in natural logs) as well as portfolio turnover 

(Future Turnover). In detail, self-enhancement biased traders execute approximately 

3.3% more transactions (column 1) than non-biased traders. Since higher trading 

frequencies lead to lower trading performance due to transaction costs (Barber and Odean, 

2000), this could be one reason for why the self-enhancement bias leads to future 

underperformance. However, as there are no transaction costs despite the bid-ask spreads, 
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transaction costs on the social trading platform are low in comparison to trading costs on 

common online brokerage platforms. Nevertheless, traders on the explored platform tend 

to trade much more frequently in comparison to traders at online brokers (e.g., Glaser and 

Weber, 2009). 

Apart from trading frequencies and volumes, we find a statistically significant negative 

relationship between the self-enhancement bias and the log numbers of different 

securities in a social trading portfolio (Future Ln # Securities). When a trader is self-

enhancement biased, the number of different securities in her portfolio is approximately 

0.4% lower. As literature suggests that overconfidence leads to lower diversification 

(Merkle, 2017), this is another indication for the self-enhancement bias triggering 

overconfidence.  

Unlike Dorn and Huberman (2005), we find no evidence that the self-enhancement bias 

leads to higher return volatilities or to more extreme returns (columns 7 and 8). In contrast 

to our study, the authors use survey data to identify biased traders. Additionally, the 

authors do not include portfolio or time fixed effects. We suggest that these differences 

in the study design could explain different results. 

Overall, our findings are in line with our hypothesis H1b. Along with our results from 

section 4.1, empirical evidence supports the theoretical multi-period market model 

developed by Gervais and Odean (2001).15 

4.3 The self-enhancement bias and investment flows 

Hitherto, we focused on the effect of the self-enhancement bias on the trader. In this 

section, we examine if traders’ self-enhancement biased behavior also affects their 

investors. Therefore, we investigate if the self-enhancement bias of a trader is related to 

flows to the trader’s social trading portfolio (more precisely: flows to the structured 

product that replicates the performance of the underlying social trading portfolio). We 

hypothesize that traders attract higher investment flows when they are prone to the self-

enhancement bias (H2). Figure I-5 shows percentage net flows (Net Flows) to social 

                                                 

15 The examination of the relationship between overconfidence and the self-attribution bias could raise reverse causality 

issues. Therefore, we estimate regressions using our measures for the self-enhancement bias, the self-protection bias 

and the self-attribution bias as dependent variables and include past overconfidence measures as independent variables. 

Evidence suggests that overconfidence does not trigger the self-attribution bias. 
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trading portfolios, distinguishing between self-enhancement biased (SEB=1) and 

unbiased (SEB=0) traders. 

Figure I-5: Mean of future relative net flows 

This figure illustrates the univariate relationship between self-enhancement bias (SEB) and future percentage net flows 

(Future Net Flow) into or out of the portfolio over the next 90 days. We only include observations that show positive 

Past Performance (SEB=1 and SEB=0). The difference between SEB group and No SEB group is statistically 

significant at the 1% level. 

 
 

Results suggest that portfolios attract significantly higher investment flows when the 

trader is self-enhancement biased. We use the following panel regression framework to 

examine this relationship in more detail: 

Flow Variablek,i,t = αk + β
k
 SEBi,t + ∑ γ

k, j
 Controlj,i,t

j=J

j

+ εk,i,t (9) 

We regress the different flow variables k (Flow Variable) to the structured product of the 

social trading portfolio i on day t on the self-enhancement bias dummy (SEB) and 

controls j (Control). We estimate regressions over different time horizons of future flows, 

namely 90 days, 180 days and 360 days beginning on the day after the comment. We 

examine net flows (Net Flows) as well as inflows (Inflows).  

Future Net Flow (%) 
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Table I-4: Regression of future investment flows on self-enhancement bias 

This table shows ordinary least squares linear regression results of future inflows as well as of future net flows on SEB 

and a comprehensive set of control variables. We define variables as follows: SEB is a dummy that equals 1 if the 

comment of portfolio i in t is identified as self-enhancement biased. Future Net Flows is the sum of inflows minus the 

sum of outflows to/out of (the structured product of) portfolio i over the last 90, 180 and 360 days, respectively, divided 

by the invested money to portfolio i in t in percent. Future Inflows is the sum of inflows to (the structured product of) 

portfolio i over the last 90,180 and 360 days, respectively, divided by the invested money to portfolio i in t in percent. 

Trading controls are Max Return, Turnover, Ln # Transactions and Ln # Securities. Ln Issue Age is multiplied by 100. 

We refer to Table I-A.1 in Appendix I-A for the definition of all variables. t statistics in parentheses: * significant at 

10%; ** significant at 5%; *** significant at 1%. 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Future Net 

Flows (90d) 

Future Net 

Flows (180d) 

Future Net 

Flows (360d) 

Future Inflows 

(90d) 

Future Inflows 

(180d) 

Future Inflows 

(360d) 

        

SEB 15.665* 19.418** 2.492 23.401** 43.061** 35.202* 
 (1.954) (2.121) (0.435) (2.432) (2.156) (1.742) 

Past Performance 37.355*** 28.741*** 10.133*** 39.515*** 65.070*** 51.606*** 
 (8.013) (5.442) (3.113) (7.061) (5.647) (4.495) 

Tone -1.035 -1.045 -0.480 -1.651 -3.050 -3.095 
 (-0.998) (-0.919) (-0.668) (-1.326) (-1.229) (-1.221) 

Readability 0.415 -1.521 8.590 12.176 22.027 50.065 

 (0.015) (-0.048) (0.440) (0.357) (0.317) (0.727) 

Length of Comment 5.662 4.822 4.539 7.012 9.577 14.686 
 (1.260) (0.955) (1.417) (1.300) (0.869) (1.300) 

Net Flows 0.001*** 0.001* 0.000 0.001*** 0.002** 0.001 

 (3.548) (1.725) (0.618) (3.094) (2.134) (1.357) 

Ln TimeLagComment 4.333 4.785 3.110 1.247 5.507 6.822 
 (1.247) (1.224) (1.287) (0.299) (0.646) (0.801) 

Ln # Comment -11.662 -30.308 -35.366*** -7.123 -37.393 -133.492*** 
 (-0.612) (-1.403) (-2.657) (-0.311) (-0.793) (-2.843) 

Ln Issue Age -30.228*** -23.856*** -9.361*** -31.195*** -53.364*** -42.062*** 
 (-7.311) (-5.080) (-3.237) (-6.285) (-5.208) (-4.124) 

Ln AUM 898.211*** 568.302*** 36.329 912.511*** 1,466.859*** 851.767** 
 (6.321) (3.531) (0.367) (5.349) (4.177) (2.439) 

Ln Volatility -38.753 -36.413 24.619 -43.969 -47.726 25.528 
 (-1.192) (-0.987) (1.063) (-1.127) (-0.593) (0.312) 

       

Trading Controls YES YES YES YES YES YES 

Heckman Correction YES YES YES YES YES YES 

Time FE YES YES YES YES YES YES 

Portfolio FE YES YES YES YES YES YES 

Observations 6,742 7,382 7,771 6,742 7,382 7,771 

Adj. Within R² 0.0860 0.127 0.262 0.0753 0.0681 0.132 

 

In Table I-4, we still find a statistically significant relationship between the self-

enhancement bias and investment flows for five of six regressions. When a trader is self-

enhancement biased, she receives 15.67 (19.42) percentage points higher Net Flows in 

proportion to assets under management in the next 90 days (180 days). On a time horizon 

of 360 days, results for Net Flows are not statistically significant any more (column 3). 
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However, it is not surprising that investors rather react on public comments in the short 

run than in the long run.16 

Overall, traders seem to attract more net flows and inflows when they are prone to the 

self-enhancement bias. This finding supports our hypothesis (H2) and is in line with 

literature suggesting that the confidence of an individual strengthens its social status or 

perceived level of knowledge and trustworthiness (Anderson et al., 2012; Price and Stone, 

2004). However, as traders prone to the self-enhancement bias subsequently 

underperform, the self-enhancement bias does not only harm the affected trader but also 

her investors. 

5. Conclusion 

Our study of biased self-attribution among nonprofessional traders contributes to 

financial literature in at least three ways. First, we show that biased self-enhancement 

leads to future underperformance, while the self-protection bias seems not to harm traders’ 

performance. We recommend future studies that examine the self-attribution bias to 

measure the self-enhancement bias and the self-protection bias separately, as well. Second, 

results suggest that overconfidence arising from biased self-enhancement is a possible 

driver of traders’ future underperformance: self-enhancement biased traders develop 

overconfident trading behavior such as higher trading frequencies and portfolio turnover 

as well as lower portfolio diversification. Although Gervais and Odean (2001) assume 

this connection in their theoretical model, our paper is the first empirical study supporting 

their hypothesis. Further studies regarding the role of the self-attribution bias as well as 

the resulting overconfident behavior among professional traders and portfolio managers 

would be worthwhile. Third, we find that self-enhancement biased behavior does not only 

harm the affected traders’ performance but also possible investors: Traders being self-

enhancement biased receive more investment inflows in comparison to being non-biased. 

It follows that the self-enhancement bias is not only harmful to affected individuals but 

                                                 

16 Again, we repeat this investigation with the self-protection bias instead of the self-enhancement bias. We find no 

statistically significant relationship between the self-protection bias and future investment flows to or out of the social 

trading portfolio. The result suggests that investors do neither prefer nor disfavor a portfolio manager when she shows 

signs of the self-protection bias. 
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also for a third party. Here, future research should be undertaken to explore whether this 

issue also affects institutional investors.  

In our main regressions, we use fixed portfolio effects, fixed time effects as well as 

double-clustered standard errors. Besides, we show robustness by using various 

performance measures. Furthermore, we control for a possible sample selection bias by 

using the Heckman (1979) correction. 

One could argue that the use of personal pronouns in comments is not driven by the self-

attribution bias but by self-marketing of the traders. However, according to literature the 

self-attribution bias is also driven by self-presentation and the purpose to portray oneself 

positively to others (Arkin et al., 1980; Schlenker, 1980; Shepperd et al., 2008). 

Consequently, traders who intentionally use an abnormal number of first person personal 

pronouns in their comments after past trading success are (per definition) also self-

attribution biased. Notwithstanding, one limitation of our study is that we are not able to 

separate traders that intentionally use an abnormal number of first person pronouns from 

those who do it unintentionally. In future investigations, it might be possible to use a 

different approach or setting in which the self-attribution bias will be isolated from 

trader’s self-marketing.  

Altogether, the self-enhancement bias and connected overconfidence negatively 

influences the performance of nonprofessional traders and even investors that interact 

with them. The findings of this study have a number of implications. With regard to 

traders, a reasonable approach to tackle biased assessment of past performance could be 

to increase traders’ financial literacy. Providing any type of financial education by policy 

makers might diminish behavioral biases that affect investing decisions. With regard to 

investors, our findings also suggest several courses of action. When investors use 

delegated portfolio management services, they should not be deflected by a managers’ 

self-presentation, but rather assess mangers’ capabilities as well as past performance in a 

more comprehensive way by mainly including quantitative and objective measurements 

into their assessment. Again, financial education that increase investors’ financial literacy 

might be expedient.  
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7. Appendix 

Appendix I-A: Descriptions of variables 

Table I-A.1 contains descriptions and construction details of all variables used in this 

paper.  

Table I-A.1: Descriptions of variables 

This table contains descriptions and construction details of all variables used in this paper. 

Panel A: Comments 

Self Ref Quotient of the number of first person personal pronouns (category “Self” in the LIWC) 

minus the number of third person personal pronouns (category “Other” in the LIWC) and 

the overall number of words in the comment of portfolio i in t in percent. 

Length of Comment The average number of words in the comment of portfolio i in t. 

Tone Difference of positive and negative words as classified by Bannier, Pauls, and Walter 

(2019) relative to the overall number of words within the comment of portfolio i in t in 

percent. 

Readability Readability measure of the comment of portfolio i in t following Bjornsson (1968) 

divided by 100. It is defined as the average number of words per sentence plus the 

percentage of words with more than six letters. 

TimeLagComment Days since the last comment of portfolio i. 

# Comment Number of comments for portfolio i until day t. 

Panel B: Portfolio Data 

Past Performance 360-day raw return of portfolio i in t (we exclude outliers above the 97.5 percentile and 

under the 2.5 percentile) in percent.  

Market Adjusted 360-day raw return of portfolio i in t minus the 360-day return of the MSCI World index 

in t in percent. 

Sharpe 360-day Sharpe Ratio of portfolio i in t; negative values adjusted as suggested by 

Israelsen (2005). 

4F Alpha 360-day four-factor alpha of portfolio i in t in percent. 

Volatility 360-day return volatility of portfolio i in t in percent. 

Inflows Sum of inflows to (the structured product of) portfolio i over the last 360 days divided 

by the invested euros in portfolio i in t-360 in percent. 

Net Flows Sum of inflows minus the sum of outflows to/out of (the structured product of) portfolio i 

over the last 360 days divided by the invested euros in portfolio i in t-360 in percent. 

Issue Age Age (since issue of the structured product) of portfolio i on day t in years. 

AUM Assets under management (i.e., invested euros in the structured product) of portfolio i on 

day t. 

Panel C: Self-Attribution Bias Dummies 

SAB Dummy equaling 1 if the comment of portfolio i on day t is identified as self-attribution 

biased, and zero otherwise. 

SEB Dummy equaling 1 if the comment of portfolio i on day t is identified as self-

enhancement biased, and zero otherwise. 

SPB Dummy equaling 1 if the comment of portfolio i on day t is identified as self-protection 

biased, and zero otherwise. 

Panel D: Overconfidence Proxies 

# Transactions Number of transactions of portfolio i over the last 90 days. 

# Purchases Number of purchases of portfolio i over the last 90 days. 

# Sales Number of sales of portfolio i over the last 90 days. 

Turnover Trading volume of portfolio i over the last 90 days divided by the value of the virtual 

portfolio i in t in percent. 

# Securities Average number of securities in portfolio i over the last the 90 days. 

Max Return Maximum absolute daily raw return of portfolio i over the last 90 days in percent. 
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Appendix I-B: Heckman correction 

In our study, we focus on traders’ comments. However, not all traders write comments 

on the social trading platform. While some traders write comments frequently, others do 

not write comments at all. In result, a sample selection bias could occur. We apply the 

two-stage Heckman (1979) correction to address this issue. First, we estimate a probit 

model regression of determinants of writing a comment. For this regression, the 

dependent variable equals one if the trader of portfolio i writes a comment on day t, and 

zero otherwise. Hence, sample size is much higher than in our main results. Second, we 

use hazard rates obtained from this regression as a control variable in all following 

regressions.  

Table I-B.1: Determinants of writing a comment (Heckman correction) 

 

 

Results in Table I-B.1 indicate that the probability of writing a comment is positively 

related to past portfolio performance, past net flows as well as assets under management. 

This is in line with Ammann and Schaub (2017) who find that successful social traders 

are more likely to write comments. Furthermore, portfolio age is negatively related to the 

probability of writing a comment. Given that, traders seem to be more motivated to write 

comments at the beginning of their social trading career.   

This table shows the probit regression results of the first stage of the two-stage Heckman (1979) 

selection model. The dependent variable is Dummy Comment equaling one if the trader of 

portfolio i writes at least one comment on day t and zero otherwise. We refer to Table I-A.1 in   

Appendix I-A for a definition of the other variables. We use the hazard rates of this regression as 

control variable in all regressions in our main results to correct for a potential sample selection 

bias. t statistics in parentheses: * significant at 10%; ** significant at 5%; *** significant at 1%. 

  (1) 

VARIABLES Dummy Comment 

   

Past Performance 0.468*** 

 (3.562) 

Net Flows 0.002*** 

 (2.682) 

Ln Issue Age -0.409*** 
 (-8.601) 

Ln Volatility 0.004 
 (0.138) 

Ln AUM 0.139*** 
 (10.422) 
  

Pseudo R² 0.0688 

Observations 762,760 
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Appendix I-C: An alternative measure for biased self-attribution 

In this appendix, we use an alternative way to identify traders being prone to the self-

attribution bias. We do so because the definition of the self-attribution bias differs among 

different sources. While Gervais and Odean (2001, p. 1) define biased self-attribution as 

the behavior to “overestimate the degree, to which we are responsible for our own 

success”, Hastorf et al. (1970, p. 73) describe it as the “attributing success to our own 

dispositions”. The main difference is that the first definition states that there is a justified 

level to which past success is attributable to oneself. From this perspective, only people 

showing a level of self-attribution higher than justified are classified as self-attribution 

biased. In the second definition, however, any attribution of past success to oneself is 

attributed to biased self-attribution. While the measure for the self-attribution bias in our 

main specification relies on the first definition, we use a measure for the self-attribution 

bias based on the second definition in this appendix. 

Following the second definition of the bias, every positive value of Self Ref that follows 

on positive past returns is associated to biased self-attribution (self-enhancement bias). 

Additionally, every negative value of Self Ref following on negative past returns is 

associated to biased self-attribution, as well (self-protection bias). See Figure I-C.1 for a 

graphical presentation. 

Figure I-C.1: Construction of alternative measures of biased self-attribution 

Every positive value of Self Ref that follows on positive past returns is associated to self-enhancement bias (SEBalt=1). 

Additionally, every negative value of Self Ref that follows on negative past returns is associated to the self-protection 

bias (SPBalt=1). 

  

Past   

Performance

Self Ref

Self-protection bias

(SPBalt = 1)

Self-enhancement bias

(SEBalt = 1)

No 

self-protection bias

(SPBalt = 0)

No

self-enhancement bias

(SEBalt = 0)
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Based on these new measures for biased self-attribution, self-enhancement and self-

protection, we re-estimate our main regressions presented in tables I-2 to I-4. Overall, 

results qualitatively remain the same and are available upon request. Overall, results 

qualitatively remain the same and are available upon request.  
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Appendix I-D: Examples of comments on the investigated social trading platform 

To illustrate our approach of calculating self-referencing within a trader’s comment, we 

provide two examples from our sample.17 We highlight all first person personal pronouns 

as bold and underline all third person personal pronouns. Additionally, we calculate the 

self-referencing measure for each example the way it is done in our paper. 

Self Ref
i,t

 = 100 * 
Number Self

i,t
 - Number Otheri,t

Number Wordsi,t

 (D.1) 

Example 1:  

I am very happy about the performance of my portfolio. Although there was a 

noticeable loss with Tesla to be absorbed, it had only a small impact on the overall 

portfolio due to a weighting of only 3%. My stabilizers work the way I wanted, 

although I am aware that Dialog Semiconductor is quite speculative as a stabilizer. 

Since I am really convinced by the security, I see more opportunities than risks, 

especially after the noticeable share price loss before my initial investment. 

Self Ref = 100 * 
8−1

83
= 8.43 

Example 2:  

Today also, markets are drifting down. They remain under pressure since political 

events as well as fear of a new wave of bank and government bankruptcies (Argentina, 

France, Netherlands) spread fear and panic. Currently, it seemed to me that the DAX 

has developed a massive weakness. Compared with the DOW, the DAX still shows 

underperformance. 

 Self Ref = 100 * 
1−2

56
= −1,79 

 

                                                 

17 We translated the examples from German to English.  
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Abstract - By analyzing data of more than 1,000 Initial Coin Offerings (ICOs) obtained 

from seven different ICO information platforms, we investigate the effectiveness of 

projects’ quality signals (human capital, entrepreneurs’ self-efficacy, ambiguity reduction 

and level of media presence) with regard to ICO funding success. Results imply that 

media presence and entrepreneurs’ self-efficacy are effective signals of project quality in 

the ICO market and thus, can foster funding success. Project initiators that communicate 
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entrepreneurs appearing self-efficacious with regard to the quality of their venture receive 
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1. Introduction 

The development of the Initial Coin Offering (ICO) market in the recent years highlights 

its increasing importance for entrepreneurs and investors. Raised funds increased from 

less than 0.03 billion USD in 2015 to more than 15 billion USD in the first half of 2018 

(EY, 2018). The popularity of ICOs virtually led to a hype among investors. The 

announcement of an ICO by the traditional photography company Kodak in January 

20181, for example, suddenly increased Kodak’s popularity among investors. By the end 

of the announcement day, Kodak’s stock price jumped up by about 120 percent. Hence, 

the use of an ICO for capital formation seems to be a positive signal for potential investors 

per se. Nevertheless, the success of ICOs highly varies among the different projects: while 

some ICOs attract several hundred millions of USD, many are not able to raise any funds 

at all.2 Therefore, investors seem to distinguish between the different projects. However, 

given the fact that ICO investors cannot directly observe project quality, ICO projects 

need to effectively signal venture quality to encourage investors to participate in the token 

sale.  

Surprisingly, a systematic understanding of effective quality signals in the ICO context is 

still lacking. Therefore, this paper provides theoretical considerations of different quality 

signals in the context of ICOs and evaluates the effectiveness of different quality signals 

for ICO funding success. More specifically, we investigate the relevance of venture 

quality (in terms of human capital), level of uncertainty (in terms of entrepreneurs’ self-

efficacy and ambiguity reduction) and the level of familiarity (in terms of media presence) 

for ICO founding amount.  

Our study makes a major contribution to research on early stage financing by providing 

theoretical considerations and empirical evidence of the effectiveness of various types of 

signals that are sent out by ICO initiators. A large body of literature has examined the 

association between information provided by entrepreneurs and investors’ funding in 

different contexts of fundraising. Based on the signaling theory (Spence, 1973), previous 

studies provide empirical evidence which signals are effective in the sense of fostering 

                                                 

1  See https://kodakone.com/press/detail-page/kodak-and-wenn-digital-partner-to-launch-major-blockchain-initiative-

and-cryptocurrency.html. 

2 See our summary statistics in Table II-1. 
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investments of potential investors (Ahlers et al., 2015; Ahlstrom and Bruton, 2006; Cosh 

et al., 2009; Kromidha and Li, 2019; Prasad et al., 2000). However, the transferability of 

previously published research on entrepreneurial signaling to ICOs is problematic as 

every method of capital formation has its own idiosyncrasies (Barbi and Mattioli, 2019; 

Duffner et al., 2009; Giudici et al., 2018). Therefore, it is necessary to investigate the 

capital formation process of ICOs separately.  

An ICO can be defined as a crowdsale that takes place on a blockchain. In particular, 

project initiators generate so-called tokens on a blockchain and then usually sell those 

tokens to investors in exchange for other established cryptocurrencies such as Ethereum 

or Bitcoin. Issued tokens grant purchasers a utility of some kind (e.g., access to a future 

good or service) or a share of a future cash flow generated by the issuing ICO project. In 

general, the emerging crypto market is characterized by both, low regulation and high 

information asymmetries. While some countries, such as China, banned ICOs entirely 

(PBC, 2017), national legislations of other countries, such as USA and Switzerland, 

assess token sales on a case-by-case basis (FINMA, 2018; SEC, 2017). Other countries, 

such as Russia, in turn, seem to foster ICOs by hardly regulating the ICO market at all 

(MinFin, 2018). 

To address our research question, we use data of more than 1,000 ICOs that we identify 

on seven popular online ICO information platforms.3 We obtain data on raised funds from 

those ICO information platforms to assess ICO funding success. Additionally, to avoid 

potential reverse causality issues, we collect data on human capital, ambiguity reduction 

and entrepreneurs’ self-efficacy directly from ICOs’ white papers that were published 

before the actual ICO event. Those white papers provide information about the underlying 

project to potential investors. Moreover, we gather data on projects’ media presence 

before ICO from eight different social media platforms. Our final sample covers the 

period from July 2014 to January 2018 and includes an ICO funding volume of 

approximately 8.7 billion USD on aggregate.  

Results suggest that both, the level of ICOs’ media presence and entrepreneurs’ self-

efficacy, are positively related to ICO funding success and thus are effective signals for 

                                                 

3  More precisely, the most popular ICO platforms are icodata.io, icotracker.net, icobazaar.com, tokendata.io, 

icobench.com, smithandcrown.com and icodrops.com. 
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project quality. More precisely, ICOs that are accompanied by the usage of various social 

media channels as well as high social media activity receive more funds from investors. 

Second, ICO characteristics that signal entrepreneurs’ self-efficacy, such as low bonus 

granted, high share of tokens retained by the ICO initiators and short token sale period, 

are positively related to ICO funding amount. In contrast, our results do not provide 

evidence in favor of a clear benefit of projects' human capital and ambiguity reduction in 

the promotion of ICO funding success. 

We apply a test proposed by Oster (2019) on whether the presence of omitted variables 

could bias our main results. The findings of this test show that our results seem not to be 

driven by omitted attributes and characteristics of ICOs that are not captured in our main 

model specification.  

2. Institutional framework 

2.1 Distributed ledger technology, blockchain and initial coin offerings 

The Distributed Ledger Technology (DLT) refers to an emergent database concept. In 

particular, data is consensually recorded and shared across multiple data stores known as 

ledgers. As all ledgers have to contain the same data records, new additions to data by 

members (nodes) of this distributed network are recorded on each ledger eliminating the 

need for a central authority (Yu et al., 2018). In detail, each independent ledger update is 

shared in the underlying peer-to-peer network and then, to ensure validity of a new entry 

(i.e., to prevent simultaneous transactions on the same asset or to prevent cyber-attacks, 

such as distributed denial-of-service attacks), a consensus algorithm is used. Each 

distributed ledger network has its predefined cryptographic validation method. Once a 

consensus is reached, all nodes add this new entry to their ledger. Thus, each node has an 

identical copy of the entire data at any point in time.4 Moreover, distributed ledgers can 

be distinguished by two features. First, distributed ledgers are either permissionless or 

permissioned (Trump et al., 2018). While in permissioned networks nodes need a 

permission from the responsible entity (i.e., the creator of the distributed ledger) to change 

ledger entries, data updates in permissionless networks are allowed in principle. Second, 

distributed ledgers can be differentiated concerning the access to the network. In detail, 

                                                 

4 See Natarajan et al. (2017) for a more comprehensive description. 



CZAJA/RÖDER Signaling in Initial Coin Offerings 

II-43 

while anyone can access public ledgers, private ledgers are only accessible by approved 

nodes. 

Blockchain is a specific type of the DLT. It is the underlying technology used by the vast 

majority of projects conducting an ICO. Blockchain is characterized by an append-only 

data structure (i.e., ledgers can only be altered by extension) that exists in the form of a 

chain of blocks. The key feature of the blockchain technology is the implementation of 

cryptography. Every new addition (block) to the digital ledger that stores information 

about transactions, for instance information concerning time, money amount or 

transaction partners, is ‘hashed’ (Natarajan et al., 2017). More specifically, a 

cryptographic hash function transforms information about transactions to a bit string of 

fixed size (hash) by applying a mathematical algorithm (Halevi and Krawczyk, 2006). As 

the hash function is non-invertible, subsequent modifications of the information about 

transactions results in a different hash and therefore, manipulations are easy to detect. 

Every block contains the hash of the previous block, information on the considered 

transaction and an additional timestamp. As a result, a chain of blocks is formed. Thus, 

given blocks cannot be altered ex post without altering all subsequent blocks of the chain.  

Recently, a considerable number of new ventures employs the blockchain technology for 

capital formation. Known as ICOs, mainly technology startups generate and sell so-called 

tokens via blockchain in exchange for traditional fiat money or established 

cryptocurrencies, such as Bitcoin and Ethereum (Roosenboom et al., 2020). More 

precisely, tokens are entries on a blockchain. ICO initiators determine token amount, 

token value and other special conditions (e.g., a bonus scheme for early investors). Then, 

ICO initiators sell the generated tokens in a predetermined ICO period. All terms and 

conditions as well as the automatic execution of the token sale are implemented in so-

called smart contracts. More specifically, when an investor transfers money to the ICO 

project’s digital address, i.e. node in a blockchain, she automatically receives an amount 

of tokens in accordance with the smart contract’s terms and conditions. As described 

above, all transactional data is stored in the underlying blockchain. The creation and sale 

of tokens takes place either on an existing blockchain, such as Ethereum, which is most 

common for ICOs, or on a new blockchain that is especially created for the ICO.  
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Distributed tokens usually offer an incentive for investors. According to the type of 

incentive, there is a distinction between so-called ‘utility tokens’, ‘security tokens’ and 

‘currency tokens’ (Ante et al., 2018; Howell et al., 2019). The first one represents some 

form of utility that is granted to token holders, i.e. access to future products or services of 

the ICO project. Typically, either only token holders can use ICO project’s future 

products or services or if basic features of the services are accessible to everyone, some 

additional premium features of the services are exclusively available for token holders. 

Security tokens, on the other hand, are comparable to stocks or bonds and represent a 

share of the ICO project or a claim on future ICO project’s cash flows. However, the 

profit-sharing mechanism lacks a legal basis, which makes it basically impossible for 

investors to assert any legal claims. Lastly, some tokens neither represent utility nor profit 

claims but instead, solely function as digital currencies (currency token). 

2.2 The process of initial coin offerings 

The starting point of a typical ICO is the preparation of a white paper. A white paper is a 

document written by the ICO initiators that usually promotes and explains the underlying 

products or services, introduces the project team and describes a business plan. 

Additionally, it mostly includes token sale characteristics, such as token amount, 

distributed share of tokens, sale period, possible bonus schemes, as well as a description 

on how collected funds will be used (Adhami et al., 2018; Chen, 2019).  

Simultaneously to the release of a white paper or shortly thereafter, ICO initiators use 

social media, especially the platforms of Twitter and BitcoinTalk 5  to promote their 

project. The first social media presence constitutes the starting point of a marketing 

campaign that typically lasts until the end of the token sale period. Usually, marketing 

activities include almost exclusively activities on social media channels, such as 

presenting project’s updates, images and videos as well as communication with potential 

investors. Moreover, many initiators introduce their project on ICO information platforms. 

Typically, all marketing activities of an ICO are limited to online channels. 

Many ICO initiators prepend a so-called pre-sale (or pre-ICO) prior to the actual token 

sale period. The goal of a pre-sale is to attract additional attention from investors, increase 

                                                 

5 See www.bitcointalk.org. 
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total funding amount or to finance the subsequent main token sale (i.e., technical 

implementation as well as marketing expenses). Typically, a pre-sale is characterized by 

very high granted bonuses. After the pre-sale, the main token sale starts and lasts for a 

predefined period. During this period, the token price usually varies due to a predefined 

bonus scheme that rewards early investors. Once the token sale period is over and the 

ICO is successful, ICO initiators begin with the implementation process of their project 

plans as described in the initial white paper. Some successful ICOs strive for a listing of 

its distributed tokens on a cryptocurrency exchange, such as Binance6 or Coinbase7. Once 

a token is listed on an exchange, token holders can start trading their tokens on the 

secondary market. Figure II-1 summarizes the typical ICO process. 

Figure II-1: Schematic ICO process 

This figure shows the typical stages of an ICO process. 

 

 

 

                                                 

6 See www.binance.com. 

7 See www.coinbase.com. 
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2.3 Legal framework 

With increased public attention, regulators worldwide have started to deal with ICOs and 

to provide regulatory frameworks for token sales. However, the current state of progress 

of implementation varies by country (Barsan, 2017; Dobrauz-Saldapenna and Klebeck, 

2019; Hacker and Thomale, 2018). Especially, regulators have varying views on the legal 

characterization of cryptocurrencies and tokens, respectively. In consequence of 

diverging features of tokens, such as the distinction between utility, security and currency 

tokens, some regulators characterize tokens as commodities (Bolotaeva et al., 2019; Enyi 

and Le, 2017), while others consider them to be property (IRS, 2014). In the following, 

we give a brief overview about the legislation on ICOs in the five countries with the 

highest total amounts raised 8 , i.e. United States, Russian Federation, Switzerland, 

Singapore and China.  

In the United States, legal classification of an ICO is based on the classification of issued 

tokens. As the first step, thus, the American exchange supervisory authority (SEC) 

assesses whether an issued token has to be classified as a security. For this purpose, the 

SEC applies the Howey test, the standard test for the classification of financial products 

in the US (Murphy, 1946). According to this test, an issued token has to be classified as 

a security if the token constitutes a ‘contract, transaction or scheme whereby a person 

invests his money in a common enterprise and is led to expect profits solely from the 

efforts of the promoter or a third party’ (Murphy, 1946, no. 2). In case of a positive test 

result, tokens are required to be registered with the SEC and are subject to US security 

laws (Debler, 2018; Maume and Fromberger, 2019). On the other hand, there is no special 

regulation of the handling of utility tokens, as those are not classified as securities. In 

summary, US legislation regulates the legality of a token sale on a case-by-case basis 

(SEC, 2017). 

Analogously to US legislation, for Swiss authorities, the classification of a token 

constitutes the first step of the assessment which existing laws are applicable. On 

February 16, 2018, the Swiss Financial Market Supervisory Authority (FINMA) 

published guidelines on the regulatory framework for ICOs (FINMA, 2018). According 

to these guidelines, the FINMA distinguishes between ‘payment tokens’, ‘utility tokens’ 

                                                 

8 See www.icowatchlist.com/statistics/geo for data on ICO statistics by country. 
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and ‘asset tokens’. Only ‘asset token’ that ‘represent assets such as a debt or equity claim 

on the issuer’ (FINMA, 2018, p. 3) are treated as securities and therefore, are subject to 

security laws. 

In Russia, the central bank of the Russian Federation is responsible for the regulation of 

ICOs. In January 2018, the Ministry of Finances published a first draft of a law regulating 

digital financial assets, called the Digital Assets Regulation Bill (MinFin, 2018). In 

accordance with this draft, tokens should be classified as property. Another feature of this 

draft is that qualified investors can unrestrictedly participate in ICOs while retail investors 

have only a restricted right to participate. 9 Although there had been several other drafts 

since then, as of the end of March 2020, there is still no special regulation for token sales 

in Russia, i.e. Russian authorities do not regulate ICOs at all (Partz, 2020). 

Singaporean regulatory authority (MAS), on August 1, 2017, issued guidance on how 

they will regulate issued tokens that fall under the Securities and Futures Act (SFA) (MAS, 

2017b). In this statement, the MAS announced that it would apply existing security laws 

if a token falls within the definition of a security. Also in 2017, the MAS warned investors 

against investing in ICOs due to fraudulent conduct by a high number of ICO initiators 

(MAS, 2017a). In summary, regulation of ICOs is based on a case-by-case assessment by 

Singaporean authorities as well.  

In China, seven central government regulators issued an announcement on September 4, 

2017 wherein they prohibited ICOs entirely to protect Chinese investors from fraudulent 

conduct by ICO initiators (Deng et al., 2018; PBC, 2017). Until then, Chinese regulators 

did not regulate ICOs at all. 

Overall, the legal characterization and regulation of token sales vary markedly for the 

individual countries. While some countries, such as China and South Korea, take a very 

restrictive approach by entirely prohibiting ICOs, other countries, such as Russia, do not 

regulate ICOs at all. Consequently, regulation significantly influences the regional 

distribution of conducted ICOs. 

                                                 

9 If necessary, Russian authorities reserve the right to prohibit a token sale on a case-by-case basis. 
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2.4 Market overview 

Figure II-2 provides an overview of the development of the ICO market for our sample 

from July 2014 to January 2018. Presented numbers are in line with other public sources, 

such as the research report by the accounting firm Ernst and Young (2017).  

Figure II-2: Development of the ICO market from July 2014 to January 2018 

This figure features all ICO proceeds for our sample comprising ICOs that were conducted between July 2014 and 

January 2018. The first bar summarizes all proceeds for our whole sample. Further bars illustrate all proceeds in the 

respective periods indicated below.  

 
 

After a total amount of about 125 million USD from 2014 to 2016, ICOs collected more 

than seven billion USD in 2017 and more than one billion USD in the first month of 2018, 

and thus, constitute a fast-growing funding source on the global financial markets. 

The global ICO market is characterized by a wide geographical dispersion. Figure II-3 

presents the distribution of ICO projects’ origin for our underlying data sample. As can 

be seen from Figure II-3, besides western countries, such as the USA, the UK and 

Switzerland, also Asian countries as well as Russia play an essential role in the ICO 

market. Moreover, ICOs are popular in offshore financial centers, such as the Cayman 

Islands. Beside for legal and regulatory reasons, this fact could be an indication that many 

ICO are conducted for reasons of tax avoidance, money laundering or other fraudulent 

intents (Tiwari et al., 2020). A study prepared by the ICO advisory firm Statis Group 
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reports that about eleven percent of ICO investments fell prey to fraudulent projects 

(‘scams’) (Dowlat, 2018). Moreover, Huang et al. (2019) provide a more detailed 

overview about the geography of ICOs. 

Figure II-3: Raised funds of ICO projects by country 

Panel A shows the top ten leading countries worldwide by value of funds raised through ICOs in the period from 

July 2014 to January 2018. Panel B presents the geographical dispersion of ICO projects on the basis of total funds 

raised in the period from 2015 to January 2018. 

Panel A: Top Ten Countries 
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Panel B: Geographical dispersion of ICO projects 
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2.5 Comparison of ICOs to conventional crowdfunding 

As stated above, an ICO can be defined as a form of early-stage financing that uses the 

distributed ledger technology, which, depending on the token form, grants monetary or 

non-monetary rewards to the backers. The forms of conventional capital formation closest 

to ICOs are reward-based and equity-based crowdfunding. As defined by Belleflamme et 

al. (2014, p. 588), ‘Crowdfunding involves an open call, mostly through the Internet, for 

the provision of financial resources’. In reward-based crowdfunding, capital seeking 

projects provide backers non-monetary rewards or products in exchange for funding 

(Ahlers et al., 2015). Accordingly, ICOs issuing utility tokens can be considered as a form 

of reward-based crowdfunding. On the other hand, in equity-based crowdfunding, funders 

receive an amount of equity or bond-like shares in the underlying project (Ahlers et al., 

2015). With this definition, ICOs issuing security tokens can be regarded as a form of 

equity-based crowdfunding.  

Nevertheless, ICOs and conventional crowdfunding campaigns differ in various aspects. 

In the following, we present the most important differences. 

In general, in conventional crowdfunding the investment process is centralized on 

crowdfunding platforms that act as intermediaries (Belleflamme et al., 2014). Since 

crowdfunding platforms services are mostly directed to domestic investors and projects, 

the investor base in crowdfunding rather has a local character (Giudici et al., 2018). 

Moreover, reward-based crowdfunding is often characterized by social ties between 

investors and fundraisers (Giudici et al., 2018). In ICOs, however, using the DLT, 

investors allocate their financial resources directly to the project initiators. Consequently, 

project initiators and investors do not depend on any (local) intermediary platform. 

Therefore, given a particular project, we assume a wider geographical dispersion of ICO 

investors compared to crowdfunding investors.  

With regard to the typology of fundraisers, ICOs and conventional crowdfunding are 

similar. More specifically, startups and young companies usually make use of 

conventional crowdfunding, i.e. equity-based and reward-based crowdfunding, to foster 

the growth of their venture (Paschen, 2017). Although some established companies 

conduct an ICO, however, the majority of ICO projects are at an early stage as well.  
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According to the differences in the typology of investors and fundraisers, there are great 

disparities in terms of number of campaigns and the average funding per campaign. As 

stated above, ICO initiators collected more than seven billion USD in 2017, which 

constitutes a value similar to the transaction value of equity-based and reward-based 

crowdfunding campaigns taken together (Statista, 2019a, 2019b). However, while less 

than one thousand ICO campaigns are responsible for this high transaction value in the 

emerging crypto market, the transaction value in the conventional crowdfunding market 

is generated by about 38 thousand equity-based crowdfunding campaigns and about 

5.2 million reward-based crowdfunding campaigns (Statista, 2019c, 2019d). As a result, 

the average ICO campaign from our sample collected about 8.6 million USD, whereas, 

equity-based crowdfunding campaigns and reward-based crowdfunding campaigns 

collected 78,867 USD and 765 USD on average, respectively.  

A consideration of the geographical distribution of ICO projects and conventional 

crowdfunding campaigns reveals differences as well. With regard to reward-based 

crowdfunding, about 80 percent of total funds were collected in China, while another 

10 percent were collected in the US (Statista, 2019a, 2019b). These numbers suggest a 

high level of market concentration. In equity crowdfunding, China and the US constitute 

the most important markets as well. However, as campaigns in China are accountable for 

about 21 percent of the market volume and campaigns in the US for about 17 percent, the 

level of market concentration is essentially lower. With regard to the regional distribution 

of ICOs as presented in Figure II-3, the leading role of the US becomes apparent. The US 

account for about 29 percent of total funds in our sample. Furthermore, while the Swiss 

and the Singaporean market globally play a key role as well, the Chinese market is less 

important. However, in contrast to conventional crowdfunding that, according to Li 

(2016), is scarcely regulated in China, ICOs have been entirely banned in 2017 (PBC, 

2017). In summary, besides the availability of financial resources, the geographical 

distribution of ICOs and conventional crowdfunding campaigns, respectively, is mainly 

driven by regulatory requirements in the different countries.  
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3. Theoretical background and hypotheses 

3.1 Determinants of ICO funding success 

Like any other kind of investments in new ventures, ICO investments are subject to the 

well-documented principal agent problem (Fama and Jensen, 1983; Jensen and Meckling, 

1976; Van Osnabrugge, 2000). On the one hand, investors (principals) try to select the 

best investment from the given options. On the other hand, entrepreneurs or project 

representatives (agents) aim to attract funds from investors. However, this allocation 

process is characterized by information asymmetries. Agents usually have more 

information about the true value of the project than the principals. Due to the low level of 

legal clarity combined with the anonymity of participants in the DLT, as described in the 

previous chapter, those information asymmetries are eminently high for ICOs compared 

to conventional start-up financing (Momtaz, 2020). Nevertheless, ICO investors, like any 

other types of investors, seek to reduce the likelihood to invest in ‘lemons’ (Akerlof, 

1970). Hence, to attract funds from investors, project representatives have to decrease the 

information asymmetries perceived by potential investors. Therefore, according to 

signaling theory (Spence, 1973), project representatives need to provide information to 

investors to signal project quality. Though, not every type of information is an effective 

quality signal (Ahlers et al., 2015). In particular, effective signals are characterized as 

observable, i.e. investors recognize and understand them, and costly, i.e. the production 

of these signals entails costs (Connelly et al., 2011). 

From a theoretical point of view and based on previous literature, we develop a 

framework on what types of information constitute effective signals that are used by 

entrepreneurs to convince potential investors and thus foster funding success. We argue 

that there are three channels that are related to funding success within the ICO context, 

namely (1) venture quality, (2) level of uncertainty and (3) level of familiarity. Figure II-4 

shows the hypothesized model. 
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Figure II-4: Hypothesized model 

This figure illustrates hypothesized determinants of funding success.  

 

 

 

3.2 Human capital 

Every new venture starts with a team of entrepreneurs that identifies a business 

opportunity and tries to exploit it (Shane and Venkataraman, 2000; Venkataraman, 1997). 

Therefore, it is evident that the human capital, i.e. all the knowledge, talents, skills, 

abilities, experience, intelligence, judgment, and wisdom of the project team (Haq, 1996), 

is an important factor of success for every entrepreneurial project. Unsurprisingly, a 

considerable amount of empirical literature has emphasized the importance of human 

capital for venture success (Bates, 1990; Baum and Silverman, 2004; Ray and Singh, 

1980; Unger et al., 2011). Therefore, it is likely that potential investors are also aware of 

this relationship. Venture capitalists, for example, use firms’ team characteristics as one 

of the most important criteria for their investment decisions (Zacharakis and Meyer, 2000). 
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Analogously, Ahlers et al. (2015) and Baum and Silverman (2004) demonstrated that 

human capital is an effective signal in conventional crowdfunding. Both, social capital, 

i.e. social networks and thus access to valuable information, as well as intellectual capital, 

i.e. employee expertise, are integral parts of human capital. Since ICO projects, similar 

to conventional crowdfunding projects, usually are at an early stage of the business life 

cycle, human capital is an important factor of project success.  

Consequently, we argue that human capital is an effective signal of venture quality for 

potential investors and thus, positively relates to ICO funding success: 

H1: Human capital positively relates to ICO funding success. 

3.3 Entrepreneurs’ self-efficacy 

Besides the skills and knowledge of the team members, starting a new venture also 

requires the entrepreneurs’ belief that the project will succeed. Dimov (2010) shows that 

opportunity confidence is one important factor of venture emergence. Opportunity 

confidence describes the personal belief of an entrepreneur that an opportunity at hand is 

feasible and that she is able to establish a venture that exploits this opportunity. Only if 

entrepreneurs believe that they can produce desired results by their actions, they have an 

incentive to start a venture. This trait is termed as ‘self-efficacy’ (Bandura, 2010). In this 

context, Baum and Locke (2004) find that entrepreneurs’ self-efficacy is positively 

related to subsequent venture growth. The authors show that self-efficient entrepreneurs 

also have higher passion for the business. In the context of ICOs, entrepreneurs can show 

high self-efficacy by setting ICO parameters that are unambiguous, such as low bonus, 

short duration and low share of distributed tokens (i.e., higher share of tokens remains for 

the entrepreneurs). This observable and costly behavior show entrepreneurs’ conviction 

of their own venture and might be an effective signal of venture quality that reduces the 

level of uncertainty from the investors’ point of view. Since people prefer known risks 

over unknown risks (Ellsberg, 1961), we assume that entrepreneurs’ self-efficacy is 

related with higher funding amounts. We hypothesize: 

H2: Entrepreneurs’ self-efficacy positively affects ICO funding success. 

3.4 Ambiguity reduction 

As aforementioned, known as ambiguity aversion (Ellsberg, 1961), individuals usually 

prefer known risks over unknown risks. In the case of investments, that implies that 
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investors prefer an investment opportunity for which they know all underlying risks and 

probabilities to an equivalent investment opportunity with ambiguous information (Park 

and Patel, 2015). Ahlers et al. (2015) find that in the case of conventional crowdfunding, 

providing detailed information about risks can be an effective signal and therefore, fosters 

funding success. Given the low level of legal clarity in the environment of ICOs, we 

expect that potential investors are even more sensitive to the level of ambiguity linked to 

the ICO project. We argue that reducing ambiguity regarding the ICO project signals the 

team’s awareness of potential risk factors as well as its preparedness for potential 

consequences. Additionally, potential investors have a better basis on which to form 

expectations, which is preferred by investors (Epstein and Schneider, 2008). Transferring 

the idea of ambiguity aversion to the ICO context, we argue that if the level of uncertainty 

decreases investors’ likelihood to invest increases. Therefore, we hypothesize: 

H3: Reducing ambiguity regarding the ICO project positively affects ICO funding 

success. 

3.5 Level of media presence 

In traditional entrepreneurial financing, such as venture capital or angel investment, 

personal communication is a key factor to establish social relationships between 

entrepreneurs and investors to decrease perceived information asymmetries and to signal 

project quality (Kollmann and Kuckertz, 2006; Shane and Cable, 2002). ICOs, however, 

like conventional crowdfunding, take place online. Consequently, most direct personal 

communication is mainly replaced by pseudo personal communication via social media 

(Drobetz et al., 2019; Moritz et al., 2015). Projects that show a higher (social) media 

presence are more likely to become familiar to potential investors (Heller Baird and 

Parasnis, 2011; Naylor et al., 2012). Moreover, active use of social media demonstrates 

preparedness and thus, signals venture quality (Courtney et al., 2017). Additionally, 

increasing social media activity can enhance the salience of an ICO and thus, possibly 

helps to inform investors about the upcoming investment opportunity (Solomon, 2012; 

Sprenger et al., 2014). Empirical literature also supports the hypothesis of media presence 

as an effective signal by finding that the use of media is positively related to crowdfunding 

success (Beier and Wagner, 2015; Courtney et al., 2017). Additionally, intense and 

diverse social media communication might increase the attention an ICO project receives 
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from different types of traditional media, which is related with higher funding amounts 

(Petkova et al., 2013). Therefore, we hypothesize: 

H4: The level of media presence positively affects funding success. 

4. Data set and construction of variables 

4.1 Data sources and sample construction 

We obtain our data from three different sources: ICO information platforms, ICO white 

papers and ICO projects’ social media channels. First, we collected data from seven 

different ICO information platforms10 to define our sample and to derive our dependent 

variable, i.e. raised funds. Second, we use information from the ICO white papers to 

create the majority of our independent variables. Third, we investigate the presence of 

each ICO project on eight different social media platforms. Here, additionally, we 

investigate ICOs’ Twitter accounts more deeply to assess the social media activity of 

ICOs. Please see Appendix II-A for detailed description of the data processing procedure. 

Online ICO information platforms are public databases that contain information about 

upcoming, current and past ICOs. Therefore, those platforms are the starting point of our 

data collection. Typically, these platforms contain information on the name of the ICO, 

ICO’s time schedule, details about the offering, but also links to the project’s website, 

white paper or social media channels. After the token sale event, most platforms also list 

the funds raised by the ICO. However, an entry in those platforms is not mandatory. As 

a result, no platform contains complete information about all ICOs that have taken place. 

Therefore, and to get an initial sample as comprehensive as possible, we collect data from 

seven different ICO information platforms from July 2014 to January 2018. We manually 

match the data from the seven different ICO information platforms and remove duplicates. 

We highlight the importance of a manual merging procedure, as the names of the projects 

often slightly differentiate among the different platforms. Next, we remove ICO pre-sales 

from our sample, as we are only interested in ICO main sales. This procedure results in a 

sample of 1,057 different ICOs.  

                                                 

10 We use the platforms icodata.io, icotracker.net, icobazaar.com, tokendata.io, icobench.com, smithandcrown.com and 

icodrops.com. 
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After defining our sample, we collected data to generate variables to proxy for ICO 

funding success as well as for the different signals within the ICO context. We use the 

data from the different ICO platforms to obtain values for our dependent variable. As 

mentioned above, ICO information platforms offer comprehensive data about the ICOs 

besides the collected funds. However, we are not able to obtain a time stamp for the data 

entries. To avoid potential reverse causality issues, we therefore collect our data on the 

explanatory variables from other sources than the ICO information platforms. ICOs’ 

white papers are our first source of data for our explanatory variables. White papers are 

documents written by ICO initiators to promote and explain their products or services as 

well as to present the project team and the planned ICO schedule to potential investors. 

As those white papers offer a creation date, we can base our investigation on information 

that were available to investors before the actual ICO period. From those white papers, 

we obtain data regarding the projects’ human capital, entrepreneurs’ self-efficacy, 

ambiguity reduction as well as our control variables.  

The second source of data for our explanatory variables are social media platforms. More 

precisely, we use the data from social media platforms to proxy for the level of media 

presence of each ICO project. Therefore, we first scan eight different social media 

platforms, namely Twitter, Facebook, Bitcointalk, Github, Reddit, Telegram, Medium 

and Slack, for accounts of each ICO project that have been set up before an ICO. 

Moreover, we assess the activity of each ICO project on Twitter before the main token 

sale event.  

4.2 Measure of ICO funding success  

In the context of entrepreneurship and early stage financing, success is not a clear defined 

concept. Thus, studies use diverse approaches to capture funding success (e.g., Ahlers et 

al., 2015; Ahlstrom and Bruton, 2006; Courtney et al., 2017). As we try to capture funding 

success from the ICO initiators’ perspective, we use collected funds during the token sale 

event as our dependent variable. The more funds an ICO project collects, the more 

successful is the ICO. 

Another possibility to assess early stage investment success would be to investigate if 

there was a successful exit (e.g., an initial public offering or a private placement) in the 

future. However, this definition rather describes success from investors’ view, while we 
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would like to capture success from the perspective of ICO initiators. Furthermore, we 

lack the information on whether an ICO campaign even considers an exit in the (near) 

future. Therefore, we focus our investigation on the ICO event itself instead of a potential 

exit event in the future.  

A further option would be to define success in relation to the funding goal. Subsequently, 

some researchers measure success with a binary variable being one if the funding target 

was reached and zero otherwise (Courtney et al., 2017; Wang et al., 2018), or by a metric 

variable that captures the funds actually collected in proportion to the funding goal 

(Duffner et al., 2009). Most ICOs, however, do not define an explicit funding goal (Fisch, 

2019). Frequently, ICOs only disclose a so-called ‘soft cap’ or ‘hard cap’. The soft cap 

describes a threshold that, if it is not reached during the ICO, usually leads to a complete 

refund of all ICO investments. As ICO initiators try to avoid such an event, they often set 

the soft cap to an especially low level. The hard cap, on the other hand, defines the 

maximum amount of total investment approved by the algorithm of the ICO’s smart 

contract. Hence, the level of the hard cap often does not relate to the funds needed for the 

accomplishment of the underlying project. Therefore, the soft cap and the hard cap 

commonly are not adequate benchmarks for ICO funding success. 

4.3 Construction of explanatory variables 

We collect data for six different categories of variables: (1) funding success, (2) human 

capital, (3) entrepreneurs’ self-efficacy, (4) ambiguity reduction, (5) level of media 

presence and (6) controls. We use the following variables for our estimations: 

As discussed in the previous section, we define ICO success as the funds collected by a 

project during the token sale event. Therefore, the dependent variable in our model is the 

amount raised by the project during ICO main sale in million USD (raised mUSD).  

Our first category of explanatory variables captures human capital. Following the 

literature on conventional crowdfunding (Ahlers et al., 2015), we extract the size of the 

project team (team size) as well as the share of team members that hold a university 

degree (share university degrees) to proxy for human capital. Moreover, we argue that 

projects’ advisors can offer the team valuable guidance as well as the access to a personal 

business network and though, improve human capital (social capital) as well. Therefore, 
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we use the projects’ number of advisors (number advisors) as a third proxy for human 

capital.  

To proxy for entrepreneurs’ self-efficacy, we obtain data about ICO duration (duration), 

the share of tokens distributed to the public during ICO (distributed percent) and potential 

bonuses (bonus) from projects’ white papers. We argue that a short ICO duration (set 

prior to the token sale event), such as in the case of equity crowdfunding (Lukkarinen et 

al., 2016), signals the project team’s confidence in their ability to collect the needed funds 

in a short period and therefore, can serve as a proxy for entrepreneurs’ self-efficacy. 

Moreover, we argue that the higher the share of tokens that remains in the ownership of 

the project team the higher the team’s confidence in project success (Ahlers et al., 2015). 

It follows that the lower the share of tokens distributed to the public, the higher the team’s 

self-efficacy. This is in line with the literature documenting that entrepreneurs with a 

higher self-efficacy hold larger stakes in their venture (Cassar and Friedman, 2009). 

Lastly, we argue that the lower potential discounts or bonuses in an ICO that initiators 

offer to investors the higher the project team’s confidence in the project’s quality. 

Accordingly, setting those ICO parameters in the described manner reduces the level of 

uncertainty from the investors’ point of view. 

Our third category of explanatory variables comprises proxies for ambiguity reduction. 

Some white papers offer a disclaimer containing legal information about the ICO 

(investment). Moreover, a decent number of white papers offer a section about potential 

risk factors linked to a participation in the ICO. In this context, Arnold et al. (2010) as 

well as Park and Patel (2015) show that there is a relationship between the ambiguity of 

a project perceived by investors and the risk factors section in the underlying IPO 

prospectus. Therefore, we use a dummy variable that captures the existence of a section 

regarding potential risk factors (risk factors) in the ICO’s white paper as a proxy for 

ambiguity reduction. Additionally, we include a second dummy variable equaling one if 

there is a legal disclaimer (disclaimer) in the corresponding white paper, and zero 

otherwise. 

As explained above, we use data from eight different social media platforms to assess the 

level of media presence of a project. Therefore, we count the number of social media 

channels a project uses before ICO. The resulting variable (social count) is a proxy for 
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the diversity of communication and our first measure of the level of media presence of a 

project.  

Figure II-5: Usage of social media platforms by ICO projects in percent 

This figure shows the percentage of ICO projects that use the respective social media platform. The first bar includes 

all ICO projects that use at least one social media platform. 

 
 

Figure II-5 gives an overview over the usage of the different social media platforms 

among the projects in our sample. As shown in Figure II-5, more than 72 percent of ICOs 

use at least one social media channel. Among the eight different channels, Twitter is the 

most prominent one. Considering all projects that use at least one social media channel, 

more than 96 percent of them use Twitter. 

In addition to the number of social media platforms, the activity on those platforms is an 

important factor for the overall media presence of an ICO project. As Twitter is the most 

common social media channel among ICO projects, we identify the number of posts of 

each ICO project on Twitter in the last 60 days before the ICO as a second measure of 

media presence (Twitter activity).  
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Further controls constitute the last category of variables. Our control variables are the 

token price during ICO (token price), the projects’ funding goal (goal mUSD) and a 

dummy variable for the existence of a pre-sale before ICO (pre-sale).  

The token price is the price (i.e., amount of traditional fiat money or established 

cryptocurrencies) an investor has to pay for one token of the ICO in USD. Often the token 

price is stated in Ethereum or Bitcoin and therefore, the USD token price varies over time 

due to the significant fluctuations of these cryptocurrencies. In those cases, we identify 

the average USD token price during the ICO period.  

A further control variable is the funding goal. However, as mentioned in section 3.1, 

project initiators often define no concrete funding goal. Mostly, only the so-called hard 

cap is given. Nevertheless, following the literature on conventional crowdfunding (Ahlers 

et al., 2015; Courtney et al., 2017), we control for the stated funding goal, soft cap, or 

hard cap (depending on availability) in USD (goal mUSD) but point out that the reliability 

of this control variable is relatively small.11 

 Lastly, we identify whether a project offers a pre-sale before the ICO main sale. We do 

so, because such projects could be more familiar to investors. The resulting variable 

(pre-sale) is a dummy variable that equals one, if there was a pre-sale before the ICO, 

and zero otherwise. 

4.4 Summary statistics and correlations 

Table II-1 provides the summary statistics for our sample. It is structured in six panels 

(A to F). Note that we have 1,057 observation for our variables raised mUSD and 

social count as we obtained the data for those variables from ICO information platforms 

and social media platforms, respectively. Other variables (apart from Twitter activity), 

however, are obtained from the projects’ white papers. Hence, this data is only available 

for ICOs providing a white paper before the token sale event. As only about 82 percent 

                                                 

11 Only 43 of the projects provide a specific funding goal. Moreover, 95 projects provide a soft cap. Other projects 

either provide a hard cap or no information about a funding goal at all. Therefore, we create the variable goal mUSD 

as follows: If the projects provides a specific funding goal the variable equals that goal. Moreover, if the project 

provides no funding goal, the variable equals the soft cap. If the project neither provides a funding goal nor a soft cap, 

the variable equals the hard cap. For reasons of robustness, we tested whether our results are affected by the construction 

of the variable. However, results do not change significantly. Additionally adding interaction terms for the respective 

goal types does not change our results. Regression results are available upon request. 
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of the projects in our sample provided a white paper, the maximum number of 

observations for those variables is 863. The variable Twitter activity holds only 

734 observations, as it is only available for projects that had a Twitter account before ICO. 

Table II-1: Summary statistics 

This table contains the summary statistics of our dataset. We define the variables as follows: raised mUSD is the amount 

raised by the project during the ICO main sale in million USD. team size is the number of individuals in the project 

team. share university degree is the share of the team members that hold a university degree. number advisors is the 

number of advisors of the ICO project. duration is the duration of the ICO in days. distributed percent is the share of 

tokens that is distributed to the public during the ICO. bonus is the maximum bonus that is granted to investors during 

the ICO. risks is a dummy variable that equals one if there is a section in the ICO white paper that declares potential 

risk factors of the ICO (investment), and zero otherwise. disclaimer is a dummy variable that equals one if there is a 

(legal) disclaimer in the ICO white paper, and zero otherwise. social count is the number of social media platforms the 

ICO project uses. Twitter activity is the number is tweets the ICO project posted in 60 days before the start of the ICO. 

token price is the price of the token during the ICO in USD. pre-sale is a dummy variable that equals one if there was 

a pre-sale before the ICO main-sale. goal mUSD is the fund raising goal of the ICO project in USD. 

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

VARIABLES N mean sd min p5 p25 p50 p75 p95 Max 

Panel A: ICO success 

raised mUSD 1,057 8.64 20.59 0 0 0 0.89 9.75 37.86 258.00            
Panel B: Human capital 

team size 863 4.47 5.91 0 0 0 3 7 14 80 

share university degree 863 0.14 0.27 0 0 0 0 0.17 0.88 1.00 

number advisors 863 1.81 3.56 0 0 0 0 3 10 35            
Panel C: Entrepreneurs' self-efficacy 

duration 830 34.48 26.48 1 1 17 31 45 91 195 

distributed percent 809 0.61 0.25 0.00 0.15 0.45 0.62 0.80 1.00 1.00 

bonus 863 0.23 0.56 0.00 0.00 0.00 0.11 0.30 0.79 10.00            
Panel D: Ambiguity reduction 

risks 863 0.22 0.42 0 0 0 0 0 1 1 

disclaimer 863 0.34 0.47 0 0 0 0 1 1 1            
Panel E: Media presence 

social count 1,057 3.16 2.48 0 0 0 3 5 7 8 

Twitter activity 734 64.30 106.43 0 0 0 29 81 258 1,087            
Panel F: Controls 

token price 776 15.66 288.16 0.00 0.01 0.10 0.30 1.00 10.00 7,912.60 

pre-sale 863 0.52 0.50 0 0 0 1 1 1 1 

goal mUSD 774 29.79 46.63 0.03 0.50 4.50 15.01 35.00 100.00 500.00 

 

As can be inferred from Panel A, ICO projects raised 8.64 million USD on average. The 

median, however, is only 893 thousand USD indicating a positively skewed distribution 

of raised mUSD.12 More than 25 percent of the ICOs collected no funds at all. It follows 

that despite the high popularity of ICOs investors did not blindly delegate money to every 

project that was somehow related to distributed ledger technology. The maximum raised 

                                                 

12 Plotting the residuals of the regressions from our main specification, we find no deviation from the assumption of 

normal distributed standard errors except for heteroscedasticity. Therefore, we estimate heteroscedasticity-consistent 

standard errors. Moreover, using log-transformed raised mUSD does not significantly change the results of our 

investigations. Regression results are available upon request.  
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funds by one project in our sample are 258 million USD by the Hdac project. While some 

news articles report ICOs that raised much higher sums (Kharif, 2018), the relatively low 

value in our sample results from the fact that we restricted our sample to ICOs that were 

completed until January 2018.13 

Panel B provides data about the human capital of ICO projects. The average stated team 

size is four, while 14 percent of the team members declare to own a university degree. 

Moreover, ICO projects in our sample present two advisors on average. More than 

25 percent of ICOs do not present any founders or team members in their white papers. 

Panel C shows that the mean of ICO duration is about 34 days. However, there are also 

ICOs that take place on only one day or that take up to 195 days. The average ICO 

distributes 61 percent of generated tokens to the public. Therefore, founders on average 

retain a 39 percent of tokens. The bonus fluctuates between 0 and 1,000 percent, while 

being 25 percent on average. A bonus of 25 percent implies that when you buy one token 

and you fulfill specific criteria, you receive 1.25 tokens instead. Note that we always 

capture the highest possible bonus during the main sale. 

As can be inferred from Panel D, only 22 percent of ICO white papers present potential 

risk factors, while about 34 percent provide a legal disclaimer.  

Panel E provides information about the level of media presence of ICO projects before 

the token sale. Projects run three social media channels on average. However, while the 

maximum of social count is eight, more than 25 percent of the projects in our sample use 

no social media channel at all. The mean of Twitter activity is 64.30, implying that the 

average ICO twitter account posts about 64 tweets in the 60 days before ICO. However, 

the median of the variable is only 29, showing that the mean is driven by a few projects 

that write many tweets (up to 1,087) before ICO. 

Controls (Panel F) show that the token price is 15.66 USD on average, while the median 

price of one token is 0.30 USD. As many projects state the token price in Bitcoin or 

Ethereum, the corresponding USD price is subject to significant fluctuations. For instance, 

the minimum Bitcoin price in our sample period was 572 USD, while the maximum price 

                                                 

13 The EOS ICO, for example, collected more than four billion USD, however, over several sale events from June 2017 

until June 2018. 
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was 19,479 USD. More than 50 percent of the projects offer a pre-sale before the main 

sale event. The mean of goal mUSD is more than 29 million USD, while the median is 

15.01 million USD. 

Table II-2 presents the correlation matrix of our variables. Our main variable of interest 

and proxy for ICO success (raised mUSD) is positively correlated to team size and the 

number of advisors, indicating a positive relationship between ICO success and human 

capital. However, there is no correlation between raised mUSD and the share of team 

members holding a university degree. Moreover, raised mUSD is statistically 

significantly related to all three proxies for the entrepreneurs’ self-efficacy (duration, 

distributed percent, bonus) as well. As higher values of those variables indicate a lower 

self-efficacy, negative signs of the correlations indicate a positive relationship between 

entrepreneurs’ self-efficacy and ICO success. There seems to be no linear relationship 

between our proxies for the ambiguity reduction, namely disclaimer and risks and ICO 

success. However, the level of (social) media presence (social count and Twitter activity) 

positively related to ICO success. Overall, the correlations suggest that human capital, 

entrepreneurs’ self-efficacy and media presence are effective signals within the ICO 

context. 

Apart from linear relationships between explanatory variables and ICO success, there are 

also relationships between several of our explanatory variables. Especially, pre-sale and 

social count are statistically significantly related to most of our other explanatory 

variables. To assess potential collinearity issues in our main regression models, we 

calculate the variance inflation factors (VIF) for all our model specifications. We find a 

maximum VIF of 1.61 indicating no severe collinearity issues in our regressions. 

  



CZAJA/RÖDER Signaling in Initial Coin Offerings 

II-66 

Table II-2: Correlation matrix 
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5. Results 

5.1 Mean differences tests 

The correlation matrix presented above provides a first glimpse on potential relationships 

between our explanatory variables and ICO success. To get further insights into the 

relationship between quality signals and ICO success, we apply a mean difference test. 

Therefore, we perform a median split according to raised mUSD and then, compare the 

means of our explanatory variables for the resulting subsamples. Table II-3 presents the 

results. 

Table II-3: Median split of raised mUSD 

This table presents a comparison of the means of our explanatory variables for the two subsamples resulting from a 

median split according to raised mUSD. We define the variables as follows: raised mUSD is the amount raised by the 

project during the ICO main sale in million USD. team size is the number of individuals in the project team. 

share university degree is the share of the team members that hold a university degree. number advisors is the number 

of advisors of the ICO project. duration is the duration of the ICO in days. distributed percent is the share of tokens 

that is distributed to the public during the ICO. bonus is the maximum bonus that is granted to investors during the 

ICO. risks is a dummy variable that equals one if there is a section in the ICO white paper that declares potential risk 

factors of the ICO (investment), and zero otherwise. disclaimer is a dummy variable that equals one if there is a (legal) 

disclaimer in the ICO white paper, and zero otherwise. social count is the number of social media platforms the ICO 

project uses. Twitter activity is the number is tweets the ICO project posted in 60 days before the start of the ICO. 

token price is the price of the token during the ICO in USD. pre-sale is a dummy variable that equals one if there was 

a pre-sale before the ICO main-sale. goal mUSD is the fund raising goal of the ICO project in USD. ***, **, * indicate 

statistical significance at the 1%, 5% and 10% levels, respectively. 

    raised mUSD     

VARIABLES 

Number of 

Observations 

Below Median 

Group (B) 

Above Median 

Group (A) 

Difference 

(A) – (B) 

t-statistic 

            

Human capital      

team size 664 3.720 6.295 2.575 5.366*** 

share university degree 664 0.145 0.165 0.0206 0.956 

number advisors 664 1.241 2.810 1.569 5.564*** 

Self-efficacy      

duration 664 41.430 26.270 -15.160 -7.605*** 

distributed percent 664 0.657 0.585 -0.072 -3.977*** 

bonus 664 0.343 0.178 -0.165 -3.454*** 

Ambiguity reduction      

disclaimer 664 0.352 0.392 0.039 1.043 

risks 664 0.229 0.268 0.039 1.167 

Media presence      

social count 664 2.732 4.669 1.937 11.38*** 

Twitter activity 521 35.000 63.870 28.870 4.201*** 

Additional controls      

token price 664 9.640 26.290 16.650 0.688 

pre-sale 664 0.584 0.557 -0.027 -0.705 

goal mUSD 664 26.620 30.560 3.935 1.253 
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Regarding human capital, we find a significant difference between the below median 

group of raised mUSD and the above median group of raised mUSD for two out of three 

variables. While the average team size of projects in the below median group is 3.72, the 

average of team size of projects in the above median group is nearly twice as high at 6.30. 

The number of advisors is even more than twice as high for projects in the above median 

group (2.80) compared to projects in the below median group (1.24). The number of 

people involved in a project positively relates to ICO success, while the education of the 

team members does not. Overall, evidence from the mean difference tests suggest that 

human capital is an effective signal for venture quality.  

In line with correlation results, the mean difference tests for our proxies for entrepreneurs’ 

self-efficacy are statistically significant. All three tests indicate that a higher self-efficacy 

leads to a higher ICO funding amount. The mean difference is most striking for ICO 

duration. While ICOs in the below mean group on average show a duration of more than 

41 days, ICOs in the above median group only show an average of about 26 days. 

Again, we find no evidence for a relationship between our proxies for ambiguity reduction 

and raised mUSD. Hence, investors seem not to perceive the existence of a legal 

disclaimer or a passage about potential risk factors as a signal for project quality. 

For the proxy variables for the level of media presence, on the other hand, we find 

statistically significant mean differences. On average, projects in the above median group 

use 1.94 social media channels more than projects in the below median group. Moreover, 

projects initiators in the above median group write on average 28.87 more Twitter 

messages in the 60 days before the token sale event than the project initiators in the below 

median group. Note that we lose observations for ICOs that had no twitter account before 

the token sale event. In sum, results indicate that media presence effectively affects 

funding success. Lastly, tests for our controls show no significant mean differences. 

5.2 Multiple regression results 

In this section, we analyze the explanatory factors of ICO success within a linear 

regression framework. Results are presented in Table II-4. 
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Table II-4: Regression of raised mUSD on quality signals 

This table presents results from ordinary least squares linear regressions (using robust standard errors) with the absolute 

funding amount (raised mUSD) as the dependent variable. We define the variables as follows: raised mUSD is the 

amount raised by the project during the ICO main sale in million USD. team size is the number of individuals in the 

project team. share university degree is the share of the team members that hold a university degree. number advisors 

is the number of advisors of the ICO project. duration is the duration of the ICO in days. distributed percent is the share 

of tokens that is distributed to the public during the ICO. bonus is the maximum bonus that is granted to investors 

during the ICO. risks is a dummy variable that equals one if there is a section in the ICO white paper that declares 

potential risk factors of the ICO (investment), and zero otherwise. disclaimer is a dummy variable that equals one if 

there is a (legal) disclaimer in the ICO white paper, and zero otherwise. social count is the number of social media 

platforms the ICO project uses. Twitter activity is the number is tweets the ICO project posted in 60 days before the 

start of the ICO. token price is the price of the token during the ICO in USD. pre-sale is a dummy variable that equals 

one if there was a pre-sale before the ICO main-sale. goal mUSD is the fund raising goal of the ICO project in USD. 

We use fixed effects for time (month-year), industry, token form (utility token, security token or currency token) and 

the ICO project’s country of origin. t statistics in parentheses: ***, **, * indicate statistical significance at the 1%, 5% 

and 10% levels, respectively. 

 

Model 1: all observations  Model 2: subsample of ICO projects  

running a Twitter account before ICO 

  (1)  (2) (3)   (4)  (5)  (6)  

Dependent Variable:  

raised mUSD Coefficient Beta t-statistic  Coefficient Beta t-statistic 

               

Human capital        

team size 0.029 0.008 0.182  0.042 0.012 0.235 

share university degree 1.025 0.013 0.441  1.080 0.013 0.348 

number advisors -0.073 -0.012 -0.325  -0.129 -0.022 -0.515 

Self-efficacy        

duration -0.134*** -0.165*** -4.557  -0.122*** -0.146*** -3.706 

distributed percent -7.770* -0.085* -1.696  -10.725* -0.103* -1.683 

bonus -2.843** -0.081** -2.252  -3.148* -0.082* -1.870 

Ambiguity reduction        

Risks -1.359 -0.027 -0.698  -2.072 -0.038 -0.793 

disclaimer 2.329 0.052 1.223  3.310 0.068 1.385 

Media presence        

social count 2.099*** 0.232*** 4.671  2.396*** 0.176*** 3.659 

Twitter activity     0.017* 0.080* 1.916 

Additional controls        

token price -0.001 -0.016 -0.962  -0.001 -0.010 -0.432 

pre-sale -2.938* -0.067* -1.648  -4.367* -0.090* -1.713 

goal mUSD 0.164*** 0.306*** 2.779  0.196*** 0.343*** 2.651 

        

Constant 5.938  0.552  20.802*  1.949 

        

Observations 664    521   

R-squared 0.314    0.340   

Month-Year FE YES    YES   

Industry FE YES    YES   

Token Form FE YES    YES   

Country FE YES      YES     
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There are 664 observations in our first estimation. We are able to explain 31.4 percent of 

the variation of raised mUSD. Column 1 shows regression coefficients of our first model. 

With regard to human capital, the significant correlations between raised mUSD and 

team size and number advisors, respectively, vanish when we control for other factors 

that are related to raised mUSD. Hence, there is no significant linear relationship between 

raised mUSD and any of our three proxy variables for human capital in our multiple 

regressions. Therefore, we reject our hypothesis H1 that human capital positively affects 

ICO funding success. Our results suggest that human capital is no significant signal for 

project quality from an ICO investors’ point of view. In this regard, ICOs seem to differ 

from conventional crowdfunding investment (Ahlers et al., 2015; Barbi and Mattioli, 

2019; Piva and Rossi-Lamastra, 2018). We argue that human capital plays a less 

important role from an ICO investor’s perspective as ICO projects on average are much 

larger than conventional crowdfunding campaigns (see above). Consequently, stronger 

inter-personal ties between backers and investors than in ICO campaigns characterize 

conventional crowdfunding campaigns. 

 The coefficients for duration, distributed percent and bonus confirm our results from the 

correlation analysis (see Table II-2) and the median split (see Table II-3). The coefficients 

are statistically significant while showing a negative sign each. For every day less that an 

ICO last, it collects 134 thousand USD more. This finding is in line with the literature 

showing that IPOs with a shorter duration are perceived as less risky (Brooks et al., 2009). 

Moreover, for one percentage point of tokens less distributed to the public (and thus one 

percentage point of tokens more reserved by the ICO founders), an ICO collects 

78 thousand USD more. We argue that, a low share of tokens distributed to the public 

indeed signals entrepreneurs’ confidence in the value of their project, lower the level of 

uncertainty and, following the entrepreneurial ownership retention hypothesis (Leland 

and Pyle, 1977), is positively related to project value and ICO success. This is in line with 

the literature finding that ownership retention is positively related to firm value after an 

IPO (Downes and Heinkel, 1982). Lastly, for a one-percentage point lower bonus, an ICO 

collects 28 thousand USD more. This conforms to literature stating that customers may 

perceive high discounts as a signal for insufficient project quality (Gwinner et al., 1998). 

Overall, evidence supports our hypothesis H2. Entrepreneurs’ self-efficacy is an 

important signal for project quality from an ICO investors’ point of view.  
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With regard to the ambiguity reduction, we detect no significant relationship between 

used proxies and raised mUSD. Coefficients for both, risks and disclaimer, do not 

significantly differentiate from zero. This, again, is in line with our prior results (see Table 

II-2 and Table II-3) and literature on crowdfunding (Ahlers et al., 2015). Thus, evidently, 

ICO investors do not care about the declaration of potential risks or legal information 

about the investment. In conclusion, we argue that, contrary to hypothesis H3, ambiguity 

reduction is not a signal of quality for ICO investors.  

With regard to media presence, however, evidence supports our hypothesis H4. We find 

that media presence constitutes an important factor of ICO success. For each social media 

platform a project uses, it is able to collect 2.10 million USD more. Results are in line 

with our prior investigations (see Table II-2 and Table II-3). Moreover, investigations on 

conventional crowdfunding find similar relationships (Barbi and Mattioli, 2019; 

Lukkarinen et al., 2016). To get deeper insights into the role of social media, we later 

include the Twitter activity of the projects in our second regression model.  

Controls reveal that the token price is not related to the amount of USD raised. As the 

token price is arbitrarily divisible, this result is not a surprise. Projects with a pre-sale, on 

average collect about three million USD less. A possible interpretation for this finding 

might be that those projects attract institutional investors during the pre-sale who then do 

not invest during the main sale event anymore. The literature on conventional 

crowdfunding, however, finds a positive relationship between the availability of a pre-

sale and funding success (Barbi and Mattioli, 2019; Lukkarinen et al., 2016). We argue 

that ICOs differ from conventional crowdfunding in this regard as the pre-sale at 

conventional crowdfunding if often exclusively directed to institutional investors. The 

involvement of institutional investors may convey credibility in the crowdfunding project 

(Lukkarinen et al., 2016). In ICOs, however, the pre-sale is mostly open to the public as 

well. Consequently, the ICO pre-sale is a substitute to the actual main sale, possibly 

reducing the funding amount in the ICO main sale. Lastly, projects with a higher goal or 

cap attract more funds. For a one-dollar higher goal, an ICO project is able to collect 

additional 16.4 cents. However, this result has to be interpreted with caution because of 

the fact that project often state no real goal but only specify a soft cap or hard cap. 
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As mentioned before, we deploy a second regression model to investigate the role of the 

ICO projects’ Twitter activity. Results can be obtained from columns 4 to 6 of Table II-4. 

We only include ICOs in our estimation that had a Twitter account before the token sale 

event. Consequently, the number of observations drops to 521. However, the R-squared 

increases to 34 percent. Moreover, the constant increases significantly and is now 

statistically significant at the ten percent level. By implication, this increase means that 

this sub sample contains ICOs that are more successful. This is not surprising as the prior 

regression shows that ICOs that use more social media channels attract more investments.  

With regard to Twitter activity, the regression coefficient is positive and statistically 

significant. For each Twitter message in the 60 days before the ICO, an ICO project is 

able to collect 17 thousand USD more. Evidently, media presence turns out to be an 

effective signal that entrepreneurs may use to induce investors to invest in an ICO. This, 

again, supports our hypothesis H4. 

The other variables do not change notably among the two regression models indicating 

high robustness of our results. 

Overall, entrepreneurs’ self-efficacy as well as level of media presence constitute 

effective signals from the viewpoint of (potential) ICO investors. Evidence suggests, 

however, that human capital and ambiguity reduction are less important for investors.  

5.3 Assessing the potential bias from unobservable omitted variables 

Our main regressions are able to explain up to 34 percent of the variation of raised mUSD. 

Therefore, like fore many other empirical studies, a large part of the variation of our 

dependent variable remains unexplained, possibly resulting in an omitted variable bias. 

While we are not able to fully rule out the existence of this bias, we can assess the 

importance of selection of unobservable variables. Following the method of Oster (2019), 

we calculate δ for each of our proxies for entrepreneurs’ self-efficacy and level of media 

presence. δ specifies how large the share of variation of raised mUSD that unobservable 

variables are able to explain relative to the share of variation explained by the control 

variables included in our regression model needs to be, to diminish the estimated effect 

of our explanatory variables of interest on ICO success. Therefore, we calculate  

𝛿 =
𝛽𝑓𝑢𝑙𝑙

𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 − 𝛽𝑓𝑢𝑙𝑙
·

𝑅𝑓𝑢𝑙𝑙 − 𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑

𝑅𝑚𝑎𝑥 − 𝑅𝑓𝑢𝑙𝑙
 (1) 
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, where 𝛽𝑓𝑢𝑙𝑙 is the coefficient of our explanatory variable of interest using the full set of 

controls from our regression model in the previous section, while 𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑  is the 

coefficient of our explanatory variable of interest from the model using the explanatory 

variable of interest only. 𝑅𝑓𝑢𝑙𝑙  and 𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑  are the R-squareds of the particular 

regression model, while 𝑅𝑚𝑎𝑥 is the R-squared of a hypothetical estimation that includes 

both, observable and unobservable variables. We follow Oster's (2019) recommendation 

by setting 𝑅𝑚𝑎𝑥to 1.3 ∗ 𝑅𝑓𝑢𝑙𝑙. Table II-5 presents the results. 

Results imply that the explanatory power of a potential omitted variable has to be 

2.3 (duration) to 14.1 (bonus) times higher than the actual explanatory power of our full 

regression model to vanish the effect of our explanatory variable of interest. Oster (2019) 

suggests that a δ of more than one is an indication that there is no significant omitted 

variable bias in the given regression model. Therefore, we argue that omitted variables 

are no serious issue in our investigation. Moreover, the beta range in Table II-5 provides 

a range for the coefficients of our explanatory variables of interest when adjusting our 

estimations for a potential unobservable omitted variable effect. As none of the beta 

ranges encloses zero, results suggest that estimated coefficients are still different from 

zero.  

Table II-5: Selection on observables to assess bias from unobservables 

This table presents the results of Oster's (2017) test for unobservable selection and coefficient stability. 𝛿 is the degree 

of selection on unobservable variables relative to observed variables that would be necessary to explain away the results 

given the full model specifications. It is calculated as 
𝛽𝑓𝑢𝑙𝑙

𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑−𝛽𝑓𝑢𝑙𝑙
·

𝑅𝑓𝑢𝑙𝑙−𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑

𝑅𝑚𝑎𝑥−𝑅𝑓𝑢𝑙𝑙
, where 𝛽𝑓𝑢𝑙𝑙  is the coefficient of 

our explanatory variable of interest using the full set of controls as presented in column 4 of Table II-4, while 𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑  

is the coefficient of our explanatory variable of interest from the model using the variable of interest as explanatory 

variable only. 𝑅𝑓𝑢𝑙𝑙  and 𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 are the R-squares of the particular regression models, while 𝑅𝑚𝑎𝑥 is the R-square 

of a hypothetical estimation that includes both, observable and unobservable variables. We follow Oster's (2017) 

recommendation by setting 𝑅𝑚𝑎𝑥to 1.3*𝑅𝑓𝑢𝑙𝑙 . The beta range is [𝛽∗, 𝛽𝑓𝑢𝑙𝑙], where 𝛽∗ is the bias-adjusted treatment 

effect that is calculated as 𝛽∗ = 𝛽𝑓𝑢𝑙𝑙 − (𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 − 𝛽𝑓𝑢𝑙𝑙) ∗
𝑅𝑚𝑎𝑥−𝑅𝑓𝑢𝑙𝑙

𝑅𝑓𝑢𝑙𝑙−𝑅𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑
. 

Explanatory variable 

of interest 

Full model δ Beta range 

     
duration Controls + Month-Year FE + Industry FE + 

Token Form FE + Country FE 

2.260 [-0.100, -0.122] 

distributed percent Controls + Month-Year FE + Industry FE + 

Token Form FE + Country FE 

2.562 [-8.759, -10.720] 

bonus Controls + Month-Year FE + Industry FE + 

Token Form FE + Country FE 

14.110 [-3.177, -3.148] 

social count Controls + Month-Year FE + Industry FE + 

Token Form FE + Country FE 

4.374 [2.329, 2.396] 

Twitter activity Controls + Month-Year FE + Industry FE + 

Token Form FE + Country FE 

2.786 [0.013, 0.017] 
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6. Limitations 

Although our empirical results are based on a comprehensive database of mainly 

manually collected information and seem to be robust to omitted variable bias as 

suggested by the findings of the Oster (2019) test, our study may suffer from some 

limitations and remaining questions, respectively. In the following, we describe the most 

relevant limitations of our study.  

First, the principles of ICOs and thus, the anonymity of ICO investors, prevent us from 

gaining deeper insights on the individuals investing in ICO projects. Therefore, we are 

not able to analyze investor characteristics, such as demographic factors or professional 

expertise, and their impact on investment behavior. Moreover, we are unable to identify 

investors’ underlying motives with certainty. While we assume that investors are 

motivated by monetary rewards in the first place, non-monetary rewards, such as the 

access to future products and services as granted by utility tokens, might be more 

important for some investors. We try to take this into account by including fixed effects 

for the type of issued tokens in our main specifications. 

Second, many of our variables only serve as proxies for broader concepts, e.g., we 

measure human capital signals by the size of project team and the share of team members 

that hold a university degree. Due to limited information that are provided by ICO 

initiators, however, we assume that potential investors do not have more relevant 

information as well. Therefore, our used proxies might be a close approximation of the 

respective quality signals. Moreover, our proxies are used in other relevant studies (e.g 

Ahlers et al., 2015). 

Third, our data might be subject to a selection bias. Since we derive our initial ICO sample 

from online ICO information platforms, our statistical population is restricted to ICOs 

that are included on those platforms. We try to minimize the potential selection bias by 

incorporating data on ICOs from seven different ICO information platforms. Nevertheless, 

some ICOs might take place without being represented on any of those information 

platforms. 

Fourth, it seems promising to obtain an in-depth understanding of signaling in ICOs by 

investigating various subgroups of ICOs. The effects we find in our major specifications 

might differ for different ICOs’ countries of origin, token form or company age. 
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Unfortunately, our final sample consists of only 662 ICOs and because we include 14 

explanatory variables as well as fixed effects for month-year, industry, token form and 

country, our sample is too restricted to perform further subgroup analyses. 

Fifth, as presented in the previous chapter, results from the test proposed by Oster (2019) 

reveal that it is very unlikely that our regression models suffer from a omitted variables 

bias. However, we cannot certainly rule out that other ICO characteristics, which we do 

not consider or are unobservable, might be effective signals in the ICO context as well.  

7. Conclusion 

This paper examines which project signals that are provided by ICO initiators encourage 

investors to invest financial resources in an ICO context. Using data directly obtained 

from ICO white papers that are timestamped and therefore guaranteed to have been 

released before the ICO event, we highlight the importance of media presence and 

entrepreneurs’ self-efficacy for ICO success. However, surprisingly, human capital as 

well as factors that reduce ambiguity (providing a disclaimer and information on potential 

risks) do not seem to determine ICO success. Thus, especially familiarity with an ICO 

project among potential investors and entrepreneurs’ self-efficacy are drivers of funding 

success in the ICO context. 

The implications of our main findings are manifold. From an entrepreneur’s point of view, 

who attempts to conduct an ICO, our findings provide some kind of guidance. It seems 

promising to engage actively in social media activities before the token sale. Moreover, 

a short ICO duration, high share of tokens retained by the ICO initiator, as well as a low 

bonus provided to investors are effective signals that can increase funding success. 

Furthermore, with respect to policy implications, our findings emphasize investors’ 

differentiated assessment of potential investment opportunities in the ICO context. 

However, we highlight investors’ indifference regarding the provision of legal 

disclaimers and potential risk factors. Against the background of the high number of 

scams in the ICO market, it is necessary to sensitize potential investors to underlying risks.
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9. Appendix 

: Descriptions of variables 

Table II-A.1 contains descriptions and construction details of all variables used in this 

paper. 

Table II-A.1: Descriptions of variables 

 Variable Unit Explanation 

ICO Success raised mUSD USD Amount raised by the project during the ICO main sale period 

in million USD.  

Human capital team size # Number of members in the project team. 

 share university degree % Share of the team members that hold a university degree. 

 number advisors # Number of advisors of the ICO project. 

Entrepreneurs' 

self-efficacy 

duration Days Duration of the ICO main sale in days. 

  distributed percent % Share of tokens that is distributed to the public during the 

ICO main sale period. 

 bonus % Maximum bonus that is granted to investors during the ICO 

main sale period. 

Ambiguity 

reduction 

risks 1/0 Dummy variable that equals one if there is a section in the 

ICO white paper that declares potential risk factors of the 

ICO (investment), and zero otherwise. 

 disclaimer 1/0 Dummy variable that equals one if there is a (legal) 

disclaimer in the ICO white paper, and zero otherwise. 

Media presence social count # Number of social media platforms the ICO project uses. 

 Twitter activity # Number of tweets the ICO project posted in 60 days before 

the start of the ICO main sale. 

Controls token price USD Price of the issued tokens during the ICO main sale period in 

USD. 

 pre-sale 1/0 Dummy variable that equals one if there was a pre-sale before 

the ICO main sale, and zero otherwise. 

 goal mUSD USD Fund raising goal of the ICO project in USD. 
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: Data processing procedure 

We started the empirical analysis by obtaining an initial sample from the ICO information 

platform icotracker.net. Our investigation covers the period from July 1, 2014 to January 

31, 2018. Based on this initial list of ICO projects, we searched the remaining considered 

ICO information platforms, namely smithandcrown.com, icodata.io, icobazaar.com, 

tokendata.io, icobench.com and icodrops.com, for further ICO projects and added them 

to our initial sample. This process – after manually removing duplicates and ICO pre-

sales - resulted in a sample of 1,679 ICO projects. For these ICO projects, we obtain data 

on raised funds as well as data on ICO projects’ country of origin from all aforementioned 

ICO information platforms. Since not all ICO information platforms provide data for 

every project in our sample and, in addition, the data points partially overlap, we decided 

to prioritize the platforms according to their data coverage. Thus, we derived data 

according to following order: icodata.io, tokendata.io, icobench.com, 

smithandcrown.com, icodrops.com, icotracker.net and icobazaar.com. Here, the former 

platform covers 621 ICOs whereas the latter platform provide data on 122 ICOs. Deriving 

data from seven different ICO information platforms enabled us to retrieve as many ICOs 

as possible and thus reduce a potential selection bias. As we are interested in the ICOs’ 

funding success, we removed all observations without any information on raised funds. 

Overall, this procedure resulted in a sample of 1,057 ICO projects.  

Based on this sample, we searched for ICO white papers on the ICO projects’ websites. 

If a project’s website was not available or did not provide a white paper (or only a white 

paper that dated from after the ICO period), we searched all aforementioned ICO 

information platforms for these white papers. Overall, we obtained white papers for 863 

ICO projects. We used these white papers to manually derive all of our explanatory 

variables, except for the variables on media presence. Two independent coders reviewed 

all white papers and a common consensus was reached in case of differences between the 

two coders. 

Lastly, we investigated the presence of each ICO project on eight different social media 

platforms, namely Twitter, Facebook, Bitcointalk, Github, Reddit, Telegram, Medium 

and Slack. Here, for each social media platform, we use a dummy variable that equals 

one, if an ICO project was represented on the respective platform, and zero otherwise. 

Additionally, we investigate ICOs’ Twitter accounts more deeply to assess the social 
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media activity of ICOs. In particular, we web scraped the Twitter timelines of each ICO 

project represented on Twitter using R. Overall, we obtained Twitter data containing the 

content as well as the metadata on each Tweet until January 2018 for 774 ICO projects.  

Please see Table II-B.1 for an overview of used data sources and the corresponding 

derived variables and Figure II-B.2 for the flowchart of the data collection and cleaning 

process. 

Table II-B.1: Overview of data sources 

This table shows our sources of data and derived variables from these sources. 
Source Derived variables 
  

ICO information platforms 

i.e. icodata.io, tokendata.io, icobench.com, 

smithandcrown.com, icodrops.com, icotracker.net, 

icobazaar.com  

raised mUSD 

Also: information on ICO projects’ country of origin 

  

White Papers team size, share university degree, number advisors, 

duration, distributed percent, bonus, risks, disclaimer, 

token price, pre-sale, goal mUSD 

Also: information on token form and industry 
   

Social media websites  

i.e. Twitter, Facebook, Bitcointalk, Github, Reddit, 

Telegram, Medium, Slack 

social count 

  

Twitter Twitter activity 
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Figure II-B.2: Flowchart 

This figure shows the flowchart of data collection and cleaning process.  

 

 

 

 

Initial sample from the 

ICO information platforms 

n = 1,802 

Initial sample screened 

n = 1,679 

Duplicates (n=49) and pre-sales (n=74) removed 

Reviewed sample with 

data on raised funds 

n = 1,057 

ICOs excluded without data on raised funds (n=622) 

Final sample 

n = 863 

ICOs excluded without white papers (n=194) 

ICOs included in 

empirical analysis 

n = 664 

ICOs excluded with missing information (n=199): 

-missing data on ICO duration (n=47) 

-missing data on distributed tokens (n=41) 

-missing data on bonus (n=46) 

-missing data on token price (n=51) 

-missing data on funding goal (n=14) 
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in online investment, too. Drawing on nearly 14,000 loan applications and 65,000 
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Europe, we document strong evidence in support of a homophily effect on investors’ 

financial decision making. Controlling for a host of alternative determinants, being in the 
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in risk-adjusted interest rates of loans associated with investor-borrower dyads exhibiting 

the highest versus lowest number of homophilous ties. This evidence is hard to square 
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1. Introduction 

In this study, we investigate if the impact of homophily—a sociological principle which 

has been shown to affect agents’ decision making on offline financial markets (e.g., 

Hegde and Tumlinson, 2014; Stolper and Walter, 2019)—spills over to online investment. 

Homophily denotes the phenomenon that people are more likely to form relational ties 

with others who are similar to themselves than with those who are not (Lazarsfeld and 

Merton, 1954).1 This affinity for similar others is a fundamental principle underlying 

human relationships. On the one hand, it explains why people’s personal networks are 

surprisingly homogeneous across sociodemographic characteristics and behavioral traits. 

On the other hand, homophily confines people’s individual social environments and 

affects the information they obtain, the mindset they build, and the way they perceive 

interactions (e.g., Burt, 1982; Friedkin, 1993; Lawrence, 2006)  

Specifically, homophily fosters mutual understanding in peoples’ interactions with others 

in private life but also in business relations. Thus, in our context of online peer-to-peer 

lending, homophily implies that when an investor identifies a given borrower as being 

similar to her, a shift in her normative expectations should lead to a benevolent attitude 

toward the borrower such that the investor sees her behavior in a favorable light (Mills 

and Clark, 1982; Uzzi, 1999; Silver, 1990). Hence, all else equal, we thus expect investors 

to display a higher propensity to fund borrowers with whom they share more homophilous 

ties. 

What is yet unanswered, however, is whether homophily requires in-person interaction to 

be able to affect individuals’ financial decision-making. If so, online peer-to-peer lending 

would carry the potential to mitigate the impact of homophily on individuals’ behavior. 

By addressing this question empirically, this study seeks to improve our understanding of 

the dynamics and outcomes pertaining to one of the fastest-growing financial innovations 

for retail investors in recent years. In fact, ever since the launch of the first platforms in 

2005, peer-to-peer loans have quickly evolved into an important alternative finance 

vehicle and represent a worldwide market volume of nearly 280 billion USD as of 2018 

                                                 

1 See McPherson et al. (2001) for a review of the extensive body of literature on homophily and Lawrence and Shah 

(2020) for a taxonomy of the most commonly used empirical measures of homophily based on a survey of research in 

homophily from 1954 through 2018. 



CZAJA/RITTER/STOLPER Among peers: the impact of homophily in online investment 

III-89 

(Ziegler et al., 2020). More generally, with an increasing number of retail financial 

services now provided virtually, the question if and to what extent behavioral patterns 

observed in offline financial markets spill over to the online sphere is highly relevant to 

help assess the potential of online solutions when it comes to enhancing market efficiency. 

In order to examine a potential impact of homophily in online investment, we draw on 

detailed data from one of the leading online peer-to-peer lending platforms in Europe, 

which includes a total of 13,721 loan applications and 64,730 investments. Our 

identification strategy is straightforward. Following extant research applying the concept 

of homophily in business economics, we capture potential homophilous ties via 

demographic commonalities shared by clients and advisors, i.e. unambiguously and 

systematically available data. Moreover, our dataset allows us to apply the potential-

dyads method in order to measure investors’ funding choices, which does not focus on 

analyzing choice outcomes but instead explicitly incorporates all investment alternatives 

available to agents at the time they make their funding decision. 

We document strong evidence in support of a homophily effect in online peer-to-peer 

lending. Even after controlling for a battery of alternative determinants, one additional 

demographic similarity in a potential investor-borrower dyad increases the investor’s 

odds of funding the corresponding loan application by more than 11% while the average 

investment amount grows by nearly 10%. Moreover, we observe a significant gender gap 

in the strength of the documented homophily effect on investors’ likelihood of investment: 

regardless of the homophily dimension under review, the impact of investor-borrower 

sameness on the propensity to fund a loan application turns out to be substantially larger 

for female investors. Finally, we investigate if investor homophily in online peer-to-peer 

lending reflects economically rational investor decisions or instead shows a behavior, 

which suggests systematic deviations from economic optimality. In the corresponding 

analysis, we observe a statistically and economically meaningful difference 

of -19 basis points (bp) in risk-adjusted interest rates when we compare loans of investor-

borrower dyads exhibiting the highest versus lowest number of homophilous ties. This 

finding is hard to square with the notion that investors’ higher likelihood of funding 

similar borrowers in online peer-to-peer lending is primarily based on economic rationale. 
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Our study contributes to at least three different strands of literature. First, we contribute 

to research investigating the market efficiency of online peer-to-peer lending which has 

received increasing attention in recent years. In fact, several contributions point to 

significant inefficiencies in peer-to-peer lending and highlight the relevance of 

investment determinants unrelated to economic fundamentals. Pope and Sydnor (2011) 

document a lower average funding probability for African-American borrowers on peer-

to-peer lending platforms while Ravina (2008) finds that white borrowers and those 

perceived to be more physically attractive are more likely to receive funding. Moreover, 

Pope and Sydnor (2011) and Duarte et al. (2012) find higher funding chances for women 

on US online peer-to-peer lending platforms; however, this evidence of gender 

discrimination could not be confirmed for the German market (Barasinska and Schäfer, 

2014). Similarly, Herzenstein et al. (2011) report a higher relevance of uninspected 

information such as loan descriptions as compared to verified hard facts such as the loan’s 

interest rate. In a related study, Dorfleitner et al. (2016) analyze the length of the text 

describing a given loan application as well as the number of typos in it and find that, while 

this soft information is unrelated to the average probability of default, it still affects the 

probability of successful funding. Finally, Lin and Viswanathan (2016) recently 

document that locally biased investments—a robust phenomenon on offline financial 

markets (cf., e.g., Baltzer et al., 2013; Ivković and Weisbrenner, 2005)—turn out to be an 

issue in online peer-to-peer lending as well. However, the authors confine their analysis 

to the potential impact of geographic proximity, while we are the first to take a holistic 

approach towards investigating the impact of homophily on individuals’ online 

investment decisions. 

Second, we add to recent research documenting an impact of homophily on agents’ 

economic choices on offline markets. Hegde and Tumlinson (2014) show that U.S. 

venture capitalists are more likely to invest in start-ups with coethnic executives. 

Jaspersen and Limbach (2018) find that, even when controlling for educational 

background and regional proximity, mutual fund managers are found to overweight firms 

led by CEOs who resemble them in terms of age, ethnicity and gender. Only recently, 

Stolper and Walter (2019) find that homophily has a significantly positive impact on the 

likelihood of following financial advice. Retail investors’ increased likelihood of 

following stems from homophily on gender and age for male clients and from sameness 
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on marital and parental status for female advisees. We extend this literature by 

investigating if sociodemographic similarities still govern peoples’ financial decision 

making when they do not manifest saliently in physical interactions. 

More broadly, our results extend evidence of homophily on virtual peer-to-peer platforms 

in other areas of life. In early exploratory studies of the similarity of dyads on social 

network sites, Thelwall (2009) and Baym and Ledbetter (2009) find that relationships on 

Myspace and Last.fm, respectively, are strongly characterized by homophily. Wang et al. 

(2008) document homophily grounded credibility perceptions of online health 

information, which drive the persuasive process. This positive impact of homophily on 

source credibility has been confirmed by Wright (2000) for online support providers 

outside the health domain. Centola and van de Rijt (2015) study how people select their 

peer contacts in online health communities and show that participants disregard 

information about others’ fitness levels, exercise preferences, and workout experiences 

but instead select partners almost entirely on the basis of similarities on gender and age, 

i.e. common sources of homophily in offline relationships. Consistent with these findings, 

we document that homophily affects individuals’ financial decisions on virtual peer-to-

peer platforms, too. 

2. Data and key variables 

2.1 Platform details  

We obtain data from one of the leading online peer-to-peer lending platforms in Europe, 

which operates in Germany. To register to this online market for unsecured personal loans, 

borrowers and investors first share their personal data, the accuracy of which is verified 

by the platform based on the applicants’ official ID. As part of the registration process, 

applicant borrowers also authorize the platform to retrieve their individual credit rating 

from Germany’s FICO-equivalent, i.e. the credit rating agency Schufa. 2  Applicant 

                                                 

2  Schufa is Germany’s quasi-monopolist in the provision of consumer credit ratings and maintains scores for 

approximately 70 million Germans, i.e. 85% of the country’s total population (Schufa Holding AG, 2019). Schufa 

analyzes consumers’ financial behavior in order to assess their default risk and computes a score which takes one of 

15 different values ranging from A (‘excellent’) to P (‘very poor’). The corresponding algorithm is a trade secret of 

Schufa. 
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borrowers featuring a Schufa score below K (corresponding to a probability of default in 

excess of 27.01%) are denied access to the platform. 

Upon successful registration, the borrower can submit a loan application by determining 

the amount, duration, category as well as a free-text header shown in the listing. Moreover, 

she can choose to add an individual loan description and a picture of (i) herself, (ii) the 

project or object to be funded or, alternatively, (iii) a random illustration displayed along 

with the loan application. If no edits are made, the platform automatically assigns a loan 

description based on the loan category and adds a random pictogram. Importantly, the 

platform also sets the loan’s interest rate, which predominantly derives from the 

borrower’s Schufa credit rating. Borrowers have no means of adjusting the interest rate 

on their own.3 

Investors can browse all published loan applications, with the most recently accepted 

loans showing up first. As is common on online peer-to-peer lending platforms, loans 

need not be funded entirely by a single investor. Instead investors place a bid of at least 

250 € per loan for as many loans as they wish to hold a stake in.4 Given the comparably 

high minimum bid amount (on Prosper.com, e.g., minimum bids are as low as $50) and a 

mean bid amount of 436 €, we are confident that investors do not simply use ‘play money’ 

but instead use this online lending marketplace as a serious investment vehicle. The 

platform allows a 14-day period to have investors fund the loan. In case of full funding 

within 14 days or less, the loan amount is immediately paid out to the borrower. If more 

                                                 

3 Note that this means of interest rate determination differs from auction-like mechanisms on other large online peer-

to-peer lending platforms. On Prosper.com, e.g., investors specify the minimum interest rate at which they are willing 

to lend. Funds from different investors are then pooled to determine the lowest possible interest rate the borrower will 

pay. At 0.7895, Borrower credit score is highly correlated with Loan interest rate, but does not explain it entirely. 

Interest rate calculation is not fully reproducible since the platform does not disclose the relevant algorithm. 

Competitors state that borrower information such as user data collected online and earlier repayments feed into the 

calculation of interest rates. Such additional data is unavailable for the platform under review. 

4 Note that the platform under review offers two types of investment: the investor may either choose for herself which 

loan to invest in (self-directed investment). Alternatively, the investor determines the amount of money to be invested, 

minimum borrower credit scores and a target return on the investment. Based on these parameters, the platform 

automatically assembles a loan basket (delegated investment). Since we are interested in how homophily potentially 

affects individuals’ investment behavior, we omit delegated investments. 
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than 75% of the loan is fund via investors, the platform bridges the funding gap and co-

finances the loan. Otherwise, the loan is delisted.  

The platform provides investors with a wide range of information on borrowers and their 

loan applications. Specifically, each loan application includes the loan amount and 

respective interest rate, its duration, current financing status along with the number of 

submitted bids as well as an assignment to one of the preset loan categories and, if 

applicable, a description of the loan and the borrower’s profile picture.5 Moreover, each 

loan application discloses the borrower’s age, gender and state of residence as well as her 

Schufa credit score to provide investors with an indication of her default risk. Borrowers 

cannot bypass the publication of this information. The platform does not offer a private 

chat function, which ensures that all interactions between investors and borrowers are 

captured in our dataset. Moreover, borrowers’ names or residential addresses are not 

disclosed either. Thus, investors have no means to enforce debt redemption by, e.g., 

paying a private visit to borrowers and therefore, geographic proximity to the borrower 

should not be a rational input parameter to the investor’s decision on which loan to fund 

(c.f. Lin and Viswanathan, 2016). Instead, any subsequent repayment issues or defaults 

are handled directly by the platform and an associated debt collection agency. 

2.2 Sample 

We draw on detailed records of loan applications and corresponding investor bids for the 

twelve-year period from March 2007 until October 2018. Our dataset includes a total of 

13,721 loan applications and 64,730 bids. 

Panel A of Table III-1 reports summary statistics of these loans and associated bids.6 The 

median loan amounts to 5,000 € and carries an interest rate of 6.5% and a duration of 

60 months. Loan amounts vary considerably from 500 up to 50,000 € and interest rates 

also spread widely from 2.0% up to 18.0%. The mean funding status of 97.7% 14 days 

                                                 

5 Loans may be assigned to any of a total of 22 different loan categories. In the vein of Lin and Viswanathan (2016), 

we group these categories in seven broader clusters (i) debt consolidation, (ii) higher education, (iii) car purchase, 

(iv) home improvement, (v) startup capital, (vi) leisure, and (vii) other. We compare either of these subject clusters to 

the remaining pool of unassigned loans. 

6 Table III-A.1 in Appendix III-A provides descriptions of all variables used in the analysis. 
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after loan publication shows a high investment interest and implies that the platform 

hardly ever tops off investor money to fill a funding gap. 

Panel B of Table III-1 provides descriptive statistics of investors and borrowers in our 

sample. In October 2018, the median borrower is aged 49 years and applies for a single 

loan amounting to 5,250 €. The median investor is slightly younger (47 years) and 

submits six bids summing up to a total investment of 2,000 €. At 25% female borrowers 

and 7% female investors, gender proportions are comparable to what has been 

documented in prior research on peer-to-peer lending platforms (Barasinska et al., 2011; 

Dorfleitner et al., 2016; Duarte et al., 2012).7 Moreover, Barasinska et al. (2011) show 

for Germany that users of online peer-to-peer lending platforms have become 

increasingly similar to borrowers on the regular market for consumer credit with respect 

to gender, age and geographic dispersion of their places of residence. We square our data 

with demographics obtained from the latest wave of Germany’s major household survey, 

the Socio-Economic Panel (SOEP), and corroborate the findings of Barasinska et al., 

(2011). 

Table III-1: Summary statistics 

This table presents the descriptive statistics of our sample. See Table III-A.1 in Appendix III-A for detailed variable 

descriptions. 
  N Mean SD Min p25 Median p75 Max 

Panel A: Loans and bids 

Loan amount 13,721 8,116 8,887 500.0 1,500 5,000 10,500 50,000 

Loan interest rate 13,721 7.300 3.039 2.000 5.000 6.500 9.000 18.00 

Loan duration 13,721 51.25 15.65 36.00 36.00 60.00 60.00 84.00 

Loan financing status 13,721 97.74 12.13 0.000 100.0 100.0 100.0 100.0 

Bid amount 64,730 435.7 429.4 250.0 250.0 250.0 500.0 19,000 

Bids per loan 64,730 17.74 18.91 0.000 5.000 11.00 24.00 133.0 

Panel B: Borrowers and investors 

Borrower age 11,705 49.26 12.66 20.00 40.00 49.00 57.00 100.0 

Borrower credit score 13,721 3.437 2.348 1.000 1.000 3.000 5.000 10.00 

Number loans per borrower 11,705 1.150 0.529 1.000 1.000 1.000 1.000 19.00 

Total bid amount per borrower 11,705 9,756 11,719 500.0 1,500 5,250 13,500 111,000 

Investor age 7,386 48.08 11.79 19.00 39.00 47.00 56.00 93.00 

Number bids per investor 7,386 10.75 17.65 1.000 2.000 6.000 14.00 452.0 

Total funding per investor 7,386 4,594 8,537 250.0 750.0 2,000 5,250 180,500 

 

                                                 

7 See Table III-B.1 in Appendix III-B for a detailed breakdown of borrowers and investors by gender.  
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2.3 Measuring the impact of homophily 

Following related research in business economics investigating the impact of homophily 

(c.f., e.g., Hegde and Tumlinson, 2014; Hwang and Kim, 2009; Stolper and Walter, 2019), 

we capture potential homophilous ties by means of demographic similarities between 

investors and borrowers. As outlined in section 1, demographic attributes are necessary 

for homophily to evolve since they provide people with salient features allow them to 

detect elements of similarity in others. Peoples’ race and ethnicity, gender and age as well 

as their religion, education, occupation and social status have been identified as the most 

important dimensions of homophily (McPherson et al., 2001). 

Germany is one of the most ethnically homogenous countries in the world (Alesina et al., 

2003), religious homophily has decreased in relevance over time (Kalmijn, 1998), and 

evidence suggests that homophilous ties between confidants are less likely to evolve 

based on education and occupation as compared to other demographics (Louch, 2000). 

Consequently, we focus on the most salient homophily dimensions age and gender in our 

analysis. Moreover, we include the major cause of homophily, i.e. regional proximity 

between investor and borrower.8 The evidence in Huberman (2001), Lai and Teo (2008) 

and Strong and Xu (2003) suggests that geographical propinquity—regardless of whether 

there is actual economic benefits to it—promote trust and a disproportionately benevolent 

disposition toward local transaction partners. Corroborating the (behavioral rather than 

economically rational) relevance of geography for investors in peer-to-peer lending, Lin 

and Viswanathan (2016) show that homophily at least partly drives the home bias in 

funding choices on Prosper.com. 

We construct the indicator variable Same gender, which assumes a value of 1 if both 

investor and borrower are female or male, respectively. Consistent with the relatively low 

proportion of female investors and borrowers, the fraction of same-sex dyads in our data 

amounts to 76.3%. Next, following Stolper and Walter (2019), we capture age similarity 

with the binary variable Same age, which equals 1 if the absolute age difference between 

investor and borrower is no larger than 5 years, which applies for 28.9% of the sampled 

bids. Finally, the variable Same state indicates whether investor and borrower live in the 

                                                 

8 See McPherson et al. (2001) for an excellent review of the various demographic characteristics and their role in 

breeding homophily. 
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same federal state. Germany is divided into 16 federal states and, as described in 

section 2.2, the distribution of borrower and investors in our dataset is largely 

representative of the population distribution in Germany. 13.6% of the sampled bids are 

submitted by investors who live in the same state as the borrower funded by the bid. 

To quantify the intensity of homophily between investor and borrower, we combine the 

three sociodemographic dimensions in one measure. In the vein of Girard et al. (2015) 

and Stolper and Walter (2019), we construct the variable Number of homophilous ties 

counting the number of similarities which investor and borrower share in terms of age, 

gender, and state of residence. Straightforwardly, a value of zero indicates nonexistent 

homophilous ties, whereas values of 1 to 3 describe the intensity of homophilous ties 

between investor and borrower, where a higher value corresponds to a stronger link. 

Figure III-1: Distribution of Number of homophilous ties 

This figure plots the distribution of our key variable measuring the 

number of homophilous ties between borrower and investor. 

Homophilous ties are Same age, Same state and Same gender. 

Relative frequencies pertain to the total number of submitted bids 

(N=64,730). 

 

Figure III-1 plots the distribution of Number of homophilous ties. In more than 85% of 

dyads under review, investors fund borrowers with whom they share at least one 

commonality. 27% (3%) of bids feature investor-borrower dyads with two (the maximum 

of three) homophilous ties. 
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2.4 A dyadic analysis of investors’ funding choices 

To examine the impact of homophilous ties on investors’ propensity to fund a given loan, 

we follow Sorenson and Stuart (2001) and Lin and Viswanathan (2016) and apply the 

potential-dyads approach, which is not confined to studying choice outcomes but instead 

explicitly models the alternatives available to agents at the time of their choice. 

Specifically, we juxtapose each empirically observable bid in our sample with all loan 

applications that were available for investment at the time a given bid was submitted. To 

illustrate how we proceed, assume we identify n potential loans available to a given 

investor at the time she submits her bid. In a first step, we construct a binary variable 

Dyad_match_d, which, straightforwardly, equals one if an investment was made and zero 

for the remaining n-1 potential loan applications the investor could have funded but chose 

not to. During our period under review, we identify a total of 676,683 investable loan 

applications – i.e. possible credit relationships between investors and borrowers – which 

lead to 64,730 actual investor bids. Next, we then relate our key explanatory variable 

Number of homophilous ties to the likelihood of each potential investor-borrower dyad 

being realized. 

2.5 Descriptive evidence 

Are individual investors on online peer-to-peer lending platforms more likely to invest in 

loan applications by borrowers with whom they share more homophilous ties? 

Table III-2: Investor-borrower dyads by Number of homophilous ties 

This table presents the distribution of potential dyads and matching dyads organized by the 

number of homophilous ties. Percentages presented in the rightmost column indicate the 

proportion of matching dyads to potential dyads by Number of homophilous ties. The bottom line 

shows the difference between the proportion of matching dyads in case investors and borrowers 

feature three homophilous ties and zero homophilous ties, respectively. *** indicates statistical 

significance at the 1% level. 

Number of homophilous ties N potential dyads Dyad_match_d 

N % 

0 114,646 9,278 8.093 

1 376,553 35,862 9.550 

2 168,876 17,737 10.50 

3 16,608 1,853 11.16 

All 676,683 64,730 9.566 

Diff. 3 – 0 

(𝜒2) 

  3.065 pp.*** 

(175.5) 

 

We begin our analysis with a discussion of descriptive evidence reported in Table III-2. 

While the 114,646 potential dyads in which investors and borrowers do not share a single 



CZAJA/RITTER/STOLPER Among peers: the impact of homophily in online investment 

III-98 

common homophily trait result in only 8.1% actual investments, this proportion climbs 

to 11.2% for the subgroup of dyads featuring the highest possible number of 

sociodemographic similarities between investors and borrowers. Thus, the unconditional 

difference in Dyad_match_d amounts to a highly significant 3.1 pp. when we compare 

investors and borrowers displaying the most versus least intense homophilous ties. 

Moreover, we document that, unconditionally, investors’ propensity to fund a loan 

increases monotonically with every additional demographic commonality. In sum, the 

results presented in Table III-2 provide preliminary evidence in support of the hypothesis 

that the number of homophilous ties between investors and borrowers is positively 

associated with the likelihood of funding a given loan application. 

3. Regression results 

3.1 Model  

Next, we investigate if the positive relationship between the number of homophilous ties 

present in a given investor-borrower dyad and the investor’s propensity of funding the 

associated loan persists once we control for a battery of loan attributes and borrower 

characteristics previously shown to determine the likelihood of funding on peer-to-peer 

lending platforms. More specifically, we estimate the following logistic regression model 

𝐷𝑦𝑎𝑑_𝑚𝑎𝑡𝑐ℎ_𝑑𝑖,𝑗,𝑘 = 𝛼𝑖 + 𝛽𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 ℎ𝑜𝑚𝑜𝑝ℎ𝑖𝑙𝑜𝑢𝑠 𝑡𝑖𝑒𝑠𝑗,𝑘 + 𝛿′𝑚𝑖,𝑘 

+𝛾′𝑐𝑖,𝑗 + 𝜃′𝑣𝑖 + 𝜀𝑖,𝑗,𝑘 

(1) 

where Dyad_match_di,j,k denotes our binary variable indicating whether an investor j 

invests in the loan application i of borrower k. Number of homophilous tiesj,k counts the 

number of commonalities along the three homophily dimensions between investor j and 

borrower k. To gauge the impact of either of the three homophily dimensions separately, 

we estimate a related specification of the model in which we substitute 

Number of homophilous ties by (i) Same age indicating whether the investor and the 

borrower are in the same age group, (ii) Same state indicating whether both parties reside 

in the same federal state, and (iii) Same gender indicating same-sex dyads, respectively. 

We draw on prior research on online peer-to-peer investment to identify the relevant 

control variables and include vectors of borrower characteristics (𝑚𝑖,𝑘) and dyadic-level 

information (𝑣𝑖) available for each loan application i. Specifically, controls include the 
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borrower’s job and credit score, the amount of money the borrower is applying for, the 

loan’s interest rate and duration, the loan category assigned by the borrower, and whether 

she has specified a loan description and picture. Moreover, we control for investor 

experience as proxied by the number of bids she made before considering loan 

application i (ci,j). In supplementary specifications, we additionally include investor 

fixed-effects to control for time-invariant unobserved heterogeneity across the investors 

under review. Finally, we account for the potential investment universe at the time the 

investor submits her bid as well as the listing position of loan application i to control for 

a potential placement effect as proposed in Jacobs and Hillert (2016).9 

3.2 Homophily and investment propensity 

Table III-3 reports results obtained from various specifications of the logistic regression 

model formalized in equation (1). We find that the descriptive evidence of homophily 

affecting investment propensity as reported in section 2.5 persists once we allow for the 

impact of several other explanations of investment propensity. The first column of Table 

III-3 shows that, controlling for a host of alternative determinants, one additional 

homophilous tie in a potential investor-borrower dyad increases the odds that the investor 

submits a bid on the respective loan application by more than 11% (i.e., e0.1063-1), which 

is not only highly significant in statistical terms but economically meaningful, too. At 

peak, the odds of an investor submitting a bid to a loan application of a borrower with 

whom she shares commonalities along all three homophily dimensions are about 38% 

(e3*0.1063-1) higher than the odds to invest in a loan of an applicant borrower with whom 

she shares no homophilous ties. 

                                                 

9 We estimate the model using heteroscedasticity-consistent robust standard errors and add month-year fixed effects to 

capture potential seasonalities. 



CZAJA/RITTER/STOLPER Among peers: the impact of homophily in online investment 

III-100 

Table III-3: Homophily and investment propensity 

This table reports coefficient estimates obtained from various specifications of a logistic regression of Dyad_match_d 

on Number of homophilous ties and Same gender, Same state, and Same age, respectively, as well as a comprehensive 

set of control variables. See Table III-A.1 in Appendix III-A for detailed variable descriptions and section 3.1 for a 

detailed description of the regression model. Heteroscedasticity-consistent robust standard errors are reported in 

parentheses. *** indicates statistical significance at the 1% level. 

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

     

Number of homophilous ties 0.1063***  0.1117***  

 (0.006434)  (0.006814)  

Same gender  0.05987***  0.05852*** 

  (0.01073)  (0.01141) 

Same state  0.1348***  0.1447*** 

  (0.01331)  (0.01402) 

Same age  0.1305***  0.1386*** 

  (0.009993)  (0.01064) 

Borrower credit score -0.7905*** -0.7906*** -0.8226*** -0.8229*** 

 (0.005643) (0.005644) (0.005621) (0.005623) 

Loan amount log -0.06701*** -0.06630*** -0.07532*** -0.07464*** 

 (0.007787) (0.0078) (0.007921) (0.007943) 

Loan interest rate log 5.746*** 5.746*** 5.991*** 5.991*** 

 (0.04271) (0.04272) (0.04351) (0.04351) 

Loan duration -0.02240*** -0.02244*** -0.02351*** -0.02354*** 

 (0.0004854) (0.0004856) (0.0005001) (0.0005003) 

Loan description automatic -0.2460*** -0.2465*** -0.2459*** -0.2466*** 

 (0.01412) (0.01412) (0.01440) (0.01443) 

Loan photo manual 0.1003*** 0.1008*** 0.1055*** 0.1059*** 

 (0.01580) (0.01581) (0.01590) (0.01591) 

Loan rank -0.1494*** -0.1494*** -0.1449*** -0.1449*** 

 (0.002031) (0.002031) (0.001411) (0.001412) 

Number previous bids -0.002509*** -0.002518*** -0.003542*** -0.003544*** 

 (0.0004559) (0.0004559) (0.0008104) (0.0008104) 

Simultaneously available loans -0.07778*** -0.07782*** -0.07824*** -0.07830*** 

 (0.001354) (0.001354) (0.001413) (0.001424) 

Loan startup capital -0.05450*** -0.05310*** -0.05901*** -0.05733*** 

 (0.01749) (0.01749) (0.01803) (0.01802) 

Loan leisure -0.06655*** -0.07081*** -0.06220*** -0.06661*** 

 (0.02333) (0.02335) (0.02383) (0.02384) 

Loan debt consolidation -0.1475*** -0.1471*** -0.1579*** -0.1575*** 

 (0.01579) (0.01579) (0.01634) (0.01634) 

Loan home improvement -0.01049 -0.01013 -0.01993 -0.01962 

 (0.01753) (0.01753) (0.01801) (0.01801) 

Loan car purchase -0.3006*** -0.2988*** -0.3087*** -0.3065*** 

 (0.02211) (0.02212) (0.02233) (0.02240) 

Loan higher education -0.02987 -0.03436 -0.03270 -0.03752 

 (0.03220) (0.03222) (0.03270) (0.03273) 

Loan other 0.2907*** 0.2896*** 0.2842*** 0.2832*** 

 (0.05960) (0.05952) (0.06064) (0.06062) 

Borrower job official 0.08723*** 0.08706*** 0.09280*** 0.09290*** 

 (0.02588) (0.02589) (0.02672) (0.02671) 

Borrower job self-employed 0.1309*** 0.1329*** 0.1290*** 0.1315*** 

 (0.01184) (0.01186) (0.01222) (0.01224) 

Borrower job other 0.03976 0.03906 0.03080 0.02901 

 (0.1126) (0.1124) (0.1138) (0.1138) 

Constant 18.67*** 18.67***   

 (0.3009) (0.3008)   

     

Time FE YES YES YES YES 

Investor FE NO NO YES YES 

Observations 676,683 676,683 676,549 676,549 

Number of Investors 7,386 7,386 7,298 7,298 

Pseudo R-Squared 0.2199 0.2200 0.1970 0.1972 

Wald chi2 52,783 52,800 75,094 75,127 

Prob. 0.0000 0.0000 0.0000 0.0000 
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Moreover, coefficient estimates pertaining to the individual homophily dimensions show 

a statistically and economically significant impact of the respective ties at the individual 

level. The effect size of Same state corroborates the results of Lin and Viswanathan (2016) 

for investor-borrower dyads in their study of home bias on the US peer-to-peer lending 

platform Prosper.com. While they show that living in the same federal state as the investor 

improves a given borrower’s odds of being funded by approximately 21%, we report an 

increase of 14.4%. Beyond homophily induced by geographic proximity, however, we 

provide novel evidence for homophily effects with respect to the investor’s age group and 

gender. Specifically, being in the same age group as a given investor increases a loan 

applicant’s odds of funding by as much as 14.0%, while same-sex dyads are associated 

with 6.0% higher odds of investment. 

Direction and effect size of the various control variables included in the model largely 

echo prior research. Intuitively, we document that a higher interest rate and a better risk 

score, respectively, increase the likelihood of investment, which ties in with, e.g., Duarte 

et al. (2012), Lin et al. (2013) and Lin and Viswanathan (2016). Moreover, consistent 

with the findings in Dorfleitner et al. (2016) and Herzenstein et al. (2011), requested loan 

amount and loan duration negatively impact funding probability. Our data also allows us 

to investigate the potential impact of soft information, i.e. whether a borrower chose to 

provide an individual loan description and photo along with the loan application. 

Confirming prior evidence, we find that investors prefer customized borrower input over 

automatically generated content (e.g., Iyer et al., 2016) and that loan applications listed 

at the top are significantly more likely to be selected by investors (e.g., Jacobs and Hillert, 

2016). Moreover, investors on average seem to prefer loans requested by officials and 

self-employed persons to those by employees. Somewhat surprisingly, assigning a loan 

to any of the subject categories provided by the platform, if anything, lowers the 

likelihood of being funded.10 Finally, results remain virtually unchanged after controlling 

for time-invariant unobserved heterogeneity across investors by estimating both 

specifications of the logistic regression model including investor fixed effects. 

                                                 

10 Loan miscellaneous pools unassigned loan applications and represents the baseline category in the regression model. 

Note that we group the 22 preset loan categories in seven subject clusters as described in section 2.1 and footnote 36. 
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3.3 Gender differences in the impact of homophily on investment propensity 

While previous research points to considerable gender differences in the strength of 

homophily, the evidence is largely inconclusive. On the one hand, early research by 

Levinson et al. (1984) shows that, unlike female patients, males prefer their doctors to be 

men, regardless of the health problem and those health problems associated with a greater 

degree of physical intimacy result in an even stronger homophily among male patients. 

Similarly, evidence from the organizational behavior literature suggests that men are 

more likely to form homophilous ties and to have stronger homophilous ties than women 

(e.g., Ibarra, 1992). At the same time, both men and women prefer to consult with men 

when acquiring information related to more distant domains (Aldrich, 1989; Bernard et 

al., 1988). With respect to our setting, this implies that gender homophily, in particular, 

could be limited to male investors. Moreover, Brashears (2008) document a greater 

relative importance of age homophily among men, a finding, which is corroborated in 

recent research by Stolper and Walter (2019) who show stronger gender homophily and 

age homophily for male clients of financial advisors and a stronger homophily on family 

status for female advisees. 

By contrast, however, Popielarz (1999) finds that women are more likely than men to 

belong to sex-segregated groups and, in addition, women's networks are predominantly 

composed of members of the same age, education, as well as marital and work status, 

which indicates substantial gender-specific homophily. Moreover, this finding appears to 

persist even in the absence of physical interaction: Volkovich et al. (2014) investigate 

gender differences in the dayds formed in an online social network and find that gender 

homophily is much more pronounced among female users. 

Hence, we examine whether or not a gender gap in the strength of homophily can be 

observed in an online financial market, too. To this end, we interact each of the three 

homophily dimensions with investor gender. Formally, we specify the following 

modification of the generic model introduced in section 3.1:  

𝐷𝑦𝑎𝑑 𝑀𝑎𝑡𝑐ℎ_𝑑𝑖,𝑗,𝑘 = 𝛼𝑖 + 𝛽1[𝐻𝑜𝑚𝑜𝑝ℎ𝑖𝑙𝑦 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛]𝑗,𝑘 + 𝛽2𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝑔𝑒𝑛𝑑𝑒𝑟𝑗 

+𝛽3[𝐻𝑜𝑚𝑜𝑝ℎ𝑖𝑙𝑦 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛]𝑗,𝑘 × 𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝑔𝑒𝑛𝑑𝑒𝑟𝑗 

+𝛿′𝑚𝑖,𝑘 + 𝛾′𝑐𝑖,𝑗 + 𝜃′𝑣𝑖 + 𝜀𝑖,𝑗,𝑘 

(2) 
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where Homophily dimensionj,k denotes (i) Same age indicating whether the investor and 

the borrower are in the same age group, (ii) Same state indicating whether both parties 

reside in the same federal state, or (iii) Same gender indicating same-sex dyads. The 

binary variable Investor genderj equals one for male investors and zero for female 

investors. We add the same control variables and fixed effects as in the baseline model. 

Table III-4: Homophily and investment propensity – gender differences 

 

Table III-4 reports the corresponding results.11 We observe significant gender differences 

in the strength of the documented homophily effect on investors’ likelihood of investment. 

Specifically, the impact of investor-borrower sameness on the propensity to fund a loan 

application turns out to be substantially larger for female investors regardless of the 

homophily dimension under review. Sharing the same gender with the borrower increases 

the odds to invest by as much as 43% (e0.3594 − 1). Similarly, the estimated effect sizes 

for Same state and Same age jump to 35% and 31%, respectively. By contrast, coefficient 

estimates pertaining to male investors essentially replicate our evidence obtained for the 

overall sample: effect sizes for Same age and Same state amount to roughly 13% each, 

while Same gender is associated with an increase in the odds of funding of about 5%. 

                                                 

11 Note that, in order to capture the statistical significance of the coefficient estimates pertaining to (ꞵ1+ꞵ3), we rerun 

each regression using rescaled values of the indicator variable Investor genderj. 

This table reports coefficient estimates obtained from a modification of the generic model introduced in section 3.1, 

which interacts each of the three homophily, dimensions with investor gender. The second and third column show the 

impact of each homophily dimension on Dyad_match_d by investor gender. The fourth column reports the differences 

between the coefficient estimates. To obtain the statistical significance of the impact of any of the three homophilous 

ties on the propensity to invest in a given loan application for male investors (𝛽1 + 𝛽3), we rerun the logistic regressions 

with rescaled values of the indicator variable Investor gende𝑟𝑗. Heteroscedasticity-consistent robust standard errors are 

reported in parentheses. *** indicates statistical significance at the 1% level. 

 Dependent Variable Dyad_match_d 

Homophily dimension 
Female investor 

(𝛽1) 

Male investor  

(𝛽1 + 𝛽3) 

Diff. 

(𝛽3) 
N 𝑅2 

Same gender 0.3594*** 0.04681*** -0.3126*** 676,683 0.2194 

 (0.04892) (0.01143) (0.05041)   

Same state 0.2984*** 0.1270*** -0.1714*** 676,683 0.2195 

 (0.06120) (0.01364) (0.06270)   

Same age 0.2690*** 0.1244*** -0.1446*** 676,683 0.2197 

 (0.04691) (0.01023) (0.04803)   
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Taken together, our results suggest that the main result of Volkovich et al. (2014), i.e. that 

gender homophily in online social networks is much more pronounced among women, 

applies to the context of online peer-to-peer lending, as well. 

3.4 Homophily and investment amount 

Next, we examine whether homophily, besides altering investors’ likelihood of funding 

a given loan application, affects the amount of money they are willing to invest in the 

respective loan. To this end, we replace the binary dependent variable Dyad_match_d by 

the euro amount of money, which investor j places in a bid pertaining to a loan 

application i of borrower k, denoted Dyad_match_€. For any potential dyad not resulting 

in a bid, we set the bid amount to zero. Thus, because our new dependent variable 

Dyad_match_€ is censored at zero, we run various specifications of a Tobit regression 

model including the same explanatory variables as in equation (1).12 

Table III-5 reports the corresponding results. As can be obtained from specification (1), 

we find that one additional homophilous tie between investor and borrower increases the 

average bid amount by nearly 10% (i.e., [(435.70 + 41.18)/435.70] €), which proves an 

economically relevant effect size. Again, we rerun the regressions for each homophily 

dimension individually. Consistent with the evidence pertaining to investors’ funding 

propensity reported in section 3.2, the results of specification (2) show that being in the 

same age group and living in the same state as a given borrower increases investors’ 

average bid amounts by roughly 50 € or 11.5%, while same-gender dyads are associated 

with a 5.5% increase in investment. Interestingly, the coefficient estimate on Same state 

suggests a more pronounced impact of geography-induced homophily as compared to Lin 

and Viswanathan (2016), who document an maximum increase of about $16. 

                                                 

12 We select a Tobit model rather than a linear specification since (i) linear models can produce negative fitted values 

leading to implausible predictions of bid amount and (ii) the distribution of Dyad_match_€ is not (approximately) 

normally distributed and inference from a linear model might thus be impaired (c.f., e.g., Wooldridge, 2010). 
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Table III-5: Homophily and investment amount 

This table presents the results from Tobit regressions of Dyad_match_ € on Number of homophilous ties and 

Same gender, Same state, and Same age, respectively, as well as a comprehensive set of control variables. See Table 

III-A.1 in Appendix III-A for detailed variable descriptions. Heteroscedasticity-consistent robust standard errors are 

reported in parentheses. *** indicates statistical significance at the 1% level. 

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

     

Number of homophilous ties 41.18***  43.82***  

 (2.689)  (2.702)  

Same gender  23.93***  23.66*** 

  (4.450)  (4.490) 

Same state  52.48***  55.38*** 

  (5.547)  (5.551) 

Same age  50.12***  55.04*** 

  (4.208)  (4.222) 

Borrower credit score -299.8*** -299.9*** -316.0*** -316.1*** 

 (4.000) (4.001) (4.018) (4.019) 

Loan amount log -7.379** -7.114** -12.72*** -12.44*** 

 (3.133) (3.134) (3.051) (3.052) 

Loan interest rate log 2,184*** 2,184*** 2,306*** 2,306*** 

 (29.51) (29.51) (29.54) (29.55) 

Loan duration -8.662*** -8.680*** -9.357*** -9.379*** 

 (0.2173) (0.2174) (0.2135) (0.2137) 

Loan description automatic -96.54*** -96.72*** -96.68*** -96.92*** 

 (5.936) (5.937) (5.756) (5.758) 

Loan photo manual 48.12*** 48.41*** 48.15*** 48.46*** 

 (6.677) (6.679) (6.474) (6.476) 

Loan rank -46.01*** -45.99*** -45.09*** -45.07*** 

 (0.8368) (0.8368) (0.7930) (0.7930) 

Number previous bids -1.056*** -1.060*** -1.742*** -1.742*** 

 (0.1852) (0.1852) (0.3347) (0.3347) 

Simultaneously available loans -27.30*** -27.33*** -27.28*** -27.30*** 

 (0.6184) (0.6185) (0.6611) (0.6613) 

Loan startup capital -18.41** -17.91** -19.98*** -19.40*** 

 (7.304) (7.304) (7.101) (7.100) 

Loan leisure -25.37*** -26.82*** -24.21*** -25.81*** 

 (9.609) (9.618) (9.343) (9.350) 

Loan debt consolidation -60.84*** -60.66*** -63.63*** -63.41*** 

 (6.564) (6.564) (6.390) (6.389) 

Loan home improvement -5.779 -5.630 -8.262 -8.095 

 (7.266) (7.265) (7.081) (7.080) 

Loan car purchase -105.3*** -104.6*** -109.1*** -108.3*** 

 (9.144) (9.146) (8.903) (8.906) 

Loan higher education -13.30 -14.97 -11.33 -13.11 

 (13.23) (13.23) (12.83) (12.83) 

Loan other 128.1*** 127.5*** 124.8*** 124.3*** 

 (24.57) (24.56) (23.83) (23.81) 

Borrower job official 22.94** 23.02** 25.30** 25.40** 

 (10.41) (10.42) (10.15) (10.15) 

Borrower job self-employed 53.18*** 53.92*** 53.67*** 54.52*** 

 (4.980) (4.986) (4.841) (4.848) 

Borrower job other 63.91 63.44 57.50 56.86 

 (49.07) (48.98) (47.44) (47.36) 

Constant 6,852*** 6,853***   

 (150.6) (150.7)   

     

Time FE YES YES YES YES 

Investor FE NO NO YES YES 

Observations 676,683 676,683 676,683 676,683 

Number of Investors 7,386 7,386 7,386 7,386 

Pseudo R-Squared 0.05981 0.05981 0.06423 0.06423 

F 53.00 52.40   

Prob. 0.000 0.000   
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3.5 Is homophily detrimental to investors? 

In this section, we investigate if homophily in online peer-to-peer lending reflects investor 

rationality in terms of homo economicus or, on the contrary, points to heuristic and biased 

decision making leading to outcomes which deviate from economic optimality. Given the 

nature of the decision problem—investment under risk—financial theory would impose 

that agents make funding choices determined by the economic payoffs associated with 

the available loan applications. It is conceivable that investors disproportionately fund 

similar borrowers simply because their loans provide better average risk-adjusted returns 

and not because of a general affinity for similar others unrelated to economic 

fundamentals. In fact, the investor behavior observed in our study might be rational if the 

number of homophilous ties were systematically indicative of the borrower’s 

creditworthiness above and beyond her credit rating. However, even if investor-borrower 

similarity (or else the borrower’s homophily dimensions which feed into that similarity) 

explained components of creditworthiness that are not captured in the borrower’s 

individual credit score, the investor could not learn about this causality, anyway: the 

lending platform does not disclose the algorithm that underlies the calculation of interest 

rates. Hence, we assess a given loan’s expected risk-return profile from the investor 

perspective and focus on the information, which is published on the platform, i.e. the 

borrower’s individual credit rating and the interest rate assigned to the loan. We argue 

that, given the investor’s information set at the time of her funding decision, she might 

rationally overweight borrowers who are similar to her if they feature systematically 

higher interest rates as compared to less similar borrowers with an identical credit score.13 

To analyze whether or not homophily carries economic benefits in the context of online 

peer-to-peer lending, we set the observable interest rate as the outcome variable and 

investigate if—all else equal—interest rates exhibit systematic variation for investor-

borrower dyads featuring different numbers of homophilous ties. At this, we first apply a 

nearest-neighbor matching procedure to match bids based on the number of homophilous 

ties between the corresponding investor-borrower dyads.14 Specifically, we perform an 

                                                 

13 Ideally, we would have analyzed the ultimate outcome of the sampled loans in order to assess their economic benefit, 

i.e. whether they were repaid or defaulted. Unfortunately, however, we lack the respective data. 

14 Note that we focus on actually submitted bids and exclude potential dyads in our economic analysis in section 3.5. 
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exact matching on loan risk as well as on the loan category and apply the nearest-neighbor 

approach to match the remaining covariates investor age and lending experience proxied 

by the number of previous bids, loan amount, loan duration, bid amount and month as 

well as the number of simultaneously available loans.15 Next, we estimate the average 

difference in interest rates of the resulting pairs of nearest-neighbor loans within the 

various loan categories, whose borrowers—importantly—feature the exact same credit 

risk score.16 

Table III-6: Loan interest rates by Number of homophilous ties 

This table presents differences in loan interest rates by Number of homophilous ties. The middle column reports the 

difference between the average loan interest rate charged for the groups specified in the first and second column, 

respectively. Differences are estimated using the dyadic bid data and applying a nearest-neighbor matching procedure 

as described in section 3.5. Heteroscedasticity-consistent robust standard errors are corrected for a large-sample bias. 

N indicates the number of individual investors included in either comparison. *** and ** indicate statistical significance 

at the 1% and 5% level, respectively. 

Group of  

bids with 

Compared to group  

of bids with 
Change in interest rate (pp.) Robust SE p-value N 

1 Tie 0 Ties -0.04658*** 0.0001537 0.002439 44,217 

2 Ties 0 Ties -0.05649*** 0.0001815 0.001853 26,125 

3 Ties 0 Ties -0.1943*** 0.0004940 0.0008388 9,510 

2 Ties 1 Tie -0.008866 0.0001089 0.4158 52,986 

3 Ties 1 Tie -0.08269** 0.0003802 0.02964 34,824 

3 Ties 2 Ties -0.04206 0.0003597 0.2423 18,385 

 

Table III-6 reports the corresponding results. To illustrate, the first row, e.g., reports the 

average change in interest rates of the group of bids of investor-borrower dyads featuring 

one homophilous tie compared to the group of bids with zero ties between the contracting 

parties. The middle column reports the average differences in interest rates between the 

groups specified in the first and second column, respectively. Interestingly, average 

differences reveal a negative relationship between the intensity of homophily between 

investors and borrowers and the interest rate investors are willing to accept when funding 

the corresponding loan. Reported differences in four of the six possible group 

comparisons are statistically significantly negative. Moreover, the negative differences in 

interest rates are increasing in the number of homophilous ties observed for the respective 

                                                 

15 Note that we dichotomize Borrower job and hence perform an exact matching on the resulting indicator variables 

Self-employed_d, Official_d, Employee_d and Other_d. Naturally, investor gender is also matched exactly. 

16 We estimate robust standard errors and, additionally, correct for a potential large-sample bias which may result from 

matching on several continuous covariates (c.f., e.g., Abadie and Imbens, 2006). 
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nearest-neighbor investor-borrower dyads. We observe an economically significant 

difference of -19 basis points (bp) in loan interest rates when we compare investor-

borrower dyads exhibiting the highest versus lowest number of homophilous ties. 

These findings are hard to square with the notion that investors predominantly maximize 

expected risk-adjusted returns of the available loan applications when arriving at their 

funding decisions. By contrast, sociodemographic similarity seems to make investors 

accept lower ex ante risk-adjusted returns. Taken together, the evidence is consistent with 

homophily being a behavioral bias rather than an economic rationale in the context of 

online peer-to-peer lending. Specifically, our results suggest that, in an online setting, too, 

homophily fosters interpersonal trust formation independent of fundamentals. 

4. Discussion and concluding remarks 

The question if and to what extent behavioral patterns observed with regards to investors’ 

decision making in offline financial markets spill over to the online sphere is highly 

relevant to help assess the potential of online solutions to improve market efficiency. In 

this study, we analyze whether or not homophily—a sociological phenomenon shown to 

govern agents’ decision making on offline financial markets—continues to be an issue 

when it comes to investors’ funding choices on an online peer-to-peer lending platform. 

Homophily, individuals’ propensity to associate with others like them implies that when 

an investor identifies a given borrower as being similar to her, she tends to see the 

borrower’s behavior in a favorable light, and, all else equal, should display a higher 

propensity to fund borrowers with whom she shares more commonalities. However, it is 

an open question if homophily requires in-person interaction in order to evolve. If so, 

online peer-to-peer lending, on the contrary, might mitigate the impact of homophily on 

peoples’ financial decision-making. 

In this study, we test these competing hypotheses and document strong evidence in 

support of a homophily effect in online peer-to-peer lending. Even after controlling for a 

host of extant determinants of the likelihood of investment, any additional demographic 

commonality among a potential investor-borrower dyad increases the investor’s odds of 

funding the corresponding loan application by more than 11% while the average euro 

amount invested grows by almost 10%. Moreover, we observe a substantial gender gap 

regarding the effect size of homophily on investors’ propensity to invest: regardless of 
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the homophily dimension under review, the impact of investor-borrower sameness on the 

likelihood of funding a given loan application proves significantly higher for female 

investors. Finally, we investigate if the observed impact of homophily on investors’ 

funding choices in online peer-to-peer lending reflects economically rational investor 

decisions or instead points to systematic deviations from economically optimal behavior. 

In this supplementary analysis, we document a statistically and economically significant 

difference of -19 basis points (bp) in risk-adjusted interest rates among loans of investor-

borrower dyads exhibiting the highest versus lowest number of homophilous ties. This 

result is inconsistent with the conjecture that investors’ propensity to fund similar 

borrowers in online peer-to-peer lending stems from economic rationale and instead 

suggests that homophily in peer-to-peer lending is a behavioral bias. 

Hence, sociodemographic similarities still govern peoples’ financial decision making 

even when they do not manifest saliently in physical interactions. At this, our findings 

contribute to research investigating the market efficiency of online peer-to-peer lending 

which has received increasing attention in recent years. We corroborate prior evidence of 

significant inefficiencies in peer-to-peer lending and the relevance of investment 

determinants unrelated to economic fundamentals. However, while prior research limits 

to single heuristics and biases with respect to investors’ decision behavior, we are the first 

to take a holistic approach towards investigating the impact of homophily on individuals’ 

online investment decisions. 

Given that loans granted via peer-to-peer lending have quickly become one of the major 

sources of alternative financing for private households in recent years, future research 

into the dynamics and market outcomes on the corresponding platforms seems 

worthwhile in order to improve our understanding of both investors’ and borrowers’ 

online behavior as well as to inform service providers and policy makers about the 

potential to advance allocation efficiency via peer-to-peer lending. 
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6. Appendix 

Appendix III-A: Definitions of variables 

Table III-A.1: Definition of variables 

Variable Measurement 

unit 

Explanation 

Loan amount Euro Amount of money the borrower is applying for. 

Loan interest rate % Interest rate, which is calculated by the P2P platform. 

Borrower credit score #  Numeric Schufa (Germany’s biggest scoring agency) score, ranging 

from 1 (Risk-Quota of 0.8%) to 15 (Risk-Quota of 96.08%). P2P 

platform allows maximum Risk-Quota of 41.77% (Schufa Score 10). 

Original score values are given in letters and transferred to numbers. 

1 corresponds to letter A, 10 corresponds to letter K. 

Loan duration Months Credit period. 

Loan financing status % Percentage of loan’s amount that was financed at the time the loan 

was taken offline. 

Loan miscellaneous 1/0 Variable indicating whether the borrower has specified a particular 

purpose of the loan as a loan category (0) or not (1). 

Loan startup capital 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘startup capital’ category (1) or not (0). 

Loan leisure 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘leisure’ category (1) or not (0). 

Loan debt consolidation 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘debt consolidation’ category (1) or not (0). 

Loan home improvement 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘home improvement’ category (1) or not (0). 

Loan car purchase 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘car purchase’ category (1) or not (0). 

Loan higher education 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to ‘higher education’ category (1) or not (0). 

Loan other 1/0 Variable indicating whether loan category chosen by the borrower 

corresponds to any aforementioned specific category (0) or not (1). 

Loan description automatic 1/0 Variable indicating whether borrower chose an individual loan 

description (0) or whether loan description was automatically filled 

by P2P platform (1). 

Loan photo manual 1/0 Variable indicating whether borrower chose an individual photo for 

the loan application (1) or whether photo was instead automatically 

chosen by P2P platform (0). 

Loan rank # Variable indicating the position of a loan application as presented on 

the P2P platform website. Loan applications are presented in 

chronological order, with the youngest application ranked first place. 

Bid amount Euro Amount of money that investor places in one bid. Only one bid per 

investor per loan possible. 

Bids per loan # Number of bids that has been submitted to one loan. 

Borrower age Years Borrower’s age on October 15th, 2018. 

Number loans per borrower # Number of loans that one single borrower applied for during the 

period from 2007 to 2018. Only one loan application possible at the 

same time. 

Total bid amount per borrower € Total amount that that one single borrower applied for during the 

period from 2007 to 2018 

Borrower job employed 1/0 Variable indicating whether a borrower is an employee (1) or not (0). 

Borrower job official 1/0 Variable indicating whether a borrower is a public servant (1) or not 

(0).  
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Borrower job self-employed 1/0 Variable indicating whether a borrower is self-employed (1) or not 

(0). 

Borrower job other 1/0 Variable indicating whether borrower’s job corresponds to any 

aforementioned specific category (0) or not (1). 

Borrower gender 1/0 Variable indicating whether borrower’s gender is male (1) or female 

(0). 

Investor age Years Investor’s age on October 15th, 2018. 

Number bids per investor # Number of bids that were submitted by one single investor during the 

period from 2007 to 2018. Only one bid per loan per investor can be 

submitted.  

Total funding per investor € Total amount that was invested by one single investor during the 

period from 2007 to 2018. 

Number previous bids # Number of bids submitted by one investor before placing the 

observed bid. 

Investor gender 1/0 Variable indicating whether investor’s gender is male (1) or female 

(0). 

Same age 1/0 Variable indicating whether borrower and investor are in the same 

age group (+/- 5 years difference between investor and borrower) (1 

if same age group). 

Same state 1/0 Variable indicating whether borrower and investor are living in the 

same federal state (1 if same state). 

Same gender 1/0 Variable indicating whether borrower and investor have the same 

gender (1 if same gender). 

Number of homophilous ties # Sum of binary specification of Same age, Same state and Same 

gender. 

Dyad_match_d 1/0 Variable indicating whether a loan – which was available at the time 

a bid was submitted – was matched (1) by this certain bid or not (0). 

Dyad_match_€ Euro Euro amount of money, which an investor places in a bid pertaining 

to a loan application of a borrower. 

Simultaneously available loans # Number of dyads that are available at the time the bid is submitted. 
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Appendix III-B: Detailed information on investors and borrowers 

Table III-B.1: Gender proportions of investors and borrowers 

This table shows the distribution of borrowers and investors by gender. 

 Borrower Investor 

Male 8,911 

(76.13%) 

6,901  

(93.43%) 

Female 2,794  

(23.87%) 

485 

(6.566%) 

All 11,705  

(100.0%) 

7,386  

(100.0%) 

 

Table III-B.2: Distribution of borrowers and investors by place of residence 

This table presents the distribution of sampled investors and borrowers by place of residence. For 

comparison, the rightmost columns present the distribution of the German population by place of residence 

(Source: Destatis) 

 Borrowers Investors German population 

 N % N % N % 

Baden-Württemberg 1,486 12.69 1,085 14.69 11,069,533 13.47 

Bavaria 1,822 15.67 1,348 18.25 13,076,721 15.91 

Berlin 832 7.108 471 6.377 3,644,826 4.435 

Brandenburg 448 3.827 175 2.369 2,511,917 3.057 

Bremen 96 0.8202 68 0.9207 682,986 0.8311 

Hamburg 327 2.794 249 3.371 1,841,179 2.241 

Hesse 927 7.920 657 8.895 6,265,809 7.625 

Lower Saxony 1,063 9.082 589 7.975 7,982,448 9.714 

Mecklenburg-Vorpommern 207 1.768 90 1.219 1,609,675 1.959 

North Rhine-Westphalia 2,313 19.76 1,503 20.35 17,932,651 21.82 

Rhineland-Palatinate 525 4.485 332 4.595 4,084,844 4.971 

Saarland 99 0.8458 57 0.7717 990,509 1.205 

Saxony 577 4.930 281 3.804 4,077,937 4.962 

Saxony-Anhalt 277 2.367 103 1.395 2,208,321 2.687 

Schleswig-Holstein 402 3.434 209 2.830 2,896,712 3.525 

Thuringia 299 2.554 129 1.747 2,143,145 2.608 

N/A 5 0.04272 40 0.5416 - - 

Total 11,705 100.0 7,386 100.0 82,175,684 100.0 

http://www.statistikportal.de/de/bevoelkerung/flaeche-und-bevoelkerung
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Abstract - Using a unique dataset of 532 face-to-face interviews from a German business 

newspaper, we examine the psychological characteristics of bankers and financial 

regulators. Applying computerized content analysis techniques, we find that linguistic 

styles differ significantly among bankers and regulators even when controlling for topics 

derived from structural topic modeling suggesting differences in well-known 

psychological characteristics. In particular, we find that bankers’ linguistic style marks 

them as more selfish and overconfident. Regulators, in contrast, show more linguistic 

markers of cognitive complexity. Results support existing theoretical considerations that 

suggest self-selection into different occupations by bankers and regulators due to different 

psychological characteristics. 
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1. Introduction 

“Language is the dress of thought.” 

(Johnson, 1779) 

Although being highly regulated (Bond and Glode, 2014), the financial services industry 

is littered by problematic financial practices culminating in scandals and fraudulent 

practices that cause economic damages as well as a lack of stability and reputation of the 

financial system (e.g., Abrantes-Metz et al., 2012; Barth et al., 2012; Cohn et al., 2014). 

Those detrimental practices are often attributed to the business culture in the financial 

industry and personality features of the key actors (i.e. bankers) within the industry, 

respectively (e.g., Carney, 2014; Clarke, 1988; Cohn et al., 2014; Lagarde, 2014). On the 

other hand, acting as a counterpart to the actors within the financial industry, regulators 

have to prevent detrimental practices by assuring that financial institutions comply with 

laws (Shive and Forster, 2017). Put differently, the objectives of regulators are aligned 

with those of society. Accordingly, regulators are characterized as altruistic individuals 

that are motivated by a broader mission, i.e. promotion of justice (Besley and Ghatak, 

2005). Following the argumentation of Besley and Ghatak (2005), people motivated by a 

higher mission and altruism, respectively, self-select into occupations that typically offer 

lower compensation while selfish people strive for monetary incentives (Gill et al., 2015; 

Kosfeld and von Siemens, 2011). Since, normally, regulators earn less than bankers 

(Henderson and Tung, 2012; Philippon and Reshef, 2012), this rationale suggests 

differences in psychological characteristics among bankers and financial regulators. 

Based on aforementioned considerations regarding differences between bankers and 

financial regulators, Bond and Glode (2014) propose a labor market model in which 

individuals choose to work as regulators or bankers due to heterogeneous psychological 

characteristics. This model builds on a basic theory stating that individuals’ seek 

occupations that fit with their values and traits (Judge and Bretz, 1992; Lyons et al., 2006). 

However, so far, there is no empirical investigation of the occupational self-selection in 

the context of the labor market for bankers and regulators. To this end, our study addresses 

this research gap and provides evidence for the hypothesis of occupational self-selection 

among bankers and regulators by investigating whether financial regulators differ from 

bankers with respect to the features of bankers identified in the previous literature. 
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Specifically, these characteristics comprise selfishness (Gill et al., 2015), cognitive 

complexity (Bond and Glode, 2014), dishonesty (Cohn et al., 2014) and overconfidence 

(Kaustia and Perttula, 2012; Suntheim, 2016). For this purpose, as research on personality 

usually relies on self-reported questionnaires, which is not applicable to analyze 

professional (business) leaders, we make use of bankers’ and regulators’ language use, 

respectively. As exemplified by the initial quote from the famous English writer Samuel 

Johnson, spoken words transmit more than just facts. Known as self-disclosure, speakers, 

even if unintended or suppressed, “make themselves the subject of their message” (Pearce 

and Sharp, 1973, p. 409). To investigate differences in bankers’ and regulators’ 

psychological characteristics, we take advantage of the systematic relation between 

language use and psychological characteristics (Gottschalk et al., 1997; Kim, 2013; Lee 

et al., 2007; Pennebaker and Stone, 2003; Tausczik and Pennebaker, 2010). The key 

assumption behind our analysis is that psychological characteristics expressed in 

language are deeply rooted in a person’s personality and remain stable even if 

circumstances change. Hence, personality traits remain unchanged over the career, the 

evolution of the financial system, changes in regulation etc..  

For our research, we draw on face-to-face interview data from the Börsen-Zeitung, a 

leading German daily business newspaper. Our final data covers 532 interviews 

(637,187 words in total) with representatives from companies in the financial sector1, on 

the one hand, and representatives from the financial regulatory authority and central 

banks2, on the other hand. It covers a 15-year period from 2003 to 2017. As language can 

vary according to the situations in which their users find themselves (Benson and 

Greaves, 1973), the uniform interview situation in our dataset allows us to examine 

bankers’ and regulators’ language use without a systematic bias resulting from context 

specifics. In particular, we start the analysis of the written contents using the Linguistic 

Inquiry and Word Count (LIWC2015) (Pennebaker et al., 2015a). We use LIWC2015, as 

a large body of literature from different fields has provided substantial evidence and 

validity for the relationship between psychological characteristics and language use 

                                                 

1 This group comprises two industries, namely the banking services industry and the investment banking and investment 

services industry. From here, we refer to this group as bankers. 

2 From here, we refer to this group as regulators. 
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applying LIWC word lists (see Tausczik and Pennebaker (2010) for a comprehensive 

overview). Based on word counts derived from LIWC2015, we follow the literature in 

constructing summary variables for psychological characteristics. More specifically, we 

derive measures of psychological characteristics that have received the most attention in 

the previous literature on bankers' traits, namely selfishness, cognitive complexity, 

dishonesty and overconfidence. Using a linear regression framework with time- and 

interviewer-fixed effects, we investigate differences in those summary variables between 

bankers and regulators.  

Results suggest that regulators are less selfish and less overconfident than bankers. 

Additionally, regulators’ show higher cognitive complexity. As an interview’s topics 

might have an impact on the manifestation of linguistic markers of psychological 

characteristics (Mehl et al., 2012), we repeat our analyses by additionally controlling for 

the topic proportions of the respective interview that we derived from structural topic 

modelling (Roberts et al., 2014). However, results qualitatively remain the same. 

Therefore, the analysis of features of bankers and regulators reveals that they differ 

significantly with regard to psychological characteristics and thus, our findings support 

the hypothesis of self-selection into different occupations among bankers and regulators.  

Our research sheds new light on bankers’ and regulators’ psychological characteristics. 

Contrary to what is often claimed (e.g., Bond and Glode, 2014), we cannot confirm that 

regulators are not as smart (cognitive complexity) as bankers. Additionally, our results 

suggest that regulators actually are less prone to selfishness as well as biased self-

attribution and overconfidence, respectively. On the one hand, it can be assumed that, 

based on virtually the same educational background as regulators, bankers self-select into 

occupations with higher monetary incentives due to their specific psychological 

characteristics. Those characteristics, which include detrimental features such as 

selfishness and overconfidence, trigger problematic financial practices and a lack of trust 

in the financial industry (Bond and Glode, 2014; Gill et al., 2015). On the other hand, 

regulators’ self-selection can be explained by an underlying broader mission and a social 

purpose and thus should lead per se to benefits for society at large (Besley and Ghatak, 

2005). Policy-makers should take this self-selection of bankers and regulators into 

account when debating about regulation, especially against the background of a well-

documented relationship between psychological characteristics and job performance 
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(e.g., Barrick et al., 2002; Cohn et al., 2014; O’Boyle et al., 2011). In this context, a 

discussion on a further restriction of the so-called revolving door between bankers and 

regulators (Shive and Forster, 2017), i.e. the migration of employees between regulatory 

authorities and private companies, is indispensable. 

2. Data  

2.1 Sample selection  

For our research, we use face-to-face interview data from the Börsen-Zeitung, a leading 

German daily business newspaper. The Börsen-Zeitung focuses on financial markets, 

corporate reports and the banking industry and is mainly read by members of top 

management teams (Börsen-Zeitung, 2019).  

We collected interview data from Lexis-Nexis and the website of the Börsen-Zeitung for 

the period of 2003 to 2017. Therefore, we searched for all articles tagged as an interview 

and reviewed them manually to keep actual interviews only. Besides textual data, we 

obtained data on the interviewers and interviewees, i.e. their name and gender, as well as 

further metadata, such as the publication date and the company or institution an 

interviewee represents. Based on this information, we screened our initial sample for 

interviews with representatives from companies in the financial sector3, on the one hand, 

and representatives from the financial regulatory authority and central banks, on the other 

hand. This data collection and cleaning procedure resulted in a sample of 794 interviews. 

Next, we made two adjustments. First, we excluded all interviews with non-German-

speaking interviewees to rule out biases resulting from translations4. Second, taking the 

revolving door effect (Shive and Forster, 2017) into account, we exclude all interviews 

with interviewees being classified as both, banker and regulator in our sample. Our final 

data covers 532 interviews, which we separated into interviewers’ and interviewees’ 

                                                 

3 We used the industry classification provided by Thomson Reuters Eikon to identify companies from the financial 

services industry.  

4 Therefore, we identified the locations of companies‘ headquarters by using Thomson Reuters Eikon database and kept 

only those with a headquarter in Germany, Austria or Switzerland. For public institutions, classification was conducted 

manually.  
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speech parts.5 In total, we analyze 44,446 sentences or 637,188 words spoken by the 

interviewees.  

Additionally, to control for interviewees’ heterogeneity we obtain further data on 

interviewee characteristics, i.e. their age and their position in the corresponding company 

or institution. Therefore, we reviewed the info boxes about the interviewees that are 

typically provided by the Börsen-Zeitung in addition to the actual interviews. Those info 

boxes have a length of 150-200 words on average and provide further information on 

interviewees. Additionally, we obtained data from company and institution websites if 

some information on an interviewee was lacking.  

The uniform interview situation in our dataset allows us to examine bankers’ and 

regulators’ language use without a context-specific systematic bias that can be found 

when speakers find themselves in different situations (Benson and Greaves, 1973).  

2.2 Summary statistics  

Table IV-1 reports the summary statistics. Overall, our final sample covers 532 

interviews, with 474 bankers accounting for a total of 556,562 words (39,259 sentences) 

and 58 regulators accounting for a total of 80,626 words (5,187 sentences). We present 

the descriptive statistics separated according to group membership. In particular, 

columns 1 to 5 report the descriptive statistics for bankers whereas columns 6 to 10 

provide information on regulators.  

  

                                                 

5 Please note that we have also performed our analyses with the larger sample of 783 interviews (only excluding 

interviews with interviewees being classified as both, banker and regulator in our sample). Qualitatively, however, the 

results remain the same. 
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Table IV-1: Summary statistics 
T

h
is

 t
ab

le
 p

re
se

n
ts

 t
h

e 
d

es
cr

ip
ti

v
e 

st
at

is
ti

cs
 o

f 
o

u
r 

sa
m

p
le

. 
A

g
e 

o
f 

in
te

rv
ie

w
ee

 i
s 

th
e 

in
te

rv
ie

w
ee

’s
 a

g
e 

at
 t
h

e 
ti

m
e 

o
f 

th
e 

in
te

rv
ie

w
 i
n

 y
ea

rs
. 
S

ex
 o

f 
in

te
rv

ie
w

ee
 i
n

d
ic

at
es

 i
n

te
rv

ie
w

ee
’s

 

g
en

d
er

. 
S

ex
 o

f 
in

te
rv

ie
w

er
 i

n
d

ic
at

es
 i

n
te

rv
ie

w
er

’s
 g

en
d

er
. 

L
ea

d
in

g
 P

o
si

ti
o
n

 i
s 

an
 i

n
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

in
 a

 l
ea

d
in

g
 p

o
si

ti
o
n

 a
n

d
 z

er
o

 o
th

er
w

is
e.

 

M
em

b
er

 b
o
a

rd
 o

f 
su

p
er

vi
so

rs
 i

s 
an

 i
n
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

a 
m

em
b

er
 o

f 
th

e 
b

o
ar

d
 o

f 
su

p
er

v
is

o
rs

 i
n

 t
h

e 
co

rr
es

p
o
n

d
in

g
 c

o
m

p
an

y
 a

n
d

 z
er

o
 o

th
er

w
is

e.
 

C
E

O
 i

s 
an

 i
n
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

th
e 

C
E

O
 o

f 
th

e 
b

o
ar

d
 o

f 
su

p
er

v
is

o
rs

 i
n

 t
h

e 
co

rr
es

p
o

n
d

in
g

 c
o

m
p

an
y
 a

n
d
 z

er
o

 o
th

er
w

is
e.

 B
o

a
rd

 m
em

b
er

 (
o

th
er

) 
is

 a
n
 

in
d

ic
at

o
r 

v
ar

ia
b

le
 
In

d
ic

at
o

r 
v

ar
ia

b
le

 
eq

u
al

in
g

 
o

n
e 

if
 
th

e 
in

te
rv

ie
w

ee
 
is

 
a 

m
em

b
er

 
o

f 
th

e 
ex

ec
u

ti
v

e 
b
o

ar
d
 
(n

o
t 

C
E

O
) 

in
 
th

e 
co

rr
es

p
o
n

d
in

g
 
co

m
p

an
y
 
an

d
 
ze

ro
 
o

th
er

w
is

e.
 

D
iv

is
io

n
 m

a
n

a
g

er
 i

s 
an

 i
n

d
ic

at
o

r 
v

ar
ia

b
le

 e
q

u
al

in
g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

a 
d
iv

is
io

n
 m

an
ag

er
 i

n
 t

h
e 

co
rr

es
p

o
n

d
in

g
 c

o
m

p
an

y
 a

n
d
 z

er
o

 o
th

er
w

is
e.

 O
p

er
a

ti
o
n

a
l 

em
p
lo

ye
e 

is
 a

n
 

in
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

n
ei

th
er

 a
 m

em
b

er
 o

f 
th

e 
ex

ec
u

ti
v

e 
b

o
ar

d
 n

o
r 

a 
m

em
b

er
 o

f 
th

e 
b

o
ar

d
 o

f 
su

p
er

v
is

o
rs

 o
r 

a 
d

iv
is

io
n
 m

an
ag

er
 i

n
 t

h
e 

co
rr

es
p

o
n
d

in
g
 

co
m

p
an

y
 a

n
d

 z
er

o
 o

th
er

w
is

e.
 M

em
b

er
 o

f 
ex

ec
u

ti
ve

 b
o
a

rd
 i

s 
an

 i
n
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t
h

e 
in

te
rv

ie
w

ee
 i

s 
a 

m
em

b
er

 o
f 

th
e 

ex
ec

u
ti

v
e 

b
o

ar
d

 i
n

 t
h

e 
co

rr
es

p
o

n
d

in
g

 i
n

st
it

u
ti

o
n
 

an
d

 z
er

o
 o

th
er

w
is

e.
 M

em
b

er
 o

f 
p

re
si

d
in

g
 b

o
a

rd
 i

s 
an

 i
n
d

ic
at

o
r 

v
ar

ia
b

le
 e

q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 i
s 

a 
m

em
b

er
 o

f 
th

e 
p

re
si

d
in

g
 b

o
ar

d
 i

n
 t

h
e 

co
rr

es
p
o

n
d

in
g

 i
n

st
it

u
ti

o
n

 a
n
d

 z
er

o
 

o
th

er
w

is
e.

 O
th

er
 p

o
si

ti
o

n
 i
s 

an
 i
n
d
ic

at
o

r 
v

ar
ia

b
le

 e
q
u

al
in

g
 o

n
e 

if
 t
h

e 
in

te
rv

ie
w

ee
 i
s 

n
ei

th
er

 a
 m

em
b

er
 o

f 
th

e 
e
x

ec
u

ti
v

e 
b

o
ar

d
 n

o
r 

a 
m

em
b

er
 o

f 
th

e 
p

re
si

d
in

g
 b

o
ar

d
 i
n

 t
h

e 
co

rr
es

p
o

n
d

in
g

 

in
st

it
u
ti

o
n

 a
n

d
 z

er
o

 o
th

er
w

is
e.

 F
in

a
n

ci
a

l 
re

g
u

la
ti

o
n
 i

s 
an

 i
n

d
ic

at
o

r 
v

ar
ia

b
le

 e
q
u

al
in

g
 o

n
e 

if
 t

h
e 

in
te

rv
ie

w
ee

 w
o

rk
s 

fo
r 

a 
fi

n
an

ci
al

 r
eg

u
la

ti
o

n
 a

u
th

o
ri

ty
 a

n
d
 z

er
o

 o
th

er
w

is
e.

 

C
en

tr
a

l 
b

a
n

k 
is

 a
n

 i
n

d
ic

at
o

r 
v

ar
ia

b
le

 e
q

u
al

in
g

 o
n

e 
if

 t
h

e 
in

te
rv

ie
w

ee
 w

o
rk

s 
fo

r 
a 

ce
n

tr
al

 b
an

k
 a

n
d

 z
er

o
 o

th
er

w
is

e.
 W

o
rd

co
u
n

t 
is

 t
h

e 
to

ta
l 

co
u

n
t 

o
f 

w
o

rd
s 

an
 i

n
te

rv
ie

w
ee

 u
se

s 
in

 a
n

 

in
te

rv
ie

w
. 

In
te

rv
ie

w
ee

’s
 s

p
ee

ch
 s

h
a

re
 i

s 
th

e 
p

ro
p
o

rt
io

n
 o

f 
in

te
rv

ie
w

ee
’s

 t
o

ta
l 

w
o

rd
 c

o
u
n

t 
in

 r
el

at
io

n
 t

o
 t

h
e 

le
n
g

th
 o

f 
th

e 
in

te
rv

ie
w

. 
P

le
as

e 
se

e 
T

ab
le

 I
V

-A
.1

 i
n

 A
p

p
en

d
ix

 I
V

-A
 f

o
r 

d
et

ai
le

d
 d

es
cr

ip
ti

o
n

 o
f 

al
l 

v
ar

ia
b
le

s.
 

R
eg

u
la

to
rs

 

(1
0

) 

M
ax

  

6
8
 

1
 

1
 

1
 

     

1
 

1
 

1
 

1
 

1
   

2
,3

8
7
 

9
1

.6
8
 

(9
) 

p
5

0
  

5
7
 

0
 

0
 

1
 

     

0
 

0
 

1
 

0
 

1
   

1
,5

4
9
 

7
8

.2
2
 

(8
) 

M
in

  

4
2
 

0
 

0
 

0
 

     

0
 

0
 

0
 

0
 

0
   

3
4

1
 

5
8

.7
1
 

(7
) 

M
ea

n
 (

S
D

)  

5
5

.3
7

 (
±

 6
.5

6
) 

0
.2

1
 (

±
 0

.4
1

) 

0
.1

4
 (

±
 0

.3
5

) 

0
.9

0
 (

±
 0

.3
1

) 

     

0
.4

7
 (

±
 0

.5
0

) 

0
.4

3
 (

±
 0

.5
0

) 

0
.1

0
 (

±
 0

.3
1

) 

0
.3

4
 (

±
 0

.4
8

) 

0
.6

6
 (

±
 0

.4
8

)   

1
3

9
0

.1
0

 (
±

 6
2

1
.5

7
) 

7
7

.9
9

 (
±

 6
.8

9
) 

(6
) N
  

5
7
 

5
8
 

5
8
 

5
8
      

5
8
 

5
8
 

5
8
 

5
8
 

5
8
  

5
8
 

5
8
 

 

                    

B
a

n
k

er
s 

(5
) 

M
ax

  

8
5
 

1
 

1
 

1
 

1
 

1
 

1
 

1
 

1
 

      

2
,4

3
1
 

9
3

.4
9
 

(4
) 

p
5

0
  

5
1
 

0
 

0
 

1
 

0
 

1
 

0
 

0
 

0
 

      

1
,0

5
2
 

8
0

.6
3
 

(3
) 

M
in

  

2
8
 

0
 

0
 

0
 

0
 

0
 

0
 

0
 

0
 

      

2
5

4
 

5
7

.1
3
 

(2
) 

M
ea

n
 (

S
D

)  

5
1

.8
3

 (
±

 7
.7

4
) 

0
.0

3
 (

±
 0

.1
8

) 

0
.2

1
 (

±
 0

.4
1

) 

0
.8

8
 (

±
 0

.3
2

) 

0
.0

3
 (

±
 0

.1
7

) 

0
.6

1
 (

±
 0

.4
9

) 

0
.2

4
 (

±
 0

.4
3

) 

0
.0

8
 (

±
 0

.2
8

) 

0
.0

0
 (

±
 0

.0
6

) 

      

1
1

7
4

.1
8

 (
±

 6
2

2
.7

1
) 

8
0

.3
5

 (
±

 5
.4

9
) 

(1
) N
  

4
3

6
 

4
7

4
 

4
7

4
 

4
7

4
 

4
7

4
 

4
7

4
 

4
7

4
 

4
7

4
 

4
7

4
       

4
7

4
 

4
7

4
 

  V
A

R
IA

B
L

E
S

 

A
. 

D
em

o
g

ra
p

h
ic

s 

A
g

e 
o

f 
in

te
rv

ie
w

ee
 [

y
ea

rs
] 

S
ex

 o
f 

in
te

rv
ie

w
ee

 [
0

/1
] 

S
ex

 o
f 

in
te

rv
ie

w
er

 [
0

/1
] 

L
ea

d
in

g
 P

o
si

ti
o
n

 [
0
/1

] 

M
em

b
er

 b
o

ar
d
 o

f 
su

p
er

v
is

o
rs

 [
0
/1

] 

C
E

O
 [

0
/1

] 

B
o

ar
d

 m
em

b
er

 (
o

th
er

) 
[0

/1
 

D
iv

is
io

n
 m

an
ag

er
 [

0
/1

 

O
p

er
at

io
n

al
 e

m
p

lo
y

ee
 [

0
/1

] 

M
em

b
er

 o
f 

ex
ec

u
ti

v
e 

b
o

ar
d

 [
0

/1
] 

M
em

b
er

 o
f 

p
re

si
d

in
g

 b
o

ar
d

 [
0

/1
] 

O
th

er
 p

o
si

ti
o
n

 [
0

/1
] 

F
in

an
ci

al
 r

eg
u

la
ti

o
n

 [
0

/1
] 

C
en

tr
al

 b
an

k
 [

0
/1

] 

B
. 

In
te

rv
ie

w
s 

W
o

rd
co

u
n
t 

[#
] 

In
te

rv
ie

w
ee

's
 s

p
ee

ch
 s

h
ar

e 
[%

] 



CZAJA/TILLMANN/WALTER Occupational self-selection among bankers and financial regulators 

IV-125 

On average, regulators are about 55 years old and thus slightly older than bankers (about 

52 years) in our sample. Furthermore, the share of women is evidently higher among 

regulators (21%) than among bankers (3%) supporting the finding of a greater gender 

inequality in the private sector (Andreeva and Bertaud, 2013; Collischon, 2019). As can 

be also inferred from the descriptive statistics, the share of female interviewers is higher 

for bankers; however, the difference is not statistically significant. Additionally, the share 

of interviewees in a leading position is slightly higher for regulators, but also not 

statistically significant. More specifically, with regard to interviewee’s position, statistics 

show that about 85% (CEO and Board member (other)) of considered bankers are board 

members whereas about 90% of considered regulators are members of an executive or 

presiding board. Statistics regarding interviews reveal that, on average, regulators use a 

higher number of words (1,390) than bankers do (1,174), however, the speech share of 

regulators (78%) is lower than for bankers (80%). Please see Table IV-A.1 in Appendix 

IV-A for detailed description of all variables used in this study. 

3. Hypotheses and key variables 

3.1 Linguistic manifestations of occupational classes 

Occupations are an important feature of societies as they are a common feature of social 

organization. In general, individuals self-select into different occupations due to their 

psychological characteristics and social preferences (e.g., Besley and Ghatak, 2005; M. 

Lagarde and Blaauw, 2014; Serra et al., 2011). For example, Kosfeld and von Siemens 

(2011) investigate a competitive labor market with heterogeneous workers. In the 

provided setting, selfish workers self-select into occupations with high monetary 

incentives. On the other hand, altruistic individuals that are motivated by a broader 

mission self-select into occupations offering moderate monetary incentives (Besley and 

Ghatak, 2005). Demiralp (2011) identifies individuals’ effort decisions as another 

determinant of occupational self-selection. In addition, there is some evidence for 

occupational self-selection in the non-profit sector. Serra et al. (2011) find that 

philanthropic health professionals have an increased likelihood to be employed in the 

non-profit sector earning lower wages. Carpenter and Myers (2010) find a positive 

correlation between individuals’ altruism and their decision to volunteer in a fire 

department. Furnham et al. (2014) investigate differences between the public and the 

private sector with regard to dysfunctional traits. Private sector employees, especially 
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those in the financial industry, exhibit higher overconfidence than public sector 

employees. Furthermore, Carpenter and Gong (2013) provide evidence that some 

individuals are attracted by their organization’s mission. 

As outlined above, occupational self-selection bases on individuals’ psychological 

characteristics. The term psychological characteristics includes both, psychological traits 

(personality) and psychological states. In our understanding, following personality 

models, such as the six-factor model (Ashton et al., 2004, 2000) this umbrella term also 

includes virtues, such as honesty or its counterpart, dishonesty. Usually, research on 

personality relies on self-reported questionnaires to analyze psychological characteristics. 

As this is not an option for business leaders and high-level officials, employing a 

language-based method, as conducted in our research, provides new opportunities in this 

domain.  

The use of language provides comprehensive information regarding speakers’ 

psychological characteristics. By using a characteristic language, individuals reveal their 

individual personality. Psychological research finds a systematic and validated relation 

between language use and different aspects of psychological characteristics (Gottschalk 

et al., 1997; Kim, 2013; Lee et al., 2007; Pennebaker and Stone, 2003; Tausczik and 

Pennebaker, 2010).  

In the vein of previous literature, we analyze bankers’ and regulators’ psychological 

characteristics using the Linguistic Inquiry and Word Count (LIWC) (Pennebaker et al., 

2015b) software representing the most established software to conduct a computer-aided 

content analysis. Using LIWC word lists that classify words according to their 

(psychological) meaning, a large body of literature from different fields provides 

substantial evidence for the relationship between psychological characteristics and 

language use (see Tausczik and Pennebaker (2010) for a comprehensive overview). In 

detail, LIWC implements a word count procedure searching for almost 6,400 pre-

classified words within a given text (Pennebaker et al., 2015b). In total, LIWC provides 

73 word categories, i.e. linguistic dimensions, words indicating psychological constructs, 

words regarding personal concerns and informal language markers. In the search for pre-

classified words within any given text, LIWC counts the number of words for each of 

these categories and returns the shares of words – relative to total words – as output. 
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Based on these percentages and according to previous studies, we construct linguistic 

measures for selfishness, cognitive complexity, dishonesty and overconfidence by 

combining percentages of different word categories. We describe those literature-based 

computation procedures to derive each particular measure in detail in section 3.2 and 

provide summary statistics for those measures in Table IV-B.1 in Appendix IV-B. 

Based on the above findings from studies in personality research that find a significant 

link between specific word usage and personality traits, researchers have investigated 

psychological characteristics of, among others, politicians (e.g., Pennebaker et al., 2005; 

Slatcher et al., 2007), students (Newman et al., 2003), users of instant messengers 

(Hancock et al., 2007) and inpatients (Creswell et al., 2007; Pennebaker and King, 1999). 

In the business context, psychological characteristics of CEOs (e.g., Green et al., 2019; 

Scheuerlein and Chládková, 2019) and entrepreneurs (e.g., Block et al., 2019; Obschonka 

et al., 2017; Obschonka and Fisch, 2018) have been researched using LIWC.  

3.2 Measuring speaker’s psychological characteristics 

3.2.1 Selfishness  

Selfishness is defined as the excessive concern for oneself or for one’s own personal profit 

or pleasure (Dubois et al., 2015) and thus, represents the opposite of altruism. In 

economics and finance, literature has emphasized the importance of selfishness and self-

interest, respectively. For instance, Weitzel et al. (2010) show that entrepreneurially 

talented people are more selfish. Haynes et al. (2015) find that managers’ self-interest 

leads to a short-term orientation with regard to decision-making behavior and 

performance evaluation. Furthermore, results from other studies demonstrate that 

economic students are more selfish than other students (Bauman and Rose, 2011; Frey 

and Meier, 2003; Rubinstein, 2006). Bauman and Rose (2011) and Frey and Meier (2003) 

provide evidence that the selfishness of economists can be explained by a selection effect. 

Among economic students, students preferring to work in the financial industry are most 

selfish (Gill et al., 2015). According to Gill et al. (2015), selfish individuals are largely 

attracted by the high monetary incentives in the financial industry.  

In contrast to this, altruistic individuals motivated by a broader mission self-select into 

occupations with lower monetary incentives (Besley and Ghatak, 2005; Kosfeld and von 
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Siemens, 2011). Pro-social values, thus, as people's intrinsic motivation factor are crucial 

for labor supply (Lagarde and Blaauw, 2014). 

Overall, different social preferences of individuals influence the match between 

individuals and their occupation. In this context, individuals’ occupational self-selection 

is mainly driven by the varying monetary incentives in different occupations (Gill et al., 

2015; Kosfeld and von Siemens, 2011). Based on differences between the public and the 

private sector and as monetary incentives are evidently lower for regulators than for 

bankers (Henderson and Tung, 2012; Philippon and Reshef, 2012), we hypothesize that 

bankers are more selfish than regulators.  

To measure selfishness, we make use of the relationship between pronoun use and 

speaker’s self-focus. For example, Chopik et al. (2014) show the relevance of pronouns 

for measuring self-focus versus other-focus. Methodologically, following Czaja and 

Röder (2020) and Kim (2013), we assess interviewees’ excessive self-referencing by 

summing the shares of first person singular personal pronouns (I) and first person plural 

personal pronouns (we) and subtracting the share of third person personal 

pronouns (other): SelfRef = I + we – other. Relative frequencies pertain to the 

interviewees’ total word count. 

Additionally, we investigate speakers’ narcissism. Narcissism can be defined as excessive 

selfishness (Kernberg, 1998; Naidu et al., 2019) and thus, represents a more extreme 

feature. Moreover, selfishness is an integral part of narcissists’ psychological 

characteristics (Campbell et al., 2005). Contrary to what many studies assumed in the past, 

Holtzman et al. (2019) showed that narcissism is unrelated to using first-person singular 

pronouns. Instead, the authors find that narcissists use higher levels of achievement 

words (achiev), inhibition words (inhib), optimism and energy words (optim), second 

person personal pronouns (youtotal), references to sports (sports) and death (death) as 

well as lower levels of third person personal pronouns (other), anxiety words (anx), 

negative emotion words (negemo), insight words (insight), tentative words (tent), 

perception words (perc), feeling words (feel) and references to home (home) and 

music (music). Therefore, in accordance with the psycholinguistic literature (Newman et 

al., 2003; Slatcher et al., 2007) we compute our linguistic measure of narcissism by 
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summing and subtracting the z-scores (across speakers) 6  for the aforementioned 

categories: Narc = zachiev + zinhib + zoptim + zyoutotal + zsports + zdeath – zother – 

zanx – znegemo – zinsight – ztent – zperc – zfeel – zhome – zmusic. 

3.2.2 Cognitive complexity  

Cognitive complexity constitutes a psychological characteristic and is defined as 

individuals’ abilities to process information affecting them (Suedfeld, 2009). High 

cognitive complexity indicates that an individual carefully evaluates all relevant 

information on a topic and then integrates it into a coherent position. Low complexity, on 

the other hand, indicates that an individual's powers of comprehension are limited. 

Cognitive complexity positively correlates with intelligence (Hansell et al., 2015). 

Moreover, it is positively associated with academic performance (Zhang et al., 2012). 

Proposing a labor market model for bankers and regulators, Bond and Glode (2014) argue 

that bankers and regulators have heterogeneous abilities. More specifically, the authors 

postulate that regulators are not as smart as bankers. To this end, based on the proposed 

labor market model and on the positive correlation between cognitive complexity and 

intelligence, we hypothesize that bankers show higher cognitive complexity than 

regulators.  

We use three different measures for cognitive complexity. First, following Slatcher et al. 

(2007) we construct CogScore. Previous research finds that cognitive complexity is 

associated with the use of more exclusive words (excl), tentative words (tent), 

negations (negate), discrepancies (disc) and less inclusive words (incl). Thus, we derive 

our linguistic measure of cognitive complexity by summing and subtracting the z-scores 

for the aforementioned categories: CogScore = zexcl + ztent + znegate + zdisc – zincl. 

Second, as complexity measures are seen as linguistic markers of cognitive complexity 

(Pennebaker and Stone, 2003), we use the Flesch-Reading-Ease score (FRE) (Flesch, 

1948) as an additional proxy for cognitive complexity. The Flesch-Reading-Ease score is 

an established readability measure that is used extensively in the business context (e.g., 

                                                 

6 We convert the LIWC output, i.e. percentages of total words used in an analyzed text, for each relevant LIWC category 

to z scores across speakers according to the standard formula as follows: 𝑧𝑖 =
𝑥𝑖−𝑚𝑒𝑎𝑛(𝑥)

𝑠𝑡𝑑.𝑑𝑒𝑣(𝑥)
. This means that data is 

normalized in relation to all data (and not speaker specific).  
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Clatworthy and Jones, 2001; Courtis, 2004). For German texts, the score is defined as 

follows (Groeben, 1982): FRE = 180 – 
𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
 – (58.5 ∗

𝑡𝑜𝑡𝑎𝑙 𝑠𝑦𝑙𝑙𝑎𝑏𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠
) . It is 

important to note that the interpretation of this measure is contrary to the interpretation 

of the other cognitive complexity measures. A higher FRE value corresponds to a lower 

level of cognitive complexity.  

Third, cognitive complexity is also associated with a higher level of cognitive process 

words (CogPro) (Pennebaker and Stone, 2003), i.e. words from the following word 

categories: insight (e.g., “think”, “know”), causation (e.g., “because”, “effect”), 

discrepancy (e.g., “should”, ”would”), tentative (e.g., “maybe”, “perhaps”), 

certainty (e.g., “always”, “never”) and differentiation (e.g., “but”, “else”). Additionally, 

the use of cognitive process words correlates with intellectual achievements (Klein and 

Boals, 2001). Therefore, we apply the share of cognitive process words as a third measure 

of cognitive complexity. 

3.2.3 Dishonesty  

By definition, telling untruths requires the description of non-existent events and attitudes 

(Newman et al., 2003). The lack of honesty leads to imagined experiences being told. 

According to linguistic literature, individuals describe imaginary events differently to real 

events, which is reflected in individuals’ language use (Newman et al., 2003; Slatcher et 

al., 2007; Vrij et al., 2004, 2000).  

Previously published studies on dishonesty in the public and private sector have been 

inconsistent and contradictory (Barfort et al., 2019; Hanna and Wang, 2017; Posner and 

Schmidt, 1982). While Barfort et al. (2019) and Posner and Schmidt (1982) document 

that dishonest individuals are more likely to self-select into private sector jobs in 

occidental countries, Hanna and Wang (2017) provide contradictory findings for India. 

Thus, in this context, cultural and country differences seem to have an influence on 

occupational self-selection. Moreover, Barfort et al. (2019) argue that higher monetary 

incentives in the private sector would attract more dishonest individuals.  

Although unethical business culture in the financial industry constitutes a politically 

relevant issue (e.g., Carney, 2014; Clarke, 1988; Cohn et al., 2014; Lagarde, 2014), much 

of the research up to now has been descriptive in nature. As an exception, Cohn et al. 

(2014) provide empirical evidence that bankers are more dishonest than both, employees 
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from other industries and students. Based on this finding, we hypothesize that bankers are 

more dishonest than regulators. 

Following literature (Newman et al., 2003; Slatcher et al., 2007), we include five word 

categories to derive our dishonesty measure. Newman et al. (2003) find that dishonest 

individuals use higher levels of negative emotion words (negemo) and motion 

words (motion). Additionally, they use lower levels of first-person singular pronouns (I), 

references to others (other) and exclusive words (excl). Therefore, following Newman et 

al. (2003) and Slatcher et al. (2007) our measure of dishonesty (DScore) is defined as 

follows: DScore = znegemo + zmotion – zI – zother – zexcl. 

3.2.4 Overconfidence  

Overconfidence describes the tendency of individuals to overestimate their own abilities. 

In general, the literature suggests that overconfidence significantly influences people’s 

behavior (McCannon et al., 2016). For example, overconfidence affects trading behavior 

(Barber and Odean, 2001, 2000; Chen et al., 2007; Glaser and Weber, 2007; Goetzmann 

and Kumar, 2008; Merkle, 2013; Odean, 1998) and managers’ behavior in the context of 

mergers and acquisitions (Billett and Qian, 2008; Doukas and Petmezas, 2007) and 

forecasting (Libby and Rennekamp, 2012). In addition to the extensive literature on CEO 

overconfidence in general, there is also research on the overconfidence of finance 

professionals (Kaustia and Perttula, 2012; Suntheim, 2016). Suntheim (2016) provides 

empirical evidence that banks managed by an overconfident CEO are subject to higher 

risks. Kaustia and Perttula (2012) document overconfidence in terms of better-than-

average thinking and unfounded confidence among financial advisors and bank branch 

managers.  

A small literature investigates the problem of overconfidence among central bankers. 

Claussen et al. (2012) present a model of monetary policy decisions and show that 

overconfidence of policymakers can help to replicate several properties of the decision 

making process in central banks. Bennani (2020) introduces an indicator of 

overconfidence of the chair of the Federal Reserve. His evidence suggests that an 

overconfident chairman contributes to higher investor sentiment. 7  However, the 

                                                 

7 The recent superstar status of central bankers („Super Mario“ Draghi, „Maestro“ Alan Greenspan) suggests that the 

public perception of regulators or central bankers can be consistent with overconfidence. 
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investigated period is characterized by a varying degree of overconfidence among 

examined chairmen with positive and negative values, centered around zero. 

Given the empirical evidence of overconfidence among finance professionals combined 

with the scarce findings regarding financial regulators, we hypothesize that bankers show 

a higher level of overconfidence than regulators.  

Methodologically, we follow Kim (2013) who provides evidence that overconfidence is 

reflected in communication patterns of CEOs. Based on theoretical foundations (Gervais 

and Odean, 2001) postulating that the self-attribution bias triggers overconfidence, the 

author argues that their language-oriented measure of the self-attribution bias 

approximates CEOs’ overconfidence. In detail, Kim (2013) puts CEOs’ self-referencing, 

on the one hand, and referencing to others, on the other hand, into relation. According to 

the definition of the self-attribution bias, i.e. individuals tendency to credit oneself and 

one’s own abilities with past success but to blame others or external factors for failures, 

CEOs are identified as biased if they show abnormal self-referencing after positive events 

and abnormal referencing to others after negative events. Following this rationale, we 

derive our first measure of overconfidence as follows:  

𝑆𝐴𝐵 = {
|𝑆𝑒𝑙𝑓𝑅𝑒𝑓| , 𝑖𝑓 (𝑇𝑜𝑛𝑒 > 0 ∧ 𝑆𝑒𝑙𝑓𝑅𝑒𝑓 > 0) ∨ (𝑇𝑜𝑛𝑒 < 0 ∧ 𝑆𝑒𝑙𝑓𝑅𝑒𝑓 < 0)

0,                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                               
 (1) 

First, we assess interviewees’ excessive self-referencing (SelfRef) as described in 

section 3.2.1. Next, we determine an interview’s overall tone (Tone) by subtracting the 

share of negative connoted words from the share of positive connoted words as classified 

by the business-specific word lists of Bannier et al. (2019). Accordingly, we define an 

interview as positive if Tone is positive and as negative if Tone is negative. Then, we 

construct the SAB variable. SAB equals SelfRef in an overall positive interview and 

positive SelfRef. Analogously, SAB equals the absolute value of SelfRef in an overall 

negative interview and negative SelfRef. Otherwise, SAB is zero.  

Additionally, for robustness reasons, we use the summary variable Clout provided by the 

LIWC software as another overconfidence measure that is used in different research areas 

(Duncan et al., 2019; Oliver et al., 2020; Smith-Keiling and Hyun, 2019). A higher Clout 

score indicates that the speaker is confident (Pennebaker et al., 2015b) and thus, reflects 

a weaker form of overconfidence. 
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3.3 Univariate evidence 

To gain first insights into the differences between bankers and regulators regarding 

psychological characteristics, we begin our analysis with a discussion of descriptive 

evidence reported in Table IV-2. Statistical significance is tested by Student's t-test. 

Table IV-2: Differences in linguistic measures between bankers and regulators 

This table presents the values of used linguistic measures for both, bankers and regulators. In addition, column six 

shows the differences in those linguistic measures between bankers and regulators including the associated statistical 

significance (Student’s t-test). Please see Table IV-A.1 in Appendix IV-A for detailed description of all variables. In 

addition, we standardized our linguistic measures across the entire sample by subtracting the mean and dividing by the 

standard deviation. The standardized values for each respective measure does not add up to zero due to unequal sample 

sizes of bankers and regulators. Standardized values are reported in parentheses. ***, **, and * indicate statistical 

significance at the 1%, 5%, and 10% levels, respectively. 

 VARIABLES Bankers Regulators N Diff. t-statistic 
       

Selfishness SelfRef 2.978 

(0.095) 

1.119 

(-0.778) 

532 1.859 

(0.873) 

6.518*** 

 Narc 0.151 

(0.037) 

-1.233 

(-0.302) 

532 1.384 

(0.339) 

2.445** 

       

Cognitive complexity CogScore -0.127 

(-0.038) 

1.042 

(0.310) 

532 -1.169 

(-0.348) 

-2.516** 

 FRE 54.376 

(0.081) 

49.394 

(-0.659) 

532 4.982 

(0.740) 

5.460*** 

 CogPro 14.864 

(-0.103) 

17.079 

(0.839) 

532 -2.215 

(-0.942) 

-7.079*** 

       

Dishonesty DScore -0.004 

(-0.002) 

0.034 

(0.014) 

532 -0.038 

(-0.016) 

-0.114 

       

Overconfidence SAB 2.077 

(0.082) 

0.463 

(-0.666) 

532 1.614 

(0.747) 

5.520*** 

 Clout 73.099 

(0.112) 

61.171 

(-0.914) 

532 11.927 

(1.026) 

7.776*** 

       

 

We document that, unconditionally, bankers show significantly higher selfishness than 

regulators. More specifically, bankers have a 1.859 (1.384) higher SelfRef (Narc) score, 

which corresponds to 0.873 (0.339) standard deviations of the variable. Regarding 

cognitive complexity, all three measures indicates a higher value for regulators. In 

particular, differences between regulators and bankers amount to 1.169, 4.982 and 2.215, 

respectively, corresponding to 0.348, 0.740 and 0.942 standard deviations of the 

respective variable. The two measures of overconfidence also show statistically 

significant differences. We document a 0.747 (1.026) standard deviations higher SAB 

(Clout) score for bankers compared to regulators. For dishonesty, we cannot prove a 

statistically significant effect.  
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In sum, the results presented in Table IV-2 provide preliminary evidence for bankers 

being more selfish and overconfident and regulators showing higher cognitive 

complexity. 

4. Regression results 

4.1 Model 

To examine the effect of the membership in a group, i.e. being regulator or banker, on 

linguistic markers of psychological characteristics while controlling for interviewee and 

interview characteristics as well as interviewer and year fixed effects, we estimate the 

following model  

𝐿𝑖𝑛𝑔𝑢𝑖𝑠𝑡𝑖𝑐𝑆𝑐𝑜𝑟𝑒𝑖,𝑗,𝑘,𝑡 = 𝛼𝑖,𝑗 + 𝛽𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟𝑗 + 𝛿′𝑚𝑗 + 𝜀𝑖,𝑗,𝑘,𝑡 (2) 

where 𝐿𝑖𝑛𝑔𝑢𝑖𝑠𝑡𝑖𝑐𝑆𝑐𝑜𝑟𝑒𝑖,𝑗,𝑘,𝑡  denotes the corresponding linguistic variable i for 

interviewee j in an interview conducted by interviewer k in year t. 𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟𝑗 denotes 

an indicator variable equaling one if the interviewee is a regulator and zero otherwise. 

Additionally, we draw on prior research on psycholinguistics to identify the relevant 

control variables included in the vector 𝑚𝑗. In particular, we control for information about 

interviewee j including her age (Pennebaker and Stone, 2003) and gender (Newman et 

al., 2008) as well as an indication whether she is in a leading position (Leonardi and 

Rodriguez-Lluesma, 2013). Moreover, we control for interviewee’s speech share and the 

total count of words spoken by an interviewee. Furthermore, we add year fixed effects to 

address potential time effects as well as interviewer fixed effects to control for a potential 

interviewer effect (Davis and Silver, 2003; Davis et al., 2010). We estimate the model 

using standard errors clustered by interviewee and year. 

4.2 Main results 

Table IV-3 reports results obtained from various specifications of the linear regression 

model formalized in equation (2).8 The conducted multiple regressions can explain up to 

36.3% (FRE) of variation in our dependent variable. The regression results generally 

                                                 

8 For interpretation purposes, we standardized our linguistic measures across the entire sample by subtracting the mean 

and dividing by the standard deviation. We go into these standardized values in more detail in the discussion section. 

However, we report non-standardized results in the main regression results tables. See Table IV-C.1 and Table IV-C.2 

in Appendix IV-C for standardized results. 
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support univariate evidence presented in section 3.3.9 In detail, regulators show a 1.949 

lower self-referencing score, which is about 70% of the mean score indicating 

considerable differences in terms of selfishness. The estimation results for Narc, which 

can be interpreted as excessive selfishness (Kernberg, 1998; Naidu et al., 2019) show the 

same tendency. However, the coefficient for the regulator variable is not statistically 

significant. Results for our cognitive complexity proxies reveal that regulators show 

higher cognitive complexity. In particular, they use language that is more complex and 

includes more linguistic markers indicating intellectual achievements. Compared with 

mean values, regulators speaks 11% more complex (FRE) and use 13% more words 

indicating cognitive processing (CogPro). Again, we find no evidence for differences in 

dishonesty between bankers and regulators. Estimation results for our overconfidence 

proxies fully support univariate evidence. Accordingly, regulators’ SAB score is 1.721 

lower than bankers’ SAB score, just as the Clout score that is 12.260 lower for regulators.  

Results for included control variables reveal that only interviewee’s age partly affects our 

investigated linguistic markers. For example, results suggest that interviewee’s age 

positively relates to manifested cognitive complexity. Furthermore, our results partly 

support previous literature showing a decline in confidence among people over 70 (Orth 

et al., 2018). In contrast, neither interviewees’ sex nor their position seems to affect the 

linguistic markers. 

                                                 

9 Since age data for 39 interviewees is lacking, only 493 observations are included in our regressions. 
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Table IV-3: Regression results 
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4.3 Impact of interview’s topic 

Conceptual arguments suggest that the relationship between psychological characteristics 

and their linguistic markers might be context dependent (Mehl et al., 2012). According to 

Gibson (1979), each context takes on a psychological function for a given trait. This 

function defines the extent to which a trait can be revealed. Empirically, inconsistent 

findings regarding the relationships between word use and personality traits support those 

claims. For example, Pennebaker and King (1999) find that women use more first person 

personal pronouns in personal essays whereas Mulac and Lundell (1994) find lower use 

of first person personal pronouns in picture descriptions among women. Additionally, 

Mehl et al. (2012) explicitly investigated the contextual dependence of the relationship 

between word use and traits. Comparing stream-of-consciousness essays and daily 

conversations with other, the authors find that psychological correlates of word use can 

be context dependent. Therefore, we repeat our main regression analyses by additionally 

controlling for the topic proportions of the respective interview that we derived from 

structural topic modelling (STM) (Roberts et al., 2014). STM is an unsupervised machine 

learning algorithm that extends the well-known latent Dirichlet allocation (LDA) model 

(Blei et al., 2003). The LDA model represents a generative probabilistic model that can 

be used to identify underlying topics in a set of documents based on the correlations of 

words within the documents. The basic assumption of the LDA model is that words within 

a document are independently drawn from different bags of words that contain a set of 

words each. Each bag of words represents a topic, i.e. a mixture over words where each 

word has a probability to belong to a topic and the sum of word probabilities for each 

topic is one. In other words, a document is a mixture of different topics where the shares 

of all topics in a document add up to one. Every document has an unique mixture of topic 

proportions.10 The STM algorithm additionally allows to take document metadata into 

account, i.e. both, the topic proportions within each document (topical prevalence) and 

the word distributions within each topic (topical content) can be a function of document 

metadata.11 

                                                 

10 Please see Blei et al. (2003) for more details on the LDA model.  

11 Please see Roberts et al. (2014) for more details on the STM algorithm. 
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Applying the STM algorithm to our interview data, we include the group membership of 

an interviewee, i.e. banker or regulator as well as the year of an interview as topical 

prevalence covariates. Put differently, when deriving interview topics we incorporate the 

fact that bankers and regulators have different thematic focuses and that these focuses 

change over time. Moreover, in addition to single words we also included bigrams and 

trigrams in the topic generating process, i.e. coherent combinations of two or three words. 

Stop words without a deeper meaning were excluded.12 

After estimating topic proportions for each interview, we create 30 variables capturing 

topic proportions for each interview and include those variables (except one to avoid 

perfect multicollinearity) in our baseline model described in section 4.1. Table IV-4 

reports the regression results.  

  

Table IV-4: Regression results with inclusion of interviews’ topic proportions 

This table presents a rerun of our main regression extended by the 29 variables indicating the proportions of the 30 

identified topic within an interview as derived from structural topic modelling (we exclude one variable to avoid perfect 

multicollinearity). Our main explanatory variable is 𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟𝑗 that denotes an indicator variable equaling one if the 

interviewee is a regulator and zero otherwise. Control variables are the same as presented in Table IV-3. Please see 

Table IV-A.1 in Appendix IV-A for detailed description of all variables. Double-clustered standard errors for 

interviewee and year are reported in parentheses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% 

levels, respectively. 

 Selfishness  Cognitive complexity  Dishonesty  Overconfidence 

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

VARIABLES SelfRef Narc  CogScore FRE CogPro  DScore  SAB Clout 

                     

Regulator -1.024* -4.170***  1.645** -4.955*** 1.381**  0.172  -0.894** -6.353** 
 

(-1.669) (-3.238)  (2.019) (-2.714) (2.479)  (0.313)  (-2.143) (-2.084) 
  

   
 

  
 

 
  

Observations 493 493  493 493 493  493  493 493 

Adjusted R2 0.403 0.191  0.303 0.399 0.438  0.224  0.318 0.429 

Further Controls YES YES  YES YES YES  YES  YES YES 

Topic Proportions YES YES  YES YES YES  YES  YES YES 

Year FE YES YES  YES YES YES  YES  YES YES 

Interviewer FE YES YES  YES YES YES  YES  YES YES 

 

As can be seen from Table IV-4, incorporating the topic proportions allows us to 

significantly increase the explanatory power of our regression models explaining up to 

43.8% (CogPro) of variation in our dependent variables. Estimated coefficients, however, 

                                                 

12 Based on the model diagnostics reported in Figure IV-D.1 and Figure IV-D.2 in Appendix IV-D, we set the number 

of topics to 30. The ten most prevalent derived topics are presented as word clouds in Figure IV-D.3 in Appendix IV-

D, while the distribution of top ten topics (by prevalence) by interviewee group is illustrated in Figure IV-D.4. 
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remain qualitatively the same. In addition, we find a statistically significant effect 

according the narcissism proxy variable amounting to -4.170, which corresponds to 1.020 

standard deviations, indicating excessive selfishness among bankers compared to 

regulators.  

5. Discussion and concluding remarks 

Analyses of bankers’ and regulators’ language use in a uniform interview setting indicate 

that their linguistic styles differ significantly suggesting different psychological 

characteristics among them. Even after controlling for a battery of extant determinants of 

the characteristics of linguistic markers as well as interviews’ topic proportions, bankers 

display a higher selfishness amounting to 0.481 (1.020) as measured by the standardized 

score for SelfRef (Narc). Thus, we can confirm our first hypothesis. Analogously, we 

document bankers being more prone to overconfidence by reporting a 0.414 and 0.546 

higher standardized score for SAB and Clout, respectively. Therefore, again, we can 

confirm our hypothesis. On the other hand, regulators are associated with a higher 

cognitive complexity, the value of which is 0.490, 0.736 and 0.587 higher than that of 

bankers, depending on the standardized measure applied. This finding contradicts our 

hypothesis of smarter bankers. In fact, our finding support early exploratory research by 

Posner and Schmidt (1982) as well as empirical evidence provided by Crewson (1995) 

documenting that public administrators are more capable than business administrators in 

terms of arithmetic reasoning, mathematical knowledge and verbal expression. In the 

same vein, Lyons et al. (2006) show that public administrators are doing more 

intellectually stimulating work, i.e. performing ability challenging projects and tasks. On 

the contrary, especially in the corporate context, emotional intelligence, which we cannot 

measure here, plays a special role (Côté et al., 2010; Sadri, 2012). With regard to 

dishonesty, we can neither reject nor confirm our hypothesis. Although Cohn et al. (2014) 

document strong evidence of dishonesty in the banking industry, measuring dishonesty 

by means of linguistic measures show no significant differences between bankers and 

regulators. Our results, thus, support the main result of Rahwan et al. (2019) who find no 

evidence for dishonesty in the banking industry by replicating the analysis of Cohn et al. 

(2014) with participants from different populations, i.e. bankers from different-sized 

banks from the Asia Pacific region, Middle East and Europe. It follows that bankers’ 

psychological characteristics might vary across jurisdictions.  
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The empirical strategy used in this study to assess group differences between bankers and 

regulators is itself novel, enabling us to systematically investigate actors’ psychological 

characteristics. The advantage of this empirical strategy arises mainly from the fact that 

classical personality tests are not an option in this context. Nevertheless, our procedure is 

subject to possible limitations.  

First, unfortunately, our final sample of regulators consists of only 58 interviews. One 

way to address this issue would be to include speeches, debates and other interview 

formats in the investigation. However, this would lead to a possible speech source effect 

as documented for example in Slatcher et al. (2007), i.e. differences in linguistic measures 

due to varying communication partners, networks and locations.  

Second, ideally, we would have analyzed personality data of economics and business 

administrations students who subsequently decided to work either in the financial 

industry or as financial regulators. This approach would allow us to isolate the 

relationship between psychological characteristics and occupational self-selection. 

Unfortunately, however, this respective data is lacking. Nevertheless, in the absence of 

such data, our approach allows us to gain new insights into the psychological 

characteristics of bankers and regulators, which would not be possible without this 

approach. 

Based on the strong evidence for the relationship between psychological characteristics 

and job performance including problematic practices (e.g., Barrick et al., 2002; Cohn et 

al., 2014; O’Boyle et al., 2011) as well as against the background that financial regulators 

frequently make subjective decisions about considered banks (Rosen, 2003), it might be 

expedient to alter the incentives to work in the considered occupations. Here, it must be 

policy makers’ objective to reduce fraudulent practices that cause economic damages as 

well as a lack of stability and reputation of the financial system (e.g., Abrantes-Metz et 

al., 2012; Barth et al., 2012; Cohn et al., 2014). At the same time, a discussion on a further 

restriction of the revolving door between regulation and industry is indispensable. 13 

However, to make informed decisions and especially against the background that our 

                                                 

13 According to Lucca et al. (2014), the evidence on the revolving door is consistent with the view that the flow of 

workers between regulators and banks predominantly contributes to an exchange of information, not a „quid-pro-quo“. 
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investigation can only provide a glimpse into the psychological characteristics of bankers 

and regulators, future studies on the current topic are required.  
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7. Appendix 

Appendix IV-A: Definitions of variables 

Table IV-A.1: Definition of variables 

Variable [Measurement unit] Explanation 

A. General Variables  

Regulator [1/0] Indicator variable equaling one if the interviewee is a regulator and zero 

otherwise. 

Age of interviewee [Years] Age of interviewee at the time of the interview. 

Sex of interviewee [1/0] Sex of interviewee. 

Sex of interviewer [1/0] Sex of interviewer. 

Leading Position [1/0] Indicator variable equaling one if the interviewee is in a leading position and zero 

otherwise. For bankers, we identify an interviewee being in a leading position if 

she is a member of the executive board or a member of the board of supervisors 

in the corresponding company. For regulators, we identify an interviewee being 

in a leading position if she is president or vice-president or member of the 

executive board in the corresponding institution.  

B. Demographics Bankers  

Member board of supervisors [1/0] Indicator variable equaling one if the interviewee is a member of the board of 

supervisors in the corresponding company and zero otherwise. 

CEO [1/0] Indicator variable equaling one if the interviewee is the CEO of the board of 

supervisors in the corresponding company and zero otherwise. 

Board member (other) [1/0] Indicator variable equaling one if the interviewee is a member of the executive 

board (not CEO) in the corresponding company and zero otherwise. 

Division manager [1/0] Indicator variable equaling one if the interviewee is a division manager in the 

corresponding company and zero otherwise. 

Operational employee [1/0] Indicator variable equaling one if the interviewee is neither a member of the 

executive board nor a member of the board of supervisors or a division manager 

in the corresponding company and zero otherwise. 

C. Demographics Regulators  

Member of executive board [1/0] Indicator variable equaling one if the interviewee is a member of the executive 

board in the corresponding institution and zero otherwise. 

Member of presiding board [1/0] Indicator variable equaling one if the interviewee is a member of the presiding 

board in the corresponding institution and zero otherwise. 

Other position [1/0] Indicator variable equaling one if the interviewee is neither a member of the 

executive board nor a member of the presiding board in the corresponding 

institution and zero otherwise. 

Financial regulation [1/0] Indicator variable equaling one if the interviewee works for a financial regulation 

authority and zero otherwise. 

Central bank [1/0] Indicator variable equaling one if the interviewee works for a central bank and 

zero otherwise. 

D. Textual variables  

Wordcount [#] Total count of words an interviewee uses in an interview.  

Interviewee's speech share [%] The proportion of interviewee’s total word count in relation to the length of the 

interview. 

SelfRef [%] Sum of the share of first person singular personal pronouns (I) (relative to 

interviewee’s total word count) and first person plural personal pronouns (we) 

minus the share of third person personal pronouns (other): SelfRef = I + we – 

other.  

Narc [-] Composition of the following LIWC categories converted to z scores (across 

speakers): achievement words (achiev), inhibition words (inhib), optimism and 

energy words (optim), 2nd person personal pronouns (youtotal), references to 

sports (sports), death (death), third person personal pronouns (other), anxiety 

words (anx), negative emotions words (negemo), insight words (insight), 

tentative words (tent), perception words (perc), feeling words (feel) and 

references to home (home) and music (music). The score is calculated as follows: 

Narc = zachiev + zinhib + zoptim + zyoutotal + zsports + zdeath – zother – zanx 

– znegemo – zinsight – ztent – zperc – zfeel – zhome – zmusic. 
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CogScore [-] Composition of the following LIWC categories converted to z scores (across 

speakers): exclusive words (excl), tentative words (tent), negations (negate), 

discrepancies (disc) and inclusive words (incl). The score is calculated as follows: 

CogScore = zexcl + ztent + znegate + zdisc – zincl 

FRE [-] Flesch-Reading-Ease score defined as  

FRE = 180 – 
𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠
 –(58.5 ∗

𝑡𝑜𝑡𝑎𝑙 𝑠𝑦𝑙𝑙𝑎𝑏𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠
). 

CogPro [%] Total count of words from the LIWC category cognitive processes relative to 

interviewee’s total word count. 

DScore [-] Composition of the following LIWC categories converted to z scores (across 

speakers): negative emotion words (negemo), motion words (motion), first-person 

singular pronouns (i), references to others (other) and exclusive words (excl). The 

score is calculated as follows: DScore = znegemo + zmotion – zI – zother – zexcl 

SAB [-] Score that equals SelfRef in an overall positive interview (Tone>0) and that equals 

the absolute value of SelfRef (if negative) in an overall negative interview 

(Tone<0). Otherwise, the score is zero.  

𝑆𝐴𝐵 = {
|𝑆𝑒𝑙𝑓𝑅𝑒𝑓|, 𝑖𝑓 (𝑇𝑜𝑛𝑒 > 0 ∧ 𝑆𝑒𝑙𝑓𝑅𝑒𝑓 > 0) ∨ (𝑇𝑜𝑛𝑒 < 0 ∧ 𝑆𝑒𝑙𝑓𝑅𝑒𝑓 < 0)

0,                𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                              
  

Clout [-] Summary variable provided by the LIWC software indicating interviewee’s 

confidence on a scale from 0 to 100. 
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Appendix IV-B: Summary statistics for the used linguistic measures  

Table IV-B.1: Summary statistics for the used linguistic measures 

This table presents the summary statistics for the used linguistic measures in our study. Please see section 3.2 and Table 

IV-A.1 in Appendix IV-A for detailed description of all variables. 

VARIABLES N Mean SD Min p25 Median p75 Max 

         

SelfRef 532 2.776 2.129 -3.070 1.210 2.705 4.355 9.030 

Narc 532 0.000 4.087 -12.766 -2.656 -0.029 2.468 16.796 

CogScore 532 -0.000 3.358 -12.435 -2.266 0.257 2.241 9.657 

FRE 532 53.833 6.734 22.785 50.309 54.588 58.236 69.085 

CogPro 532 15.105 2.351 7.640 13.475 15.195 16.785 22.120 

DScore 532 -0.000 2.378 -8.101 -1.481 -0.046 1.471 7.336 

SAB 532 1.901 2.160 0.000 0.000 1.035 3.490 9.030 

Clout 532 71.798 11.628 29.740 63.705 71.960 80.685 95.240 
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Appendix IV-C: Regression results with standardized dependent variables 

Table IV-C.1: Regression results with standardized dependent variables 
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Table IV-C.2: Regression results with standardized dependent variables and with inclusion of 

interviews’ topic proportions 

  This table presents a rerun of our main regression with standardized dependent variables extended by the 29 variables 

indicating the proportions of the 30 identified topic within an interview as derived from structural topic modelling (we 

exclude one variable to avoid perfect multicollinearity). We standardized our linguistic measures across the entire 

sample by subtracting the mean and dividing by the standard deviation. Our main explanatory variable is 𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟𝑗  

that denotes an indicator variable equaling one if the interviewee is a regulator and zero otherwise. Control variables 

are the same as presented in Table IV-C.1. Please see Table IV-A.1 in Appendix IV-A for detailed description of all 

variables. Double-clustered standard errors for interviewee and year are reported in parentheses. ***, **, and * indicate 

statistical significance at the 1%, 5%, and 10% levels, respectively. 

 
 Selfishness  Cognitive complexity  Dishonesty  Overconfidence 

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

 VARIABLES SelfRef Narc  CogScore FRE CogPro  DScore  SAB Clout 

                      

 Regulator -0.481* -1.020***  0.490** -0.736*** 0.587**  0.073  -0.414** -0.546** 

  (-1.669) (-3.238)  (2.019) (-2.714) (2.479)  (0.313)  (-2.143) (-2.084) 

             

 Observations 493 493  493 493 493  493  493 493 

 Adjusted R2 0.403 0.191  0.303 0.399 0.438  0.224  0.318 0.429 

 Further Controls YES YES  YES YES YES  YES  YES YES 

 Topic Proportions YES YES  YES YES YES  YES  YES YES 

 Year FE YES YES  YES YES YES  YES  YES YES 

 Interviewer FE YES YES  YES YES YES  YES  YES YES 



CZAJA/TILLMANN/WALTER Occupational self-selection among bankers and financial regulators 

IV-155 

Appendix IV-D: Structural topic modelling 

Figure IV-D.1: Model diagnostics by number of topics 

This figure illustrates the model diagnostics by number of topics K derived from structural topic modelling (Roberts et 

al., 2014). Held-out likelihood captures how surprised a trained model, i.e. a trained topic-deriving model with a subset 

of the total data, is of new data it has not seen before. The lower this value, the better the trained model captures patterns 

of natural language. Lower bound is an approximation of the lower bound on the marginal likelihood representing 

model’s internal measure of fit. The lower this value, the better the trained model. Residuals illustrates the metric based 

on the residual-based diagnostic method of Taddy (2012). The lower this value, the closer the specified number of 

topics is to the optimal number of topics. Semantic coherence is a metric related to the degree of semantic similarity 

between high scoring words in a topic based on Mimno et al. (2011). The higher this value, the more likely words, 

which are most probable under a topic, co-occur within the same document. 
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Figure IV-D.2: Comparison of exclusivity and semantic coherence by number of topics 

This figure illustrates the comparison of exclusivity and semantic coherence by number of topics K. 

Semantic coherence is a metric related to the degree of semantic similarity between high scoring words in a topic based 

on Mimno et al. (2011). The higher this value, the more likely words, which are most probable under a topic, co-occur 

within the same document. Exclusivity measures the extent to which the top words for a topic do not appear as top 

words in other topics. The higher this value, the higher the exclusivity for each topic. 
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Figure IV-D.3: Word clouds for top 10 topics (by prevalence) 

This figure presents a word cloud of the most probable words under a topic for each of the top ten topics (by prevalence). 

Topic 3 Topic 29 

  
Topic 14 Topic 5 

  
Topic 15 Topic 6 
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Topic 20 Topic 2 

  
Topic 7 Topic 27 
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Figure IV-D.4: Distribution of top 10 topics (by prevalence) by interviewee group 

This figure illustrates the distribution of the top ten topics (by prevalence) by interviewee group, i.e. bankers and 

regulators. On the horizontal axis, the differences between the two groups in the topic prevalence of each topic are 

plotted.  

  

 

 

Regulators… Bankers 
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