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ABSTRACT

The Cryptocurrency assets are in a trend among individuals as a new financial market. This research
focuses on the effect of cryptocurrencies on household investment strategies, exploring how
different sociodemographics and socio-economic characteristics impact financial behavior. The
research is based on a database from the Survey of Household Economics and Decisionmaking of
the Federal Reserve System.

The descriptive statistics help in getting a first-hand look into the data set and analyzing what
characteristics of a household might make it more likely to own cryptocurrencies. In the beginning,
the study applies a statistical model to examine the association between the propensity to own
cryptocurrencies and the household characteristics that can be grouped as follows; gender, age,
education, income, occupation, savings, and the propensity to take on risky ventures. The effects
and the importance of the explanatory factors or variables are examined economically using the
coefficients or odds ratios of all independent variables influencing the dependent variable
(ownership of cryptocurrencies). The study performs a binary logistic regression model. The study
was conducted by employing a three-stage approach consisting of a baseline model including
gender and sociodemographics as a second model, followed by a full model. Results: The data
indicate that the propensity for crypto ownership is greater among males and younger households.
Education and income were found to display complex relationships that interacted across both
dimensions. Individuals classified as risk-takers were significantly more likely to be among crypto
owners than those categorized otherwise. The employment status and being self-employed
positively affect the propensity to own crypto. The interaction terms revealed that many of the
demographic characteristics exhibited moderating effects upon economic behaviors. Specifically,
the individuals from the moderate income group, who also exhibited risk taking behavior, displayed
the greatest probability of being crypto owners. Therefore, this thesis provides a clearer view of

who participates in this relatively new financial environment.



CONTENTS

INEEOAUCTION ...ttt ettt ettt e bt e bt e e et e e bt e e et e e eh e e emb e e bt e eabe e bt e embeesseeenbeenneeenseenee 5
2. LIEIAtUIE REVIEW ..ottt ettt et e h ettt e bt e et e e sh e e ea bt e sae e et e e sabeeabeeaseeenbeesneeenseeeee 7
2.1. The Household Finance and The RiSKY ASSESES .....c..iiiiiieiiiieiiiieeiie ettt tee e vee e veeesvee e s 9
2.2. The Digital Finance Adoption and the Crypto OWNEIShip .......ccceccviieriiiieiiiieeciee e 12
2.3.The Cryptocurrency Ownership at the Household Level...........cccooooiiiiiiiniiiiie e 13
TR D | - H OO OO RO OO PP U PP PP OUUPPTRUPPRRPPRINt 16
3.1.Sampling and WeIZNEING..........ccviiiiiiiiiiiiieie ettt ettt e te et e e b e essaesebeessaeesseessaeenseessseenseensns 17
3.2.The SHED Data INSINTS .....ccviiiiiiiiieiiieieeiee ettt ettt et e e teesteeesbeessaesabeessaeesseessaeenseessneenseensns 17
4. DESCIIPIIVE STATICTICS ..uveeuvieiirieiieeiiieitieeieertee ettt esteeseteeteessseeseessseeseessseesseessseessaessseesseessseenseessseenseesssesnseessseens 20
O B € 1S 1 [ O OO OO OO PP TP POV PIOPPRRPPRUPONt 20
N PSSR 21
4.3, EAUCAtION LEVEL ..ot ettt ettt b ettt s e e bt et ehe ettt see e b eneas 22
A4 IMATIAL STALUS ..ottt ettt h et et h et e a e bt et e a e e eh e e bt e et e eh e e bt ent e bt e bt et e eneeneeneas 23
4.5, INCOMIC ...ttt ettt ettt ettt e st e st e st et e e ab e e e ab e e e st e e e ab e e e bt e e e bt e e e bt e e ettt e et teeeabaeenabeeeeanes 23
4.6. EMPIOYMENT STATUS ...oviintiiiiiiiiiieeteetet ettt ettt sb ettt sbe ettt sbt et et ebe e b et e saeebeeanes 24
4.7. Professional CharaCteriSTIC. .. ...ueiuuiiiieiieetieeie ettt ettt et ettt e et e bt eeabeeseesnteesateenbeessteenseenneeens 24
4.8 RISK PIEIBTEICES ....ccutiieieieiie ettt ettt ettt et e bt e bt e st e e bt e et e e seeeabeesateenbeessbeenseenneeans 25
4.9. Savings and INVESTIMENLS .....c.eeiiietieiiieitieeieetee et et e st eteesteeteeesbeesseeeateesseeenseesseesnseessseenseesssesseesneeans 26
5. Multivariate Analysis: Logistic Regression ReSults...........cccoooieriiiiiiiiiiiiniiniiecceceeceeese e 27
5.1. Binary LOGiStic REGIESSION ....cccuiiiiiiiiiiieeciie ettt ettt ettt e et e e et e e s e e e sseeesssaeeensaeenssaeennseeennses 27
5.2. Model 1: Baseline gender MOdel...........c.ccoouiiiiiiiiiiiieiieeee et 28
5.3. Model 2: Demographic model (gender, age, education, marital status) ..........cccceeeuveeecieencieencnieeeieeeee, 30
5.4. Model 3: Full model with soci0economics CharaCteriStiCs ..........couuerieerieriieenieniienie et 32
5.5. Final Comparative CONCIUSION. .......c.eieiiuiriiiieeiieeesieeesieeesieeesieeeseaeeeeaeeesaeesseeessseeesssaeenssaeensseeessseeennses 36
6. LIMItIAtion OF STUAY ....uviiiiiie ettt e st e et e e et e e esaeeessbaeesseeessseeessaeesssseessseeennseennns 38
T IMPLICATIONS ...ttt ettt ettt et e e e st e st e e bt e st e e aeenteeaeeeseenseaneeeseenseeneesneenseentenaeensenneans 40



7.1. The HOuSEholds PrOtECTION .....ouiiuiiiiiiitiiieiiieieet ettt sttt sttt et st sbe et s 40
7.2. Early AdOPtion EfFECES......cciiiiiiiiiieiiecie ettt ettt ettt st eaa e esbeessaeenseessaeenseenns 40
7.3, SYSEEMIC RISK...cuiiiiiiiiiieiie ittt ettt et e et e e beeesbeessbeeasaessbeenseensaeenseensaeenseennns 41
8. CONCLUSION ...ttt ettt ettt ettt et e st ettt e st e st e st et et e b e e st ebeeseeseeneensense b eebeeseeneeseeneensensensensenne 42
0. REIETEIICES ...ttt ettt h et s a e b et e h e e bt et s et e s bt et e e bt e bt et e sh e e bt et e e atenbeenbenaeen 44



Introduction

In recent years, cryptocurrencies have arisen as an attractive and increasingly popular strategy
for household investment portfolios. They were revealed as decentralized digital currencies, but
after cryptocurrency evolved into speculative and investment assets, it attracted a growing
number of individuals. Especially with the technological innovation trend during the pandemic
period, their impact is worth to consider. So we can reach that cryptocurrencies are trending
and becoming part of household financial decision making to get high returns alongside

traditional assets such as real estate, bonds, stocks, and savings.

The field of household finance, which researches how individuals and families allocate income,
manage risk, and make investment decisions, should be reconsidered in the expansion of
cryptocurrency markets. Traditional household finance research has focused on participation in
equity markets and long-term savings behavior, but attention should also be given to digital
assets. However, cryptocurrencies differ from conventional financial instruments due to their
high volatility, the lack of regulation in many countries, and uncertain valuation. And it is

intriguing to find out the risk taking behavior of households.

Cryptocurrency ownership is not evenly distributed between all individuals. Instead, adoption
appears in specific groups, shaped by socio-demographic characteristics such as gender, age,
marital status, and education, as well as socio-economic factors including income, employment
status, savings, professional status, and individual attitudes toward risk. This thesis investigates
the characteristic determinants of cryptocurrency ownership using data from the 2022 Survey
of Household Economics and Decisionmaking (SHED) conducted by the Federal Reserve

System, focusing on American households.

The analysis takes into account descriptive statistics with related comparison charts on data,
and multivariate analysis using regression models depends on variables to observe how socio-
demographic and socio-economic characteristics affect the probability of owning
cryptocurrencies. The empirical approach is developed from a baseline gender comparison and
expands to include demographic, economic, and risk-related variables, as well as interaction

effects.



By providing household level evidence based on the SHED dataset, this study contributes to the
growing literature on cryptocurrency adoption and offers new insights into how revealed trend

financial technologies intersect with household financial behavior.



2. Literature Review

The investment for all individuals gains an essential important role in the digitalization age
because of the most common challenges like high inflation and economic uncertainty in
financial well-being. In the studies’ view about household income, adults’ family monthly
income increased, but also their spending increased from the prior year, which was even

greater. So, they invest money to realize the goal of improving their socioeconomic wealth.

The share of adults who said they were worse financially than a year earlier increased
surprisingly from 20 percent in 2021 to 35 percent in 2022. The spike in individuals doing
worse off financially occurred across demographic groups, though adults with higher levels of
education saw the largest change. Thirty one percent of those with at least a bachelor’s degree
said they were worse off financially than a year ago, up from 13 percent in 2021 and 10 percent
in 2019, before the pandemic (Economic Well-Being of U.S. Households in 2022). This pattern
may reflect the fact that individuals with bachelor’s degrees faced rising prices and were also

more likely to be affected by stock market declines due to their exposure to the stock market.

Figure 1: Financial Situation Compared with 12 months prior (by year)

35
Percent 13

29 Note: Among all Adults

Source: Economic Well-Being of U.S. Households in
2022

19

14
13

2014 2015 2016 2017 2018 2019 2020 2021 2022
e J=—Better off ——@—— Worse off



Index relative to peak

100

80

60

40

20

Percent 40

30

Figure 2: Increase In Monthly Income and
24

Spending from 12 months earlier (by year)

2022

Note: Among all Adults

Monthly income increased  Monthly spending increased

B 2020 ] 2021 I 2022

The cryptocurrencies have been identified as a high risk yet appealing asset class for

investment purposes. Based on those considerations, the aim of this chapter is to collect and
present the relevant literature that could explain how the households make an investment
choice according to several characteristics of themselves, which could influence their

investment choice for the crypto market.

Figure 3: The weekly First Time Crypto Interactors
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new user adoption is provided. After 2021, as Bitcoin’s price declined, new user activity dropped
almost back to baseline. Households appear to respond to rising prices, which affect households
by speculative motives rather than underlying fundamentals. However, late entrants could have
faced a higher probability of losses. From a macro financial perspective, we can reach the
conclusion that crypto adoption is not stable, entry is price sensitive, and it amplifies volatility.
The increase in actual crypto transactions documented by JPMorgan Chase Institute (2022) almost
copies the rising number of survey-reported owners in SHED 2022, indicating not only ownership

but also financial literacy in cryptocurrencies.

2.1. The Household Finance and The Risky Assets

The household finance literature has some findings, and one of the conclusions drawn is that
participation in risky financial assets by individuals is far from being common, despite the
presence of a positive equity premium and diversification benefits. It has been observed that
many households do not own such assets in empirical studies. Famous works that give us a well
rounded overview include asset market participation across households, indicating that holding
risky assets is concentrated among particular demographic and wealth groups (Guiso and Sodini)
(2013). According to this literature, age, education, and risk tolerance all influence the decision
to hold risky investments in addition to financial capability. Younger and more educated
households are more likely to participate in risky financial markets, while older and more risk
averse households tend to avoid them. If markets collapse, they’ll still have time to recover from
their losses and even grow thereafter. While getting older, human capital tends to zero, and the
need for a stable stream of cash flows requires low risk securities exposure. Age plays a central
role in risk allocation. As people age, life-cycle portfolio models estimate their decreasing risk
exposure, which reflects their desire to preserve their wealth and their diminishing human capital
(Modigliani & Brunberg, 1954). Although traditional household finance research presents that
wealth is a strong predictor of stock market participation, recommending that wealth is not the
only explanation of crypto asset ownership decisions even in high wealth households, Guiso and
Sodini (2013). Cryptocurrency is more confusing. Some studies suggest that income and net
worth are positively associated with ownership, while others find that characteristic features rule
economic capacity. Insight from literature gives a natural framework to study crypto ownership

as a household participation decision rather than a purely speculative phenomenon.



The willingness to take risk also has a significant role in households’ investment portfolio
choices. People's inclinations to take on financial risk vary greatly, which affects how they
invest, according to a household finance study. Diversification can lower idiosyncratic risk,
according to modern portfolio theory (Markowitz, 1952), which provides a baseline for people to
choose investments based on expected returns and the covariance structure of returns. A market
beta is used in CAPM to obtain systematic risk (Sharpe, 1964). Cryptocurrencies are a
combination of systematic market risk and substantial idiosyncratic risk. The entire
cryptocurrency ecosystem may be impacted by market-wide shocks, including Fed regulatory
announcements, volatility risk, regulatory ambiguity, and they are systematic market risk.
Excessive volatility raises the risk of wealth fluctuations and changes in behavior. This thesis's
empirical results, which indicate that younger and risk-taking people have greater ownership, are
in line with the macrovolatility environment. Like project collapses, exchange failures are the
substantial idiosyncratic risks. The need to keep an eye on family exposure is increased by the
rising interconnections through investment vehicles and financial institutions, even though
crypto assets represent limited systemic risk. Bianchi and Babiak (2022) develop factor-model
approaches for cross-sections of cryptocurrencies and highlight the significance of time-varying

factor loadings and risk premia associated with liquidity, volatility, and past performance.

The outcomes reinforce that the risk of crypto is not only high volatility but also related to
specific systematic components. So their study is relevant to explain why ownership may be
intensive among risk takers. Unlike traditional financial assets, crypto-assets do not represent a
claim on future cash flows or liabilities of identifiable organizations. The fact that their valuation
is solely reliant on forecasts of future demand and network involvement increases volatility and
speculative dynamics (ECB, 2019). Consequently, cryptocurrency ownership entails exposure to

multiple sources of financial risk beyond those typically observed in traditional equity markets.

10



200%

[
o
Q

100%

Ethereum

P—WW Global equities

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Figure 4: Annualized volatility over 52 weeks is much higher for cryptoassets than for stocks or gold

Source: LSEG, Rathbones

The figure compares the approximate annualized volatility of Bitcoin with global equities and
gold. Bitcoin’s annualized volatility is substantially higher than that of traditional financial
assets. While gold and equity markets usually show annual volatility of 10—15 percent and 15-20
percent, respectively, Bitcoin volatility often reaches 60-80 percent. Potential gains are
increased by such high volatility, but the risk level is also greatly increased. Extreme volatility is
one of the traits that distinguishes cryptocurrency, regarding to the European Central Bank
(ECB, 2019), and it restricts their ability to serve as reliable units of account or repositories of

value.

The Economic Importance of Financial Literacy (Lusardi, Mitchell) shows that financial literacy
and risk tolerance together affect investment decisions. More financially literate individuals are
more likely to be in stock markets, but risk preferences remain a decisive feature even after
controlling for literacy. The market is especially sensitive to risk preferences because of the
characteristics of cryptocurrencies. Cryptocurrencies differ from conventional financial assets
due to their price volatility, unclear regulation, and inadequate consumer protection. So,
cryptocurrencies are obviously speculative investments that attract individuals willing to accept
large downside risk in exchange for potentially high returns. Empirical evidence suggests that
households with higher risk taking attitudes are significantly more likely to own cryptocurrency

than risk averse households, (Fumiko Hayashi and Aditi Routh, 2024).
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2.2. The Digital Finance Adoption and The Crypto Ownership

Cryptocurrency ownership cannot be defined only as a financial investment choice. Holding a
cryptocurrency is also correlated with digital financial technology adoption, requiring familiarity
with online platforms, digital wallets, and decentralized financial systems. According to
diffusion theory (Rogers, 2003), early adopters of innovations are typically younger, better
educated, and more risk-tolerant. These attributes decrease the perceived uncertainty associated
with entering new financial assets. And this view aligns with many empirical studies on crypto
ownership. When the crypto market and innovation diffusion have characteristic features, there
are important matches such as initial niche adoption, speculative boom seasons, and social
amplification through media. Being solely a choice about portfolio allocation is not an
explanation of crypto ownership, cryptocurrency ownership may be understood as a larger

technological adoption process.

Individuals prevail over digitalization. The unequal distribution of digital financial adoption
among demographic groups has been approved by recent empirical studies. According to (2020,
Buch & Goldberg), digital financial services are more frequently used by younger, higher
income, and more technologically literate individuals. Digital familiarity may decrease perceived
barriers to entry even in highly volatile markets. This interaction between technological
familiarity and risk tolerance may explain why younger, male, and educated individuals are more
likely to adopt cryptocurrencies. Also, digitalization reduces the transaction costs associated with
crypto trading. Philippon (2016) emphasizes that financial technology innovations reduce
frictions and democratize access to markets. However, people reach the access of the crypto
market with lower transaction costs, adoption remains stuck due to individual heterogeneity in

technological confidence and financial literacy.

The digital platforms are promoted generally by online communities and social media platforms,
which have an impact on digitally connected individuals. The social network plays a significant
role in adoption, and this approach aligns with findings in technology diffusion literature. As a
result, adopting cryptocurrency should be seen as both a technological adoption decision firmly

established within larger FinTech diffusion dynamics and a financial investment decision.
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2.3. The Cryptocurrency Ownership at the Household Level

The recent studies based on household level data provide direct evidence on the socio-
demographic characteristics of cryptocurrency owners. Gender differences in investment choices
are well interpreted in studies. The survey-based evidence, Croson, R., & Gneezy, U. (2009),
states that women are more risk-averse than men, have more aggressive behaviour, and have
more overconfidence in taking financial risks. Using the data of the 2019 Survey of Consumer
Finances, Bit by Bit: Household Characteristics of Cryptocurrency Owners, written by Randy
Beavers and John Godek, points out that cryptocurrency owners among younger individuals have
higher risk tolerance, financial literacy increases the likelithood of ownership, and higher net
worth is associated with greater ownership. Their research implies that crypto ownership is not
common overall but instead is concentrated with households engaged in other risky financial
activities.

Figure 5: Crypto involment rates by generation and gender
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Source: JPMorgan Chase Institute

New transaction-level data from the JPMorgan Chase Institute (2022) shows that younger people
and men are the most interested in cryptocurrencies. Millennials are the most common group to
use cryptocurrencies, and they use cryptocurrencies more than baby boomers and Generation X

combined. There are also clear differences between men and women in all age groups. For
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instance, there are roughly twice as many men as women in younger groups. These findings
demonstrate that age and gender are two common household involvement factors that indicate an

ability to adopt cryptocurrencies.

A higher level of education is linked to a higher level of interest in complicated financial
products. This could mean that people are better at understanding money (Vissing-Jorgensen, A.)
(2002). Campbell (2006) stresses that demographic factors like age, gender, and education are
key factors that affect how people choose their household portfolios. From these findings, we
can reach that the ownership of cryptocurrency is not evenly distributed among households.

Instead, it depends on households’ characteristics and financial behavior.

Apart from binary ownership of cryptocurrency, some studies investigate the amount of
cryptocurrency holdings. Transaction patterns show that millennials and Gen Z households are
more likely to engage in crypto transactions than older cohorts, corroborating the demographic
associations between age and ownership observed in survey data (JPMorgan Chase Institute,
2022). Some repeated surveys with detailed portfolio information, CRYPTOCURRENCIES IN
HOUSEHOLD FINANCE (Candia, Coibion, Gorodnichenko, and Weber, 2024), show that for
most households that own cryptocurrency, it makes up a small part of their total financial assets.
But only a small number of households put a lot of their money into the crypto market. However,
a minority of households allocate a large portion of their portfolios to the crypto market. From
this evidence, while the cryptocurrency holdings by households expand over time, portfolio
concentration remains high for a subset of individuals. In addition, this study gives another
assumption to explain the reason for crypto ownership rather than traditional financial assets.
Individuals who hold cryptocurrencies believe and expect a higher return on investment, and
matter more for crypto than stocks and bonds. Also, there is another literature that focuses on
cryptocurrency trading behavior. Bitcoin Investors’ Style, Skill, and Sentiment (2023) (Mostafa
Mofakham) analyzes Coinbase transaction data and reveals that investor behavior varies by
experience. But this research is in restricted insight to address household participation questions,
even if they provide valuable insights into trading strategies. Household level surveys remain

essential for understanding the distributional aspects of crypto adoption.

Existing studies consistently document that cryptocurrency owners tend to be younger, male,
and more risk tolerant. However, the literature provides mixed evidence on the role of income

and wealth, and relatively little is known about whether cryptocurrency ownership represents a

14



broadly adopted household asset or remains concentrated among specific households. This
thesis evaluates whether cryptocurrency ownership is limited to households with distinct socio-
demographic and socioeconomic characteristics or not. The analysis of estimating multivariate
logistic regression models contributes to a clearer understanding of the distribution of crypto
adoption in U.S. households. And also, this approach allows a clearer assessment of whether

cryptocurrency represents a well-known household asset class or remains a niche.
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3. Data

This study is based on the Survey of Household Economics and Decisionmaking (SHED) from
the Federal Reserve Board, which measures the economic well-being of U.S. households and
identifies potential risks to their finances. The survey includes the financial conditions, economic
well-being, decision-making processes, and education of individuals, which makes the data
suitable for the analysis of household investment behavior. The survey is published in every year
until 2024, but in our study, the 2022 SHED Survey is considered. The initial dataset contains a

large number of observations, but the survey of 11,667 adults was conducted in October 2022.

The SHED 2022 dataset provides a reliable and comprehensive base fort he evaluation of the
determinants of cryptocurrency ownership from a household perspective. Moreover, this data is
rich with information about both household characteristics (economic) and behavior, which
provides the opportunity for SHED 2022 to be used as an example of how households'
socioeconomic status and demographic characteristics can create the propensity for participation

in cryptocurrency markets.

The direct question and direct response of holding cryptocurrencies in the survey data to

households allowing for an empirical analysis of participation in crypto financial markets is:

Bought or held as an investment - In the past year, have you done the following with

cryptocurrency, such as Bitcoin or Ethereum?

And the result is:

Label: S16_A

Range: [0,1] Units: 1

Unique values: 2 Missing .: 0/11,667

Tabulation: Freq. Numeric
10,700 0
967 1

16



3.1. Sampling and Weighting

The Ipsos methodology for selecting a general population sample from KnowledgePanel
ensured that the resulting sample behaved as an equal probability of selection method (EPSEM)
sample. This methodology started by weighting the entire KnowledgePanel to the benchmarks
in the latest March supplement of the Current Population Survey (CPS). This way, the weighted
distribution of the KnowledgePanel matched that of U.S. adults. The geodemographic
dimensions used for weighting the entire KnowledgePanel included gender, age, race, ethnicity,
education, census region, household income, and homeownership status. Using the above
weights as the measure of size (MOS) for each panel member, in the next step a probability
proportional to size (PPS) procedure was used to select study specific samples (Economic
Well-Being of U.S. Households in 2022). Following the completion of the data collection
phase, the team of statisticians at Ipsos conducted a post stratification weighting process to
correct for potential errors in the study design due to non-response in the survey as well as

potential under and/or over sampling in the survey.

One characteristic of the SHED is that a portion of participants also took part in earlier survey
waves. Approximately one-third of those surveyed in 2022 had taken part in the fall of 2021.
The publicly accessible dataset includes weights for this group of respondents as well as case
identifiers from previous years for these repeat respondents. To make certain that estimates
derived from the repeated sample are representative of the US population, these weights
employ a similar process as previously mentioned. As a result, Ipsos' post-stratification weights
are used for the survey in all results reported in this report. (Economic Well-Being of U.S.

Households in 2022).

3.2. The SHED Data Insights

In 2022, one in out of every ten adults either owned or had used some form of cryptocurrency.
This is a 2 percent decline over 2021. Overall adult use declined with the number of adults
purchasing or holding, cryptocurrencies as an investment, which dropped by 3 percent, from 11
percent in 2021 to 8 percent in 2022. Adult usage of cryptocurrency for financial transactions
did not change from 2021. It also remained less common than holding cryptocurrency as an
investment. Overall, 3 percent of adults said they used cryptocurrency to make a financial

transaction in the prior 12 months: 2 percent used cryptocurrency to buy something or make a
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payment, and 2 percent used it to send money to friends or family (Economic Well-Being of
U.S. Households in 2022). This outcome is aligned with the crypto market cap of 2021 and
2022. Beginning in 2009, the cryptocurrency market has grown rapidly. In 2017, a dramatic
growth occurred with market capitalization exceeding approximately $600 billion for a brief
time during the first major cryptocurrency boom. During this period, retail investors entered the
market, and there was an increase in public awareness of digital assets. The market's overall
capitalization reached a peak at almost $3 trillion in 2021, at the boom period. However, 2022
was characterized by significant contraction, with total market capitalization declining to below
$1 trillion (CoinGecko 2022 Cryptocurrency Industry Report). Apparently, the crypto market is
so sensitive, and it has bull and bear markets periodically. During expansion phases, rising
prices attract new participants, while during contraction phases, falling prices reduce
confidence, and liquidity dries up. So the decrease amount of households in the crypto market

is acceptable in the market conditions with major corrections in 2018 and 2022.

Figure 6: Cryptocurrency use by demographic characteristics in percentage

Characteristic el Any
ment only| tions

Family income

Less than $25,000 5 4 9
$25,000-$49,999 5 2 7
$50,000-$99,999 8 2 10
$100,000 or more 10 2 12
Age
18-29 10 4 14
30-44 1 4 15
45-59 7 2 10
60+ 2 1 3
Gender
Male 10 3 14
Female 5 2 7

Note: Among all adults.
Source: Economic Well-Being of U.S. Households in 2022

It can be clearly seen from the above table on the percent of cryptocurrency usage by individuals
that a large percentage of cryptocurrency usage by individuals is for investment. While adults
with household incomes under $25,000 were more likely than those with higher incomes to use

cryptocurrency for financial transactions, adults with household incomes of $100,000 or more

18



were more likely to hold cryptocurrency for investment purposes. Use of cryptocurrency also
varied across demographic and socioeconomic characteristics (Table 21), with it being more
common among younger adults and men for both investment and transactional uses.
Furthermore, this difference remained even when controlling for individuals’ reported
willingness to take financial risks. Patterns by income varied depending on whether the
cryptocurrency was used for financial transactions or for investment purposes, in contrast to age

and gender.
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4. Descriptive Statistics

In this chapter, a descriptive statistic is performed on the dependent and independent variables in
the sample data. There are 11667 observations, of which 967 individuals are crypto owners. This
corresponds to an overall but not unweighted crypto ownership rate of about 8.3%.

In the descriptive part of the chapter of thesis, it is shown through visualizations how the
ownership varies with respect to the socio-demographic and socio-economic variables of
households. These patterns are not considered to be causal relations but rather an overview of the
groups that have a greater likelihood of participating in the cryptocurrency market for the

purpose of motivating the multivariate regression models in the subsequent sections.

4.1. Gender

Gender indicates significant differences in the ownership of crypto assets. Men’s ownership rates
are higher than women’s. In the sample, we reached that 11.5% of males own cryptocurrency,
compared with about 4.9% of females. This difference is consistent with household finance

literatiire, where male individuals frequently engage in risky or innovative financial assets.

Table 1: The crypto owner distribution by gender

Gender - | Crypto owner non owner General Sum
Male 688 5271 5959
Female 279 5429 5708
General Sum 967 10700 11667

Figure 7: The crypto ownership rate by gender
Say gender

Crypto owner

gender -

m Male

® Female

Ownership -



4.2. Age

The age factor also has a very strong effect on ownership. The descriptive analysis shows that
cryptocurrency ownership was found in a larger number of younger individuals:

18-29: 13.3% ownership

30-44: 13.9% ownership

45-59: 8.9% ownership

60+: 2.7% ownership

Table 2: The ownership of crypto distribution among age groups

Age ~ | Crypto owner non owner General Sum
18-29 223 1449 1672
30-44 369 2277 2646
45-59 251 2556 2807
60+ 124 4418 4542
General Sum 967 10700 11667

This implies that there is a strong correlation between familiarity with digital technology.

and the likelihood of an individual using cryptocurrency. This is consistent with the hypothesis
that older generations tend to become increasingly conservative as they age .and thus tend to
prefer stable investments over speculative ones. Changing attitudes toward stability and capital
preservation are consistent with the sharp fall among elderly people. As a result, the sharp

decline in the use of cryptocurrencies for older people would make sense.

Figure 8: The graph of the ownership of crypto distribution among age groups in percentage
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4.3. Education Level

About the observation on that socio-demographic characteristic in general, ownership is
increasing with more educational attainment. But the pattern is not completely monotonic across
all divisions. The lowest rate appears in the High school category; in the other cases, bachelor’s
degree and master’s or higher noticeably lead ownership. As an interpretation, education can
enhance financial knowledge and digital access, which can reduce barriers to entering crypto
markets. This descriptive analysis requires multivariate analysis to identify whether education is
an independent variable.

Figure 9: The graph shows seperation of individuals by education title, being crypto owner or non
owner, in numbers
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Table 3: The seperation of individuals by education title shows crypto owners or non owners in

percentage
Education Level ~ | Crypto owner non owner General Sum
Bachelor's degree 2,93% 21,15% 24,09%
High School 0,65% 23,11% 23,76%
Master's degree or highe 1,87% 16,74% 18,61%
No high school diploma or GED 0,26% 5,64% 5,90%
Some college or Associate's degree 2,58% 25,07% 27,65%
General Sum 8,29% 91,71% 100,00%
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4 4. Marial Status

Table 4: The crypto ownership distribution based on the marital status of households

Marital Status

- | Crypto owner

non owner General Sum

Divorced 80 1164 1244
Married 530 6204 6734
Newver married 332 2620 2952
Seperated 18 161 179
Widowed 7 551 558
General Sum 967 10700 11667

Individuals who have never been married have about 11.3% (332 out of 2,952) reporting
cryptocurrency holdings, so the category never married is ahead of all categories. Separated
individuals show similarly close to 10.1% (18 out of 179) owning cryptocurrencies. By contrast,
widowed individuals appeared to have the lowest level of cryptocurrency ownership in the
sample. Only about 1.3% (7 out of 558). So if we think about reality, the age composition of this
group, as widowed respondents tend to be older and generally more risk-averse, favors safer and
more traditional forms of asset holding. So generally, the descriptive evidence recommends that

households that are not married currently are more prevalent.

4.5. Income

Table 5: The crypto ownership distribution based on the income level of households

Income - | Crypto owner non owner General Sum Crypto owner non owner General Sum
High 422 3417 3839 3,62% 29,29% 32,90%
Low 185 2923 3108 1,59% 25,05% 26,64%
low middle 106 1694 1800 0,91% 14,52% 15,43%
Middle 254 2666 2920 2,18% 22,85% 25,03%
General Sum 967 10700 11667 8,29% 91,71% 100,00%

Income is directly correlated with crypto ownership. Individuals with higher incomes are more
likely to own cryptocurrency, which is convenient with the idea that financial capacity supports
participation in risky investments. But also outside of the top income group of households,
cryptocurrencies may be attractive. This could be attributed to speculative motives or perceived
opportunities for high returns. Although we can achieve the goal that all income groups will
view crypto assets as a portfolio diversification option compared to traditional saving options,
the respondents from the low and low middle income groups have approximately 6.0% of the

ownership rate of cryptocurrency, which is significantly less than those of other groups. Lower
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participation levels are likely a result of a smaller budget, and, therefore higher demand for
liquidity, which discourages investment in highly volatile assets. With declining incomes, the
willingness to interact with crypto markets also declines. This makes the variable income a

significant figure in the regression model because of this motivation.

4.6. Employment Status

Full-time workers have the highest ownership rates, while unemployment is associated with an
apparently lower participation rate. The rates of crypto owners inside each category are working
full-time 12.7% and unemployed 3.0%. Households with monthly wages are more willing to
allocate funds to volatile assets. The working part-time rate is ~7.9%.

Table 6: The crypto ownership distribution based on the employment status of households

Employment Status | ~ | Crypto owner non owner General Sum
Unemployment 139 44322 4561
Working full-time 705 4838 5543
Working part-time 123 1440 1563
General Sum 967 10700 11667

4.7. Professional characteristics

In our descriptive sample, households classified as self-employed have the highest rate of
ownership of crypto, if we look rationally. The reason could be that their income is uncertain, so
their tolerance for financial risk is greater. But we also reach that employees have a close rate to
self-employed and they are eager to be owners in the sample data. Although regular income
streams are slightly lower than those of the self-employed group, they may provide the financial
flexibility necessary to allocate a part of their resources towards risky crypto assets. The other
professional category exhibits substantially lower ownership rate. This group could be

interpreted as having a lower income and a conservative approach to financial decision-making.

Table 7: The crypto ownership distribution based on marital status of households

professional characteristic - | Crypto owner non owner General Sum Crypto owner non owner General Sum
An employee 693 5186 5879 5,94% 44,45% 50,39%
Others 175 4846 5021 1,50% 41,54% 43,04%
Selfemployed a9 668 767 0,85% 5,73% 6,57%
General Sum 967 10700 11667 8,29% 91,71% 100,00%
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4.8. Risk preferences

The risk rate is one of the most important correlates in descriptive analysis. Because the nature of
cryptocurrencies is a risky investment tool. The monotonic relationship between risk tolerance
and cryptocurrency ownership is shown in descriptive results. Among households that identify
themselves as risk averse are only about 5.3% report owning crypto. They avoid highly volatile
and uncertain assets. The rate goes to approximately 8.1% reporting cryptocurrency holdings for
risk neutral individuals. They are in the intermediate position of being more open to hold crypto
assets than risk averse group. A huge increase in risk taker group with the highest ownership
rates is observed. In this group, approximately 17.1% report owning cryptocurrency. Individuals

willing to accept potential losses in exchange for higher expected returns are attracted by

cryptocurrencies.

Table 8: The crypto ownership distribution based on risk preferences of households

Willingness to take risk
Risk Averse

Risk neutral

Risk Taker

General Sum

Figure 10: The graph shows crypto ownership distribution based on risk preferences of households in

percentage
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4.9. Savings and investments

Table 9: The crypto ownership distribution based on savings of households

Total Saving and Investments |~ Crypto owner non owner Genel Toplam Crypto owner non owner Genel Toplam
S100K—249K 143 1205 1348 1,23% 10,33% 11,55%
S1IM+ 81 985 1066 0,69% 8,44% 9,14%
5250K—499K 78 0922 1000 0,67% 7,90% 8,57%
5500K-999K 70 854 924 0,60% 7,32% 7,92%
S50K-99K 128 1131 1259 1,10% 9,69% 10,79%
< $50K 331 3898 4229 2,34% 33,41% 36,25%
not sure 136 1705 1841 1,17% 14,61% 15,78%
Genel Toplam 967 10700 11667 8,29% 91,71% 100,00%

Crypto holders can be found across all ranges of savings, although their distribution varies.
Participation in crypto markets increases as the amount of savings reported by individuals
increases, particularly at the moderate level. For example, individuals reporting that they have
$50K-$99K invested comprise 10.79% of the total 128 respondents, while those reporting that
they have $100K-$249K comprise 11.55% of 143 respondents. Both of these moderate range
savings categories show a stronger presence in crypto markets than other categories. Conversely,
the savings categories with the highest reported levels of savings were represented by a smaller
number of crypto holders. Lastly, respondents reporting "not sure" regarding their savings levels
comprised 15.78% of the sample, with 136 crypto owners. Therefore, in aggregate terms, the
data suggest that crypto ownership was most prevalent among households with both low to

moderate savings and least prevalent among those with very high accumulated wealth.
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5. Multivariate Analysis: Logistic Regression Results

Cryptocurrency ownership is not just a continuous outcome; it is a participation decision. In that
part of the thesis project, we see the results of the binary logistic regression models estimating
the probability of cryptocurrency ownership. Our dependent variable is crypto ownership, and 1
represents holding crypto assets and O otherwise. Independent variables are all socio-
demographic and socio-economic characteristics of households. Coefficients are interpreted in
terms of sign, magnitude, and statistical significance, while interpretation is provided using odds
ratios, where provides an intuitive appraoch to how individuals’ characteristics are associated

with crypto ownership.

The empirical methodology for multivariate analysis consists of three main models. A multi-stage
method was used to investigate whether there were associations between core demographic
features of crypto owners and other factors, which would allow for an assessment of how these
associations change after the inclusion of additional control variables. Additionally, the stage
methodology was used to determine if the association between crypto ownership and core

demographic features was stable when economic variables were added to the model.
5.1. Binary Logistic Regression
Logistic regression is used here because the dependent variable is binary (owner or not) and the

independent variables can either be binary or continuous. Therefore, the log odds of the outcome

are expressed as a linear combination of the covariates in this model.

P(Y; = 1) :
In (l P(Y, = l)) = B jz_:lﬁjxe;;

where P(Yi=1) represents the probability that an individual owns cryptocurrency, Xjj denotes the
explanatory variables, Po is the intercept, and P; are the parameters to be estimated. The
coefficients obtained from logistic regression indicate how a one-unit change in an explanatory
variable affects the log-odds of the outcome. For ease of interpretation, these coefficients are
commonly transformed into odds ratios by exponentiation. An odds ratio (OR) associated with a

given explanatory variable is defined as:

Odds Ratio = e”
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A positive correlation with the outcome is shown by an odds ratio larger than one, whereas a
negative correlation is indicated by an odds ratio smaller than one. Assuming that there is no
actual influence (i.e., the Null Hypothesis) from the variable that is relevant to the result of
interest, the p value is a statistical indicator of the likelihood of obtaining the estimated value or
something more severe. Low p values suggest sufficient evidence to support the rejection of the
null hypothesis; i.e., the variable of interest is associated with the outcome of interest. High p
values indicate insufficient evidence to reject the null hypothesis; therefore, the association of
the variable of interest and the outcome of interest is possibly attributable to random sampling
variability in the sample. The interpretation of logistic regression coefficients, odds ratios, and p-
values adheres to conventional econometric methodology as delineated in Wooldridge (2016)
and Greene (2018). Logistic regression is widely used in household finance research to model

binary participation decisions, such as ownership of risky financial assets (Campbell, 2006).

The logistic regression model was chosen for this study instead of another type of regression
model because it guarantees that all predictions made by the model will have probabilities
between 0 and 1, allows for non-linear, behaviorally relevant relationships to exist between
independent variables and the dependent variable, models participation decisions well, and

produces easily interpretable odds ratios and predictions of the likelihood of participation.

5.2. Model 1: Baseline gender model

Table 10. Logistic Regression Results — Model 1

Variable Coef. Std. Err.  z p-value OddsRatio  Sig
Intercept  -2.96830 0.06138 -48.36 <0.001  0.051 otk
Female  0.93211 0.07356 12.67 <0.001 2.540 otk

Notes: Logistic regression coefficients reported. Odds Ratio = exp(coefficient).
*p <0.05, ** p<0.01, *** p<0.001,.p<0.10

In the first model, I examined whether cryptocurrency ownership differs by gender. The
dependent variable is binary (1 = owner, 0 = non-owner), and gender where female is the
reference category is a dummy variable (0 = female, 1 = male). The model is estimated using the

logit link function. Formally, the model can be written as:
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In ( P(Crypto Owner = 1)
1

P(Crypto Owner = 1)) = fo + B1Male

where the left-hand side represents the log-odds of owning cryptocurrency.

From the logistic regression model, we can determine the coefficient for males is = 0.932, the
standard error is 0.074, the z-value = 12.67, and the p-value = < 0.001, and the intercept term is
negative and statistically significant (beta = —2.968), reflecting the relatively low baseline

probability of cryptocurrency ownership among females who constitute the reference group.

Odd Ratio for Male=¢"?*?=2.54. The results show a strong and statistically significant gender
gap. An odds ratio of 2.54 does not mean that men are 2.54 times more likely in terms of
probability. Instead, it means that the ratio of the probability of owning crypto to not owning
crypto is 2.54 times larger for men than for women. p < 0.001 shows that there is a statistically
significant difference between men and women in terms of crypto ownership at the 1% level.
This backs up both the descriptive study and previous studies on household finance that have
shown that males are more likely to invest in risky or new financial products. But this is just
comparing without any discrimination in the features of sex. To take into account education or

other categories, the comparison could change.
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5.3. Model 2: Demographic model (gender, age, education, marital status)

Table 11. Logistic Regression Results — Model 2

Variable Coef. Std. Err. z p-value Signif.
Intercept -5.67525  0.42862 -13.241  <0.001 ok
Male 0.93386 0.07578 12.323  <0.001 ok
Age: 18-29 1.71417 0.13612 12.593  <0.001 ok
Age: 30-44 1.69157 0.11188 15.119  <0.001 ok
Age: 45-59 1.17850 0.11453 10.290  <0.001 ok

Bachelor's degree 1.08868 0.19979 5.449 <0.001 oAk

High School -0.32664  0.22299 -1.465  0.14297

Master's degree or 1.03389 0.20512 5.040 <0.001 oAk
higher

Some college or 0.95225 0.20000 4.761 <0.001 oAk
Associate's degree

Divorced 0.98539 0.40407 2.439 0.01474  *
Married 0.77734 0.39022 1.992 0.04636  *
Never married 0.79760 0.39709 2.009 0.04458 *
Separated 1.32894 0.46757 2.842 0.00448  **

Notes: Logistic regression coefficients reported. Odds Ratio = exp(coefficient).
*p <0.05, ¥ p<0.01, *** p<0.001,.p<0.10



Figure 11: Odds Ratios for Crypto Ownership in Model 2
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In this model we are extending our baseline model by including age intervals, education level,
and marital status of households socio-demographic characteristics to understand whether
characteristics are associated with the likelihood of holding cryptocurrency. Reference categories
were the lowest or most traditional groups: female, 60+, no high-school diploma, and widowed.

The model can be expressed as:

In ( P(Crypto Owner = 1)
1

P(Crypto Owner — 1)) = By + f1Male Ek:ﬁ’“Ang f ZﬁmEducationm | Zﬁ.uMaritaln

T T

Demographic variables remain strong predictors of cryptocurrency ownership. After model 2, we
observed that the gender remains significantly associated with cryptocurrency ownership with 3
=0.9338, p < 0.001, and odds ratio for Male=e*?*3¥=2.54. 95% The confidence interval is [2.09,
2.91], so additional demographics do not eliminate the gender gap. Males are approximately 2.5

times more likely to own cryptocurrency than females.

Age is revealed as one of the strongest predictors in the model. Individuals in the younger age
groups, particularly 18-29 and 30-44 aged with B = 1.71417 and B = 1.69157, respectively; p <
0.001, exhibit odds of crypto ownership (odds ratios e!7'* = 5.5 and ¢! =5.4) that are five to
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six times higher than those aged 60+. In addition, sequentially Cls are [4.01, 7.31] and [4.13,
6.90]. Therefore, both the ages 18-29 and 30-44 are very close to each other in cryptocurrency
holding. The respondents from 45-59 years of age are very likely to hold cryptocurrency with
odds ratio = 3.25 and B = 1.1785. The ownership chance is falling gradually as age increases, and

this finding is consistent with previous research on digital finance.

Education has a positive relationship with cryptocurrency ownership, the likelihood of entering
into the crypto market increases with greater educational experience of individuals. The
coefficients of some college/associate’s degree: B = 0.95225, master’s degree or higher: f =
1.03389, and bachelor’s degree: B = 1.088. So, the odd ratios €**2=2.59, e!*°~2.81, and ¢!
~2.97. They are in a confidence interval and are significant with p < 0.001. Households in a
university degree are between two and three times more likely to own cryptocurrency. This
implies that education could serve as a substitute for financial literacy, digital proficiency, or

openness to innovative financial offerings.

The little effect from marital status appears on the odds of cryptocurrency ownership after
controlling for the variable age; therefore, it doesn't seem like a major independent factor.
Divorcees and separated individuals have higher odds of being owners compared to married or
single persons. However, the large confidence interval indicates that the differences seen in the
descriptive analysis can almost entirely be explained by the variables of age and education as
opposed to marital status itself. Cryptocurrency ownership is not dispersed evenly across all

household types.

5.4. Model 3: Full model with socioeconomic characteristics

In this model, we are extending our model 2 by adding socioeconomic variables of household
characteristics. So, the model includes income, employment status, professional status, risk
attitude, and total savings/investments, again using the lowest-rank categories as reference
groups. The intercept corresponds to a widowed female aged 60 or above with no high school
diploma, low baseline income, low savings, and a risk-averse profile. The estimation of the
coefficient of -4.862 predicts an approximate 0.76 percent ownership probability. Therefore, it is
confirmed that crypto participation is extremely rare in households who are older, have lower
education, and are more risk averse. The full model provides a fuller understanding of the factors

affecting the ownership of cryptocurrency.
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P(Crypto Owner = 1)
1 = .¢
. (1 P(Crypto Owner = 1) Fo zj:ﬁ“' g

Where Xj represents the full set of socio-demographic and socio-economic variables.

Gender and age still remain as seriously significant predictors. The coefficient on male gender
continues to be positive and statistically significant (B = 0.768, p < 0.001, so the odds ratio of
Male= e%7%%x2.16), confirming that the gender gap persists even after the magnitude of the
gender effect is smaller than in Models 1 and 2. And younger age groups continue to exhibit
substantially higher odds of crypto ownership. Young adults aged 18-29 are about e!**> ~4.59
times more likely to own cryptocurrency than individuals aged 60+, while those aged 3044 are
e!-386=4.00 times more likely. These outcomes of age groups support digital adoption theory and

risk preference theory. We can reach from our last model that age definitely remains one of the

strongest determinants.

The results of the logistic regression model show us that risk preferences are one of the strongest
predictors of cryptocurrency ownership. This proves that the crypto market attracts individuals
willing to accept financial risk. Individuals who identify themselves as risk takers show a very
large and highly significant coefficient (B = 0.873, p < 0.001, so odds ratio of risk takers e*%7
~2.39), indicating dramatically higher odds of cryptocurrency ownership compared to risk-averse
individuals. Risk neutral households display a positive association, though of smaller magnitude

with an odds ratio 1.22.

In professional characteristics, being self-employed or an employee is positively associated with
holding crypto, while belonging to the “other” professional category significantly reduces the
likelihood of ownership. Being unemployed significantly reduces the likelithood of ownership (8
=—0.367), while being employed full-time increases it but not significantly (B = 0.094). We can
reach that crypto participation requires financial stability. Education remains significant in the
full model. Holding a bachelor’s degree, a master’s degree or higher, or some college education
significantly increases the probability of cryptocurrency ownership relative to the lowest

education group.

33



Although divorced and separated groups have a more positive association than married and never
married groups, interestingly that result differs from the descriptive analysis of the SHED data.
But the marital status shows limited considerable power in the model with only the category of

separated individuals displaying a statistically significant positive association.

Once demographic and economic variables are included, income categories with high and middle
are not statistically significant because in the conventional levels within %35, the estimate is not
statistically different from zero, and the coefficients are relatively positive and small. Similarly,
total savings and investments show no meaningful association with cryptocurrency ownership

across all categories.

The results indicate that cryptocurrency use is influenced by characteristics of an individual, like
age, gender, marital status or education as well as their perception of risk in socio-economic

features, but not primarily by their financial wealth.
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Table 12: Logistic Regression Results — Model 3

Variable Coef. Std.Err z p-value Odds Signif.
Ratio

Intercept -4.862 0.486 -10.011 <0.001 0.008 koxk

Male 0.768 0.079 9.718 <0.001 2.155 oAk

Age 18-29 1.524 0.151 10.072 <0.001 4.591 otk

Age 3044 1.386 0.129 10.754 <0.001 3.999 oAk

Age 45-59 0.881 0.127 6.942 <0.001 2413 oAk

Income:High 0.209 0.136 1.541 0.123 1.232

Income:Low -0.007 0.135 -0.053 0.957 0.993

Income:Middle 0.221 0.129 1.707 0.088 1.247

Unemployed -0.366 0.155 -2.371 0.018 0.694 *

Working fulltime 0.094 0.116 0.809 0.419 1.099

Employee -0.513 0.125 -4.091 <0.001 0.599 oAk

Otherprofession -0.622 0.160 -3.890 <0.001 0.537 oAk

Bachelor’sdegree 0.631 0.213 2.964 0.003 1.879 *x

High School -0.445 0.227 -1.962 0.050 0.641

Master’s degree 0.538 0.220 2.444 0.015 1.713 *

or higher

Some college 0.692 0.207 3.347 <0.001 1.998 oAk

Risk Neutral 0.197 0.087 2.253 0.024 1.218 *

Risk Taker 0.873 0.097 9.024 <0.001 2.394 ok

Savings $100K— 0.194 0.163 1.191 0.233 1.214

249K

Savings $1M+ 0.074 0.178 0.414 0.679 1.077

Savings $250K— -0.131 0.180 -0.726 0.468 0.877

499K
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Savings $500K— 0.196 0.169 1.162 0.245 1.217

999K

Savings < $50K 0.121 0.156 0.776 0.438 1.129

Savings Not Sure 0.095 0.167 0.570 0.569 1.100
Divorced 0.808 0.406 1.990 0.047 2.243 *
Married 0.596 0.392 1.519 0.129 1.815

Never Married 0.694 0.399 1.739 0.082 2.002
Separated 1.255 0.471 2.664 0.008 3.508 *x

Notes: Logistic regression results reported. * p < 0.05, ** p < 0.01, *** p <0.001, . p <0.10

Odds Ratio = exp(coefficient).

5.5. Final Comparative Conclusion

We have sequential progress from models 1 to 3 that shows how structured the factors that affect
cryptocurrency ownership can help us figure out how many cryptocurrency owners there are and
whether they are mostly in certain types of households. Model 1 establishes a pure baseline: just
gender significantly predicts cryptocurrency ownership. Males rule the ownership. Barber and
Odean (2001) state that men trade more frequently and exhibit greater overconfidence in
financial decision-making compared to women, and display a greater willingness to take
financial risks. So, it is aligned with this thesis to prove that men have more cryptocurrencies.
However, as Model 1 contains no additional controls, the observed difference may reflect

underlying demographic or economic heterogeneity.

Model 2 adds demographic controls, including age and education, as primary predictors, and
ownership is shown to be concentrated amongst younger, better-educated households. At this
point, we can establish a link to digital adoption theory, where younger people are more likely to
adopt new technologies. The age gradient described here is consistent with the theory of
technological diffusion (Rogers, 2003), whereby participation is reduced by technological
barriers to entry associated with digital literacy and familiarity with online platforms.
Cryptocurrencies involve knowledge of blockchain technology, digital wallets, and exchanges.
In addition, getting a better degree will probably make people think there are fewer barriers in
finance and easy and low costs of entry. So, households with more education are more likely to
use cryptocurrencies. Furthermore, Guiso & Sodini (2013) demonstrated that households
participate in sophisticated financial instruments such as cryptocurrencies are concentrated

amongst households who are better educated.
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Model 3 shows that after accounting for the addition of socio-economic controls, cryptocurrency
ownership is still strongly concentrated amongst younger individuals, male households, higher
education, and individuals who are risk takers. It is interesting to note that income and wealth do
not seem to have a strong link to owning cryptocurrencies. This suggests that cryptocurrency
ownership is not driven primarily by wealth. The level of willingness to accept risk supports the

idea that cryptocurrencies are a high-risk asset class compared to more traditional investments.

The amount of variation from each model should be explained by reporting the McFadden R-
squared to understand how adding sociodemographics and socioeconomics characteristics affect
the analysis. We can calculate R square with obtaining from residual deviance and null deviance.

From regression models, the deviances are acquired on RStudio.

For model 1:

Null deviance = 6667.8 and Residual deviance = 6492.3
R?= 1- (6492.3/6667.8) = 0.0263

For model 2:

Null deviance = 6667.8 and Residual deviance = 5903.7
R?=1-(5903.7/6667.8) ~ 0.1145

For model 3:

Null deviance = 6667.8 and Residual deviance = 5737.7
R?=1-(5737.7/6667.8) = 0.1395

As observed, McFadden R squared increases from model 1 to 3. And this is a proof that
sociodemographic and economic features of an individual make the model stronger. In model 2
and the full model, we get R squared more than 0.082, so it explains a meaningful share of
variation in cryptocurrency ownership decisions. Actually, the R squared remains modest for
models 2 and 3. But for logistic regression, even only demographic features have important an
meaning. Although economic characteristics of households are associated with crypto ownership

because there is an incline in R squared, they are not as strong like demographic features.

The empirical findings of this thesis support the conclusion that cryptocurrency ownership is

concentrated amongst younger, male, better educated, and risk taker households.
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6. Limitation of Study

Even if the thesis provides empirical evidence on the determinants of cryptocurrency ownership

using the SHED data, there are some limitations.

The data used in the analysis consists of cross-sectional data from the 2022 wave of the Survey
of Household Economics and Decisionmaking. Holding cryptocurrency by the households
surveyed is captured using a binary indicator (i.e., did they hold cryptocurrency) and thus does
not capture either the quantity of cryptocurrency held or its proportion in the overall household
wealth. Therefore, we cannot determine if individuals have a speculative position in
cryptocurrency or a large share of their investment portfolios invested in cryptocurrency. While
logistic regression allows us to control for multiple socio-demographic and socio-economic
characteristics at the same time, we can examine ownership and participation, but cannot

examine the concentration of holdings within a portfolio.

While the SHED dataset is very rich in terms of socio-demographic and economic data, it is
missing detailed measures of financial literacy, digital skills, and technology adoption, which
can also influence whether a household holds cryptocurrency. Thus, obtaining all the variables
needed to comprehensively capture the characteristics of households and achieve complete

results is not possible from this survey.

When the independent variables in the logistic regression model are highly correlated with each
other, multicollinearity occurs. Multicollinearity may be relevant in this study for the
demographic variables such as age and marital status, education and income, education and risk
preferences. Severe multicollinearity may occur even though there is a significant relationship
between the independent variable and the dependent variable. In the thesis, the multicollinearity

1s not taken into account.

This study has excluded consideration of the timing of entry into the cryptocurrency market,
the market price of entry into the cryptocurrency market, and trading strategies as they relate to
the long-term holding behavior of cryptocurrency. Therefore, the dissertation is unable to
determine whether households entered the cryptocurrency market during peak prices and

whether losses were disproportionately suffered by specific demographic groups.
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Regardless of these limitations, the dissertation provides new insights into the distribution of
cryptocurrency ownership among households and identifies the socio-demographic and socio-

economic factors most strongly related to participation in this emergent financial market.
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7. IMPLICATIONS

There are some implications of this research for policymaking in a variety of areas, including
household protection, financial regulation, financial literacy policy, and issues relating to

equality and inclusion in cryptocurrency.

7.1. The Households Protection

As indicated before, cryptocurrency markets are characterized by extreme price volatility and
regulatory uncertainty when compared with traditional assets such as equities and gold.
Additionally, cryptocurrency returns are characterized by high volatility clustering and bubble-
like dynamics (Corbet, Lucey, & Yarovaya, 2018). In the way of these concerns, holding
cryptocurrencies gives significant financial risk to individual investors. The concentration of
ownership among younger and more risk taker individuals suggests that participation may
reflect speculative motives rather than long-term savings behavior. From the protection
perspective, a regulation may be realized to prevent information asymmetry, the risk
explanation against misunderstandig and exposure to fraudulent platforms (the collapse of the
FTX exchange in 2022). The regulators should enhance the exchange transparency and

implement standardized risk warnings similar to those used in derivatives markets.

Improving digital financing literacy should be focused on progress for younger individuals
demonstrate higher adoption rates. The crypto related risk awareness and a guideline for
taxation and reporting obligations should be introduced to households. Improved financial

literacy may reduce behavioral biases and improve portfolio diversification decisions.

7.2. Early Adoption Effects

Those investors that adopted crypto at an early stage were able to benefit from large capital
gains when prices rose in bull markets (as evidenced in the 2017 and 2021 crypto bull runs).
Since certain demographic segments are likely to be overrepresented in crypto adoption, it is
possible that those that have benefited from crypto may have exacerbated existing inequalities
in wealth. According to Campbell (2006) and Guiso and Sodini (2013), there has been a
historical pattern of unequal distribution of risky assets; younger and more educated people
have taken advantage of opportunities to invest in risky assets; therefore, if they were to invest
in crypto early, they would have likely made significant returns. On the other hand, the older

population did not participate in the same manner, resulting in greater wealth inequality.
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Therefore, policymakers need to take into consideration the distributive effects of digital asset

markets to help alleviate wealth inequality going forward.

7.3. Systemic Risk

Systemic risk refers to the likelihood of financial contagion that occurs when price movements
become amplified due to leverage and asset price volatility is transmitted throughout the market.
There is evidence of volatility spillover from crypto markets to traditional markets during times
of stress (Corbet et al., 2018). The increasing number of institutions adopting crypto will likely
exacerbate the transmission of shocks through markets. For example, the increasing number of
institutional investors may create the potential for systemic contagion, thus requiring cross-
jurisdictional regulatory coordination to prevent this type of risk. In addition, according to the
ECB, there is currently a lack of reliable data in regarding crypto markets, and there is limited
institutional exposure data available. Additionally, the decentralized nature of crypto assets
limits the amount of data available to regulators. Even simple metrics such as market

capitalization can vary by up to 20%, based on how one defines supply.
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8. CONCLUSION

This thesis investigates the socio-demographic and socio-economic features of the United States
households for specifying cryptocurrency ownership using the data from the 2022 Survey of
Household Economics and Decisionmaking (SHED). The importance of individual
characteristics in participation of cryptocurrency markets and how these demographic, economic
factors, and risk preferences increase adoption decisions are identified by the study with logistic

regression models.

After the results, we observed that crypto ownership is not randomly or evenly distributed among
all individuals who attended the survey. Despite that, specific household groups are intensified
for participation to the market. Younger individuals differ from older guys with more likely to
hold cryptocurrency. Although there is an evident age effect for each of the models shown here,
this age effect is consistent in all model specifications, and therefore, we can see that
generational differences are likely to be important factors in the use of digital assets. The
younger cohorts seem to have a greater comfort level when using new digital platforms and other
types of new financial technology. In addition, ages with 18-29 and 30-44 intervals have more

desire to join risky financial places to earn high returns.

Another critical feature is gender in analysis. Male ownership of cryptocurrency is significantly
greater than female ownership across all demographic groups, including younger and older
generations as well as those with different levels of education. The consistent nature of this trend
suggests an association between gender-based differences in behavior regarding risk-taking and
making financial decisions and ownership of cryptocurrency. Also, education is worth
considering in our study. Higher education attainment is correlated with increased crypto
ownership. The results support the hypothesis that some level of digital financial literacy is
required for crypto use. Income has an ambiguous effect on crypto ownership; while those with
higher incomes have slightly higher ownership probabilities than lower-income groups, they do
not explain all forms of participation in crypto markets. Wealth does not have a direct and pure

relation with ownership.

The interpretation of the result became stronger with the addition of the willingness to take risk
characteristic in the fully specified model. The data shows that individuals who identify
themselves as risk takers are far more likely to be owners of cryptocurrencies. Using predicted
probabilities for this analysis, it is clear that the combination of an individual's demographics and

their attitude toward taking risks creates significant differences in how likely they will participate
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in cryptocurrency ownership.

The study’s findings indicate that investing in cryptocurrency is a combination of financial
speculation, the use of new digital technologies, and behavioral heterogeneity rather than simply

a portfolio diversification decision.
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APPENDIX

APPENDIX A. RSTUDIO OUTPUTS

Model 1 Rstudio Output

call:
gim(formula = crypto_bin ~ gender_f, family = binomial(), data = df)

Coefficients:

Estimate std. Error z value Pr(>|z|)
(Intercept) -2.96830 0.06138 -48.36 <2|-16 www
gender_fmale 0.93211 0.07356 12.67 <2e-16 ww«

signif. codes; 0 *ww&? g 001 *w%* 0,01 **” 0.05 *.*7 0.1 ¢ * 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 6667.8 on 11666 degrees of freedom
rResidual deviance: 6492.3 on 11665 degrees of freedom
AIC: 6496.3

number of Fisher scoring iterations: §

>
> cat("\n=== Coefficients (log-odds) ===\n")

=== Coefficients (log-odds) ===
> print(coef(m))
(Intercept) gender_fmale
-2.9682984 0.9321119

=== 0dds Ratios (exp(coef)) ===
> print(exp(coef(m)))
(Intercept) gender_fmale
0.05135068 2.53986748
>
> cat("\n=== 95% confidence Intervals (OR) ===\n")

=== 95% Confidence Intervals (OR) ===
> print(exp{confint(m))) # Profil GA (yavassa bir alt satira kullan)

waiting for profiling to be done...

2.5 % 97.5 %
(Intercept) 0.04546363 0.05783762
gender_fmale 2.20151823 2.93768688

Model 2 RStudio Output

=== MODEL 2: LOGISTIC REGRESSION RESULTS ===
> print (summary(model2))

call:

gIim(formula = crypto_binary ~ gender_binary + age_interval +
education_level + marital_status, family = binomial(link = "logit"),
data = data_clean)
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=== ODDS RATIOS + 95% CI ===
> printCor_ci)

odds_Ratio 2.5 % 97.5 %
(Intercept) 0.003429828 0.001357204 0.007432027
gender_binarymale 2.544319109 2.1595726292 2.955525396
age_intervallg8-29 5.552040571 4.258689388 7.263291249
age_interval3o-44 5.428010869 4.371787151 6.780673188
age_interval45-59 3.249505153 2.602053999 4.078067441
education_levelBachelor's degree 2.970353434 2.041193538 4.478683359
education_TlevelHigh school 0.721346530 0.470900796 1.132148154
education_levelMaster's degree or highe 2.811585561 1.910203850 4.279915185
education_levelsome college or associate's degree 2.591540847 1.779981867 3.908903182
marital_statusbivorced 2.678845081 1.299684977 6.487333500
marital_statusmarried 2.175683633 1.091754592 5.158318382
marital_statusNever married 2.220198897 1.095828462 5.319928317
marital_statusSeperated 3.777032209 1.569729814 10.082358508

LS

Null deviance: 6667.8 on 11666 degrees of freadom
rResidual deviance: 5903.7 on 11654 degrees of freedom

Model 3 Rstudio Output

call:

gim(formula = ownership_binary ~ gender + "Age interval’ + income +
‘Employment Status’ + “professional characteristic’ + "Education Level +
‘willingness to take risk’™ + 'Total Saving and Investments' +
‘Marital status’, family = binomial(1ink = "logit"), data = data)

Estimate std. Error z value Pr(>|z|)

(Intercept) -4.862284  0.485690 -10.011 < 2e-16 ¥w«
gendermale 0.767742 0.079003 9.718 < 2e-16 ww*
‘Age interval 18€%\u0080%u009329 1.524185 0.151327 10.072 < 2e-16 w««
‘Age interval 30€4u0080%u009344 1.386255 0.128907 10.754 < 2e-16 w«w
‘age interval ‘45-59 0.880051 0.126902 6.942 3.87p-12 ww«
incomeHigh 0.209432  0.135943 1.541 0.123416
incomeLow =0.007193 0.134693 -0.053 0.957413
incomemiddle 0.220670 0.129288 1.707 0.087858 .
"Employment Status Unemployment -0.366630 0,154659 -2.371 0.017761 %
‘Employment Status working full-time 0.09358%  0.115693  0.809 0.418548
‘professional characteristic an employee -0.512514 0.125273 -4.091 4.29e-05 %ww
‘professional characteristic’others -0.621606 0,159813 -3.890 0.000100 #¥%
‘Education Level ‘Bachelor's degree 0.630963  0.212845 2.964 0.003033 %«
‘Education Level High School -0.445346  0,.226967 -1.962 0.049743 ¥

‘Education Level Master€\uO080\u0099s degree or highe 0.537507 0.219944 2.444 0.014532 ¥
‘Education Level Some college or Associate's degree 0.692272 0.206840 3.347 0.000817 %%

‘willingness to take risk Risk Taker 0.872804 0.096717 9.024 < 2e-16 www
‘willingness to take risk Risk neutral 0.196591  0.087249 2.253 0.024245 ¥
‘Total saving and Investments $100K€\u00BO\UQ093249K  0.194311 0.163087 1.191 0.233475
‘Total saving and Investments §1m+ 0.073880 0.178340 0.414 0.678680
‘Total Saving and Investments §$250K€@\u0080N\u0093499k -0.130808 0.180231 -0.726 0.467975
‘Total saving and Investments §50K@\U0080N\UO09390K 0.195967 0.168700 1.162 0.245386
‘Total Saving and Investments < $50K 0.121303 0.156334 0.776 0.437795
‘Total saving and Investments not sure 0.095357 0.167234  0.570 0.568540
‘Marital Status Divorced 0.808294  0.406255 1.990 0.046632 ¥
‘Marital Status Married 0.596375 0.392495 1.519 0.128651
‘Mmarital status never married 0.693606 0.398832 1.739 0.082018 .
‘Marital status Seperated 1.255294 0.471242 2.664 0.007726 “¥
signif. codes: 0 ‘w¥%%’ 0,001 ‘%%’ 0.01 ‘¥’ 0.05 *.” 0.1 * "1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 6667.8 on 11666 degrees of freedom
residual deviance: 5737.7 on 11639 degrees of freedom
AIC: 5793.7



APPENDIX B. Descriptive Statistics with Mean and Std. Dev.

Binary variables are coded as 1 if the condition holds and O otherwise. Means for binary
variables represent sample proportions. Based on the average, the total portion of the sample
that has some cryptocurrency is 8.3%. Thus, it can be assumed that participation in crypto
markets is very low compared to the number of people in the sample. The gender distribution
of our study is roughly equal in terms of male (51.1%) vs. female attendance at the SHED.
Gender representation in the sample is near equal; thus, the probable cause of gender disparity
observed through the regression analysis is significant differences in behavior or preferences
rather than a sample imbalance. For binary variables, quantifying the degree of variance around
the mean is specified by standard deviations calculated as V[p(1-p)]. The p means proportions
of binary 1. Std Dev. 0.276 means that most people are non-owners (0), and only a small share
are owners (1). 0.5 Std. Dev. For males, it is the highest value it can take because binary is

close to 50/50 percent. Gender distribution is very balanced.

Variable Mean Std.Dev. N
Crypto ownership (1=Yes) 0.083 0.276 11,667
Male (1=Male) 0.511  0.500 11,667

APPENDIX C. Predicted Probabilities for Random Profiles based on Model 3

1
Predicted probabilities were calculated using: P = 1+ exp(—(XB))

XB = Bo Z Bi X,
Where [ represents the coefficient of each category and X represents the independent variables.

We have 3 profiles. Profile 1 is high adoption to the new technological market, profile 2 with

middle adoption, and profile 3 with low adoption.

Profile 1: Young Male (18-29), Master’s degree or higher, Married,
high income, Risk Taker, Master’s degree or higher, Full-time employed
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Lineer skor (Xp)
XP=—4.8622+0.76774+1.5241+0.53751+0.59637+0.20943+0.09359+0.8728+0.1959=-0.06468
Predicted probability:

p=1/(1+e%%46%)=(0.484

Profile 2: Female, Age 30—44, Some college / Associate, Never married, Middle income,

Working full-time, Risk neutral, Savings: $100K—-249K

Lineer skor (Xp):
XPB=-4.86228+1.38626+0.69227+0.69361+0.22067+0.09359+0.19659+0.19431=—1.38499
Predicted probability:

p= 1/(1+¢'33499)= 0.2

Profile 3: Female, Age 60+ (referance), No high school diploma (referance), Widowed

(referance), low Income (referance), Unemployment, Risk-averse (referance), Savings: < $50K

Reference categories with dummy variables 0, so they are not included in probability

calculation.

Lineer skor (Xp):
XP=—4.86228-0.36663+0.12130=-5.10761
Predicted probability:

p= 1/(1+e>1971)=0.0060

Table 13: Logistic regression predicted probabilities calculated using Model 3 coefficients

Profile Key Characteristics Linear Index Predicted
(XB) Probability
Profile 1 (High Young male, Master’s+,  -0.065 48.4%
Adoption) married, high income,
full-time,
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Profile 2
(Medium
Adoption)

Profile 3 (Low
Adoption)

Risk taker, savings

$500-999k

Female 30-44, some -1.385 20.0%
college, never married,

Middle income, full-

time, risk neutral,

Savings $100-249k

Female 60+, widowed, -5.108 0.60%
unemployed,
Low assets (<$50k),

risk-averse

The results indicate that the participants' demographic attributes and risk preferences all

significantly influence their likelihood of owning cryptocurrency. In Model 3, even when

controlling for income, employment status, savings, and other socioeconomic factors, the

predicted participation probabilities of model three provide the result in expectation. The

estimated participation probability of cryptocurrency ownership was significantly higher for

younger men, those with higher levels of risk-taking, and those with secure employment. The

differences also represent economically meaningful differences rather than just statistically

significant ones. Thus, the range means that participation in cryptocurrency is not random across

all household types; it happens to be for people who have a combination of demographic

advantages and financial capability; therefore, the results from the predicted probabilities confirm

the central empirical findings of this thesis.
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