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Abstract

Depositing and borrowing in a currency other than the local currency is a well-

documented phenomenon. The associated exchange rate and monetary risks, pivotal

during the Asian Financial Crisis of 1997, prompted an academic discourse. Financial

dollarization literature explains why individuals and corporations domiciled in emerg-

ing markets deposit and borrow in hard currencies, mainly in U.S. dollars. This thesis

proposes a model for cryptocurrency lending and assesses model predictions with a

data set containing more than one million Ethereum transactions. The computational

modelling and statistical analysis show that the main theoretical explanations provided

by financial dollarization literature may not be directly transferable to cryptocurrencies.

The results suggest that the popularity of depositing and borrowing in cryptocurrencies

must be largely motivated by other factors.
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Chapter I.

Introduction

This microeconomic model and simulation of cryptocurrency lending is de-

signed to identify and to quantify factors motivating depositing and borrowing in cryp-

tocurrencies. Depositing and borrowing in cryptocurrencies via decentralized finance

(DeFi) systems has became increasingly popular (Aramonte et al., 2022), but, to the

best knowledge of the author, the motivation for these transactions has not been for-

mally assessed. The question of whether to deposit and borrow in cryptocurrencies or

in fiat currencies is comparable to questions addressed by financial dollarization litera-

ture. The preference of individuals and corporations domiciled in emerging markets for

deposits and loans in U.S. dollars over local currencies is called financial dollarization

(Ize & Yeyati, 2003). The terms dollarization and euroization are often interchangeable,

but euroization is mostly used in the context of emerging Eastern European countries

aspiring to an integration into the European Monetary Union (Yeyati, 2006). Deposit-

ing and borrowing in U.S. dollars exposes residents of emerging markets to foreign

currency risks and external monetary shocks, but access to foreign funds, a lack of trust

in the local financial system, the need to hedge cash flows, and a desire to diversify

or to optimize returns are important reasons for financial dollarization (Yeyati, 2006;

McBrady & Schill, 2007; Basso et al., 2011; Fidrmuc et al., 2013). Numerous studies

have shown that financial institutions influence dollarization as well (Luca & Petrova,



2008; Brown & De Haas, 2012; Ivashina et al., 2015).

Some of these factors, especially return optimization or diversification, might

also explain depositing and borrowing in cryptocurrencies. The unique lending mech-

anism of DeFi systems enables individuals to deposit and borrow in cryptocurrencies.

This lending mechanism is shaped by the fixed money supply and anonymity in the

cryptocurrency space. Unlike fiat currencies, cryptocurrencies cannot be issued by cen-

tral authorities, nor can financial institutions create cryptocurrencies at will. In that

sense, the supply of cryptocurrencies is fixed. This means that borrowers depend on

depositors to provide liquidity. The supply of liquidity and the demand for it determine

the interest rates of cryptocurrency loans and deposits in DeFi systems. The credit qual-

ity of borrowers does not influence the interest rates of cryptocurrency loans because

borrowers are anonymous. The anonymity of borrowers and the volatility of cryptocur-

rencies call for sufficient collateral to secure loans. Cryptocurrency loans are typically

well-overcollateralized and backed by cryptocurrency assets. Hence, borrowers have a

net long position in cryptocurrencies and benefit from a price appreciation of the long

leg. This stands in contrast to financial dollarization literature where borrowers have a

net short position in the foreign currency.

This thesis contributes to financial dollarization literature by expanding its scope

to cryptocurrencies and by adjusting its model to the lending mechanism of cryptocur-

rencies in DeFi systems. The economic model covers cryptocurrency borrowing in two

variations and cryptocurrency depositing. Transactional data was extracted from the

Ethereum blockchain to assess the economic model. The data set containing more than

one million on-chain transactions reveals realized deposit and borrow rates as well as

the amounts deposited or borrowed. The computational modelling and statistical anal-
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ysis evaluates major predictions of the economic model. Time series regression models

were used to assess the predictability of the economic model with the data set contain-

ing more than one million Ethereum transactions. Model predictions related to cryp-

tocurrency depositing and borrowing were rigorously tested in several specifications.

The results suggest that the popularity of depositing and borrowing in cryptocurrencies

must be largely motivated by factors unrelated to the theoretical explanations provided

by financial dollarization literature.

The rest of the study is organized into six chapters. Chapter II provides back-

ground information describing the lending mechanism of cryptocurrencies and contrast-

ing it with the lending mechanism of fiat currencies. The formalization of the microe-

conomic model can be found in Chapter III. Chapter IV contains the presentation of the

data, Chapter V explains how model predictions were tested empirically, and Chapter

VI gives core empirical results. Finally, Chapter VII provides a conclusion to the study.

3



Chapter II.

Background

This chapter provides background information describing the lending mecha-

nism of cryptocurrencies and contrasting it with the lending mechanism of fiat curren-

cies. The economic significance of lending and lending of fiat currencies in the tradi-

tional banking system are summarized first. The subsequent description of the lending

mechanism of cryptocurrencies emphasizes some unique characteristics reflected in the

theoretical framework of this study.

The Economic Significance of Lending

Lending promotes economic growth by financing investments and consumption

(Koursaros et al., 2021). Entrepreneurs rely on lending to carry out innovative and

productivity-enhancing activities. These activities improve the long-term growth po-

tential of economies (King & Levine, 1993a). King and Levine (1993a, 1993b) as well

as Koursaros et al. (2021) provide empirical evidence for the positive relationship be-

tween lending and economic activity. Berger and Sedunov (2017) demonstrate the same

relationship between liquidity created by banks and economic activity.

The relationship between lending and economic growth is not trivial. Rousseau

and Wachtel (1998), for example, observe country-specific differences in this relation-

ship. Moreover, Koursaros et al. (2021) as well as Law and Singh (2014) show that
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lending only has a positive effect on economic growth as long as debt levels do not

exceed a certain threshold. Excessive or rapidly increasing debt levels can even have

a negative impact on economic growth by triggering a financial crisis (Rousseau &

Wachtel, 2011).

Traditional Bank Lending

Traditionally, banks act as intermediaries in lending. Although their regulatory

frameworks give banks some discretion over the use of their funds, banks typically lend

a large part of their funds out. While deposits are an important funding source for banks,

banks do have multiple other funding sources at their disposal.

Individuals placing fiat currency into deposit accounts are savers. They are not

directly involved in lending. Banks are largely financed with deposits, and they can use

these deposits to issue loans or to acquire other assets (Hanson et al., 2015). Liquid

assets and sight deposits held by banks at central banks are necessary to meet minimum

reserve requirements and liquidity needs (Jordan, 2018). As long as banks meet these

requirements, they can lend deposits or newly created money to creditworthy borrowers

(McLeay et al., 2014). The assessment of creditworthiness alone is a crucial function of

banks because it ensures that loans are used productively (Bernanke & Blinder, 1988).

Banks assess the creditworthiness of borrowers and may ask for collateral to secure

loans (Bianchi & Mendoza, 2018). Banks can hold these loans to maturity or securitize

them (Brunnermeier, 2009). The demand for loans depends predominately on the offi-

cial rate set by the central bank, because this rate determines borrowing costs (McLeay

et al., 2014). Attracting deposits, money creation, securitization, wholesale funding,

and other tools usually allow banks to meet this demand.
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Cryptocurrency Lending in DeFi Systems

Amongst other systems, DeFi systems facilitate cryptocurrency lending. DeFi

systems, such as Aave, Compound, and MakerDao, are intermediaries operating liquid-

ity pools in which individuals can deposit their cryptocurrency assets and from which

individuals can borrow these assets. As measured by the total value locked, cryptocur-

rency lending temporarily hit the $50 billion mark in early 2022 (Aramonte et al., 2022).

This study investigates cryptocurrency lending with a data set of more than one million

on-chain transactions with a combined transaction value of more than $350 billion.

DeFi systems operate liquidity pools to match the supply and demand for cryp-

tocurrency assets with blockchain-based lending protocols governed by a smart con-

tract. Ethereum supports blockchain-based smart contracts efficiently (Hegedűs, 2018),

and, therefore, Ethereum became the dominant blockchain for hosting lending proto-

cols (Qin et al., 2021). Lending protocols set the rules for depositing and borrowing.

Individuals can contribute to the liquidity pool by depositing cryptocurrency assets in

order to earn interest on them. When individuals deposit cryptocurrency assets, they

receive interest-bearing tokens in return for their cryptocurrency assets (Sriman & Ku-

mar, 2022). Other individuals can borrow from the liquidity pool (Qin et al., 2021).

DeFi systems use interest rate rules to set the price of loans and deposits. Interest rates

are mostly a function of the supply and demand for liquidity within a DeFi system

(Gudgeon et al., 2020a). In contrast to banks, DeFi systems have no discretion over the

use of liquidity. Only liquidity provided by depositors can be borrowed. DeFi systems

cannot invest in other assets when the demand for loans is low. Nor can DeFi systems

provide additional liquidity by borrowing in the wholesale market or by money creation
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when the demand for loans is high.

Unlike banks, DeFi systems do not assess the creditworthiness of borrowers.

Since creditworthiness does not play a role in cryptocurrency lending, the borrow rate

is the same on all loans and no credit spread is added. Collateral requirements are de-

signed to mitigate credit risks. Borrowers need to deposit collateral in order to borrow

assets. The collateral typically becomes part of the liquidity pool and is also lent out

(Qin et al., 2021). To incentivize borrowers to honor their obligations despite their

anonymity, collateral requirements far exceed 100% of the loan value (Aramonte et al.,

2022). These collateral requirements limit borrowing to borrowers owning sufficient

assets, which affects financial inclusion. Price volatility can lead to violations of col-

lateral requirements. If the collateral value falls below a predefined threshold and the

borrower cannot provide additional collateral, the loan will be liquidated (Ojog, 2021).

Gudgeon et al. (2020a) as well as Zhang and Jin (2020) point out that insuf-

ficient liquidity is a common problem in P2P and DeFi lending systems. The design

of Bitcoin and most other cryptocurrencies does not allow central authorities and fi-

nancial institutions to issue currency at will to provide liquidity (Nakamoto, 2008). In

that sense, the supply of cryptocurrencies is fixed. The fixed supply has often been re-

garded as an advantage of cryptocurrencies supposedly preserving their value (Thomp-

son, 2018), but the fixed supply also has implications for cryptocurrency lending. In

addition to shortages of liquidity, cryptocurrencies and cryptocurrency lending would

potentially create deflationary pressure and debt-deflation problems in real economies

(Malherbe et al., 2019). Debt-deflation describes a situation in which the real value of

debt increases over time due to deflation. The burden of interest and of principle pay-

ments increases for borrowers in this situation (Fisher, 1933). Nevertheless, this study
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is focused on microeconomic factors explaining cryptocurrency lending, and further

considerations, such as debt-deflation problems or financial inclusion, are not part of

this evaluation.
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Chapter III.

Modelling and Simulation

This chapter presents the economic model. It is based on models found in fi-

nancial dollarization literature (Levy, 1981; Thomas, 1985; Ize & Yeyati, 2003). The

proposed theoretical framework is introduced briefly in the first part of this chapter.

The second part presents the model for depositing and the third part the model for bor-

rowing. The fourth part provides some background information describing interest-rate

rules of DeFi systems.

Proposed Theoretical Framework for Cryptocurrency Lending

The proposed theoretical framework for cryptocurrency lending is inspired by

dollarization literature and takes the lending mechanism of cryptocurrencies in DeFi

systems into account. DeFi systems facilitate cryptocurrency lending by operating liq-

uidity pools in which individuals can deposit cryptocurrency assets and from which

individuals can borrow these assets. Individuals only interact with liquidity pools and

not directly with each other. Individuals placing cryptocurrency assets in liquidity pools

are called depositors. Depositors are not directly involved in lending, but they provide

the liquidity needed to offer loans. Individuals taking out cryptocurrency loans are

called borrowers.
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The economic model treats depositing and borrowing as separate transactions.

The model for depositing regards depositors as price-takers choosing between fiat cur-

rency and cryptocurrency deposits. This model is based on Levy (1981) as well as on

Ize and Yeyati (2003). The model for borrowing considers borrowers as individuals

optimizing their balance sheet consisting of assets and loans depending on capital and

collateralization constraints as well as on current market prices. Ize and Yeyati (2003),

McBrady and Schill (2007), and Basso et. al. (2011) serve as examples for the borrow-

ing model. Both models use portfolio theory concepts.

Model for Depositing and Simulation of Model Predictions

Depositors optimize their short-term liquidity needs (l) by placing some of their

assets into interest-bearing accounts. In this simple one-period model, inspired by Levy

(1981) as well as Ize and Yeyati (2003), depositors can hold a combination of fiat cur-

rency deposits (d f ) at traditional banks and cryptocurrency deposits (dc) at DeFi sys-

tems. The holding period begins the day after the funds were deposited (t0) and includes

the day the funds were withdrawn (t1). Traditional banks offer a deposit rate equivalent

to the risk-free rate (r f ) set by the central bank. The rate on deposits at DeFi systems

(rcd) is determined by supply and demand. In addition to rcd , the value of dc in fiat

currency terms depends on the exchange rate (S). Depositors decide on the composition

of their deposits in t0 and earn a return (rd) in t1:

rd =
d f ,1 +

S1
S0

dc,1

d f ,0 +S0dc,0
−1 (1)

10



The total return on deposits is expressed in fiat currency terms. The equation can be

simplified by replacing d f ,0 with d f and d f ,1 with d f (1+ r f ). Likewise, dc,0 can be

replaced with dc and dc,1 with dc(1+ rcb). By further normalizing S0 to 1, rd can be

expressed as:

rd =
d f r f +dc(S1 +S1rcd −1)

d f +dc
(2)

It is further demanded that the sum of the deposits must equal the value of liquid as-

sets and it is assumed that all variables are non-negative. This prevents depositors from

shorting and rates from becoming negative. Negative deposit rates might prompt de-

positors to hold liquid assets in cash rather than in deposits. This expression can then

be simplified to:

rd = x f r f + xc(S1 +S1rcd −1) (3)

where x f is the share of liquid assets deposited in fiat currency, and xc is the share de-

posited in cryptocurrency. The first term on the right-hand side can be thought of as

the portion of return coming from fiat currency deposits. The second term is the return

contribution of cryptocurrency deposits.

It can be assumed that depositors are risk-averse, and their maximization prob-

lem can be represented by:

maxU(rd) = rd −
ad

2
Var(rd) (4)

s.t.: x f + xc = 1

x f , xc ≥ 0

ad > 0

ad reflects the risk aversion of depositors, while Var is the variance operator. Assuming

11



that r f is risk-free and has a volatility of zero, x f and xc can be obtained by using the

Lagrangian method to solve this optimization problem (see Appendix for details):

xc =
S1 +S1rcd − r f −1

ad(Var(S1)+Var(S1rcd)+2Cov(S1,S1rcd))
(5)

x f = 1−
S1 +S1rcd − r f −1

ad(Var(S1)+Var(S1rcd)+2Cov(S1,S1rcd))
(6)

Cov denotes the covariance operator. It can be seen that x f is simply 1− xc. The share

of fiat currency deposits increases with r f and the total variance associated with cryp-

tocurrency deposits (Var(S1) + Var(S1rcd) + 2Cov(S1,S1rcd)). x f decreases with S1 and

rcd . Conversely, depositors will hold more cryptocurrency deposits if they expect S1 or

rcd to increase. The higher the risk aversion (ad), the lower the share of cryptocurrency

deposits.

Drawing on exchange-rate and interest-rate data from popular cryptocurrencies,

such as Ether and Bitcoin, this model suggests that depositors are unlikely to hold the

majority of their deposits in cryptocurrency. Figure 1 provides a visualization of the

influence of key variables on the optimal share of cryptocurrency deposits. The graph

is based on a simulation and shows the share of cryptocurrency deposits as a func-

tion of the expected price appreciation (S1) and the expected penalty associated with

the volatility of cryptocurrency deposits (ad(Var(S1) + Var(S1rcd) + 2Cov(S1,S1rcd))).

The x-axis labels say low, medium, and high because the numeric value of the penalty

associated with the volatility of cryptocurrency deposits is difficult to interpret. The

medium value is based on daily return data for Ether. The high value is 70% higher than

the medium value, while the low value is 70% lower. An explanation for the choice of

parameters can be found in the chapter on data. Assuming an expected price apprecia-

12



tion of 25%, an ad of 2.4, a r f of 5%, and a rcd of 1.97%, the share of cryptocurrency

deposits of l will be about 22.9% based on daily return data for Ether.

Figure 1

Simulation of the Share of Cryptocurrency Deposits

low
medium

high
12.5%

25.0%
37.5%0

0.2

0.4

0.6

0.8

1

Expected Volatility Penalty Expected Appreciation

Sh
ar

e
of

C
ry

pt
oc

ur
re

nc
y

D
ep

os
its

In conclusion, stable coin deposits with minimal price volatility and deposit

rates comparable to r f would be a preferable alternative to fiat currency deposits. Highly

volatile cryptocurrencies would be an unlikely choice.

Model for Borrowing and Simulation of Model Predictions

Borrowers choose an ideal combination of funding sources for their investments

(I) depending on capital and collateralization constraints. Funding influences the lever-

aged rate of return (rb). Maximization of returns is a common approach in dollarization

models (Ize & Yeyati, 2003; McBrady & Schill, 2007; Basso et al., 2011). I generates

an unlevered return of ri. The initial capital (w) controlled by borrowers is given, and

borrowers can choose to borrow additional funds in fiat currency (b f ) or cryptocurrency

13



(bc) as long as they meet capital requirements. Including all costs, b f must not exceed

a specific multiple (k f ) of w. In addition to the risk-free rate (r f ), borrowers have to

compensate lenders for bearing credit risk (cs). If borrowers choose to combine b f with

bc, they need to hold cryptocurrency assets (c) to back bc. c serving as collateral is as-

sumed to be not-interest bearing, which is a standard practice with many DeFi systems.

bc must not exceed a specific fraction (kc) of w. The costs of borrowing cryptocurrency

is rcb. Like I, w, and b f , bc is denominated in fiat currency terms. It is assumed that

loans are either denominated in a stable coin or fiat currency. The exchange rate of c

is S. In this simple model, borrowers decide on investing and funding in t0 and earn a

(leveraged) rate of return (rb) in t1:

rb =
Iri + c(S1 −1)−b f (r f + cs)−bcrcb

I + c−b f −bc
(7)

For the sake of simplicity, S0 has been normalized to 1. Borrowers can choose I, b f , bc,

and c to influence rb, but they have to respect the capital requirements. In the style of

Bianchi (2011), the capital requirements are:

w ≥ 1
k f

b f (1+ r f + cs)+
1
kc

bc(1+ rcb) (8)

The given level of w restricts borrowing in general. The first term on the right-hand side

is the capital requirement for b f and the second term is the capital requirement for bc.

The latter term is the minimum value of c according to the collateralization requirement:

c ≥ 1
kc

bc(1+ rcb) (9)

14



The overcollateralization of bc implies that kc is strictly smaller than one and that the

choices of bc and c are interdependent. Furthermore, it is demanded that the sum of

assets (I + c) must equal the sum of liabilities (b f + bc + w) and it is assumed that all

variables are non-negative. Since the sum of assets must equal the sum of liabilities, w

equals the sum of assets minus the sum of loans, while rb can be expressed as:

rb =
Iri

w
+

c(S1 −1)
w

−
b f (r f + cs)

w
− bcrcb

w
(10)

or

rb = yiri + yc(S1 −1)− y f (r f + cs)− ycbrcb (11)

yi is the share of w spent on I, yc is the share of w held in cryptocurrency, and y f and

ycb are the proportions borrowed in fiat currency and cryptocurrency. The first term on

the right-hand side can be thought of as the leveraged return on I. The second term is

the return on cryptocurrency assets held (as collateral). The third term is the cost of

borrowing in fiat currency, and the last term is the cost of the cryptocurrency loan.

Three observations can be made at first glance from market data and literature on

mean-variance utility maximization. Firstly, it confirms the necessity of the capital con-

straints in (8). If borrowers have optimistic expectations, they will be tempted to lever-

age their investments excessively. The unconstrained optimization of mean–variance

utility can lead to excessive leverage (Jacobs & Levy, 2012; Markowitz, 2013). Sec-

ondly, borrowers would have no incentive to back cryptocurrency loans calling for the

collateral requirement in (9). As shown in Chapter IV, borrow rates on stable coins can

be lower than the effective federal funds rate. Taking advantage of the interest differ-

ential without providing collateral would be appealing, particularly for borrowers being
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charged high credit spreads on loans in fiat currency. Furthermore, holding cryptocur-

rency assets would introduce additional exchange rate volatility dominating potential

return and diversification benefits. Thirdly, although the collateralization requirement

is a limitation, borrowers are likely to provide more collateral than required when they

choose to take out a cryptocurrency loan. Additional collateral reduces the liquidation

risks (Aramonte et al., 2022). It can be inferred from this observation that the con-

straints in (8) and (9) are inequality conditions.

The maximization of returns for borrows incorporates these observations. As in

Markowitz (1956), the expected return can be further reduced to:

rb = r f + cs+ yi(ri − r f − cs)+ yc(S1 − r f − cs−1)− ycb(rcb − r f − cs) (12)

The expected return can be explained as the sum of four components. The first compo-

nent is traditional funding costs (r f and cs), which can be regarded as the threshold for

investments. The latter are the second and third components: the excess return on in-

vestments (rinvest = ri - r f - cs) and on cryptocurrency assets held as collateral (rcollateral

= S1 - r f - cs - 1) compensating borrowers for taking risks. The fourth component is the

implicit costs of cryptocurrency borrowing (rcloan = rcb - r f - cs). If rcb is smaller than

the sum of r f and cs, total funding costs will decline by taking out a cryptocurrency

loan. The expected return is:

rb = r f + cs+ yirinvest + ycrcollateral − ycbrcloan (13)
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Like depositors, borrowers are assumed to be risk-averse and to maximize their

expected mean-variance utility as in Markowitz (1952). Hence, their maximization

problem is:

maxU(rb) = rb −
ab

2
Var(rb) (14)

s.t.: 1 ≥ m f yi + m f yc + (mc −m f )ycb - m f where m f > 0 and mc > 1

yc ≥ mcycb

0 ≤ yi, y f , ycb, yc, ab, cs, r f , rcb, ri, S1

where:

m f = 1+r f+cs
k f

mc = 1+rcb
kc

The ideal weights for each component can be obtained by using the Lagrangian method

to solve this optimization problem. Since the feasible region is bounded by two inequal-

ity constraints and non-negativity constraints, Karush-Kuhn-Tucker conditions have

been applied to formalize this optimization problem (see Appendix for details). Op-

timal sets of variables satisfying the inequality and non-negativity constraints can be

expressed as:

y = Σ
−1

(
1
ab

r
)

(15)

In this matrix notation, y denotes a column vector with the weights of yi, yc, and ycb.

The column vector r represents rinvest , rcollateral , and rcloan. The square matrix Σ is the

covariance matrix of all returns. The solution above is valid for sets of variables sat-

isfying the two inequality and the non-negativity constraints. Non-linear programming

techniques have to be applied for other sets. This solution with four different compo-

nents is regarded as the general case.
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A second simulation illustrates the ideal weights for different return expecta-

tions. The horizontal axis describes the expected price appreciation of the cryptocur-

rency held as collateral. All other independent variables are held constant. The simula-

tion can be below:

Figure 2

Simulation of Weights Depending on Price Expectations (General Case)
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According to this simulation, cryptocurrency borrowing does not strictly in-

crease with the expected price appreciation of cryptocurrencies. This simulation demon-

strates that borrowers will prioritize the investment and borrow in fiat currency if they

expect muted returns on cryptocurrencies. If they have more optimistic return expec-

tations, borrowers will shift from the investment to cryptocurrencies and from fiat cur-

rency to cryptocurrency borrowing. The shift will be more pronounced if borrowers

assume that the volatility of cryptocurrencies will be low. If borrowers have highly

optimistic expectations, however, they will hold cryptocurrencies and borrow in fiat

currency. Although the simulation assumes that the interest on cryptocurrency loans is
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lower than the interest on fiat currency loans, fiat currency loans become the preferred

choice because they allow borrowers to increase their leverage.

Ether is assumed to be the collateral asset in this simulation. The volatility of

the collateral asset is based on the current variance of daily Ether returns. rcollateral

depends on multiple components, but only S1 has been changed in this simulation. All

other components of rcollateral were held constant. Overall, ab is assumed to be 2.4, r f

to be 5%, cs to be 0.7%, ri to be 8.4%, and rcb to be 3.84%. The absolute value of rcb

and its volatility are based on observed USD Coin (USDC) rates at Aave V3. A detailed

explanation of the choice of parameters appears in the next chapter.

An alternative case is presented below to account for situations in which cryp-

tocurrencies are the sole asset. When the risk-return expectations for cryptocurrencies

are much more favorable than expectations for the investment, the model would suggest

shorting the latter. Moreover, some borrowers might only consider investing in cryp-

tocurrencies. Conversely, cases in which the investment is the sole asset are less relevant

for this analysis because the collateralization requirement would not allow borrowing

cryptocurrencies in these cases. Without yi, the capital requirement reduces to:

m f yc +(mc −m f )ycb −m f ≤ 1 (16)

The collateralization requirement does not change. In this alternative solution, optimal

sets of variables satisfying the capital requirement and the collateralization requirement
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and non-negativity constraints can be written as follows (see Appendix for details):

yc =
Var(rcloan)rcollateral +Cov(rcollateral,rcloan)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2 (17)

ycb =
Cov(rcollateral,rcloan)rcollateral +Var(rcollateral)rcloan

ab (Cov(rcollateral,rcloan))
2 −abVar(rcollateral)Var(rcloan)

(18)

y f =
Var(rcloan)rcollateral +Cov(rcollateral,rcloan)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2

− Cov(rcollateral,rcloan)rcollateral +Var(rcollateral)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2 −1

(19)

The latter equation could be expressed as y f = yc − ycb −1. This solution is valid only

for sets of variables satisfying the two inequality and non-negativity constraints of the

optimization problem. Non-linear programming techniques have to be applied for other

sets.

A simulation portrays the alternative case. This simulation shows the optimal

weights of yc, ycb, and y f depending on the expected price appreciation of the cryp-

tocurrency held as collateral (S1). Like the previous simulation, this simulation of the

alternative case demonstrates that cryptocurrency borrowing does not strictly increase

with price expectations. According to this simulation, borrowers will not use loans to

leverage their cryptocurrency holdings when they have moderate price expectations.

They will only hold cryptocurrency assets then. When price expectations become more

optimistic, borrowers will pledge their holdings to take out cryptocurrency loans. The

volatility forecast influences this decision. Borrowers expecting low levels of volatility

will leverage their holdings sooner than borrowers expecting high levels of volatility. In

general, this leverage allows borrowers to participate in the expected market rally. Bor-

rowers might even choose a comparably expensive fiat currency loan to increase their

leverage further when price expectations are overly optimistic. The same parameters
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have been used for this and the previous simulation. All other independent variables

were held constant when the effect of price expectations on weights have been simu-

lated. The simulation can be found below:

Figure 3

Simulation of Weights Depending on Price Expectations (Alternative Case)
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Model of DeFi Systems

DeFi systems match cryptocurrency depositors and borrowers with interest-rate

rules to set the prices of loans and deposits (Aave, 2023a; Compound 2023a). The

illustration below explains this price-setting mechanism because it is of economic im-

portance, although interest-rate rules are not directly part of this model.

Prices of loans and deposits depend on supply and demand subject to rules mit-

igating liquidity risks. In general, DeFi systems try to maintain excess liquidity in their

pools in order to absorb deposit outflows and loan liquidations. Excess liquidity can be

inferred from the utilization rate (U), which is the ratio of loans to deposits in a liquidity
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pool. The target utilization rate (Uoptimal) is less than one so that excess liquidity re-

mains available. rcb typically increases moderately with U until U reaches Uoptimal . rcb

increases sharply from this point on to encourage depositing and discourage borrowing.

In this simple example, the price setting mechanism for rcb is:

rcb =
1

100
1−U

∀ U ∈ R | 0 < U < 1 (20)

In this example, rcb is close to one percent when the utilization rate is low. The rate

increases moderately at first, but rcb increases sharply as U approaches one.

Interest payments are distributed to all depositors to compensate them for pro-

viding capital. Since borrowers borrow from a pool and not from individual depositors,

interest payments are being shared among depositors contributing to the liquidity pool.

Therefore, rcd also depends on U and is given by:

rcd = rcbU(1−R) (21)

R denotes the reserve factor of the DeFi system. DeFi systems keep reserves to offset

loan losses.
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Chapter IV.

Data

This chapter describes the data sources and provides some background infor-

mation that will be useful for the empirical analysis. The Ethereum blockchain is in-

troduced briefly. This introduction is focused on a description of transactional data

and transaction logs on the Ethereum blockchain. This information is highly relevant

for the empirical analysis. This part is followed by a discussion of the extraction of

transactional data. The full set of cryptocurrency-related data is then presented. This

presentation also brings the limitations of this data source and some surprising observa-

tions to the attention of the reader. A short summary of additional data is the final part

of this chapter.

Ethereum Blockchain and Transactions

The Ethereum blockchain is the data source for cryptocurrency-related informa-

tion. Ethereum became the dominant blockchain hosting lending protocols because it

supports blockchain-based smart contracts efficiently (Hegedűs, 2018; Qin et al., 2021).

Smart contracts and other programs stored on the Ethereum blockchain enable auto-

mated services (Buterin, 2014). DeFi systems, for example, implement liquidity pools

and lending protocols with smart contracts. Individuals controlling so-called externally-
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owned accounts (EOAs) can interact with contract accounts (CAs) of liquidity pools of

DeFi systems. The behavior of CAs solely depends on the code of the corresponding

smart contract. The code of CAs is public (Buterin, 2014).

The public availability of the code of CAs and of all transactions allows for an

empirical analysis of cryptocurrency lending. Ethereum transactions are actions initi-

ated by EOAs. These transactions are stored on the blockchain and contain information

such as sender, recipient, value, and other data. The latter can reveal how EOAs intend

to interact with their counterparties. If an EOA intends to interact with a CA, this piece

of information will indicate what part of the code, like depositing or withdrawing, the

EOA called. In general, the sender and recipient of a transaction are accounts, which

can be identified by their addresses (Buterin, 2014). Since the addresses of CAs con-

trolled by DeFi systems are known, information about transactions between EOAs and

CAs of DeFi systems can be collected. These transactions are interactions between po-

tential depositors and borrowers on the one side, and a DeFi system on the other side.

In conclusion, the Ethereum blockchain stores all transactions between EOAs and DeFi

systems including the amount of cryptocurrency involved, the time, and the type (i.e.

deposit, withdrawal, borrowing, or repayment). An example can be found below:

Table 1

Example Transaction of an EOA with the Aave Liquidity Pool V3

This table lists selected information from the example transaction with the hash
0x4315ab29b40bec0c5f41112a263f74bcb7d63bc3998f4a1fd518bc520cfe864b
Data Field Value
functionName supply
from 0xc5ec4153f98729f4eaf61013b54b704eb282ecf4
to 0x87870bca3f3fd6335c3f4ce8392d69350b4fa4e2
asset (input) 0x2260FAC5E5542a773Aa44fBCfeDf7C193bc2C599
amount (input) 0000000000000000000000000000000002c99558
timeStamp 1688283431

Note. This information has been collected with Etherscan.io.
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In this example, an EOA deposited 0.467654 wrapped Bitcoin (WBTC) at Aave

on July 2, 2023. The deposit rate was 0.31%. The function to deposit cryptocurrencies

with the Aave Liquidity Pool V3 is called supply. The date can be inferred from the

timeStamp. The EOA is anonymous but its address can be found in the f rom data field.

The recipient (to data field) is a liquidity pool operated by Aave. The EOA called the

supply function of the liquidity pool and entered the address of the asset and the amount

as a hexadecimal number in the input field of this function. The asset with this specific

address is WBTC, and the equivalent decimal value of this hexadecimal number is

0.467654. The hash of this transaction identifies it uniquely (see Appendix for details).

In general, transactions follow the same protocol on the Ethereum blockchain (Buterin,

2014). The structure of transactions between EOAs and other pools is the same.

It is possible to gather additional information, such as deposit and borrow rates,

from transaction logs. A transaction log is a collection of events related to a specific

transactions (Ethereum Foundation, 2023). The aforementioned deposit rate can be

found in the transaction log (see Appendix for details). Transactions with liquidity

pools can affect their reserves. Changes in their reserves will be reflected in interest

rates. Most DeFi systems document these changes as events in the transaction log, but

what DeFi systems document varies substantially and depends on the implementation

of the CA of their liquidity pools.

Deposit and borrow rates can be retrieved directly from log data of transactions

with Aave V3 and V2 liquidity pools. Only borrow rates can be inferred from log data

of transactions with Compound V2 liquidity pools, whereas deposit rates have to be

estimated by subtracting a fixed spread from borrow rates. The interest rate models

of the Compound V2 liquidity pools changed multiple times, and trying to replicating
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these models may have led to inaccurate estimates. Both deposit and borrow rates

have to be estimated for transactions with Compound V3. Estimates for Compound V3

involved several computations and a replication of its interest rate model. The table

below discloses how interest rates were collected from transaction logs:

Table 2

Retrieval of Interest Rates from Log Data

This table discloses how interest rates were inferred from log data
Rate Aave V3 Aave V2 Compound V3 Compound V2a

deposit

liquidityRate
of the Reserve-
DataUpdated
event

liquidityRate
of the Reserve-
DataUpdated
event

Estimated based
on flows and in-
terest rate mod-
els

Estimated based
on borrow rate
and fixed spread
of 0.4%

borrow

variableBorrow-
Rate of the Re-
serveDataUp-
dated event

variableBorrow-
Rate of the Re-
serveDataUp-
dated event

Estimated based
on flows and in-
terest rate mod-
els

Inferred from
borrowIndices
of AccrueInter-
est events

Note. This information is based on Etherscan.io.
a Compound (2023b) explains the calculation of interest rates for V2.

Blockchain Data Extraction

Data was extracted from the Ethereum blockchain to analyze the economic

motivation of interactions with DeFi systems. As in Aramonte et al. (2022), the

DeFi systems Aave, Compound, and MakerDao have been considered as sources for

cryptocurrency-related data. Processes vary between these DeFi systems, and these

nuances are relevant for the empirical analysis. Despite its size and popularity, Mak-

erDao has not been included in this analysis. The design of this DeFi system is not

compatible with the economic model in two key aspects related to the mechanism of

the DAI stable coin. Firstly, individuals pay interest on their deposits and not on their

loans. The MakerDao system allows individuals to deposit collateral assets in return

for DAI stable coins (MakerDao, 2017). The system is designed to fix the value of
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the DAI stable coin to $1. Each DAI stable coin is backed by cryptocurrency assets

worth more than $1 to guaranty the fixed exchange rate. MakerDao allows individuals

to borrow DAI against collateral assets and charges so-called stability fees on collat-

eral assets. The loan in DAI is interest-free, but DAI can be deposited in MakerDao

or other DeFi systems. Secondly, the governing body of MakerDao sets interest rates.

Interest rates are a policy tool to maintain the parity exchange rate of the DAI stable

coin to the U.S. dollar (MakerDao, 2017). Interest rates are not determined by de-

mand and supply for liquidity. Hence, the variance of interest rates at MakerDao is

negligible. According to the economic model, interest-free loans in a stable coin with

a fixed exchange rate would reduce the leveraged rate of return formula of borrowers

to rb = yiri + ycb((S1−1)/kc)− y f (r f + cs). The costs of the cryptocurrency loan would

drop out of the equation, and only the expected return on collateral assets would remain

relevant. The model could no longer be used to explain cryptocurrency borrowing.

Moreover, the model assumes positive deposit rates.

Consequently, the Aave and Compound DeFi systems were used in the empiri-

cal analysis. Both DeFi systems recently upgraded their protocols from version two to

version three. Including both versions of Aave and Compound allows for a time series

analysis over multiple years and different interest-rate regimes. Aave V2 and Com-

pound V2 are comparable. Compound V2 was introduced in the year 2019, and Aave

V2 was launched in the year 2020. Individuals can deposit selected cryptocurrency

assets at both liquidity pools in exchange for interest-bearing tokens wrapped around

the same underlying asset (Aave, 2023b; Compound, 2023b). While Compound issues

so-called cTokens, Aave issues aTokens. Depositors can withdraw their cryptocurrency

assets anytime by returning their interest-bearing tokens. The deposited cryptocurrency
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assets can serve as collateral for loans. Interest rates on deposits and loans are a func-

tion of supply and demand in both cases. Rates are typically variable, but fixed-rate

loans are also available. Aave V2 and Compound V2 are both still operational.

Whereas previous versions were similar, Aave and Compound moved into dif-

ferent directions with their upgrades. Compound V3, introduced in the year 2022, is

available for the USDC and ETH base assets. Compound V3 maintains two separate

liquidity pools for the two base assets. The two base assets can be borrowed from

their liquidity pool, if sufficient collateral assets have been deposited. Only deposited

base assets, however, earn interest. Other collateral assets can still back loans. The

introduction of base assets is supposed to protect the liquidity pools from faultily cryp-

tocurrencies, like TerraUSD (UST). Only the USDC liquidity pool was included in the

analysis. As measured by transaction volumes, the launch of the ETH liquidity pool was

not successful. Aave V3 followed in the year 2023. Version three also introduced some

security as well as some efficiency features. These efficiency features reduce collateral

requirements for individuals borrowing assets against collateral with highly correlated

prices. The collateral requirements will be lower when individuals borrow one stable

coin against another, and requirements will be higher when both assets are uncorrelated.

The extraction of Ethereum blockchain data is powered by Etherscan.io appli-

cation program interfaces (APIs). Etherscan is a data gathering and retrieval system

specifically designed for the Ethereum blockchain (Etherscan, 2023a). Etherscan.io

APIs enable developers to retrieve large sets of data electronically (Etherscan, 2023b).

The data sets were processed and analyzed with an application implemented in Python.

This application was used to extract, organize, and aggregate transactions of EOAs with

CAs of liquidity pools of DeFi systems. Erroneous transactions, flash loans, and fixed-
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rate loans have been excluded. The small number of fixed-rate loans typically has much

higher rates than variable loans, and including these loans would have skewed average

borrow rates up. Flash loans are predominantly motivated by arbitrage trading. These

loans have to be repaid within one arbitrage trade. The complete set of transactional

data can be found below:

Table 3

Descriptive Statistics of Transactional Data with Selected DeFi Systems (Functions)

Aggregation of transactions grouped according to functions
Functiona Aave V3 Aave V2 Compound V3b,c Compound V2 Total
deposit 11,898 215,622 5,320 452,035 684,875
withdraw 6,892 129,222 2,266 244,608 382,988
borrow 12,835 179,909 3,685 144,941 341,370
repay 5,208 94,573 1,474 91,042 192,297
others 5,255 52,799 7,146 56,281 121,481
Total 42,088 672,125 19,891 988,907 1,723,011

Note. This information has been collected with Etherscan.io.
a The names of functions have been standardized (see Appendix for details).
b Compound V3 refers to its USDC liquidity pool only.
c The functions for depositing and replaying are the same in Compound V3. The
c functions for withdrawing and borrowing are also the same. All transactions have
c been categorized into the four types for this pool in order to understand their
c economic motivation.

Table 3 summarizes the complete set of observed transactions, which were

executed between May 2019 and July 2023. The total number of transactions was

1,723,011. Transactions have been grouped according to functions. The functions bor-

row, deposit, withdraw, and repay are relevant to the model of cryptocurrency lend-

ing. In total, 684,875 times EOAs deposited cryptocurrencies, and 382,988 times de-

posits were withdrawn again. A total of 341,370 transactions represented borrowing

arrangements between EOAs and liquidity pools. A total of 192,297 repayments were

observed. The category others include transactions such as liquidation calls, setting

changes, approvals, or transfers. Technically, these actions are recorded as transactions
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on the Ethereum blockchain, but they are not necessarily economically relevant. Table 4

provides an overview of the complete set of observed transactions grouped according to

cryptocurrencies. Cryptocurrencies are important because deposit and borrow rates as

well as exchange rates are cryptocurrency-specific. Derivatives of the same underlying

cryptocurrency were aggregated.

Table 4

Descriptive Statistics of Transactional Data with Selected DeFi Systems (Currencies)

Aggregation of transactions grouped according to cryptocurrencies
Currency Aave V3 Aave V2 Compound V3a Compound V2 Total
USDC 13,661 198,274 9,743 430,047 651,725
DAI 3,574 58,760 0 191,773 254,107
USDT 7,047 85,806 0 95,193 188,046
WETH 1,486 6,096 1 97,248 104,831
WBTC 4,079 45,151 1,125 53,793 104,148
others 6,986 225,239 1,876 64,572 298,673
Total 36,833 619,326 12,745 932,626 1,601,530

Note. This information has been collected with Etherscan.io.
a Compound V3 refers to its USDC liquidity pool only.

The overview above is focused on major cryptocurrencies. Transactions were

settled in more than 40 different underlying cryptocurrencies. The concentration on es-

tablished stable coins, such as USDC, Tether (USDT), and DAI, was high across DeFi

systems. Overall, more than two-thirds of all observed transactions were executed in

these three stable coins. This share even reached almost 77% at Compound V2. The

share of the five most-frequently used cryptocurrencies was about 81% across DeFi sys-

tems. More than 30 cryptocurrencies accounted for about 1% or less of all transactions

each. DeFi systems discontinued their services for some of these cryptocurrencies. A

small number of transactions involved failed cryptocurrencies, like TerraUSD (UST).

Many transactions not related to depositing, borrowing, withdrawing, or repaying, such

as setting changes, often do not involve cryptocurrencies. Consequently, the number of
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transactions involving cryptocurrencies is lower than the total number of transactions.

Cryptocurrency Data

This part presents economically relevant cryptocurrency-related data used in the

empirical analysis. The large number of different cryptocurrencies in the data set neces-

sitates focusing the analysis on selected cryptocurrencies. Some cryptocurrencies have

not been accepted by all DeFi systems, some have only been popular for a short period

of time, and some have even failed. Therefore, economically relevant data is only be-

ing presented for USDC, DAI, USDT, WBTC, and wrapped Ether (WETH). These five

cryptocurrencies account for more than 80% of all observed transactions and have been

used widely across DeFi systems. Moreover, transactions in these cryptocurrencies are

available for the whole observation period.

Table 5 provides an aggregation of the total value of transactions in the sta-

ble coins USDC, DAI, and USDT in order to quantify the economic significance of

the observed transactions executed between May 2019 and July 2023. Values in cryp-

tocurrency terms are expressed in billions. Again, derivatives of the same underlying

cryptocurrency were aggregated. Since these stable coins target a fixed exchange rate

to the U.S. dollar, the value of these cryptocurrency transactions can be interpreted eas-

ily. USDC did account for the most transactions. The total value of all USDC deposits

amounted to USDC 54.1 billion, and USDC 52.2 billion were withdrawn. Overall,

USDC 39.0 billion were borrowed, and USDC 37.1 billion were return again. This

aggregation also implies that the average value of transactions varied between DeFi

systems. Compound V2 saw the greatest number of USDC transactions, but the total

value of USDC transactions at Aave V2 exceeded that at Compound V2. On average,
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EOAs deposited USDC 695,199 at Aave V2 and USDC 80,709 at Compound V2. The

value of individual transactions ranged between USDC 600 million to below one cent.

The largest transactions on record occurred at Aave V2 in 2021.

Table 5

Descriptive Statistics of transactions in Stable Coins in Selected DeFi Systems

Aggregation of the total value of cryptocurrency transactions in billions
Functiona Aave V3 Aave V2 Compound V3b,c Compound V2 Total
Cryptocurrency: USDC

deposit 1.1 28.8 1.0 23.2 54.1
withdraw 0.9 27.7 0.8 22.8 52.2
borrow 0.4 19.0 0.3 19.3 39.0
repay 0.3 17.9 0.1 18.9 37.1

Cryptocurrency: DAI
deposit 0.2 3.8 14.9 18.9
withdraw 0.2 3.7 14.6 18.5
borrow 0.1 3.6 15.6 19.4
repay 0.1 3.3 14.8 18.2

Cryptocurrency: USDT
deposit 0.5 12.3 8.8 21.6
withdraw 0.4 11.7 8.6 20.8
borrow 0.4 15.7 8.8 24.9
repay 0.3 14.8 8.0 23.2

Note. This information has been collected with Etherscan.io. The number of
observations varied between DeFi systems and cryptocurrencies:
Aave V3 (USDC 13,661, DAI 3,574, USDT 7,047, WETH 1,486, and
WBTC 4,079), Aave V2 (USDC 198,274, DAI 58,760, USDT 85,806,
WETH 6,096, and WBTC 45,151), Compound V3 (USDC 9,743),
and Compound V2 (USDC 430,047, DAI 191,773, USDT 95,193,
WETH 97,248, and WBTC 53,793).
a The names of functions have been standardized (see Appendix for details).
b Compound V3 refers to its USDC liquidity pool only.
c The functions for depositing and replaying are the same in Compound V3. The
c functions for withdrawing and borrowing are also the same. All transactions have
c been categorized into the four types for this pool in order to understand their
c economic motivation.

Table 6 reveals the aggregated value of WETH and WBTC transactions in thou-

sands. The value of transactions is expressed in cryptocurrency terms. The number of

transactions and the value of transactions recorded between May 2019 and July 2023
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are material:

Table 6

Descriptive Statistics of Transactions in WETH and WBTC at Selected DeFi Systems

Aggregation of the total value of cryptocurrency transactions in thousands
Functiona Aave V3 Aave V2 Compound V3b Compound V2 Total
Cryptocurrency: WETH

deposit 60.6 566.9 627.5
withdraw 48.7 456.3 505.0
borrow 21.9 177.3 199.2
repay 10.5 142.1 152.6

Cryptocurrency: WBTC
deposit 14.4 374.6 342.3 731.3
withdraw 8.9 338.8 336.3 684.0
borrow 5.3 59.6 59.8 124.6
repay 4.4 54.6 50.6 109.5

Note. This information has been collected with Etherscan.io. The number of
observations varied between DeFi systems and cryptocurrencies:
Aave V3 (USDC 13,661, DAI 3,574, USDT 7,047, WETH 1,486, and
WBTC 4,079), Aave V2 (USDC 198,274, DAI 58,760, USDT 85,806,
WETH 6,096, and WBTC 45,151), Compound V3 (USDC 9,743),
and Compound V2 (USDC 430,047, DAI 191,773, USDT 95,193,
WETH 97,248, and WBTC 53,793).
a The names of functions have been standardized (see Appendix for details).
b Compound V3 refers to its USDC liquidity pool only.

Across DeFi systems, more than WBTC 731 thousand and more than WETH

627 thousand were deposited. Based on daily closing prices, the total value of WBTC

deposits was approximately $22.9 billion, while the value of WETH deposits was about

$1.1 billion. More than 80% were pulled out again. In total, about WBTC 125 thou-

sand and WETH 199 thousand were borrowed. The total value of WBTC loans was

approximately $3.2 billion. The equivalent value of WETH loans was about $0.1 bil-

lion. While the economic model covers depositing in volatile cryptocurrencies such as

WBTC or WETH, it does assume borrowing in stable coins. Transactions for borrow-

ing and repayments in WBTC and WETH were included for the sake of completeness.
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Similar to the stable coin case, transaction values were higher at Aave V2, although

the number of transactions was higher at Compound V2. As measured by transaction

values, EOAs seem to be more likely to borrow in stable coins. The value of deposits

in WBTC and WETH far exceeds the value of loans in these volatile cryptocurrencies.

This observation is consistent with a key assumptions of the model.

Like transaction values, interest rates are economically relevant and used in the

model. Interest rates typically change constantly as most transactions influence the liq-

uidity (or utilization rate) of pools which is part of their interest rate models. Depositing

and repaying improve the liquidity position of pools and push rates down. Withdraw-

ing and borrowing weakens the liquidity position of pools and lifts rates up. Average

borrow and deposit rates were computed for each cryptocurrency and pool per day.

Table 7

Descriptive Statistics of Interest Rates at Aave V3

Borrow and deposit rates in percentage.
minimum 5% percentile average 95% percentile maximum

Cryptocurrency: USDC
Deposit 0.4 1.3 2.5 3.1 27.5
Borrow 1.5 2.5 3.5 3.9 24.0

Cryptocurrency: DAI
Deposit 0.3 0.7 2.3 6.4 14.8
Borrow 1.3 1.9 3.4 6.6 16.2

Cryptocurrency: USDT
Deposit 0.7 1.5 3.7 9.6 50.5
Borrow 1.6 2.9 5.1 14.9 57.6

Cryptocurrency: WETH
Deposit 0.2 1.4 1.9 2.5 3.1
Borrow 2.3 3.1 3.7 4.3 4.6

Cryptocurrency: WBTC
Deposit 0.0 0.0 0.2 0.7 0.9
Borrow 0.6 0.7 1.6 2.8 7.3

Note. This information has been collected with Etherscan.io. The number of
observations varied between cryptocurrencies: USDC 13,661, DAI 3,574,
USDT 7,047, WETH 1,486, and WBTC 4,079.
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The statistics shown in Table 7 are based on interest rates retrieved directly

from log data of transactions with Aave V3. The data set contains transactions recorded

between January 2023 and July 2023. The table is broken down into cryptocurrencies.

Interest rates can be differentiated in terms of deposit and borrow rates. Average rates

on stable coins tended to be higher than rates on WETH and WBTC. Moreover, rates

on WETH and WBTC fluctuated less widely, while rates on stable coins climbed into

the double digits on some days. Table 8 provides the same statistics for Aave V2.

Table 8

Descriptive Statistics of Interest Rates at Aave V2

Borrow and deposit rates in percentage.
minimum 5% percentile average 95% percentile maximum

Cryptocurrency: USDC
Deposit 0.2 0.5 3.5 10.4 28.0
Borrow 0.9 1.5 4.9 15.3 49.1

Cryptocurrency: DAI
Deposit 1.1 2.1 4.8 7.9 12.5
Borrow 1.8 3.3 6.3 10.9 32.7

Cryptocurrency: USDT
Deposit 0.8 1.3 4.6 13.4 53.1
Borrow 1.9 2.3 6.3 21.0 62.7

Cryptocurrency: WETH
Deposit 0.2 0.4 1.5 2.3 37.1
Borrow 0.3 1.4 3.2 4.1 40.2

Cryptocurrency: WBTC
Deposit 0.0 0.0 0.1 0.2 0.5
Borrow 0.2 0.3 0.8 1.7 2.9

Note. This information has been collected with Etherscan.io. The number of
observations varied between cryptocurrencies: USDC 198,274, DAI 58,760,
USDT 85,806, WETH 6,096, and WBTC 45,151.

These statistics of interest rates at Aave V2 were calculated with data collected

from the inception of these liquidity pools until July 2023. While interest rate data for

USDC, DAI, USDT, and WBTC was available since December 2020, data for WETH

was not available before March 2022. The interest rates used in the computation of
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these statistics were retrieved directly from log data of transactions with Aave V2. On

average, interest rates on stable coins were higher and more volatile than interest rates

on WETH and WBTC. The daily average reached the double-digit percentage range in

the case of WETH, but the 95% percentile shows that daily averages mostly remained

in the low-single digits.

Table 9 summarizes descriptive statistics of interest rates at Compound V3.

Only the USDC liquidity pool of Compound V3 was considered.

Table 9

Descriptive Statistics of Interest Rates at Compound V3a

Borrow and deposit rates in percentage.
minimum 5% percentile average 95% percentile maximum

Cryptocurrency: USDC
Deposit 0.8 1.1 1.7 2.7 5.3
Borrow 1.7 1.8 2.3 3.3 5.4

Note. This information has been collected with Etherscan.io. The number of
observations: 9,743.
a Compound V3 refers to its USDC liquidity pool only.

These statistics are based on transactions executed between September 2022

and July 2023. The realized interest rates had to be estimated for each transaction by

tracking the liquidity position and replicating the interest rate model of Compound V3.

The estimated interest rates ranged between 0.8% and 5.4%. The difference between

5% and 95% percentiles of about 1.5% was comparatively narrow.

Table 10 shows descriptive statistics of interest rates at Compound V2. Data was

available for USDC from May 2019 onwards. WETH followed in June 2019, WBTC

in July 2019, DAI in November 2019, and USDT in May 2020. The liquidity of some

pools dried up before July 2023. DAI and WETH data was available up until July

2022 and WBTC data up until May 2021. The different observation periods complicate
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a comparison of interest rates between cryptocurrencies. The interest rates used in

the computation of these statistics were inferred from borrow indices collected from

transaction logs (Compound , 2023b).

Table 10

Descriptive Statistics of Interest Rates at Compound V2

Borrow and deposit rates in percentage.
minimum 5% percentile average 95% percentile maximum

Cryptocurrency: USDC
Deposit 0.0 5.2 7.4 9.6 18.2
Borrow 0.3 5.6 7.8 10.0 18.6

Cryptocurrency: DAI
Deposit 0.1 1.3 5.1 11.2 19.9
Borrow 0.5 1.7 5.5 11.6 20.3

Cryptocurrency: USDT
Deposit 0.4 2.7 5.7 14.7 30.9
Borrow 0.8 3.1 6.1 15.1 31.3

Cryptocurrency: WETH
Deposit 0.8 0.9 1.3 1.8 2.4
Borrow 1.3 2.5 3.0 3.6 4.2

Cryptocurrency: WBTC
Deposit 1.9 2.3 5.2 9.0 26.5
Borrow 2.3 2.7 5.6 9.4 26.9

Note. This information has been collected with Etherscan.io. The number of
observations varied between cryptocurrencies: USDC 430,047, DAI 191,773,
USDT 95,193, WETH 97,248, and WBTC 53,793.

Tables 7 to 10 also bring extreme maxima to light. The highest daily average

was 62.7%. The maximum deposit rate on USDC offered by Aave V3 has higher than

the maximum borrow rate. The absolute level of the maximum deposit and borrow rate

exceeded 20% in this case. More information on this time series is provided below.
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Analysis of Trends in USDC Rates and Flows at Aave V3

In this part, Aave V3 serves as an example to elaborate on USDC rates and

flows over time in order to explain some surprising observations. Table 11 summarizes

USDC transactions between EOAs and Aave V3 as well as USDC rates at Aave V3.

It displays 13,661 USDC transactions between EOAs and Aave V3. In total, close

to USDC 1,070 million were deposited with an average rate of 2.51%. The average

amount was about USDC 0.3 million, and 3,515 deposits were observed. About USDC

919 million were withdrawn again. Withdrawals were recorded on 2,317 occasions.

Almost USDC 428 million were borrowed from the liquidity pool. The average loan

amount was about USDC 76,371, and 5,600 loans were taken out. The average rate

was 3.49% on these loans. Over 2,229 different transactions, approximately USDC 258

million, were returned to the liquidity pool. On average, the repayment and borrowing

amounts were much lower than the amounts of deposits and withdrawals.

Table 11

Descriptive Statistics of USDC Transactions with the Aave Liquidity Pool V3

This aggregation of transactions (n = 13,661) is split between functions and rates
Function Total Value (in USDC) Average (in USDC) Count
deposit 1,069,712,807 304,328 3,515
borrow 427,674,892 76,371 5,600
withdraw 918,583,673 396,454 2,317
repay 257,812,226 115,662 2,229

Rate Minimum Average Maximum
deposit 0.44% 2.51% 27.51%
borrow 1.49% 3.49% 23.98%

Note. This information has been collected with Etherscan.io.

The range between minimum and maximum rates was wide in both cases. Av-

erage deposit and borrow rates were computed for each day. Daily rates are based
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on realized rates on each day. Minimum and maximum rates refer to these daily av-

erages. Intraday rates fluctuated even more extremely, but the time series shows that

rates mostly hovered around their averages. The spread between deposit and borrow

rates averaged 0.98%. Figure 4 depicts daily deposit and borrow rates at Aave V3 since

inception up until July 31, 2023. The first observation dates back to January 27, 2023.

Figure 4

USDC Rates at Aave V3
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The figure above shows that maxima and minima were only reached during tem-

porary market dislocations. The highest realized deposit rate was observed on July 30,

2023. The deposit rate surged from 2.7% to 56.5% and fell back to 35.7% on that day.

The average was 25.7% on July 30. The maximum borrow rate was 63.0% on the same

day. Rates spiked because the Aave Liquidity Pool V3 saw large deposite outflows of

USDC 43.3 million. Withdrawals totaled USDC 46.9 million, whereas only USDC 3.7

million were deposited. Higher rates prompted borrowers to repay USDC 15.3 million.

Including new loans over USDC 6.2 million in total, the liquidity pool lost USDC 34.2

million in reserves. According to its price setting mechanism, a decline in reserves
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leads to an increase in deposit and borrow rates in order to encourage depositing and

to discourage borrowing. Another market dislocations occurred on July 13, when the

intraday deposit rate hit 30.8%. The intraday borrow rate reached 37.9% on high bor-

rowing activity. About USDC 23.4 million were borrowed from the Aave Liquidity

Pool V3 from July 11 to July 13, 2023. This increase in borrowing caused a decline

in reserves. Rates normalized when large amounts were deposited and repaid on July

14, 2023. Conversely, rates fell below 1% in mid-March. The Aave Liquidity Pool V3

recorded deposits of more than USDC 100 million between March 11 and March 13,

2023. This large inflow coincided with the collapse of Silicon Valley Bank. The price

of USDC fell to a record low on March 11 because some of its reserves were being

held at Silicon Valley Bank, which concerned market participants (Howcroft & Jaiswal,

2023). This large inflow led to excess liquidity in the pool pushing rates down. The

price setting mechanism is designed to discourage further depositing and to promote

borrowing when liquidity levels are high.

To visualize follows and to perform the empirical analysis, aggregates were de-

fined and calculated for every day. Net deposits are defined as the sum of deposits minus

the sum of withdrawals. Net borrowing is the difference between total borrowing and

repayments. A visualization of daily USDC flows at Aave Liquidity Pool V3 can be

found on the following page. Figure 5 shows daily USDC net flows at Aave V3 since

inception up until July 31, 2023. The aforementioned large decline in net deposits on

July 30, which caused a sharp increase in rates, stands out. Depositors withdrew USDC

46.9 million in total over 49 transactions throughout the day. 30 deposits totaling USDC

3.7 million could not offset this large outflow on July 30. The above-mentioned increase

in borrowing, which also led to an increase in rates, is less evident because transactions
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spanned over multiple days. Also, changes in daily borrowing are less obvious because

their average amounts are smaller than the size of average deposits. In contrast to this

event, significant net deposits in mid-March are striking. The liquidity pool recorded

633 deposits between March 11 and March 13, 2023. More than USD 100 million were

deposited on these days. With total deposits of USDC 68.2 million and net deposits of

USDC 33.5 million, March 11 was the day with the greatest inflow.

Figure 5

Daily USDC Net Flows at Aave V3
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This data set has some important limitations. As mentioned above, the com-

putation of deposit and borrow rates required estimates in some cases. Furthermore,

anonymity is a limitation. While the CAs of DeFi systems are known, personal infor-

mation about the holders of EOAs are not available. Account holders are anonymous

and might control one or multiple EOAs alone or together with other individuals. In

the context of lending, information about the creditworthiness or wealth of account

holders would have been particularly useful. Moreover, it is close to impossible to in-

fer the reasons for and the context of transactions from the data, especially because
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EOAs sometimes combine multiple transactions involving several DeFi systems and

cryptocurrencies (Gudgeon et al., 2020b).

Additional Data

Some additional data sources with economic relevance were used in the empiri-

cal analysis. Additional data sources related to the traditional economic system are the

U.S. Treasury bill rate, cs, ri, and r f . The effective federal funds rate is a proxy for the

latter (Federal Reserve, 2023a). The cs data for the analysis come from Global Finan-

cial Data (GFD) and are based on the Bank of America Merrill Lynch U.S. Corporate

1-3 Year Option-Adjusted Spread Index. Since cryptocurrency borrowing is typically

short-term, only the spreads on short-term corporate bonds were included in the analy-

sis. The model defines borrowing costs as r f plus cs for traditional loans. ri is based on

the aggregated Credit Suisse (CS) HOLT Cash Flow Return on Investments (CFROI)

for U.S. companies. The aggregated CFROI is the internal rate of return of all U.S.

companies in the HOLT database. The CFROI is an unlevered gauge of economic per-

formance (Credit Suisse HOLT, 2023).

Information about capital requirements (k f and kc) can be inferred from public

sources as well. Since Aramonte et al. (2022) noted that actual collateralization ratios

at DeFi systems ranged between > 300% and > 200%, kc was set at 0.4. This value

is equivalent to a collateralization ratio of 250%. Mandated collateralization ratios are

lower, but borrowers typically post more collateral to avoid liquidations (Aramonte et

al., 2022). The Financial Stability Report published in May 2023 implies that k f was

about 0.5 for large non-financial corporations. The gross leverage ratio - the ratio of

debt to assets - of large non-financial corporations of less than 35% is equivalent to a k f
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of about 0.5 (Federal Reserve, 2023b).

Finally, the two risk-aversion coefficients (ad and ab) were borrowed from Black

and Litterman (1991). An overview of all additional data sources can be found below:

Table 12

Descriptive Statistics of Additional Data Sources

Parameter Last Value Description
r f 5.3% Effective Federal Funds Rate (Federal Reserve, 2023a)
ri 8.4% U.S. Aggregate CFROI (CS HOLT, 2023)
cs 0.8% U.S. Corporate Credit Spread (GFD - BofA ML)
k f 0.5 Leverage Ratio of Large Corp. (Federal Reserve, 2023b)
kc 0.4 Actual Collateralization Ratios (Aramonte et al., 2022)
a 2.4 Risk-aversion Coefficient (Black and Litterman, 1991)
− 5.4% U.S. Treasury Bill Rate (GFD - S&P)

Note. The two risk-aversion coefficients are the same for depositors and borrowers.

The U.S. Treasury bill rate is not a parameter of the economic model. It is used

to model price expectations according to Moskowitz et al. (2012). The U.S. Treasury

bill rate is the yield on non-inflation-indexed Treasury securities with a maturity of one

year.
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Chapter V.

Model Assessment

This chapter describes the empirical tests of major predictions of the economic

model. Empirical tests assess the predicted levels of cryptocurrency depositing and

borrowing using the data set presented in Chapter IV. The introductory part of this

chapter outlines how the data set is used in the empirical analysis. The second part

presents the test design. The part following this derives three testable predictions from

the model which guide the empirical analysis.

Utilization of the Data Set in the Empirical Analysis

The data set described in Chapter IV is used to carry out empirical tests. To

summarize data for descriptive statistics and to perform empirical tests, daily aggre-

gates had to be computed for cryptocurrency deposit and borrow rates as well as for net

depositing and borrowing. Deposit and borrow rates are expressed as daily averages. As

explained in Chapter IV, this information is based on transactional data. The Ethereum

blockchain records these transactions as they occur, and their character and frequency

fully depends on EOAs. Therefore, the frequency of transactions varies over time and

across DeFi systems and cryptocurrencies. The daily aggregation ensures even spacing

of cryptocurrency-related time series. It also aligns cryptocurrency-related time series

with other time series, such as the effective federal funds rate or credit spreads, which
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are only available on a daily basis.

The data set contains realized rates and prices, but decision making is based on

expectations. These expectations have to be derived from the data set. A key assump-

tion is that recently realized rates and prices inform the decision-making processes of

depositors and borrowers. Assuming a short-term investment horizon of market par-

ticipants in the cryptocurrency space, current interest rates and credit spreads can be

treated as expected interest rates and credit spreads. Expected variances equal observed

variances in the empirical analysis.

Exchange rate expectations, however, require additional modelling. It is as-

sumed that depositors and borrowers expect the USDC, DAI, and USDT stable coins to

maintain their parity exchange rate to the U.S. dollar. The exchange rate parity implies

that the returns on these stable coins are zero and that their variances are negligible. The

observed average daily returns on USDC and DAI were 0.00% and 0.01% on USDT.

The implicit assumption is that returns are calculated in U.S. dollar terms. In the case of

WBTC and WETH, depositors and borrowers are assumed to form return expectations

based on momentum factors (Liu et al., 2019; Caporale & Plastun, 2020; Borgards,

2021). A simple gauge of momentum is the moving average of returns over short hori-

zons. Cutler et al. (1991), for example, find a positive serial correlation of excess

returns on exchange rates. An exponentially weighted moving average (EWMA) over

thirty days with an α of 0.3 was used in the empirical analysis. Liu et al. (2019) as

well as Caporale and Plastun (2020) documented momentum effects in cryptocurren-

cies over short horizons. The EWMA with an α of 0.3 gives more recent observations

greater weights. According to Moskowitz et al. (2012), a more sophisticated gauge

is time series-momentum (TSMOM). Moskowitz et al. (2012) document a significant
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positive predictability of the performance of currencies from their past returns. The

TSMOM effect is stronger for short lags up to one year and then partially reverses.

Borgards (2021) presented evidence supporting TSMOM in cryptocurrencies. Unlike

Moskowitz et al. (2012), TSMOM was computed with spot prices and not with future

prices because the time series of cryptocurrency futures were too short. The thirty-day

EWMA and TSMOM with a lag of one month were solely used to model return ex-

pectations. One should not infer from this modelling that EWMA or TSMOM exhibit

positive predictability of cryptocurrency returns.

Design of Empirical Tests

Time series regression models were used to assess the predictability of the eco-

nomic model. The time series regressions are focused on model predictions related to

cryptocurrency depositing and borrowing. Although the economic model does cover

fiat currency deposits and loans, the research question is centered on cryptocurrency

depositing and borrowing.

Time series regressions were carried out to test model predictions for cryptocur-

rency depositing and borrowing separately. Borrowing regressions were differentiated

between the general and the alternative case. The dependent variable was net borrow-

ing at DeFi systems in both cases. The sole independent variable was the optimal share

of cryptocurrency borrowing computed either according to the general or the alterna-

tive case. Likewise, time series regressions were performed to test whether the optimal

share of cryptocurrency depositing has a positive and statistically significant influence

on net deposits at DeFi systems. The sole independent variable was the optimal share

of cryptocurrency deposits in each regression. The dependent variable was the level of
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net deposits.

The t-statistics presented in Chapter VI indicate whether or not the independent

variables have a positive and statistically significant influence on dependent variables. A

t-statistic is positive when the corresponding coefficient is positive as well. Coefficients

and t-statistics have the same sign because the null hypothesis is the claim that this in-

fluence does not exist (β0 = 0). Whether or not the influence is statistically significant

cannot be directly inferred from the t-statistics. Therefore, t-statistics are highlighted

when the corresponding coefficient is statistically significant. The corresponding co-

efficients, however, are difficult to interpret and to compare across DeFi systems and

cryptocurrencies. Hence, result tables do not contain coefficients.

Testable Predictions

This formalization of testable predictions guides the empirical analysis. One

prediction is derived for each part of the model.

1. The optimal share of liquid assets deposited in cryptocurrency is expected to pos-

itively influence the level of net deposits at DeFi systems. Regressing net deposits

(ndsc
t ) at DeFi system s for each cryptocurrency c in month t on xsc

c,t−1 helps to

examine the predictability of the economic model:

ndsc
t = α +βxsc

c,t−1 + ε
sc
t (22)

sc is the unique combination of DeFi system s and cryptocurrency c. According

to the economic model, the coefficient (β ) should be positive and statistically

significant. The higher xsc
c,t−1, the higher the level of predicted cryptocurrency
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depositing in t.

2. The optimal share of cryptocurrency loans is anticipated to have a positive ef-

fect on the level of net borrowing at DeFi systems. In a regression setting, this

prediction can be captured using the following specification:

nbsc
t = α +βysc

cb,t−1 + ε
sc
t (23)

The term nbsc
t denotes net borrowing at DeFi system s in a specific cryptocurrency

c in month t. The values of ysc
cb,t−1 were calculated for each s and c as specified

by the economic model in the general case. Again, a positive and statistically

significant coefficient would confirm the model.

3. The testable prediction in the alternative case is equivalent to the testable predic-

tion in the general case. The only difference is the computation of ysc
cb,t−1.

In all three cases, the null hypothesis is that the coefficient possesses no statistical sig-

nificance. The t-statistics of the regressions presented in Chapter VI indicate whether

the null hypothesis can be rejected.
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Chapter VI.

Results

This chapter summarizes the results of the empirical analysis introduced in

Chapter V. Empirical results are presented for depositing, for borrowing in the general,

and for borrowing in the alternative case.

Cryptocurrency Depositing

This part investigates the predictability of the optimal share of cryptocurrency

depositing on observed net deposits in DeFi systems. For each DeFi system, cryp-

tocurrency, and month, the optimal share of cryptocurrency depositing at the end of the

previous month was calculated. The optimal share was derived from the exchange rate

(S1) over the past thirty days, the realized deposit rate (rcb) over the past thirty days,

and the last effective federal funds rate (r f ). For the sake of simplicity, S1 was set to

1 for stable coins, which reduced their optimal share of cryptocurrency depositing to

(rcd−r f )/adVar(rcd). The value of net deposits was converted into U.S. dollars for WETH

and WBTC everyday. This conversion adjusts for exchange rate effects on net deposits.

Overall, the predicted level of net deposits in month t was based on information avail-

able in month t −1. Table 13 shows the results of the time series regressions.
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Table 13

Results of Time Series Regressions of Monthly Net Deposits

The t-statistics of the betas (coefficients) from time series regressions of monthly
net deposits in selected DeFi systems are reported according to the economic model.
Panel A shows results for three stable coins and Panel B for WETH and WBTC.
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: Stable coins

USDC - -.185 - .786
DAI - .479 -.521
USDT - .259 .582

Panel B: WETH and WBTC
WETH (EWMA) - .191
WETH (TSMOM) - .162
WBTC (EWMA) - -.742 .127
WBTC (TSMOM) - -.682 .606

Note. The time series were too short to give results for Aave V3 and were fraught
with problems for Compound V3. The number of observations varied between
DeFi systems and cryptocurrencies: Aave V2 (USDC 31, DAI 31, USDT 31,
WETH 15, and WBTC 31), and Compound V2 (USDC 49, DAI 31, USDT 38,
and WBTC 20).
a Compound V3 refers to its USDC liquidity pool only.

The table above provides the t-statistics of the coefficients from time series re-

gressions of monthly net deposits. A generalized least squares (GLS) regression model

was used to estimate coefficients because Breusch–Pagan tests suggested the presence

of heteroscedasticity. Autocorrelation was also documented with Durbin-Watson tests.

Most of the coefficients are positive, implying the predicted relationship between the

optimal share of cryptocurrency deposits and observed net deposits. Nevertheless, one

third of all estimated coefficients are negative. Different patterns between cryptocur-

rencies and DeFi systems are not obvious. The value of R2 was at or below 0.02 in

all cases. No estimate has statistical significance, and the model prediction cannot be

confirmed.

The regressions were performed in multiple ways to challenge this test result.

Different values of the risk-aversion coefficient ad were tested, but the assumed risk
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tolerance did not seem to have a material effect on test results. Test results were re-

ported for an optimal share of cryptocurrency deposits with an ad of 2.4. Furthermore,

the non-negativity constraint was relaxed. The lower bounds of xc and x f are 0, while

the implied upper bounds are 1. Regressing net deposits on unconstrained values of xc

did not change the test results greatly. Relaxing the non-negativity constraint confirmed

the necessity of this constraint in the optimization of mean–variance utility because un-

constrained values of xc fluctuated widely and took on unrealistic values. Moreover,

the specification of the regressions was modified to ndsc∗
t = α + βxsc

c,t−1 + εsc
t where

ndsc∗
t ∈ {0,1}. The binary dependent variable allowed this specification to focus on

the direction of the prediction. ndsc∗
t was defined as a month-over-month change in net

deposits. The value of 1 indicated a month-over-month increase in net deposits. The

regression results of this specification were qualitatively similar to the results reported

above. The vast majority of coefficients holds no statistical significance.

The test result was also challenged by adjusting time horizons. A focus on the

low-interest rate environment was meant to reduce multicollinearity problems, but did

not improve the test results. Different investment horizons were tested as well. In addi-

tion to monthly net deposits, quarterly, weekly, and daily net deposits were considered.

The number of observations is clearly too short for quarterly data, but daily data has

some advantages. One might argue that daily data is more suitable for the cryptocur-

rency space notorious for its fast pace. The example provided in Chapter IV shows that

flows respond quickly to changes in the deposit and borrow rates. Monthly data might

not be granular enough to capture these effects. Daily data has the additional advantage

of increasing the number of observations. It might be objected that daily data is noisier.

Large individual flows, for instance, have a greater effect on daily than on monthly data.
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The values of xsc
c were calculated for every cryptocurrency and DeFi system for every

day to estimate the net deposits on the following day in this specification. The results

of the time series regressions of daily net deposits can found below:

Table 14

Results of Time Series Regressions of Daily Net Deposits

The t-statistics of the betas (coefficients) from time series regressions of daily net
deposits in selected DeFi systems are reported according to the economic model.
Panel A shows results for three stable coins and Panel B for WETH and WBTC.
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: Stable coins

USDC -0.532 -0.079 - 2.282∗∗

DAI 1.117 0.381 -0.290
USDT 0.284 1.475 0.512

Panel B: WETH and WBTC
WETH (EWMA) -3.844∗∗∗ -1.105
WETH (TSMOM) -1.328 0.273
WBTC (EWMA) -1.918∗ 1.105 -0.326
WBTC (TSMOM) 3.518∗∗∗ -0.110 1.183

Note. Number of observations varied between DeFi systems and cryptocurrencies:
Aave V3 (USDC 155, DAI 139, USDT 138, WETH 127, and WBTC 109),
Aave V2 (USDC 909, DAI 908, USDT 909, WETH 444, and WBTC 907),
Compound V3 (USDC 265), and Compound V2 (USDC 1456, DAI 918,
USDT 1128, and WBTC 600).
∗, ∗∗, and ∗∗∗ represent statistical significance of the corresponding coefficient
at the 10%, 5%, and 1% confidence levels, respectively.
a Compound V3 refers to its USDC liquidity pool only.

This table contains the t-statistics of the coefficients from time series regressions

of daily net deposits. Due to the persistence of heteroscedasticity across regressions, a

GLS model was used to estimate coefficients. Autocorrelation was less severe in re-

gressions of daily net deposits. Ten out of nineteen coefficients are positive, suggesting

that the impact of the optimal share of cryptocurrency deposits on observed daily net

deposits is not clear. Four coefficients are statistically significant, but only two of these

coefficients are positive. Two coefficients are highly significant, and in these cases the

value of R2 reached 0.1, although R2 was minimal in all other cases. Unlike monthly
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data, daily data is sufficient to perform regressions for the Aave V3 liquidity pools.

The additional regressions do not provide additional clarity. The model prediction can-

not be confirmed because of contradicting results and the low number of statistically

significant coefficients. This statistical result was validated by performing alternative

tests. The specification of the regressions was changed to a binary dependent vari-

able, for example, to evaluate whether or not the direction of daily net deposits can be

predicted. None of the alternative regression results were qualitatively different to the

results shown above.

Regressions of daily net deposits amplified some problems. Despite its rela-

tively long sample period, the regression for Compound V3 failed. The effective federal

funds rate exceeded the deposit rate on USDC offered by Compound V3 on every sin-

gle day. Hence, the value of xc was consistently 0. From September 2022 to July 2023,

Compound V3 offered an average deposit rate of 1.7% on USDC, while the effective

federal funds rate averaged 4.2%. The economic model cannot explain cryptocurrency

depositing in this case. This problem was not unique to Compound V3. It was com-

mon across DeFi systems since the Federal Reserve began raising rates in March 2022.

Daily data amplified this problem because such data enables newer liquidity pools to

be included, which have been established following the low-interest rate years. This

problem motivated the aforementioned focus on the low-interest rate environment for

additional tests. Interestingly, the correlation between the effective federal funds rate

and net deposits was close to zero across cryptocurrencies and DeFi Systems.

The length of each time series of net deposits depends on the available data as

described in Chapter IV. Aave V3 was launched in late January 2023, and, therefore

only a few months of data were available up until July 2023. Data was available over
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the sample period December 2020 to July 2023 for Aave V2. Only the sample period

of WETH was shorter because observations were not available before March 2022. The

sample period of Compound V3 was September 2022 to July 2023. Data was available

for Compound V2 USDC from May 2019 until July 2023. DAI followed in Decem-

ber 2019, while USDT came in May 2020. Data for WBTC was considered for the

period July 2019 to May 2021, with the liquidity pool drying up in 2021. In general,

periods with limited breadth and liquidity, such as ramp-up or phase-out periods, were

excluded.

Cryptocurrency Borrowing in the General Case

This part evaluates the theoretical predictions of cryptocurrency borrowing in

the general case. In the general case, borrowers can hold a combination of investments

and cryptocurrency assets funded by loans in fiat currency or cryptocurrency. Cryp-

tocurrency loans are assumed to be denominated in stable coins. Loans denominated in

the stable coins USDC, DAI, and USDT were considered in this empirical analysis be-

cause of the availability of interest-rate and borrowing data for these stable coins across

DeFi systems. WBTC and WETH served as cryptocurrency assets held as collateral in

the empirical analysis. Twelve regressions were ran for each DeFi system: for the three

stable coins both collateral assets with both momentum factors were tested.

The optimal share of cryptocurrency borrowing ysc
cb was determined for all com-

binations. Non-linear optimization techniques were applied to compute the values of ysc
cb

for every month. A simple Python application utilizing the NumPy and SciPy libraries

was used to perform this optimization. The optimization was based on the borrow rate

rcb specific to the stable coin and the DeFi system. The expected price of the collateral
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asset S1 was derived from the thrity-day EWMA and TSMOM with a lag of one month.

The risk-free rate r f , the credit spread cs, and the return on investments ri were the

same for all combinations and the values of these parameters were derived as specified

in Chapter IV. The optimal share of cryptocurrency borrowing at the end of month t −1

was calculated with information known in that month and used to predict net borrowing

activity in month t.

Table 15 summarizes the results of time series regressions of monthly net bor-

rowing. Net borrowing is defined as the sum of loans minus the sum of repayments.

When the sum of loans exceeds the sum of repayments, the value of net borrowing is

positive. A positive coefficient indicates that a higher value of ysc
cb is associated with

higher levels of net borrowing. A negative coefficient suggests that a higher value of

ysc
cb is negatively related to net borrowing. Table 15 presents the t-statistics of the coef-

ficients from time series regressions of monthly net borrowing. The coefficients were

estimated using a GLS regression model because heteroscedasticity has been detected

with Breusch-Pagan tests in almost every regression. Durbin-Watson tests were car-

ried out and showed the presence of autocorrelation in multiple cases. The three rows

on every panel refer to the borrowed stable coin. The panels state which collateral

asset and which momentum factor was used in the regression. The high share of neg-

ative coefficients contradicts the economic model of cryptocurrency lending. Half of

all coefficients are positive and the other half are negative. The high share of negative

coefficients at Aave V2 is striking. Nonetheless, only one coefficient has statistical sig-

nificance. The value of R2 mostly ranged between 0.00 and 0.15, but did reach higher

values in some Compound V3 regressions. Overall, the predictability and the signifi-

cance of the economic model is not robust.
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Table 15

Results of Time Series Regressions of Monthly Net Borrowing (General Case)

The t-statistics of the betas (coefficients) from time series regressions of monthly
net borrowing in the USDC, DAI, and USDT stable coins in selected DeFi systems
are reported according to the economic model. Panels A and B report results for
WETH as collateral asset and Panel C and D for WBTC as collateral asset. Return
expectations were derived from the momentum factors EWMA (Panels A and C)
and TSMOM (Panels B and D).
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: WETH (EWMA)

USDC - -1.281 0.325 -0.247
DAI - -1.619 0.073
USDT - -0.359 0.603

Panel B: WETH (TSMOM)
USDC - -0.473 1.567 0.544
DAI - -0.645 0.058
USDT - -0.083 1.228

Panel C: WBTC (EWMA)
USDC - -1.556 -2.214∗ -1.573
DAI - -0.475 -0.009
USDT - 0.256 1.299

Panel D: WBTC (TSMOM)
USDC - -0.237 0.198 0.603
DAI - 0.912 0.611
USDT - -0.615 0.992

Note. The time series were too short to produce results for Aave V3. The number
of observations varied between DeFi systems and cryptocurrencies: Aave V2
(USDC 31, DAI 31, USDT 31), Compound V3 (USDC 8), and Compound V2
(USDC 46, DAI 25, and USDT 32).
∗ represents statistical significance of the corresponding coefficient at the 10%
confidence level.
a Compound V3 refers to its USDC liquidity pool only.

This result was validated in several ways. The value of the risk-aversion co-

efficient ab was changed to evaluate different levels of risk tolerance. The level of

risk tolerance appears to be insignificant to results. The value of ab was set to 2.4 in

the computation of all reported results. To validate the economic modelling the non-

negativity, capital, and collateralization constraints of the optimization problem were

relaxed. Unconstrained values of ysc
cb were calculated for alternative time series re-
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gressions. The results of the unconstrained optimization showed that the constraints

are necessary, especially in situations where the volatility of borrow rates is moder-

ate and their absolute level is below the effective federal funds rate. The optimization

would then suggest to borrow stable coins to an extreme extent to take advantage of

the interest-rate differential. Borrowers would have little to no motivation to hold cryp-

tocurrency assets as collateral in these situations. The unconstrained optimization did

not only prove to be impractical, it also did not produce qualitatively different results.

In the same manner that the specification of the depositing regressions were changed to

a binary dependent variable, the specification of the borrowing regressions were modi-

fied to nbsc∗
t = α +βysc

cb,t−1 + εsc
t where nbsc∗

t ∈ {0,1}. The value 1 of nbsc∗
t indicated

a month-over-month increase in net borrowing. This specification was designed to test

whether the model could predict the direction of net borrowing, but the test results were

equally inconclusive.

The validation of results also included testing different time horizons. Net bor-

rowing over one quarter, one week, and one day was considered as dependent variable.

Borrowing over one day might be regarded as unusual in a traditional lending environ-

ment, but the example in Chapter IV demonstrates that flows react quickly to changes

in the cryptocurrency space. Daily net borrowing data is more likely to capture quick

responses to changes, although daily data might be more vulnerable to noise. The op-

timal share of cryptocurrency borrowing ysc
cb was determined for every day to estimate

net borrowing on the following day.
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Table 16

Results of Time Series Regressions of Daily Net Borrowing (General Case)

The t-statistics of the betas (coefficients) from time series regressions of daily net
borrowing in the USDC, DAI, and USDT stable coins in selected DeFi systems
are reported according to the economic model. Panels A and B report results for
WETH as collateral asset and Panel C and D for WBTC as collateral asset. Return
expectations were derived from the momentum factors EWMA (Panels A and C)
and TSMOM (Panels B and D).
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: WETH (EWMA)

USDC 0.687 0.795 1.538 0.370
DAI -1.389 0.038 0.107
USDT -0.887 2.042∗∗ 1.271

Panel B: WETH (TSMOM)
USDC -0.995 0.797 -0.011 -0.896
DAI 0.231 -0.305 -0.567
USDT -0.074 -0.376 0.832

Panel C: WBTC (EWMA)
USDC 0.385 0.468 0.572 -2.633∗∗∗

DAI -0.942 1.127 -2.595∗∗∗

USDT -0.536 2.373∗∗ 0.549
Panel D: WBTC (TSMOM)

USDC -2.135∗∗ -0.718 0.063 -0.825
DAI 0.034 -0.358 0.051
USDT 0.453 0.390 0.633

Note. Number of observations varied between DeFi systems and cryptocurrencies:
Aave V3 (USDC 127, DAI 110, and USDT 94), Aave V2 (USDC 919, DAI 918,
and USDT 919), Compound V3 (USDC 237), and Compound V2 (USDC 1372,
DAI 735, and USDT 945).
∗, ∗∗, and ∗∗∗ represent statistical significance of the corresponding coefficient
at the 10%, 5%, and 1% confidence levels, respectively.
a Compound V3 refers to its USDC liquidity pool only.

Table 16 shows the t-statistics of the coefficients from time series regressions

of daily net borrowing. Using daily data allows Aave V3 to be included. Shifting to

daily net borrowing data almost completely diminished autocorrelation, although het-

eroscedasticity was persistent. Hence, coefficients were estimated with a GLS regres-

sion model. The shift from monthly to daily data changed the majority of coefficients

to positive. Twenty-three out of forty coefficients are positive. Two of the positive coef-
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ficients are statistically significant, although three negative coefficients have statistical

significance as well. The R2 of the time series regressions ranged between 0.00 and

0.04. Overall, the reported results are unclear and inconclusive. Again, even though the

specification was altered in several ways to validate the test results, none of the alterna-

tive regression results were qualitatively different to the reported results.

It might be pointed out that the length of the time series of net borrowing differ

from the length of the time series of net depositing. Aave V3 was launched in January

2023 and data was available until July 2023, but borrowing activity did not pick up

immediately for some currencies. Borrowing data was considered from January 2021

until July 2023 for Aave V2. The sample period of Compound V3 was September 2022

until July 2023. Frequent borrowing data was available from September 2019 until July

2023 for Compound V2 USDC. The sample period of USDT was May 2020 until De-

cember 2022. Borrowing data for DAI was used from December 2019 until December

2021. Some time series of net borrowing were shorter than time series of net deposit-

ing because borrowing activity followed depositing activity. Presumably liquidity pools

had to reach a certain size and maturity before they could support borrowing. Borrow-

ing might be more sensitive to phase-out periods of liquidity pools. Only periods with

sufficient breadth and liquidity were included in the empirical analysis.

Cryptocurrency Borrowing in the Alternative Case

This final part tests predicted cryptocurrency borrowing in the alternative case.

Cryptocurrency is the sole asset in the alternative case, and borrowers can choose a

combination of loans in fiat currency and cryptocurrency. Cryptocurrency loans are

assumed to be denominated in stable coins. The alternative case is centered on the bor-
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rowing decision. The design of the empirical analysis of the alternative and the general

case are identical. The data source and sample periods are the same as well, but the

optimal share of cryptocurrency borrowing ysc
cb was computed without the investment

in the alternative case. Constraints were adjusted accordingly. The optimization was

performed for all combinations of stable coins, collateral assets, and DeFi systems for

every month.

Table 17

Results of Time Series Regressions of Monthly Net Borrowing (Alternative Case)

The t-statistics of the betas (coefficients) from time series regressions of monthly
net borrowing in the USDC, DAI, and USDT stable coins in selected DeFi systems
are reported according to the economic model. Panels A and B report results for
WETH as collateral asset and Panel C and D for WBTC as collateral asset. Return
expectations were derived from the momentum factors EWMA (Panels A and C)
and TSMOM (Panels B and D).
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: WETH (EWMA)

USDC - 0.128 0.087 -0.557
DAI - -0.192 0.055
USDT - 0.824 -0.228

Panel B: WETH (TSMOM)
USDC - -0.002 1.702 0.768
DAI - 0.093 -0.156
USDT - -0.162 -0.176

Panel C: WBTC (EWMA)
USDC - -1.558 -1.695 -1.410
DAI - -0.474 0.163
USDT - 0.417 0.519

Panel D: WBTC (TSMOM)
USDC - -0.532 0.444 0.616
DAI - 0.258 0.606
USDT - -0.569 0.692

Note. The time series were too short to produce results for Aave V3. The number
of observations varied between DeFi systems and cryptocurrencies: Aave V2
(USDC 31, DAI 31, USDT 31), Compound V3 (USDC 8), and Compound V2
(USDC 46, DAI 25, and USDT 32).
a Compound V3 refers to its USDC liquidity pool only.

Table 17 reports the t-statistics of the coefficients from time series regressions
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of monthly net borrowing in the alternative case. A GLS model was chosen to estimate

coefficients. A narrow majority of coefficients were positive, but no coefficient had

statistical significance at acceptable levels. The value of R2 was below 0.1 in every

regression, with the exception of Compound V3 regressions. This inconclusive result

was validated by modifying the specification of the regressions and changing the time

horizon, but all alternative results were qualitatively similar to the reported results.

Table 18

Results of Time Series Regressions of Daily Net Borrowing (Alternative Case)

The t-statistics of the betas (coefficients) from time series regressions of daily net
borrowing in the USDC, DAI, and USDT stable coins in selected DeFi systems
are reported according to the economic model. Panels A and B report results for
WETH as collateral asset and Panel C and D for WBTC as collateral asset. Return
expectations were derived from the momentum factors EWMA (Panels A and C)
and TSMOM (Panels B and D).
Currency Aave V3 Aave V2 Compound V3a Compound V2
Panel A: WETH (EWMA)

USDC 1.333 0.951 1.760∗ -0.411
DAI -1.084 0.415 -0.096
USDT -0.866 2.281∗∗ 1.239

Panel B: WETH (TSMOM)
USDC -0.853 0.317 1.066 -0.262
DAI 0.490 -0.094 -0.515
USDT 1.343 0.112 1.248

Panel C: WBTC (EWMA)
USDC 0.609 0.664 0.158 -2.094∗∗

DAI -0.604 1.360 -1.697∗∗

USDT -0.920 2.765∗∗∗ 0.822
Panel D: WBTC (TSMOM)

USDC -0.695 0.025 -1.036 -0.072
DAI 1.689∗ -0.027 0.767
USDT 0.686 0.008 1.185

Note. Number of observations varied between DeFi systems and cryptocurrencies:
Aave V3 (USDC 127, DAI 110, and USDT 94), Aave V2 (USDC 919, DAI 918,
and USDT 919), Compound V3 (USDC 237), and Compound V2 (USDC 1372,
DAI 735, and USDT 945).
∗, ∗∗, and ∗∗∗ represent statistical significance of the corresponding coefficient
at the 10%, 5%, and 1% confidence levels, respectively.
a Compound V3 refers to its USDC liquidity pool only.
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Table 18 summarizes the t-statistics of the coefficients from time series regres-

sions of daily net borrowing in the alternative case. A GLS regression model was used

to estimate coefficients. The share of positive coefficients amounted to 60%, the high-

est share among borrowing regressions. Four out of twenty-four positive coefficients

are statistically significant. Nevertheless, two negative coefficients also have statistical

significance. The value of R2 was minimal across time series regressions. In total, six-

teen coefficients were negative questioning the robustness and conclusiveness of these

results.
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Chapter VII.

Conclusion

This analysis has shown that the theory of financial dollarization literature may

not be directly transferable to cryptocurrencies. The lending mechanism of cryptocur-

rencies was reflected in the formalization of the economic model, but the predictions of

the model could not be empirically substantiated. Empirical evidence has neither sup-

ported cryptocurrency depositing nor borrowing as predicted by the economic model,

although several variations of the model have been tested in multiple ways. This exten-

sive testing indicates that results do not depend on a single assumption or on the model

of price expectations.

Some factors might have had an adverse effect on reported results. The analysis

was performed in U.S. dollar terms, but the U.S. dollar is not the legal tender in every

jurisdiction home to depositors and borrowers. From the perspective of depositors and

borrowers domiciled in the European Monetary Union, for instance, the value of the

USDC, DAI, and USDT stable coins also depends on the euro to U.S. dollar exchange

rate. This complexity was not modelled into the analysis, and anonymity in the cryp-

tocurrency space makes it impossible to identify the domicile of market participants

correctly. Another complexity arises from the lack of context for transactions. Deposit-

ing or borrowing might be part of elaborate trading strategies. Gudgeon et al. (2020b)

describe how market participants use tokens received from one DeFi system for de-
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positing assets as collateral in another DeFi system. Gudgeon et al. (2020b) warn about

linking DeFi systems because this could create contagion effects, since a default in one

system could affect other systems. The economic model treats depositing or borrowing

as separate transactions and does not consider elaborate trading strategies. These trad-

ing strategies would be difficult to reconstruct. A closely related problem to this is the

assumption that Ether and Bitcoin were used as collateral assets. Their large market cap-

italization and the availability of on-chain transactions in these cryptocurrencies speak

for this assumption. Borrowers, however, may have chosen other cryptocurrencies or a

combination of numerous cryptocurrencies as collateral. Determining the exact strategy

followed by borrowers would be difficult. Another complexity affecting the empirical

analysis might be the dynamics of DeFi systems. Flows will be muted during ramp-up

or phase-out periods of liquidity pools, even when they offer attractive terms. Gudgeon

et al. (2020a) as well as Zhang and Jin (2020) elaborate on periods of illiquidity in

P2P and DeFi lending systems. As illiduidity will affect depositing and borrowing, this

analysis, in order to mitigate this problem, only focused on selected cryptocurrencies

and liquid periods. Arguably, this reduced sample periods further. One might argue that

sample periods were already short for monthly data.

Omitting some factors in the economic model might have had an adverse ef-

fect on results as well. Insufficient monetary credibility is a common explanation for

financial dollarization (Yeyati, 2006; Fidrmuc et al., 2013). The preference for hard

currencies over local ones could be comparable to the preference for cryptocurrencies

over fiat currencies. Bitcoin was established in response to the great financial crisis and

was supposed to address the shortcomings of the prevailing system (Nakamoto, 2008).

This financial crisis sparked a heated debate about the traditional banking system and
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fiat currencies. The lax monetary policy stance adopted by the Federal Reserve prior

to the crisis is widely viewed as a contributing factor to the financial market turmoil

(Brunnermeier, 2009). Monetary credibility is not part of the data set. Trust or cred-

ibility were not factored into the economic model, but might have explanatory power.

Access is another factor that might have some explanatory power. For example, Al-

layannis et al. (2003) argue that access to hard-currency capital markets was imported

to borrowers from regions with less deep and efficient capital markets. Individuals with

no access to capital markets may still access DeFi systems. Interest rates in traditional

capital markets are hardly relevant for these individuals. Nevertheless, this argument

only applies to individuals from highly underdeveloped regions, to people with poor

credit rating, and to individuals prohibited from accessing traditional capital markets

(Kolachala et al., 2021). The access argument will not apply for most individuals and

was not modelled into this analysis.

The description of the data set and the empirical analysis still shed light on some

interesting aspects. As well as generating more data points, short-term data seems to

have the advantage of capturing more information in the cryptocurrency space. Mar-

ket participants appear to be highly responsive to changes, and short-term data is more

likely to capture these responses. Using daily data will be unusual in a traditional

lending environment. The short-term focus suggests that DeFi systems are used for

margin trading or leverage, as pointed out by Qin et al. (2021), rather than for actual

lending. Another interesting point is that traditional interest rates seem to be playing

a secondary role in cryptocurrency lending. Depositing stable coins in DeFi systems

allowed individuals to benefit from the interest differential in the low interest rate en-

vironment. Conversely, individuals depositing stable coins in DeFi systems when the
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effective federal funds rate was higher than the deposit rate offered on stable coins can-

not be explained with the economic model. A stable coin with a fixed exchange rate to

the U.S. dollar provides no diversification benefit, while a savings deposit or a money

market mutual fund would generate a higher return. There must have been other reasons

for depositing stable coins, such as using these coins in an elaborate trading strategy.

This analysis might inspire some future research. The decoupling of interest-

rate rules from the effective federal funds rate is a tricky design choice in the case of

stable coins. In theory, currencies pegged to the U.S. dollar should follow U.S. dol-

lar interest rates. Material differences in interest rates present an arbitrage opportunity

and could even compromise the U.S. dollar peg. It is hardly possible to borrow stable

coins efficiently at this point in time, thereby preventing individuals from exploiting

this opportunity. More interestingly, the question of how lenders can provide liquidity

to borrowers will be critical for the adaption of cryptocurrencies in the real economy.

Although cryptocurrencies are widely perceived as money (Mattke et al., 2020), and

cryptocurrency lending has become more popular, lending seems to be used for mar-

gin trading and not for productivity-enhancing activities. To fund these activities, DeFi

systems will not be able to rely solely on liquidity provided by depositors. Instead, they

will have to develop sophisticated tools, such as money creation or wholesale funding.
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Appendix A.

Model for Depositing

The maximization problem of risk-averse depositors is the following:

U(rd) = x f r f + xc(S1 +S1rcd −1)− ad

2
(x2

fVar(r f )+ x2
cVar(S1 +S1rcd −1))

− ad

2
(2x f xcCov(r f ,S1 +S1rcd −1))

(24)

s.t.: x f + xc = 1

x f , xc ≥ 0

a > 0

Solving this optimization problem using the Lagrangian method leads to:

L (U,λ1) = x f r f + xcS1 +S1rcd −1)− ad

2
(x2

fVar(r f )+ x2
cVar(S1 +S1rcd −1))

− ad

2
(2x f xcCov(r f ,S1 +S1rcd −1))−λ1(x f + xc −1)

(25)

with the partial derivatives:

∂L

∂x f
= r f −ad(x fVar(r f )+ xcCov(r f ,S1 +S1rcd −1))−λ1

!
= 0 (26)

∂L

∂xc
= S1 +S1rcd −1−ad(xcVar(S1 +S1rcd −1)

+ x fCov(r f ,S1 +S1rcd −1))−λ1
!
= 0

(27)

∂L

∂λ1
=−x f − xc +1 !

= 0 (28)
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By adding λ1 to (26) and (27), (26) and (27) can be solved for x f and xc:

xc =
r f +1−S1 −S1rcd −adx f (Var(r f )−Cov(r f ,S1 +S1rcd −1))

ad(Cov(r f ,S1 +S1rcd −1)−Var(S1 +S1rcd −1))
(29)

x f =
r f +1−S1 −S1rcd

ad(Var(r f )−Cov(r f ,S1 +S1rcd −1))

−
xc(Cov(r f ,S1 +S1rcd −1)−Var(S1 +S1rcd −1))

(Var(r f )−Cov(r f ,S1 +S1rcd −1))

(30)

The optimal deposit shares can be obtained by inserting (29) and (30) into (28):

x f =
Var(S1 +S1rcd −1)−Cov(r f ,S1 +S1rcd −1)

Var(r f )+Var(S1 +S1rcd −1)−2Cov(r f ,S1 +S1rcd −1)

−
S1 +S1rcd − r f −1

ad(Var(r f )+Var(S1 +S1rcd −1)−2Cov(r f ,S1 +S1rcd −1))

(31)

xc =
S1 +S1rcd − r f −1+ad(Var(r f )−Cov(r f ,S1 +S1rcd −1))

ad(Var(r f )+Var(S1 +S1rcd −1)−2Cov(r f ,S1 +S1rcd −1))
(32)

Assuming that r f is risk free and has a volatility of zero, the optimal deposit shares are:

xc =
S1 +S1rcd − r f −1

ad(Var(S1)+Var(S1rcd)+2Cov(S1,S1rcd))
(33)

x f = 1−
S1 +S1rcd − r f −1

ad(Var(S1)+Var(S1rcd)+2Cov(S1,S1rcd))
(34)
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Appendix B.

Model for Borrowing

The maximization problem of borrowers is given by:

maxU(rb) = r f + cs+ yirinvest + ycrcollateral − ycbrcloan

− ab

2
Var(r f + cs+ yirinvest + ycrcollateral − ycbrcloan)

(35)

s.t.: 1 ≥ m f yi + m f yc + (mc −m f )ycb - m f where m f > 0 and mc > 1

yc ≥ mcycb

0 ≤ yi, y f , ycb, yc, ab, cs, r f , rcb, ri

A Lagrangian with Karush-Kuhn-Tucker conditions can be used to formalize this max-
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imization problem with two inequality constraints. The Lagrangian can be written as:

L (U,λ1,λ2,λ3,λ4,λ5) = r f + cs+ yirinvest + ycrcollateral − ycbrcloan

− ab

2
(
y2

i Var(rinvest)
)

− ab

2
(
y2

cVar(rcollateral)
)

− ab

2
(
y2

cbVar(rcloan)
)

− ab

2
(2ycycbCov(rcollateral,rcloan))

− ab

2
(2yiycCov(rinvest ,rcollateral))

− ab

2
(2yiycbCov(rinvest ,rcloan))

−λ1(m f yi +m f yc +(mc −m f )ycb −m f −1)

−λ2(yc −mcycb)+λ3yi +λ4yc +λ5ycb

(36)

Thus, the partial derivatives are:

∂L

∂yi
= rinvest −abyiVar(rinvest)−abycCov(rinvest ,rcollateral)

−abycbCov(rinvest ,rcloan)−λ1m f +λ3
!
= 0

(37)

∂L

∂yc
= rcollateral −abycVar(rcollateral)−abyiCov(rinvest ,rcollateral)

−abycbCov(rcollateral,rcloan)−λ1m f −λ2 +λ4
!
= 0

(38)

∂L

∂ycb
=−rcloan −abycbVar(rcloan)−abycCov(rcollateral,rcloan)

−abyiCov(rinvest ,rcloan)−λ1(mc −m f )+λ2mc +λ5
!
= 0

(39)
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The Karush-Kuhn-Tucker conditions are:

λ1(m f yi +m f yc +(mc −m f )ycb −m f −1) = 0 (40)

λ2(yc −mcycb) = 0 (41)

λ3yi = 0 (42)

λ4yc = 0 (43)

λ5ycb = 0 (44)

m f yi +m f yc +(mc −m f )ycb −m f ≤ 1 (45)

yc −mcycb ≥ 0 (46)

yi,yc,ycb,λ1,λ2,λ3,λ4,λ5 ≥ 0 (47)

Three cases are relevant for cryptocurrency lending:

1. Borrowers choose a valid combination of yi, yc, ycb, and y f in the general case.

Thus, λ3, λ4, and λ5 are all zero in this case.

2. Borrowers combine loans and only invest in the collateral asset. In this case yi,

λ4, and λ5 are all zero. This cases occurs, when expectations for rinvest are muted

relative to rcollateral .

3. Borrowers do not choose a cryptocurrency loan. Conditions making borrowing

cryptocurrencies undesirable are important to understand.

When borrowers combine both assets and funding sources, λ3, λ4, and λ5 are zero. The

variables yi, yc, and ycb are assumed to be positive. The upper bound of ycb is 1/mc, and

the upper bounds of yi and yc are 1 + ycb + y f . This implies that λ1 and λ2 must be

zero. Although the term yc - mcycb can be zero, yc is likely to exceed mcycb. The upper
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bound of ycb multiplied by mc is 1 and is smaller than the upper bound of yc. Solutions

of the capital requirement are not on the boundary of the interior in multiple situations,

for example when the value of loans only marginally exceeds zero. Since λ1, λ2, λ3,

λ4, and λ5 are zero, the maximization problem can be rewritten in matrix notation:

U(rd) = r f + cs+ yT r− ab

2
yT

Σy (48)

In this matrix notation, y denotes a column vector with the weights of yi, yc, and ycb. The

column vector r represents the returns rinvest , rcollateral , and rcloan. The square matrix Σ

is the covariance matrix. The derivative with respect to y is:

∂U(rd)

∂y
= r−abΣy !

= 0 (49)

The optimal weights of y are:

y = Σ
−1

(
1
ab

r
)

(50)

These optimal weights are only valid as long as the collateralization and capital require-

ments as well as the non-negativity constraints can be satisfied. Non-linear program-

ming has to be applied in all other cases.

When borrowers combine loans and only invest in the collateral assets in the

second case, yi, λ4, and λ5 are all zero. Hence, λ3, yc, and ycb are greater than zero.

Even without yi, assets must equal liabilities (yc = 1 + ycb + y f ). The lower bound of yc

is 1, and its upper bound is 1 + ycb + y f . According to the capital requirement, the upper

bound of ycb is still 1/mc. Its lower bound is zero. For any positive ycb, yc is at least 1
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+ ycb. Therefore, the term yc - mcycb is likely to be greater than 0 and λ2 must be zero.

λ1 must be zero as well. The lower bound of yc is 1 and can be reached when ycb and

y f are zero. If yc is 1, the capital requirement (m f yi +m f yc +(mc −m f )ycb −m f − 1)

cannot be zero. The partial derivatives become:

∂L

∂yc
= rcollateral −abycVar(rcollateral)−abycbCov(rcollateral,rcloan)

!
= 0 (51)

∂L

∂ycb
=−rcloan −abycbVar(rcloan)−abycCov(rcollateral,rcloan)

!
= 0 (52)

The variable yi is no longer part of the capital requirement:

m f yc +(mc −m f )ycb −m f ≤ 1 (53)

By arranging the capital requirement, yc can be expressed as a function of ycd and ycd

as a function of yc:

yc ≤
1+m f

m f
−

mc −m f

m f
ycb (54)

ycb ≤
1+m f

mc −m f
−

m f

mc −m f
yc (55)

The optimal yc and ycb can be obtained from the two partial derivatives:

yc =
Var(rcloan)rcollateral +Cov(rcollateral,rcloan)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2 (56)

ycb =
Cov(rcollateral,rcloan)rcollateral +Var(rcollateral)rcloan

ab (Cov(rcollateral,rcloan))
2 −abVar(rcollateral)Var(rcloan)

(57)
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Since assets must equal liabilities, y f is:

y f =
Var(rcloan)rcollateral +Cov(rcollateral,rcloan)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2

+
Cov(rcollateral,rcloan)rcollateral +Var(rcollateral)rcloan

abVar(rcollateral)Var(rcloan)−ab (Cov(rcollateral,rcloan))
2 −1

(58)

These optimal weights are only valid as long as the collateralization and capital re-

quirements as well as the non-negativity constraints can be satisfies. Non-linear pro-

gramming has to be applied in all other cases.
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Appendix C.

Example Transaction on Ethereum Block Chain

0x4315ab29b40bec0c5f41112a263f74bcb7d63bc3998f4a1fd518bc520cfe864b is

a hash representing the supply transaction below:

{

”blockNumber”:”17604888”,

”timeStamp”:”1688283431”,

”hash”:”0x4315ab29b40bec0c5f41112a263f74bcb7d63bc3998f4a1fd518bc520cfe864b”,

”nonce”:”1131”,

”blockHash”:”0x92981ae7c97be3b4cc103aa2efa4b7f67c03f5d67fbe9069be6634c5c07eeb91”,

”transactionIndex”:”92”,

”from”:”0xc5ec4153f98729f4eaf61013b54b704eb282ecf4”,

”to”:”0x87870bca3f3fd6335c3f4ce8392d69350b4fa4e2”,

”value”:”0”,

”gas”:”300000”,

”gasPrice”:”13488142839”,

”isError”:”0”,

”status”:”1”,

”input”:”0x617ba037

0000000000000000000000002260fac5e5542a773aa44fbcfedf7c193bc2c599

0000000000000000000000000000000000000000000000000000000002c99558

000000000000000000000000c5ec4153f98729f4eaf61013b54b704eb282ecf4

0000000000000000000000000000000000000000000000000000000000000000”,

”contractAddress”:””,

”cumulativeGasUsed”:”25312695”,

”gasUsed”:”168795”,

”confirmations”:”310809”,

”methodId”:”0x617ba037”,

”functionName”:”supply(address asset, uint256 amount, address onBehalfOf, uint16 referralCode)”

}

In this example, an EOA ( f rom data field) called the supply function of Aave

(to data field). The parameters of this function can be found in the input data field.
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The address of the asset follows the methodId in the input data field. The address of

this asset is WBTC. The prefix 0x is omitted in the input data field. The amount is the

third part of the input data field. The hexadecimal number 2c99558 is equivalent to the

decimal number 46765400, and the value in WBTC is expressed in satoshi (1/100000000).

The last part of the data field is the address of the EOA or the recipient if the sender

deposits for somebody else.
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Appendix D.

Example Event of Transaction Log

0x4315ab29b40bec0c5f41112a263f74bcb7d63bc3998f4a1fd518bc520cfe864b is

a hash representing a supply transaction. All supply transactions involve updates of

rates and ratios of the Aave liquidity pool. This update is represented by the event

below:

{

”address”:”0x87870bca3f3fd6335c3f4ce8392d69350b4fa4e2”,

”topics”: [

”0x804c9b842b2748a22bb64b345453a3de7ca54a6ca45ce00d415894979e22897a”,

”0x0000000000000000000000002260fac5e5542a773aa44fbcfedf7c193bc2c599”

],

”data”:”0x000000000000000000000000000000000000000000029e4e11f533ad8eb9cfc2

0000000000000000000000000000000000000000004cc74ed789df3be190ed65

0000000000000000000000000000000000000000000f8352789c7b2a5e9bf55e

0000000000000000000000000000000000000000033c1e977cfd523a2a441baf

00000000000000000000000000000000000000000340e5691e2f6096c05ead59”,

”blockNumber”:”0x10ca118”,

”blockHash”:”0x92981ae7c97be3b4cc103aa2efa4b7f67c03f5d67fbe9069be6634c5c07eeb91”,

”timeStamp”:”0x64a12927”,

”gasPrice”:”0x323f4b9f7”,

”gasUsed”:”0x2935b”,

”logIndex”:”0x13f”,

”transactionHash”:”0x4315ab29b40bec0c5f41112a263f74bcb7d63bc3998f4a1fd518bc520cfe864b”,

”transactionIndex”:”0x5c”

}

This update can be identified by its topic. The first part of the topic data field

indicates that this event represents an update of reserves. The address of the asset

(WBTC) is the second part of the topic data field. The variable deposit rate of this asset
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is the first part of the data field. The second part of the data field is the fix borrow rate.

The third part is the variable borrow rate. Rates are expressed as hexadecimal numbers.

The fourth and fifth parts are indices.
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Appendix E.

Standardized Function Names

Since naming differs across DeFi systems and versions, names of functions have

been standardized. The overview below summarizes the original names for each stan-

dardized name:

Table 19

Standardized Function Names

This table summarizes the original names for each standardized function name.
Standardized Aave V3 Aave V2 Compound V3 Compound V2
borrow borrow borrow withdraw borrow
deposit supply deposit supply mint
withdraw withdraw withdraw withdraw redeem
repay repay repay supply repay
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Appendix F.

Source Code

The source code for this thesis is available at the GitHub repository.
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