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Abstract: Cryptocurrencies such as Bitcoin are a highly volatile asset class
where very high returns are offset by large losses. This study examines the
financial success of individual investments in cryptocurrencies and analyzes
whether it relates to similar explanatory factors as for investments in other asset
classes. For this purpose, a nationally representative survey data set of 3,864
German citizens is used, of which 354 (9.2%) reported owning cryptocurrencies
in March 2019. We analyze the subpopulation of 225 cryptocurrency owners
who classify as investors. 56% of them experienced positive returns, while 29%
had negative results. The remaining respondents broke even. The average
investment was €1,773 in a portfolio of two cryptocurrencies. At the time of the
survey, the average portfolio value had risen to €7,094 – an average gain of
300%. While nearly half of the investors (44%) outperformed Bitcoin market
returns, not a single one of the early investors (2009-12) did. We find that net
income, the degree of cryptocurrency knowledge and the degree of ideological
motivation for owning cryptocurrency have positive effects on returns. This first
scientific analysis of individual investment provides a basis for future research
and for regulatory decision-making.
Keywords: Bitcoin; Blockchain; Individual investors; Alternative investments;
Financial performance
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Introduction

Following the publication of the Bitcoin whitepaper and the subsequent launch of the Bitcoin
network, the price of the digital currency rose from zero to almost $20,000 in December 2017
and then dropped back to $4,000 in December 2018 before rising over $50,000 in April 2021
(CoinGecko 2021). Thus, investing in Bitcoin is clearly risky. While Nakamoto (2008)
introduced Bitcoin as electronic cash, that simple characterization no longer applies, as the

benefits and applications have expanded and shifted significantly over the last ten years (e.g.,
Baur et al. 2018). Additionally, thousands of other cryptocurrencies with different focuses and
features have emerged since, which are characterized by even higher returns and higher risk of
loss alike. However, besides media reports about e.g. Bitcoin millionaires or total losses due to
scams, comparatively little is known about the extent to which investments in cryptocurrencies
have actually benefited or harmed individual or retail investors.
In 2021, the market capitalization of all cryptocurrencies has exceeded $2.6 trillion, which
undoubtedly illustrates the great social importance of cryptocurrencies (CoinGecko 2021).
Bitcoin and other cryptocurrencies have evolved from a niche product to an asset class in their
own right. Moreover, the underlying technology has become an enabling technology for diverse
applications and markets (Steinmetz et al. 2020). Cryptocurrencies such as Bitcoin are used as
digital cash, as a medium of exchange and as a store of value (Hazlett and Luther 2020).
Comparatively newer blockchains, such as Ethereum, enable smart contracts, the decentralized
anchoring of computer code on blockchains for the purpose of automating business processes
(Ante 2021). This provides the technological basis for so-called tokens, specific types of
cryptocurrency that can represent additional characteristics, like vouchers, licenses, voting
rights or securities (Ante and Fiedler 2020). In addition, it is possible to create completely
decentralized applications (DApps), as can be seen, for example, in the phenomenon of
decentralized finance (DeFi) (Chen and Bellavitis 2019; Schär 2021). Most cryptocurrency
transactions are attributable to speculators, rather than to ‘users’ of the currency (Yermack
2015). Cryptocurrencies such as Bitcoin are characterized by high volatility and large price
jumps (Aalborg et al. 2019; Chaim and Laurini 2018). Evidence of price bubbles underlines the
speculative nature of cryptocurrencies (Corbet, Lucey, et al. 2018; Kristoufek 2018). Other
research suggest that, due to the comparatively low level of regulation (cryptocurrencies are
not financial instruments), price manipulation and informed trading are more likely to occur
(Ante 2019; Feng et al. 2018).
Baur et al. (2018) find that Bitcoin has similarities to stocks, bonds and commodities, and
suggest that Bitcoin is a speculative investment. Dyhrberg (2016) analyzes the financial asset
capabilities of Bitcoin and in conclusion places Bitcoin somewhere between gold and the dollar.
Other research suggests that Bitcoin has no intrinsic value at all (Cheah and Fry 2015).
Exploring trading dynamics and market structures, Dyhrberg et al. (2018) show that Bitcoin is
investible for retail investors.
A range of research has dealt with the adoption of cryptocurrencies in general (Steinmetz et
al. 2021), as a means of payment (Schuh and Shy 2016), perceptions of cryptocurrency value
(Gibbs and Yordchim 2014), the determinants of interest in cryptocurrencies (F. Glaser et al.
2014), speculative opportunities (Hur et al. 2015), the choice of specific cryptocurrencies (Al
Shehhi et al. 2014), application domains (Steinmetz 2021) and the relationship between
cryptocurrency trading and gambling (Mills and Nower 2019). Few studies have so far dealt
with individual investors in cryptocurrency, but they have examined issues related to investors
into initial coin offerings (ICOs), blockchain-based crowd-financing of startups (Ante et al.
2018). Fisch et al. (2019) focus on the investment motives of 517 ICO investors and find that
technological motives are most important, followed by financial and ideological motives.
Fahlenbrach and Frattaroli (2019) analyze ICO investment behavior based on Ethereum wallet
data, finding that large investors buy their positions at a discount and sell them profitably.
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However, none of these studies use population data on the socioeconomic background of
cryptocurrency investors and their actual returns. To date there is no research on the
performance of individual investments in cryptocurrency. Accordingly, the scientific
community and society lack a fundamental understanding of individual (non-professional)
investors in cryptocurrency. It is unclear to what extent individuals had financial success or
were beaten by the (professional investors in the) cryptocurrency market. Furthermore, it is
fundamentally unclear who cryptocurrency investors are. What are their sociodemographic
characteristics, what is their investment horizon, and how are gains and losses distributed across
this population segment?
This paper aims to contribute to the literature on cryptocurrencies, their adoption and the
question as to whether cryptocurrencies are suitable investments by characterizing
cryptocurrency investors and the outcomes they achieve. We investigate whether investment
success in cryptocurrency is subject to similar explanatory factors as investment in similar asset
classes. Our data basis is derived from on a representative online survey among the German
adult population that comprises 3,864 individuals, i.e. data is self-reported. 354 (9.2%) of the
respondents reported owning cryptocurrencies, but some of them 1) obtained their
cryptocurrency not through investment but e.g. through mining or 2) failed to provide sufficient
information. This leaves a group of 225 (5.8%) individual cryptocurrency investors.
We address the research question how cryptocurrency investors can be characterized. For
this, we analyze what their socio-demographics (gender, age, income, education) look like and
how they compare to the rest of society. Additionally, we ask what returns the cryptocurrency
investors have achieved, whether they were able to beat the market and if cryptocurrency
investors classify as short-term speculators or if they look towards the long term? The literature
on individual stock investors (e.g., Barber and Odean 2013) offers a suitable basis and
benchmark. We derive hypotheses based on existing evidence on individual investors in other
asset classes and test them empirically. This allows us to identify how individual
cryptocurrency investors are fundamentally similar or different from individual investors in
other asset classes, such as stocks. Our explorative study extends this literature by analyzing
investors, classifying them according to their success and using multivariate analysis to identify
factors that influence investment success.
The results provide a detailed scientific picture of cryptocurrency investors, which is
essential for the fundamental penetration, analysis and consideration of the market. Future
research can build upon the results, e.g. identify, measure and extend the set of relevant
variables and apply further appropriate methodologies. Ultimately, the results have significance
for a large number of stakeholders in practice, including, for example, governments about
questions of regulation, businesses about target group refinement or investors about the
classification and analysis of one's own behavior and performance in comparison to other
investors.
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Literature and hypotheses

Barber and Odean (2013) point out that financial markets (and therefore also cryptocurrency
markets) are subject to an adding-up constraint: Whenever someone buys something, someone
else must sell it. Thus, the success of one investor necessitates the failure of another, which
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makes trading a zero-sum game. If transaction costs, like trading fees, are taken into account,
most individual investors underperform the market. The returns achieved by individual stock
investors have been estimated at 1.5% below the market index, with underperformance of 6.5%
for active investors (Barber and Odean 2000).
H1: Individual investors underperform in comparison to market returns.
Yet any aggregate statistics on underperformance mask the huge differences among individual
investors. We therefore also investigate whether the investors’ socio-demographics affect their
success. The literature shows that men generally trade more often than women and achieve
lower average returns, while both underperform the market (Barber and Odean 2001). Anderson
(2013) finds that various socio-demographic characteristics of individual stock investors affect
their investment performance. Lower income, wealth, age and education are associated with
less diversified portfolios, higher trading frequency and lower financial performance. However,
Korniotis and Kumar (2011) find that investment performance tends to decline with age.
According to Grinblatt et al. (2012), stock bought by investors with a high IQ generates high
positive returns over investment horizons of up to one month. Similarly, well-educated
investors outperform others by up to 3.6% annually (Korniotis and Kumar 2013).
H2: Socio-demographics, which we operationalize as a) gender, b) age, c) income and d) the
level of education affect the financial performance from investing in cryptocurrency.
Barber and Odean (2013) ask why so many individual investors self-manage their portfolios
when they could use cheaper alternatives such as index funds, which moreover achieve higher
returns. Various potential explanations for the irrational behavior or underperformance of
individual investors have been proposed, including overconfidence and an illusion of control
(Barber and Odean 2002), biased self-assessment (M. Glaser and Weber 2007; Graham et al.
2009), sensation-seeking (Grinblatt and Keloharju 2009) or financial inexperience. Individual
investors generally have a home bias, i.e. they prefer assets that they are familiar with, ignoring
the fact that foreign stocks offer diversification advantages (French and Poterba 1991).
Investors who are associated with a certain industry tend to prefer securities from the same
industry, despite the resulting lack of diversification (Døskeland and Hvide 2011). A high selfassessment of competence, as elicited for example through questions about investment products
or the assessment of opportunities on the market, is associated with higher trading frequency
and greater portfolio diversification (Graham et al. 2009).
H3: Industry knowledge, which we operationalize as a) the level of knowledge about
cryptocurrencies, b) the number of different cryptocurrencies known and c) the number of
different cryptocurrency exchanges used, affects the returns from investing in cryptocurrency.
H4: The self-assessed level of trust in cryptocurrencies affects the financial performance from
investing in cryptocurrency.
H5: The self-assessed attitudes in terms of the importance of ideological reasons to own
cryptocurrencies affects the financial performance from investing in cryptocurrency.
Diversification helps to reduce the risks regarding investment outcomes. However, individual
investors often do not diversify their portfolios, holding only a few different assets – four on
average, according to Barber and Odean (2000). Goetzmann and Kumar (2008) show that
typical portfolio volatility is unnecessarily high because the correlation among the assets held
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exceeds the value that would result from randomly selected assets. Ivković et al. (2008) find
that a lower level of individual investors’ portfolio concentration is associated with higher
financial performance. Diversification affects the variability of performance, but not average
performance. We control for potential effects of diversification by testing if the number of
different cryptocurrencies owned or the number of different cryptocurrencies owned divided
by the sum of investment leads to relevant effects.
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Sample and variables

The data used in this study is based on an online survey conducted from February 8 to March
28, 2019, that is representative of the German adult internet-using population in terms of age
and gender. The survey aimed to collect data on the phenomena of cryptocurrencies in Germany
on the basis of a representative sample. The age and gender of the German population over 18
years of age in the year 2019 was taken as the basis, based on the Federal Statistical Office of
Germany’s GENESIS-Online database (https://www-genesis.destatis.de).
A total of 34,440 people were contacted by a professional panel provider, of which 4,326
agreed to participate in the survey. The panel provider excluded 276 persons due to their IP
address, browser settings or fingerprints in order to exclude multiple and foreign participants.
Furthermore, 184 persons were excluded because they had answered the questions much too
quickly. Finally, two persons were excluded due to inconsistent answering behavior.
Of the 3,864 respondents, 354 (9.2%) reported owning cryptocurrencies. 225 (5.8%) of them,
having provided sufficient information on the size and time of their investment and their current
portfolio value, constitute the sample for this study. The survey participants were recruited via
mail, received no prior indication as to the topic of the survey, and were financially incentivized
to answer the questions. For descriptive analyses of the complete sample we refer to
(Blockchain Research Lab 2019a, 2019b). Figure 1 visualizes the sample selection process.
The respondents were asked to indicate the value of their portfolio at the time of the survey and
the amount of their total investment in Euro, excluding any subsequent additional investments
based on cryptocurrency trading gains. Both numbers were divided by 1,000 to form the
variables portfolio and invest, respectively. The first dependent variable, return, is calculated
as: (portfolio – invest) / invest. As return is highly skewed and has positive, negative and zero
values, we calculate return (log) as: log (return +1) and use this variable instead for the
multivariate analysis. Additionally, we categorize the respondents broadly according to their
investment success using the dependent dummy variables positive, negative and no change.
Dummy variables are used to indicate the year of the first investment (2009 to 2019) –
respondents stated the month and year of their first investment. coins known refers to the
number of coins known to an investor, while coins owned represents the number of different
cryptocurrencies that an investor owns – the respondents were asked which ones of the 15
cryptocurrencies with the greatest market capitalization (based on coinmarketcap.com at the
time of survey creation) are currently in their portfolios. Dummy variables for individual coin
possession were also generated for descriptive analysis (for the full list of the 15
cryptocurrencies and a brief description, see Table A.3). The variable coins / invest is calculated
as coins owned / invest. We use its log for the regression models (coins / invest (log)).
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Figure 1. Sample selection process
The respondents were furthermore asked to indicate to what extent they use their
cryptocurrency for each of two purposes: speculation (short-term) and investment (long-term).
Depending on which purpose is assigned greater importance, the respondents are classified as
1) short-term and 2) long-term investors. Where the two purposes received the same weight,
the respondents were classified as 3) indifferent investors.
The participants were also asked to assess their knowledge of cryptocurrencies (crypto
knowledge) on a scale of 0 (no knowledge) to 10. exchanges indicates the number of different
cryptocurrency exchanges an investor uses. In this regard, survey participants were presented
with a list of 20 different cryptocurrency exchanges from which they could choose. In addition,
they could name cryptocurrency exchanges not listed in an additional field. The 20 exchanges
were selected on the basis of their market relevance by three experts in the questionnaire design
process. Both currently operative (e.g. Coinbase or Binance) and historically relevant
exchanges (e.g. Mt.Gox or BTC-e) were listed. In detail, these are: Bibox, Binance, Bitcoin.de,
Bitfinex, Bitstamp, Bittrex, BTC-e, Circle, Coinbase, EtherDelta, HitBTC, Huobi, IDEX,
Kraken, KuCoin, LocalBitcoins, Mt. Gox, OKEx and Poloniex (sorted alphabetically). trust
refers to the investors’ assessment, on a scale of 0 to 10, of their trust in cryptocurrencies, while
ideology captures, on the same scale, the degree to which ideology motivates the investors to
own cryptocurrencies.
Finally, we collected data on a number of socio-demographic variables: Age (in years);
gender (male); and monthly income, which was recorded in categories, each of which was in
turn assigned a value as follows: ‘under €500’ (0.45); ‘€500-999’ (0.75); ‘€1,000-1,499’ (1.25);
‘€1,500-1,999’ (1.75); ‘€2,000-2,999’ (2.5); ‘€3,000-4,999’ (4); ‘over €5,000’ (6.5). education
approximates a respondent’s level of education based on their highest educational attainment.
The variable assumes the following values: 0 for ‘no school leaving certificate’; 1 for ‘lower
6

secondary school’; 3 for ‘high school’; 3 for ‘commercial or trade training’; 4 for ‘university
degree’; 5 for ‘PhD’.
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Results

4.1 Descriptive results
4.1.1 Characterizing individual cryptocurrency investors
Table 1 shows descriptive statistics of the total sample representative of the German adult
internet-using population in terms of age and gender as well as the respective cryptocurrency
investors and non-investors.
Table 1. Comparison between cryptocurrency investor population and non-investors
I.

II.

Population

Non-cryptocurrency
investors

Male

0.508

0.492

III.
Individual
cryptocurrency
investors
0.773

Age

46.73

47.29

37.64

-9.65***

18-24 years

0.113

0.110

0.173

0.063***

25-34 years

0.146

0.137

0.293

15.62***

35-49 years

0.284

0.281

0.338

0.057*

50+ years

0.456

0.473

0.196

-0.277***

2.262

2.219

2.928

0.709***

Under €500

0.598

0.062

0.018

-0.045***

€500 to €999

0.114

0.119

0.040

-0.079***

€1,000 to €1,499

0.169

0.171

0.133

-0.038

€1,500 to €1,999

0.161

0.160

0.169

0.008

€2,000 to €2,999

0.224

0.224

0.222

-0.002

€3,000 to €4,999

0.172

0.162

0.324

0.162***

Over €5,000

0.043

0.041

0.084

0.043***

2.867

2.667

3.013

0.346***

No school leaving certificate

0.007

0.007

0.009

0.002

Lower secondary school

0.210

0.217

0.089

-0.129***

High school

0.156

0.153

0.196

0.042*

Commercial training

0.218

0.218

0.209

-0.009

Trade training

0.252

0.142

0.120

-0.022

University degree

0.252

0.246

0.342

0.096***

PhD

0.017

0.015

0.036

0.020**

Δ
II. vs. III.
0.281***

Age groups

Income
Income groups

Education
Education levels

Observations
3,864
3,639
225
***, **, * indicates significance at the 1%, 5% and 10% level, respectively (t-test).
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The average cryptocurrency investor is male, 37.6 years old, earns €2,930 per month net and
has a university degree. More precisely, 77% of all investors are male and the university degree
is the most prevalent educational level with 34%. A comparison between crypto investors and
the rest of the (German) population shows significant differences in all socio-economic
characteristics considered. Crypto investors are significantly more likely to be male,
significantly younger, earn significantly more and are significantly more educated than the rest
of the population.
4.1.2 Investment characteristics and market returns
Table 2 summarizes investment characteristic for the 225 cryptocurrency investors according
to the year of their first investment. Each line presents the number of investors who entered the
market in a given year, their total investment and the sum of their portfolio values at the time
of the survey. Additionally, among each of these groups of investors, we distinguish three types
based on their investment horizon.
The returns achieved by the respondents between their first month and year of investment
and the end of March, 2019 (when the survey was conducted), are compared to the development
of the market return over the same period. Instead of a market index, as done in the stock
literature, we use buy-and-hold returns of Bitcoin. The reason for this is that there is no
continuous index over the entire period under consideration. Besides, Bitcoin is highly
correlated with the price of other cryptocurrencies (Katsiampa 2019). For the years 2009 to
2013, Bitcoin returns are only estimates, as we were unable to identify precise price histories.
From 2013 on, we relied on monthly close prices from coinmarketcap.com. The last column of
Table 1 shows the share of investors who underperformed compared to Bitcoin market returns
over the respective period.
The 225 investors invested a total of around €400,000. Today, their portfolios are worth
almost €1.6 million. Most investors entered the cryptocurrency market from 2015 onwards and
continued to do so at an increasing rate until 2018. If we extrapolate from the 8 investors who
first invested in the first three months of 2019, we obtain 24 new investors in 2019, which
suggests a declining interest in cryptocurrencies. The amounts invested have remained at a
comparatively high level since 2014. An extrapolation for all of 2019 would yield a sum of
€90,760, the highest value yet. Based on their self-assessment, 27% of the individuals are
classified as short-term investors, 41% have predominantly long-term investment interests, and
the remaining 32% are categorized as ‘indifferent’.
We find that very early investors, i.e. those who first invested in the years 2009 to 2012, have
since generated returns of between 195% (2011) and 51% (2013). The highest average relative
returns (2,499%) were generated by those who entered the market in 2013. The highest absolute
return accrues to those who first invested in 2016 (€478,100; an average of €15,422 per
investor). Most of the effect is attributable to two investors, one of whom invested €500 and
realized €180,000 (age 38, male, commercial/trade training, income €2,000-€2,999), while the
other one invested €5,500 and realized €185,000 (age 38, male, PhD, income above €5,000).
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Table 2. Cryptocurrency investment statistics by year of first investment
Investors

Sum of
portfolio
values

Investor classification

#

%

Sum of
investments
(€)

2009

2

1%

2,200

6,500

0%

2010

5

2%

1,044

1,574

2011

11

5%

23,482

2012

5

2%

2013

11

2014

Year

Investors returns
Market returns
(Bitcoin)

Share of under-

Indiff.

Weighted
average

Absolute

50%

50%

195%

4,300

532,644,307%

100%

40%

20%

40%

51%

530

6,781,667%

100%

43,338

18%

45%

36%

85%

19,856

39,457%

100%

11,700

12,100

20%

20%

60%

3%

400

27,127%

100%

5%

11,654

302,913

27%

64%

9%

2,499%

291,259

3,048%

91%

11

5%

59,024

270,767

18%

27%

55%

359%

211,743

825%

73%

2015

22

10%

62,817

103,880

18%

50%

27%

65%

41,063

1,522%

91%

2016

31

14%

42,929

521,029

29%

42%

29%

1,114%

478,100

764%

68%

2017

58

26%

81,027

145,280

33%

41%

26%

79%

64,253

176%

50%

2018

61

27%

80,527

144,130

25%

38%

38%

79%

63,603

162%

20%

2019

8

4%

22,690

44,620

50%

38%

13%

97%

21,930

110%

63%

225

100%

399,094

1,596,131

27%

41%

32%

300%

1,197,037

4,888,368%

56%

Σ

(€)

Shortterm

Longterm

performers

(€)

Bitcoin prices from 2009 to 2012 are estimated annual averages (BTC/EUR ≈ 0.000000188 (2009), 0.000014746 (2010), 0.00286 (2011), 0.00369 (2012)); absolute
market index returns are based on the sum invested in a particular month and year.
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All those who first invested in the years 2009 to 2012 have theoretically underperformed the market.
We see the first ‘winners’ among those who entered in 2013, with 9% of them beating the market.
This share rose to 27% among those who first invested in 2014. The years of market entry that
produced the highest shares of ‘winners’ are 2017 (50%) and 2018 (80%). Clearly the market index
– as we define it – is hard to beat, considering that a Bitcoin investment of €100 in 2009 would have
yielded €531 million by the time of the survey. Of the 225 investors, 99 (44%) beat the market. 25 of
them (25%) can be classified as short-term investors and 46 (46%) as long-term investors, the rest
being indifferent. With hindsight, those long-term investors clearly had the superior strategy,
considering the high buy-and-hold returns in the market.
4.1.3 Sample statistics and differences across investment outcomes
Table 3 shows sample statistics and differences across investment outcomes. The average investment
amounted to €1,772, which corresponds to 60.5% of the investors’ average monthly disposable
income of approximately €2,930. The average final portfolio value is €7,094 – a return of 300%. The
average portfolio contains just over two of the top 15 cryptocurrencies in terms of market
capitalization. Group III, i.e. those investors who achieved positive returns, has the lowest average
investment (€1,445) and the highest average portfolio value (€11,172), which corresponds to a 673%
increase in value.
Table 2. Sample statistics and differences across sub-samples
I.

II.

III.

IV.

Full
sample

No
change

Positive
returns

Negative
returns

Investment
Invest
1.77
1.78
1.45
2.59
Portfolio
7.09
1.78
11.17
1.50
Industry knowledge
Crypto knowledge
7.58
7.26
7.84
7.25
Coins known
5.92
4.85
6.17
6.00
Exchanges
1.88
1.21
2.13
1.75
Attitudes
Trust
6.79
7.00
7.01
6.26
Ideology
6.16
6.44
6.46
5.42
Demographics
Age
37.64
38.82
37.21
37.83
Male
0.77
0.71
0.77
0.82
Income
2.93
2.74
3.13
2.64
Education
3.01
2.82
3.06
3.02
Diversification
Coins owned
2.02
2.09
2.08
2.07
Coins / invest
0.03
0.03
0.06
0.03
Observations
225
34
126
65
% of full sample (n=3,846)
5.82%
0.87%
3.26%
1.69%
% of crypto investors (n=225)
100%
15%
56%
29%
***,**, * indicates significance at the 1%, 5% and 10% level, respectively (t-test).

Δ
III. vs. IV
1.15
9.67**
0.60**
0.17**
0.37
0.75**
1.04***
0.62
0.05
0.48**
0.05
0.01
0.03
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The 225 investors are familiar with 5.92 of the top 15 cryptocurrencies on average. They rated their
knowledge about cryptocurrencies at an average of 7.58, with a comparatively small standard
deviation of 1.79 (cf. Table A2). The members of group III know the largest number of
cryptocurrencies (6.17), owning 2.09 of them, while group IV investors (negative returns) know only
6 cryptocurrencies. The difference in the number of known cryptocurrencies between the groups is
significant at the 5%-level. Group III investors consider themselves most knowledgeable about
cryptocurrencies (average self-assessment of 7.84), the difference to the less successful investors
(average of 7.25) again being significant.
Across the whole sample, the level of trust in cryptocurrencies was rated at an average of 6.79,
and a value of 6.16 was given for the ideological motivation to own cryptocurrencies. Regarding the
level of trust, groups II and III are very similar, while the value in group IV is markedly lower. The
difference between groups III and IV is significant at the 5%-level. A similar patter exists with respect
to the level of ideology: Groups II and III are close to each other but the difference between those
with positive and negative returns is significant at the 1%-level. It is conceivable that the investment
success of group III caused its members to place greater trust in cryptocurrency and to ascribe their
investment to ideology.
Cryptocurrency investors are predominantly male (77%), 37.6 years old on average, have a
monthly income of €2,930 and an average education score of 3.01. The age distribution across the
three outcome groups is quite similar, with group II showing the highest average age at 38.82 and
group III the lowest at 37.21. The proportion of male investors is highest in the group with negative
returns and lowest in the group with positive returns, although the difference is insignificant. In terms
of income, however, the difference of €1,040 between groups III (€3,130) and II (€2,640) is
significant at the 5% level. Further statistics on subdivisions of the age, income and education metrics
can be found in Table A1. We identify is a highly significant difference of 16% in the €1,000 to
€1,499 pay grade between individuals with positive (9%) and negative (25%) returns.
4.1.4 Individual possession of different cryptocurrencies
While the previous sections have dealt only with cryptocurrencies in general, we now turn to
individual currencies. Table 4 shows how popular the 15 largest cryptocurrencies are within the
sample and the outcome groups. The selection of the top 15 cryptocurrencies was based on market
capitalization (on coinmarketcap.com). The respondents also had the opportunity to name any other
coins they owned beyond those 15. Ten other currencies were mentioned, of which only Dogecoin
(DOGE) was mentioned more than once.
The cryptocurrencies are ordered by their market capitalization. The largest currencies globally
are also the ones which are most widely held by the investors in our sample: Bitcoin (81.78%),
Ethereum (29.33%) and Ripple (20%). Litecoin (15.11%) is the fourth most popular currency in the
sample and ranks in seventh place based on market capitalization. Cardano (1.78%) and Binance Coin
(2.22%) are the least popular choices among the top 15 assets. EOS (3.11%) and Stellar Lumens
(3.56%) are likewise not very common in the sample despite being the fifth- and sixth-largest
cryptocurrencies, respectively. Iota, which ranks 12th in terms of global market capitalization, has its
legal entity based in Germany. This may explain its comparatively large prevalence in the sample
(7.11%).
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Table 3. Possession of the 15 ‘biggest’ cryptocurrencies among the sample and outcome groups
I.

II.

III.

IV.

Bitcoin (BTC)

Full
sample
81.78%

No
change
70.59%

Positive
returns
86.51%

Negative
returns
78.46%

Ethereum (ETH)

29.33%

23.53%

28.57%

33.85%

5.27%

Ripple (XRP)

20.00%

14.71%

20.63%

21.54%

0.90%

Bitcoin Cash (BCH)

13.78%

11.76%

16.67%

9.23%

7.44%

EOS (EOS)

3.11%

5.88%

3.17%

1.54%

1.64%

Stellar Lumens (XLM)

3.56%

5.88%

2.38%

4.62%

2.23%

Litecoin (LTC)

15.11%

11.76%

15.08%

16.92%

1.84%

Tether (USDT)

3.11%

2.94%

1.59%

6.15%

4.57%*

Bitcoin SV (BSV)

2.67%

5.88%

1.59%

3.08%

1.49%

TRON (TRX)

7.11%

5.88%

7.14%

7.69%

0.55%

Cardano (ADA)

1.78%

0.00%

1.59%

3.08%

1.49%

Iota (IOT)

7.11%

0.00%

8.73%

7.69%

1.04%

Monero (XMR)

6.22%

8.82%

5.56%

6.15%

0.60%

Binance Coin (BNB)

2.22%

0.00%

2.38%

3.08%

0.70%

Dash (DSH)

5.33%

0.00%

7.14%

4.62%

2.53%

126

65

Observations
225
34
* indicates significance at the 10% level (t-test).

Δ
III. vs. IV.
8.05%

The popularity of the individual assets varies considerably across the three outcome groups, though
the difference between groups III and IV is significant only in the case of Tether (Δ = 4.57%; p<.1).
Tether (USDT) is a so-called stablecoin, which is covered by dollars in a conventional bank account,
so the value of the USDT is 1:1 tied to the USD. Tether is a kind of digital dollar that can be exchanged
back into conventional currency if necessary. The price of Tether is therefore much less volatile than
that of the other assets, which are not backed by any financial assets. One explanation for this may
be that investors have switched to Tether at comparatively unfavorable times. The stablecoin Tether
has only been occupying a relevant position in the market since 2017 (Ante et al. 2021a, 2021b).
At 86.51%, Bitcoin is most prevalent in group III. The prevalence rate is lower by 8% in group IV
and by 16% in group II. By contrast, both the second and the third most popular currencies are more
prevalent in group IV than in group III. Significant differences also exist for Bitcoin Cash. At 16.67%,
the prevalence is 7.44% percentage points higher in group III than in group IV. There is some
connection with the distribution of Bitcoin across the groups as Bitcoin Cash is a hard fork: Every
Bitcoin owner also received Bitcoin Cash in July 2017. On the other hand, the prevalence of Bitcoin
SV, which is in turn a hard fork of Bitcoin Cash that was distributed in November 2018, is almost
twice as high in group IV (3.08%) as in group III (Δ = 1.49).
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4.2 Multivariate results
Table A.2 shows descriptive statistics, correlations between the variables and variance inflation
factors (VIFs). Not surprisingly, the number of cryptocurrencies known correlates with the number
of currencies owned (0.45; p<.05). The more cryptocurrencies an investor owns, the more exchanges
they are likely to use (r=0.58; p<.05). Further significant correlations are observed between the level
of trust in cryptocurrency and the importance of ideology for owning cryptocurrency (r=0.46 ; p<.05),
and between knowledge about and trust in cryptocurrencies (r=0.5; p<.05).
Table 5 presents the results of two regression models for each of the three dependent variables
return (log), positive, and negative. Coefficients and heteroscedasticity-robust standard errors (in
brackets) are shown. For each of the dependent variables we test two models: In the first model, we
check for possible diversification effects by introducing the variable coins owned and in the second
model using the variable coins / invest (log). Coins owned also serves as a control variable to take
into account any effects of an s-shaped utility curve (Kahneman and Tversky 1979). All models
incorporate year dummy variables indicating the year of the first investment into cryptocurrency to
control for factors changing over the course of time.
The model for return (log) is estimated by OLS, those for the binary dependent variables by
logistic regression. Models predicting negative investment outcome (V and VI) have the explanatory
power, with pseudo R2 values of 0.34 and 0.40, followed by models III and IV (positive outcomes),
with pseudo R2 of 0.28 and 0.34. Models I and II, with adjusted R2 between 0.16 and 0.22, have the
lowest predictive power.
The effects we identify are largely consistent across the three outcome variables, though the level
of significance varies. Models I and II show 10%-significant positive effects of crypto knowledge on
returns. We also identify significant positive effects for income (p<.05) and coins / invest (log) (p<.01)
in model II. In model III and IV that predict positive financial performance via the dependent dummy
variable indicating positive investment returns, none of the variables have a significant effect. For
models V and VI, which predict negative financial performance, we find significant negative effects
of income (p<.05) and coins / invest (log) (p<.01) in model VI. The effect of ideology is significantly
negative in both models that predict negative outcome.

5

Discussion

This study aims to provide a scientific basis for the analysis of cryptocurrency investors, their
behavior and outcomes. Investors are typically male (77%), 38 years old on average (note that only
adults were surveyed) and have an above-average monthly net income of about €2,930. A reason for
the identified high share of males can possibly be explained by sex-related differences in technologyoriented fields or that males generally follow higher-risk strategies (Powell and Ansic 1997).
We identify a number of relevant factors that affect the distribution of returns. Most investors
achieved positive returns, but less than half (44%) beat our market index based on Bitcoin returns.
We are therefore able to confirm hypothesis H1: Similar to individual investments in stocks (Barber
and Odean 2000, 2001), the average cryptocurrency investor underperforms the market. In this sense,
cryptocurrencies resemble other financial assets. However, it should be noted that the hypothetical
buy-and-hold yields of an early investment in Bitcoin are so extremely high that investors have a very
hard time beating this ‘market’ index.
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Table 5. Regression results to predict investment outcomes
Model
Dependent variable
Industry knowledge
Crypto knowledge
Coins known
Exchanges
Attitudes
Trust
Ideology
Demographics
Age
Male
Income
Education
Diversification
Coins owned
Coins / invest (log)

I.

II.

III.

IV.

V.

VI.

Return (log)

Return (log)

Positive

Positive

Negative

Negative

Coeff. (SE)

Coeff. (SE)

Coeff. (SE)

Coeff. (SE)

Coeff. (SE)

Coeff. (SE)

0.081 (0.046) *
-0.034 (0.022)
-0.055 (0.055)

0.088 (0.046) *
-0.026 (0.023)
-0.039 (0.035)

0.150 (0.099)
0.035 (0.049)
0.077 (0.113)

0.159 (0.102)
0.024 (0.047)
0.015 (0.115)

-0.096 (0.100)
0.008 (0.053)
0.053 (0.104)

-0.124 (0.103)
0.014 (0.051)
0.111 (0.092)

0.023 (0.040)
0.007 (0.032)

0.015 (0.040)
0.018 (0.031)

-0.060 (0.086)
0.061 (0.062)

-0.064 (0.087)
0.068 (0.063)

-0.024 (0.092)
-0.141 (0.068) **

-0.007 (0.090)
-0.167 (0.067) **

-0.000 (0.010)
-0.143 (0.369)
0.130 (0.104)
-0.026 (0.149)

-0.001 (0.010)
0.050 (0.381)
0.152 (0.109)
-0.008 (0.084)

-0.007 (0.011)
0.535 (0.403)
-0.173 (0.113)
0.090 (0.171)

-0.007 (0.012)
0.395 (0.413)
-0.250 (0.121) **
0.034 (0.174)

-0.121 (0.120)
-

0.098 (0.084)

0.069 (0.122)
-

-0.255 (0.089) ***

0.006 (0.006)
-0.062 (0.161)
0.071 (0.055)
-0.074 (0.064)
0.069 (0.065)
-

0.008 (0.006)
0.013 (0.159)
0.118 (0.053) **
-0.030 (0.059)
0.159 (0.037) ***

Observations

220

216

220

216

220

216

Adj. R2 (pseudo R2)

0.16

0.22

0.28

0.34

0.40

0.34

Estimation technique
OLS
OLS
Logistic
Logistic
Logistic
Logistic
***, **, * indicates significance at the 1%, 5% and 10% level, respectively; constant term and year dummy variables included but not shown.
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This is shown by our results for very early investors (2009-12). This group of persons achieved
returns between 51% and 195%, which is considerably less compared to a fictive buy-and-hold
strategy. Logically, it can be assumed that these individual investors have parted with their
investments in the meantime and only bought cryptocurrency again later.
Our analysis of the socio-economic indicators yields mixed results. The hypotheses regarding
gender (H2a), age (H2b) and education (H2d) fail to find empirical support. We do however find a
significant positive effect of income on returns from investing in cryptocurrencies, confirming
hypothesis H2c. This finding is in line to the literature on individual investments into stocks, where
lower income is associated with lower returns (Korniotis and Kumar 2011).
Individuals who know more about cryptocurrency achieve better results, as evidenced by the
significant influence of crypto knowledge (confirming hypothesis H3a). In this respect, the results
may indicate that time invested in knowledge about the asset class is crucial for financial performance.
Most of the high returns of (early) investors are likely attributable simply to overall market growth.
In many cases, pure luck or even technical inability to sell the cryptocurrency will have led to
extremely positive returns. This may explain why, in contrast to the stock market literature (Grinblatt
et al. 2012; Korniotis and Kumar 2011, 2013), the level of education appears to have no effect.
Industry knowledge in the form of a fundamental understanding of cryptocurrency promotes
financial performance. However, it should be noted that this knowledge is self-assessed by the
respondents. There may be a causal connection here. The occurrence of positive financial returns may
only lead to people building up a significantly higher knowledge of cryptocurrencies. It is also
conceivable that successful investors tend to (unconsciously) overstate their knowledge, and vice
versa. The other two industry knowledge variables do not produce any significant effects, so we reject
hypotheses H3b and H3c.
The descriptive statistics show significant differences regarding the attitudes of investors between
the positive and negative return groups, whereas in the regressions, this is only the case for the level
of ideology with respect to one of the dependent variables (negative outcome). In this respect, we
basically reject hypotheses H4 and H5. We note that any effects of ideology only appear to apply to
negative financial performance, and we caution that the self-assessed variables may be subject to
reverse causation: An unsuccessful investor may place less trust in cryptocurrencies or less
importance on ideology.
On average, investors hold about two cryptocurrencies in their portfolio – fewer than the average
of four stocks identified by Barber and Odean (2000). We fail to identify any significant effects of
portfolio concentration or diversification in terms of coins owned but find highly significant effects
of the ratio between coins owned and the sum of investments, which measures diversification as a
function of the amount invested. The results are in line with some of the existing literature (e.g.
Ivković et al. 2008). Our lack of effects in the respect of total coins owned may perhaps be explained
by the a high correlation between cryptocurrencies (Katsiampa 2017), which renders diversification
less relevant. This consideration may be supported by the ownership ratios of individual
cryptocurrencies (cf. Table 4).
The sum of investments of the cryptocurrency owners we surveyed average €1,773 or around 60%
of the respondents’ monthly income. Thus, most German retail investors do not appear to take
excessive financial and social risks when buying cryptocurrency, since even a total loss of the
investment would not threaten their existence. The comparatively low stakes may indicate a general
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awareness that crypto assets entail serious risk. At least from the standpoint of consumer protection,
regulation of the industry thus does not seem imperative. This conclusion does not apply, however,
to crime that occurs within the cryptocurrency industry due to anonymity and irreversible transactions
(Ante 2018, 2019; Feng et al. 2018).

6

Limitations and future research

Various limitations of this study result from the available survey data. Most importantly, a sample of
225 investors is comparatively small, despite being based on a nationally representative data set of
over 3,800 persons. Consequently, the results may be unduly distorted by individual outliers. They
should therefore be interpreted with care and require substantiation by follow-up research. All surveys
suffer from the limitation that not everyone tells the truth. For example, very successful investors may
not want to disclose their returns in order to protect their identity or, at the opposite end of the
spectrum, ‘losers’ may hesitate to come out as such – even though the responses are anonymous.
Actual stock exchange data could yield more accurate results but do not appear to be available at
present.
The survey asks about the total amount invested in cryptocurrencies on the one hand and about the
year of the first investment in cryptocurrency on the other hand. This suggests that the results
presented in Table 2 should be critically scrutinized, since it is assumed that all investments were
made at the time of the initial investment in order to calculate performance against the market. Future
research should check the results based on a different data basis. The use of Bitcoin returns may be
subject to survivorship bias.
The questionnaire only lists the 15 largest currencies, yet four respondents additionally owned
Dogecoin. It is conceivable that the ownership ratio would be higher if Dogecoin had also been
included in the list due to a selection bias. The inclusion of other cryptocurrencies or a classification
of significant characteristics of cryptocurrencies may be an exciting research question for future
research based on this study. The cryptocurrency ecosystem is constantly evolving, so that the
ownership and use of individual cryptocurrencies may be associated with significantly different
motives or views. A future survey could ask which ‘class’ of token or cryptocurrency individuals buy
or trade, so that it can be identified which rights (e.g. currency, asset, stock) such crypto assets have,
and which motives drive the purchase.
Our distinction between ‘short-term speculators’ and ‘long-term investors’ according to the
respondents’ investment horizon (see Table 2) provides only limited basis for further analysis. Future
research should therefore investigate long-horizon versus short-horizon investment motivations and
outcomes. The literature on individual stock investors provides a suitable basis for such an endeavor
(Barber and Odean 2000, 2013). Corbet, Meegan, et al. (2018) find that investors with a short
investment horizon may gain diversification benefits by investing in multiple cryptocurrencies.
The literature on individual stock investors examines their trading behavior on the basis of the
amount and profitability of individuals’ trades. It examines what types of trades (limit vs. market
orders) investors use and to what extent fees influence individual performance. Kelley and Tetlock
(2013) find positive short-term returns for both order types, while Linnainmaa (2010) identifies
negative performance for limit orders and positive performance for market orders. These results differ
in Barber et al. (2009), where only limit orders yield positive short-term returns. Since cryptocurrency
markets resemble traditional stock markets in some respects but are quite different in others (e.g. 24/7
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trading; decentralized trading venues etc.), it would be interesting to replicate this type of analysis for
cryptocurrency markets.
Cryptocurrency markets are extensively discussed in online and social media. There is a
considerable amount of disinformation, since for example various news outlets sell articles or
influencers on social media channels like Twitter to advertise specific cryptocurrencies. The low level
of regulation means that there are much larger grey areas to exploit than in traditional markets.
Against this background, promising research topics include the analysis of media influence or
disinformation, social media sentiment and returns (Giannini et al. 2018), and social trading
(Dorfleitner et al. 2018; Jin et al. 2019). Further, the topic of social recognition of investment
decisions that may result in increased individual trading (Mensmann and Breitmayer 2018) can be
tested for cryptocurrency markets.
The more cryptocurrency markets mature, the more conceivable becomes their convergence with
traditional financial markets. Not only do cryptocurrencies present alternative, novel asset classes
which extend traditional financial markets, but financial instruments such as stocks or bonds are
already being considered to run on blockchain technology, the technical infrastructure underlying
cryptocurrencies, future wise. The convergence of existing financial and cryptocurrency markets and
the implications for investors and investment behavior opens up a myriad of further future research
opportunities.

7

Conclusion

This paper has analyzed the financial performance and socio-demographic characteristics of
cryptocurrency investors on the basis of an online survey that is representative of the German adult
internet-using population. It adds to the literature of cryptocurrency investing and adoption by looking
at an additional component - the consideration of individual investors. Here, we draw on the literature
in the area of individual investors in stocks and other asset classes and identify that cryptocurrencies
are subject to similar fundamental relationships and phenomena. Accordingly, cryptocurrency
markets seem to be particularly different from traditional financial markets. The comparatively high
returns are probably more related to fundamental market growth than to the behavior of individual
investors. This makes cryptocurrency markets and investors an especially interesting field of study.
The 225 individual investors we examined have generated a self-reported average return of 300%
over periods between one and ten years. However, similarly to other financial markets, fewer than
half of them (44%) were able to outperform the market. Based on their investment horizon, we
categorized 44% of the respondents as long-term investors and 27% as short-term investors. 77% of
the cryptocurrency investors are male, and they are 38 years old on average.
While we find that self-assessed knowledge about cryptocurrencies tends to promote larger returns
from cryptocurrency investments, the level of formal education has no significant effect. We therefore
suspect that the former effect is in fact attributable to reverse causation: Cryptocurrency investment
success breeds confidence in one’s own abilities, leading to greater self-ascribed knowledge in the
field, rather than other way around. Another interesting finding relates to the market dominance of
Bitcoin, which is owned by 82% of the investors, well ahead of Ethereum (29%). This accords with
our finding that the average investor owns no more than two different cryptocurrencies.
Our results provide scientific consideration of individual investors in cryptocurrencies and may be
used as a basis for a variety of future investigations. Investors seem to be aware of the risk associated
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with cryptocurrencies, as evidenced by the fact that they invested only 60% of their monthly net
income – a survivable amount, even in the event of a total loss. In this respect, our study may
contribute to the ongoing debate about the risk and regulation of the growing phenomenon of
cryptocurrencies.
Parallel to their increasing societal relevance, cryptocurrency markets will mature and become
akin to traditional financial markets, for example, through improved and tailored regulation and
reductions of information asymmetry. Tendencies of the convergence between traditional stock- and
cryptocurrency markets can already be observed with popular stock-broker applications reporting
increasing customer demand for cryptocurrency trading. Future wise, it is conceivable that the
cryptocurrency market becomes a more and more relevant part of financial markets. How regulators
deal with them will not only impact the behavior of investors but likely also play an important role in
shaping the future of finance.
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Appendix
Table A1. Sample statistics and differences across sub-samples for demographics
I.
Full
sample

II.
No
change

III.
Positive
returns

IV.
Negative
returns

Δ
III. vs. IV.

18-24 years

0.17

0.12

0.17

0.20

0.03

25-34 years

0.29

0.35

0.31

0.23

0.08

35-49 years

0.34

0.35

0.32

0.37

0.05

50+ years

0.20

0.18

0.20

0.20

0.00

Under €500

0.02

0.03

0.02

0.02

0.00

€500 to €999

0.04

0.09

0.02

0.05

0.03

€1,000 to €1,499

0.13

0.09

0.09

0.25

0.16***

€1,500 to €1,999

0.17

0.21

0.15

0.18

0.03

€2,000 to €2,999

0.22

0.21

0.26

0.15

0.11*

€3,000 to €4,999

0.32

0.32

0.36

0.26

0.10

Over €5,000

0.08

0.06

0.10

0.08

0.02

No school leaving certificate

0.01

0.03

0.00

0.02

0.02

Lower secondary school

0.09

0.12

0.10

0.06

0.04

High school

0.20

0.18

0.20

0.20

0.00

Commercial training

0.12

0.21

0.11

0.09

0.01

Trade training

0.21

0.18

0.19

0.26

0.07

University degree

0.34

0.26

0.38

0.35

0.03

PhD

0.04

0.03

0.05

0.02

0.03

Observations

225

34

126

65

Age groups

Income groups

Education levels

***, * indicates significance at the 1% and 10% level, respectively (t-test).
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Table A2. Descriptive statistics, correlations and variance inflation factors
Variables

N Mean

SD

p50

Min Max

(1)

0.01 6.50 1.00

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9) (10) (11) (12) (17) (18) VIF

Dependent variables
(1)

Return (log)

225

1.23

1.05

0.85

1.81

(2)

Positive

225

0.56

-

1

0

1 0.63 1.00

2.32

(3)

Negative

225

0.29

-

0

0

1 -0.52 -0.72 1.00

2.30

Industry knowledge
(4)

Crypto knowledge

225

7.58

1.79

8

1

10 0.16 0.16 -0.12 1.00

1.73

(5)

Coins known

225

5.92

3.48

5

1

15 -0.01 0.08 0.01 0.22 1.00

1.40

(6)

Exchanges

225

1.88

2.14

1

0

19 0.07 0.13 -0.04 0.23 0.28 1.00

1.83

Attitudes
(7)

Trust

225

6.79

2.11

7

0

10 0.15 0.12 -0.16 0.50 0.12 0.25 1.00

1.45

(8)

Ideology

225

6.16

2.65

7

0

10 0.10 0.13 -0.18 0.32 0.03 0.31 0.46 1.00

2.14

225 37.64 13.80

35

18

85 0.03 -0.03 0.01 -0.07 -0.13 -0.15 -0.22 -0.21 1.00

1.17

Demographics
(9)

Age

(10) Male

225

0.77

-

1

0

(11) Income

223

2.93

1.56

2.50

0.45

(12) Education

225

3.01

1.06

3

0

225

2.02

1.67

1

0

1 -0.02 -0.01 0.06 0.16 0.08 -0.11 -0.02 0.00 0.03 1.00
6.5 0.12 0.14 -0.12 0.27 0.17 0.22 0.15 0.13 0.02 0.09 1.00
5 0.03 0.05 0.00 0.20 0.12 0.01 0.00 -0.01 0.05 0.19 0.34 1.00

1.16
1.27
1.27

Diversification
(18) Coins owned

15 0.07 0.04 0.02 0.19 0.45 0.58 0.15 0.15 -0.18 -0.06 0.13 0.07 1.00

2.16

(19) Coins / invest (log) 221 -5.39 1.96 -5.52 -10.82 0.41 0.17 0.01 -0.08 -0.14 -0.05 0.02 -0.02 -0.09 -0.04 -0.24 -0.29 -0.23 0.10 1.00 1.28
N = 225; correlations that are significant at the 5%-level are highlighted in bold.
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Table A.3. Overview and description of cryptocurrencies queried in the survey.
#

Cryptocurrency
(ticker)

Brief description

1 Bitcoin
(BTC)

The first ever cryptocurrency and blockchain. A distributed, permissionless peer-to-peer
settlement network without a central administrator. BTC is the native asset of the network.

2 Ethereum
(ETH)

A distributed blockchain computing platform that enables automation via the use of smart
contracts, i.e. decentrally anchored computer code. ETH is the network’s token that can be
used to pay for transaction fees or as collateral.

3 Ripple
(XRP)

A network with the focus of money transfers between financial institutions. XRP is the native
token and bridge currency of the XRP Ledger, a peer-to-peer network.

4 Bitcoin Cash
(BCH)

BCH is a hard fork of BTC that aims for a more targeted use of Bitcoin as an electronic cash
system. One means of doing this is to increase the throughput of the blockchain by increasing
its block size.

5 EOS
(EOS)

A distributed blockchain computing platform that enables automation via the use of smart
contracts, i.e. decentrally anchored computer code. EOS uses a delegated Proof-of-Stake
(DPoS) consensus mechanism, which promises greater transaction throughput compared to,
e.g., Ethereum.

6 Stellar Lumens
(XLM)

Open source payment network and layer for financial systems. XLM is the native asset of the
Stellar networks that enables the issuance of assets such as cryptocurrency, stocks, bonds or
currencies.

7 Litecoin
(LTC)

A fork of Bitcoin that utilizes a four times faster block interval and a four times larger supply.
Oftentimes considered “digital silver”, where Bitcoin is considered “digital gold”.

8 Tether
(USDT)

A fiat-collateralized stablecoin that mimics the US Dollar. USDT tokens can be redeemed for
$1.00, as it corresponds to cash and other assets sitting in bank accounts.

9 Bitcoin SV
(BSV)

BSV is a hard fork of BCH that focuses on cheap peer-to-peer transactions.

10 TRON
(TRX)

A distributed blockchain computing platform that enables automation via the use of smart
contracts, i.e. decentrally anchored computer code. TRON uses a DPoS consensus mechanism,
which promises greater transaction throughput compared to, e.g., Ethereum. TRX is the
network’s native token.

11 Cardano
(ADA)

A distributed blockchain computing platform that enables automation via the use of smart
contracts, i.e. decentrally anchored computer code. Cardano uses a Proof-of-Stake (PoS) called
Ouroboros, which promises greater transaction throughput compared to, e.g., Ethereum. ADA
is the network’s native token.

12 Iota
(IOT)

Iota is a distributed ledger network that focuses on the Internet of Things (IoT). It builds on the
Tangle, which is referred to as a Directed Acyclic Graph (DAG).

13 Monero
(XMR)

Monero is a privacy-preserving cryptocurrency network that builds on ring signatures, stealth
addresses, confidential transactions, and bulletproofs. Monero offers anonymity by default.

14 Binance Coin
(BNB)

Binance Coin is a digital token launched by the Binance online exchange. It has evolved into
the native token of the Binance Smart Chain.

15 Dash
(DASH)

A cryptocurrency and decentralized autonomous organization (DAO) that focuses on instant
payments.
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