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Abstract 

This dissertation consists of three essays (chapters) concerning blockchain economics. 

Chapter 1 is a study of a decentralized lending platform. Decentralized Financial (DeFi) 

lending applications allow users to take leveraged positions in risky cryptoassets without the 

use of a financial intermediary, mimicking the functionality of a margin trading account 

without a centralized broker. This decentralization comes at a cost; leveraged traders must pay 

blockchain transaction fees to miners/validators and, absent an intermediary, third parties must 

be incentivized to perform liquidation transactions on positions with insufficient collateral. I 

provide evidence suggesting that volatile blockchain transaction fees can effectively “price 

out” a significant portion of market participants engaged in DeFi leveraged trading, forcing 

these traders to temporarily abandon their leveraged positions. Meanwhile, I show that the 

market liquidation incentive disciplines leveraged traders with riskier positions, inducing them 

to take more conservative positions. These results highlight the limitations of blockchain/DeFi 

technologies in their current state and have interesting policy implications concerning the 

regulation of leveraged traders. 

 Chapter 2 paper provides an empirical overview of the largely unexplored public 

blockchain ecosystem, coauthored with Felix Irresberger, Kose John, and Fahad Saleh. Our 

overview highlights that only a few blockchains dominate the ecosystem although no single 

blockchain, not even Bitcoin, dominates uniformly. We explain our empirical findings with a 

simple theoretical framework that establishes three key economic attributes - adoption, scale, 

and security - as the determinants of blockchain user utility. We examine each blockchain along 

those dimensions empirically. We then theoretically establish that whether a blockchain could 
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be welfare enhancing for some user type can be determined by a comparison across our 

attributes; in turn, applying the comparison empirically yields that only a few blockchains 

could be optimal for some user type. Our results thus provide an explanation for why only a 

few blockchains dominate the broader blockchain ecosystem. Moreover, our work provides an 

empirical framework from which to evaluate progress within the blockchain ecosystem.   

In Chapter 3, I model the entry and exit decisions of cryptocurrency miners. I argue that 

miners using Application Specific Integrated Circuit (ASIC) equipment, with a lower salvage 

value, have asymmetric reactions to price shocks, while miners using Graphics Processing Unit 

(GPU) equipment, with a higher salvage value, have more symmetric reactions to price shocks. 

Estimating the long-run equilibrium relationship between cryptocurrency price and hashrate 

(the aggregate computing power of miners), I show that Bitcoin miners, who use ASIC 

equipment, respond only to negative disequilibria (when hashrate is relatively low compared 

to price). Meanwhile, Ether miners, when using GPU equipment, respond symmetrically to 

disequilibria. These results have both practical and theoretical implications for cryptocurrency 

pricing and applications of blockchain technology. 
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Chapter 1: DeFi Leveraged Trading: Inequitable Costs of Decentralization 
 

1. Introduction 

 The future of DeFi (decentralized finance) and its impact on our traditional financial 

systems is a topic of great interest. Following the meteoric rise of blockchains such as Bitcoin, 

other blockchains have emerged offering additional functionality beyond that of a payment 

system. DeFi technologies existing on these blockchains utilize secure distributed ledgers to 

offer services mimicking those of traditional financial institutions (i.e., exchanges and brokers).  

The novelty of these services is they are executed without the use of a centralized intermediary 

or authority, instead facilitating “permissionless” and “censorship resistant” exchanges 

between market participants (Harvey, Ramachandran, and Santoro, 2021).  

 The dominance of DeFi applications is apparent in the growth of the blockchain 

ecosystem. Irresberger, John, Mueller, and Saleh (2021) note that DeFi applications attract 

more users and value than other types of decentralized blockchain applications. Much recent 

work concerns Automated Market Makers (AMM), which exist as intermediary-less exchanges 

with algorithmic settlement (Lehar and Parlour, 2021; Capponi and Jia, 2021; Angeris, Kao, 

Chiang, Noyes, and Chitra, 2021; Park, 2022). However, DeFi lending applications remain 

largely unexplored. These lending applications may be seen as the second half of the DeFi 

ecosystem, with available liquidity of $15.91 billion, only trailing decentralized exchange 

applications in this metric ($23.77 billion).1 DeFi lending protocols allow users to take 

leveraged positions in risky cryptoassets without the use of a financial intermediary, mimicking 

the functionality of a broker margin account.  

 
1 Source: https://defillama.com/categories  

https://defillama.com/categories
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 This paper presents an empirical study of Compound, one of the leading DeFi lending 

applications on the Ethereum blockchain. Studies of the behavior of leveraged traders in 

traditional (broker) markets are hindered by the availability of suitably granular data, as the 

trades and positions of individual retail investors are not publicly available. In contrast, the 

Ethereum blockchain is a public ledger containing all transactions and past states of individual 

accounts (traders) utilizing Compound. This novel dataset allows me to isolate the effects of 

market frictions on the behavior of heterogeneous leveraged traders. I focus on two frictions 

faced by leveraged traders that are unique to the DeFi lending space: blockchain transaction 

fees and Compound’s liquidation incentive. I find that blockchain transaction fees effectively 

“price out” a good portion of leveraged traders, while Compound’s liquidation incentive 

induces highly leveraged traders to take less risky positions.  

 Blockchain transaction fees can be viewed as a fundamental cost of decentralization. 

For a transaction to be considered valid/final, it must first be recorded by miners/validators on 

the blockchain. Under proof-of-work consensus protocol blockchains, such as Bitcoin and 

Ethereum, miners compete to solve a computationally challenging problem. The winner of this 

competition earns the right to propose the next block of transactions on the blockchain. 

However, these blocks have a limited capacity for transactions, so it is the policy of miners to 

record them in descending order of transaction fees. If there is a surplus of transactions, those 

with lower fees are not included in the new block of transactions. Thus, users compete to have 

their transactions recorded first by attaching larger fees to their transactions.  

 For DeFi leveraged traders, these fees may be characterized as volatile fixed costs. They 

are fixed costs in the sense that a very low-value transaction is subject to the same fee as a very 

high-value transaction at a given time. However, over any time series, the average transaction 

fee varies greatly with the demand for blockchain transactions. Though fixed costs are not 
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unique to the DeFi leveraged trading market, the realized volatility of transaction fees 

distinguishes this market friction from any comparable cost in a traditional market for leverage. 

For example, the daily estimated average cost to fully reverse a leveraged position on 

Compound ranges between $0.41 and $72.99 in my sample.  

 Blockchain transaction fees also necessitate a liquidation incentive to be captured by 

the liquidators. As borrowers have no single counterparty, market mechanisms must incentivize 

third parties to perform liquidation transactions on accounts that have insufficient collateral. 

These liquidators must be compensated for bearing both the search cost to find 

undercollateralized accounts and the transaction fee they pay when executing the liquidation 

transaction. In a traditional leverage market, brokers bear this cost and have obvious incentives 

to do so (protecting their exposure to borrower default). In the DeFi leverage market, this cost 

is shifted to borrowers via the liquidation incentive (or liquidation penalty), which is currently 

set at 8% of the liquidated amount. In the absence of transaction fees, the liquidation incentive 

could be arbitrarily small and liquidations would still occur. Given large transactions fees, these 

penalties must also be large to incentivize liquidators.  

 I begin my analysis by testing the propensity of leveraged traders to rebalance their 

positions in the face of high and volatile transaction fees. Utilizing fixed-effect linear 

probability and logistic specifications, I show that traders with higher-value leveraged positions 

manage their positions more actively. A one standard deviation increase in the size of a trader’s 

position is associated with an increased daily propensity to rebalance of 1.3% (average 

marginal effect). This is consistent with the notion that traders treat transaction fees as fixed 

costs, which are a greater burden on smaller operations. Meanwhile, a one standard deviation 

increase in transaction fees is associated with a decreased daily propensity to rebalance of 

6.0%.  
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 However, this pooled specification does not do justice to the effects of transaction fees 

in relation to the size of position held by traders. All else equal, the effect of increased 

transaction fees should be large for a lower-value trader and negligible for a higher-value 

trader. To capture this differential effect, I separate accounts into deciles for each day based on 

the total value of their positions, then pool these deciles to form 10 unique subsamples. 

Repeating the analysis on these subsamples, I show that, as expected, higher value accounts 

are less sensitive to blockchain transaction fees. From decile 4 to decile 10, the magnitude of 

the fee coefficient decreases monotonically, becoming entirely insignificant in the highest 

value decile. However, trader sensitivity to fees increases from decile 2 to decile 4 subsamples. 

This result is puzzling, as fixed costs should be a greater burden on smaller operations.  

 I argue that this is indicative of non-linear sensitivity to fees based on the relative value 

of accounts. A general lack of response from lower-value traders to changes in transaction fees 

is plausible if contemporaneous fee levels entirely price these traders out of the market. 

Following this logic, a decrease in transaction fees will illicit no response from traders so long 

as the transaction fee outweighs the transaction benefit. Measuring transactional benefits is 

subjective for most types of transactions, but the value of reversing a leveraged position is 

clear. To reverse their position, the trader simply repays the borrowed asset(s) and then claims 

the collateral asset(s). All loans in the market are overcollateralized, so the benefit of this 

transaction to the trader is simply the positive difference in these values. Thus, the Net Reversal 

Benefit would be this difference minus the expected transaction fee. 

 If the transaction benefit when reversing the leveraged position is less than the 

blockchain transaction fee, Net Reversal Benefit will be negative. Such traders are effectively 

priced out of the market until Net Reversal Benefit becomes positive. For example, consider a 

trader that collateralizes $125 of ETH (a risky cryptoasset) and borrows $100 of USDC (a 
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stablecoin pegged to the USD). Reversing this leveraged position would lead to a gain in 

liquidity of $25 before the transaction fee. If the transaction cost of such a reversal is $40, then 

the trader would never perform the transaction (their Net Reversal Benefit would be -$15). Even 

if the transaction fee fell to $30, this trader would still be priced out of the market (with a Net 

Reversal Benefit of -$5). For expositional purposes, I consider such accounts to be temporarily 

abandoned.  

 Consistent with this explanation, I show that a decreasing proportion of observations in 

the decile 1 to decile 6 subsamples have a negative Net Reversal Benefit. By this measure, a 

significant portion of market participants on Compound are frequently priced out of the market 

due to high blockchain transaction fees. The steady rise in Ethereum transaction fees observed 

towards the end of 2020 led to about 30% of leveraged traders falling into the category of 

“temporary abandonment.” Moreover, following a particularly large jump in transaction fees, 

more than half of traders experienced a negative Net Reversal Benefit.  

 These findings suggest that blockchain transaction fees can be entirely ignored by the 

wealthiest participants, and yet at the same time they may price out nearly half of the other 

market participants. While fixed costs are not a new concept in finance, the extreme volatility 

in blockchain transaction costs are uniquely damaging to small traders. On the surface, this 

might simply be priced as an additional market risk. However, it also seems unlikely that half 

of all leveraged traders expected to have their positions priced out of the market. While the 

absence of a monopolistic intermediary provides the benefits of inclusivity and lack of 

censorship to users (Harvey et al., 2021), this decentralization comes at a cost: blockchain 

transaction fees. My findings suggest that, while not explicitly excluded from transacting, a 

good portion of leveraged traders are effectively excluded by high and volatile transaction fees. 



6 
 

This highlights the limitations of blockchain technology in its current state, complementing 

other recent research (Hinzen, John, and Saleh, 2022).  

 Blockchain transaction fees also necessitate a liquidation incentive such that third 

parties are induced to perform liquidation transactions on positions with insufficient collateral. 

This incentive, captured by liquidators from leveraged traders, is a cost unique to the DeFi 

lending market. To identify the effect of the liquidation incentive on borrower behavior, I 

exploit a structural change in Compound’s liquidation incentive. March 12th, 2020, is often 

called cryptocurrency’s “Black Thursday.” Cryptocurrency markets appeared to suddenly 

collapse, with Bitcoin prices falling by almost 50% before recovering slightly. In response to 

this realization of systemic risk, the liquidation incentive on Compound was increased from 

5% to 8% of the liquidated amount.  While this change affected all leveraged traders, it 

disproportionately impacted traders with riskier positions. Traders with leveraged positions 

close to the liquidation threshold (i.e., lower margin) were more exposed to this policy change 

than traders with safer positions, who were unlikely to face a liquidation regardless of the 

change in liquidation incentive. Utilizing this heterogeneous exposure to the change, I employ 

a difference-in-differences empirical strategy to isolate the causal effect of the liquidation 

incentive on borrower behavior.  

 The difference-in-differences analysis confirms that leveraged traders with riskier 

positions are disproportionately affected by the increased liquidation incentive. Following the 

change, traders that utilized more than 50% of their maximum borrowing power (riskier 

positions) significantly reduced their leverage, taking more conservative positions after the 

event. On average, such risky traders reduced their borrowing utilization by roughly 8% (a 

relative reduction of 12%). As the liquidation incentive is a proportional cost to borrowers, this 

effect is stronger amongst borrowers with larger positions. Confining the sample to traders with 
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positions valued at over $10,000, risky traders reduced their borrowing utilization by 11% (a 

relative reduction of 16%) following the change in liquidation incentive.  

 The behavior of leveraged traders in the face of the liquidation incentive has interesting 

policy implications. Empirical and theoretical evidence suggests that leveraged traders are a 

source of market volatility (Hardouvelis, 1990; Hardouvelis and Theodossiou, 2002; 

Chabakauri, 2013; Rytchkov, 2014). However, the effects of regulatory constraints (such as 

margin requirements) on systemic risk are unclear.2 The liquidation incentive in the DeFi 

lending space induces only leveraged traders with riskier positions to take less leverage, while 

traders with safer positions are unaffected. A policy such as a liquidation incentive is appealing 

in this regard as it only constrains highly leveraged traders who are likely the primary 

contributors to systemic risk, while more conservative traders are not affected. 

 My findings contribute to a growing literature on blockchain and decentralized finance. 

Within the DeFi space a number of recent papers study AMMs, primarily focusing on 

blockchain-related market mechanisms and their efficacy compared to that of centralized 

exchanges (Lehar and Parlour, 2021; Capponi and Jia, 2021; Barbon and Ranaldo, 2021; 

Angeris and Chitra, 2020; Angeris et al., 2021; Park, 2022; Aoyagi, 2020). Lehar and Parlour 

(2022) study DeFi lending markets, documenting the price impact of liquidation transactions 

occurring on the Compound and Aave platforms. My analysis differs considerably from that 

of Lehar and Parlour (2022), as I consider the effects of DeFi related market frictions on the 

behavior of leveraged traders.  

 
2 The literature on the effect of margin requirements on market volatility provides mixed and often conflicting 
findings. Older research, such as that of Hsieh and Miller (1990), suggests that lower margin requirements do 
not lead to increased market volatility, contrasting with the findings of Hardouvelis (1990). Hardouvelis and 
Theodossiou (2002) reconcile these findings, suggesting that increased margin requirements reduce volatility in 
normal and bull markets, but have no effect in bear markets. More recent theory suggests that more leverage and 
lower margin requirements increase market volatility (Chabakauri, 2013; Rytchkov, 2014). 
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 Closely related are papers examining blockchain transaction fees and their effects (both 

realized and potential) on blockchain markets (Hinzen et al., 2022; Easley, O’Hara, and Basu, 

2019; Huberman, Leshno, and Moallemi, 2021; Chiu and Koeppl, 2019; Lehar and Parlour, 

2020; Makarov and Schoar, 2020; Pagnotta, 2022). The observed rise in blockchain transaction 

fees on traditional proof-of-work platforms (i.e., Bitcoin and Ethereum) has likely contributed 

to the growing popularity of other blockchains with alternative consensus protocols that scale 

more efficiently (Irresberger et al., 2021). Other consensus protocols, such as proof-of-stake, 

are studied by Saleh (2021) and John, Rivera, and Saleh (2022). A natural extension of this 

research would be a study of DeFi lending platforms on blockchains that have a higher 

transaction capacity than Ethereum (i.e., Solana).  

 Given that Compound’s liquidation incentive effectively disciplines risky leveraged 

traders, my work also ties into policy related research which examines the effects of leveraged 

trading on systemic risk. Hsieh and Miller (1990), Hardouvelis (1990), and Hardouvelis and 

Theodossiou (2002) empirically test the effect of initial margin requirements on market 

volatility. There is a general consensus that leveraged traders do contribute to the overall 

systemic risk of the market, though there is some debate as to the effectiveness of regulating 

margin requirements. Chabakauri (2013) finds a positive relationship between leverage and 

stock return correlations and volatilities. Similarly, other research finds that tighter leverage 

constraints lead to a flatter security market line and lower betas (Jylh¨a, 2018; Frazzini and 

Pedersen, 2014). 

 The remaining chapter is organized as follows. Section 2 presents relevant institutional 

details about Compound. Section 3 describes the data and presents summary statistics. Section 

4 describes the empirical methodology and results pertaining to the sensitivity of leveraged 
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traders to blockchain transaction fees. Section 5 presents the difference-in-differences 

methodology used to examine the effect of Compound’s liquidation incentive, along with the 

results, robustness tests, and alternate specifications. Section 6 contains my concluding 

remarks.  

2. Institutional Details 

 The term DeFi “lending” application is somewhat misleading here, as borrowers in this 

market do not gain liquidity. Instead, all loans are overcollateralized; borrowers use a larger 

value of one asset to borrow a smaller value of another asset. Traders may then achieve a 

leveraged position by swapping (via AMM or other outside exchange) the borrowed asset for 

more of the collateral asset. This results in a leveraged long position in the collateral asset and 

a leveraged short position in the borrowed asset.  

2A: Collateral Factor and Leveraged Position 

The Compound lending platform is a market of liquidity pools. Users lend to the pools 

either to earn interest on their lent assets and/or to collateralize the lent assets to gain the right 

to borrow. Borrowers are thus also lenders in the market, contributing to the overall liquidity 

of the pool. Lenders who collateralize their assets are allowed to borrow an amount up to the 

value of their collateral asset times a certain percentage. This percentage, called the collateral 

factor, governs the amount of borrowing power, and thus leverage, the trader may achieve. The 

collateral factor ranges between 0% and 85% across different assets traded on Compound.  

To further understand the market mechanisms and leveraged trading, consider the 

following example. A trader collateralizes $125 of asset X which has a collateral factor of 0.8. 

This allows him to borrow 100 ($125 × 0.8) of asset Y and then proceed to swap asset Y for 

more of asset X utilizing an outside exchange (not on the Compound platform). Thus, the trader 

has $225 of long exposure to asset X and $100 of short exposure to asset Y after a single 
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iteration of this process. It is important to note that the trader could repeat this process infinitely 

(collateralizing the $100 of asset X and borrowing another $80 worth of asset Y, swapping this 

for $80 of asset X, collateralizing the $80 of asset X, ad infinitum) and achieve a theoretical 

maximum long exposure to asset X of $125
(1−0.8)

= $625 and short exposure to asset Y of $100
(1−0.8)

=

$500. Figure 1 describes how a leveraged trader might take a long (short) position in wrapped 

Ether, WETH, by borrowing (supplying) a stablecoin, USDC. While technically each position 

has both a long and short component, the position in USDC should have no variance or 

expected return assuming stablecoins are actually stable.3  

2B: Account Health and Liquidation 

In the above example, the trader utilizes 100% of their borrowing power. The health of 

this account would be 1. Account health is calculated as the borrowing power of the account 

divided by the account’s liabilities (what the trader borrows). Effectively, the account health 

statistic is a minimum maintenance margin normalized to 1. In practice, it is unwise to maintain 

a position with a health of 1, as cryptoasset prices are notoriously volatile. If the value of the 

collateral asset decreases or the value of the borrowed asset increases, the account health will 

fall below 1 and the trader will immediately be subject to a liquidation transaction. In a 

traditional market for leverage, brokers execute liquidation transactions when traders fail to 

meet the minimum margin requirements. Brokers are uniquely situated to perform the 

liquidation (typically reversing the leveraged trader’s position) and have obvious incentives to 

do so: to mitigate their exposure to counterparty default risk. With no such counterparty in the 

decentralized lending space, market mechanisms must incentivize third parties to perform this 

liquidation transaction. This incentive is called the liquidation incentive.  

 
3 The actual “stability” of stablecoins is called into question by several recent papers (Griffin and Shams, 
2020; d’Avernas, Maurin, and Vandeweyer, 2022; Li and Mayer, 2022).  
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Third party liquidators may execute liquidation transactions for any accounts with a 

health value less than 1 (accounts with liabilities exceeding their borrowing limit). For such 

accounts, the liquidator repays 50% of the liabilities, then claims that value from the account’s 

collateral plus an 8% liquidation incentive. As loans are overcollateralized, this transaction 

increases the account’s health. The liquidation incentive market mechanism is unique to the 

DeFi leveraged trading environment.  

Again, consider the above example in which a trader collateralizes $125 of asset X (with 

a collateral factor of 0.8) and borrows $100 of asset Y. Now suppose the value of asset X 

decreases by 4% while the value of asset Y remains constant. The health of the trader’s account 

is $120×0.8
$100

= 0.96 following the change in price, thus the account is subject to a liquidation 

transaction. A liquidator would then repay 50% of the account’s liabilities, $50 of asset Y, and 

claim that amount plus the 8% liquidation incentive from the account’s collateral, asset X, $54. 

Following the liquidation transaction, the trader’s account has $66 worth of asset X as 

collateral, and $50 worth of asset Y as a liability; the liquidation transaction mechanically 

increases the account health to $66×0.8
$50

= 1.056. Figure 2 illustrates this example. The 

liquidation incentive in this case is worth $4 to the liquidator. It is important to note here that 

the liquidator bears the blockchain transaction fee for initiating the liquidation transaction and 

would rationally ignore such a liquidation opportunity if the transaction fee is greater than $4.  

2C: Interest Rates and C-Tokens 

Apart from blockchain transaction fees and (potential) liquidation incentives, leveraged 

traders also face an interest rate cost. When lending, lenders receive c-tokens (or compound-

token) corresponding to the underlying lent asset. For example, lending USDC results in the 

lender receiving cUSDC (compound USDC). The exchange rate between the c-tokens and 

underlying asset increases over time at the pace of the interest rate for lending the underlying 
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asset. Thus, when lenders reclaim their lent assets by exchanging their c-tokens they also claim 

the accrued interest.  

The pace at which a c-tokens’s exchange rate increases (the interest rate) is determined 

using a formula with a single input variable: the borrowing utilization of the underlying asset. 

Utilization is simply the percent of the total supplied asset that is borrowed by traders. The 

interest rate formulas are such that higher utilizations yield higher interest rates. Each asset has 

a unique interest rate formula, and most are not monotonic. With the exception of a few assets 

(i.e., ETH, BAT, and ZRX), interest rate formulas have a “kink” at 80% utilization, after which 

the slope of the interest rate with respect to the utilization of the asset increases substantially. 

For example, the supply interest rate for USDC at 60%, 70%, 80%, 90%, and 100% utilizations 

are 2.10%, 2.87%, 3.77%, 16.77%, and 34.74% APY, respectively.  

Borrowers pay a borrow interest rate that is slightly higher than the supply interest rate. 

The difference in the borrow and supply interest rate is added to the liquidity pool as permanent 

liquidity, offsetting the risk that liquidators will ignore certain low-value accounts with health 

less than 1 in times of high transaction fees. The difference between the borrow and supply 

interest rates is called the reserve factor, which ranges between 7% and 25% across assets 

traded on Compound.  As borrowers are also lenders given their collateral asset(s), the cost to 

maintain their leveraged position is simply their realized borrow interest rate minus their 

realized supply interest rate.  

 

2D: Transaction fees on Ethereum 

Compound operates on the Ethereum blockchain, which has a unique method of 

calculating transaction fees using units of gas. Gas is a metric of how much “work” is required 

to process a transaction. A simple transfer of Ether from one account to another will use less 
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gas than a more complex transaction, which might invoke smart contract code (such as 

transactions using the Compound application). Whereas a simple transfer uses roughly 21,000 

gas, different types of transactions on Compound could use an order of magnitude more than 

that. Table 1 presents the estimated gas usage for different types of transaction on Compound.  

 Transaction fees are paid in Ether (ETH), the underlying cryptocurrency on the 

Ethereum blockchain. The price in Ether per single unit of gas is called the gas price, which is 

typically measured in GWEI. GWEI is the smallest unit of Ether, one billionth of one ETH. 

Users may select their own gas price when making transactions, however they must do so 

judiciously as each block has a gas limit governing the maximum number/aggregate-

complexity of transactions recorded within it. Miners/validators responsible for recording 

transactions on the blockchain therefore record transactions in descending order of gas price. 

This means that in times of high transaction demand users that post a lower gas price will not 

have their transaction recorded in the current block. Therefore, users compete to have their 

transactions recorded first by offering higher transaction fees. This competition has led to times 

of very high transaction fees. 

 

3. Data and Summary Statistics 

3A: Data Sources and Sample 

I collect account-level data for the population of leveraged traders utilizing the 

Compound application on the Ethereum blockchain. This is gathered using the Compound 

Finance public API.4 Utilizing this API, I determine the “closing block” for each day (the last 

block recorded before 0:00 UTC) and collect the historical account-state variables associated 

with this block. For each individual account (trader), I record the borrowing and collateral 

 
4 https://docs.compound.finance/v2/api/ 
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positions in 18 different assets traded on the Compound platform along with the overall health 

factor of the account.  

I supplement this account-level data with market-level data, also from the Compound 

Finance public API. Similarly, I collect daily asset-pool-level data for the 18 traded assets, 

including the borrow/supply interest rates, liquidity supplied and borrowed, reserve values, 

asset to Ether exchange rate, and collateral factors. These are used to calculate important 

intermediate daily asset-level variables, such as the utilization rate of assets, asset to USD 

exchange rates, and the realized supply interest rate (the supply interest rate × utilization).  

Combining the asset-level and account-level daily data, I calculate additional relevant 

account-level measures. The dollar value of each asset supplied and borrowed is calculated for 

each account, along with the net interest rate faced when maintaining the position. I also 

calculated portfolio weights based on the implied long-short portfolio of each position (with 

collateral asset representing the long position and the borrowed asset representing the short 

position). These portfolio weights are used to measure the daily standard deviation (volatility) 

of the long-short portfolio return, calculated each day using the preceding 30 days of daily asset 

returns.  

 The sample of asset-level daily data covers the period from 05/07/2019 to 12/15/2021 

(954 days). The account-level daily data covers the period from 05/07/2019 to 10/26/2020 (539 

days).5 I exclude accounts with health values below 0.9, as these are very low-value positions 

which are effectively abandoned by their traders and ignored by liquidators. I also exclude 

accounts with health values greater than 10. Such accounts utilize less than 10% of their 

 
5 The account-level sample ends on 10/26/2020 as the Compound Finance API cannot access historical block-
level account-states after this date. This is likely because the number of accounts and size of data exceeded the 
limitations of the hardware and/or software used to host the public API. To extend the dataset to include more 
recent periods require access to a local Ethereum archival node (renting access would be prohibitively expensive 
given the number of requests required and the size of the ideal dataset). 
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borrowing power and ostensibly represent lenders, not leveraged traders. Following these 

restrictions, the sample consists of 906,917 account-day observations, corresponding to 12,386 

unique accounts.  

I supplement these data with the average daily gas price on the Ethereum blockchain, 

collected from ycharts.com. This is the average fee paid, measured in GWEI, for a single unit 

of gas based on all recorded transactions within a given day. As GWEI is a unit of Ether, I 

convert this gas price into the average daily price for one gas in USD (USD GWEI). This can 

be used to estimate the average daily cost of specific types of transactions on Compound, based 

on the amount of gas they use.  

3B: Summary Statistics 

The Compound lending platform has experienced enormous growth during the last few 

years, with the value of supplied assets surpassing $20 billion in 2021, with close to $10 billion 

in borrowed assets. This growth is documented in Figure 3. Table 2 presents asset-level 

summary statistics. Historically, the most supplied assets are ETH, USDC, DAI, and 

WBTC/WBTC2. Of interest is the mean utilization of stablecoins, which is an order of 

magnitude higher than that of most other assets. The high demand to borrow stablecoins is 

indicative of the popularity of leveraged long positions in risky cryptoassets, particularly in 

Ether and Bitcoin, over my sample period. The overwhelming long interest in this period is not 

surprising given the meteoric rise in Bitcoin and Ethereum prices.  

Collateral factors, though generally constant, have occasionally been adjusted. Two 

assets, Tether and TUSD, maintain a collateral factor of zero; traders cannot gain any 

borrowing power by using them as collateral. However, this does not mean there is no incentive 

to lend them. Suppliers of stablecoins have realized interest rates upwards of 22% APY in times 

of high demand for their assets. In contrast, the maximum interest rate earned for supplying 
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ETH over this period is roughly 1.2%, also indicative of the overwhelming long ETH interest 

during this period.  

Table 3 presents borrower-level sample summary statistics. Generally, most accounts 

have aggressively leveraged positions, with a median health of 1.56 (64% of borrowing power 

utilized). Moreover, the distribution of account values (measured as the sum value of an 

account’s borrowed and supplied assets) is highly skewed, with a mean value of $382,556.50 

and a median value of $869.77. This implies that a smaller number of wealthy traders are 

responsible for the majority of borrowing in the market.  

The cost to maintain a leveraged position is the Net Interest Rate, which is the realized 

borrow interest rate minus the realized supply interest rate for the traders’ assets. Both the 

mean and median Net Interest Rate in my sample are relatively small, 1.1% and 0.9% 

respectively. This suggests that the interest earned on traders’ collateral assets generally offsets 

the cost of interest accrued on their borrowed assets. In fact, the interest earned on collateral 

assets can entirely outweigh the interest cost from the borrowed assets for some accounts. The 

minimum Net Interest Rate in the sample is -23.7%, which implies that the trader was earning 

23.7% APY while holding their leveraged position. This is not the case for traders who borrow 

assets in high demand, who face up to a 15.5% APY maximum interest rate in the sample. It is 

important to remember here that these interest rates are dynamic. Measured daily within my 

sample, rates typically do not remain at very high levels for long periods. A higher cost to 

borrow an asset leads to lower borrowing demand and a higher supply (as lenders capture this 

interest rate).  

4. Transaction Fees – Descriptive Analysis 

 I begin with a descriptive analysis of the effect of blockchain transaction fees on the 

behavior of leveraged traders. Leveraged traders face volatile fixed costs in the form of 
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blockchain transaction fees (gas). While the amount of gas a transaction will use will be fixed 

over time, the market price for gas is not. As transactions are recorded by miners in descending 

order of gas fees, Ethereum users compete to be recorded first by a higher per-unit price of gas 

for their transactions. This competition is a source of fee volatility, as transactional demand is 

not constant. These transaction costs are also independent of the value of transactions; a $10 

transfer would use the same amount of gas as a $10 million transfer. Given this property, I 

expect that leveraged traders have decreasing sensitivity to transaction costs as the size of their 

leveraged position increases. If this is the case, I expect to find that higher-valued accounts 

manage their leveraged positions more actively and take riskier positions (positions with health 

closer to the liquidation threshold). 

4A: LPM and Logistic Specification 

To validate this hypothesis, I test the effects of gas prices and borrower account size on 

the propensity of a leveraged trader to update/rebalance their position. I fit the following linear 

probability model:  

update𝑖𝑖,𝑡𝑡 = α + β1gas_pricet +  β2total_value𝑖𝑖,𝑡𝑡 + Xi,t′ δ + ηi + ϵ𝑖𝑖,𝑡𝑡 

( 1 ) 

where update𝑖𝑖,𝑡𝑡 is a dummy variable equal to 1 if trader i rebalances their position on day t, 

gas_pricet is the average daily cost in USD of one unit of gas, total_value𝑖𝑖,𝑡𝑡 is the value (in 

USD) of trader i's collateral plus borrowed assets, and Xi,t′  is a vector of control variables, 

including the health of the trader’s account, the volatility of the trader’s leveraged portfolio, 

and the net interest rate paid by the trader for maintaining the position (interest paid on 

borrowed asset(s) minus interest earned on supplied asset(s)). Account-level fixed effects are 

denoted by ηi. Standard errors are clustered at the account (trader) level, and all variables are 

standardized with mean 0 and standard deviation of 1 to allow for more intuitive interpretations. 
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To address some of the shortcomings of the linear probability model, I also present a 

logistic regression version of the above specification. Interpreting the coefficients of the linear 

probability model is difficult, as they are confounded by the account fixed effects. The 

interpretation of the average marginal effects, calculated from the logistic specification, is more 

straightforward in this regard as the fixed effects are suppressed. Because the independent 

variables are standardized, the average marginal effect coefficients can be interpreted as the 

average predicted change in propensity of the (marginal) trader to rebalance their position given 

a one standard deviation increase in the associated independent variable. A shortcoming of the 

fixed effects logistic approach is that groups (accounts) with no variation in the dependent 

variable (the update dummy) must be dropped prior to estimation. Practically, this means that 

roughly 8% of accounts (representing 0.2% of the observations) are dropped from the sample. 

The majority of these are very low-value accounts that never rebalance.  

Table 4 presents the results from the fixed effects linear probability and logistic 

specifications. The results from the two specifications are consistent in terms of significance 

and direction of the predicted effects. A one standard deviation increase in transaction fee cost 

is associated with a 6% decreased propensity to rebalance a leveraged position. Conversely, a 

one standard deviation increase in the total value of a position predicts a 1.3% increased 

propensity to rebalance that position. These results are relatively intuitive and thus far 

consistent with the idea that traders are generally sensitive to transaction costs and that higher-

valued accounts manage their positions more actively. 

4B: Decile Analysis 

However, the pooled specification does not do justice to the effects of transaction fees 

in relation to the size of position held by traders. All else equal, the effect of increased 

transaction fees should be larger for a lower-value trader and negligible for a higher-value 

trader. The relative sensitivity to fees based on the size of the traders’ positions is easily 
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measured by categorizing traders based on the size of their positions. Thus, I repeat the above 

analysis after breaking the sample into value deciles. Within each day, I separate accounts into 

deciles based on the total value of their positions, then pool these deciles to form 10 unique 

subsamples.  

The resulting summary statistics, presented in Figure 3, are illuminating. The 

unconditional propensity of traders to rebalance their positions increases significantly with the 

relative value of their leveraged position. Notably, in decile 1 this propensity is almost zero, 

suggesting that 10% of the market participants almost never rebalance. Conversely, within 

highest value decile, market participants have a daily propensity to update their positions of 

20%, suggesting that they rebalance (on average) once every five days. There is an opposite 

trend when the mean health within each decile is considered. The health of lower value 

accounts is greater than that of higher value accounts, suggesting the wealthier traders take 

relatively more leverage (riskier positions).  

To describe the effect of fees based on the value of traders’ positions I perform the same 

fixed-effect logistic analysis for each subsample, re-standardizing the variables within deciles. 

I exclude analysis of decile 1, as there is a relative lack of variation in the outcome variable 

(traders do not update their positions). The results from this specification are presented in Table 

5. From decile 4 to decile 10, the sensitivity of leveraged traders to transaction fees 

monotonically decreases and becomes insignificant within the highest value subsample. This 

is consistent with the idea that blockchain transaction fees disproportionately affect traders with 

less capital, while those with more capital more actively manage their leveraged positions. 

However, from decile 2-4 the sensitivity to fees is increasing with the size of the leveraged 

position. This is somewhat counterintuitive, as fixed costs (transaction fees) should be a greater 

burden on smaller operations.  
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4C: Temporary Abandonment of Accounts 

The most obvious explanation for this trend is that the USD_GWEI coefficient estimates 

are very imprecise within the first few value deciles, given the relative lack of variation in the 

outcome variable Update. As the results presented in Table 5 are purely descriptive, there is no 

obvious solution to this problem. Another possible explanation for this perplexing trend is a 

non-linear sensitivity to fees based on the value of accounts. A general lack of response within 

lower-valued accounts to changes in transaction fees is plausible if contemporaneous fee levels 

entirely price these accounts out of the market. If this is the case, we would rationally expect 

such traders to have no response to changes in transaction fees below a certain threshold (i.e., 

a coefficient of 0).  

To further illustrate the latter explanation, recall the earlier example of a trader that 

collateralizes $125 of ETH and borrows $100 of USDC. The gross benefit the trader enjoys 

when reversing their position is $25, and thus it is arguably rational for this trader to perform 

the reversal transaction as long as the transaction cost does not exceed the transaction benefit. 

However, the trader will be entirely insensitive to changes in transaction fees as long as they 

are above $25, as there is no observable or distinguishing action taken by traders that are “a 

little out of the money” versus “way out of the money.” In such cases, the account can be 

considered temporarily abandoned until the transaction fee falls below $25.  

 

But how pervasive is this problem? In order to explain the rising fee coefficients in 

Table 5 from deciles 2-4, a decreasing proportion of observations within the decile 2 to decile 

4 subsamples should be “priced out” of the market. The point at which a trader is “priced out” 

is when the cost of transacting exceeds the benefits of transacting. While the cost of transacting 

is relatively easy to estimate using the average daily cost of gas and the gas usage of different 
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types of transactions on Compound (outlined in Table 1), the benefit is more difficult to 

measure for most types of transactions. In this regard, considering only reversal transactions is 

attractive, as the reversal benefit is simply the difference between the collateral and borrowed 

value of the traders’ assets. Thus, I calculate the Net Reversal Benefit for each account day 

observation in my sample as follows: 

Net_Reversal_Benefit𝑖𝑖,𝑡𝑡 = Collateral_Value𝑖𝑖,𝑡𝑡 − Borrowed_Value𝑖𝑖,𝑡𝑡 − Feet 

( 2 ) 

A simple reversal transaction uses roughly 340,000 gas (90,000 to repay the borrowed asset 

plus 250,000 to reclaim the collateral asset). Feet is then calculated based on the average USD 

price for one gas in day t times 340,000 gas. There is appealing time series variation in the 

estimated transaction fee for a reversal transaction, ranging from $0.41 to $72.99 in the sample.  

I consider the fraction of accounts with negative Net Reversal Benefits over time. This 

is a conservative cutoff, as it would be irrational for a trader to reverse a leveraged position if 

the transaction resulted in a net loss of liquidity, and therefore likely inefficient to rebalance 

the position in any other way. Figure 5 graphs the proportion of such accounts over time, along 

with the contemporaneous estimated cost of reversing a leveraged position. The fraction of 

temporarily abandoned accounts (those with a negative Net Reversal Benefit) remains 

significantly positive throughout the sample spiking to 50% following a sharp increase in 

transaction costs. For most of 2020, greater than 20% of accounts fall into this category.  

The description provided by Figure 5 suggests that a good portion of lower-value 

traders are entirely priced out of the market and forced to temporarily abandon their positions. 

To relate the above figure to my decile analysis, I consider the percent of account-day 

observations below zero Net Reversal Benefit in each value decile. Within value decile 1, 

99.9% of observations fall below this threshold, further validating the choice to exclude this 
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from the decile logistic analysis. 89.4% of observations in decile 2, 42.2% of observations in 

decile 3, and 4.0% of observations in decile 4 also have a negative Net Reversal Benefit. Finally, 

0.3% and 0.1% of observations fall into this category in decile 5 and decile 6 respectively, 

while the remaining deciles contain no observations with a negative Net Reversal Benefit. This 

trend is consistent with the latter explanation for the results from the decile logistic analysis; a 

significant proportion of traders are insensitive to fees because they are already entirely priced 

out of the market.  

 Though my analysis of blockchain transaction fees offers no causal inference, the 

results are descriptive of the current state of DeFi technology. The extreme volatility in 

blockchain transaction costs is uniquely damaging to small traders. Though it is tempting to 

characterize this as just another market risk, it is hard to justify the argument that roughly half 

of all market participants expected to have their positions priced out of the market. It is entirely 

possible that early users of Compound failed to fully anticipate the true volatility of transaction 

fees on the Ethereum blockchain. Regardless, these findings highlight the limitations of DeFi 

technology in its current state. Moreover, the implications of temporarily abandoned leveraged 

trading accounts clashes with several of the fundamental ideals of decentralized blockchain 

systems: inclusivity and a lack of censorship.  While not explicitly excluded from transacting, 

a good portion of leveraged traders are effectively excluded by high and volatile transaction 

fees.  

5. The Causal Effect of Compound’s Liquidation Incentive 

 Brokers perform liquidation transactions in the traditional market for leveraged trading. 

Brokers have obvious incentives to monitor leveraged trader accounts and perform these 

liquidation transactions, as they are the counterparty to the leveraged traders’ loans. This cost 

is shifted to borrowers via the liquidation incentive in the DeFi leverage market. This DeFi 

market mechanism incentivizes third parties to monitor leveraged trading accounts on 
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Compound and perform liquidation transactions on accounts with insufficient collateral (health 

values less than 1). 

5A: Difference in Differences Specification 

March 12th, 2020 is coined cryptocurrency’s “Black Thursday,” as Bitcoin prices fell 

by almost 50% before recovering slightly. In response to this realization of systemic risk, the 

liquidation incentive on Compound was increased from 5% to 8% within Ethereum block 

number 9,683,141 on March 16th, 20206. While this change affected all leveraged traders with 

borrowing positions, it disproportionately impacted traders with riskier positions. For example, 

a trader with an account health of 1.25 is utilizing 80% of their borrowing capacity and is more 

likely to face a liquidation (and the subsequent liquidation incentive) than a trader with an 

account health of 5 who is utilizing only 20% of their borrowing capacity. Given this 

heterogeneous exposure to liquidation incentive change, I conduct a quasi-natural experiment 

to test the effect of the policy change on risky borrowers.  

I designate all traders who utilize more than 50% of their borrowing capacity as risky, 

creating a dummy variable equal to 1 if account health is less than 2.  To test the effect of the 

liquidation incentive change, I consider the account health level at the time of rebalancing. 

While account health will naturally vary over time with borrowed and supplied asset exchange 

rates, traders implicitly choose a level of health at the time of rebalancing. Thus, the subsample 

including only accounts that have updated their positions in a given day may provide unique 

insight into the choices and behavior of leveraged traders.  

To measure the effect of the change in liquidation incentive, I employ the following 

difference in differences specification:  

 
6 See transaction hash on Block 9,683,141: 
https://etherscan.io/tx/0xe477b9829951883a7e3950f41e312648a057e0cf80451d65a8915b75dbead56c\#eventlo
g 

https://etherscan.io/tx/0xe477b9829951883a7e3950f41e312648a057e0cf80451d65a8915b75dbead56c/#eventlog
https://etherscan.io/tx/0xe477b9829951883a7e3950f41e312648a057e0cf80451d65a8915b75dbead56c/#eventlog
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health𝑖𝑖,𝑡𝑡 = α + βRisky𝑖𝑖,𝑡𝑡−1 × Postt + X𝑖𝑖,𝑡𝑡′ δ + ηi + ηt + ϵ𝑖𝑖,𝑡𝑡 

( 3 ) 

where risky is a dummy variable equal to 1 if the pre-update health of the account is less than 

2, Post is a dummy variable equal to 1 in all periods after the change in liquidation incentive, 

X𝑖𝑖,𝑡𝑡′  is a vector of control variables including total account value, volatility of leveraged 

position, net-interest rate at the account level, and the daily average gas price in USD. ηi 

indicates trader fixed effects and ηt indicates day fixed effects. Observations with negative Net 

Reversal Benefit are omitted, as are accounts with health values less than 1 or greater than 10. 

Also omitted are observations before August 9th, 2019, as the parallel trends assumption is 

violated when the sample includes the formative days of the Compound platform. Standard 

errors are clustered at the account level. The estimates from this specification are outlined in 

Table 6.  

Column 1 includes the above specification with controls, but no fixed effects. Column 

2 also includes account fixed effects, while Column 3 includes both account and day fixed 

effects. The interaction term of interest is positive and significant. Interpreting the most 

stringent specification (Column 3), traders with riskier positions react to the change in 

liquidation incentive by increasing their health value by 0.17. Given the average health of 

traders categorized as risky, this corresponds to a reduction of their borrowing utilization by 

roughly 8%, or a relative reduction of 12% compared to their pre-update position.  

As the liquidation incentive is a proportional cost to borrowers, it is logical to expect 

that traders with larger positions have a greater response to the change. Column 5 and Column 

6 report the difference in differences estimates for accounts that have values greater than $1,000 

and $10,000 respectively. Consistent with this notion, traders with larger positions are more 

affected by the change. Those with positions valued at over $10,000 respond by increasing the 
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health of their accounts by 0.27, a reduction in their borrowing utilization of 11% (or relative 

reduction of 16%).  

This behavior has interesting policy implications. To the extent that leverage traders are 

a source of systemic risk, a policy such as a liquidation incentive is appealing as it only 

constrains highly leveraged traders (i.e., risky traders), while more conservative traders are not 

affected. In this sense, such a regulation more appropriately targets the source of risk.  

5B: Parallel Trends Assumption 

For causal interpretation of the above specification, a parallel-trends assumption must 

be satisfied. This means that, absent the change in liquidation incentive, the health trends of 

traders designated as risky should be parallel to the health trends of traders who are not, both 

before and after the change. As the change in liquidation incentive affects all traders, there is 

no post-event counterfactual. Despite this, I can still verify no un-parallel pre-trends exist 

between the treated and untreated groups. This may be accomplished in two ways. First, Figure 

6 plots the mean health over time of the treated group (risky) and the control group, including 

fitted lines for both subsamples.  The trend lines of these two groups are visually parallel. 

Second, I conduct a version of the difference in differences equation above in which pre-event 

period dummies are interacted with risky. The coefficient estimates are reported in Table 7. 

Consistent with the parallel trends assumption, these interaction terms are statistically 

insignificant.  

5C: Alternative Specification: Continuous Treatment 

The difference in differences estimators described above utilize a discrete 

categorization of risky vs. non-risky traders to identify the treatment effect. This approach is 

attractive as it produces results that are intuitive and easy to interpret. Moreover, the 

methodology is widely used in finance and economics literatures, making the execution and 
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tests of assumptions relatively straightforward. This said, grouping all accounts with health 

values less than 2 might not be the best approach to indicate their exposure to the change in 

liquidation incentive.  

There are two issues with the discrete categorization. First, the account health statistic 

is dependent on the collateral factor(s) of the supplied assets. Ceteris paribus, accounts that 

supply assets with high collateral factors will have a greater health value than those that supply 

assets with a lower collateral factor. This means that accounts that lend assets with a higher 

collateral factor might lose more in the event of a liquidation than accounts that lend assets 

with a lower collateral factor. For example, consider two accounts with a health value of 2. 

The first account lends $100 of an asset with a collateral factor of 0.8 and borrows $40 of 

another asset. The second account lends $100 of an asset with a collateral factor of 0.6 and 

borrows $30 of another asset. Both accounts use 50% of their borrowing power (as denoted by 

a health of 2), yet the first account is clearly more exposed to the cost of liquidation. Given an 

8% liquidation incentive, the first account would lose $1.60 to the liquidation incentive and the 

second account would lose $1.20. 

The second issue with the discrete difference in differences approach is that all 

accounts, regardless of their health, could be affected by the change in liquidation incentive. 

Thus, accounts that are not categorized as risky might not be a good counterfactual group. In 

reality, it is quite unlikely that accounts that use less than 50% of their borrowing power will 

face a liquidation. It is more likely that accounts that use slightly more than 50% of their 

borrowing power (i.e., with health factors just below 2) do not have a substantial risk of 

liquidation. This would bias the interaction coefficient towards zero in the discrete case.  

To address these concerns, I implement a continuous version of the differences in 

differences specification outlined above in Equation 3. Forgoing the risky dummy, I create a 
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new variable to measure the relative exposure of a position to the increased cost of liquidation, 

Liq_Harm_Frac, which is simply the fraction of an account’s collateral value that would be 

lost via liquidation incentive. This is calculated as follows:  

Liq_Harm_Frac𝑖𝑖,𝑡𝑡 =  
0.5 × 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑤𝑤𝑒𝑒𝑒𝑒 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑒𝑒𝑖𝑖,𝑡𝑡 ×  8%

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑒𝑒𝑖𝑖,𝑡𝑡
 

( 4 ) 

Thus, the continuous version of the difference in differences specification is modeled as 

follows: 

 Health𝑖𝑖,𝑡𝑡 = α + β Liq_Harm_Fraci,t × Postt +  Xi,t′ δ + ηi + η𝑡𝑡 + ϵi,t 

( 5 ) 

The estimates from this specification are presented in Table 8. Liq_Harm_Frac is 

standardized with mean zero and standard deviation one to allow for easier interpretation. 

Consistent with the discrete estimation, the change in liquidation incentive induces traders that 

are more exposed to the change (a higher Liq_Harm_Frac) to take less leveraged positions. 

Interpreting the most stringent fixed effects specification (Column 3), a one standard deviation 

increase in exposure to the liquidation incentive cost is associated with such traders rebalancing 

their positions after the policy change by increasing the health of their accounts by 0.204. This 

effect is stronger for traders with total account values greater than $1,000 and $10,000, reported 

in columns 4 and 5 respectively.  

While the treatment variable measuring a continuous exposure to the change in 

liquidation incentive likely better represents reality than the discrete treatment identifier, the 

estimates from continuous difference in differences specifications face several issues in terms 

of interpretation and identifying assumptions. These issues are explored by Callaway, 

Goodman-Bacon, and Sant’Anna (2021). First, interpreting the differences across different 

values of treatment (Liq_Harm_Frac) requires an assumption of a no heterogeneity in relative 



28 
 

treatment effect across different levels of treatment. Absent this assumption, estimates suffer 

from a heterogeneous treatment effect bias.  

It is also more difficult to satisfy the parallel (pre)trends assumption with a continuous 

treatment variable, as this implicitly means that trends for all levels of treatment should be 

parallel. This is impossible to display graphically without breaking the continuous variable into 

discrete groups, which arguably defeats the purpose of the continuous treatment variable. 

Figure 7 presents this graphical analysis, separating the sample into three subsamples based on 

levels of Liq_harm_frac: within one standard deviation of the mean value of Liq_harm_frac, 

greater than 1 standard deviation above the mean, and less than 1 standard deviation below the 

mean. Graphically, these three groups appear to have parallel pre-trends in health.  

 To test the parallel pre-trends assumption in a continuous manner, I also employ a 

version of the specification outlined in Equation 5 with pre-event period interactions with the 

treatment variable. These estimates are reported in Table 9. The first and third thirty-day pre-

period interactions are significant at the 95% confidence level, violating the parallel pre-trends 

assumption for the continuous specification. The results of the continuous pre-trends test are 

highly sensitive to the specification of pre-event periods. 

6. Conclusions 

 The growth of DeFi blockchain applications presents exciting opportunities for 

economists, as blockchain data are public and transparent. Taking advantage of this, I study 

how market frictions effect the behavior of leveraged traders utilizing the Compound 

application on the Etheruem blockchain. Examining extensive trader-level data, I argue that 

blockchain transaction fees, a necessary feature of decentralized blockchain markets, price out 

a significant proportion of leveraged traders. These traders are effectively excluded from 

transacting due to high transaction fees.  
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 I also examine the effect of Compound’s liquidation incentive on the behavior of 

leveraged traders. The liquidation incentive is a necessary market mechanism in the DeFi 

lending space, as there exists no intermediary to liquidated accounts with insufficient collateral. 

Thus, third party liquidators capture the liquidation incentive from borrowers in this market. 

Utilizing a difference in differences specification by exploiting a change in the liquidation 

incentive, I show that risky borrowers respond to an increased liquidation incentive by taking 

more conservative leveraged positions. 

These findings have several interesting implications. First, they highlight the 

shortcomings of blockchain and DeFi technologies in their current state. As blockchain 

transaction fees effectively exclude a portion of market participants from transacting, 

promising avenues for future research include studies of normative or positive solutions to the 

blockchain scaling problem. Furthermore, the liquidation incentive market mechanism may be 

of interest to policymakers, as it induces leveraged traders to take more conservative positions, 

with a targeted response amongst the riskiest of leveraged traders. 
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Chapter 2: The Public Blockchain Ecosystem: An Empirical Analysis 

Coauthored with Felix Irresberger, Kose John, and Fahad Saleh 

1. Introduction 

There exist hundreds of public blockchains, but the economics literature has studied 

only Bitcoin in depth. While each individual blockchain platform might not be worthy of study, 

it is unclear whether there are blockchains other than Bitcoin that deserve attention. The key 

purpose of this paper is to examine the blockchain universe to identify which elements might 

be worthy of study from an economic perspective. Our main finding is that there exists an 

exclusive set of blockchains, which we term the blockchain frontier, that could generate the 

highest user utility among all blockchains for some user type. Crucially, no single blockchain 

is optimal for all user types, and most blockchains are not optimal for any user type. Our 

blockchain frontier, by construction, excludes those blockchains that are not optimal for any 

user type, thereby highlighting those public blockchains most relevant from an economic 

welfare perspective.  

Our frontier does not necessarily equate with the set of blockchains possessing the 

highest market capitalization. Rather, our frontier identifies those blockchains that bring the 

highest utility to at least some users. As an example, a blockchain targeted for a small set of 

users could appear in our frontier but would be unlikely to possess a large market capital. In 

particular, the small set of targeted users may find the blockchain preferable to all other 

blockchains, thereby entering it into our blockchain frontier. At the same time, the small set of 

targeted users would imply low demand for using the blockchain and thus a low overall market 

capital.   

We begin in Section 2 with a broad overview of the public blockchain ecosystem. 

Immediately, it becomes clear that the universe of blockchains consists of many small 
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platforms unlikely to be of broad economic significance. Nonetheless, there is also clear 

evidence of an evolution since Bitcoin's birth in 2009. In particular, we document an explosion 

in the launching of platforms that are fundamentally different from Bitcoin, many of which 

possess nontrivial market capitalization. As an example, the number of blockchains employing 

protocols different than Bitcoin to generate agreement on ledger contents, commonly referred 

to as consensus, far outnumber those using the same protocol as Bitcoin. It is noteworthy that 

Bitcoin remains the largest blockchain in terms of market capitalization, but it is also important 

to recognize that Bitcoin does not dominate across all relevant economic quantities. Of 

particular note, Bitcoin has processed far fewer transactions than several other blockchain 

platforms. Moreover, Bitcoin possesses narrow functionality so that it has limited relevance for 

important blockchain applications such as Decentralized Finance (DeFi). As a whole, our 

empirical overview unveils a few dominant blockchain platforms but no monolithic leader, not 

even Bitcoin. To understand these empirical patterns and the economic relevance of individual 

blockchains more deeply, we turn to a theoretical framework. 

Our theoretical framework, put forth in Section 3, establishes that a blockchain user's 

welfare depends critically upon three characteristics of the blockchain: adoption, scale, and 

security. User utility increases in each of these characteristics. Adoption refers to the number 

of active users on the same blockchain platform equipped to engage in an economic interaction 

of interest. For example, if Alice would like to exchange assets without an intermediary, then 

her utility would increase in the number of active users that could serve as her counterparty as 

more such users would yield improved liquidity. More generally, a larger active user base 

improves the likelihood of finding a suitable counterparty in any economic interaction so that 

adoption increases transaction surplus and thereby enhances user utility. Scale refers to the rate 

at which transactions are added to the blockchain. We demonstrate that a higher scale enables 

not only more expeditious processing but also endogenously lowers transaction fees, thereby 
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enhancing user utility. Security refers to the likelihood that a transaction could be reversed. In 

practice, counterparties impose delays in settlement to compensate for such security risks. 

Consequently, higher security blockchains generate higher user utility because higher security 

implies shorter settlement delays.          

We empirically implement our theoretical framework in Section 4. Specifically, we 

compare existing blockchains on the dimensions of adoption, scale, and security. We find that 

Bitcoin is the most widely adopted among users seeking simple payments, but Bitcoin does not 

lead on any other dimensions. Of particular note, Bitcoin's lack of functionality renders it 

without any active user base for all economic interactions beyond payments.  

Consequently, Bitcoin has no economic value for users interested in activities such as 

DeFi transactions, gaming, gambling or data storage. We find that Ethereum leads by a wide 

margin on DeFi and narrowly over EOS on gaming. TRON leads all other platforms, even 

Ethereum, with regard to data storage and gambling applications. While Bitcoin, Ethereum and 

TRON all lead on some aspect of adoption, none lead with regard to scale.  The EOS blockchain 

leads with regard to scale which enables EOS to provide quick transaction processing at low 

costs relative to all other blockchain platforms. All of the referenced blockchains lag behind 

on security when compared to Stellar, which is the most secure blockchain. 

The purpose of our theoretical model and its empirical implementation is to identify 

those blockchains that fit within the blockchain frontier. As discussed, the blockchain frontier 

excludes any blockchain that cannot provide the highest utility among all blockchains for any 

user type. To identify this set of blockchains, we invoke one of our theoretical results from 

Section 3, which establishes that a blockchain is in the frontier if and only if it is not dominated 

by any other blockchain on several pairwise comparisons involving the key blockchain 

characteristics of adoption, scale, and security. Applying the aforementioned comparisons, we 
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find a blockchain frontier consisting of seven blockchains. The set includes all five of the 

previously referenced blockchains that lead on some characteristic: Bitcoin, Ethereum, TRON, 

EOS and Stellar. It also includes Binance Coin and Bitcoin Satoshi's Vision. 

As our theory demonstrates, a blockchain that leads on adoption for users with any 

particular economic purpose (e.g., payments, DeFi, etc.) is necessarily part of the blockchain 

frontier. Intuitively, this follows because a user who is insensitive to wait times values only the 

transaction surplus from her economic interaction, and that transaction surplus depends 

exclusively on finding a suitable counterparty. Consequently, such a user finds whichever 

blockchain leads on adoption with respect to her economic purpose to be optimal for her. This 

means that Bitcoin is best for a user desiring to conduct a simple purchase or sale so long as 

the user is sufficiently insensitive to wait times. Similarly, a wait insensitive user desiring to 

conduct a financial transaction without an intermediary (i.e., a DeFi transaction) would prefer 

Ethereum to all other blockchains, and a wait insensitive user desiring to engage in 

decentralized data storage would prefer TRON to all other blockchains. Accordingly, Bitcoin, 

Ethereum and TRON are part of the blockchain frontier. 

A blockchain that leads on scale also necessarily enters the blockchain frontier. 

Intuitively, users that are highly sensitive to waiting prefer the highest scale blockchain. Such 

users tend to be those that are interested in applications that involve a large number of actions 

such as some gaming applications. Each action in a game on a blockchain typically requires a 

transaction for that action. Thus, some gaming applications involve frequent transactions, and 

frequent transactions necessitate quick and cheap processing for each individual transaction. In 

turn, as we demonstrate in Section 3, the highest scale blockchain most appropriately suits 

these needs as it not only provides quick processing of transactions but also endogenously 

generates low transaction costs. As noted, EOS leads on scale and thus is necessarily also part 
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of the blockchain frontier. It is also noteworthy that EOS attracts a high level of gaming activity 

potentially because its scale makes it well suited for such activities. 

A blockchain leading on security does not imply its inclusion in the blockchain frontier. 

This is because counterparties internalize security risks and compensate for those risks by 

imposing settlement delays upon users. As we demonstrate in Section 3, those settlement delays 

depend not only upon the blockchain's security but also upon the rate at which blocks are added 

to the blockchain. In particular, less secure blockchains incur higher settlement delays to 

compensate for the lack of security. However, our results establish that a given level of security 

implies a settlement delay of a particular number of blocks to be added to the blockchain, not 

a specific amount of time. In turn, since users incur disutility with respect to wait times rather 

than the number of blocks, user disutility associated with settlement delays depends also on the 

block arrival rate of a blockchain. 

While a blockchain leading on security does not imply its inclusion into the blockchain 

frontier, a blockchain generating the lowest settlement delay does imply such inclusion. 

Binance Coin exhibits the lowest settlement delay and is therefore a part of the blockchain 

frontier. Binance Coin is used heavily in trading with the Binance cryptocurrency exchange. 

The low settlement delay is especially advantageous for users interacting frequently with a 

cryptocurrency exchange since the low settlement delay enables such users to trade frequently 

without lengthy interruptions.   

Stellar and Bitcoin Satoshi's Vision are also part of the blockchain frontier. These 

blockchains feature in the frontier because they perform well on several of the key blockchain 

characteristics of adoption, scale, and security. This overall performance is sufficient such that 

no single blockchain induces a higher utility than either of them across all user types and hence 

enables both to enter the blockchain frontier. 
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1A: Related Literature 

Our paper joins a growing literature on blockchain economics that began with Harvey 

(2016) and Yermack (2015, 2017). Chen, Cong, and Xiao (2019) provide an overview of that 

literature. Li, Shin, and Wang (2019), Liu and Tsyvinski (2020), Liu, Tsyvinski, and Wu 

(2022), Makarov and Schoar (2019), Shams (2020), Griffin and Shams (2020) and H¨ardle, 

Harvey, and Reule (2020) study the asset pricing dimensions of cryptoasset markets. In 

contrast, we focus on the economic features of the underlying blockchain. We empirically 

analyze blockchains employing a variety of consensus protocols, a topic that has been 

extensively studied in theoretical terms. Most studies consider PoW. Prominent studies of PoW 

include Arnosti and Weinberg (2018), Basu, Easley, O’Hara, and Sirer (2018), Budish (2018), 

Chiu and Koeppl (2018), Biais, Bisiere, Bouvard, and Casamatta (2019), Chiu and Koeppl 

(2019), Benetton, Compiani, and Morse (2019), Easley, O’Hara, and Basu (2019), Hinzen, 

John, and Saleh (2022), Huberman, Leshno, and Moallemi (2021), Saleh (2019), Alsabah and 

Capponi (2020), Cong, He, and Li (2021a), and Pagnotta (2022). Prominent studies of PoS 

include Irresberger (2019), Rosu and Saleh (2021), and Saleh (2021).  

This paper proceeds as follows. Section 2 details the major consensus protocols and 

provides a descriptive analysis of the public blockchain ecosystem. Section 3 puts forth our 

theoretical framework, while Section 4 implements that framework empirically. Section 5 

describes the blockchain frontier resulting from our empirical analysis. Section 6 concludes. 

2.  The public blockchain ecosystem: An overview 

This section provides a descriptive analysis of the public blockchain ecosystem. We 

document the existence of hundreds of public blockchains, the consensus protocols they use, 

and a stark heterogeneity in relevance, as indicated by market capital and blockchain usage. 

We first give an overview of consensus protocols and then provide evidence on the current 
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state of ecosystem with respect to them. Our results highlight and motivate the need for an 

economic framework to explain the success of very few blockchains within the ecosystem.   

2A: Institutional background on consensus protocols 

A blockchain is an electronic ledger that is distributed across a network of agents 

referred to as validators.7 Blockchain validators differ from blockchain users in that users 

submit transactions for processing on the blockchain, whereas validators determine whether 

those transactions achieve settlement. Blockchain users generally submit transactions via a 

native platform currency that we hereafter refer to as the native cryptoasset.8 For the blockchain 

to be useful for users, there must be a process by which submitted transactions achieve 

settlement. By definition, a transaction is considered settled on the blockchain only if the 

validators agree on the transaction being entered on the blockchain. Accordingly, agreement 

among validators, known as consensus, is a key concern for any blockchain. Each blockchain 

attempts to resolve that concern via a set of rules for updating the blockchain known as a 

consensus protocol. Such protocol is a technical feature that is often used to distinguish 

between different blockchain designs. For this study, we partition the space of consensus 

protocols into five groups: (1) PoW, (2) PoS, (3) Hybrid PoW/PoS, (4) DPoS and (5) 

Nonstandard protocols. The remainder of this subsection provides a brief description of each 

category. 

Proof of Work 
PoW was first introduced by Dwork and Naor (1992) as a method to disincentivize 

spam emails. PoW then gained broad attention when Nakamoto (2008) employed it as the 

consensus protocol for Bitcoin. PoW was also the most prominent consensus protocol adopted 

by early public blockchain alternatives to Bitcoin, such as Litecoin and Dogecoin. As of May 

 
7 For Bitcoin and similar blockchains, these validators are referred to as miners. 
8 For example, Bitcoin has a native cryptoasset called bitcoin, and Ethereum has a native cryptoasset called 
ether. Some blockchains, such as Ethereum, also allow for other assets to be exchanged on the platform. 
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2021, the two largest blockchains, as measured by the market value of their native cryptoassets, 

Bitcoin and Ethereum, employ PoW.  Under PoW, participating in the process of validating 

new blocks requires solving a computational puzzle.  Nakamoto (2008) argues that the 

computational complexity of this puzzle makes it difficult to change the contents of the ledger 

which in turn helps generate consensus.9   

In subsequent work, however, Biais et al. (2019) argue that persistent disagreement can 

arise on PoW blockchains. PoW has further been criticized on the grounds of requiring 

excessive amounts of resources. Mora, Rollins, Taladay, Kantar, Chock, Shimada, and Franklin 

(2018) provide empirical evidence in favor of that claim and establish that the PoW structure 

generates an exorbitant energy expenditure. These and other concerns associated with PoW 

(see, e.g., Hinzen et al. 2022) have spurred researchers on a quest to uncover alternative 

protocols. 

Proof of Stake 
PoS constitutes one of the early alternatives to PoW. King and Nadal (2012) provide 

the first PoS proposal. PoS overcomes PoW's need for exorbitant energy expenditure by 

removing PoW's computationally complex puzzle from the consensus process. The first pure 

PoS protocol was employed on the Nxt blockchain in 2013.  Under PoS, agents are randomly 

conferred the authority to validate the next block. The likelihood of being chosen depends on 

an agent's “stake” which refers to an agent's overall holdings of the native cryptoasset.10  

Hybrid PoW/PoS 
Some blockchains have attempted to combine both PoW and PoS protocols in an effort 

to capture the benefits of both protocols. The first such hybrid consensus protocol was utilized 

on the Peercoin blockchain in 2012. Since then, dozens of other blockchains have followed this 

approach. Prominent Hybrid blockchains include Dash and Decred. Both blockchains employ 

 
9 For further context regarding PoW, the interested reader can consult Biais et al. (2019). 
10 For further context regarding PoS, the interested reader can consult Saleh (2021). 
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PoW to validate blocks, but grant governance rights to agents based on their stake in the native 

cryptoasset. Such governance rights can include the right to vote on changes to the protocol or 

confirmation of the validity of blocks. 

Delegated Proof of Stake 
Both PoW and pure PoS blockchains have faced criticism for their alleged inability to 

process transactions quickly. A variant of PoS protocols known as Delegated Proof-of-Stake 

(DPoS) arose in response to this criticism. DPoS was first introduced by Daniel Larimer, the 

eventual founder of the blockchain EOS. Under DPoS, a fixed number of delegates, also called 

“witnesses,” validate new blocks. Holders of the native cryptoasset vote for delegates. Similar 

to PoS, the number of votes is assigned in proportion to holdings of the native cryptoasset. The 

relatively small and fixed number of delegates reduces the validating agent network size 

compared to traditional PoS protocols. This small network size, in theory, allows for faster 

transaction rates, as fewer agents have to converge on a common version of the ledger. 

Nonstandard Protocols  
Research on new consensus protocols is an active field. Numerous proposed blockchain 

protocols starkly differ from the protocols described above. We group these protocols and refer 

to them as Nonstandard protocols. Within this group, no single protocol is widely used. The 

most prominent public blockchains within this category are Ripple and Stellar. 

2B: Empirical evidence on public blockchains 

To provide an overview of the public blockchain ecosystem, we use cross-sectional 

data from cryptoslate.com on hundreds of public blockchains (using February 21, 2021 as 

cutoff date). 

For our analysis, we distinguish public blockchains from cryptoassets. Each public 

blockchain could possess multiple cryptoassets, but each public blockchain typically has only 
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one native cryptoasset, which is created at the inception of the blockchain.11 Cryptoslate.com 

lists a total of 2,400 different cryptoassets. Approximately one third of this set is made up of 

native cryptoassets with an aggregate market capitalization of ca. $1,594 billion, and two thirds 

consist of tokens with a total market capitalization of $203 billion. We subsequently focus on 

the 783 native cryptoassets corresponding to a unique public blockchain.12  

Figure 8 plots native asset market capitalization (on a log-scale) against blockchain 

announcement dates for the full set of blockchains listed on cryptoslate.com. The majority of 

public blockchains carries little to no value in terms of market capitalization. Half of all 

blockchains (400) exhibit a market capitalization of its native asset below $1 million or carry 

no value (e.g., as it is not traded on exchanges or has been abandoned).  There are a total of 

344 blockchains with native asset market capitalizations between $1 million and $1 billion, 

and only 39 with market capitalization above $1 billion. The latter group consists not only of 

older blockchains like Bitcoin, which may have a first-mover's advantage, but also of newer 

blockchains, such as EOS, TRON or Binance Coin. 

To distinguish between different types of blockchains, we divide the large number of 

public blockchains into groups based on the consensus protocol they employ. Table 10 

characterizes the public blockchain ecosystem by the number of counts of a particular 

consensus protocol over time until the end of 2020. Bitcoin was the first blockchain launched 

in 2009 and employs PoW as a consensus protocol. Over the years, many other public 

 
11 As an example, Ethereum has the native asset ether (ETH) but allows for the creation of many other nonnative 
assets, such as Basic Attention Token (BAT) or Maker (MKR). Nonnative assets are generally referred to as 
tokens and have been extensively studied within the initial coin offerings (ICO) literature (see, e.g., Malinova 
and Park 2018, Chod and Lyandres 2019, Davydiuk, Gupta, and Rosen 2019, Gan, Tsoukalas, and Netessine 
2020, Lee, Li, and Shin 2019, Lyandres, Palazzo, and Rabetti 2019, Howell, Niessner, and Yermack 2020, Li 
and Mann 2020, and Liu, Sheng, and Wang 2020). 
12 To identify all native cryptoassets, we cross-check the information given by cryptoslate.com with the 
existence of a block explorer and perform additional background research on the history of the blockchain in 
case the project was abandoned over time. Whenever the announcement date of a blockchain is not disclosed on 
cryptoslate.com, we take the timestamped date of the genesis block as the announcement date of the blockchain. 
We also cross-check the information on the consensus protocol employed by a blockchain disclosed on 
cryptoslate.com with additional web searches. 
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blockchains have employed PoW as their consensus protocol, the most prominent ones being 

Litecoin (LTC), launched in 2011, Ethereum (ETH), launched in 2014, or Bitcoin blockchain 

forks such as Bitcoin Cash (BCH) and Bitcoin Satoshi's Vision (BSV), launched in 2017 and 

2018, respectively. Alternative protocols such as PoS or Hybrid PoW/PoS started to gain 

significantly in numbers starting from 2014 onwards. Although nonstandard protocols started 

with blockchains such as Ripple (XRP) in 2013, we have seen the number of nonstandard 

blockchains increase dramatically from 2016 to 2018 and the new number of nonstandard and 

PoW blockchains are comparable in 2019 and 2020, respectively. Although much fewer in 

numbers compared to other protocols, DPoS blockchains such as EOS (EOS) and TRON 

(TRX) started to emerge more in 2016 and onwards. PoW no longer dominates as the choice 

for a blockchain's consensus protocol, but no specific protocol has taken PoW's dominant 

position; rather, recently launched public blockchains frequently employ alternative protocols. 

The left panel in Figure 9 shows the distribution of raw counts of consensus protocols. 

Although the number of blockchains employing PoW is highest among all protocol groups, 

alternatives such as PoS, Hybrid PoW/PoS, and Nonstandard protocols are not far behind. 

However, if we view the ecosystem through the lens of market capital share, we see a heavily 

skewed distribution of relevance. The right panel in Figure 9 shows the market capital share 

(as of February 21, 2021) of Bitcoin, Ethereum, and native cryptoassets of blockchains using 

PoW, PoS, Hybrid, DPoS, and Nonstandard protocols, respectively. Bitcoin accounts for two 

thirds of the total market capitalization of the public blockchain ecosystem, while Ethereum 

captures a 14.2% market share. DPoS captures the third largest share across these categories 

with a share of 6.3% of the total native asset market capitalization. Other PoW, PoS, and 

Nonstandard protocols' market share combined make up around 11.4% and Hybrid PoW/PoS 

based native cryptoassets have comparatively negligible market capital.  
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Figure 10 shows the distribution of market shares within each consensus protocol 

group. Within each group, most of the market capital share is captured by only a handful of 

blockchains. Other relevant PoW blockchains include Bitcoin Cash, Bitcoin Satoshi's Vision, 

Litecoin, Monero, and Dogecoin, which together capture over 75% of the market capital 

attributed to PoW blockchains excluding Bitcoin and Ethereum. Within PoS, Cardano captures 

over half of the market capital; within the Hybrid group, DASH and Decred are the most 

relevant. DPoS is highly dominated in terms of market capitalization by Binance Coin and 

Polkadot, with EOS, Tezos, and TRON together capturing less than a quarter of all market 

capitalization in this protocol group. The most important nonstandard blockchain is Ripple, 

with Stellar being a distant second.  

For the remainder of the paper, we restrict our empirical analysis to the set of 

blockchains with daily time-series of network characteristics (e.g., number of on-chain 

transactions, active addresses, block counts) available on coinmetrics.io. This subsample is 

small in numbers but already represents the majority of the overall public blockchain universe 

(ca. 99% of market capital of native cryptoassets and 88.6% of all cryptoassets, including 

tokens, listed on cryptoslate.com). The sample blockchains' names and announcement year, 

market capitalization, the sum of all transaction counts since inception and share of all 

transaction counts across the sample are documented in Table 11.  

Finally, we consider blockchain usage as another economic quantity of interest. Bitcoin 

(BTC), the oldest PoW blockchain with by far the highest market capitalization, contributes to 

only 5.5% of all transactions. Ethereum (ETH) captures only 9.1% of the total transaction 

count. The vast majority of the total transaction count is attributable to EOS and TRON, two 

blockchains with DPoS protocols. However, Ripple (XRP), a nonstandard blockchain, captures 

around 15.7% of all transactions. Thus, while Bitcoin remains the most studied blockchain in 
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the economics literature and the one with the highest market capitalization, it is far from the 

most used blockchain in terms of on-chain transaction counts.   

In summary, we find that there are only a few public blockchains of particular 

relevance, as measured by native asset market capitalization and transaction counts, and that 

these blockchains employ a variety of consensus protocols. None of the consensus protocol 

groups seem to dominate the others, but rather we observe a stark heterogeneity in relevance 

even within protocol groups. In the following, we put forward a framework that helps explain 

the heterogeneity in blockchain relevance by demonstrating that only a small set of blockchains 

are optimal for users to employ. 

3. Theoretical Framework 

Our model examines a setting in which users arrive randomly to a blockchain and seek 

to transact on that blockchain. We examine how the welfare of each user varies as a function 

of the blockchain's characteristics. We demonstrate that user utility depends upon three key 

blockchain attributes: adoption, scale, and security. Subsequently, we use these three attributes 

as the attributes of our empirical framework. 

We model an infinite-horizon continuous time setting with time indexed by 𝑡𝑡 ≥ 0. 

Users with unit transaction demand arrive randomly according to a Poisson Process with rate 

𝑎𝑎 >  0. We assume that users are heterogeneous in terms of their economic purpose for using 

the blockchain, the value they place on the economic exchange and the disutility per unit time 

they incur from waiting for their transaction to be settled. With regard to heterogeneity of 

economic purpose, we assume that each User i possesses an economic type 𝜏𝜏𝑖𝑖  ∈ Τ. This 

economic type, 𝜏𝜏𝑖𝑖, reflects that users have different purposes for using the blockchain in 

practice. For example, some users transact via the blockchain to engage in regular purchases 

(i.e., payments) whereas others transact via the blockchain to engage in more complex financial 
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transactions that bypass traditional intermediaries (i.e., Decentralized Finance). Accordingly, 

two elements of Τ include payments and Decentralized Finance (DeFi), but there are other 

economic purposes for using a blockchain as we discuss in Section 4. With regard to how a 

user values the economic exchange, we follow Cong, Li, and Wang (2021b) and assume that 

each User i possesses a type 𝑢𝑢𝑖𝑖  ∼ 𝐹𝐹[0,𝑢𝑢] which is proportional to her transaction surplus. With 

regard to heterogeneity of wait disutility, we assume that each User i incurs a disutility of 

waiting per unit time of 𝑐𝑐𝑖𝑖 ∼  𝐺𝐺[0, 𝑐𝑐] with G being strictly increasing and twice continuously 

differentiable. We allow that a user may ameliorate her total disutility from waiting by paying 

a fee but users also dislike paying fees. This modelling choice reflects the fact that blockchain 

users are processed in descending fee order in practice so that higher fees induce lower wait 

times. Formally, User i selects fee 𝑓𝑓𝑖𝑖 ≥ 0 by solving: 

𝑓𝑓𝑖𝑖  = arg max
𝑓𝑓≥0

 𝑢𝑢𝑖𝑖 ⋅  Ψ(𝑁𝑁𝜏𝜏𝑖𝑖)�������
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

 − 𝑐𝑐𝑖𝑖 ⋅  𝑊𝑊(𝑓𝑓)�������
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

− 𝑓𝑓⏟
𝐹𝐹𝐹𝐹𝐹𝐹

 

( 6 ) 

where 𝑁𝑁𝜏𝜏𝑖𝑖  denotes the number of active users on the blockchain with economic purpose 𝜏𝜏𝑖𝑖 and 

𝑊𝑊(𝑓𝑓) denotes the expected wait of User i if she pays fee 𝑓𝑓 ≥  0. Our specification of 

transaction surplus follows Cong et al. (2021b) in that we assume that Ψ′  >  0 so that user 

transaction surplus depends positively upon the number of users on the blockchain with the 

same economic purpose. This assumption reflects the fact that it is easier to find a suitable 

counterparty in a larger community. We refer to 𝑁𝑁𝜏𝜏𝑖𝑖 as adoption hereafter and emphasize that 

user welfare increases in adoption. 

A novelty of our analysis is that we expand the expected wait time, 𝑊𝑊(𝑓𝑓), to 

incorporate a novel feature relative to prior literature. In particular, our wait time term 

decomposes into two components with the latter term being novel relative to prior works: 
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𝑊𝑊(𝑓𝑓)  = 𝑊𝑊𝑃𝑃(𝑓𝑓)���
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

+ 𝜅𝜅⏟
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝑒𝑒

 

( 7 ) 

Prior papers consider exclusively that which we refer to here as processing time, 

𝑊𝑊𝑃𝑃(𝑓𝑓). This term corresponds to the expected time from the point at which User i sends her 

transaction into the blockchain network for processing to the point at which the transaction 

appears on the blockchain's ledger. User i's processing time, 𝑊𝑊𝑃𝑃(𝑓𝑓), depends upon the fee that 

User i pays, f, and the fees from the set of transactions awaiting inclusion to the blockchain 

ledger. The set of transactions awaiting inclusion on the blockchain ledger is commonly 

referred to as the memory pool, which we assume follows its stationary distribution. Recall that 

the blockchain processes transactions in descending fee order so that User i's transaction is 

added to the blockchain only after all transactions in the memory pool with higher fees are 

processed. Moreover, a transaction with a higher fee arriving after User i's transaction would 

be prioritized ahead of User i's transaction if User i's transaction has not already been added to 

the blockchain at that time. Thus, User i may alleviate her waiting time by paying a higher fee, 

thereby reducing the number of transactions that are prioritized ahead of her transaction. 

Following prior literature, we assume that blocks are created according to a Poisson 

Process with rate Λ >  𝑎𝑎. For exposition, we normalize block sizes to one transaction per 

block. Under these assumptions, we have the following result: 

Proposition 3.1. User i's fee, 𝑓𝑓𝑖𝑖, and her Processing Time, 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖), both decrease in Scale, Λ 

In equilibrium, User i's fee choice is given by: 

𝑓𝑓𝑖𝑖  =  2 ⋅  𝑎𝑎 ⋅ Λ �
𝑔𝑔(𝑥𝑥)

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖

0
 𝑑𝑑𝑑𝑑 

with 𝐺𝐺(𝑥𝑥) ∶=  1 −  𝐺𝐺(𝑥𝑥). Moreover, the equilibrium processing time, 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖), is given by: 
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𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖)  =  
Λ

(Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑐𝑐𝑖𝑖))^2
 

Both the equilibrium fee, 𝑓𝑓𝑖𝑖, and the equilibrium processing time, 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖), decrease in 

the scale of the blockchain. 

Proposition 3.1 establishes that fees depend negatively upon scale. The intuition behind 

this finding is that the value of priority to get on the blockchain decreases with scale so that the 

value of paying fees decreases as scale increases. Hence, as scale increases, fees endogenously 

fall. 

To understand the aforementioned point, recall that users are processed in descending 

order of fees so that the number of users for which User i must wait depends upon the relative 

order of her fee among all fees. For concreteness, suppose that User i may pay 𝜀𝜀 >  0 extra to 

gain priority over one user in expectation. Then, the utility value for her to gain such priority 

equals 𝑐𝑐𝑖𝑖 ⋅
1
Λ

  because 𝑐𝑐𝑖𝑖 denotes her wait disutility per unit time and 1
Λ
 denotes the amount of 

time by which her expected wait falls if she gains priority over one user. Thus, since 𝑐𝑐𝑖𝑖 ⋅
1
Λ
 

decreases in scale, Λ, so too does User i's benefit from paying the additional 𝜀𝜀 >  0  in fees. 

Accordingly, as the scale increases, User i becomes less willing to pay higher fees and thus her 

fee choice also falls. 

Proposition 3.1 also establishes that User i's processing time, 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖), decreases with 

scale, Λ. This result follows for two reasons. First, holding fixed the number of users that 

receive service before User i, a higher scale directly reduces the expected time required to 

process those higher priority users. Second, the number of users that receive service before 

User i itself decreases as the scale increases. To see this last point, recall that User i must wait 

behind not only users already in the memory pool that pay higher fees but also later arriving 

users who pay a higher fee than User i if those users arrive before User i receives service. A 
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higher scale reduces the probability that any new user arrives before any user already in the 

memory pool receives service; in turn, the number of users that receive service before User i 

receives service decreases in scale thereby also contributing to a reduced wait time for User i. 

Our analysis of the processing time, 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖), is standard (see, e.g., Huberman et al. 

2021), but we expand on previous work by explicitly incorporating the confirmation time, 𝜅𝜅, 

into the user wait time. The confirmation time refers to the time in between User i's transaction 

being entered on the blockchain and the time that User i receives delivery of the other leg of 

the exchange. For example, if User i is selling cryptocurrency units in return for fiat or some 

physical good then User i's transaction being posted to the blockchain does not imply that the 

receiver releases the fiat or goods to User i. Rather, when selling fiat or a physical good for 

cryptocurrency units, the seller employs a confirmation rule to reduce the risk that the transfer 

of the cryptocurrency units could be reversed. A confirmation rule requires that the seller of 

the fiat or physical good release the item to User i only after a set number of confirmations. A 

confirmation refers to an additional block being placed on top of the same chain that includes 

the transaction in which User i  sends her cryptocurrency units to the other party. Accordingly, 

we refer to the expected time for a user to receive her goods starting from the time that her 

transaction is added to the blockchain as confirmation time, 𝜅𝜅, which is given by: 

𝜅𝜅 =  
𝑘𝑘
Λ

 

( 8 ) 

with k denoting the number of confirmations. The number of confirmations is a choice variable 

for the seller of the fiat or physical good, and we subsequently derive its relationship to a 

blockchain's security level. 

 To derive the relationship between the number of confirmations and a blockchain's 

security level, we require some minimal theoretical structure. As such, we let 𝑝𝑝(𝑠𝑠,𝑘𝑘) denote 
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the probability that a transaction entered on the blockchain is reversed with s denoting the 

security level of the blockchain, and k denoting the number of confirmations required by the 

counterparty receiving the cryptocurrency. We assume that 𝜕𝜕p
𝜕𝜕𝜕𝜕

> 0 so that a more secure 

blockchain has a lower probability of a transaction being reversed, i.e., s is consistent with our 

conceptualization of security. Further, we assume 𝑝𝑝(𝑠𝑠, 𝑘𝑘) decreases in k, i.e., a higher 

confirmation number reduces the probability of a transaction being reversed. This relationship 

arises endogenously within Nakamoto (2008) and Saleh (2021) for PoW and PoS blockchains, 

respectively. We also assume that lim
𝑘𝑘→∞

𝑝𝑝(𝑠𝑠,𝑘𝑘) = 0 so that the probability a transaction is 

reversed vanishes as the number of confirmations diverges. Since arbitrarily large confirmation 

rules require arbitrarily large wait times and thus are undesirable, we assume that the 

counterparty receiving the cryptocurrency selects k to be as low as possible, subject to a risk 

constraint. Formally, we assume that the counterparty receiving the cryptocurrency requires 

that the probability a transaction is reversed is no more than some threshold, 𝛼𝛼 >  0, and 

determines the confirmation number by 𝑘𝑘 =  𝑘𝑘(𝑠𝑠): =  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑘𝑘 ∈  ℕ: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼}. Note that 

this technique resembles the widely-used Value-at-Risk (VaR) approach. 

 The following result gives the relationship between the endogenous confirmation 

number and the blockchain's security: 

Proposition 3.2. Confirmation number decreases in Security 

𝑘𝑘 =  𝑘𝑘(𝑠𝑠) ∶=  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} decreases in s for any 𝛼𝛼 >   0. 

Proposition 3.1 establishes that the endogenous confirmation number, k, decreases in a 

blockchain's security level, s. This result arises because the risk level for the transaction is 

targeted to be a fixed value, 𝛼𝛼. The transaction's risk level depends on both the underlying 

security of the blockchain, s, and the number of confirmations, k. When the blockchain is 

relatively secure (i.e., when s is high), then even a low confirmation number (i.e., low k) implies 
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a low risk. However, when the blockchain is relatively insecure (i.e., when s is low), then a 

higher confirmation number (i.e., high k) is necessary to achieve the same level of risk. Thus, 

𝑘𝑘 =  𝑘𝑘(𝑠𝑠) ∶=  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} decreases in s, and we have the following corollary: 

Corollary 3.3. Confirmation Time, 𝜅𝜅, decreases in Security, s, and Scale, Λ 

User i's confirmation time, 𝜅𝜅, equals 𝑘𝑘(𝑠𝑠)
Λ

 and thus decreases in both security, s, and scale, Λ. 

 Corollary 3.3 highlights that a more secure blockchain generates a higher utility for a 

user. This result arises because a more secure blockchain has a low probability of having a 

transaction reversed even with a low confirmation number and thus the confirmation number 

is set low. Then, since the user wait time increases in the confirmation number and users dislike 

waiting, a more secure blockchain translates to a higher user utility. 

Our preceding results collectively imply the following corollary: 

Corollary 3.4. User utility increases in Adoption, 𝑁𝑁𝜏𝜏𝑖𝑖, Scale, Λ, and Security, 𝑠𝑠 

User i's utility depends upon the blockchain characteristics of adoption, scale, and security. 

Moreover, User i's utility increases in each such characteristic. 

which establishes that the user utility from using a blockchain depends directly upon three 

blockchain characteristics: adoption, scale, and security. This result highlights that the welfare 

implications of blockchain stems from these three characteristics. Accordingly, we use these 

characteristics as the attributes for our empirical framework in Section 4.  

 While the utility of each user increases in the referenced three blockchain 

characteristics, it is important to recognize that users are not homogeneous so that different 

users may prefer different blockchains. In particular, there is no unique rank of all blockchains 

for arbitrary users, so we should expect several blockchains to co-exist simultaneously even 

when each user only transacts on the blockchain that is optimal for her. An important purpose 
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of our analysis is to determine the subset of blockchains that are optimal for some user thereby 

enabling researchers to focus research efforts on this subset of blockchains. To enable 

straightforward determination of this subset of blockchains in our subsequent empirical 

analysis, we offer the following proposition: 

Proposition 3.5. Blockchain Dominance  

Let 𝑁𝑁𝜏𝜏,𝑖𝑖 refer to the adoption level of Blockchain i for user type 𝜏𝜏 ∈  𝑇𝑇, Λ𝑖𝑖 refer to the scale of 

Blockchain i and 𝑠𝑠𝑖𝑖 refer to the security level of Blockchain i. Then Blockchain 1 is preferred 

to Blockchain 2 for each user under all circumstances if and only if 𝑁𝑁𝜏𝜏,1 ≥ 𝑁𝑁𝜏𝜏,2 for all 𝜏𝜏 ∈  𝑇𝑇, 

Λ1 ≥ Λ2, and Λ1
𝑘𝑘(𝑠𝑠1)

≥  Λ2
𝑘𝑘(𝑠𝑠2)

. 

Proposition 3.5 provides a set of conditions to determine the set of relevant blockchains. 

In particular, we establish that if Blockchain 1 dominates Blockchain 2 on the stated 

comparisons (i.e., 𝑁𝑁𝜏𝜏,1 ≥ 𝑁𝑁𝜏𝜏,2 for all 𝜏𝜏 ∈  𝑇𝑇, Λ1 ≥ Λ2, and Λ1
𝑘𝑘(𝑠𝑠1)

≥  Λ2
𝑘𝑘(𝑠𝑠2)

) then Blockchain 1 is 

always preferred to Blockchain 2. In turn, Blockchain 2 is then not optimal for any user and 

thus is also not part of the optimal blockchain ecosystem from the user perspective. In Section 

5, we apply these comparisons empirically to eliminate blockchains that would not be optimal 

for any user, thereby highlighting the public blockchains most relevant for further study. 

 

4. Empirical Framework 

In this section, we apply our theoretical framework to data by establishing empirical 

metrics for each of our three attributes: adoption, scale, and security. We examine and discuss 

in detail how these attributes vary across a sample of major public blockchains. We find that 

the leading blockchains, highlighted within Section 2, perform well on at least one of these 

metrics, emphasizing the underlying economic basis for their relevance. 
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4A: Adoption 

Our theoretical model takes adoption as the number of users of the same type that can 

transact with each other on a particular blockchain. Intuitively, the probability of a given user 

finding a suitable counterparty increases with the number of potential such counterparties. 

Consequently, the more users that transact on a particular blockchain and are active within the 

relevant user type community, the higher the transaction surplus generated. Accordingly, in 

our empirical analysis, we consider adoption metrics for multiple user types that each have 

their own economic purpose for transacting. 

First, we use the number of users that have received or initiated a transaction with a 

blockchain's native cryptoasset on a given day (i.e., we define being active on a day as having 

been involved in a transaction on a day). We refer to this specific kind of user as a `payment 

type' user. Second, we consider multiple types of users that seek to engage in more complex 

transactions than that of the payment type. Users of certain blockchains can make conditional 

transactions using self-executing programs, i.e., smart contracts, which are coded and run on 

the blockchain. This functionality allows developers to create decentralized applications 

(dApps) that mimic relevant economic interactions between users beyond simple payments 

without the need for a central intermediary. From the perspective of users, dApps represent 

access to unique networks of other users, bringing efficiency to the matching process. For 

example, if a user wants to exchange one cryptoasset for another, she searches for a matching 

set of other users that can provide the liquidity for this exchange. Blockchains with smart 

contract functionality facilitate the marketplace for such specific economic interactions. 

Empirically, for payment type users, we employ as metric the 30 day average of the 

number of active addresses up to the end of the sample period (February 21, 2021) and rank all 

blockchains from the coinmetrics.io sample accordingly. Results using this metric are 

illustrated in Figure 11. Bitcoin (BTC) is the most adopted blockchain with a number of daily 
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active addresses above one million. There are three other blockchains among the five most 

adopted blockchains that employ the PoW consensus protocol: Litecoin (LTC), Ethereum 

(ETH), and Bitcoin SV (BSV). However, the second most adopted blockchain, with almost 

600,000 daily active users, is TRON (TRX), which employs DPoS as its consensus protocol. 

Figure 11 highlights that there is stark heterogeneity in adoption not just across 

blockchains but also within consensus protocol groups. For example, PoW protocols' strength 

in adoption is driven by the dominance of BTC and ETH, while older PoW blockchains such 

as ZCash (ZEC), Dogecoin (DOGE), or Ethereum Classic (ETC), are lagging behind by orders 

of magnitude. Nevertheless, some PoW blockchains such as BSV or Bitcoin Cash (BCH), 

which are lagging far behind BTC in terms of user adoption, are ahead of many other non-PoW 

blockchains in our sample. Some of these blockchains have been in existence for many years 

and thus, may possess early-mover advantages, but the success of TRX and ETH on the 

adoption metric may stem from other factors such as their enhanced functionalities that enable 

an ecosystem with different types of blockchain users. 

To empirically account for the added utility decentralized applications bring to users of 

different types, we retrieve information on the number of active users of dApps in economically 

relevant categories from  stateofthedapps.com and dappradar.com. We deem a blockchain user 

address as active on a particular dApp when it has received or initiated a transaction within the 

last 30 days, i.e., the metric ‘Monthly Active Users’ (MAU) is the sum of unique monthly 

active users on each dApp across each blockchain. 

Table 12 presents summary statistics for dApps across five blockchains with smart 

contract functionalities and available dApp user data (ETH, EOS, TRON, NEO and 
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WAVES).13 There are almost 2,000 dApps hosted on ETH, over 200 on EOS, and less than 

one hundred each on TRON, NEO, and WAVES, respectively. However, most of these dApps 

do not have significant user adoption. Less than ten percent of ETH dApps have over 100 MAU 

and the other four blockchains combined host only 53 dApps with a user base above 100 MAU. 

With respect to the overall MAU, Ethereum dApp adoption is an order of magnitude higher 

than all other blockchains, including TRON and EOS. 

In terms of different user types, we consider a number of categories that are worth 

highlighting in terms of the size of their active user base and the distinct economic interactions 

that take place on respective platforms. Decentralized Finance (DeFi) applications bring 

together users that seek to engage in more complex financial interactions than payments. This 

includes matching of borrowers and investors as liquidity providers, trading cryptoassets on 

order books, and the creation of stablecoins and financial derivatives tied to other cryptoassets 

(see Harvey, Ramachandran, and Santoro, 2021, for an overview of DeFi applications). We 

combine all users of dApps in the ‘Finance’ and ‘Exchange’ categories from 

stateofthedapps.com to be of the DeFi user type. Gambling dApps attract types of users that 

wish to interact within lottery-type structures or tournaments (e.g., dices, sports betting, virtual 

casino slot machines). Users of the Gambling type are typically matched via smart contracts 

that collate and redistribute cryptoasset funds according to the application-specific (quasi-

)random payoff. Games dApps serve the purpose of user entertainment and do not necessarily 

have financial rewards. Users of the Games type interact directly with each other in online 

games, the rules of which are written in smart contracts and any within-game transaction and 

user interaction is recorded on the respective blockchain. Storage dApps provide blockchain-

based data services by matching a unique set of consumers with producers of such services. 

 
13 Note that there are other blockchains that possess some form of smart contract functionality, such as Stellar 
(XLM) or Ripple (XRP), but none of these blockchains host widely-adopted, decentralized applications and are 
thus, not included in this subsample. 
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Users of the Storage type interact with each other on dApps that facilitate, e.g., digital file 

sharing or provision of cloud storage, but in a decentralized setting where incentives to 

participate in respective peer-to-peer marketplaces are defined in smart contracts.  We combine 

all remaining dApp categories under the umbrella category Other. 

 Figure 12 shows the distribution of the number of dApps and MAU across these 

categories (combined for all five blockchains) and reveals that the majority of dApp adoption 

stems from the growing relevance of DeFi within the blockchain ecosystem. Although DeFi 

dApps constitute only 22.4% of the total number of dApps in our sample, the user base of these 

represent 70.2% of all dApp users. The disparity between the proportion of total dApps and the 

proportion of total users for each category exists not only for DeFi, but also for other categories. 

Storage dApps account for only 1.6% of all dApps but the users of these make up 3.8% of total 

users. In contrast, Games and Gambling dApps account for 30.1% of total dApps but only 6.4% 

of all users have adopted them. 

 Table 13 provides an overview of the distribution of MAUs within each of the five user 

types (dApp categories) across the five blockchains. While ETH dominates the DeFi, Games, 

and Other categories, it does not lead in all categories. TRX leads in the Gambling and Storage 

categories, capturing more than 50% and 90% of the total user base within each of those 

categories, respectively. EOS falls slightly behind ETH in the Games category and is otherwise 

dominated by either ETH or TRX in terms of users in every other category. The user bases of 

NEO and WAVES dApps fall far behind that of the other three blockchains in all relevant 

categories. 

4B: Scale 

 Scale determines user welfare both through lowering the processing time as well as the 

costs users incur in the form of fees paid (see Proposition 3.1). Within our theoretical analysis, 
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scale corresponds to the rate at which a blockchain can process users' submitted transactions. 

We estimate a blockchain’s transaction rate in terms of recorded transactions in a given time 

period (denominated in seconds) and employ the maximum of historical daily transaction 

counts as our scale metric. Our scale metric provides us with a conservative estimate of the 

transaction rate a blockchain can realistically sustain over longer periods (e.g., more than just 

one block), is easy to implement empirically, and allows straightforward comparison across 

blockchains and protocols.14 Figure 13 displays the scale of each blockchain in the sample. 

 Figure 13 highlights that, although BTC leads on adoption by Payment type users, it 

does not perform well on scale as it records fewer than 10 transactions per second (TPS). 

Consequently, users that require higher scale for fast processing times or the ability to send 

micro-transactions at low transaction costs would opt for alternatives to BTC. The DPoS 

blockchain EOS performs substantially better than all other blockchains, even other DPoS 

blockchains, and can sustain an estimated transaction processing rate of 122.6 TPS. Stellar 

(XLM), a nonstandard blockchain, is second on scale with almost 95 TPS, while the 

blockchains ranked third to fifth on scale can process only at approximately half of the rate of 

EOS. These findings highlight that public blockchains have made significant progress since 

the birth of Bitcoin when it comes to scale, but remain inferior to traditional alternatives (e.g., 

payment systems like VISA can process over 1,000 TPS). 

4C: Security and Confirmation Time 

 For our security metric, we rely upon Proposition 3.2, which implies that the blockchain 

ranking by security is the reverse of the blockchain ranking by confirmation numbers (i.e., if 

𝑘𝑘 ≤  𝑘𝑘′, then 𝑠𝑠 ≥  𝑠𝑠′). While we cannot directly observe the security of a blockchain, we can 

 
14 Although there is a theoretical risk of underestimating scale for those blockchains that have high capacity to 
process transactions quickly but have never experienced large demand for transacting, this risk is unlikely to 
significantly affect our main results. In particular, the only blockchain in our sample with little transaction 
history is Polkadot, and the ranking of our blockchain sample according to our scale metric is largely consistent 
with reported figures in the crypto press. 
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infer its level by considering the confirmation rules imposed by major users of blockchains. In 

particular, we collect information on confirmation numbers disclosed by the largest institutions 

that trade via blockchains: cryptoasset exchanges. We collate a list of major cryptoasset 

exchanges from cryptocompare.com. We consider all exchanges with daily trading volume 

above $1 million (n=122; as of March 25, 2021). For each exchange, we search for and browse 

through its FAQ and support web pages and are able to extract the required number of block 

confirmations for a particular cryptoasset from a total of 32 cryptoasset exchanges.15 Different 

exchanges may view the security levels of the same blockchain differently and thus, could 

impose different confirmation rules. For example, every exchange has a confirmation rule for 

BTC transactions, but some exchanges require up to six confirmations for BTC transactions 

while others require only one or two. To infer an order of security levels s for each blockchain 

in our sample, we take the median confirmation number 𝑘𝑘(𝑠𝑠) for a given blockchain to 

aggregate across exchanges. 

Figure 14 reveals that XLM is the most secure blockchain, as it has a required 

confirmation number of 𝑘𝑘(𝑠𝑠) = 1, followed by BTC with 𝑘𝑘(𝑠𝑠) = 2. Blockchains with 

Nonstandard consensus protocols, such as XRP or NEO, as well as the Hybrid PoW/PoS 

protocols employed in Decred (DCR) and Dash (DASH) perform comparatively well on 

security with confirmation numbers below 𝑘𝑘(𝑠𝑠) = 10. While this is also true for older PoW 

blockchains such as Litecoin (LTC), Bitcoin Cash (BCH) or Dogecoin (DOGE), there is much 

more heterogeneity among the group of PoW protocols, with exchanges requiring far beyond 

500 required confirmations for the least secure blockchains in order for transactions to be 

considered final. With the exception of Binance Coin (BNB), which has a median confirmation 

 
15 For transparency, Table 16 lists all confirmation rules used in constructing our security metric and Table 17 
lists web links to data sources. 
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number of 𝑘𝑘(𝑠𝑠) = 5.5, all PoS and DPoS blockchain transactions require over twelve 

confirmations and thus place in the lower half of the blockchain sample in terms of security. 

 Corollary 3.3 directly states that user welfare increases with lower confirmation times, 

𝜅𝜅, which in turn depend upon confirmation numbers (security), 𝑘𝑘(𝑠𝑠), and the rate at which 

blocks arrive. We estimate block rates using historical data on block arrivals. For each 

blockchain, we take the average of daily block counts to estimate its block arrival rates as the 

time in seconds for one additional block to be added to the blockchain.16 Table 14 shows block 

arrival rates as well as confirmation numbers that are used to calculate user confirmation times 

𝜅𝜅.17 

The best performing blockchains on this metric employ either Nonstandard protocols 

or consensus protocols based on delegated Proof-of-Stake. Binance Coin blockchain 

transactions take an estimated 𝜅𝜅 = 2.2 seconds to be considered final by cryptoasset 

exchanges, making it the blockchain with the shortest confirmation wait time. The two 

blockchains ranked second and third with respect to this metric are Stellar and EOS, with 

confirmation times 𝜅𝜅 = 5.2 and 𝜅𝜅 = 6.8 seconds, respectively, which is more than twice as 

long as is required for Binance Coin. All of the top five blockchains with respect to 

confirmation times have short block arrival rates and low confirmation numbers, resulting in 

overall wait times until final confirmation below one minute, whereas the majority of other 

blockchains require more than five minutes to complete the confirmation process in an 

exchange. The set of blockchains performing worst on this metric includes known PoW 

blockchains such as Bitcoin SV and Ethereum Classic, which exhibit estimated confirmation 

times required by cryptoasset exchanges of two hours or more. It is worth highlighting that 

 
16 Block counts are missing in coinmetrics.io for Polkadot (DOT), but we obtain an estimate of its block rate (6 
seconds) from the polkascan.io blockchain explorer. 
17 We also consider the mean of confirmation numbers across exchanges as an alternative measure to calculate 
confirmation times, but the ranking is quantitatively and qualitatively similar to taking the median values. 
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Ethereum, which captures a considerable amount of the activity in the ecosystem in terms of 

active users of decentralized applications and payments, is more desirable than Bitcoin in terms 

of confirmation times, as exchanges involving ETH are settled in a quarter of the time it takes 

to settle those using BTC (5 versus almost 20 minutes). Thus, although Bitcoin is viewed as 

relatively secure by exchanges in terms of required confirmation numbers, user utility, ceteris 

paribus, is higher for other blockchains that have much shorter confirmation times. 

 

5. The Blockchain Frontier 

Given Proposition 3.5 and our empirical implementation, we turn to identifying which 

blockchains are worthy of study as those that are not dominated by any other blockchain with 

respect to the three attributes. The underlying reasoning for the focus on these blockchains is 

that, by definition, only such blockchains could provide the maximum utility among all 

blockchains for some user. To empirically identify whether a blockchain is dominated by 

another blockchain, we perform pairwise comparisons of confirmation time, scale and adoption 

metrics to check whether the conditions for dominance in Proposition 3.5 hold. For that 

purpose, we rank all sample blockchains from 1 (best) to 27 (worst) with respect to each of the 

empirical metrics and summarize the results in Table 15. 

We extract a subset of seven blockchains that are not dominated by any other 

blockchain, which we refer to as the ``blockchain frontier.'' The blockchain frontier consists of 

not only those blockchains that tend to have their relative strength only in adoption, 

confirmation time (security), or scale, but also blockchains that exhibit a unique combination 

of attributes, which results in them not being dominated overall.  
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The financial economics literature has largely focused on the specifics of the Bitcoin 

blockchain, but our findings suggest that other, less-known blockchains dominate on 

economically relevant dimensions, such as scale, confirmation time, or adoption within specific 

user type groups (e.g., DeFi). Notably, this frontier does not necessarily list the blockchains 

with highest market capitalization of its native cryptoasset, but rather the blockchains which 

bring some unique utility to users. Thus, the frontier translates to the list of blockchains that 

are optimal for at least some users even if that quantity of users is small. We provide an 

overview of blockchain frontier members below, along with specific examples of users who 

may prefer the economic attributes of each blockchain. 

Bitcoin (BTC): Bitcoin is by far the most adopted blockchain in terms of active users 

of the Payment type. Because it ranks first in this category, Bitcoin cannot be dominated by 

any other blockchain. Bitcoin benefits from the largest network of other users, facilitating the 

matching process between these users of the payment type. For example, a user seeking to 

purchase any goods or services using a cryptocurrency would find it easier to match with a 

merchant willing to accept BTC, relative to other native cryptoassets. Moreover, Bitcoin's 

widespread usage renders it as relatively liquid compared to other cryptoassets, and thereby 

makes it the preferred choice for agents taking a trading position in cryptoasset markets in 

general. This point can be seen most clearly by the fact that BTC has the highest overall trading 

volume on cryptoasset exchanges (see, e.g., cryptocompare.com).  

Despite its dominance on the adoption by user of the Payment type, Bitcoin falls behind 

on other dimensions such as scale and confirmation time, where it ranks only 11th and 15th, 

respectively, and it does not support adoption of other user types (e.g., DeFi). Because of these 

shortcomings, there are multiple blockchains that are not dominated by Bitcoin. 
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Ethereum (ETH): Ethereum enters the frontier as it leads on DeFi user adoption, which 

exhibits the highest relative importance within the current dApp ecosystem, but it also wins in 

several other categories such as Games. This dominance in terms of DeFi user adoption means 

that users with a preference for more complex but decentralized financial services will find a 

more suitable counterparty for their needs by using Ethereum over all other blockchains. 

An example of such a DeFi dApp is Uniswap, which is a decentralized exchange, 

allowing users to exchange one cryptoasset (e.g., any ‘ERC-20’ token) for another without an 

intermediary. For the exchange to function without a centralized market maker, liquidity is 

provided by the users that are willing to offer specific cryptoassets in exchange for a 

representative share of a pool of assets. Other users that want to exchange pairs of cryptoassets 

can do so at a price, which is set by a preset algorithm on the basis of the size and structure of 

cryptoassets in the liquidity pool. Each trade requires users to pay a flat transaction fee that in 

turn is distributed among the liquidity providers.  

Nevertheless, Ethereum falls behind Bitcoin and TRON in adoption by users of the 

Payment type and it even falls behind TRON in adoption with respect to users interested in 

gambling and data storage services. The Ethereum blockchain also does not scale well and 

requires a longer confirmation time for ETH transactions, making it inferior compared to other 

blockchains when it comes to speed and finality of transactions. 

TRON (TRX): The TRON blockchain performs well on all attributes: it is widely 

adopted by many user types, it has high scale and requires short confirmation times. It does, 

however, not dominate all other blockchains as there are only a few metrics on which TRON 

ranks first. The two metrics in which TRON ranks first are adoption by users of the Gambling 

and Storage types, i.e., there are more active users of dApps in these categories than on any 

other blockchain.  
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An example of a successful dApp for Storage type users is the BitTorrent Speed TRON 

dApp, which enables users to obtain from or send files to other users. The BitTorrent Speed 

TRON dApp thus facilitates a peer-to-peer marketplace for digital media downloads. Users 

that offer media files for other users to download are rewarded in the form of platform-specific 

BitTorrent (BTT) tokens, which in turn can be sold in markets or redeemed within the dApp to 

download files at higher speeds. This dApp is successful only because it is sufficiently widely 

adopted by Storage type users to generate a large media library for downloads. 

In addition to its relative strength in scale, confirmation time, and specific user type 

adoption, TRON ranks second behind Bitcoin in terms of Payment user adoption. However, 

TRON falls behind Ethereum in the important DeFi category. 

EOS (EOS): EOS is the blockchain with the highest scale and is therefore included in 

the frontier. Users who wish to have their transactions quickly recorded on a blockchain at a 

low fee cost prefer a higher scaling blockchain. For instance, this may include users who wish 

to use a decentralized application that involves frequent micro-transactions. Apart from scale, 

EOS has the third shortest confirmation time, which adds to the utility of users that prefer not 

only fast processing times, but also finality of transactions after only few seconds. Related to 

this point is the fact that EOS ranks second on adoption by users of the Games type, i.e., there 

are many active users employing the EOS blockchain to interact via gaming dApps for 

entertainment. 

A prime example of a dApp that involves many micro-transactions is Upland, which is 

a Games dApp on the EOS blockchain. In the Upland dApp, users buy, sell, and collect virtual 

properties that resemble real estate in specific cities such as San Francisco or Manhattan. User 

actions extend beyond purchase and sale of properties; in fact, users must travel nearby in the 
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virtual world to purchase properties so that the game involves frequent small transactions 

associated with traveling. Any such interaction within the game requires a transaction to be 

recorded on the blockchain and thus Upland players require low fees to make playing the game 

feasible. As shown by Proposition 3.1, transaction costs decline in scale so that the high scale 

of EOS makes its particularly appropriate for such dApps. 

Note that despite its success on scale and confirmation time, EOS is not a blockchain 

widely adopted by Payment type users and thus, it does not dominate the majority of the 

blockchains in our sample on all of the metrics considered. 

Binance Coin (BNB): Transactions on the Binance Coin (BNB) blockchain have the 

shortest confirmation times of all blockchains in our sample and thus, the BNB blockchain is 

part of the frontier. However, it neither ranks highly on Payment user adoption nor is 

particularly fast in terms of scale. This means that BNB user utility is highest for those types 

of users that require fast confirmation of transactions above all, but do not require the same 

scale as blockchains like EOS. 

A primary application for BNB is in trading on the Binance cryptoasset exchange. In 

particular, the exchange offers discounts when BNB is used to pay for fees incurred on their 

platform. Thus, trading possession of BNB itself is important for any trader seeking to trade on 

the Binance cryptoasset exchange. As BNB possesses the shortest confirmation time, it is 

particularly well-suited for this purpose. 

Stellar (XLM): Stellar is ranked second on confirmation time and scale, respectively. It 

is not dominated by the most scalable blockchain, EOS, as it performs better on confirmation 

time, and it is not dominated by the blockchain with the shortest confirmation time, BNB, as it 

scales better.  
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The Stellar blockchain is primarily used by financial technology companies, such as 

digital wallet, trading and payment providers, which transact using the Stellar blockchain on 

behalf of their customers. For example, TEMPO, a European electronic payment company, 

offers its customers global remittances denominated in EUR. To do so, they issue a stablecoin, 

EURT, upon the Stellar blockchain, which is backed by actual EUR fiat currency stored in the 

company's audited bank accounts. As soon as the digital EUR representation exists, it can be 

transferred to the counterparty as a transaction upon the Stellar blockchain, accompanied by 

small a transaction fee paid in XLM. 

Given the type of network participants, it is not surprising that Stellar is not among the 

top five blockchains in terms of Payment type user adoption, but rather, it relies on secure and 

fast transactions between fewer entities (e.g., financial technology companies on behalf of their 

customers). In typical applications, including the one referenced above, Stellar benefits from 

shorter overall processing and confirmation times than both traditional and other blockchain-

based, alternative payment systems. 

Bitcoin Satoshi’s Vision (BSV): Bitcoin SV enters the blockchain frontier not because 

it leads on any particular attribute, but it exhibits a combination of high scale and wide adoption 

by Payment type users. It ranks only third on scale, but the two blockchains that perform better 

on scale do not dominate Bitcoin SV as they perform comparatively poorly on Payment user 

adoption, where Bitcoin SV ranks high. Given this combination of attribute strengths, Bitcoin 

SV users prefer a higher scale than Bitcoin, i.e., more transactions can be processed at lower 

fee costs in the same time period, but also require a certain level of adoption for payment 

services, which blockchains with even higher scale do not offer. That is, some users value the 

Bitcoin SV blockchain because of this trade-off between Payment user adoption and scale. 
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6.  Conclusion 

We provide the first extensive overview of the public blockchain ecosystem and find 

that although there exist hundreds of blockchains, only a few are of economic relevance. We 

offer a simple theoretical framework that helps explain and deepen that finding. Our framework 

suggests that three blockchain characteristics drive user utility - scale, security, and adoption - 

and that only a few blockchains are not dominated by some other blockchain in terms of utility 

for some user. We empirically identify an exclusive set of seven such blockchains, and we refer 

to those blockchains as the blockchain frontier. 

An important takeaway from our analysis is that there are several blockchains other 

than Bitcoin that are of economic relevance. Accordingly, our work highlights the need for 

more research in financial economics that is focused on alternatives to Bitcoin. 

 

 

Chapter 3 Cryptocurrency Mining: Asymmetric Response to Price 

Movement 

1. Introduction                                                                                                                           

 Cryptocurrencies, as blockchain technologies, have significant implications for 

financial markets, innovation, transactional security and more. Since the introduction of 

Bitcoin (Nakamoto, 2008), the cryptocurrency market has grown substantially, reaching a 

combined market capitalization of over 390 billion USD for all cryptocurrencies.18  

Cryptocurrency miners play a critical role in this ecosystem, as they verify blockchain 

 
18 As of November 3, 2020. See https://coinmarketcap.com/charts/. 
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transactions and provide security to ownership of blockchain-based assets (Easley, O'Hara, and 

Basu, 2019). In this paper, I investigate the entry and exit decisions of cryptocurrency miners 

as it relates to the type of computing equipment they use.   

Cryptocurrency miners face high fixed-costs associated with the computing equipment 

required to mine. This investment in computing equipment may be partially reversible if it has 

value in applications other than mining. The reversibility of these fixed (initial investment) 

costs has a direct effect on the option value of cryptocurrency mining. Miner reactions to price 

changes between can be explained using an application of real options theory (Dixit, 1989; 

Dixit and Pindyck, 1994). BTC miners use Application Specific Integrated Circuit (ASIC) 

mining equipment, which is built for running a specific algorithm (in the case of Bitcoin this is 

the SHA-256 algorithm) and has little use outside a mining application. On the other hand, 

ETH miners typically use Graphics Processing Unit (GPU) equipment, which has a variety of 

applications including video processing, editing, gaming and machine learning. Therefore, 

when scrapping computing equipment, GPU miners may enjoy a higher salvage value than 

ASIC miners. Between entry and exit thresholds, established by non-reversible costs, 

individual ASIC and GPU miners behave in a similar fashion. In particular, price increases 

encourage miner production and decreases in prices discourage mining. However, the 

contrasting salvage value of computing equipment of each set of miners leads to distinctive 

entry and exit decisions. Consequently, ASIC miners, in aggregate, often have asymmetric 

reactions to price changes, while GPU miners display more symmetric reactions to price 

changes. 

Confirming the predictions of real-options theory, I use a Threshold Vector Error 

Correction Model (TVECM) (Balke and Fomby, 1997; Hansen and Seo, 2002), to empirically 

estimate cryptocurrency miners’ adjustment to computing power (hashrate) to disequilibria in 
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the long-run relationship between price and hashrate. The TVECM specification is particularly 

useful in this application as it allows for separate error correction terms (mean-reversion 

coefficients) for positive and negative deviations from the long-run equilibrium, and thus 

highlights any potential asymmetry in miners’ adjustments to prices. I find strong evidence that 

Bitcoin (BTC) miners have an asymmetric response to price shocks; they increase hashrate 

following positive price shocks, but do not decrease hashrate following similar negative price 

shocks. Meanwhile, Ether (ETH) miners have a symmetric response to price shocks, increasing 

hashrate following positive shocks and decreasing hashrate following negative shocks. 

Consistent with this notion I show that after the advent of ETH ASIC equipment, ETH miners 

also have an asymmetric response to disequilibria.  

The behavior of cryptocurrency miners is of great interest as the functionality of the 

blockchain and the value of the cryptocurrency depend on the process of mining. Therefore, 

these results have various practical and theoretical implications for cryptocurrencies and 

blockchain applications. First, an asymmetric miner adjustment to disequilibria (born of price 

shocks) is an important consideration for cryptocurrency pricing and valuation. Many have 

suggested that cryptocurrency/blockchain specific characteristics are good predictors of 

returns/growth (Bambhwani, Delikouras, and Korniotis, 2019; Biais, Bisiere, Bouvard, 

Casamatta, and Menkveld, 2018; Liu and Tsyvinski, 2020).  

Second, miner adjustment to disequilibria has implications for the security and 

functionality of blockchain applications. Yermack (2017) suggests that blockchain technology 

offers more transparent and lower-cost record keeping in a variety of applications. Concerning 

financial assets, blockchain applications are no longer a theoretical construct. For example, the 

Australian Securities Exchange (ASX) is developing a distributed ledger using blockchain 

technology to replace its current settlement system. According to an ASX press release, this 
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system will be released in March or April 2021.19 For financial record keeping, security and 

transparency are of the utmost importance. As miners provide this security in a blockchain-

based ledger, their behavior when faced with price volatility affects the functionality of the 

application.   

 The rest of the paper is outlined as follows: Section 2 provides background information 

about cryptocurrency mining and contains a brief literature review. Section 3 models the 

activation and abandonment decisions of cryptocurrency miners. Section 4 presents a summary 

of the data. Section 5 describes the methodology. Section 6 presents the results and econometric 

interpretations from my main specifications. Section 7 presents a discussion of these results 

and their implications. Section 8 concludes.  

2. Background and Literature Review   

2A: Background 

Those who engage in the creation of new cryptocurrency on an existing blockchain are 

called miners. In blockchains that use Proof-of-Work (PoW) consensus protocol, they “mine” 

by solving a complex mathematical problem (determined by the currency’s algorithm) and 

verifying transactions. The first miner to solve this algorithm proposes the next “block” on the 

blockchain and is rewarded with an amount of the underlying cryptocurrency (the block reward 

plus transaction fees). The proposed solution is easily verified by other miners, thus it 

constitutes “proof” that the miner properly extended the blockchain. This paper is concerned 

primarily with PoW cryptocurrencies, specifically Bitcoin (BTC) and Ether (ETH). Other 

consensus algorithms exist, such as Proof-of-Stake (PoS), but the underlying assets have not 

 
19 See https://www.asx.com.au/documents/about/MediaRelease-ASX-DigitalAsset-and-VMware-join-forces-on-
DLT.pdf. 
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yet reached the scale of PoW cryptocurrencies- see Salah (2020) for an economic model of PoS 

consensus.  

The computing power a miner provides to the cryptocurrency network is called a 

hashrate (generally measured in terahashes/second). Hashrate, in a broad sense, can be viewed 

as a function of the resources invested by miners (Bhambhwani, Delikoras, and Korniotis, 

2019). For example, Saleh (2021) finds that hashrate is positively associated with the electricity 

consumption of miners. Hashrate is also a positive function of a miner’s expected reward in 

cryptocurrency. If a miner doubles their hashrate, their expected return in cryptocurrency 

doubles assuming a constant mining difficulty. 

Mining difficulty (commonly called difficulty) refers to the complexity of the task 

miners must complete to propose a block. The difficulty is adjusted based on the blockchain’s 

underlying algorithm to control the speed at which new blocks are “discovered” by miners. 

Thus, a hashrate that produces a certain amount of BTC today is not guaranteed to produce the 

same amount of BTC a year from today.  

Engaging in the mining process, a miner faces fixed and flow costs. Dominant among 

these are the computing equipment required to mine (a fixed cost) and the electricity required 

to run and cool this computing equipment (a flow cost). It is important to note that a given 

computing unit has a fixed hashrate at which it can mine. To scale hashrate, more computing 

equipment must be acquired.  

The computing equipment used to mine differs between cryptocurrencies based on the 

blockchain’s underlying algorithm. Bitcoin, using the SHA-256 algorithm, is mined using 

Application Specific Integrated Circuit (ASIC) miners. Ethash, the algorithm for Ethereum, is 
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ASIC-resistant, so ETH is mostly mined using consumer graphics processing units (GPUs).20 

As its name suggests, ASIC mining equipment is built specifically for mining a particular 

algorithm and has little use outside this application. GPUs, on the other hand, are commonly 

found in in consumer computers and are used for many other purposes. The disparity in outside 

use or salvage value between ASIC and GPU equipment motivates the hypothesis of this paper.  

Given the costs and benefits in engaging in mining cryptocurrencies, there should exist 

a long-run equilibrium price/hashrate relationship. If a cryptocurrency’s price increases, all else 

equal, mining this cryptocurrency becomes more profitable and the value of increasing hashrate 

(via purchase of more computing units) increases. If the price decreases, mining becomes less 

profitable and the value of increasing hashrate decreases. Thus, the aggregate hashrate of 

cryptocurrency should be sensitive to that cryptocurrency’s price. This is consistent with prior 

literature (Pagnotta and Buraschi, 2018). This relationship is further described in Section 3. 

2B: Literature Review 

My findings are unique to the literature and suggest a long-run equilibrium 

price/hashrate relationship dependent on the computing equipment used to mine 

cryptocurrency. This has implications for cryptocurrency valuation and the use of blockchain 

technology. Here, I survey the literature surrounding cryptocurrencies and blockchain 

applications as it relates to this research.   

Closely related to my work are papers considering issues surrounding the 

cryptocurrency mining process. Easley, O’Hara, and Basu (2019) model the strategic behavior 

of miners, focusing on the impact of Bitcoin transaction fees to miners and users. Various 

 
20 ASIC miners for the Ethash algorithm do exist, the first of which was developed by Bitmain, the Antminer 
E3. This hardware was announced in April, 2018 and the first batch was shipped in July, 2018 (see 
https://cointelegraph.com/news/bitmain-releases-ethash-asic-miners). Comparatively speaking, this hardware 
has not affected the aggregate hashrate as much as the introduction of SHA-256 ASIC miners; these ASIC 
miners have not immediately dominated the use of GPU mining equipment. This advent of this technology is 
considered in my empirical analysis (see Section 6.2). 
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others use a game theoretic framework to model Bitcoin mining (Dimitri, 2017; Ma, Gans, and 

Tourky, 2018). Cong, He and Li (2021a) study the impact of decentralized miners using 

centralized mining pools. Kristoufek (2020) uses a Vector Error Correction Model (VECM) to 

consider the long run equilibrium dynamics between Bitcoin price and the operational cost of 

mining. 

Similar to my threshold analysis (Section 3), Prat and Walter (2018) study the 

relationship between BTC price and hashrate in the face of irreversible investment costs. 

Though related, my work is fundamentally distinguishable from this; Prat and Walter (2018) 

assume that investment in mining is entirely irreversible and that mining units cannot be 

switched off to save electricity. Through relaxing these assumptions, I show that miners could 

have a fundamentally different reaction to positive and negative disequilibria in the 

price/hashrate relationship based on the salvage value (i.e. reversibility) of their equipment (see 

Section 3). I also present novel empirical evidence supporting this phenomenon. 

As mentioned, my results have implications for cryptocurrency asset pricing. The 

literature surrounding this has evolved in recent years. Cheah and Fry (2015) posit that Bitcoin 

has zero fundamental value. Baur, Hong, and Lee (2018) find that Bitcoin is largely 

uncorrelated with traditional asset classes. Liu and Tsyvinski (2020) find similar results and 

suggest that returns can instead be predicted by cryptocurrency specific factors such as proxies 

for investor attention, price-dividend ratio, realized volatility, and supply conditions. 

Consistent with this, Bambhwani et al. (2019) find that hashrate and network size are 

significant pricing factors for cryptocurrencies. Transactional benefits/demand also can predict 

a fraction of cryptocurrency returns (Biais, Bisiere, Bouvard, Casamatta, and Menkveld, 2018; 

Cong, Li, and Wang, 2021b).  
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Of equal interest is research that considers the realized and possible applications of 

blockchain technology. Abadi and Brunermeier (2019) compare the usefulness of blockchains 

for record keeping with traditional centralized ledgers. Catalini and Gans (2020) argue that the 

cost of verifying the digital state of an asset is cheaper on blockchain, as centralized 

intermediaries retain significant market power and charge fees. They also claim the cost of 

scaling and operating blockchains is lower, citing the competitive mining landscape and low 

barriers to entry (Catalini and Gans, 2020). Cong and He (2019) suggest that blockchain smart 

contracts can reduce information asymmetry and improve consumer surplus, as blockchains 

have lower barriers to entry and facilitate more competition than traditional brokers. Yermack 

(2017) studies various potential applications of blockchain technology and discusses their 

implications for corporate governance. He praises blockchains for offering low-cost, 

transparent record keeping.  

 Finally, I consider research that provides economic interpretations of various 

peculiarities of blockchains and cryptocurrencies. Foley, Karlsen, and Putniņš (2019) study 

transactional data, and estimate that roughly 46% of Bitcoin transactions involve illegal 

activity. Makarov and Schoar (2020) identify cross-country arbitrage opportunities across 

various cryptocurrency exchanges, which are exacerbated in times of large Bitcoin 

appreciation. They also suggest that trading volume predicts a significant percent of Bitcoin 

returns (Makarov and Schoar, 2020). Salah (2020) studies possible equilibria arising from PoS 

consensus protocols. Sockin and Xiong (2020) model utility tokens (such as Ether, Filecoin, 

and GameCredits) as membership to a digital platform to facilitate transactions and as a 

speculative investment. 
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3. Entry and Exit Decisions of ASIC and GPU Miners 

 It is the hypothesis of this paper that ASIC miners and GPU miners often have 

differentiated responses to price changes based upon the salvage value of their computing 

equipment. This section of my paper details the entry and exit decisions of miners subject to 

stochastic cryptocurrency prices in order to establish a framework for the empirical testing of 

the paper’s main conjecture.21 

3A: Combined Entry and Exit Strategies 

The miner has the choice to be either idle (0) or active (1). I denote 𝑉𝑉0(𝑃𝑃) as the value 

of the option to invest (the value of an idle miner) and let 𝑉𝑉1(𝑃𝑃) denote the value of an active 

miner. 𝑉𝑉1(𝑃𝑃) is the sum of two components, the entitlement to profit from operation and the 

option to abandon should the price fall too low. 

If the miner invests, that is enters the market, he obtains a project that produces one unit 

of output per period.22 In this illustrative example, the project lasts forever or until his 

computing equipment is abandoned. For transparency, the cost of operation “C” is known and 

constant. The riskless rate of return is “r.” The miner must incur a lump sum “I” to participate 

in mining and may or may not face an abandonment cost “E” if the project is abandoned. I 

allow for negative abandonment costs, representing a positive salvage value, in my analysis. 

 
21 This research makes no claim to the development of real options pricing theory, but rather it is an application 
of the technique to Bitcoin and Ether mining. The two-threshold model presented below is derived primarily 
from Dixit (1989), and the four-threshold model is derivative of Dixit and Pindyck (1994). Dixit and Pindyck 
(1995) forced me to acknowledge the shortcomings of net present value analysis when miners make decisions 
about expansion and abandonment. This concept is also addressed by Brennen and Schwartz (1985) and Dixit 
(1989). The value of waiting to invest or abandon is outlined by McDonald and Siegel (1986) and Dixit (1992). 
Pindyck (1991) explicates the impact of uncertainty and sunk costs upon firm entry and exit thresholds, and I 
interpret miner behavior with the framework he provides. 
22 For simplicity, I assume that mining difficulty is fixed for our decision horizon. In reality, mining difficulty is 
regularly adjusted, following procedures based on the blockchain’s underlying code. The purpose of this 
adjustment is, in fact, to regulate the supply of new cryptocurrency so it remains relatively constant. Though this 
assumption is unrealistic, it allows for a more straightforward presentation of applied real options theory. 
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The simultaneous consideration of entry and exit means that the active miner enjoys a 

revenue stream and the option of abandonment, while the idle miner has the option of becoming 

“live” again. Thus, the value of an active miner and an idle one must be determined 

simultaneously. 

An active miner will remain active as long as 𝑃𝑃 > 𝑃𝑃𝑆𝑆 and an idle miner will remain idle 

if 𝑃𝑃 < 𝑃𝑃𝐻𝐻, where 𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆 are thresholds determined by the following optimization process. 

The value maximizing strategy between the thresholds 𝑃𝑃𝑆𝑆 and 𝑃𝑃𝐻𝐻 is to continue the status quo. 

Over the range of prices (0,𝑃𝑃𝐻𝐻) an idle miner retains his option to become active. Non-

arbitrage conditions dictate a 𝑉𝑉0(𝑃𝑃) which satisfies a differential equation over the price 

interval detailed above. The boundary conditions link the values and derivatives of 𝑉𝑉0(𝑃𝑃) to 

those of 𝑉𝑉1(𝑃𝑃) at 𝑃𝑃𝐻𝐻. Similarly, from 𝑃𝑃𝑆𝑆 to 𝑃𝑃∞, an active miner remains active. 𝑉𝑉1(𝑃𝑃) satisfies 

a corresponding differential equation and its boundary conditions link the values and 

derivatives of 𝑉𝑉1(𝑃𝑃) to those of 𝑉𝑉0(𝑃𝑃) at 𝑃𝑃𝑆𝑆. This system of equations contains just enough 

information to complete the miner’s two threshold system of decision making. 

At the threshold 𝑃𝑃𝐻𝐻, the idle miner pays a lump sum “I” to exercise his investment 

option giving up 𝑉𝑉0(𝑃𝑃) to get a “live” project which has a value 𝑉𝑉1(𝑃𝑃𝐻𝐻), so that value matching 

would suggest that: 

𝑉𝑉0(𝑃𝑃𝐻𝐻) = 𝑉𝑉1(𝑃𝑃𝐻𝐻) − 𝐼𝐼 

( 9 ) 

and, as a consequence of smooth pasting, we have: 

𝑉𝑉0′(𝑃𝑃𝐻𝐻) = 𝑉𝑉1′(𝑃𝑃𝐻𝐻). 

( 10 ) 

Likewise, at the abandonment threshold, value matching maintains: 
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𝑉𝑉1(𝑃𝑃𝑆𝑆) = 𝑉𝑉0(𝑃𝑃𝑆𝑆) − 𝐸𝐸 

( 11 ) 

where E is the cost of abandonment, so that when an active miner abandons his project he 

receives 𝑉𝑉0(𝑃𝑃𝑆𝑆) and pays an abandonment cost. The smooth pasting condition insists that: 

𝑉𝑉1′(𝑃𝑃𝑆𝑆) = 𝑉𝑉0′(𝑃𝑃𝑆𝑆). 

( 12 ) 

Using the general solutions for 𝑉𝑉0(𝑃𝑃) and 𝑉𝑉1(𝑃𝑃) (see Appendix B for derivation), I 

express: 

𝑉𝑉0(𝑃𝑃) = 𝐴𝐴1𝑃𝑃𝛽𝛽1  

( 13 ) 

and 

𝑉𝑉1(𝑃𝑃) = 𝐵𝐵2𝑃𝑃𝛽𝛽2 +
𝑃𝑃
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

 

( 14 ) 

where 𝐴𝐴1 and 𝐵𝐵2 are option value coefficients, and 𝛿𝛿 is the convenience yield.  Substituting 

these solutions into Equations (9) through (12) provides a system of four non-linear equations 

with four unknowns: 𝑃𝑃𝐻𝐻, 𝑃𝑃𝑆𝑆, 𝐴𝐴1, and 𝐵𝐵2. A closed form analytic solution is not possible for this 

highly non-linear system of equations. However, it can be proven that a solution exists, it is 

unique, and has intuitive economic properties. For instance, 0 < 𝑃𝑃𝑆𝑆 < 𝑃𝑃𝐻𝐻 < ∞ with 𝐴𝐴1 and 𝐵𝐵2 

being positive. 

3B: Amending the Miner’s Two Threshold Model with Mothballing and Reactivation 

In the face of deteriorating prices, a miner has options other than permanently 

abandoning his computing equipment. In particular, the miner can put his equipment into a 

state of temporary suspension, allowing it to be reactivated in the future at a sunk cost that is 
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less than the start-up cost of mining. Temporary suspension includes a lump sum cost 𝐸𝐸𝑀𝑀 and 

a flow cost M, while the miner would incur a one-time reactivation cost of R. 

Clearly, the economics of the situation demand that M be less than C, the per unit 

operating costs. For reactivation, the price must rise to 𝑃𝑃𝑅𝑅 where 𝑃𝑃𝑅𝑅 < 𝑃𝑃𝐻𝐻. “Mothballing” or 

“lay-up” occurs at 𝑃𝑃𝑀𝑀 where 𝑃𝑃𝑀𝑀 > 𝑃𝑃𝑆𝑆. Recall that 𝑃𝑃𝑆𝑆 is the price where a miner abandons his 

computing equipment in its entirety. For simplicity, I will assume that 𝐸𝐸 = 𝐸𝐸𝑀𝑀 + 𝐸𝐸𝑆𝑆, so that 

the cost of directly abandoning an active project, E, equals the sum of fixed costs of 

mothballing, 𝐸𝐸𝑀𝑀, plus the cost of abandoning the “laid-up” equipment, 𝐸𝐸𝑆𝑆. 

The thresholds explicated above (𝑃𝑃𝐻𝐻, 𝑃𝑃𝑅𝑅, 𝑃𝑃𝑀𝑀, and 𝑃𝑃𝑆𝑆) are endogenous and, clearly, an 

artifact of the parameters describing the economic circumstances of the miner. If the miner’s 

maintenance cost M is sufficiently high or the reactivation cost R is not sufficiently less than 

the full investment cost, then optimality conditions may determine that it is better for the miner 

to abandon the computing equipment at 𝑃𝑃𝐿𝐿 without considering a 𝑃𝑃𝑀𝑀 threshold. 

Recall that the miner can remain idle over the range of prices (0,𝑃𝑃𝐻𝐻) so that his value 

in this situation is given: 

𝑉𝑉0(𝑃𝑃) = 𝐴𝐴1𝑃𝑃𝛽𝛽1 . 

( 15 ) 

Furthermore, the value of an operating miner is given by: 

𝑉𝑉1(𝑃𝑃) = 𝐵𝐵2𝑃𝑃𝛽𝛽2 +
𝑃𝑃
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

 

( 16 ) 

for prices in the interval (𝑃𝑃𝑀𝑀,∞) when the possibility of mothballing is acknowledged.  

The mothballed miner can continue over the range of prices (𝑃𝑃𝑆𝑆,𝑃𝑃𝑅𝑅) and the value of 

the “laid-up” computing equipment would be given: 



75 
 

𝑉𝑉𝑀𝑀(𝑃𝑃) = 𝐷𝐷1𝑃𝑃𝛽𝛽1 + 𝐷𝐷2𝑃𝑃𝛽𝛽2 −
𝑀𝑀
𝑟𝑟

 

( 17 ) 

where 𝐷𝐷1𝑃𝑃𝛽𝛽1  is the value of the miner’s option to reactivate and 𝐷𝐷2𝑃𝑃𝛽𝛽2 is the value of the 

miner’s option to scrap the equipment. Clearly 𝑀𝑀/𝑟𝑟 is the cost of maintaining the laid-up 

equipment forever. 

 The switching points or the value matching points of the four-threshold model is given 

below by equations (18)-(21): 

𝑉𝑉0(𝑃𝑃𝐻𝐻) = 𝑉𝑉1(𝑃𝑃𝐻𝐻) − 𝐼𝐼 

( 18 ) 

𝑉𝑉1(𝑃𝑃𝑀𝑀) = 𝑉𝑉𝑀𝑀(𝑃𝑃𝑀𝑀) − 𝐸𝐸𝑀𝑀 

( 19 ) 

𝑉𝑉𝑀𝑀(𝑃𝑃𝑅𝑅) = 𝑉𝑉1(𝑃𝑃𝑅𝑅) − 𝑅𝑅 

( 20 ) 

𝑉𝑉𝑀𝑀(𝑃𝑃𝑆𝑆) = 𝑉𝑉0(𝑃𝑃𝑆𝑆) − 𝐸𝐸𝑠𝑠 

( 21 ) 

where Equation (18) recognizes the price at which an idle miner becomes active. Equation (19) 

acknowledges the price at which an active miner decides to mothball his equipment. Equation 

(20) details the price at which the mothballed miner reactivates his equipment. Finally, 

Equation (21) describes the price, 𝑃𝑃𝑆𝑆, at which the mothballed miner completely abandons his 

project. 

 Evaluating equations (18) to (21) at their relevant switching points 𝑃𝑃𝐻𝐻, 𝑃𝑃𝑅𝑅, 𝑃𝑃𝑀𝑀, 𝑃𝑃𝑆𝑆 and 

using their smooth pasting conditions yields eight non-linear equations that can be used to solve 

for four threshold prices and the four option value coefficients. (See Appendix B for the 



76 
 

substitution of the general solutions for 𝑉𝑉0(𝑃𝑃), 𝑉𝑉1(𝑃𝑃), and 𝑉𝑉𝑀𝑀(𝑃𝑃) into Equations (18) to (21) 

and their respective smooth pasting conditions).23 

3C: Comparative Statics 

 These non-linear equations evade analytical solutions, but numerical results for the 

endogenous variables are easily obtained. In order to illustrate the comparative static behavior 

of the four threshold prices, consider a highly stylized Ether miner whose desired level of 

production is 1,000 ETH per year. To accomplish that objective the requisite level of 

investment would be, approximately, a quarter of a million dollars, that is 𝐼𝐼 = $250,000. 

Annual operating expenses would be around $80,000. Let the flow cost of mothballing be 

$1,000/year and a starting point for the fixed cost of reactivating a “laid-up” project would be 

$40,000. Furthermore, the standard deviation of the geometric brownian motion that represents 

the behavior of prices is given a base value of 𝜎𝜎 = 20%. The miner enjoys a risk-free rate of 

𝑟𝑟 = 4% and has a convenience yield of 𝛿𝛿 = 10%. Finally, abandonment costs for the miner’s 

equipment are given an initial value of 𝐸𝐸𝑆𝑆 = 𝐸𝐸𝑀𝑀 = 0. 

 Examining panel 1 of Figure 15, it is clear that as uncertainty, 𝜎𝜎, increases, the zones 

of the miner’s inactivity between entry and exit increases. The area of inactivity between 𝑃𝑃𝐻𝐻 

and 𝑃𝑃𝑆𝑆 increases as 𝜎𝜎 increases because the profitability of becoming active or becoming 

inactive is more likely to be reversed by changes in price due to the increase in the standard 

deviation of the price process. In regard to mothballing, if the miner has “laid-up” his 

computing equipment, then clearly 𝑃𝑃𝑅𝑅 increases with increases in 𝜎𝜎. The increased volatility 

 
23 My analysis above assumes that the miner has a monopoly right to invest in a given project. The miner enjoys 
the advantage of waiting to make the optimal investment decision. Consequently, the calculations of the optimal 
thresholds are unencumbered and intuitive. In practice, miners must consider the reactions of other miners. 
Consider an environment with a large number of risk-neutral single-unit firms, each subject to aggregate price 
uncertainty. Starting with a price process that all miners respond to then solving for the price that clears the 
market, it becomes clear that miner entry and exit decisions establish reflecting price barriers 𝑃𝑃𝑈𝑈 (upper bound) 
and 𝑃𝑃𝐿𝐿 (lower bound) that are identical to 𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆, respectively. Though the value of waiting is eliminated in a 
competitive industry, the mathematical constraint of zero excess profit enforced by miner behavior provides 
price barriers that mimic the thresholds of a monopolist miner. 
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increases the optimal threshold 𝑃𝑃𝑅𝑅 the miner insists upon to offset the elevated risk of a price 

reversal below the threshold. 

 Panel 2 documents the impact of increases in the cost of scrapping the project entirely 

upon two threshold prices. As characterized by the positively sloped 𝑃𝑃𝐻𝐻, an idle miner needs a 

higher and higher entry price with increases in 𝐸𝐸𝑆𝑆 because reversing that decision becomes 

more expensive. As demonstrated by the inverse relationship between 𝑃𝑃𝑆𝑆 and 𝐸𝐸𝑆𝑆, an active 

miner becomes more patient with price declines before closing up shop entirely, as it becomes 

more expensive to do so. 

 Panel 3 depicts a positive relationship between 𝑃𝑃𝑅𝑅 and 𝐸𝐸𝑀𝑀. If a miner is idle then 

reactivation will require a higher 𝑃𝑃𝑅𝑅 as 𝐸𝐸𝑀𝑀 increases because reversing that decision is 

becoming increasingly expensive. Also displayed in the third panel is the notion that increases 

in 𝐸𝐸𝑀𝑀 decreases 𝑃𝑃𝑀𝑀. An active miner continuously reduces the optimal threshold price because 

“laying up” computing equipment has a larger one-time cost with increases in 𝐸𝐸𝑀𝑀. Importantly, 

it should be added there is a magnitude of 𝐸𝐸𝑀𝑀 that is large enough to ensure the intersection of 

𝑃𝑃𝑀𝑀 and 𝑃𝑃𝑆𝑆 which would eliminate mothballing as an option for the active miner. 

 Panel 4 characterizes the impact of R, the one-time cost of reactivation, upon 𝑃𝑃𝑀𝑀 and 

𝑃𝑃𝑅𝑅. R has a positive impact upon the requisite threshold price, 𝑃𝑃𝑅𝑅, for an idle miner to become 

active again. The lump sum price of R reduces the price at which a miner mothballs his 

equipment, 𝑃𝑃𝑀𝑀. The intuition of both results is clear. An idle miner optimally requires a higher 

𝑃𝑃𝑅𝑅 to offset the increased cost of reactivating. An active miner tolerates a lower 𝑃𝑃𝑀𝑀 with an 

increase in R because reversing the decision to mothball becomes more expensive. 

 Panel 5 displays the impact of the flow cost of mothballing, M, upon four endogenous 

threshold prices. Increases in M reduce (𝐶𝐶 −𝑀𝑀) the flow cost savings from mothballing for 

the miner. Therefore, both 𝑃𝑃𝑅𝑅 and 𝑃𝑃𝑀𝑀 fall; a miner will “lay-up” a live project less readily (𝑃𝑃𝑀𝑀 
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decreases) due to the elevated cost of maintaining the idle equipment and the miner will 

reactivate computing equipment more readily for the same reason (𝑃𝑃𝑅𝑅 decreases). In addition, 

𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆 will both rise; the miner will be more reluctant to invest at all (𝑃𝑃𝐻𝐻 increases) and will 

abandon his mothballed computing equipment with less reluctance (𝑃𝑃𝑆𝑆 increases). Furthermore, 

a falling 𝑃𝑃𝑀𝑀 and a rising 𝑃𝑃𝑆𝑆 will intersect and reveal a level of M such that the miner’s option 

to “lay-up” his equipment is economically eliminated. 

 Panel 6 depicts a positive relationship between all four threshold prices and the 

operating expenses, C. 𝑃𝑃𝐻𝐻 increases with expenses because increases in C reduce the expected 

flow of profit, and hence the value of the computing equipment, so a higher price is required 

for the miner to invest “I”. In addition, the miner will abandon his equipment at a higher 

threshold price, 𝑃𝑃𝑆𝑆, because he will lose more money when the active flow cost C is higher. 

 Of particular relevance to my empirics is the effect of abandonment cost, 𝐸𝐸𝑆𝑆, on the 

miner’s thresholds. Note that in panel 2, negative values of 𝐸𝐸𝑆𝑆 are permitted. A negative 𝐸𝐸𝑆𝑆 

implies that the miner enjoys a positive salvage value when scrapping his equipment. As this 

salvage value increases the thresholds converge. This is the differentiating characteristic 

driving the empirical results of the paper. GPU miners, benefitting from a higher salvage value 

for their mining equipment, will have relatively closer 𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆 thresholds than ASIC miners, 

whose mining equipment has a lower salvage value (i.e., a higher abandonment cost). 

 Thus, given a price somewhere between 𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆, GPU miners will likely be more 

responsive to both positive and negative price shocks, as this price is relative closer to their 

relevant thresholds. Conversely, ASIC miners may not respond symmetrically to positive and 

negative price shocks. For example, a positive price shock could lead an ASIC miner to 

reactivate his equipment or expand his investment if his 𝑃𝑃𝑅𝑅 or 𝑃𝑃𝑆𝑆 thresholds are reached, but a 
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negative shock of the same magnitude will not illicit a symmetric response if his 𝑃𝑃𝑀𝑀 or 𝑃𝑃𝑆𝑆 

thresholds are not reached. 

 Though I am primarily concerned with the effect of salvage value on miners’ 

thresholds, I present comparative statics for various other characteristics of miners. These are 

relevant for two reasons. First, I do not attempt to structurally model the entry and exit decisions 

of miners. Thus, the starting numbers chosen for the comparative static analysis are mean to be 

illustrative but not necessarily realistic. Therefore, the sensitivity of miners to these other 

characteristics may be of interest to an informed reader. Second, there could be heterogeneity 

among miners; they may face different cost structures and therefore their optimal thresholds 

for investment, abandonment, reactivation and mothballing differ. As I consider data on 

aggregate hashrate and the corresponding cryptocurrency price, any price shock is likely to 

push a certain segment of miners (representing only a portion of the aggregate hashrate) over 

their respective thresholds. This is an important characterization, as I only seek to differentiate 

positive and negative price shocks in my empirical model. 

 

4. Data 

4A: Data Sources 

 Daily cryptocurrency price data are collected from Coinmetrics.io for both Bitcoin 

(BTC) and Ether (ETH). These prices are the “closing prices” at time 00:00 UTC, the 

(beginning of the) next day. The daily BTC price data cover the period from 07/18/2010 to 

10/19/2019 (3,381 days), and the daily ETH price data cover the period from 08/08/2015 to 

10/19/2019 (1,534 days).  

Average daily BTC hashrate is obtained from data.bitcoinity.org. This measure is the 

sum of average daily hashrate, measured in terahashes/second (TH/s), provided by each mining 
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pool and other sources of computing power (miners not using a pool). Average daily ETH 

hashrate is obtained from etherscan.io. This is the average aggregate hashrate, measured in 

TH/s, for all miners of the ETH blockchain. Hashrate data cover the same period as price data.  

I separate BTC data based on a regime shift in the cointegration relationship between 

price and hashrate (See Appendix C and Table 24) and focus my analysis on BTC price and 

hashrate data after 04/14/2014 (2,015 days). 

4B: Summary Statistics 

 Summary statistics are presented in Table 18. Both BTC and ETH have positive mean 

returns, and positive mean hashrate growth. Consistent with Bhambhwani et al. (2019), the 

standard deviation of both price and hashrate returns are significantly greater than the 

respective means for both BTC and ETH. This is symptomatic of the highly volatile 

cryptocurrency market. 

 Figure 16 and Figure 17 graph time-series trends in the variables of interest for BTC 

and ETH, respectively. Panel 1 presents the natural log of the cryptocurrency price in USD 

over time, while panel 2 shows the natural log of the cryptocurrency hashrate, measured in 

terahashes/second. Panel 3 graphs the first difference in log- price over time. Panel 4 graphs 

the first difference in log- hashrate over time. Panel 5 combines Panel 1 and Panel 2 on the 

same graph and is useful for visualizing the cointegration relationship (see Section 5). For both 

BTC and ETH, log- price and log- hashrate appear to be non-stationary variables, while their 

respective first differences appear to be stationary. 

 

5.  Methodology 

 I employ a Threshold Vector Error Correction Model (threshold VECM or TVECM) 

as my main empirical specification. The process for preparing and implementing this model is 
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similar to that of the VECM model. First, using the augmented Dickey and Fuller (1979) (ADF) 

test, I test my variables (price and hashrate) for the existence of a unit root. The null of the 

ADF test is that there is a unit root present in the time series variable. The existence of a unit 

root implies that the time-series is 𝐼𝐼(1) (i.e. non-stationary). The results of the ADF test, 

presented in Table 19, suggest that both price and hashrate are non-stationary variables.  

 Given this, I test for bivariate cointegration between the variables. Cointegration 

between price and hashrate would imply that the variables will tend towards a common 

equilibrium. Bivariate cointegration implies that a linear combination of two 𝐼𝐼(𝑑𝑑) variables 

can form a series that is 𝐼𝐼(𝑑𝑑 − 𝑏𝑏) where 𝑏𝑏 > 0. In the case of price and hashrate, this can be 

expressed as: 

𝑙𝑙𝑙𝑙𝑔𝑔(ℎ𝑎𝑎𝑎𝑎ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑡𝑡) = 𝛽𝛽1𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡) + 𝜖𝜖𝑡𝑡  

( 22 ) 

where 𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡) and 𝑙𝑙𝑙𝑙𝑙𝑙(ℎ𝑎𝑎𝑎𝑎ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑡𝑡) are 𝐼𝐼(𝑑𝑑), and 𝜖𝜖𝑡𝑡 is 𝐼𝐼(𝑑𝑑 − 𝑏𝑏). If the series represented 

by Equation 22 is weakly stationary, i.e. (𝑑𝑑 − 𝑏𝑏) = 0, then mean reversion towards the 

common equilibrium between price and hashrate will persist. The Johansen (1991, 1995) tests 

(both trace and eigenvalue tests) provide strong evidence that price and hashrate are 

cointegrated for both BTC and ETH (see Table 20).24 

 To reconcile this cointegration relationship (see Equation 22) within a reduced-form 

model, it can be expressed as a cointegrating vector, 𝐴𝐴. This vector takes the form of 𝐴𝐴′ =

[1,−𝛽𝛽1] such that: 

 
24 The number of lags selected for the Johansen tests are determined using the Bayesian Information Criterion 
(BIC) (Schwarz, 1978) and the Akaike Information Criterion (AIC) minimizing unrestricted Vector 
Autoregression (VAR) specification. To account for persistence in the BTC time-series, I err on the side of 
including more lags in these specifications. 
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𝐴𝐴′𝑌𝑌𝑡𝑡 = 𝑙𝑙𝑙𝑙𝑙𝑙(ℎ𝑎𝑎𝑎𝑎ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑡𝑡) − 𝛽𝛽1𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡) 

( 23 ) 

where 𝑌𝑌𝑡𝑡′ = [𝑙𝑙𝑙𝑙𝑙𝑙(ℎ𝑎𝑎𝑎𝑎ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑡𝑡), 𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡)]. For example, if 𝐴𝐴′𝑌𝑌𝑡𝑡 < 0 (meaning that 

𝑙𝑙𝑙𝑙𝑙𝑙(ℎ𝑎𝑎𝑎𝑎ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑡𝑡) < 𝛽𝛽1𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑒𝑒𝑡𝑡)) it implies that, based on their long-run equilibrium 

relationship, hashrate is relatively low compared to price. Likewise, if 𝐴𝐴′𝑌𝑌𝑡𝑡 > 0 it implies that 

hashrate is relatively high compared to price (presuming 𝛽𝛽1 > 0). This allows for the 

implementation of the VECM and TVECM models. The VECM specification (Johansen, 1991; 

1995) can be written generally as: 

Δ𝑌𝑌𝑡𝑡 = Φ𝐷𝐷𝑡𝑡 + Π𝐴𝐴′𝑌𝑌𝑡𝑡−1 + �Γ𝑘𝑘Δ𝑌𝑌𝑡𝑡−𝑘𝑘 + 𝜖𝜖𝑡𝑡

𝑞𝑞

𝑘𝑘=1

. 

( 24 ) 

Φ represents the constant and trend coefficients, with 𝐷𝐷𝑡𝑡 = 𝑢𝑢0 + 𝑢𝑢1𝑡𝑡 where 𝑢𝑢0 is the constant 

component and 𝑢𝑢1𝑡𝑡 is the trend component. The long-run impact coefficient, Π, is the mean 

reversion term representing the speed of adjustment towards the equilibrium. This is referred 

to as the Error Correction Term (ECT). When Π < 0, this represents the percent of 

disequilibrium from time t-1 corrected in time t. If Π > 0, this is indicative of divergence. 

∑ Γ𝑘𝑘
𝑞𝑞
𝑘𝑘=1  represents the short-run impact coefficients. These are coefficients for lagged values 

of Δ𝑌𝑌𝑡𝑡 and capture short-run deviations from the equilibrium. An intuitive benefit of the VECM 

specification compared to the Vector Autoregression specification is that the VECM offers 

interpretations of both the short-run dynamics and the long-run equilibrium of the system. 

 Drawing on my threshold analysis, a price increase would not necessarily occasion an 

increase in hashrate for any one miner unless their reactivation or investment threshold is 

reached. However, given heterogeneity between miners in aggregate, any number of miners 

would attain either their reactivation or their investment threshold with the price change. This 
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then will be reflected by an increase in the aggregate hashrate. This reaction to the 

disequilibrium caused by the price change is what Π captures in Equation 24. 

 However, my threshold analysis highlights a shortcoming of this particular application 

of the model. The VECM specification assumes that Π is symmetric for both positive and 

negative disequilibria. This is problematic, as Figure 15 clearly demonstrates that there is 

“space” between the entry and exit thresholds of miners; that is there is a range of possible 

prices between the thresholds for which the optimal strategy for the miner will be inaction. 

Thus, the equilibrium cryptocurrency price (measured by the cointegrating relationship, 𝐴𝐴′𝑌𝑌𝑡𝑡) 

may reasonably fall anywhere within this range. If this equilibrium price is closer to the 

activation threshold, then miners will be more responsive to positive price shocks than negative 

shocks, as these positive shocks are more likely to push miners across the activation price 

threshold. Likewise, if the equilibrium price is closer to the abandonment threshold, then 

miners will be more responsive to negative price shocks than positive price shocks. Thus, it 

would be inappropriate to assume that Π is symmetric for positive and negative disequilibria. 

 To illustrate the relevance of this point, consider panel 2 on Figure 15 which shows that 

as salvage value increases, activation and abandonment thresholds begin to converge. As ETH 

miners enjoy a higher salvage value, their activation and abandonment decisions may be more 

sensitive to price changes than BTC miners. Meanwhile, the equilibrium BTC price could be 

closer to either the activation threshold or the abandonment threshold for BTC miners, as the 

area between these thresholds is greater. If this is indeed the case, BTC miners will react 

differently to positive and negative disequilibria. 

 To reconcile my empirical model with this reality, I employ a TVECM specification 

(Balke and Fomby, 1997; Hansen and Seo, 2002). This allows for separate error correction 
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terms for positive and negative disequilibria. To accomplish this, I present the dummy variables 

𝑑𝑑1,𝑡𝑡 and 𝑑𝑑2,𝑡𝑡 where: 

𝑑𝑑1,𝑡𝑡 = 1  𝑖𝑖𝑖𝑖  𝐴𝐴′𝑌𝑌𝑡𝑡−1 ≤ 𝛾𝛾   

( 25 ) 

and  

𝑑𝑑2,𝑡𝑡 = 1  𝑖𝑖𝑖𝑖  𝐴𝐴′𝑌𝑌𝑡𝑡−1 > 𝛾𝛾 

( 26 ) 

where 𝛾𝛾 is the threshold parameter. I set 𝛾𝛾 = 0 to differentiate between positive and negative 

disequilibria. 𝑑𝑑1,𝑡𝑡 and 𝑑𝑑2,𝑡𝑡 indicate whether the disequilibrium from time t-1 is a negative or 

positive disequilibrium, respectively. 

 The introduction of these dummy variables allows for the following TVECM 

specification:25 

𝑌𝑌𝑡𝑡 = Φ𝐷𝐷𝑡𝑡 + Π1𝑑𝑑1,𝑡𝑡𝐴𝐴′𝑌𝑌𝑡𝑡−1 + Π2𝑑𝑑2,𝑡𝑡𝐴𝐴′𝑌𝑌𝑡𝑡−1 + �Γ𝑘𝑘Δ𝑌𝑌𝑡𝑡−𝑘𝑘

𝑞𝑞

𝑘𝑘=1

+ 𝜖𝜖𝑡𝑡 . 

( 27 ) 

The novelty of this specification is the separation of Π into Π1 and Π2. Π1 is the ECT 

corresponding to a negative disequilibrium (ECT-). In the hashrate equation, this represents the 

mean reversion (or speed of adjustment) when hashrate is relatively low compared to price. Π2 

is the ECT corresponding to a positive disequilibrium (ECT+), representing the mean reversion 

when hashrate is relatively high compared to price. 

 
25 As in the Johansen tests, the number of lags in the TVECM specification is selected using the Bayesian 
Information Criterion (BIC) (Schwarz, 1978) and the Akaike Information Criterion (AIC) minimizing 
unrestricted Vector Autoregression (VAR) specification. Though I am less interested in the short-run price-
hashrate dynamics, these regressors are necessary due to serial correlation. 
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6. Equilibrium Results 

6A: Single Sample Specification 

The results for the TVECM specification are presented in Table 21. There is a long-run 

cointegrating relationship between price and hashrate for BTC and for ETH, with separable 

mean reversion coefficients representing miner-responses to positive and negative 

disequilibria. The ECT- coefficient for the BTC hashrate equation is -0.0111, and is significant 

at a 99% confidence level, while the corresponding ECT+ coefficient is statistically 

insignificant. This indicates that BTC miners respond to negative disequilibria (when hashrate 

is relatively low compared to price) by increasing hashrate, but they do not have a symmetric 

response to positive disequilibria. Meanwhile, both the ECT- and the ECT+ coefficients in the 

ETH hashrate equation are significant at 99% confidence levels; ECT- with a coefficient of -

0.0123 and ECT+ with a coefficient of -0.0114. This indicates that ETH miners respond to both 

positive and negative disequilibria. 

 This result is consistent with my analysis of miners’ entry and exit decisions (see 

Section 3). ETH miners, who enjoy a higher salvage value when scrapping their GPU mining 

equipment, have closer activation and abandonment thresholds (𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆 respectively). Thus, 

they are more sensitive to both positive and negative disequilibria, as price shocks push these 

miners across their respective thresholds. BTC miners, who receive a lower salvage value when 

scrapping their ASIC computing equipment, have a greater range of prices between their 

activation and abandonment thresholds. If the equilibrium price (as given in the cointegration 

relationship) were to bisect these thresholds, we would expect still expect BTC miners to have 

a relatively symmetric response to disequilibria. However, it is also possible that this 

equilibrium price is closer to the activation or abandonment threshold, which would lead to 

miners being more responsive to positive price shocks or negative price shocks, respectively. 
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The results of the TVECM suggest that the equilibrium BTC price (in the examined sample) is 

closer to the activation threshold (of the marginal miner or a group of miners representing the 

largest proportion of aggregate hashrate). 

6B: ASIC ETH Miners 

 On April 3, 2018 Bitmain (a manufacturer of ASIC mining equipment) announced a 

new Ethash ASIC miner: the Antminer A3.26 This news was very relevant to the Ethereum 

blockchain, as Ethereum was designed to be “ASIC-resistant,” meaning that ASIC equipment 

should struggle to run the Ethash algorithm. This is perhaps why this specialized ASIC 

equipment, first shipped in July 2018, did not seem to affect the aggregate ETH hashrate 

significantly (see Figure 16, Panel 2). However, the cost-efficiency of this mining equipment 

cannot be denied as the first batch sold out the day it was announced.27 

 Given this, I create two subsamples: a pre-ASIC subsample from 10/25/2016 to 

06/30/2018 and a post-ASIC subsample from 08/01/2018 to 10/19/2019. For each of these, I 

re-estimate the TVECM specification, following the same process outlined in Section 5. Table 

22 presents the results of these specifications. Consistent with the results of the single sample 

specification, both ETC- and ECT+ are significant at 99% confidence levels for the pre-ASIC 

subsample: ECT- with a coefficient of -0.0134 and ECT+ with a coefficient of -0.0188. Thus, 

ETH miners in the pre-ASIC era have a relatively symmetric response to positive and negative 

disequilibria. For the post-ASIC era, the ECT+ coefficient is significant at the 99% confidence 

level with a coefficient of -0.0307, while the ECT- coefficient is statistically indistinguishable 

from 0. This suggests that post-ASIC ETH miners react only to positive disequilibria (when 

hashrate is relatively high compared to price) by decreasing hashrate. 

 
26 See https://cointelegraph.com/news/bitmain-releases-ethash-asic-miners. 
27 See https://www.coindesk.com/bitmain-confirms-release-first-ever-ethereum-asic-miners and 
https://www.businessinsider.com/asic-crypto-mining-ethereum-ether-cryptocurrency-2018-5. 
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 This, at first glance, suggests that the introduction of ETH ASIC mining equipment led 

to a fundamental change in miner behavior. This would be consistent with my entry and exit 

analysis of miners; the interpretation of post-ASIC ETH miners would be the opposite of BTC 

miners, alluding to an equilibrium price closer to the abandonment threshold (of the 

representative miner or dominant group of miners). 

 While this conclusion seems appealing, there are a number of other possible 

explanations. For example, there could be an overlapping trend in this subsample causing the 

disparity between miners’ reactions to positive and negative disequilibria. This could be 

representative of the price crash in early 2018, when the ETH price fell from an all-time high 

of $1,448.18 in January, 2018.28 On August 1, 2018 (the beginning of the post-ASIC sample) 

the price was $419.02 and reached a low (closing) price of $82.83 on December 15, 2018. It is 

also important to note that I cannot measure the rate at which these ASIC miners were adopted, 

as Bitmain did not release the number of Antminer E3 units sold. It is therefore hard to consider 

the affect this technology had on aggregate hashrate. As the post-ASIC sample is only 438 

days, these alternatives must be acknowledged. 

6C: BTC Block Reward Halving 

 For robustness, I separate the BTC sample based on the BTC block reward halving. 

Bitcoin halving is when the block reward for mining a new Bitcoin block is halved, meaning 

that miners will receive half the previous reward for mining new blocks. This happens every 

210,000 blocks, or roughly once every four years. At the start of my sample, the block reward 

for mining a new block was 25 BTC per block. This reward "halved" on 07/09/2016, dropping 

to 12.5 BTC per block. Therefore, I repeat my analysis for the subsample before 07/09/2016 

and the subsample after 07/09/2016. 

 
28 See https://www.coindesk.com/price/ethereum. 
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 The results of this analysis are presented in Table 23. Similar to the single sample 

results for BTC, the ECT- term in the pre-halving sample is significant at the 99% confidence 

level with a value of -0.0181 while the ECT+ term is insignificant. Likewise, the ECT- term in 

the post-halving sample is significant at the 99% confidence level with a value of -0.0135, 

while the ECT+ term is similarly insignificant.29 These results suggest that BTC block reward 

halving does not affect BTC miners’ adjustment to disequilibria. 

 

7. Discussion 

 As mentioned, the importance of miners to blockchain applications is often overlooked 

by financial economists. It is easy, given the wealth of data offered by public blockchains, to 

consider the hashrate as a variable for which we should control, but not necessarily study. 

However, practitioners will point out the pivotal role miners play in PoW blockchains. Miners 

verify transactions, facilitating liquidity of blockchain based assets (i.e. cryptocurrencies). At 

scale, this verification process provides security to ownership of these assets. Furthermore, the 

incentive structure of miners implies that there is indeed a long-run price-hashrate relationship. 

For empiricists, this alludes to the fact that these variables are cointegrated. 

Thus, the implications of an asymmetric miner response to price shocks are relevant to 

academics and practitioners alike. Foremost among these are pricing implications. As hashrate 

is an empirically significant factor for predicting cryptocurrency returns (Bambhwani et al., 

2019), my results suggest that this may indeed be a non-linear effect on returns in the face of 

asymmetric miner reactions. This is a promising avenue for future research. 

 
29 Interestingly, the trend term in the post-halving sample is insignificant. I therefore re-estimate the model 
excluding the trend term. The optimal number of lags varies based on the inclusion or exclusion of this term. As 
I do not interpret the short-run impact coefficients (i.e. lagged regressors), I again err on the side of including 
more lags to account for serially correlated variables. 
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Moreover, the asymmetric miner response I document has implications for applications 

of blockchain technology. Miner behavior in the face of volatile prices can affect the security 

and functionality of blockchain applications. To illustrate this, consider a blockchain based 

ledger used to record transactions of corporate securities for a particular firm. In this 

application, miners could be rewarded a cryptocurrency linked to the equity value of this firm. 

While this application of blockchain technology should increase transparency of ownership 

and facilitate cheaper auditing, issues unique to blockchain applications, born of the incentive 

structure of miners, can arise. If a negative externality causes the firm’s stock price to plummet, 

miners might abandon their investment in mining equipment. This abandonment will decrease 

the security of the blockchain, and by extension, the firm’s ledger. In extreme cases the 

blockchain based ledger would cease to function with no miners to verify transactions. 

Following a negative shock to price this is a concerning outcome. Therefore, the (a)symmetry 

of miner reactions to price shocks is an important consideration for blockchain applications in 

a financial setting.  

 Finally, the miner responses to price shocks documented in the TVECM results suggest 

that price-hashrate spirals, as described by Pagnotta and Buraschi (2018), may exist, but that 

for ASIC mined cryptocurrencies only a positive or a negative price-hashrate spiral will exist. 

This has implications for the scaling of new blockchain applications, as positive price-hashrate 

spirals may facilitate the growth of blockchains by rewarding early investors (Catalini and 

Gans, 2020). This is another promising avenue for future research. 

 

8. Conclusion 

 I model the entry and exit decisions of cryptocurrency miners using a real options 

framework. I show that the optimal threshold for investment in mining equipment and the 
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optimal threshold for abandonment of a mining project begin to converge when salvage value 

increases. This is relevant to the two types of computing equipment used by miners; specialized 

ASIC equipment, with a lower salvage value, and consumer GPU equipment, with a higher 

salvage value. Given this, I expect GPU miners to have a more symmetric response to price 

shocks than ASIC miners.  

Using a TVECM specification, I separate the positive and negative mean reversion 

(error-correction) terms to show miner responses to price-hashrate disequilibria born of price 

shocks. The TVECM results show that BTC miners, using ASIC equipment, respond only to 

negative disequilibria (when hashrate is relatively low compared to price) by increasing 

hashrate, while ETH miners respond to both positive and negative price disequilibria. These 

results hold for BTC miners both before and after the block reward halving. Furthermore, I 

show that after the introduction of ETH ASIC mining equipment, the response of ETH miners 

is asymmetric. This is consistent with my analysis of miners’ entry and exit decisions, which 

are sensitive to the differential salvage value of ASIC and GPU computing equipment.  

These results have various theoretical and practical implications. An asymmetric miner 

response suggests that hashrate, which has been identified as a significant factor in 

cryptocurrency pricing models, should in fact be a non-linear factor in pricing equations for 

ASIC mined cryptocurrencies. Second, asymmetric miner response has implications for 

applications of blockchain technology, as miners facilitate transactions and provide security to 

ownership of blockchain-based assets. Both the pricing and security implications born of this 

miner behavior warrant further study. 
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Appendix A: Proofs for Chapter 2 
 

Lemma A.1. Stationary Distribution of Memory Pool 

Let 𝑎𝑎𝑓𝑓  >  0 denote the arrival rate of transactions with fees at least as large as 𝑓𝑓 ≥  0 and 

assume that arrivals follow a Poisson process and that 𝑎𝑎𝑓𝑓  < Λ. Let 𝑀𝑀𝑓𝑓 denote the stationary 

distribution for number of transactions in the memory pool with a fee of at least f. Then, the 

distribution of 𝑀𝑀𝑓𝑓 is given as follows: 

For any 𝑚𝑚 ∈  {0,1, . . . }:ℙ�𝑀𝑀𝑓𝑓 = 𝑚𝑚� = �𝑎𝑎𝑓𝑓
Λ
�
𝑚𝑚
⋅  (1 −  𝑎𝑎𝑓𝑓

Λ
) 

Proof: Note that the number of transactions in the memory with fees at least as large as 

f can only change in unit increments. In particular, either a new transaction with fee greater 

than or equal to f arrives and the transaction number increases by one or a block is mined and 

the transaction number reduces by one. Since both arrivals and departures follow a Poisson 

process, the described process is the classical birth-death process. The steady state distribution 

of such a process, �𝜋𝜋𝑓𝑓(𝑚𝑚)�
𝑚𝑚∈ℕ

, is restricted by the following balance equations: 

𝜋𝜋𝑓𝑓(0) ⋅  𝑎𝑎𝑓𝑓  = 𝜋𝜋𝑓𝑓(1) ⋅ Λ 

( 28 ) 

and  

𝜋𝜋𝑓𝑓(𝑚𝑚) ⋅ �𝑎𝑎𝑓𝑓  + Λ� = 𝜋𝜋𝑓𝑓(𝑚𝑚− 1) ⋅  𝑎𝑎𝑓𝑓  + 𝜋𝜋𝑓𝑓(𝑚𝑚 + 1) ⋅ Λ    𝑓𝑓𝑓𝑓𝑓𝑓    𝑚𝑚 ∈  {1,2, . . . } 

( 29 ) 

which imply 𝜋𝜋𝑓𝑓(𝑚𝑚) =  �𝑎𝑎𝑓𝑓
Λ
�
𝑚𝑚
⋅ 𝜋𝜋𝑓𝑓(0) for all 𝑚𝑚 ∈  {0,1, . . . }. Then, since �𝑎𝑎𝑓𝑓(𝑚𝑚)�

𝑚𝑚∈ℕ
 must be 

a valid probability distribution, we must have that 1 =  ∑ 𝜋𝜋𝑓𝑓(𝑚𝑚)∞
𝑚𝑚=0 =  ∑ 𝜋𝜋𝑓𝑓(0)∞

𝑚𝑚=0 ⋅  �𝑎𝑎𝑓𝑓
Λ
�
𝑚𝑚

, 
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which yields 𝜋𝜋𝑓𝑓(0)  =  1 −  𝑎𝑎𝑓𝑓
Λ

. Then, 𝑃𝑃� 𝑀𝑀𝑓𝑓  =  𝑚𝑚� =:𝜋𝜋𝑓𝑓(𝑚𝑚) =  �𝑎𝑎𝑓𝑓
Λ
�
𝑚𝑚
⋅  (1 −  𝑎𝑎𝑓𝑓

Λ
) for all 

𝑚𝑚 ∈  {1,2, . . . } which completes the proof. 

Lemma A.2. Processing Time  

Let 𝑎𝑎𝑓𝑓 ≥  0 denote the arrival rate of transactions with fees at least as large as 𝑓𝑓 ≥  0. Assume 

also that arrivals follow a Poisson process, that 𝑎𝑎𝑓𝑓  < Λ and that the arrival rate for 

transactions with fee exactly f is zero. Then, the expected time for a transaction with fee f to be 

included in a block (i.e., processing time), 𝑊𝑊𝑃𝑃(𝑓𝑓), is given by: 

𝑊𝑊𝑃𝑃(𝑓𝑓) =  
Λ

�Λ − 𝑎𝑎𝑓𝑓�
2 

Proof. Let 𝑋𝑋𝑡𝑡 denote the number of transactions in the memory pool of equal or higher 

priority than a transaction with fee f at a time t units after the transaction with fee f is first 

entered in the memory pool. We define 𝑋𝑋0 to include the transaction with fee f itself so that the 

first occurrence of 𝑋𝑋𝑡𝑡 =  0 corresponds to the transaction with fee f being processed. Thus: 

𝑊𝑊𝑃𝑃(𝑓𝑓)  = 𝔼𝔼[𝑇𝑇𝑓𝑓] 

( 30 ) 

with  

𝑇𝑇𝑓𝑓 ∶=  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑡𝑡 >  0 ∶  𝑋𝑋𝑡𝑡  =  0}  

( 31 ) 

Let { 𝑌𝑌𝑡𝑡 }𝑡𝑡∈ℕ denote the embedded Discrete Time Markov Chain in the Continuous 

Time Markov Chain, { 𝑋𝑋𝑡𝑡 }𝑡𝑡≥0. Then, the following equation holds by definition: 
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𝑇𝑇𝑓𝑓 ∶=  �𝐴𝐴𝑛𝑛

𝑁𝑁𝑓𝑓

𝑛𝑛=1

  

( 32 ) 

with  

𝑁𝑁𝑓𝑓 ∶=  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑡𝑡 >  0 ∶  𝑌𝑌𝑡𝑡  =  0}  

( 33 ) 

and 𝐴𝐴𝑛𝑛 ∼  𝑒𝑒𝑒𝑒𝑒𝑒(Λ +  𝑎𝑎𝑓𝑓) denoting the inter-arrival times for transitions in the { 𝑋𝑋𝑡𝑡}𝑡𝑡≥0 process. 

Then, plugging Equation 32 into Equation 30 and applying the Law of Iterated Expectation 

yields: 

𝑊𝑊𝑃𝑃 (𝑓𝑓) = 𝔼𝔼 �  𝔼𝔼 ��𝐴𝐴𝑛𝑛

𝑁𝑁𝑓𝑓

𝑛𝑛=1

  � 𝑌𝑌0  �]  

( 34 ) 

Since 𝐴𝐴𝑛𝑛 is independent of 𝑁𝑁𝑓𝑓 and 𝑋𝑋0, Equation 34 becomes: 

𝑊𝑊𝑃𝑃(𝑓𝑓)  =  
1

Λ + 𝑎𝑎𝑓𝑓
𝔼𝔼[ 𝔼𝔼�𝑁𝑁𝑓𝑓 � 𝑌𝑌0]]   

( 35 ) 

Optional Stopping Theorem then implies: 

𝔼𝔼�𝑁𝑁𝑓𝑓 � 𝑌𝑌0]  =  
𝑌𝑌0

(Λ − 𝑎𝑎𝑓𝑓)/(Λ + 𝑎𝑎𝑓𝑓)
 =  𝑌𝑌0  

Λ + 𝑎𝑎𝑓𝑓
Λ − 𝑎𝑎𝑓𝑓

   

( 36 ) 

Plugging Equation 36 into Equation 35 then yields: 

𝑊𝑊𝑃𝑃(𝑓𝑓)  =  
𝔼𝔼[𝑌𝑌0]
Λ − 𝑎𝑎𝑓𝑓

 

( 37 ) 
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Note that 𝑌𝑌0 ∼  𝑀𝑀𝑓𝑓  +  1 with 𝑀𝑀𝑓𝑓 defined in Lemma A.1. Thus: 

𝔼𝔼[𝑌𝑌0]  =  � (𝑚𝑚 +  1) ⋅  �
𝑎𝑎𝑓𝑓
Λ
�
𝑚𝑚
⋅  (1 −  

𝑎𝑎𝑓𝑓
Λ

)
∞

𝑚𝑚=0

 =  
Λ

Λ −  𝑎𝑎𝑓𝑓
 

( 38 ) 

Plugging Equation 38 into Equation 37 then completes the proof. 

Lemma A.3. Endogenous Fee Function 

There exists an equilibrium such that each User i selects a fee 𝜙𝜙(𝑐𝑐𝑖𝑖), with 𝜙𝜙(𝑐𝑐𝑖𝑖) being given 

by: 

𝜙𝜙(𝑐𝑐𝑖𝑖) =  2 ⋅  𝑎𝑎 ⋅ Λ �
𝑔𝑔(𝑥𝑥)

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖

0
  𝑑𝑑𝑑𝑑 

 Proof. Recall that each User i selects a fee, 𝑓𝑓𝑖𝑖, to solve Equation 6. Following the 

convention in the literature (see, e.g., Huberman et al. 2021 and Hinzen et al. 2022), we solve 

for a pure strategy equilibrium characterized by a strictly increasing fee function, 𝜙𝜙, that maps 

user disutility to optimal fee choices. In particular, we derive a function, 𝜙𝜙, such that: 

𝜙𝜙(𝑐𝑐𝑖𝑖) =  arg max
𝑓𝑓≥0

  𝑢𝑢𝑖𝑖 ⋅ Ψ�𝑁𝑁𝜏𝜏𝑖𝑖� −  𝑐𝑐𝑖𝑖 ⋅  𝑊𝑊(𝑓𝑓)  −  𝑓𝑓  

( 39 ) 

for all 𝑐𝑐𝑖𝑖 so that 𝜙𝜙(𝑐𝑐𝑖𝑖) is the optimal fee choice for each User i and thus 𝑓𝑓𝑖𝑖  = 𝜙𝜙(𝑐𝑐𝑖𝑖) for each 

User i. 

Applying Equation 7 to Equation 39 yields: 

𝜙𝜙(𝑐𝑐𝑖𝑖)  =  arg max
𝑓𝑓≥0

  𝑢𝑢𝑖𝑖 ⋅ Ψ�𝑁𝑁𝜏𝜏𝑖𝑖� −  𝑐𝑐𝑖𝑖 ⋅  (𝑊𝑊𝑃𝑃(𝑓𝑓)  + 𝜅𝜅)  −  𝑓𝑓  

( 40 ) 

In turn, the first order condition implies:  
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− 𝑐𝑐𝑖𝑖  
𝑑𝑑
𝑑𝑑𝑑𝑑

[𝑊𝑊𝑃𝑃(𝑓𝑓)]|𝑓𝑓 =𝜙𝜙(𝑐𝑐𝑖𝑖) =  1   

( 41 ) 

Note that, since each User i selects a fee given by 𝑓𝑓𝑖𝑖  = 𝜙𝜙(𝑐𝑐𝑖𝑖) then the arrival rate of 

transactions with fees at least as large as 𝑓𝑓 ≥  0 is given by 𝑎𝑎𝑓𝑓  =  𝑎𝑎 ⋅ 𝐺𝐺(𝜙𝜙−1(𝑓𝑓)) with 𝐺𝐺(𝑥𝑥) ∶

=  1 −  𝐺𝐺(𝑥𝑥). Moreover, in such a case, the transaction arrivals with fees at least f follow a 

Poisson process and the arrival rate of transactions with exactly fee f is zero because total 

transaction arrivals follow a Poisson process and G is strictly increasing. Therefore, the 

hypothesis of Lemma A.2. is satisfied so that we can apply the result from Lemma A.2. with 

𝑎𝑎𝑓𝑓  =  𝑎𝑎 ⋅ 𝐺𝐺(𝜙𝜙−1(𝑓𝑓)): 

 𝑊𝑊𝑃𝑃(𝑓𝑓)  =  
Λ

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺�𝜙𝜙−1(𝑓𝑓)��
2  

( 42 ) 

Then, applying Equation 42 to Equation 41 yields: 

2 ⋅  𝑐𝑐𝑖𝑖 ⋅ Λ

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑐𝑐𝑖𝑖)�
3 ×  �𝑎𝑎 ⋅  𝑔𝑔(𝑐𝑐𝑖𝑖)� ×  

1
𝜙𝜙′(𝑐𝑐𝑖𝑖)

=  1    

( 43 ) 

with 𝑔𝑔(𝑥𝑥) ∶=  𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

. Solving the differential equation in Equation 43 and imposing 𝜙𝜙(0)  =  0 

(which is implied trivially by Equation 6) then completes the proof: 

𝜙𝜙(𝑐𝑐𝑖𝑖) =  2 ⋅  𝑎𝑎 ⋅ Λ �
𝑥𝑥 ⋅  𝑔𝑔(𝑥𝑥)

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖

0
  𝑑𝑑𝑑𝑑   

( 44 ) 
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Proof of Proposition 3.1. Lemma A.3. implies that 𝑓𝑓𝑖𝑖  =  2 ⋅  𝑎𝑎 ⋅ Λ ∫ 𝑥𝑥⋅ 𝑔𝑔(𝑥𝑥)

�Λ − 𝑎𝑎⋅𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖
0 𝑑𝑑𝑑𝑑. 

Then, direct verification yields 𝑑𝑑 𝑓𝑓𝑖𝑖
𝑑𝑑 Λ

<  0 thereby establishing that User i's fee decreases in 

Scale, Λ. 

 Lemma A.3. also establishes that User i pays 𝜙𝜙(𝑐𝑐𝑖𝑖) in equilibrium with 𝜙𝜙(𝑐𝑐𝑖𝑖) being a 

strictly increasing function. Accordingly, the set of users paying a higher fee than User i in 

equilibrium is given by { 𝑗𝑗:𝜙𝜙(𝑐𝑐𝑗𝑗)  > 𝜙𝜙(𝑐𝑐𝑖𝑖)}  =  { 𝑗𝑗: 𝑐𝑐𝑗𝑗  >  𝑐𝑐𝑖𝑖} and each user is drawn to be of 

such type with probability 𝐺𝐺(𝑐𝑐𝑖𝑖) so that transactions with fees exceeding that of User i's fee 

arrive according to a Poisson process with rate 𝑎𝑎 ⋅ 𝐺𝐺(𝑐𝑐𝑖𝑖). Note that the hypothesis of Lemma 

A.2. are all satisfied so that Lemma A.2. then implies that User i's expected time for her 

transaction to be included on a block (i.e., processing time) is given by: 𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖) =  Λ

�Λ − 𝑎𝑎⋅𝐺𝐺(𝑐𝑐𝑖𝑖)�
2. 

 Direct verification yields 𝑑𝑑
𝑑𝑑Λ

[𝑊𝑊𝑃𝑃(𝑓𝑓𝑖𝑖)]  <  0, establishing that User i's processing time 

decreases in Scale, Λ and thereby completing the proof. 

 

Proof of Proposition 3.2. We first establish that 𝑘𝑘(𝑠𝑠,𝛼𝛼): =  𝑚𝑚𝑚𝑚𝑚𝑚{ 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} 

is well-defined for any 𝛼𝛼 >  0 and then prove that 𝑘𝑘(𝑠𝑠,𝛼𝛼) decreases in s for any 𝛼𝛼 >  0. To 

establish that 𝑘𝑘(𝑠𝑠,𝛼𝛼) is well-defined, we only need to show that { 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} 

possesses a well-defined minimum for any 𝛼𝛼 >  0. Recall that for any s, we have 

lim
𝑘𝑘→∞

𝑝𝑝(𝑠𝑠, 𝑘𝑘) =  0  and 𝑝𝑝(𝑠𝑠, 𝑘𝑘) decreases in k so that { 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} is a nonempty set. 

Let  𝑘𝑘� ∈ ℕ be such that  𝑘𝑘� ∈  { 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼}. Then 𝑖𝑖𝑖𝑖𝑖𝑖{ 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼}  =

 𝑖𝑖𝑖𝑖𝑖𝑖 { 𝑘𝑘 ∈ ℕ, 𝑘𝑘 ≤  𝑘𝑘�: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼}  =  𝑚𝑚𝑚𝑚𝑚𝑚 { 𝑘𝑘 ∈ ℕ,𝑘𝑘 ≤  𝑘𝑘�: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼}  =  𝑚𝑚𝑚𝑚𝑚𝑚 { 𝑘𝑘 ∈

ℕ: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼}, with the second equality following from { 𝑘𝑘 ∈ ℕ,𝑘𝑘 ≤  𝑘𝑘�: 𝑝𝑝(𝑠𝑠, 𝑘𝑘) ≤ 𝛼𝛼} being 
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nonempty and compact. Thus, 𝑘𝑘(𝑠𝑠,𝛼𝛼) ∶=  𝑚𝑚𝑚𝑚𝑚𝑚 { 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠,𝑘𝑘) ≤ 𝛼𝛼} is well-defined for any 

𝛼𝛼 >  0 as desired. 

To establish 𝑘𝑘(𝑠𝑠,𝛼𝛼) decreases in s for any 𝛼𝛼 >  0, we need to show that 𝑘𝑘(𝑠𝑠 + 𝛿𝛿,𝛼𝛼) ≤

 𝑘𝑘(𝑠𝑠,𝛼𝛼) for 𝛿𝛿 ≥  0. Note that 𝛼𝛼 ≥  𝑝𝑝�𝑠𝑠, 𝑘𝑘(𝑠𝑠)� ≥  𝑝𝑝(𝑠𝑠 + 𝛿𝛿, 𝑘𝑘(𝑠𝑠)) with the first inequality 

following from the definition of 𝑘𝑘(𝑠𝑠) and the second inequality following from 𝑝𝑝(𝑠𝑠,𝑘𝑘) 

decreasing in s. Then 𝑘𝑘(𝑠𝑠,𝛼𝛼) ∈  { 𝑘𝑘 ∈ ℕ: 𝑝𝑝(𝑠𝑠 + 𝛿𝛿, 𝑘𝑘) ≤ 𝛼𝛼} so that 𝑘𝑘(𝑠𝑠 + 𝛿𝛿,𝛼𝛼): =  𝑚𝑚𝑚𝑚𝑚𝑚 { 𝑘𝑘 ∈

ℕ: 𝑝𝑝(𝑠𝑠 + 𝛿𝛿,𝑘𝑘) ≤ 𝛼𝛼} ≤  𝑘𝑘(𝑠𝑠,𝛼𝛼), which completes the proof. 

  

 Proof of Corollary 3.3. 𝜅𝜅 =  𝑘𝑘(𝑠𝑠)
Λ

 decreases in security, s, as an implication of 

Proposition 3.2 and decreases in Λ via direct verification (i.e., 𝑑𝑑
𝑑𝑑Λ

[𝑘𝑘(𝑠𝑠)
Λ

]  =  −  𝑘𝑘(𝑠𝑠)
Λ2

 <  0). 

 

 Proof of Corollary 3.4. Proposition 3.1, Equation 6 and Equation 7 imply that user 

utility is given by: 

𝑢𝑢𝑖𝑖 ⋅ Ψ�𝑁𝑁𝜏𝜏𝑖𝑖� −  𝑐𝑐𝑖𝑖 ⋅ �  
Λ

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑐𝑐𝑖𝑖)�
2 + 

𝑘𝑘(𝑠𝑠)
Λ �  −   2 ⋅  𝑎𝑎 ⋅ Λ �

𝑥𝑥 ⋅  𝑔𝑔(𝑥𝑥)

�Λ −  𝑎𝑎 ⋅ 𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖

0
 𝑑𝑑𝑑𝑑 

( 45 ) 

Then, direct verification reveals that user utility increases in adoption, 𝑁𝑁𝜏𝜏𝑖𝑖 , and scale, 

Λ. Moreover, Proposition 3.2 implies that 𝑘𝑘(𝑠𝑠) decreases in security, s, so that user utility also 

necessarily decreases in security, s. This last implication follows because Equation 45 

decreases in 𝑘𝑘(𝑠𝑠). 
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 Proof of Proposition 3.5. 𝑁𝑁𝜏𝜏,1 ≥  𝑁𝑁𝜏𝜏,2 for all 𝜏𝜏 ∈  𝑇𝑇, Λ1 ≥  Λ2, and Λ1
𝑘𝑘(𝑠𝑠1) 

≥  Λ2
𝑘𝑘(𝑠𝑠2)

 implies 

that Blockchain 1 is preferred to Blockhain 2 for all users  by Proposition 3.1, Corollary 3.3 

and the preference structure given by Equation 6 (see the proof of Corollary 3.4 for additional 

detail). 

To establish the converse, we proceed by contradiction. Formally, we wish to show that 

Blockchain 2 being preferred to Blockchain 1 by some user under some model parameters is 

inconsistent with the disjunction of the following three propositions: 

(i) 𝑁𝑁𝜏𝜏,1  <  𝑁𝑁𝜏𝜏,2 for all 𝜏𝜏 ∈  𝑇𝑇 

(ii) Λ1  < Λ2 

(iii) Λ1
𝑘𝑘(𝑠𝑠1)

<  Λ2
𝑘𝑘(𝑠𝑠2)

 

 

 Blockchain 1 being preferred to Blockchain 2 for each user under all circumstances 

means that users of any type (i.e., for any values of 𝑢𝑢𝑖𝑖 , 𝑐𝑐𝑖𝑖 and 𝜏𝜏𝑖𝑖) receive higher utility from 

Blockchain 1 than Blockchain 2 for any transaction arrival rate (i.e, for any 𝑎𝑎). More explicitly, 

letting the equilibrium user utility of User i when using blockchain j be denoted by 𝕌𝕌𝑖𝑖,𝑗𝑗, then 

Proposition 3.1, Equation 6 and Equation 7 imply: 

𝕌𝕌𝑖𝑖,𝑗𝑗 = 𝑢𝑢𝑖𝑖 ⋅ Ψ�𝑁𝑁𝜏𝜏𝑖𝑖,𝑗𝑗� − 𝑐𝑐𝑖𝑖 ⋅ �
Λ𝑗𝑗

�Λ𝑗𝑗  −  𝑎𝑎 ⋅ 𝐺𝐺(𝑐𝑐𝑖𝑖)�
2  +  

𝑘𝑘�𝑠𝑠𝑗𝑗�
Λ𝑗𝑗

�  − 2 ⋅ 𝑎𝑎

⋅ Λ𝑗𝑗 �
𝑥𝑥 ⋅  𝑔𝑔(𝑥𝑥)

�Λ𝑗𝑗  −  𝑎𝑎 ⋅ 𝐺𝐺(𝑥𝑥)�
3

𝑐𝑐𝑖𝑖

0
 𝑑𝑑𝑑𝑑  

so that we must prove that 𝑈𝑈𝑖𝑖,1 ≥  𝑈𝑈𝑖𝑖,2 for all 𝑢𝑢𝑖𝑖 , 𝑐𝑐𝑖𝑖 , 𝜏𝜏𝑖𝑖 and 𝑎𝑎 is inconsistent with the disjunction 

of (i) – (iii). As discussed, we proceed by contradiction, imposing 𝑈𝑈𝑖𝑖,1 ≥  𝑈𝑈𝑖𝑖,2 for all 𝑢𝑢𝑖𝑖 , 𝑐𝑐𝑖𝑖 , 𝜏𝜏𝑖𝑖 
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and 𝑎𝑎 throughout the following argument and establishing a contradiction with the disjunction 

of (i) – (iii).  

 Letting 𝑐𝑐𝑖𝑖  =  0 precludes 𝑁𝑁𝜏𝜏𝑖𝑖,1  <  𝑁𝑁𝜏𝜏𝑖𝑖,2 so that at least one of (ii) or (iii) must hold. 

Then, holding 𝑐𝑐𝑖𝑖 fixed but taking 𝑎𝑎 → ∞ and setting 𝑢𝑢𝑖𝑖  =  0 precludes Λ1  < Λ2 so that (iii) 

must hold. However, holding 𝑐𝑐𝑖𝑖 fixed but taking 𝑎𝑎 →  0+ and setting 𝑢𝑢𝑖𝑖  =  0 precludes Λ1
𝑘𝑘(𝑠𝑠1)

 <

 Λ2
𝑘𝑘(𝑠𝑠2)

, thereby delivering the desired contradiction and completing the proof. 
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Appendix B: Proofs for Chapter 3 
 

Deriving the value of the option to invest, abandon, and mothball mining equipment. 

 The investment and abandonment decision made by the miner takes the price as given 

by the following geometric Brownian motion: 

𝑑𝑑𝑑𝑑 = 𝛼𝛼 𝑃𝑃𝑃𝑃𝑃𝑃 + 𝜎𝜎 𝑃𝑃𝑃𝑃𝑃𝑃. 

( 46 ) 

 To obtain a differential equation for 𝑉𝑉0(𝑃𝑃) we recognize that for the value of the option 

to be arbitrage free, the left-hand side must equal the right-hand side of the following 

expression: 

𝜌𝜌 𝑉𝑉0(𝑃𝑃)𝑑𝑑𝑑𝑑 = 𝐸𝐸(𝑑𝑑𝑉𝑉0) 

( 47 ) 

where the required rate of return, 𝜌𝜌, on the value of the option 𝑉𝑉0(𝑃𝑃) over 𝑑𝑑𝑑𝑑 must equal the 

expected rate of appreciation in the value of the option to “mine,” 𝐸𝐸(𝑑𝑑𝑉𝑉0). 

 Using a Taylor expansion on the right-hand-side of our non-arbitrage condition, we 

have: 

𝜌𝜌 𝑉𝑉0(𝑃𝑃)𝑑𝑑𝑑𝑑 = 𝐸𝐸[𝑉𝑉0′(𝑃𝑃)𝑑𝑑𝑑𝑑 +
1
2
𝑉𝑉0′′(𝑃𝑃)(𝑑𝑑𝑑𝑑)2]. 

( 48 ) 

Employing Ito’s lemma and distributing the expectation operator yields: 

𝜌𝜌 𝑉𝑉0(𝑃𝑃)𝑑𝑑𝑑𝑑 = 𝑉𝑉0′(𝑃𝑃)𝛼𝛼 𝑃𝑃𝑃𝑃𝑃𝑃 +
1
2
𝑉𝑉0′′(𝑃𝑃)𝜎𝜎2𝑃𝑃2𝑑𝑑𝑑𝑑. 

( 49 ) 

Dividing by 𝑑𝑑𝑑𝑑 and moving everything to the left-hand side: 
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1
2
𝜎𝜎2𝑃𝑃2𝑉𝑉0′′(𝑃𝑃) + 𝛼𝛼 𝑃𝑃𝑉𝑉0′(𝑃𝑃) − 𝜌𝜌 𝑉𝑉0(𝑃𝑃) = 0. 

( 50 ) 

Recognizing that (𝜌𝜌 − 𝛼𝛼) is often designated as the convenience yield 𝛿𝛿: 

1
2
𝜎𝜎2𝑃𝑃2𝑉𝑉0′′(𝑃𝑃) + (𝜌𝜌 − 𝛿𝛿)𝑃𝑃𝑉𝑉0′(𝑃𝑃) − 𝜌𝜌 𝑉𝑉0(𝑃𝑃) = 0. 

( 51 ) 

The solution for this second order differential equation will take the form of 𝑉𝑉0(𝑃𝑃) = 𝐴𝐴𝑃𝑃𝛽𝛽, and 

will eventually provide two solutions for 𝛽𝛽: 

𝛽𝛽1 = �
1
2
−

(𝜌𝜌 − 𝛿𝛿)
𝜎𝜎2 �+��

(𝜌𝜌 − 𝛿𝛿)
𝜎𝜎2

−
1
2�

2

+ �
2𝜌𝜌
𝜎𝜎2
��

1/2

  

( 52 ) 

and  

𝛽𝛽2 = �
1
2
−

(𝜌𝜌 − 𝛿𝛿)
𝜎𝜎2 � − ��

(𝜌𝜌 − 𝛿𝛿)
𝜎𝜎2

−
1
2�

2

+ �
2𝜌𝜌
𝜎𝜎2
��

1/2

  

( 53 ) 

Since 𝑉𝑉0 = 𝐴𝐴1𝑃𝑃𝛽𝛽1 and 𝑉𝑉0 = 𝐴𝐴2𝑃𝑃𝛽𝛽2 each satisfy the second order differential equation for 𝑉𝑉(𝑃𝑃), 

their sum must also satisfy the second order differential equation. Consequently, for a general 

solution we have: 

𝑉𝑉0(𝑃𝑃) = 𝐴𝐴1𝑃𝑃𝛽𝛽1 + 𝐴𝐴2𝑃𝑃𝛽𝛽2  

( 54 ) 

with 𝛽𝛽1  > 1 and 𝛽𝛽2 < 0. 

The general solution for 𝑉𝑉0(𝑃𝑃), 𝑉𝑉0(𝑃𝑃) = 𝐴𝐴1𝑃𝑃𝛽𝛽1 + 𝐴𝐴2𝑃𝑃𝛽𝛽2, becomes simply 𝑉𝑉0(𝑃𝑃) =

𝐴𝐴1𝑃𝑃𝛽𝛽1  (with 𝛽𝛽2 < 0) because at very low prices the value of the miner’s option to invest gets 
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very small forcing 𝐴𝐴2 to be zero to eliminate the possibility of 𝑃𝑃𝛽𝛽2 with (𝛽𝛽2 < 0) approaching 

+∞ and inappropriately impacting the value of the miner’s option. The solution for the value 

of the option of an idle miner to become active is valid over the interval (0,𝑃𝑃𝐻𝐻) of prices. 

 Next, consider the value of an active miner. The calculation is nearly identical to that 

of 𝑉𝑉0(𝑃𝑃) except the “live” part of the composite asset pays a net cash flow of (𝑃𝑃 − 𝐶𝐶)𝑑𝑑𝑑𝑑, in 

which case the differential equation representing the value of the active miner becomes: 

1
2
𝜎𝜎2𝑃𝑃2𝑉𝑉1′′(𝑃𝑃) + (𝑟𝑟 − 𝛿𝛿)𝑃𝑃𝑉𝑉1′(𝑃𝑃) − 𝑟𝑟𝑉𝑉1(𝑃𝑃) + (𝑃𝑃 − 𝐶𝐶) = 0. 

( 55 ) 

The general solution for 𝑉𝑉1(𝑃𝑃) would be: 

𝑉𝑉1(𝑃𝑃) = 𝐵𝐵1𝑃𝑃𝛽𝛽1 + 𝐵𝐵2𝑃𝑃𝛽𝛽2 + (
𝑃𝑃
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

). 

( 56 ) 

 The last two terms in our solution for 𝑉𝑉1(𝑃𝑃), (𝑃𝑃
𝛿𝛿
− 𝐶𝐶

𝑟𝑟
), are the value of the “live” project 

when the miner is required to keep operating over the production horizon despite any losses. 

The first two terms are the value of the option to abandon mining. As 𝑃𝑃 gets very large, the 

option to abandon should not be unduly influenced by 𝑃𝑃𝛽𝛽1 where 𝛽𝛽1 > 1. Consequently, 𝐵𝐵1 is 

given the value of zero so that 𝑃𝑃𝛽𝛽1 has no impact on the value of the miner’s option to abandon. 

This means that 𝑉𝑉1(𝑃𝑃) becomes: 

𝑉𝑉1(𝑃𝑃) = 𝐵𝐵2𝑃𝑃𝛽𝛽2 +
𝑃𝑃
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

 

( 57 ) 

over the range of prices from (𝑃𝑃𝑆𝑆,∞). 



109 
 

Substituting these solutions into Equations (9) to (12) (see Chapter 3, Section 3) yields 

the following four equations: 

−𝐴𝐴1𝑃𝑃𝐻𝐻
𝛽𝛽1 + 𝐵𝐵2𝑃𝑃𝐻𝐻

𝛽𝛽2 +
𝑃𝑃𝐻𝐻
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

= 𝐼𝐼 

( 58 ) 

−𝛽𝛽1𝐴𝐴1𝑃𝑃𝐻𝐻
𝛽𝛽1−1 + 𝛽𝛽2𝐵𝐵2𝑃𝑃𝐻𝐻

𝛽𝛽2−1 +
1
𝛿𝛿

= 0 

( 59 ) 

−𝐴𝐴1𝑃𝑃𝑆𝑆
𝛽𝛽1 + 𝐵𝐵2𝑃𝑃𝐿𝐿

𝛽𝛽2 +
𝑃𝑃𝑆𝑆
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

= −𝐸𝐸 

( 60 ) 

−𝛽𝛽1𝐴𝐴1𝑃𝑃𝑆𝑆
𝛽𝛽1−1 + 𝛽𝛽2𝐵𝐵2𝑃𝑃𝑆𝑆

𝛽𝛽2−1 +
1
𝛿𝛿

= 0. 

( 61 ) 

These equations may be solved for numerical solutions for the thresholds 𝑃𝑃𝐻𝐻 and 𝑃𝑃𝑆𝑆, 

and the corresponding option value coefficients 𝐴𝐴1 and 𝐵𝐵2. 

The derivation of the general solution for the value of the mothballed miner is much 

like that of the active miner and idle miner. The mothballed miner can continue over the range 

of prices (𝑃𝑃𝑆𝑆,𝑃𝑃𝑅𝑅) and the value of the “laid-up” computing equipment would be given: 

𝑉𝑉𝑀𝑀(𝑃𝑃) = 𝐷𝐷1𝑃𝑃𝛽𝛽1 + 𝐷𝐷2𝑃𝑃𝛽𝛽2 −
𝑀𝑀
𝑟𝑟

 

( 62 ) 

where 𝐷𝐷1𝑃𝑃𝛽𝛽1  is the value of the miner’s option to reactivate and 𝐷𝐷2𝑃𝑃𝛽𝛽2 is the value of the 

miner’s option to scrap the equipment. Clearly 𝑀𝑀/𝑟𝑟 is the cost of maintaining the laid-up 

equipment forever. 
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 Substituting these solutions into Equations (18) to (21) (see Chapter 3, Section 3) yields 

the following eight equations: 

−𝐷𝐷1𝑃𝑃𝑅𝑅
𝛽𝛽1 + (𝐵𝐵2 − 𝐷𝐷2)𝑃𝑃𝑅𝑅

𝛽𝛽2 − (𝐶𝐶 −𝑀𝑀)
1
𝑟𝑟

+
𝑃𝑃𝑅𝑅
𝛿𝛿

= 𝑅𝑅 

( 63 ) 

−𝛽𝛽1𝐷𝐷1𝑃𝑃𝑅𝑅
𝛽𝛽1−1 + 𝛽𝛽2(𝐵𝐵2 − 𝐷𝐷2)𝑃𝑃𝑅𝑅

𝛽𝛽2−1 +
1
𝛿𝛿

= 0 

( 64 ) 

−𝐷𝐷1𝑃𝑃𝑀𝑀
𝛽𝛽1 + (𝐵𝐵2 − 𝐷𝐷2)𝑃𝑃𝑀𝑀

𝛽𝛽2  +
𝑃𝑃𝑀𝑀
𝛿𝛿
− (

𝐶𝐶
𝑟𝑟
−
𝑀𝑀
𝑟𝑟

) = −𝐸𝐸𝑀𝑀 

( 65 ) 

−𝛽𝛽1𝐷𝐷1𝑃𝑃𝑀𝑀
𝛽𝛽1−1 + 𝛽𝛽2(𝐵𝐵2 − 𝐷𝐷2)𝑃𝑃𝑀𝑀

𝛽𝛽2−1 +
1
𝛿𝛿

= 0 

( 66 ) 

−𝐴𝐴1𝑃𝑃𝐻𝐻
𝛽𝛽1 + 𝐵𝐵2𝑃𝑃𝐻𝐻

𝛽𝛽2 +
𝑃𝑃𝐻𝐻
𝛿𝛿
−
𝐶𝐶
𝑟𝑟

= 𝐼𝐼 

( 67 ) 

−𝐴𝐴1𝛽𝛽1𝑃𝑃𝐻𝐻
𝛽𝛽1−1 + 𝐵𝐵2𝛽𝛽2𝑃𝑃𝐻𝐻

𝛽𝛽2−1 +
1
𝛿𝛿

= 0 

( 68 ) 

(𝐷𝐷1 − 𝐴𝐴1)𝑃𝑃𝑆𝑆
𝛽𝛽1 + 𝐷𝐷2𝑃𝑃𝑆𝑆

𝛽𝛽2 +
𝑀𝑀
𝑟𝑟

= −𝐸𝐸𝑆𝑆 

( 69 ) 

𝛽𝛽1(𝐷𝐷1 − 𝐴𝐴1)𝑃𝑃𝑆𝑆
𝛽𝛽1−1 + 𝛽𝛽2𝐷𝐷2𝑃𝑃𝑆𝑆

𝛽𝛽2−1 = 0. 

( 70 ) 

These eight equations may be solved for numerical solutions for the thresholds 𝑃𝑃𝐻𝐻, 𝑃𝑃𝑅𝑅, 𝑃𝑃𝑀𝑀, and 

𝑃𝑃𝑆𝑆, and the corresponding option value coefficients 𝐴𝐴1, 𝐵𝐵2, 𝐷𝐷1, and 𝐷𝐷2. 
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Appendix C: Discussion of Structural Breaks for Chapter 3 
 

The introduction of BTC ASIC mining equipment occurred sometime in 2013. This 

ASIC equipment was vastly more efficient than the prior mining technology, and its advent 

represents a paradigm shift in the BTC mining industry. As I seek to distinguish the reactions 

of ASIC and GPU miners, I consider only BTC data after the widespread adoption of ASIC 

equipment. Though the first ASIC equipment was sold sometime in 2013, the time-series 

relationship between price and hashrate indicates that widespread adoption of this equipment 

did not immediately occur (see Figure 18). This is likely symptomatic of greater demand for 

the equipment than available supply and imperfect supply chains. 

To isolate the “start” date of my sample, I turn to Gregory and Hansen (1996). Gregory 

and Hansen test for cointegration in the presence of a regime shift at an unknown date. I utilize 

the search function of their test to isolate the date of this regime shift. The results of the Gregory 

and Hansen (1996) test are presented in Table 24. Given evidence of a regime shift on 

04/13/2014, I start my BTC sample on 04/14/2014. Graphical evidence (see Figure 18) supports 

this choice. Though the Gregory and Hansen (1996) test also measures cointegration between 

BTC price and hashrate, I ignore these test statistics as I re-estimate the cointegration 

relationship using the Johansen (1991, 1995) procedure (see Chapter 3, Section 5). 
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Figure 1: Long and Short Ether Example 

 

 

 
Figure 2: Liquidation Transaction Example 
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Figure 3: Borrowed and Supplied Asset Values 

 

 
Figure 4: Value Decile Statistics 
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Figure 5: Percent of Accounts with Negative Reversal Benefit 

 

 

 
Figure 6: Parallel Pre-Trends 
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Figure 7: Continuous Treatment Parallel Pre-Trends 
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Figure 8: Blockchain announcement dates and native asset market capital 
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Figure 9: Number of blockchains and market capitalization by consensus protocol 
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Figure 10: Market capital share within consensus protocol group 
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Figure 11: Adoption: Number of active addresses 
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Figure 12: Overview of decentralized applications (dApp) 
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Figure 13: Scale: Transactions per Second (TPS) 
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Figure 14: Security: Number of block confirmations 
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Figure 15: Comparative Statics 
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Figure 16: Bitcoin Graphics 
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Figure 17: Ether Graphics 
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Figure 18: Bitcoin Price/Hashrate 
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Table 1: Compound Transaction Gas Estimates 
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Table 2: Asset Summary Statistics 
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Table 3: Summary Statistics - Borrower Sample 

 

 

 

Table 4: Descriptive Analysis - Probability of Update 
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Table 5: Value Decile Analysis - Logit 
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Table 6: Discrete Exposure to Liquidation Penalty - Difference in Difference Analysis 

 

 



132 
 

 

Table 7: Parallel Pre-Trends: Discrete Analysis 
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Table 8: Continuous Exposure to Liquidation Penalty - Difference in Difference Analysis 
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Table 9: Parallel Pre-Trends: Continuous Analysis 

 

 

 

Table 10: Number of blockchains by consensus protocol and launch year 
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Table 11: Blockchain sample for empirical analysis 
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Table 12: dApp statistics by blockchain 

 

 

 

Table 13: Monthly Active Users (MAU) by dApp category and blockchain 
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Table 14: Block arrival rates and confirmation wait times 
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Table 15: Blockchain Ranking by Attributes 
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Table 16: Required block confirmations by cryptoasset exchanges 
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Table 17: Sources of block confirmation rules 

 

 

 

Table 18: Sample Description 
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Table 19: Sample Augmented Dickey Fuller Test 

 

 

 

Table 20: Johansen Test 
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Table 21: Full Sample TVECM Specification 

 

 

Table 22: Pre- vs. Post- ETH ASIC Results 
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Table 23: Pre- vs. Post- BTC Halving Results 

 

 

 

Table 24: Gregory and Hansen (1996) Test 
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