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Abstract

This thesis is composed of three essays on the applications of computational and empirical
methods in financial economics.

Chapter 1, Transaction Fee Economics in the Ethereum Blockchain, is co-authored with
Alexander Karaivanov. It examines the economic determinants of transaction fees in the
Ethereum blockchain. We estimate an empirical model based on queueing theory and an-
alyze the factors determining the “gas price” (transaction cost per unit of service, “gas”).
Using block- and transaction-level data from the Ethereum blockchain, we show that changes
in service demand significantly affect the gas price—when there is high block utilization,
per-unit fees increase on average, with a strong nonlinear effect above 90% utilization. The
transaction type is another important factor—a larger fraction of regular transactions (di-
rect transfers between users) is associated with higher gas price.

Chapter 2, Individual Evolutionary Learning and Zero-Intelligence in the Continuous Dou-
ble Auction, jointly with Jasmina Arifovic and John Ledyard, studies behavior in a Contin-
uous Double Auction, the most preferred exchange mechanism of financial markets around
the world. Particularly, we report on two models, Zero-Intelligence and Individual Evolu-
tionary Learning, which we tested against each other with a key emphasis on price formation
and trade efficiency using two very different data sets: a large, uncontrolled set from class-
room experiments using the MobLab interface and a small, controlled set from experiments
at Simon Fraser University.

Chapter 3, Racial Differences in Senior Executives’ Access to Information, is co-authored
with Deniz Anginer, Nejat Seyhun, and Ray Zhang. Based on a hand-collected sample of
race data for executives of S&P 1500 firms, this paper provides evidence of differences due
to race in insider-trading behavior and in the profitability of senior corporate executives. We
document that, although non-African-American executives make positive abnormal profits
from insider trading, African-American executives, on average, earn zero abnormal profits.
In contrast, the abnormal profits of Asian-American executives are similar to or even exceed
those of Caucasian executives. However, these race differences are less profound in firms
that emphasize diversity and employee equity. These results suggest that African-American
executives are disadvantaged relative to other executives in access to insider information.
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Chapter 1

Transaction Fee Economics in the
Ethereum Blockchain

1.1 Introduction

We study the economic determinants of transaction fees in the Ethereum blockchain, the
second largest blockchain by market capitalization.1 While Bitcoin, launched in 2009, is the
oldest, best-known and most widely researched blockchain platform, Ethereum, started in
2015, has a different design, with broader applicability going beyond digital payments. Sim-
ilar to other blockchains, Ethereum has an internal digital (crypto) currency with decentral-
ized and scarce supply, called Ether (ETH), that can be used as store of value or transacted
between users anywhere in the world. However, unlike other blockchain platforms, Ethereum
is much more flexible and programmable, hence many developers have used the platform to
create a wide range of decentralized applications (“DApps”) and “smart contracts".2

A distinctive feature of Ethereum is its internal metering variable called gas. Each
blockchain transaction has an algorithmically defined gas requirement – a pre-specified
execution cost expressed in units of gas. The more complex a transaction or a smart contract
is, the higher is its gas requirement, which must be paid by the user for the transaction to
be recorded and executed on the blockchain. The simplest and most common transaction
type, which we call “regular transaction", is a transfer of ETH between two blockchain

1On December 10, 2020 the market capitalization of Ethereum was $64 bln, second only to Bitcoin with
capitalization $341 bln. Source: http://coinmarketcap.com

2At the heart of Ethereum’s extensive functionality is the “Ethereum Virtual Machine" (EVM), a Turing-
complete virtual computation engine, Buterin (2013). Thanks to the EVM design, Ethereum users are not
only able to execute simple transactions such as sending digital currency from one address to another, but
can also create and make “calls” (e.g., supply data or make automated trade requests) to “smart contracts”.
A smart contract is computer code that can be used to digitally facilitate, verify, or enforce the negotiation
or execution of trades (e.g, see Cong and He, 2019). Examples include “DeFi" (decentralized finance) appli-
cations that allow users to borrow, lend and invest digital assets; exchanges for trading digital currencies;
Ethereum-based (ERC-20) digital tokens; games; gambling platforms; voting platforms; and supply chain
management systems.

1
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addresses. Such transaction requires 21,000 gas to be executed, for any transferred ETH
amount. Smart contract creations and smart contract calls have substantially higher gas
requirements (10 to 20 times higher, see Figure 1.4).

The key component of transaction costs in Ethereum, and the main focus of our analysis,
is the gas price. The gas price is a bid price (in ETH) per unit of gas, specified by the user
when posting a blockchain transaction (transfer or contract creation/call). Together, the
gas requirement and the gas price determine the total transaction cost which equals (gas
used)×(gas price). For example, an ETH transfer between two addresses requires exactly
21,000 gas and hence its transaction fee is 21,000×(gas price). This implies that both the
transaction complexity/type (its gas requirement) and the users’ willingness to pay per
unit of gas (the gas price) determine the cost of posting a transaction. The transaction
type choice, including contract creation or calls, and its interplay with the gas price adds a
dimension to our analysis which is mostly absent in the Bitcoin blockchain.

We characterize the economic determinants and dynamics of transaction fees in the
Ethereum blockchain by estimating an empirical time-series model based on queueing the-
ory. In contrast to opinions that blockchain activity is highly speculative and volatile,3 we
find that, by and large, gas price levels and dynamics comply with standard economic predic-
tions from queueing theory and supply/demand theory. First, both the marginal Ethereum
gas price (the minimum gas price bid within a block) and the median block gas price are
higher on average when the blockchain experiences higher utilization or congestion, consis-
tent with the theory. Second, we find that the effect of blockchain utilization on the gas
price is strongly non-linear. When the block occupancy is below a threshold (90 percent),
the effect of higher utilization on the marginal and median gas price is insignificant. How-
ever, beyond that threshold, the effect of blockchain utilization on the gas price is positive
and increasing in a convex way. Third, higher marginal and median gas prices are positively
and statistically significantly associated with a higher fraction of regular transactions per
block and negatively associated with the fraction of contract creations and contract calls.

On Figure 1.1 we display the daily average value of our main variable of interest – the
marginal gas price in ETH or USD, defined as the minimum gas price in each block, over the
period of study November 1, 2017 to January 31, 2019. We also show the implied marginal
transaction fee for a regular transaction (ETH transfer). The minimum gas price in a block
is the bid price per unit of gas at which the last (marginal) transaction was recorded and
corresponds to the gas price at which a transaction is just on the margin of being included
vs. not being included in the current block (see Section 2.2 for more discussion). We see that
the gas price exhibits significant variation over time, allowing us to analyze and identify its

3For example, on April 14, 2021 US Federal Reserve Chairman Jerome Powell said about cryptocurrencies
“They’re really vehicles for speculation” (CNBC). See Foley et al. (2019), Gandal et al. (2018), Griffin and
Shams (2020), Li, Shin and Wang (2020) or Yermack (2014) for formal discussion and analysis.

2
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Figure 1.1: Gas price
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Notes: The top and middle panels of Figure 1.1 plot the daily average of the minimum gas price in each
block (‘marginal gas price’) over time, measured in ETH or USD respectively. The bottom panel plots the
implied minimum transaction fee in USD for a ‘regular transaction’ (ETH transfer between two accounts),
computed as 21,000×(the daily average USD gas price).

determinants.4 In addition, to manage spikes in the gas price, the Ethereum protocol can
increase the service rate by raising the block gas limit to accommodate a larger number of
transactions.5 We control for these algorithmic supply changes in our empirical analysis.

Each Ethereum block has a block gas limit which can be thought of as the block’s
‘capacity’ and which, together with the number of blocks created in a day, determines
the gas supply.6 The gas supply is kept stable by the blockchain algorithm automatically
adjusting the cryptographic difficulty to ensure that block creation is spaced out evenly in
time. Supply fluctuations are thus small and can be considered exogenous, arising mostly

4Although the median value of the marginal gas price is $0.000018, implying a $0.04 median fee for a
regular transaction (see Table A.1), there are times, e.g., in January 2018 or July 2018, when the gas price was
substantially higher, implying $1 or larger fee for a regular transaction. Relatively low transaction fees which
are independent of the transfer amount are an important advantage of cryptocurrency platforms compared to
conventional payment services providers. For example, Paypal, the largest online payment platform, charges
$5 or more for international transfers. (https://www.paypal.com/us/webapps/mpp/paypal-fees).

5One such increase occurred on December 10, 2017, when the block gas limit was raised by 18%, see
Figure 1.6.

6The block capacity (size) in Ethereum is measured in gas (not bytes), unlike Bitcoin which uses a fixed
2MB block size.

3

https://www.paypal.com/us/webapps/mpp/paypal-fees


because of the randomness in the time to complete the cryptographic proof-of-work.7 We
do control for the few system-wide gas supply changes implemented via the blockchain code
in the sample period (see Appendix A.2 for more details). Given the limited and stable gas
supply, the gas prices bid by the users therefore determine the priority order of transactions
included in each block. Too low gas price may cause a transaction’s inclusion to be delayed,
possibly indefinitely.

When posting any transaction on the Ethereum blockchain, in addition to the gas price,
the user must also specify a transaction gas limit, that is, the maximum gas the transaction
can use up. The transaction would be executed as long as its gas requirement does not exceed
the transaction gas limit.8 In addition, the sum of the gas requirements of all transactions
included in a block cannot exceed the block gas limit. The need for a costly gas requirement
and gas limit stem from the virtual machine basis of Ethereum and helps avoid problems
such as infinite loops, coding errors, sabotaging the network, etc.9

The transaction fee (gas price) bid and paid by the users is the key mechanism providing
economic incentives to operate the blockchain network and to verify and record transactions
(a block creation reward also exists but is being reduced over time).10 In Ethereum the
blockchain transactions are verified and blocks are created by computing pools (“miners"),
through a competitive cryptographic problem-solving consensus mechanism called Proof-
of-Work. In order to maintain their operations, there must be sufficient financial incentive
for the miners, covering their time, equipment and electricity costs.

Related literature
This paper relates to complementary theoretical and empirical research on cryptocurrencies
in economics and finance. Huberman et al. (2019) show that Bitcoin’s decentralized design

7The cryptographic problem is very costly to solve but its solution is easy to verify. Hence, the Proof-
of-Work mechanism, together with the rest of the blockchain software code, ensures the security, consensus,
and stability of the network.

8For example, a user would normally set the gas limit of a regular transaction to 21,000 gas, which would
satisfy exactly the gas requirement for such transaction. In contrast, the gas limit for a smart contract
creation or call must be set higher, to ensure that the limit covers the gas requirements of the resulting
EVM instructions, depending on the contract’s complexity.

9Ethereum is Turing complete – in theory a program of any complexity can be computed by the Ethereum
Virtual Machine (EVM), see Buterin (2013). However, this flexibility can introduce security, stability and
resource management problems. For example, Turing-complete systems can be set to run infinite loops. If
executing arbitrary code did not face a resource constraint and if a transaction or smart contract causes
such a loop, either by mistake or deliberately, this could destabilize or disable the Ethereum network. To
prevent such problems, each allowed EVM instruction has a pre-defined cost in units of gas. The execution
of any transaction or smart contract is automatically terminated if the gas consumed by running it exceeds
the available gas (the gas limit) for the transaction. This ‘resource constraint’ feature of Ethereum therefore
maintains Turing completeness while capping and putting a price on the system resources that any blockchain
transaction can consume.

10See Catalini and Gans (2019) for further discussion and analysis of the verification and networking costs
in blockchains.
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protects users from monopoly pricing, derive closed-form expressions for fees and waiting
times and compare Bitcoin payments to a traditional payment system. Consistent with our
findings for Ethereum, they show that Bitcoin transaction fees increase in non-linear way
with congestion, however, we find, in addition, that user choice over the transaction type is
another key factor.

Easley et al. (2019) develop and test empirically a game-theoretic model of Bitcoin
transaction fees and the strategic behavior of miners and users. They find that transaction
fees are positively correlated with the average waiting time.11 Since detailed waiting time
data for the Ethereum platform is unavailable, we construct a variable measuring blockchain
utilization directly from the blockchain records, which to our knowledge is new in the
literature. Möser and Böhme (2015) study 45.7 mln Bitcoin blockchain transaction records
and find that changes in the system protocol or the actions of big intermediaries can trigger
regime shifts in the transaction fee level. Chiu and Koeppl (2019) examine theoretically
the relationship between Bitcoin transaction fees, block size and user characteristics. Their
simulation results suggest that users are willing to pay more when their transactions are
more urgent and when the block size is smaller.

Our work complements these papers but differs in two important ways. First, we use
detailed micro-level data (transaction-level and block-level) directly downloaded from the
Ethereum blockchain. Second, unlike most authors who study Bitcoin, we instead analyze
Ethereum’s internal gas and gas price variables, which have clear economic interpretation
as a scarce resource and its endogenous price.12 We abstract from monetary policy issues
related to the blockchain technology on which there exists a large separate literature.13

11In other related work, Kasahara and Kawahara (2019) model transaction execution as a non-preemptive
priority queueing game and show that users’ waiting time is determined not only by their own posted fee, but
also by the arrival rate of users with higher transaction fees. Li et al. (2018) model transaction confirmation
as a single-server queue with batch service and priority mechanism and show that the average waiting time
is affected by the share of users from each priority class.

12See also Zochowski (2019) for a non-technical review of the network characteristics and transaction fee
dynamics in several blockchain platforms including Ethereum.

13There is also a finance literature on cryptocurrency prices and returns determination, predictability and
volatility, e.g., Ciaian et al. (2015), Kristoufek (2015), Corbet et al. (2018), and Athey et al. (2016) among
others.
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1.2 Data

1.2.1 Data sources

We use data obtained directly from the Ethereum blockchain.14 By construction, the blockchain
records a publicly accessible permanent copy of the complete transaction history since
Ethereum’s launch in 2015. We downloaded both block-level and transaction-level data,
including transaction receipts data. The block-level data contain information about each
block included in the ETH blockchain. The data contain the block’s sequential number,
difficulty level15, the block gas limit which determines the maximum capacity of the block,
the gas used which is the total gas consumed by all transactions included in the block, and
a timestamp. The main block variables that we use in the empirical analysis are the gas
limit and gas used, which determine the blockchain network utilization at the time of block
creation.

The transaction-level blockchain data include: the block number in which the transaction
is recorded, the transaction value in Wei,16 the sender address, the receiver address, a
“nonce" value which indicates the number of prior transactions posted by the sender address,
the gas price in Wei set by the sender, the maximum gas amount that the transaction can
use (transaction gas limit), and the actual gas quantity used by the transaction (obtained
from the transaction receipt data). We merge the block-level and transaction-level data
using the block number. The end result is a complete transaction-level blockchain dataset
in which block specific information is preserved. For part of the analysis we also combine
the blockchain data with additional data on the ETH price in USD or other currencies,
obtained from the website min-api.cryptocompare.com at the daily level.

We analyze Ethereum gas prices in the period between November 1th, 2017 and January
31th, 2019. This period does not include significant changes in the core Ethereum blockchain
protocol and code. This enables us to focus on the interplay between the blockchain platform
and user demand. The first three months of the sample period, which we call the “peak
period" and also analyze separately, capture several historic peak events as of the end of
2020 - the highest daily transaction count, the highest ETH price in USD, and highest total
market capitalization of ETH.17

14We used the publicly shared Python scripts by E. Medvedev, github.com/blockchain-etl/ethereum-etl
to extract and save the Ethereum blockchain data. The raw data files were then merged, processed and
analyzed in Matlab and Stata using code written by the authors and available on request.

15Each block has a computational difficulty level corresponding to the algorithmic cryptographic problem
solved by miners to verify and confirm the block transactions.

16Wei is the smallest denomination in Ethereum and equals 10−18 ETH.

17The Ethereum blockchain is experiencing another peak period in early 2021.
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Our sample period includes 2,688,667 blocks and 309,760,480 transactions in total. The
raw data have slightly fluctuating time frequencies, since block creation times differ.18 To
mitigate hour-of-the-day and other high frequency periodical variation in the data, we ag-
gregate the raw transaction data at the daily level. This generates 457 daily observations
that we use in the empirical analysis.

1.2.2 Variables and definitions

Our main variable of interest is the daily marginal gas price, defined as the daily average of
the minimum observed gas price in each of the blocks recorded in a given day. The minimum
gas price in a block is the user bid price per unit of gas at which the last (marginal)
transaction was recorded. Hence, the marginal gas price variable captures most closely the
price (fee per unit of gas) at which a transaction is just on the margin of being included vs.
not being included in the current block. In robustness analysis we also use two alternative
gas price variables: the median gas price (daily average of the median gas price in each
block recorded on that day) and the lowest 5-th percentile gas price (daily average of the
bottom 5th percentile gas price in each block recorded on that day).

Second, we construct a blockchain utilization variable to capture the usage level, or
congestion rate, of the platform. Blockchain utilization is defined as the ratio between
the sum of the gas requirements of all recorded transactions in a given day and the gas
supply in the same day. We define the gas supply as the sum of the gas limits of all blocks
recorded in a given day. The blockchain utilization variable therefore measures the fraction
of total available gas supply that is used up, per unit of time. For example, daily blockchain
utilization of 0.8 means that on average 80% of block capacity is used in a given day.

Third, to account for the fact that there are different types of transactions in Ethereum,
we define the variable regular transactions share as the ratio of the number of regular trans-
actions (simple ETH transfers between two addresses) to the number of all transactions
recorded in a given day. This variable captures the possible effect of changes in the compo-
sition of posted transactions (for example, more vs. less urgent) on the gas price. In Section
4.4 we show that regular transactions are more likely to have higher gas prices and to be
recorded near the top of their blocks; this is consistent with interpreting regular transactions
as more urgent on average.

Table A.1 displays summary statistics of the variables defined above, and also the ETH
price in USD or in terms of a basket of currencies.

18On average, an Ethereum block is created every 13 to 14 seconds.

7



1.2.3 Descriptive findings

Figures 1.2-1.6 illustrate the magnitudes and time dynamics of key Ethereum blockchain
variables relevant for our empirical analysis, in our sample period. The “peak period" (Nov.
1, 2017 to Jan. 31, 2018) is shaded.

Figure 1.2 displays the daily average blockchain utilization (block occupancy rate). The
Ethereum network operated close to its full capacity at times, particularly in the second
half of the peak period and also around July and August 2018. For the remainder of the
study period, the blockchain network utilization was well below 1, implying no significant
congestion and available room for additional transactions in most blocks.

Figure 1.2: Blockchain utilization
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Notes: Regular transactions share. The regular transactions share is defined as the ratio between the
number of regular transactions (direct ETH transfer between two addresses) and the number of all
transactions recorded in a given day. The shaded region denotes the peak period between November 1,
2017 and January 31, 2018.

Figure 1.3 shows the daily regular transactions share. During the peak period in the
beginning of the sample, the share of regular transactions rises steadily from about 0.45
to as high as 0.8. This suggests an increasing number of user transactions transferring
ETH from one address to another, as opposed to smart contract creations or calls. In the
remainder of the study period the regular transactions share goes back down and stays
around 0.5.

Figure 1.4 displays the daily average gas used (gas requirement) by transaction type.
Regular transactions (ETH transfer between two addresses) require and use 21,000 units
of gas for execution, regardless of the transferred amount. In contrast, contract calls and
contract creations have significantly higher gas requirement, depending on their complexity
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Figure 1.3: Regular transaction share
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Notes: Required gas by transaction type. Daily average of the required gas amounts (gas requirements) by
transaction type. The blue dashed (red straight) line denotes regular transactions (contract calls and
contract creations).

Figure 1.4: Required gas by transaction type
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Notes: Required gas by transaction type. Daily average of the required gas amounts (gas requirements) by
transaction type. The blue dashed (red straight) line denotes regular transactions (contract calls and
contract creations).

– in our study period, the daily mean (median) gas requirement for contract calls and
creations is 344,000 (324,000) gas.
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Figure 1.5: Gas supply
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Notes: Gas supply. Gas supply is the sum of the gas limits of all blocks recorded on the blockchain in a
given day. The shaded region denotes the peak period between November 1, 2017 and January 31, 2018.
The vertical dashed lines denote exogenous system-wide changes in the gas supply.

Figure 1.6: Average block gas limit and daily block count
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Notes: Average block gas limit and daily block count. The average block gas limit (upper panel) is the
daily average of the gas limits of all blocks recorded on a given day. The vertical dashed line highlights
December 10, 2017, when the Ethereum network initiated a system-wide increase of the block gas limit of
approximately 18% that took three days to complete. The daily block count (lower panel) is the total
number of blocks recorded on the blockchain in a given day. The vertical dashed lines denote January 3
and 21, 2019, the two dates on which the Ethereum protocol increased the cryptographic difficulty
resulting in a decline in the number of blocks created per day.

Figure 1.5 plots the daily gas supply, defined as the sum of the gas limits of all blocks
recorded in a given day. The gas supply variable proxies the total service rate of the
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Ethereum blockchain, since block space is restricted by the block gas limit. Figure 1.5
shows that the gas supply is stable, with the exception of the beginning of the peak period
(Dec. 2017) and the end of the sample (Jan. 2019). The Dec. 2017 increase was caused by
a change in the Ethereum protocol which raised the block gas limit by approximately 18
percent as of December 10, 2017. The decrease in gas supply at the end of the sample was
triggered by a system-wide difficulty increase. We control for these events in the empirical
analysis (see also Figures 1.6 and 1.7 and Appendix A.2 for more details).

1.3 Model

1.3.1 Preliminaries

We model the demand for transactions using queueing theory. Transaction execution in the
Ethereum blockchain is an example of a priority queueing system. Users who aim to obtain
higher priority set higher per-unit transaction fee (gas price). This implies that if there are
more users with higher waiting costs then, on average, the marginal gas price would be
higher. Similarly, when the blockchain utilization (block occupancy rate) is higher, the cost
of waiting would dominate the cost of transaction execution, which results in higher gas
prices paid by the users. The predicted effect of the blockchain utilization on the gas price
is hence positive.

The supply side of the blockchain consists of so-called “miners", decentralized providers
of computing power who service user requests by verifying, executing and recording user-
submitted transactions on the blockchain. To maximize their profits, miners sort the sub-
mitted transactions in descending gas price order, that is, the transactions with higher gas
prices are included first (at the top) of the current block.19 This means that a transac-
tion’s priority and position within its block is determined by the transaction’s gas price.
Moreover, miners’ activity cannot be preempted by external “higher priority" job requests.
Consequently, a natural way to model the transaction execution process in Ethereum is as
a “non-preemptive priority queueing mechanism" (Shortle et al., 2018).

The Ethereum blockchain algorithm strives to minimize the impact of fluctuations in
computer power supply (mining hash power) on transaction fees. Specifically, the Ethereum
protocol is designed to keep the service rate (the average time between consecutive blocks)
as stable as possible by automatically adjusting the Proof-of-Work cryptographic difficulty,
so that higher availability of computational power (e.g., new miners or more computer power
coming online) is quickly offset by higher cryptographic difficulty. This automatic adjust-
ment, illustrated on Figure 1.7, generates a stable service rate (gas supply) in the blockchain

1985% of all blocks in our data contain transactions which are perfectly sorted in descending gas price
order and the rest of the blocks contain only minor exceptions from descending order. See Appendix A.2 for
more details.
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platform, as shown on Figure 1.5. Fluctuations in the gas supply are thus caused by exoge-
nous factors (randomness from small variations in the block creation rate) or updates to the
blockchain protocol. As an example of the latter, the observed increase in gas supply at the
beginning of the study period occurred because of the implementation, via the blockchain
protocol, of a system-wide increase in the block gas limit on December 10, 2017 (see Figure
1.6). We control for these system-wide changes in the empirical analysis.

Figure 1.7: Cryptographic difficulty
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Notes: Cryptographic difficulty. The figure plots the daily average cryptographic difficulty measured as the
number of hash function evaluations per block. The peak period is shaded.

1.3.2 Testable implications

Assume that each block is created at rate µ, called the service rate and that there are
K priority transaction classes with corresponding arrival rates λi, i = 1, ..., K, where i =
1 denotes the highest priority class. In our setting, transaction(s) with the highest gas
price constitute the highest priority class. The users’ priority classes are thus not fixed in
Ethereum – we can think of each user being assigned a type depending on the gas price
they choose. The users’ waiting time is then endogenously determined.

The total transaction arrival rate is λ=
K∑

i=1
λi. To simplify the notation, define the vari-

able, ρ = λ
µ , which measures how busy the platform is. To satisfy system stability we must
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have ρ ≤ 1.20 Applying Little’s Law21 yields

wq
1 = λ1

µ(µ − λ1) (1.1)

where wq
1 is the waiting time of the highest priority class, i = 1. For priority classes i =

2, ..., K, the average waiting time is therefore

wq
i =

∑i
j=1 λj

(µ −
∑i−1

k=1 λk)(µ −
∑i

j=1 λj)
(1.2)

There are two takeaways. First, the average waiting time of priority class i increases
with the arrival rates of the higher priority classes k ≤ i. Second, the average waiting time
of each priority class i = 1, ..., K decreases in the service rate µ.

The main trade-off in the queuing model is between transaction costs and waiting costs.
Users of type i are assumed to have exogenous waiting costs per unit of time, ci. The total
cost incurred by user type i is thus

Ci = ciw
q
i + pigi

where pi is the gas price bid by user i and gi is the required gas for user i’s transaction.
Specifically, if a user sets a low gas price, she would pay a low transaction fee if her

transaction is picked by the block’s miner. However, the transaction’s priority among all
other submitted transactions would be low, which would increase the waiting time and
consequently the cost of waiting. Alternatively, if a user’s unit waiting cost ci (transaction
urgency) is high, then the user would choose to bid a higher gas price pi to shorten the
waiting time which again affects the total cost.

The modeled relationship and trade-off between the gas price, transaction urgency and
waiting time generates the following testable hypotheses which we evaluate empirically using
the Ethereum blockchain data:

Hypothesis H1. When the blockchain experiences higher utilization or congestion
(high λ), the marginal and median gas price are higher, holding all other variables constant.

Hypothesis H2. When there are more urgent transactions (high ci’s), the marginal
and median gas price are higher, holding all other variables constant.

The model also implies that when the service rate is higher (high µ), the marginal and
median gas price would be lower, holding demand and all other variables constant. As em-

20If ρ >1, i.e., the arrival rate is greater than the service rate, then the system queue will grow infinitely
long.

21Little’s Law, a theorem in Little (1961), asserts that the average number of customers in a queueing
system is equal to the rate at which customers arrive and enter the system times the average sojourn time
of a customer.
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phasized earlier, the blockchain protocol by design automatically adjusts the cryptographic
difficulty to offset changes in computing power supply and maintain a constant service rate
and gas supply. Therefore, we do not include the gas supply variable in our main empirical
specification and results (we show in a robustness check that including it does not affect
our findings).

1.4 Empirical analysis

1.4.1 Estimation strategy

We estimate the following empirical specification:

pt = α + f(Bt) + β2Rt + β3Xt + ϵt (1.3)

The dependent variable pt in equation (1.3) is the natural logarithm of the gas price (daily
average) observed in the Ethereum blockchain, measured either in ETH or USD. We report
results with the marginal, median and the lowest 5-th percentile gas price, as defined in
Section 2.2. The variable Bt is the daily average blockchain utilization (block occupancy)
which captures the usage or congestion level in the network. We estimate both a simple
linear specification, f(Bt) = β1Bt, as well as a piece-wise linear specification (see Section
4.2) which allows for a threshold effect in blockchain utilization (a quadratic specification
is also considered as robustness check). The variable Rt is the regular transactions share,
included to control for changes in the composition of submitted transactions (higher vs.
lower urgency). In Section 4.4, we show evidence suggesting that regular transactions have
higher urgency on average compared to contract calls. Finally, Xt denotes control variables,
e.g., the price of ETH in USD in Tables 1.1 and 1.2.

In the Ethereum blockchain, users make their transaction fee payment in ETH, the
internal cryptocurrency of the platform. That is, the ETH gas price determines the trans-
action’s priority among all other waiting transactions. However, it is possible that users are
less concerned about the ETH transaction fee they must pay and more concerned about its
real-value equivalent in US dollars or the national currency in which they receive income
and pay bills. To capture the possible effect of the price (exchange rate) of ETH in terms
of conventional currency on the gas price bidding choice of users, we also include the ETH
price in USD in the specifications in which the gas price pt is measured in ETH. An increase
in the dollar price of ETH makes the ETH value of a given transaction fee relatively cheaper
in USD terms, hence a user may be willing to to bid a higher ETH gas price. The expected
correlation between the ETH gas price and the ETH price in USD is negative. In Section
4.3 we also consider a specification using the ETH price in terms of a basket of the three
most common local currencies used by Ethereum nodes (USD, CNY and EUR).
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Mapping blockchain utilization, Bt and the regular transactions share, Rt in the data to
system congestion and the share of urgent transactions, respectively, in the queueing model,
hypotheses H1 and H2 imply a positive association of the gas price pt with both Bt and Rt.
The daily gas supply is stable during the study period except for three system-wide events
described in Appendix A.2, see Figure 1.6.22

1.4.2 Baseline results

Table 1.1 reports our baseline estimation results using equation (1.3). The dependent vari-
able is log of the marginal gas price, as defined in Section 2, measured in ETH or USD.
To correct for possible heteroskedasticity and autocorrelation in the error terms we use
Newey-West standard errors with maximum lag 4.

Columns (1) and (3) in Table 1.1 use a linear specification for blockchain utilization,
i.e., f(Bt) = β1Bt in equation (1.3). A scatterplot of the marginal gas price and blockchain
utilization, Figure 1.8, however, shows that their relationship is non-linear, with much larger
gas prices observed when the blockchain utilization (block occupancy) is close to 1. We
formally estimate this non-linear relationship in columns (2) and (4) of Table 1.1, where
we allow for a threshold effect at 90% utilization. Specifically, in addition to β1Bt, we also
include in f(Bt) the binary variable Dt equal to 1 if Bt > 0.9 and zero otherwise and its
interaction with the utilization variable, TRt = Bt∗Dt. We selected the 90% threshold using
a formal structural break test (Andrews, 1993), which shows that the blockchain utilization
series has a break at 0.9. In addition, at 90% utilization there may be insufficient block
space to include certain types of transactions.23 We also perform a robustness check using
a quadratic form for f(Bt), see Section 4.3.4 and Table A.4.

The results in Table 1.1, columns (1) and (3) show that the blockchain utilization vari-
able, Bt measuring the network usage or congestion is positively and statistically signifi-
cantly associated (at the 1% significance level) with the marginal gas price. Columns (2) and
(4), which allow for a non-linear utilization effect, further clarify that the utilization impact
is negligible below the threshold level of 0.9 (the Bt coefficient is weakly or not statisti-
cally significantly different from zero). However, in both the ETH and USD specifications
(2) and (4), the coefficient estimate on the threshold interaction term TRt is positive and
statistically significantly different from zero at the 1% level, implying a strongly non-linear
relationship between blockchain utilization and the gas price above 90 percent utilization.
Quantitatively, the estimate 27.85 in column (4) means that 0.01 increase in blockchain uti-

22We control for these exogenous events affecting gas supply by including separate binary variables that
take value of 1 on December 10-12, 2017, on January 3, 2019 and on January 21, 2019, respectively and
equal 0 otherwise.

23Contract creations are the most complex transactions, with the largest gas requirement. A direct exam-
ination of the data shows that there are contract creation transactions using more than 10% of their block
gas limit.
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Figure 1.8: Network utilization and the marginal gas price
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Notes: Network utilization and the marginal gas price. Scatterplot of blockchain utilization, Bt and log of
the marginal gas price, pt, with fitted lines

Table 1.1: Main results

marginal gas price, ETH marginal gas price, USD
(1) (2) (3) (4)

blockchain utilization, Bt 2.263*** 0.090 3.310*** 0.885*
(0.624) (0.306) (0.796) (0.476)

utilization > 90%, TRt - 33.03*** - 27.85***
- (4.052) - (4.868)

regular transactions share, Rt 4.464*** 2.539*** 8.255*** 6.659***
(1.000) (0.668) (0.796) (0.744)

ETH price in USD, Xt -0.732*** -0.651*** - -
(0.208) (0.160) - -

sample size 457 457 457 457
R-squared 0.293 0.595 0.647 0.760

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable, “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−8 ETH or 10−5 USD) over all transactions in a block, averaged over all blocks
created on day t. “Blockchain utilization" is the ratio between the total gas requirement for all transactions
on day t and the total day-t gas supply. “Utilization > 90%" is the product of the blockchain utilization,
Bt and a binary variable which equals 1 if Bt > 0.9 and zero otherwise. “Regular transactions share" is
the fraction of regular transactions in all day-t transactions. We include dummies for the system-wide gas
supply changes on December 10-12, 2017, January 3, and January 21, 2019. “ETH price in USD" is the daily
average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1% significance level, respectively.
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lization above the threshold level of 0.9 is associated with 100(e27.85(0.01)) or 32.1% increase
in the marginal gas price in USD. Given that the mean USD marginal gas price in our sam-
ple is $0.45(10−5) (see Table A.1), a user executing a transaction with complexity 100,000
gas would pay 0.45(10−5)(105)(32.1%) = 0.15 USD (15 cents) more on average following a
0.01 increase in the blockchain utilization when the latter is above 90%.

The regular transactions share, Rt has positive and statistically significant estimates in
all four specifications of Table 1.1. This implies that a larger share of regular transactions is
associated on average with a higher gas price in ETH and USD. For example, the estimate
6.66 in column (4) suggests that a 0.01 increase in the regular transactions share is associated
with 100(e6.66(0.01)) or 6.9 % increase in the marginal gas price in USD. This implies that a
user executing a transaction with complexity 100,000 gas would pay 0.45(10−5)(105)(6.9%)
= 0.03 USD (3 cents) more, on average, following a 0.01 increase in the regular transactions
share, holding all else equal.

We also include the price of ETH in USD in specifications (1) and (2) in Table 1.1, to
measure the responsiveness of blockchain users to the conventional currency cost of a given
ETH-denominated transaction fee. We obtain a negative estimate which implies that, when
executing a transaction is more expensive in USD terms, the marginal user tends to bid a
lower ETH gas price, all else equal. This result is consistent with the notion that users take
the real value of transaction costs into consideration in their bidding decisions.

Our main results in Table 1.1 show strong evidence in support of Hypotheses H1 and
H2 from Section 3. Higher blockchain utilization, measured by the average block occupancy
rate, is associated with a higher marginal gas price (Hypothesis H1). Higher share of urgent
transactions, proxied by the regular transactions share, corresponds to a higher marginal
gas price (Hypothesis H2).

So far we interpreted the right-hand side variables in equation (1.3) as exogenous. How-
ever, a potential simultaneity problem may exist – a higher gas price makes all transactions
costlier but the associated impact could be larger for more complex transactions such as
contract calls and creations.24 Hence, a higher gas price may raise the share of users choosing
regular transactions because of the lower gas requirement.

To address the potential simultaneity between the gas price, pt and the transaction type
choice, we use the first lag of the regular transactions share, Rt−1 and the daily number of
new sender accounts as instruments. Since Rt−1 was decided at time t−1, it does not have a
direct causal impact on the dependent variable pt, while Rt and Rt−1 are highly correlated
(Reed, 2015). Similarly, the number of new sender accounts is highly correlated with the
regular transactions share (correlation 0.68) and does not have a direct causal effect on the
minimum gas price.

24Contracts and regular transactions can be used interchangeably for some purposes, e.g., sending ETH
between accounts could be done by both a contract call and a regular transaction.
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Table 1.2: Instrumental variables (IV) results

marginal gas price, ETH marginal gas price, USD
(1) (2) (3) (4)

blockchain utilization, Bt 2.266*** 0.114 3.154*** 0.830*
(0.624) (0.303) (0.929) (0.471)

utilization > 90%, TRt - 32.37*** - 26.79***
- (4.367) - (5.750)

regular transactions share, Rt 5.621*** 2.990*** 8.830*** 7.130***
(1.494) (0.981) (1.419) (1.218)

ETH price in USD, Xt -0.980*** -0.743*** - -
(0.287) (0.191) - -

sample size 456 456 456 456
F-statistic (C-D weak instrument test) 267.1 239.7 327.7 282.0
χ2-stat (DWH endogeneity test) 2.455 0.761 0.385 0.408
R-squared 0.285 0.594 0.646 0.759

Notes: Instrumental variables (IV) regressions with daily data including a constant. Newey-West standard
errors reported in the parentheses. The first-stage regresses the regular transactions share on its first lag,
the total number of new sender accounts and on the blockchain utilization and the ETH price in USD.
The dependent variable “marginal gas price" is the natural logarithm of the minimum observed gas price
(in 10−8 ETH or 10−5 USD) over all included transactions in a block, averaged over all blocks created on
day t. “Blockchain utilization" is the ratio between the total gas requirement for all transactions on day t
and the total day-t gas supply. “Utilization > 90%" is the product of the blockchain utilization, Bt and a
binary variable that equals 1 if Bt > 0.9 and zero otherwise. “Regular transactions share" is the fraction of
regular transactions in all day-t transactions. We include dummies for the system-wide gas supply changes
on December 10-12, 2017, January 3, and January 21, 2019. “ETH price in USD" is the daily average ETH
price in 103 USD. *, **, *** denote 10%, 5%, and 1% significance level, respectively.

Table 1.2 reports the IV regression results, using the same specifications (linear or piece-
wise linear in blockchain utilization) of equation 1.3 as in Table 1.1. The first-stage regresses
the regular transactions share Rt on the instruments, blockchain utilization and the price
of ETH in USD. The reported coefficient estimates in Table 1.2 are for the instrumented
share. We also report two IV diagnostic statistics – the Cragg-Donald Wald F-statistic
for weak instruments and the chi-squared Durbin-Wu-Hausman endogeneity test. The null
hypothesis is that all regressors are exogenous which can be rejected if the test statistics
are sufficiently large.

In all specifications in Table 1.2, our main results from Table 1.1 remain robust and
the coefficient estimates change in only minor ways. In addition, the Cragg-Donald Wald
F-statistics are much greater than 10, the standard threshold for weak instruments, which
suggests that the chosen instruments are not weak (Staiger and Stock, 1997). The DWH
endogeneity test value is smaller than the critical level, showing that we fail to reject the
null that all regressors are exogenous. Overall, the Table 1.2 results suggest that our main
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conclusions are robust to the potential simultaneity problem in the regular transactions
share.

1.4.3 Robustness and sensitivity analysis

Using a basket of currencies

In Tables 1.1 and 1.2 we control for the price of ETH in USD (in columns 1 and 2) or
use the marginal gas price in USD as the dependent variable (in columns 3 and 4), to
incorporate the possibility that the users’ choice of gas price may be affected by the real
cost of the transaction fee, in terms of the users’ local conventional currency. In this section
we extend this analysis and check the sensitivity of our results by considering the price
of ETH in terms of a basket of currencies (BoC), as opposed to USD only. Specifically, we
take the local currencies of the three geographic locations with the largest numbers of active
Ethereum nodes (USA, China and the Euro-zone, see Kim et al., 2018) and use the share
of active nodes from each location as weights for the respective currencies in the basket,
USD, CNY and EUR (see Appendix A.2 for a detailed description).

Table 1.3: Marginal gas price results – Basket of currencies (BoC)

marginal gas price, ETH marginal gas price, BoC
(1) (2) (3) (4)

blockchain utilization, Bt 2.263*** 0.085 3.322*** 0.898*
(0.624) (0.306) (0.795) (0.475)

utilization > 90%, TRt - 33.01*** - 27.83***
- (4.043) - (4.854)

regular transactions share, Rt 4.421*** 2.489*** 8.206*** 6.611***
(1.003) (0.665) (0.796) (0.745)

ETH price (BoC), Xt -0.570*** -0.504*** - -
(0.166) (0.127) - -

sample size 457 457 457 457
R-squared 0.291 0.593 0.646 0.759

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable, “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−8 ETH or 10−5 BoC, weighted basket of currencies consisting of USD, EUR, and
CNY) over all transactions in a block, averaged over all blocks created on day t. “Blockchain utilization"
is the ratio between the total gas requirement for all transactions on day t and the total day-t gas supply.
“Utilization > 90%" is the product of the blockchain utilization, Bt and a binary variable that equals 1
if Bt > 0.9 and zero otherwise. “Regular transactions share" is the fraction of regular transactions in all
day-t transactions. We include dummies for the system-wide gas supply changes on December 10-12, 2017,
January 3, and January 21, 2019. “ETH price (BoC)" is the daily average ETH price in terms of a basket
of currencies consisting of US Dollars, Euro, and Chinese Yuan, weighted by the country/region specific
number active nodes (see Appendix A.2). *, **, *** denote 10%, 5%, and 1% significance level, respectively.
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Tables 1.3 and 1.4 repeat the analysis from Tables 1.1 and 1.2, using the price of ETH
in terms of the basket of USD, CNY and EUR currencies (BoC). Our main results are
essentially unchanged. The relationship between blockchain utilization and the marginal gas
price is positive and strongly non-linear. The regular transactions share remains statistically
significantly positively associated with the gas price in all specifications. The estimates on
ETH price (BoC) in columns (1) and (2) show that the gas price is negatively associated
with the ETH value in terms of the basket of currencies.

Table 1.4: Instrumental variables (IV) results – Basket of currencies (BoC)

marginal gas price, ETH marginal gas price, BoC
(1) (2) (3) (4)

blockchain utilization, Bt 2.266*** 0.112 3.168*** 0.844*
(0.624) (0.302) (0.927) (0.470)

utilization > 90%, TRt - 32.52*** - 26.79***
- (4.348) - (5.726)

regular transactions share, Rt 5.541*** 2.903*** 8.772*** 7.072***
(1.493) (0.968) (1.417) (1.212)

ETH price (BoC), Xt -0.762*** -0.571*** - -
(0.228) (0.151) - -

sample size 456 456 456 456
F-statistic (C-D weak instrument test) 267.5 239.8 327.7 282.0
χ2-stat (DWH endogeneity test) 2.367 0.659 0.378 0.399
R-squared 0.288 0.592 0.645 0.758

Notes: Instrumental variables (IV) regressions with daily data including a constant. Newey-West standard
errors reported in the parentheses. The first-stage regresses the regular transactions share on its first lag
and the total number of new sender accounts and on the blockchain utilization and the price of ETH. The
dependent variable “marginal gas price" is the natural logarithm of the minimum observed gas price (in
10−8 ETH or 10−5 BoC, weighted basket of currencies consisting of USD, EUR, and CNY) over all included
transactions in a block, averaged over all blocks created on day t. “Blockchain utilization" is the ratio between
the total gas requirement for all transactions on day t and the total day-t gas supply. “Utilization > 90%"
is the product of the blockchain utilization, Bt and a binary variable that equals 1 if Bt > 0.9 and zero
otherwise. “Regular transactions share" is the fraction of regular transactions in all day-t transactions. We
include dummies for the system-wide gas supply changes on December 10-12, 2017, January 3, and January
21, 2019. “ETH price (BoC)" is the daily average ETH price in terms of a basket of currencies consisting
of US Dollars, Euro, and Chinese Yuan, weighted by the country/region specific number active nodes (see
Appendix A.2). *, **, *** denote 10%, 5%, and 1% significance level, respectively.

Alternative marginal gas price definition

The marginal gas price used in our baseline analysis in Table 1.1 was defined as the daily
average of the minimum gas price observed in each block recorded on that day. A possible
concern could be that the minimum gas price in a block may be unusually low, e.g., because
of miner error or other reasons. This happens very rarely in our data, since executing
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transactions with very low gas price is not profitable for the miners. Still, to address potential
concerns with using the minimum gas price in a block, we instead construct an alternative
marginal gas price variable defined as the daily average of the lowest 5-th percentile gas
price in each block recorded on that day. In this way any extreme or outlier gas price values
are avoided, while we still focus on transactions that are at the margin or very close to the
margin of being included vs. not included in a block.

Table A.1 shows descriptive statistics for the lowest 5-th percentile of the gas price (daily
average). As expected, its mean is slightly higher than that of the baseline marginal gas price
definition (the block minimum gas price) used in Table 1.1, but otherwise their distributions
are very similar. Table 1.5 reports estimation results using this alternative marginal gas price
definition. We do not observe any notable change in our main results when using the lowest
5-th percentile gas price as the dependent variable. Blockchain utilization has a positive and
statistically significant estimate in columns (1) and (3) as before. The relationship between
blockchain utilization and the lowest 5-th percentile gas price is strongly non-linear, reflected
in the large positive and statistically significant threshold coefficients in columns (2) and (4).
Likewise, the share of regular transactions has positive and significant coefficient estimates
in all specifications. The negative and statistically significant estimates in columns (1) and
(2) shows that the ETH gas price remains negatively associated with the price of ETH in
USD, as in Tables 1.1 and 1.2. These results show that our main results are not sensitive
to outliers in the marginal gas price.

Median gas price

Above we focused on the gas price for transactions on the margin of being included vs. not
included in a block. We now look instead at the median transaction in terms of the gas
price distribution within a block. We define the median gas price as the daily average of the
median gas prices in each block recorded on a given day.25

Table A.1 reports summary statistics for the median block gas price. Its mean value over
the studied period is more than twice larger than that of the marginal (block minimum)
gas price but its distribution is right-skewed, similar to that of the marginal gas price.
Table 1.6 reports regression results using log of the median gas price as the dependent
variable. The results are broadly consistent with the theory hypotheses H1 and H2 and our
baseline results for the marginal gas price, except for a few differences explained below. The
estimate on blockchain utilization is positive and statistically significant and the non-linear
90% threshold effect is still present and large in magnitude. The regular transactions share
is positively and statistically significantly associated with the median gas price.

25We do not study the mean gas price as it can be heavily influenced by outliers, e.g., abnormally high gas
prices. See, for example, cryptonews.com/news/ethereum-transaction-fee-mystery-just-got-more-mysterious-
6816.htm.

21

https://cryptonews.com/news/ethereum-transaction-fee-mystery-just-got-more-mysterious-6816.htm
https://cryptonews.com/news/ethereum-transaction-fee-mystery-just-got-more-mysterious-6816.htm


Table 1.5: Alternative marginal gas price definition, lowest 5-th percentile

lowest 5-th percentile, ETH lowest 5-th percentile, USD
(1) (2) (3) (4)

blockchain utilization, Bt 2.239*** 0.123 3.324*** 0.957*
(0.619) (0.305) (0.795) (0.485)

utilization > 90%, TRt - 32.40*** - 27.18***
- (4.071) - (4.942)

regular transactions share, Rt 4.587*** 2.703*** 8.558*** 7.000***
(0.980) (0.670) (0.786) (0.759)

ETH price in USD, Xt -0.663*** -0.584*** - -
(0.204) (0.160) - -

sample size 457 457 457 457
R-squared 0.314 0.598 0.658 0.761

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported in
the parentheses. The dependent variable “lowest 5-th percentile" gas price is the natural logarithm of the
bottom 5-th percentile of gas prices (in 10−8 ETH or 10−5 USD) in each block, averaged across all blocks
created on day t. “Blockchain utilization" is the ratio between the total gas requirement for all transactions
on day t and the total day-t gas supply. “Utilization > 90%" is the product of the blockchain utilization,
Bt and a binary variable that equals 1 if Bt > 0.9 and zero otherwise. “Regular transactions share" is the
fraction of regular transactions in all day-t transactions. We include dummies for the system-wide gas supply
changes on December 10-12, 2017, January 3, and January 21, 2019. “ETH price in USD" is the daily average
ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1% significance level, respectively.

One difference from Table 1.1 when we use the median gas price as the dependent
variable is that the price of ETH in USD does not have a statistically significant association
with the median gas price. This can be interpreted as the median user being less concerned
about the real cost of transaction execution, unlike the marginal user in the left tail of the
gas price distribution. Possibly, the median user may be wealthier compared to the marginal
user and less sensitive to the transaction fee, or the median user may be more risk-averse
or have higher urgency hence bidding a higher gas price to avoid delays. Unfortunately, we
do not have data to directly test these possible mechanisms.26

Additional robustness checks

We perform four additional robustness checks of our main results.
Quadratic model. First, in Table A.4 in the Appendix we consider a quadratic speci-

fication for the effect of blockchain utilization on the gas price, the term f(Bt) in equation

26The reason for posting a marginal gas price vs. median gas price transaction could differ too - e.g., a
non time-sensitive advertising or faucet payment from a website vs. time-sensitive transfer or purchase.
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Table 1.6: Median gas price

median gas price, ETH median gas price, USD
(1) (2) (3) (4)

blockchain utilization, Bt 0.790* -0.581** 2.187*** 0.572
(0.490) (0.268) (0.701) (0.523)

utilization > 90%, TRt - 24.38*** - 18.81***
- (3.819) - (5.047)

regular transactions share, Rt 3.954*** 2.596*** 9.042*** 8.329***
(0.748) (0.588) (0.735) (0.835)

ETH price in USD, Xt -0.094 -0.037 - -
(0.161) (0.139) - -

sample size 457 457 457 457
R-squared 0.371 0.580 0.676 0.726

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “median gas price" is the natural logarithm of the median gas
price (in 10−8 ETH or 10−5 USD) in each block, averaged across all blocks created on date t. “Blockchain
utilization" is the ratio between the total gas requirement for all transactions on day t and the total day-t
gas supply. “Utilization > 90%" is the product of the blockchain utilization, Bt and a binary variable that
equals 1 if Bt > 0.9 and zero otherwise. “Regular transactions share" is the fraction of regular transactions
in all day-t transactions. We include dummies for the system-wide gas supply changes on December 10-12,
2017, January 3, and January 21, 2019. “ETH price in USD" is the daily average ETH price in 103 USD. *,
**, *** denote 10%, 5%, and 1% significance level, respectively.

(1.3). We demean the blockchain utilization variable to avoid multicollinearity issues and
for easier interpretation of the coefficient on the squared term. Consistent with our main
results in Tables 1.1, 1.5 and 1.6 we find that blockchain utilization is positively and statis-
tically significantly associated with the gas price, with a strong non-linear effect reflected in
the large coefficient on squared utilization. The regular transactions share estimate remains
positive and statistically significantly different from zero at the 1% significance level. The
price of ETH in USD has a negative estimate which is statistically significant, except for
the median gas price, as in Table 1.6.

Other alternative specifications. In Appendix Table A.5 we re-estimate our main
specifications from Table 1.1 by using as dependent variable the marginal gas price in levels
instead of logs. Our main results remain robust – there is a significant positive non-linear
relationship, with a strong threshold effect above 90% utilization, between the blockchain
utilization and the marginal gas price (in ETH or USD). The results about the regular
transactions share and the ETH price in USD (in columns 1 and 2) also remain robust.

In Appendix Table A.6 we re-estimate equation (1.3) by additionally including gas
supply, defined as the sum of the gas limits of all blocks created in a given day. As in
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all tables, we control separately for the system-wide blockchain protocol events (jumps)
affecting the block gas limit or difficulty via dummy variables. The gas supply estimate not
statistically significantly distinguishable from zero which confirms that, once we account
for the system-wide events, the blockchain gas supply is stable and any remaining minor
fluctuations in it do not affect the gas price on average. Our main results, on the non-linear
positive association of blockchain utilization with the gas price, the positive association of
the regular transaction share with the gas price, and the negative relationship of the ETH
price in USD with the gas price remain robust and very close in magnitude to the baseline
estimates in Tables 1.1 and 1.2.

Finally, in Appendix Table A.7 we re-estimate the ETH specifications with a non-linear
utilization effect (column (2) in Tables 1.1 and 1.2) by using the first lag of the ETH price
in USD which allows for potential delays in the users’ transaction posting behavior or bid
gas prices in reaction to changes in the ETH/USD exchange rate.27 Our results remain
essentially unchanged.

1.4.4 Are regular transactions more urgent?

We examine further our results about the regular transactions share and its positive cor-
relation with the observed gas prices. Specifically, we hypothesize that regular transactions
are more urgent and associated with higher waiting costs. We construct a variable which
measures the average position of regular transactions within a block, defined as follows.
Suppose there are n regular transactions in a block containing N total transactions, where
N > n > 0. Define the average regular transaction position (RTP) as:

RTP = 1 −

∑
i∈regular

posi/n − n+1
2

N − n

where posi ∈ [1, N ] denotes the position of regular transaction i in its block relative to
the block middle. Remember from Section 3.1 that transactions are ordered in descending
gas price order within each block; that is, more urgent transactions, with higher gas prices,
are recorded nearer the top of the block. By construction, the RTP measure takes values
between 0 and 1. A RTP closer to 1 (larger than 1/2) means that regular transactions
are recorded on average nearer the top (beginning) of the block, i.e., their associated gas
prices are higher.28 The opposite is true if RTP is closer to 0 (smaller than 1/2). Figure

27For example, many new users joined Ethereum during the peak period when the USD price of ETH
went up significantly (see Figure 1.10 and Figure A.1 in the Appendix).

28For example, suppose there are N=6 transactions in a block, n=3 of which are regular transactions. If
the positions of the regular transactions are 1, 2 and 4 (i.e., toward the beginning/top of the block), then
the RTP measure equals 1 − (7/3 − 2)/(6 − 3) = 0.89 which is larger than 0.5. Similarly, if the positions
of the regular transactions in the block were instead 3, 5 and 6 (i.e., toward the end/bottom of the block),
then RTP equals 1 − (14/3 − 2)/(6 − 3) = 0.11.
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1.9 plots the daily average RTP value. The Figure confirms that regular transactions are
indeed located, on average, in the upper (higher gas price) half of the Ethereum blocks.29

This supports our hypothesis that regular transactions are more urgent on average and
likely to be associated with higher waiting costs and justifies using the regular transactions
share, Rt as proxy for transaction urgency in the estimation equation (1.3).

Figure 1.9: Position of regular transactions within blocks
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Notes: Position of regular transactions within blocks. Regular transaction position (RTP) within blocks,
daily average. RTP close to 1 (0) indicates that regular transactions are located close to the top (bottom)
of the block and their associated gas prices are higher (lower). The dashed line indicates the mid-block
position, RTP = 1/2.

We also checked whether there is any bunching in the gas prices of regular transac-
tions, since blockchain users often use special software (“wallet") to automate transaction
execution and set the transaction fee. If the software systematically picks relatively high
gas price values, and if many regular transaction are posted by such wallet users, then this
could be an alternative explanation for the observed upper-half relative position of regular
transactions in their blocks depicted on Figure 1.9. Direct inspection of the data confirms
that there is no noticeable bunching in the gas prices for regular transactions.

1.4.5 Peak period

In this section we analyze a specific three-month sub-period of our sample, which we call
the “peak period”, between November 1, 2017 to January 31, 2018. This is a time in which

29The mean and median RTP in our data are both equal to 0.57.
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the USD price of ETH increased sharply and the blockchain utilization was very high.
Figure 1.10 shows that the ETH price in USD went up by 400% during this period. In
addition, Figure 1.2 shows a substantial increase in blockchain utilization. This period is
also associated with a large and growing number of new Ethereum accounts/addresses (more
than 10,000 per day), part of which could be because of new users joining and transacting
at least once on the Ethereum platform, see Figure A.2 in the Appendix. Furthermore,
the peak period exhibits sharp oscillations in the blockchain conditions: from an individual
user’s perspective the average per unit transaction cost could vary by more than 200% from
one day to the next, see Figure 1.1. Table A.1 in the Appendix reports summary statistics
for the main blockchain variables during the peak period. There is a noticeable difference
in the gas price levels compared to the full sample – both the marginal and median gas
prices set by users are much higher during the peak period. In addition, the share of regular
transactions is considerably larger during the peak period compared to the full sample.

Figure 1.10: Average ETH price in USD
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Notes: Average Ether (ETH) price in United States dollar (USD). The figure plots the daily average ETH
price in USD. The shaded region highlights the peak period between November 1, 2017 and January 31,
2018.

Because the peak period looks different from the full sample in several dimensions,
we test the robustness of our main results using the peak period data only. This helps us
evaluate whether there are any significant omitted factors determining gas prices in the peak
period or whether the observed high gas prices and utilization rate were mainly driven by
demand and the other factors we account for, as in the full sample. We run regressions using
the specifications in Table 1.1 for each of the three gas price measures (marginal, lowest 5-th
percentile and median). Table 1.7 and Appendix Table A.8 summarize the results. Columns
(1) and (2) report results using the daily average of the marginal gas price as the dependent
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Table 1.7: Peak period (November 2017 - January 2018)

gas price in ETH
marginal lowest 5-th percentile median

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

blockchain utilization, Bt 2.787** 0.534 2.921*** 0.858 1.519** 0.626
(1.122) (0.741) (1.039) (0.695) (0.681) (0.579)

utilization > 90%, TRt - 17.43*** - 16.19*** - 9.554***
- (3.097) - (2.998) - (2.702)

regular transactions share, Rt 3.419** 1.185 3.243** 1.194 1.972* 1.035
(1.416) (0.933) (1.333) (0.863) (1.014) (0.769)

ETH price in USD, Xt -0.336 0.057 -0.286 0.072 0.346 0.480**
(0.483) (0.324) (0.451) (0.299) (0.296) (0.235)

sample size 92 92 92 92 92 92
R-squared 0.642 0.854 0.684 0.867 0.733 0.819

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−8 ETH) over all included transactions in a block, averaged across all blocks created
on day t. The dependent variable “lowest 5-th percentile" gas price is the natural logarithm of the bottom
5-th percentile of gas prices (in 10−8 ETH) in each block, averaged across all blocks created on day t. The
dependent variable “median gas price" is the natural logarithm of the median gas price (in 10−8 ETH) in
each block, averaged across all blocks recorded on day t. “Blockchain utilization" is the ratio between the
total gas requirement for all transactions on day t and the total day-t gas supply. “Utilization > 90%" is the
product of the blockchain utilization, Bt and a binary variable that equals 1 if Bt > 0.9 and zero otherwise.
“Regular transactions share" is the fraction of regular transactions in all day-t transactions. We include
dummies for the system-wide gas supply changes on December 10-12, 2017, January 3, and January 21,
2019. “ETH price in USD" is the daily average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1%
significance level, respectively.

variable while columns (3)-(4) and (5)-(6) report results using the lowest 5-th percentile gas
price and the median gas price, respectively.

The results in Tables 1.7 and A.8, using gas prices in ETH and USD respectively, show
that the peak-period results remain broadly in line with our full-sample findings, although
the peak period estimates are noisier. Blockchain utilization still has a positive and strongly
non-linear association with the gas price overall, however the standard errors are larger than
in the full sample results. A larger regular transactions share is positively associated with
higher gas prices in columns (1), (3) and (5), as in the baseline results, but the estimates
are not statistically significantly different from zero in the specifications with a non-linear
utilization threshold, columns (2), (4) and (6). The regular transactions share estimates are
statistically significantly positive in all columns of Appendix Table A.8, when the gas price
is measured in USD. The estimate on the ETH price in USD in Table 1.7 is not significantly
different from zero, except in column (6), which could be explained by the possibility that
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the sharply increasing ETH price in USD in the peak period may have been seen as a
(speculative) investment or trading opportunity by many users, despite the high associated
transaction costs.

1.5 Conclusion

Blockchain cryptocurrency platforms like Ethereum are unique examples of financial mar-
kets that, because of their decentralized and anonymous nature, remain largely unregulated
by official authorities. Furthermore, these digital markets lack external formal contract en-
forcement, beyond the algorithmic protocol and computer code of the platform itself (see
Karaivanov, 2021 and Townsend, 2020 for further discussion). There has also been a lot
of debate on the extreme volatility, speculation activity and illicit transactions on these
platforms (for example, Foley et al., 2019; Griffin and Shams, 2020; Li et al., 2020). It is
therefore a valid empirical question whether blockchain platforms like Ethereum operate as
financial markets for payments and related services, subject to standard demand and supply
and other economic factors.

We find that the answer is by and large affirmative. We analyze transaction fees (gas
prices) in the Ethereum blockchain and find that demand factors, measured by block uti-
lization rates, and the choice of transaction type are the primary economic determinants
of observed fees. Blockchain utilization has a positive association with the marginal and
median gas price which is strongly non-linear above the 90% block utilization threshold.
Additionally, we find that blockchain users endogenously vary the mix of regular transfers
vs. smart contract transactions, with a larger fraction of regular transactions observed when
the gas price is high.

We abstracted from studying the determinants of the ETH price in USD, instead treating
it as a potential factor affecting gas prices. Further research on the joint determinants
of blockchain transaction fees and the ETH/USD exchange rate could be beneficial. In
addition, more research on the network structure of Ethereum blockchain addresses and on
the heterogeneity of recorded transactions (by size, sender address, or recipient address)
can provide additional useful insights on the economics of blockchain platforms.
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Chapter 2

Individual Evolutionary Learning
and Zero-Intelligence in the
Continuous Double Auction

2.1 Introduction

The Continuous Double Auction (CDA) is a centralized market in which buyers and sellers
are free at any time to make bids and asks and to accept the bids and asks of others. The
open book CDA is the preferred exchange mechanism of financial markets around the world,
and in particular, of stock exchanges (NYSE, Euronext, LSE, NASDAQ, etc.).

Trader behavior and market performance in a controlled double auction setting were first
examined by Smith (1962). Following his pioneering work, in thousands of experiments many
other economists have documented features of the CDA some of which are summarized in
Holt (1995) and Plott (2008). For example, it is well known that, in later periods, prices and
allocations converge to their competitive equilibrium values. But, in the first periods of these
experiments, competitive equilibrium is not reached immediately. See, for example, Plott
(2008, p.16) where he exposits the “sawtooth" property of transaction price equilibrium.

What happens in the first period of these experiments is particularly important if one is
to better understand how a CDA generates price discovery. One can think of the first period
as the immediate time after a change in demand-supply conditions creates a disequilibrium
situation. In the long-run, the market may settle down on a single competitive equilibrium
price. But in the short-run, the prices and allocations are rarely efficient. It is important to
understand how price discovery occurs in this information sparse environment.

There is no generally accepted theory about the dynamics of price formation within
the first period that has survived experimental testing. Cason and Friedman (1996) tested
three theories of within period dynamics: the sophisticated Bayesian equilibrium of Wilson
(1987), the simpler Bayesian Game Against Nature (BGAN) of Friedman (1991), and the
Zero-Intelligence traders (ZI) of Gode and Sunder (1993). They found that “none of these
three models adequately explains price formation in double auction markets.” (p. 1333) But
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they gave more support to the ZI model. “ZI now seems the only natural source for a null
hypothesis in assessing the performance of any more complicated mechanism.” (p. 1333)

Lin et al. (2020) also tested the three theories using a much larger data set than that of
Cason and Friedman (1996). The data were obtained from more than 9,000 market periods
in classroom experiments conducted in various countries using the MobLab platform.1 Their
conclusions supported the Cason and Friedman (1996) findings. They rejected the Wilson
model and BGAN, and accepted ZI with reservations. “We find much stronger support for
ZI theory compared to Cason-Friedman (1993). ...It appears ZI explains dynamics within
periods. ... However, a non-negligible portion of our data falls outside of the simulated 95%
confidence region."(p.921)

In this paper, we test two theories of the CDA: Zero-Intelligence (ZI) and Individual
Evolutionary Learning (IEL). The literature on ZI traders in the double auction is exten-
sive. For instance, see Gode and Sunder (1993, 1997, 2004), and Cliff and Bruten (1997).
The IEL agent has been shown to behave like human subjects in a variety of repeated,
discrete, synchronous games, such as call markets (Arifovic and Ledyard 2007), voluntary
contribution mechanism, VCM, (Arifovic and Ledyard 2012), and repeated battle of the
sexes game (Arifovic and Ledyard 2018). But, the CDA is a different type of game: it is
continuous and asymmetric. In this paper, we adapt IEL for the CDA.

We use two very different data sets to test the theories. One is a subset of the MobLab
data created and used by Lin et al. (2020).2 These data afford researchers an unusual
opportunity to test theories of behavior in CDAs against a very large number of observations.
We will use the 2090 observations of the first period of a CDA experiment with the same
demand-supply configuration. There are, however, some potential problems with these data
as they are generated in classroom experiments without the usual controls for a standard
economic experiment. 25% of the periods involve 5 or more trades that lose money. We,
therefore, ran some experiments of our own as a comparison. This, the second data set,
which we will call the SFU data set, contains 25 observations of the first period of a CDA
experiment with the same demand-supply configuration as the MobLab data set.

In testing the two models, we focus on the two main measures of performance: efficiency
and price. We first test ZI and IEL against the MobLab data. We find that IEL generates
efficiencies closer to the MobLab efficiencies than does ZI. And, ZI generates prices closer to
MobLab prices than does IEL. Neither does very well as a full theory. We then considered a
mixed pool of agents: part IEL and part no intelligence (NI). NI traders generate bids and
asks randomly from a fixed set. They are related to, but not the same as, Gode-Sunder’s
ZI-U (ZI-unconstrained) agents. We find that a mixture of 70% IEL and 30% NI provides

1MobLab is an educational software company that provides a platform for carrying out in-class experi-
ments in economics courses. Full disclosure: Ledyard is on the Board of Directors of MobLab.

2The data are publicly available at https://osf.io/9mfws/.
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a close fit to the MobLab data in both efficiency and price. That mix outperforms ZI. We
also find that these results are robust to variations in the two basic parameters of IEL.

We then test ZI and IEL against the SFU data. We find that IEL generates efficiencies
closer to the SFU efficiencies than does ZI. And, ZI generates prices closer to SFU prices
than does IEL. Although neither theory is exactly correct, if we weigh efficiency and price
equally, IEL out performs ZI. We also find that adding NI into the mix with IEL does
not improve the performance. And, the results are robust to variations in the two basic
parameters of IEL.

2.2 Experimental design and measurements

All of the experiments and simulations in this paper are run within the context of the same
environment and market design.

2.2.1 The environment

The general structure of the environment used in this paper is standard. There is one
commodity which is available in integer amounts. There are N traders. Each trader is
either a buyer or a seller but not both. K is the maximum number of units a buyer may
buy or a seller may sell. A buyer’s/seller’s payoff at the end of the market is based on
a vector of (marginal) values/costs. For buyer i, the values are V i = (V i

1 , ..., V i
K) where

V i
1 > V i

2 > ... > V i
K . For seller i, the costs are Ci = (Ci

1, ..., Ci
K) where Ci

1 < ... < Ci
K .

If buyer i buys r units of the good during the market period and pays prices (p1, ..., pr)
for them, the payoff will be U(r; V i, p) = ∑r

k=1[V i
k − pk]. If seller i sells r units of the

good during the market period and receives prices (p1, ..., pr) for them, the payoff will be
U(r; Ci, p) = ∑r

k=1[pk − Ci
k].

The specific environment used in this paper is straight-forward. There are 5 buyers and
5 sellers. Each buyer can buy up to 3 units. Each seller can sell up to 3 units. There is no
resale and no buy back. The values for each buyer and costs for each seller yield the demand-
supply configuration found in Figure 2.1. There are multiple possible competitive equilibria.
The competitive equilibrium set of prices is [110, 114]. The competitive equilibrium quantity
is 13. At any equilibrium, there are 13 infra-marginal and 2 extra-marginal units.

One important feature of this design is the asymmetry between the buyers’ surplus and
the sellers’ surplus in equilibrium. The sellers’ surplus is larger. We will see later in this
paper that this has an effect on the dynamics of transactions prices.

2.2.2 The CDA market design

All of the experiments and simulations we consider in this paper use a standard CDA design.
There is a public book - a queue of the bids and asks that have been made but not accepted.
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Figure 2.1: Demand-Supply configuration
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Traders, at anytime, can add orders to the book or cancel any of their orders in the book.3

There is no resale. A trader is either a buyer or seller. A buyer can always accept the lowest
ask in the book. A seller can always accept the highest bid in the book.

Orders are restricted to be for only 1 unit at a time. Bids and asks are restricted to the
interval [sl, su]. For this paper, [sl, su] always is equal to [0, 300]. There is no requirement
that bids be less than a buyer’s value for the item or higher than a seller’s cost for the item.
There is also no spread reduction rule; that is, a new bid does not have to be lower than
the highest bid in the book and a new ask does not have to be higher than the lowest ask
in the book.

2.2.3 Key observables

The two key performance measurements for CDAs are Efficiency and Price. Efficiency
measures how much of the surplus is captured by the traders through the final allocation.
Price determines how that surplus is distributed among the traders. Any good theory must
explain both efficiency and price.

We use four measures of efficiency related performance.

3We try to be consistent with our language in this paper. Buyers and sellers submit orders. A bid is an
order submitted by a buyer. An ask is an order submitted by a seller.
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1. Efficiency is the surplus attained in a period divided by the maximum possible surplus
in that period. Efficiency is

E =
∑

i πi∑
i πC

i

where πi is trader i’s profit in the experiment and πC
i is trader i’s profit in the com-

petitive equilibrium. This is standard.

2. Quantity is the number of completed trades in a period. This is standard.

3. Inefficiency in the CDA has two potential causes: (i) infra marginal units that are
not traded and (ii) extra marginal units that are traded. The Inefficiency Ratio is a
measurement designed to identify the sources of inefficiency in a CDA. The measure-
ment was developed by Cason and Friedman (1996) and used by Lin et al. (2020). It
measures the percentage of the surplus lost due to traded extra marginals. If it is low,
then most of the loss in efficiency is due to untraded infra marginals.

4. The Buyers’ Correlation coefficient measures the correlation between the rank of the
value (from high to low) of an item and the order in which it traded. The Seller’
Correlation coefficient measures the correlation between the rank of the cost (from
low to high) of an item and the order in which it traded. We use Spearman’s ρ. Higher
correlations can lead to higher efficiency since there is then a higher probability that
infra-marginal units will trade first and a lower probability that extra marginal units
will trade at all.

We use three measures of price related performance.

1. Price is the average price of all trades.

2. The Buyers’ Profit Split (BPS) is the percent of the profits achieved by the buy side.

3. We measure price volatility using α from Smith (1962).

α =

√√√√ 1
J

∑
j

[(Pj − P C)
P C

]2

where J is the number of trades, Pj is the price of the jth trade, and P C is the
competitive equilibrium price. If there is a range of competitive equilibrium prices, we
use the mid-point of the range for P C .

2.3 The MobLab data

In the MobLab data set, there are 2090 observations for the first period in the environment
described in Figure 2.1 above. We display the averages of the key observables for these data
in Table 2.1.
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Table 2.1: MobLab experimental data: averaged over 2090 observations

Efficiency 85.9
Quantity 11

Inefficiency Ratio 0.49
Buyers’ Correlation 0.56
Sellers’ Correlation 0.57

Average Price 113.2
Buyers’ Profit Split 0.36

Price Volatility 0.26
Orders per period 55

There is a relatively high average efficiency of almost 86%. The inefficiency ratio of
0.49 indicates the 14% loss in efficiency is due almost equally to infra marginal units going
untraded and extra marginal units being traded.

The relatively high correlation coefficients indicate that high values and low costs are
usually trading early which helps efficiency. One should, however, temper this observation
with the fact that, for example, each buyer must trade their 2 more valuable units before
being able to trade their third and least valuable. So there is perfect correlation within a
trader. This could lead to high correlation coefficients across traders even if their bidding
order is entirely random.

The average price of 113.2 is a competitive equilibrium price. In fact, we can say some-
thing stronger. In Table 2.2 we display the average prices of each trade in the the order of
that trade; that is, the average price of the first trade, the average price of the second trade
and so forth. The average price of each of those trades is an equilibrium price. The MobLab
buyers’ profit split is almost exactly equal to the buyers’ profit split at the competitive
equilibrium price of 113.2.

Table 2.2: MobLab data price dynamics: average price of the first 10 trades

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th
111.6 113.2 113.4 113.7 113.7 114.6 112.8 112.3 113.6 112.1

That trade is occurring on average at a competitive equilibrium price, no matter the
order of trade, is somewhat surprising. A feature of the Demand-Supply configuration we
are using is the asymmetry between the buy side and the sell side. According to Holt (1995),
summarizing observations from many well controlled experiments, “price tends to converge
to the competitive equilibrium from below if producer surplus exceeds consumer surplus at
the competitive equilibrium price, and from above in the reverse situation.”(p. 372). We will
explain the reasons for the difference between Holt and these data later in this paper.
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Ordering activity is not very high. 55 orders are used to generate 11 trades. Each trade
requires, a minimum of at least 2 orders: a buy and an ask. There are 2 1/2 times the
number of orders than is minimally necessary. The split of the orders between bids and asks
is almost equal. 47.7% of the orders are bids.

While the number of observations of the MobLab data set is truly impressive and the
data seem consistent with conventional wisdom about experimental CDAs, there is a po-
tential problem. MobLab experiments are usually run in classrooms and not necessarily
subjected to the usual rigorous control of the experimental economics laboratory. Subjects
might be paid in course points or some other way but usually are not compensated with
money in the standard way. The particular compensation scheme for each observation is
not identified in the data set. Further this may be the first, and only, market experiment
that these students participate in. So the subjects, and perhaps the instructor running the
experiment, are mostly inexperienced.

In the 2090 observations we are using, there are many violations of an individual ratio-
nality constraint; i.e., a buyer pays more than their value or a seller accepts less than their
cost. In the 2090 periods we are using, 90% have at least one trade that involves a violation.
25% have at least 5 such trades,4 almost half of the average number of trades made. The
most telling statistic is that 4.3% of the 2090 periods have an average price greater 150 –
the most that any buyer should be willing to pay.

Lin et al. (2020) are clearly aware of this issue and devote some space to discussing it.
They conclude that “a limited analysis across different types of incentives offered by 10%
of the instructors suggests different levels of incentives do not create substantial differences
in behavior."(p. 918) At this point in our analysis we accept their assumption and proceed
to examine whether the IEL behavioral model explains the data.

2.4 Theories

We describe the theories behind Individual Evolutionary Learning (IEL) and Zero Intelli-
gence (ZI ) in the standard Demand-Supply environment and CDA design.

Any trader in a CDA has to decide (a) when to order, (b) what to order, (c) when to
cancel an order, and (d) when to accept an order in the book. In many CDA market designs,
such as the ones in this paper, the way to accept the best ask in the book is to submit a
bid higher than that ask. The market then crosses such a bid at the price equal to the ask.
Therefore, we ignore (d) as being covered by (a) and (b).

We begin with the ZI theory, since it is easier to understand.

4But, many such trades still increase aggregate surplus. The loss on one side of the trade is covered by
the gain on the other. The “irrational" behavior does not seem to affect efficiency.
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2.4.1 ZI in the CDA

ZI was introduced in Gode and Sunder (1993) for environments where buyers each only
wanted 1 unit and sellers each only had 1 unit to sell. We modify their model slightly to fit
the environment with 3 units per trader.

When to order Ordering occurs in iterations. At each iteration, a trader is drawn at
random, with replacement, and bids if a buyer or asks if a seller.

What to order The selected trader bids uniformly from [sl, Vk+1] if a buyer or asks
uniformly from [Ck+1, su] if a seller.

When to cancel an order The ZI trader cancels their order in the book, if they have
one, whenever they are about to submit a new order.

Each trader is permitted three transactions only and is not allowed to re-trade any item
bought or sold.

The ZI process continues for a pre-specified number of computer draws.

2.4.2 IEL in the CDA

In our previous work, IEL agents participated in a synchronous, repeated game. Each IEL
agent was defined primarily by a set of possible strategies and a foregone utility function.
With these, an IEL agent generated an action in each round of the game. For example, in a
repeated call market, the agent decided what bid to make in each round. In a CDA, which
is an asynchronous continuous game, we need to specify a little bit more.

An IEL agent in a CDA is similar to a ZI agent. “When to order" and “when to cancel
an order" are the same as in ZI. “What to order" is different. The IEL agent selects what
to order in the same way it has selected strategies in the other Arifovic-Ledyard papers.5

We describe the process for a buyer. A seller is symmetric.

• Each agent maintains a finite set of remembered potential bids, A.

The remembered set is a collection of J numbers from [sl, su], the set of admissible
orders.6

At any instant in time t, an IEL buyer will have purchased k(t) units of the commodity.
The value to them of the next unit they buy is Vk(t)+1. Since bids greater than Vk(t)+1

5We assume the reader has some familiarity with our previous work with IEL agents. For those who do
not, a more detailed description of IEL and its applications is in Appendix B.3.

6At the beginning of a period, we initialize the set A by randomly selecting J items from [sl, V i
1 ] for buyer

i and from [Cj
1 , su] for seller j.
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are certainly going to lose money, we restrict the remembered set of a buyer to be a
subset of [sl, Vk(t)+1]. For a seller, we restrict the remembered set to [Ck(t)+1, su].

When an IEL buyer accepts an ask or has a bid accepted, the acceptable set [sl, Vk(t)+1]
becomes [sl, Vk(t)+2]. At this time there may be bids b in the remembered set for
which Vk(t)+2 < b < Vk(t)+1. Such bids are sure losers. We remove these from the
remembered set. Similarly, when an IEL seller accepts a bid or has an ask accepted,
the acceptable set [Ck(t)+1, su] becomes [Ck(t)+2, su] and there may be asks o such that
Ck(t)+1 < o < Ck(t)+2. We remove these.

• Each action in the set A is evaluated by a foregone utility function, u.

The book at time t is {Bt, Ot} where Bt is a set of bids {b1
t , ...., bn

t } ranked from high to
low, and Ot is a set of asks {o1

t , o2
t , ..., om

t } ranked from low to high.7 b1
t = Bt < o1

t = Ot.
Bt is the best bid in the book at time t. Ot is the best ask in the book at time t.

If IEL sends a buy bid of b < O, there will be no transaction and their payoff will be
0. If they bid b > O, they are accepting the offer and their payoff will be Vk+1 − O.
Therefore, reacting to the book, a buyer’s foregone utility for the potential bid b,
when they have completed k buys, is:

u(b|k, B, O) =

0 if b ≤ O

Vk+1 − O if b > O
(2.1)

Since the foregone utility function is only used to evaluate entries in the remembered
sets, IEL only needs to consider b < Vk+1.

Similarly, a seller’s foregone utility for a potential ask, when they have completed k
sales, is:

u(o|k, B, O) =

0 if o ≥ B

B − Ck+1 if o < B
(2.2)

It should be noted that this particular foregone utility function ignores the possibility
that, if b < O and is in the book, b might eventually be accepted, yielding a higher
profit than Vk+1 − O. Our IEL agent is myopic and non-strategic, and ignores this
option value.

• When it is a trader’s turn to bid, a bid is randomly selected from A in proportion to
its foregone utility, u.

7The bid queue can be of different length than the ask queue. n ̸= m is possible.
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• Before the next bid is chosen, A is updated as follows:8

– Experimentation: with probability µ, we randomly replace an action a in A with
one randomly drawn from [sl, Vk+1] using a truncated normal with mean a.

– Replication: a pairwise fitness tournament eliminates alternatives that would not
have done well per the foregone utility, u.

Although the IEL process is the same as we have used in the past, it may seem to be a
complicated way to pick a bid. A simple way to understand what the IEL agent is doing is
to compare it to a Zero Intelligence (ZI) agent.

2.4.3 IEL vs. ZI

In the implementations in this paper, IEL and ZI are identical in “when to order" and “when
to cancel an order". They differ only in “what to order". When it comes time to bid, a ZI
buyer generates a bid uniformly distributed on [sl, Vk+1]. If Vk+1 < O, the IEL agent does
exactly the same.9

But if Vk+1 ≥ O, there is a significant difference in the behavior of the two types of agent.
A ZI agent continues to select a bid uniformly distributed from [sl, Vk+1]. Even though O is
a perfectly acceptable ask, ZI only accepts the best ask with probability λ = Vk+1−O

Vk+1−sl
. IEL,

on the other hand, updates its remembered set in a way that increases the probability it will
accept the best ask. This happens because of the replication process. Consider an example
where Vk+1 = 100, sl = 0, and O = 50. Then λ = 0.5. The foregone utility is Vk+1 − O

if b > O and is 0 if b ≤ O. In replication, a bid below O will remain in the remembered
set with probability (1 − λ)2. Thus after replication the probability that IEL will accept
the offer O is 1 − (1 − λ)2. For example, if V = 100, sl = 0, and O = 50, then ZI accepts
with probability 0.5 and IEL accepts with probability 0.75. If IEL happens to bid below 50,
then the next time they are selected to bid they will do replication again, and this time will
accept with probability 1 − (1 − λ)4 or 0.94. ZI will continue to accept with probability 0.5.

IEL is less patient than ZI.10 The probability that an IEL agent accepts an ask is higher
than that of a ZI agent. And over time the probability that IEL accepts a profitable ask
approaches 1. Trading will proceed faster with IEL agents than with ZI agents.

8Details on these can be found in Appendix B.3.

9For IEL this is a three step process. First the remembered set consists of uniformly randomly chosen
elements. Second, since the foregone utility is the same for all bids in the remembered set, it remains
essentially composed of uniformly randomly chosen elements, even after experimentation and replication.
Third, again since the foregone utility is the same for all elements in the remembered set, the selection of
the bid is done uniformly randomly.

10There is another type of impatience in a CDA: impatience in offering options to others by adding a bid
to the queue. By using the Gode-Sunder process to determine when to bid, this version of IEL does not
address this type of impatience.

38



2.5 Simulations

To discover the performance of IEL and ZI agents in a CDA, we ran a series of simulations.
Each run simulated the initial period of one experimental CDA market. There were 10,000
runs for each simulation. This seemed to be more than enough to stabilize the performance
measures to within 2 significant digits. The upper bound on bids and asks was set at 300,
the same as is used in the MobLab experiments.

Because we use the Gode-Sunder procedure to determine when agents should bid, a key
parameter for our simulations is the number of draws; i.e, how many orders are submitted
in one period. This parameter is new to our research with IEL and plays an important role
in determining the performance of both IEL and ZI in the CDA. In our simulations we used
a range of values for the number of draws, in order to explore the impact that it has on
performance.

2.5.1 IEL simulations

We used the same parameters for IEL that we have used before; the size of the remembered
set is J = 100 and the probability of experimentation for any one member of the remembered
set is µ = 0.033. We also used other values of J and µ to check for robustness. The details of
those additional simulations can be found in Appendix B.2. We will comment as necessary
on the effect of alternative parameters, but, as will be seen, there is no substantive change
in the key results of this paper across those different parameters.

The values of the performance measurements for our IEL simulations are in Table 2.3.
We will focus on the two key measures: efficiency and price. In the column labeled E, we
list the average efficiency attained for each number of draws. In the column labeled P, we
list the average price attained for each number of draws.
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Table 2.3: IEL performance measures

draws E Q ED ρB ρS I P BPS α

20 48.5 4.5 16.3 0.37 0.34 0.006 103.9 0.49 0.21
25 57.1 5.5 20.8 0.41 0.39 0.012 104 0.49 0.2
30 63.8 6.4 25.3 0.44 0.42 0.02 104.4 0.48 0.2
35 69.4 7.1 29.7 0.46 0.45 0.031 104.5 0.49 0.2
40 74.1 7.8 34 0.48 0.47 0.046 104.8 0.48 0.19
45 77.5 8.3 38.1 0.49 0.49 0.06 105 0.48 0.19
50 80.3 8.8 42 0.5 0.51 0.074 105.1 0.48 0.19
55 82.7 9.2 45.7 0.51 0.53 0.092 105.3 0.48 0.19
60 84.5 9.5 49.4 0.52 0.53 0.108 105.4 0.48 0.19
65 85.7 9.7 52.6 0.52 0.54 0.125 105.5 0.48 0.18
70 87 10 55.9 0.53 0.55 0.14 105.7 0.48 0.18
75 87.9 10.1 58.8 0.54 0.56 0.153 105.8 0.48 0.18
80 88.6 10.3 61.9 0.53 0.57 0.169 105.9 0.48 0.18
85 89.1 10.4 64.3 0.54 0.57 0.183 106 0.48 0.18
90 89.7 10.5 66.6 0.54 0.58 0.193 105.8 0.48 0.18
95 90 10.6 68.9 0.54 0.58 0.2 106 0.48 0.18
100 90.4 10.7 70.5 0.54 0.59 0.205 106.1 0.48 0.18
105 90.5 10.7 72.4 0.54 0.59 0.216 106 0.48 0.18
110 90.9 10.8 73.9 0.54 0.59 0.228 106 0.48 0.18
115 91 10.8 75.6 0.54 0.6 0.225 106 0.48 0.18
120 91.2 10.8 76.8 0.55 0.59 0.231 106.1 0.48 0.18
125 91.2 10.9 78 0.54 0.59 0.235 106.2 0.48 0.18
130 91.4 10.9 79 0.55 0.59 0.236 106.1 0.48 0.18

Notes: E = efficiency, Q = quantity, ED = draw of last trade, ρB = buyers’ correlation coefficient, ρS =
sellers’ correlation coefficient, I = inefficiency ratio, P = price, BPS = buyers’ profit split, α= price volatility.

Observation 1.
The number of draws matters. But, both efficiency and price level off after about 100 draws.

The explanation for Observation 1 is obvious. Remember, each draw represents one order
submission to the book. As the number of draws increases, there are more orders and thus
more trading. At some point, the number of draws will be large enough that there are few
or no mutually beneficial trades left. To determine at what level the artificial cap becomes
non-binding, we tracked for which draw the last trade in each run occurred. The results are
in the column labeled ED in Table 2.3. For a small number of draws, a significant number
are used up in trading. When the number of draws is over 100, only 75 to 90 of those are
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used, on average, to complete trading. By 100 draws, the cap seems not to be important.
All of the measurements have leveled off by then.11

Observation 2.
The average efficiency is increasing at a decreasing rate in the number of draws.

The explanation for Observation 2 rests on two facts: (1) trading is Marshallian on
average and (2) each trade increases the surplus attained. By Marshallian trading we mean
that higher value units generally trade earlier than lower valued units and lower cost units
are more likely to trade earlier than higher cost units. While this is certainly true for a
single individual with multiple units,12 it is not necessarily true across individuals. But
IEL bids/asks are probabilistically proportional to values/costs. Higher bids and lower asks
are probably going to trade earlier. Thus, higher value and lower cost items are probably
going to trade earlier. This means that on average, higher surplus trades occur earlier in the
period. In the columns labeled ρB and ρS in Table 2.3, we list the correlation coefficients
for buyers and sellers that measure this Marshallian effect. These have the right sign, and
are mostly larger than 0.5 confirming that the trading by IEL agents is Marshallian.13

With Marshallian trading, since higher surplus trades occur earlier, efficiency increases
at a decreasing rate. Marshallian trading also implies that the source of the inefficiency is
mostly due to untraded infra marginal units. There are more of these for lower numbers of
draws. This is confirmed by the low inefficiency ratio in the column labeled I in Table 2.3.

Observation 3.
(a) The average price is increasing very slightly in the number of draws.
(b) Prices converge toward the competitive equilibrium prices of [110, 114] from below for
each value of draws.
(c) Buyers and sellers split the profits on average almost equally.

The explanation for Observation 3 rests on three facts: (1) trading is Marshallian on
average, (2) buyers and sellers split the surplus on average, and (3) sellers’ surplus is larger
than buyers’ surplus in competitive equilibrium, as can be seen in Figure 2.1.14 Consider
the extreme case of Marshallian trading where the lowest cost and highest value trade first.

11In Table B.1, we also display results for 135 to 175 draws in increments of 5. The leveling off is even
more obvious. For all numbers of draws greater than 100, the average efficiency is about 91%, the average
quantity is about 11, and the average price is about 106.

12If all traders traded their first units and only those, efficiency would be 62%. If they all traded only their
first 2 units, efficiency would be 94%.

13The sellers’ correlation is larger than the buyers’ correlation. We believe this is related to the asymmetry
between values and costs, but do not have a proof of that.

14Observation (b) was also noted by Cliff and Bruten (1997) for ZI traders when there is asymmetry in
the surplus.
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Further suppose they trade at a price that splits the surplus between them. Then the second
highest value and second lowest cost trade next and trade at a price that splits the difference.
Because of the asymmetry in surplus, the second price will be higher than the first.15 In
the simulations, trading is more probabilistic than this simplistic example, but over 10,000
runs things average out. This can be seen most clearly in Table 2.4. In that table we list
the average price of each trade in the order they are traded. For example, the average price
of the first trade, when there are 50 draws is 104.4. The average price for the sixth trade is
105.4. It is easy to see that, for all draws, the average price is generally increasing as trade
progresses.

Table 2.4: IEL price dynamics: average price of the first 10 trades

Order of Trade
draws 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

25 103.4 103.4 104.2 104.5 104.3 104.9 104.6 104.1 106.5 98
50 104.4 103.7 103.7 104.3 104.9 105.4 106.3 106.7 107.7 108.2
75 103.8 103.8 104 104.7 105.1 105.6 106.2 107.3 108 108.8
100 103.8 103.9 104.4 104.7 105.2 105.8 106.4 107.3 108.4 109
125 103.9 103.5 104 104.5 105.2 105.5 106.4 107.4 108.7 109.1
150 103.7 103.6 103.8 104.1 105.1 105.7 106.4 107.2 108.5 109.4
175 103.9 103.8 103.8 104.4 105 105.5 106.6 107.3 108.3 109.3

2.5.2 ZI simulations

Our ZI simulations ran exactly the same as our IEL simulations with only the bid selection
rule changed. Each run simulated the initial period of one experimental CDA market. There
were 10,000 runs for each simulation. The results can be found in Table 2.5.

Qualitatively, ZI and IEL are similar. The number of draws matters, efficiency increases
at a decreasing rate in the number of draws, and price increases slightly in the number
of draws. The reason for these observations is the same as that for the IEL results. But
quantitatively there are significant differences between IEL and ZI.

Observation 4.
The number of draws matters. But, efficiency does not level off after 100 draws.

Observation 5.
The average efficiency is increasing at a decreasing rate in the number of draws. But it takes
more draws for ZI to attain a given level of efficiency than it does for IEL.

15In the environment in this paper, these prices would be 100, 101, 102, ... , 112. With 11 trades, the
average price would be 105.
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Observation 6.
(a) The average price is increasing very slightly in the number of draws.
(b) Average prices are higher for ZI than for IEL.

Table 2.5: ZI performance measures

draws E Q ED ρB ρS I P BPS α

20 21.9 1.9 13 0.19 0.19 0 108 0.44 0.19
25 27.2 2.3 17 0.24 0.22 0 108.3 0.44 0.18
30 32.3 2.8 22 0.26 0.24 0 108.8 0.43 0.18
35 36.3 3.2 26 0.29 0.27 0 109 0.43 0.18
40 40.5 3.6 30 0.31 0.3 0 109.1 0.42 0.18
45 44.6 4 35 0.33 0.33 0 109.4 0.42 0.18
50 47.7 4.3 39 0.34 0.34 0 109.4 0.42 0.17
55 50.8 4.7 44 0.37 0.36 0 109.4 0.42 0.17
60 53.7 5 48 0.39 0.38 0 109.5 0.42 0.17
65 56.7 5.3 53 0.4 0.4 0.01 109.3 0.42 0.17
70 58.9 5.6 57 0.41 0.4 0.01 109.3 0.42 0.17
75 61.4 5.9 61 0.42 0.42 0.01 109.3 0.42 0.17
80 63.3 6.1 65 0.43 0.43 0.01 109.5 0.42 0.17
85 65.4 6.3 70 0.44 0.44 0.01 109.5 0.42 0.17
90 67.3 6.6 74 0.45 0.45 0.01 109.6 0.42 0.17
95 68.9 6.8 78 0.46 0.46 0.01 109.5 0.42 0.17
100 70.6 7 82 0.47 0.47 0.02 109.6 0.42 0.16
105 71.9 7.2 87 0.48 0.48 0.02 109.7 0.42 0.16
110 73.3 7.4 91 0.48 0.49 0.02 109.6 0.42 0.16
115 74.9 7.6 95 0.49 0.49 0.02 109.6 0.42 0.16
120 76.1 7.8 99 0.5 0.5 0.02 109.6 0.42 0.16
125 76.9 7.9 103 0.5 0.51 0.03 109.6 0.42 0.16
130 78.1 8.1 107 0.51 0.51 0.03 109.7 0.42 0.16

Notes: E = efficiency, Q = quantity, ED = draw of last trade, ρB = buyers’ correlation coefficient, ρS =
sellers’ correlation coefficient, I = inefficiency measurement, P = price, BPS = buyers’ profit split, α =
volatility.

For a given number of draws, the efficiency attained by ZI agents is significantly less
than that attained by IEL agents. IEL agents attain an efficiency of 72% in 35 draws while
it takes ZI traders 105. IEL attains an efficiency of 90% in 70 draws while it takes ZI 250.
It takes ZI approximately 3 times the number of draws that it takes IEL to reach the same
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level of efficiency. In addition, the increases in efficiency and other measurements for IEL
level off after 100 draws while those increases do not level off under ZI even after 500 or
more draws.16 The main reason for the difference is that IEL is less patient than ZI as we
explained in Section 2.4.2. Both IEL and ZI traders satisfy the Marshallian trading principle
- the buyer and seller correlation coefficients are positive - but because of its impatience, IEL
does more so. Given the same number of draws, more infra marginal units are being traded
by IEL than by ZI. This is quantified in the Inefficiency Ratios of the two simulations.

ZI average prices are about 4% higher than those of IEL but still slightly under the
competitive equilibrium prices of [110, 114]. ZI average prices start out higher in the first
trade and remain higher throughout. See Table 2.6. The buyers’ share of profits for IEL
traders is 48%. Because of the higher average prices, the buyers’ share of profits with ZI
traders is only 42%. That is about what the BPS would be at the competitive equilibrium
price of 110.

Table 2.6: ZI price dynamics: average price of the first 10 trades

Order of Trade
draws 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

25 107.7 108 107.3 105.8 104.8 102.6 92.9
50 108 109.4 109.3 109.1 108.7 108.5 108.7 105.8
75 107.6 109.1 109.5 109.6 109.5 109.1 109.3 109.6 108.1 110.9
100 108.6 109.5 109.5 109.6 110 109.7 109.5 109.4 109.6 108.3
125 108.1 109.3 109.5 110.1 109.8 109.6 109.8 109.7 109.8 110
150 107.3 109.4 109.8 109.7 109.6 109.8 110 109.8 109.5 109.9
175 108 109.2 109.7 109.9 109.9 110.1 109.7 109.9 110 109.8
200 108.1 109.5 109.5 109.8 109.8 109.8 109.9 109.9 110.1 110

2.6 Comparing IEL and ZI to MobLab subjects

Cason-Friedman (1996) concluded that “ZI now seems the only natural source for a null
hypothesis in assessing the performance of any more complicated mechanism.” Lin et al.
(2020) went further and said “We find much stronger support for ZI theory compared to
Cason-Friedman ... It appears ZI explains dynamics within periods.” In this section we
explore whether IEL improves on ZI in explaining the first period dynamics of a CDA in
the MobLab experiments.

One of the key findings of both the IEL and ZI simulations is that the number of draws
matters. This means any comparison of IEL or ZI to humans is not straight-forward. What
value should we choose for the number of draws in order to compare to the human data?

16In Table B.4, we provide the simulation results for draws of 135 to 750 in various increments.
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To see the problem in detail, consider the data in Table 2.3. IEL with 65 draws produces an
average efficiency of 85.7 which is close to the human number of 85.9%. But, for 65 draws,
the quantity traded by IEL is 9.7 which is less than the 11 of humans. To get IEL to trade
11 units requires 160 draws. To get the sellers’ correlation of 0.57 we need 80 draws. What
is the right choice? 65, 80, or 160?

Rather than arbitrarily fitting the number of draws to the data ex post, we decided to tie
our hands and use a number of draws equal to the average number of orders in the human
data. For the 2090 observations of the MobLab data, the average number of orders is 55.
Using that for our number of draws, we get Table 2.7 comparing IEL and ZI statistics to
those of the MobLab human subjects.

Table 2.7: IEL vs. ZI vs MobLab

MobLab IEL (55 draws) ZI (55 draws)
Efficiency 85.9 82.7 50.8
Quantity 11 9.2 4.7

Inefficiency Ratio 0.49 0.09 0
Buyers’ Correlation 0.56 0.51 0.37
Sellers’ Correlation 0.57 0.53 0.36

Average Price 113.2 105.3 109.4
Buyers’ Profit Split 0.36 0.48 0.43

Price Volatility 0.26 0.19 0.17
Orders 55 55 55

Observation 7.
IEL is better than ZI at explaining the MobLab efficiency data.

All of the efficiency statistics of IEL are closer to the MobLab measures than the ZI
statistics. This is also apparent from the plots of the cumulative distributions of the sample
efficiencies in Figure 2.2.

Observation 8.
ZI is better than IEL at explaining the MobLab price data, although neither explains all of
it.

Consider Figure 2.2. It is obvious that the ZI distribution is closer to the MobLab
distribution than IEL is. But, neither ZI nor IEL can explain all of the MobLab prices.
About 25% of the MobLab average prices are higher than the highest IEL average price
of 125 or the highest average ZI price of 144. MobLab average prices are more dispersed
than either ZI or IEL average prices at both the upper and lower ends of the distributions.
MobLab prices are also more volatile.
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Figure 2.2: IEL vs ZI vs MobLab: average price and efficiency CDFs
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2.6.1 Full trading

It would be easy to conclude at this point that neither IEL nor ZI is a very convincing model
of the MobLab subjects. But, one might argue that we have inappropriately handicapped
ZI traders by arbitrarily choosing 55 draws. Perhaps, with enough draws, the ZI efficiency
statistics would be closer to the MobLab data than IEL and we would have to reject IEL in
favor of ZI. To test this out, we let both IEL and ZI have enough draws “to allow sufficient
time for trading” as was done in Gode-Sunder (1993, p.122). For IEL that would mean 100
or more draws. We pick 115. For ZI it would mean 600 or more draws. We pick 750. We
then get Table 2.8 and Figure 2.3.

Table 2.8: MobLab subjects vs IEL vs ZI: full trading

E Q ρB ρS I P BPS α

MobLab(55 orders) 85.9 11 0.52 0.57 0.49 113.2 0.36 0.26
IEL(115 draws) 91 10.9 0.55 0.59 0.23 106 0.48 0.18
ZI(750 draws) 97.6 12.2 0.66 0.70 0.42 109.9 0.42 0.14

Notes: E = efficiency, Q = quantity, ρB = buyers’ correlation coefficient, ρS = sellers’ correlation coefficient,
I = inefficiency measurement, P = price, BPS = buyers’ profit split, α = volatility.

Observation 9.
With full trading
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(a) IEL is better at explaining efficiency.
(b) ZI is better at explaining prices.
(c) But, neither IEL nor ZI are very good models for the MobLab subjects.

The statistics in Table 2.8 tell the same story as before: for efficiency, IEL is closer to
MobLab while for price, ZI is closer. But a glance at Figure 2.3 reveals that neither IEL
nor ZI with full trading are good models for the MobLab subjects. Efficiencies are too high.
Prices are low and not dispersed enough. Full trading is not the answer.

Figure 2.3: IEL vs ZI vs MobLab subjects: full trading
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2.7 Improving the theory

If any model is to explain or predict human behavior in the MobLab experiments by itself,
then it will have to make mistakes. That is, IEL buyers would have to be willing to bid or
accept asks above their values and IEL sellers would have to be willing to ask or accept
bids below their costs. But, those are dominated strategies and not something economists
usually put into their models.17 We take a different route. We introduce heterogeneity into
the agent pool.

17As Gjerstad and Shacht (2021) point out in their very nice paper, the standard assumption of “individual
rationality” implies buyers will bid no higher than their value and sellers will not ask below their costs. Clearly
the MobLab data reject that assumption.
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Suppose that the pool of subjects that each experimental session draws from is com-
posed of IEL agents plus agents who either do not take the rules seriously or are confused.
Suppose these other agents submit bids and asks randomly, violating the individual ra-
tionality constraint, but in a somewhat constrained manner. In particular, they randomly
select their bids and asks from the range [sl, sN ]. We call these agents No Intelligence (NI)
agents. In the special case, when sN = su, these are the ZI-U (ZI unconstrained) agents in
Gode-Sunder (1993).

In our simulations, we assume that η percent of the pool of potential agents are NI
traders. In each simulation, at the start of a run, we randomly assign each trader to be NI
with probability η and IEL with probability 1 − η. Other than that, the simulation remains
the same as in Section 2.4.1. We do this 10,000 times and generate efficiencies, prices, etc.
We do this for a number of possible values for both sN and η. η ranges between 0.05 and
0.4 while sN ranges between 200 and 300. We restrict attention to sN less than or equal to
300 because in the MobLab experiments bids and asks are restricted to [0, 300].

To determine appropriate values for η and sN , we did a grid search. We minimized a
standard sum of squares distance measure on efficiency and average price The results are
in Table 2.9. We found that η = 0.3 and sN = 250 yielded results closest to the MobLab
efficiency and price at a distance of 0.08.

Table 2.9: IEL+NI search

SN =200 SN =250 SN =300
%NI e p d e p d e p d
0.05 83.2 105.4 57.36 83.0 106.7 44.37 83.0 107.7 35.00
0.10 83.8 105.6 51.05 83.8 108.0 27.08 83.5 110.0 15.80
0.15 84.4 105.7 46.95 84.4 109.1 16.17 84.1 112.4 4.89
0.20 85.0 105.7 44.99 85.0 110.6 6.37 84.5 115.1 5.47
0.25 85.5 105.7 44.11 85.5 111.8 1.75 85.0 117.0 12.37
0.30 86.1 105.4 47.53 86.0 112.9 0.08 85.6 119.1 27.29
0.35 86.7 105.6 45.94 86.5 114.0 0.99 85.9 121.0 47.48
0.40 87.1 105.3 50.66 87.1 115.1 4.77 86.5 123.9 89.83

iel only 82.7 105.2 63.82
zi only 50.8 109.4 1680.93

Notes: e=efficiency, p=price, d= distance = (e − e∗)2 + (p − p∗)2 where (e∗, p∗) are the MobLab values.
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Table 2.10: IEL + NI vs ZI vs MobLab

E Q ρB ρS I P BPS α

MobLab (55 orders) 85.9 11 0.52 0.57 0.49 113.2 0.36 0.26
IEL(55)& NI(0.3,250) 86 10.5 0.55 0.56 0.30 112.9 0.42 0.35

IEL(55) 82.7 9.2 0.51 0.53 0.09 105.3 0.48 0.19
ZI(55) 50.8 4.7 0.37 0.36 0.00 109.4 0.43 0.17

Notes: E = efficiency, Q = quantity, ρB = buyers’ correlation coefficient, ρS = sellers’ correlation coefficient,
I = inefficiency measurement, P = price, BPS = buyers’ profit split, α = volatility.

Observation 10.
The model of 70% IEL agents and 30% NI agents, with SN = 250, outperforms ZI in
explaining the MobLab data.

Figure 2.4: IEL + NI vs ZI vs MobLab: average price and efficiency
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Looking at the statistics in Table 2.10 and the Figure 2.4, it is easy to see that mixing
in ZI agents with the IEL agents gets the efficiency statistics a little closer to the MobLab
statistics. But the effect on the price statistics is dramatic. In Figure 2.4 the CDF of average
prices generated by the mixture of IEL and NI agents is almost identical to the CDF of the
MobLab average prices. The mixture of IEL and NI is clearly a better explanation of the
MobLab CDA price and efficiency data than is ZI.
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2.7.1 Robustness

We end this section with a brief comment on the robustness of these results to variations
in the IEL parameters J , the size of the remembered set, and µ, the probability of experi-
mentation. We ran the same simulations with IEL as before for various values of J and µ.
The results are in Table 2.11.

Varying µ has very little effect. This is because for IEL in the CDA, it only matters how
many of the remembered set are above the best ask and how many are below. Increasing
J increases efficiency and decreases price up to J = 300 and then they both level off. This
is because for IEL in the CDA, there are only 300 possible bids in [0, 300] and so adding
extra adds very little.

Table 2.11: Robustness: efficiency and price

µ = 0.0033 µ = 0.033 µ = 0.25
J = 50 (77.2, 105.8) (77.4, 105.7) (77.2, 105.8)
J = 100 (82.5, 105.5) (82.7, 105.2) (82.6, 105.3)
J = 200 (84.9, 104.8) (85.0, 105.0) (85.2, 105.0)
J = 300 (85.5, 104.8) (85.6, 104.8) (85.4, 104.7)
J = 400 (85.9, 104.8) (85.9, 104.7) (85.9, 104.7)
J = 500 (86.2, 104.6) (86.1, 104.6) (86.2, 104.5)

But the key finding of our robustness check is that it does not change our conclusion that
a mixture of 70% IEL and 30%NI with a 250 upper bound is the best fit to the MobLab data.
The results of a grid search, when J = 300, across the percent of NI and the upper bound
are in Table B.8. The closest result, in the sum of squares distance between the simulation
result and the MobLab efficiency and price, would have 15%NI with an upper bound of 300.
30%NI with an upper bound of 250 came in a very close second. Now consider Figure 2.5
where the CDFs for efficiency and price are displayed. It is very difficult to distinguish the
70-30 mix with an upper bound of 250 (our model when J = 100) from the 85-15 mix with
an upper bound of 300 when J = 300.

2.8 Better data

In the previous section, we showed that a pool with a mix of 70% IEL agents and 30%
NI agents leads to statistics that closely approximate those of the MobLab data. But the
question still remains, does IEL best model those agents who are not confused or fooling
around. One way to answer that is to look at some data generated under stricter controls
than MobLab in the hope that any human NI-like agents will be eliminated.

We report on three new CDA market sessions we conducted online through the Simon
Fraser University (SFU) on 4/20/2021 and 4/21/2021. In each period, the environment was
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Figure 2.5: IEL+NI robustness: average price and efficiency
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the same as the environment in Section 2.2.1. There were 5 buyers, each of whom could
buy up to 3 units, and 5 sellers, each of whom could sell up to 3 units each. In each session,
participants traded for 14 periods. There were 2 practice periods, then 10 regular market
periods, and then 2 periods where IEL and humans trade together. For this paper, we only
use the data from the 10 regular market periods.

Experiments were conducted via an online software called Flex-E-Markets, which pro-
vides software as a service platform to organize and manage multiple, simultaneous online
marketplaces.18 Because of Covid restrictions, these experiments were run online. Screen
shots are provided in Section B.4.1. Subjects earnings consisted of a show-up fee ($7) and
the profits made during the non-practice trading rounds. Subjects were paid for all non-
practice sessions. Total earnings ranged from $7 to $25 with an average of $18. Each session
lasted 70 minutes.

In one of the sessions, a subject, acting as a seller in the second 5 regular market
periods, consistently sold more than 3 units in 3 in spite of instructions to the contrary.
Flex-E-Markets does not have a way to prevent this. We set aside the data for those second
5 periods. Thus, there are a total of 25 observations from the SFU experiments.

For these experiments, we wanted each group to participate in 10 market periods during
a session. We also wanted each period appear to involve a new demand-supply configuration.
One way to do that would be to randomly draw new values and costs each period as in Cason-

18See http://flexemarkets.com.
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Friedman (1993). But we also wanted to have as much data as possible from the configuration
in Section 2.2.1. We adopted a compromise. Each period we randomly reallocated buyers
along the demand curve and sellers along the supply curve (that is, we shuffled values and
costs) and we also drew a random amount (positive or negative) that we then added to each
value and cost. This had, we believe, the effect of providing an environment each period that
subjects thought was new, from their point of view, but which were all equivalent, under
quasi-linearity. Subjects were either a buyer for 5 rounds and then a seller for 5 rounds,
or vice versa. Table B.10 contains the values and costs resulting from our randomization
process.

At the beginning of each session, all traders were informed that all values and costs
would be drawn independently from [0, 200].19 Before the start of each trading period, each
trader saw their own values or costs for that period and did not see the values and costs of
others.

In Table 2.12, we display the performance measurements for the SFU sessions along
with those from the Moblab sessions for comparison.

Table 2.12: SFU vs Moblab vs IEL vs ZI

SFU Moblab IEL(40) ZI(40)
Efficiency 71 85.9 74.1 40.5
Quantity 7.6 11 7.8 3.6

Inefficiency Ratio 0.06 0.49 0.05 0.00
Buyers’ Correlation 0.25 0.56 0.49 0.31
Sellers’ Correlation 0.32 0.57 0.47 0.30

Average Price 105.7 113.2 104.8 109.1
Buyers’ Profit Split 0.47 0.36 0.48 0.42

Price Volatility 0.17 0.26 0.19 0.18
Orders 40.4 55 40 40

The incentives in the SFU sessions were clearly stronger than those in the Moblab
sessions. In the SFU data 13.8% of the trades have one loser and this does not seem to go
away in later periods. In the Moblab data that is 90%. Only one period in the SFU data,
which was the first period of one session, had at least 5 trades with a loser. This is 4% of
the periods. For Moblab that is 25%. The highest trade price over all periods in the SFU
data is 133 compared to an average price greater than 150 in 4.3% of the periods in the
Moblab data.

19Each period, all values and costs are initially in [50, 150]. For each session, we added a constant randomly
drawn from U ∼ [-50, 50]. This implies that values and costs are coming from [0, 200]) since the lowest cost
is 50 and the highest value is 150 in the original S/D schedule
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Comparing SFU to Moblab, we see lower efficiency due to lower trading and lower prices
with a more equal split between buyers and sellers. As we will see, this is can be explained
by the fact that the SFU subjects do not seem to be NI-like.

How do IEL and ZI do in explaining these data? We used the same rationale for the
number of draws for IEL and ZI that we did earlier. Since the average number of orders
in the SFU experiments was 40,20 we used 40 draws in all our simulations. We provide a
comparison of the statistics in Table 2.12 and Figure 2.6.

Based on the statistics in Table 2.12, IEL is much closer to behaving as the SFU subjects
than ZI is. With the exception of the correlation coefficients and Price Volatility, the IEL
statistics are closer to the SFU data than are the ZI statistics. Figure 2.6 clearly supports
that conclusion for the efficiency.

Figure 2.6: IEL vs SFU vs ZI: efficiency
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But the left panel of the same figure reflects a different story for prices. Except at the
very top, the distribution of the average prices for ZI agents seems to be a better fit to the
distribution of average prices for the SFU subjects than is the IEL distribution. IEL prices
are less dispersed than either ZI or SFU prices.

We explored whether a mixture of NI and IEL might improve on the IEL fit for SFU as
it did for MobLab. Surprisingly, at least to us, the answer was no. The results across the
grid, varying the % of NI and the upper bound on NI orders, are in Table 2.13. A robustness

2051% of the orders were bids from buyers.
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check, redoing the simulations with J = 300, also indicated that IEL alone was the best
alternative. Those results are in Table B.9.

Table 2.13: IEL+NI search

SN =200 SN =250 SN =300
%NI e p d e p d e p d
0.01 74.0 104.8 18.58 74.0 105.0 18.29 74.0 105.4 17.93
0.02 74.2 105.3 20.46 74.1 105.3 19.21 74.3 105.8 21.61
0.03 74.4 105.1 23.25 74.1 105.5 19.10 74.2 106.5 21.14
0.04 74.4 104.8 23.66 74.6 105.9 25.74 74.2 106.8 21.40
0.05 74.6 105.1 26.03 74.5 106.1 24.44 74.6 107.3 28.00
0.10 75.2 105.1 35.32 75.1 107.7 36.93 74.8 109.9 44.43
0.15 75.9 105.1 47.95 75.8 109.1 56.05 75.4 112.4 78.58
0.20 76.5 105.0 60.45 76.6 110.3 81.15 76.0 114.8 123.71

iel only 73.9 104.9 17.26
zi only 40.5 109.1 1855.71

Notes: e=efficiency, p=price, d= distance = (e − e∗)2 + (p − p∗)2 where (e∗, p∗) are the MobLab values.

Observation 11.
(a) IEL clearly is better than ZI as an explanation for the efficiencies from the SFU exper-
iment.
(b) ZI appears to be a little better than IEL as an explanation for the average prices from
the SFU experiment.

2.9 Summary and discussion

2.9.1 Summary

The goal of our research is to develop a model of individual behavior similar to that of
human subjects in continuous double auction experiments. In this paper we report on two
models, ZI and IEL, which we tested against each other using two very different data sets: a
large, uncontrolled set from classroom experiments using the MobLab interface and a small,
controlled set from experiments at SFU.

We found that drawing subjects from a pool composed of 70% IEL agent and 30% NI
agents, who randomly order from [0, 250], generated results that were a very good fit to the
2090 observations from MobLab. That mixture outperformed a pool composed only of ZI
agents. Given the large number of violations of individual rationality in the MobLab data,
it is not surprising that some collection of irrational agents, like the NI agents, is needed to
explain that data.
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We found that a pool composed of only IEL agents was a good fit to the 25 observations
from SFU. With respect to the distribution of efficiency, that IEL model dominated the ZI
model. But, with respect to the distribution of average prices, the ZI model does a little
better than IEL. Weighing the efficiency and price fits equally, IEL seems to be a better
overall fit to the SFU data than ZI. We further found that mixing NI agents into the IEL
pool does not improve the fit. The tighter controls and more salient payoffs of the SFU
experiments seem to have eliminated any NI type behavior among the subjects.

2.9.2 Robustness

There are several free parameters in our simulations. For IEL, there are the size of the
remembered set, J , and the rate of experimentation, ρ. We used J = 100 and µ = 0.033,
the same values we have used in many other papers which cover many different economic
situations. To be sure that this apparent arbitrariness was not crucial, we tried variations
of the two parameters and found our results were robust to those variations.

For the simulations, the free parameters are the range of allowable orders and the number
of draws to use in the Gode-Sunder bid timing process. For the allowable orders, we used
[0, 300], the exact set used in both the MobLab and SFU experiments. We found that the
number of draws significantly affects the simulations of both IEL and ZI agents. Rather than
choosing the number of draws to generate the best results, we used the average number of
orders for each data set; 55 for MobLab and 40 for SFU. The results confirm that this was
not an inappropriate choice.

2.9.3 Discussion

IEL seems to be doing very well as a model of the behavior of humans in the first period of
a CDA. But there are a couple of improvements that should be made in our future work.

Although the choice to make the number of draws in the simulations equal to the average
number of orders in the experiments has some justification, it is to some extent arbitrary. To
be a complete theory of behavior in a CDA, IEL needs to be revised to endogenize the agent’s
decision as to when to bid. One possibility would be to use the model of Gjerstad-Dickhaut
(2003), but it is complicated. Another would be the approach of van de Leur-Anufriev (2018)
that also involves multi-period learning.

IEL outperformed ZI in explaining the efficiencies and prices generated by humans
with one exception – the distribution of average prices in the SFU experiments. The SFU
distribution has a larger range than that generated byI which, in turn, is larger than that
generated by IEL. Our future work will try to understand the reasons for these differences
and to modify IEL to account for it.

It is important to note that IEL is myopic and learns. IEL is not strategic. As long as
an IEL agent is interacting with others of the same type, this doesn’t seem to be a problem.
The data generated are similar to experimental data. We conjecture, however, that a more
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strategic agent might create problems for IEL agents. For example, if humans and IEL
agents interact in an experiment, will they behave similarly? If not then the IEL agent will
need further modification to achieve our goal of a model of individual behavior similar to
that of human subjects in continuous double auction experiments.
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Chapter 3

Racial Differences in Senior
Executives’ Access to Information

3.1 Introduction

Race inequality is well-documented in the literature. African-Americans do not enjoy the
same access to opportunities as their non-African-American counterparts (see, e.g., Pope
and Sydnor, 2011; Ravina, 2019; Bartlett, Morse, Stanton and Wallace 2021; Begley and
Purnanandam 2021). Prior studies document that African-Americans are less likely to have
economic opportunities because of statistical discrimination (Arrow, 1972; Phelps, 1972) and
taste-based discrimination (Becker, 1957).1 However, less is known about race inequality in
corporate leadership. In this work, we investigate race differences in the insider-trading
behavior of corporate leaders of S&P 1500 companies to determine if African-American
corporate executives have equal access to the networks that generate valuable insider infor-
mation.

Prior studies show that informal work-related and social interactions are important in
building human and organizational capital within the workplace (O’Leary and Ickovics,
1992; Korenman and Turner, 1996; Bolte, Immorlica, and Jackson, 2020). For instance,
managers usually require the cooperation and support of many people within their social
and professional networks but outside their formal reporting hierarchy. Homophily—the
notion that individuals are more likely to interact and form relations with others similar to
them—can lead to personal and professional groups being segregated and homogenous with
respect to individual characteristics, including race.2 This can lead to African-American

1Statistical discrimination refers to an approach that relies on a discriminative factor as a statistical tool
to predict behavior when economic agents have imperfect information about individuals they interact with,
whereas taste-based discrimination refers to discrimination because of prejudice. See Lahey (2008) for a
review of this literature.

2Homophily in race and ethnicity are the strongest divides in social networks. After race and ethnicity,
the greatest social divides are created by age, religion, education, occupation, and gender in approximately
that order (McPherson, Smith-Lovin, and Cook, 2001).
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executives having fewer network ties than their Caucasian counterparts (Ibarra, 1993).3 If
social and professional networks are indeed racially homophilous, then African-American
executives may have limited access to information to make decisions because pervasive ho-
mophily can lead to material information that flows through social networks in a workplace
to be highly localized (Golub and Jackson, 2012).4

In this paper, we use insider trading data from 2010 to 2018 to analyze race differences
in insider trading profitability and formally test the hypothesis that African-American ex-
ecutives have limited access to networks that generate valuable inside information due to
race-based discrimination. Prior research has shown that insiders have access to material
nonpublic information and that they use this informational advantage when they engage in
open market sales and purchases of their firm’s stock.5 In particular, insiders tend to buy
stock before good news and sell stock before bad news. If African-American executives are
excluded because of their race from some social and professional networks where nonpublic
information is discussed, then the availability and access to such private information should
be reflected in the profitability of their insider trades.

Following prior studies, we focus on insider purchases because insiders often sell shares
of the companies where they work for of liquidity reasons (Inci, Narayanan and Seyhun,
2017). Purchases, therefore, contain greater information content. To obtain information on
the race of executives, we manually downloaded photos of executives from the internet. We
then evaluated each photo to identify the race of an insider.6 In our database, African-
Americans make up 1.06% of executives and 1.10% of the purchases in terms of the number
of transactions.7

Consistent with prior studies, we show that insider trades are highly profitable (Jaffe,
1974; Seyhun, 1986; Lakonishok and Lee, 2001). The 90-day equal-weighted average of
market-adjusted returns after insider purchases is 5.5%, which is economically significant.
More importantly, we document that there is a significant race difference in insider prof-
itability: non-African-American executive purchases are 4.6% (3-month cumulative market-

3Lalanne and Seabright (2011), Mengel (2015), and Lindenlaub and Prummer (2016) provide evidence
for gender differences in networking outcomes including at top executive jobs.

4Another possible explanation for segregation within a workplace would be "home bias" effect, which
refers to the phenomenon wherein agents (businesses, funds, etc.) are more likely to conduct transactions
with parties who are geographically closer to them, either in the same country or same state, rather than
those outside. For more details of home bias effect, see French and Poterba (1991), Coval and Moskowitz
(1999), Ahearne, Griever and Warnock (2004), and Tesar and Werner (1995).

5See Seyhun (1998) for a review. Corporate insiders are officers, directors, and large shareholders of public
corporations.

6The pictures were cross-checked by two separate individuals to ensure accuracy. The data collection and
verification procedures are explained in more detail in Section 3.

7This number is consistent with the observation that less than one percent of all companies throughout
the US have a Black leader at the helm (source: https://afrotech.com/richest-black-ceos)
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adjusted return) more profitable than the African-American executive purchases.8 Finally,
we document that abnormal returns of African-American executives do not attain statis-
tical significance at any time during the year following their transactions, indicating that
African-American trades do not contain private information.

We also examine the insider-trading profitability of Asian-American executives to see
if the experience of African-American executives is unique with respect to other minority
groups. The results show that the abnormal profits of Asian-American executives are sim-
ilar to or even exceed those of Caucasian executives. These results are consistent with a
number of papers that have shown that Asian-Americans have greater access to economic
opportunities and experience higher economic outcomes compared with African-Americans
(see, e.g., Chetty, Friedman, Saez, Turner and Yagan, 2020), given the unique experience
and history of African-Americans in the United States (Acharya, Blackwell and Sen, 2016).

To rule out other alternative explanations of the results, we use empirical specifications
to control for confounding factors. Specifically, the results could be driven by omitted in-
dustry characteristics, such as insider trading opportunities within an industry, that may be
simultaneously correlated with the number of African-American executives working within
a specific industry. We control for industry-fixed effects to take into account that unobserved
industry-specific factors may explain the findings. In addition, the differences between non-
African-American executives and African-American executives can be attributed to the
fact that, on average, non-African-American executives hold higher-ranking positions (e.g.,
non-African-American executives are more likely to be CEOs and CFOs), which give them
greater access to private material information. To rule out this alternative explanation, we
use position-fixed effects. We further account in our empirical model for other personal char-
acteristics such as insider holdings, compensation, and education level of executives. Our
evidence suggests the differences between African-American executives and non-African-
American executives cannot be explained by personal characteristics such as position, age,
educational level or compensation.

The differences between African-American and non-African-American executives we find
may also be attributed to disposition factors such as greater risk-aversion on the part of
African-American executives. By conducting three tests, we rule out the possibility that race
differences in trading profitability are driven by dispositional factors. First, we investigate
the timing and intensity of trading patterns of African-American executives. Specifically, if
African-Americans are less optimistic, lack confidence, or are more risk-averse than their
counterparts, they would be less likely to conduct insider trades. On the contrary, if we
document that no differences exist in trading intensity, then the better access to informa-

8Using size-momentum-value adjustments, non-African-American executives earn 3.6% whereas African-
American executives earn 0.6%, a difference of 3.0%. Once again, none of the abnormal returns for African-
American executives attain statistical significance at any horizon.
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tion of non-African-American executives likely plays a role in their greater trading profits.
The evidence suggests the latter—almost no differences in trading frequency exist between
African-American executives and non-African-American executives.

Second, we examine favorable (profitable) insider trading 30 and 45 days before an
earnings announcement. Profitable trades before an earnings announcement are more likely
to draw attention from public and regulatory authorities and are more likely to be in-
vestigated by the Securities and Exchange Commission (Huddart, Ke and Shi, 2007). If
African-American executives are more risk-averse, we would expect a lower intensity of fa-
vorable insider trading before earnings announcements. However, between African-American
and non-African-American executives, no significant differences appear in favorable trading
intensity before an earnings announcement.

Third, we examine differences in the backdating of options granted to African-American
and non-African-American executives. Backdating refers to the fraudulent practice of choos-
ing a past date as the option-award date to maximize the value of the option award. In par-
ticular, previous studies have shown that corporate insiders tend to receive options awards at
or near minimum stock prices just before an increase in the company’s share prices to maxi-
mize their compensation at the expense of shareholders (Narayanan, Schipani, and Seyhun,
2007; Heron and Lie (2007); Narayanan and Seyhun, 2008; Bizjak, Lemmon and Whitby,
2009; Anginer, Narayanan, Schipani and Seyhun, 2011). Backdating options is considered an
unethical practice and is subject to legal and regulatory enforcement. If African-American
executives are more risk-averse, we would expect them to engage less in backdating options
than non-African-American executives. Empirically, the results show no difference in option
award patterns between the two groups, again suggesting that differences in the information
content of insider trades are unlikely to be driven by differences in risk aversion.

If race-exclusive informal networks are the channels through which non-African-American
executives gain an informational advantage, then we should expect the advantages to such
executives to be smaller in firms that discourage discriminative behavior and promote eq-
uity and diversity. We thus investigate whether the informational advantage of non-African-
American executives is attenuated in workplaces that promote equity and diversity. Follow-
ing prior literature (see, e.g., Flammer and Luo, 2017), we use employee-related corporate
social responsibility (CSR) scores from the Kinder, Lydenberg, and Domini (KLD) database
as a proxy for equity at the workplace. We test whether race differences in trading and profits
are less profound in firms that emphasize equity and diversity. The results suggest that race
differences in information access are mitigated by a strong corporate emphasis on equity and
diversity. However, the advantages of equity and diversity do not extend to Asian-American
executives who already trade on superior information.

In addition, to control for hidden power differences in titles, and as a further and out-
of-sample check, we obtained race data for corporate directors from a different data vendor,
Institutional Shareholder Services (ISS), and examined whether race differences exist in in-
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formation access for African-American directors. We document similar results for corporate
directors as those of our main analysis of corporate executives.

These findings make several important contributions to the literature. To the best of our
knowledge, this is the first examination of racial differences in access to material information
by top-level insiders. We document strong evidence supporting the existence of these racial
differences, showing that African-American executives are at a disadvantage relative to their
Caucasian and Asian-American counterparts. Second, the findings also complement those
reported in the insider-trading literature by revealing new channels, namely homophilous
networks, through which executives gain an informational advantage and increase their
insider-trading profits. This paper also offers insights into how to tackle taste-based dis-
crimination in the workplace. In particular, the results suggest that corporate investment
in CSR, especially the equity and employee aspects, may mitigate discrimination and pro-
mote equity and diversity.

The remainder of the paper is organized as follows. Section 3.2 presents the literature
review and develops the hypotheses. Section 3.3 describes the data and empirical method-
ology. Section 3.4 explains the results, and Section 3.5 concludes.

3.2 Related literature and hypotheses development

3.2.1 Literature review

The importance of race characteristics is acknowledged by many studies in economics and
finance, which show that an individual’s race profile often has a strong impact on a wide
range of social and financial outcomes (Hellerstein and Neumark, 2008; Pope and Sydnor,
2011; Chetty, Friedman, Saez, Turner and Yagan, 2020). The race differences are partly
driven by statistical discrimination, which is based on statistical inference of economic
behavior (Lang and Spitzer, 2020). For example, Ayres and Siegelman (1995) show that the
disparate treatment of African-Americans by car dealerships may be explained by dealers’
statistical inferences about consumer reservation prices. In addition, a fraction of the race
differences is due to taste-based discrimination, which reflects prejudices or preferences
(Lang and Spitzer, 2020). For instance, studies show that African-American borrowers face
higher borrowing costs even after controlling for the borrower’s financial attributes, personal
characteristics, and the ex-post probability of default (Pope and Sydnor, 2011; Ravina,
2019).

Our paper advances this literature by showing that, even among top-level executives and
directors, African-American executives face information disadvantages in the labor market,
as reflected in their lack of insider-trading profits. This result is consistent with the findings
of Bertrand and Mullainathan (2004), who document that discrimination makes it harder for
African-Americans not only to find a job but also to improve their employability. In addition,
the results show that race differences are attenuated in firms that place greater emphasis
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on equity and diversity. Collectively, by ruling out potential alternative explanations, our
evidence suggests that the documented race differences in the access to information of senior
executives are likely due to taste-based discrimination.

This paper also advances the literature that examines information networks in insider
trading. Cohen, Frazzini and Malloy (2008) show that portfolio managers take on larger
positions in companies they are connected to through their network, and earn significantly
higher returns on these positions. Jagolinzer, Larcker, Ormazabal and Taylor (2020) study
political connections and opportunistic trading by corporate insiders and show that polit-
ical connections facilitate information flow and lead to greater profitability by connected
insiders. Cao et. al (2015) examine the trades of independent directors socially connected to
their firms’ senior executives. They show that connected directors earn significantly higher
returns than unconnected independent directors. Ahern (2017) examines social relationships
in illegal insider trading networks. He shows evidence of private information flow through
friends and family of corporate insiders. In a closely related paper, Inci, Narayanan and
Seyhun (2017) examine gender differences in executives’ access to information using insider
trading. This paper contributes to this strand of the literature by showing the importance
of homophilous networks through which some executives gain an informational advantage
and increase their insider-trading profits.

This paper also contributes to a growing literature on the determinant role of physical
appearance in economics and finance. Although the literature provides ample evidence that
individuals with desirable physical attributes receive more favorable judgment in various
social and economic settings, it is not until recently that physical appearance has been
recognized to profoundly impact the job performance of sophisticated financial market par-
ticipants such as financial analysts (Cao, Guan, Li and Yang, 2020; Peng, Teoh, Wang and
Yan, 2020) and CFOs (Hsieh, Kim, Wang and Wang, 2020; Hrazdil, Li, Lobo and Zhang,
2021). Our evidence complements this growing literature by examining how race affects the
profitability of insider trading.

Finally, this paper also relates to the literature on the use of CSR policies to incen-
tivize employees (see, e.g., Bode, Singh, and Rogan, 2015; Flammer, 2015; Flammer and
Luo, 2017; Cassar and Meier, 2018). These studies suggest that CSR policies constitute
an effective non-monetary form of compensation to attract, engage, and retain employees.
The present findings support this view by further suggesting that companies that invest
in CSR programs improve employee social engagement and mitigate adverse behavior at
the workplace. Taste-based discrimination in the workplace is often costly to the employer
(e.g., Pope and Sydnor, 2011). We show herein that emphasis on equity and diversity may
mitigate such discrimination.
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3.2.2 Hypothesis development

To make decisions, executives typically acquire essential information from prescribed and
emergent networks (Ibarra, 1995). The former is formally structured and consists of a set
of specified relationships between superiors and subordinates and among representatives of
different committees and departments. Individuals in prescribed networks are obligated to
interact to accomplish a defined organizational task such as generating sales. In contrast,
emergent networks involve more discretionary patterns of interactions based on social net-
works and often offer potential access to information and resources. Emergent networks are
important to the functionality of corporations and to executives because of the complex
nature of business operations (Kanter, 1983).

Prior studies report that, compared with their Caucasian counterparts, minority man-
agers have fewer intimate social network relationships within the organization (Ibarra, 1995;
Korenman and Turner, 1996). This finding is not surprising because considerable evidence
in the social psychology literature suggests people tend to interact with those from the
same race (Blau, 1977; Feld, 1981). This phenomenon is called the homophily effect. Given
that senior executive positions are held disproportionately by Caucasian executives,9 inter-
actions between the dominant group of Caucasian executives could be much more frequent
and rewarding than similar interactions within the minority group. This situation could have
undesirable consequences for members of racial minorities who do not have the advantages
of being within a larger or more strongly connected social network.

In addition to intra-firm differences, racial differences in access to useful insider infor-
mation arise from social networks outside the firm. Social networks enhance trust between
individuals and facilitate a more timely, transparent, and efficient flow of information be-
tween two individuals at two different firms. For example, executives may obtain information
from their peers at their customer and supplier firms (Chen, Levy, Martin and Shalev, 2021).
Cai and Szeidl (2018) also show a positive effect of business networks on firm performance.
Similar to the within-firm difficulty in accessing information, African-American executives
may also have less access compared with their counterparts to information from executives
outside their firm because of race differences in social networks. Alldredge and Cicero (2015)
provide evidence of insiders trading their own company’s stock profitably based on public
information about their principal customers.

The insider trading literature documents the ability of senior executives to exploit their
privileged inside information obtained through formal or informal means to earn greater
returns on their trades (see, e.g., Jaffe, 1974; Seyhun, 1986, 1992, 1998; Lakonishok and
Lee, 2001). We expect that access to unique information by corporate insiders is reflected
in their insider trading patterns. We conjecture that African-American executives have less

9African-Americans account for more than 10% of the US population, but only around 1% of executives
in our database.
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access to information and, therefore, we expect African-American executives to earn lower
returns from insider trades. Our first hypothesis is thus stated as follows:

H1: Insider trades by African-American executives are less informative and have lower ab-
normal returns compared with insider trades by non-African-American executives.

It is also possible that African-American executives may have to work harder and may
require greater talent to overcome workplace discrimination and other social hurdles to
become an executive in the first place (Bertrand and Mullainathan, 2004). It then becomes
possible that they have advantages in access to information. This positive selection bias can
potentially overcome the network effect and result in African-American executives being
more informed than their counterparts.10 Therefore, whether African-American executives
earn higher insider trading profits is an empirical question.

This work also explores whether differences based on race in access to material in-
formation are mitigated if firms take initiatives to improve diversity and reduce adverse
discriminative behavior. Prior studies show that CSR activities are a form of social capital
that introduces social structure into the firm and encourages desirable social norms and
behaviors (see, e.g., Mirvis, 2012). As such, CSR programs are often used as a form of
compensation that is hard to imitate by other peer firms and can align employee interests
with employer interests (Flammer and Luo, 2017). Shen and Benson (2016) document how
socially responsible human resource management (SRHRM), defined as CSR directed at em-
ployees, affects employee work behavior. Employees of firms that adopt organization-level
SRHRM have better task performance and are more likely to help coworkers with job-
related problems. Thus, we conjecture that a firm’s CSR investments in employees, equity,
and diversity help align the incentives of employees and the firm and facilitate inter-racial
communication and cooperation. Based on the above discussion, our second hypothesis is
as follows:

H2: The differences in the information content and abnormal returns of insider trades by
African-American executives and insider trades by non-African-American executives are
lower in firms that invest in socially responsible human resource management programs.

There may be a relationship between the CSR strategy pursued by a firm and the hiring
of African-American executives. In particular, firms that place greater emphasis on CSR
may be more likely to hire African-American executives to meet an imposed quota of mi-
norities in the upper management of the company. Executives hired under the pressure of

10To further differentiate between race and talent issues, we also control for age, education level, and
professional achievements of insiders.
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such quotas could be “token representatives” and may be placed in less important roles.
In such situations, African-American executives may not be effective contributors to im-
portant decisions and therefore have less access to key information. We would thus expect
them to be less informed and earn lower profits in firms that invest in CSR equity and
diversity programs. Ultimately, whether African-American executives have greater access
to information in high-CSR firms is an empirical question.

3.3 Data

We use ExecuComp to identify executives of public companies for the period from January
2010 to December 2018. To capture the ethnicity of executives, we obtained their names from
the ExecuComp database and searched for a clear frontal photograph of each executive using
Google Images. We followed several steps to ensure a high quality of ethnicity information
from our image search: First, we used the executives’ names and affiliations to search Google
Images for photographs for each executive and downloaded the photographs from the search
results. We then evaluated each photo to identify the race of each insider. In particular, five
undergraduate research assistants evaluated the photographs to determine the racial profile
of each executive.

To ensure high-quality data, one of the authors then examined all the images again
to check the accuracy of the data. After manually categorizing insiders based on their
photographs, 15,598 distinct insiders were identified, 149 of whom were African-American.11

As a further data-validation procedure, we obtained race information from the ISS and
cross-checked it with the race information obtained by using the first procedure. ISS covers
the information of corporate directors, while ExecuComp covers executives. There are 3203
overlaps between the two databases, and they matched 99.8% of the time. We further
reconciled the differences by again manually searching the information. To examine whether
the African-American executive experience is unique and to compare their insider-trading
behavior with that of another minority group, we repeated the same process to identify
Asian-American executives.12 We identified 546 (3.5%) insiders as being Asian-American.

Following prior literature, we obtained insider-trading data from the Thomson Reuters
Insider Filing Data Feed. The data set contains all open-market insider trading of shares by
officers, directors, and beneficial owners of publicly traded firms. Shares acquired through
the exercise of options, stock awards, and trades with corporations were excluded. We
obtained stock price information from the Center for Research in Security Prices (CRSP).

11After removing observations with missing variables, the share of African-American executives in the
final sample is 1.1%.

12We follow the U.S. Census Bureau for definitions of Asians as “people having origins in any of the original
peoples of the Far East, Southeast Asia, or the Indian subcontinent (for example, Bangladesh, Cambodia,
China, India, Indonesia, Japan, Korea, Malaysia, Pakistan, the Philippine Islands, Thailand, and Vietnam).”
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The primary objective of this study is to examine the profitability of insider trades by
ethnicity. To accomplish this, we first aggregated insider trades by executives each day by
calculating the net number of shares traded. If the net number of shares traded for insider
i at day t is positive (negative), then this insider is considered a net buyer (net seller) on
that day.13 We removed any insider-day pair where the insider is considered neutral or a
net seller.14 That is, we removed all insider-day pairs with zero or a net negative number
of shares traded. The reason for separating insider trades by purchases and sales is that
purchases are most likely motivated by information, whereas sales are likely to be driven by
the diversification and liquidity needs of the insider (Seyhun, 1998).15 For the backdating
analyses, we obtained the option awards of insiders from the Thomson Reuters Insider Filing
Data Feed (obtained from forms 4 and 5 submitted to the SEC) with a transaction code of
“A.”

Because Thomson Reuters Insider Filing and ExecuComp have no common identifiers for
corporate executives, we matched the names of insiders by using a fuzzy matching algorithm:
46% of executives with a photo are successfully matched with insider trading data.16 Among
successful matches, 64 of insiders are categorized as African-American. We then used the
BoardEx data set to obtain executive characteristics such as gender, age, individual network
size (number of overlaps through employment, other activities, and education), an indicator
for an insider’s past achievements (honors, educational titles, etc.) and education level. In
addition, we obtained the financial information of firms from the COMPUSTAT industrial
files.

In the analyses, we control for several firm characteristics. In particular, we control for
book-to-market ratio (bm), calculated as the book value of equity divided by the market
value of equity; firm size (log(mktcap)), the natural log of firm market value; and lever-
age (leverage), the total liabilities divided by shareholders’ equity. All financial variables
are lagged by at least six months. To eliminate the influence of extreme values, lever-
age, book-to-market, and market value variables are winsorized by 0.5% at the top and
the bottom. We also control for some insider characteristics. Those include the age (age)
and the gender (male) of an insider, the number of years that an insider has spent in
his current firm (tenure), an individual’s network size (log(networksize)), compensation

13We followed the standard way of insider trade aggregation following Seyhun (1988) and Lakonishok and
Lee (2001).

14In the untabulated results, we also compare the race differences of insider sales and we generally do not
find any statistical differences.

15For the trading before earning announcement analyses, we include insider sells before the announcement
of bad news as they are likely to be opportunistic.

16Our matching rate depends on whether an insider with a photograph made an insider trade during the
study period; if an insider did not make any insider trade, there is no match.
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(log(compensation)) and equity holding (shares owned), an indicator for an executive’s past
achievements (achievement), and two dummies accounting for an executive’s education level
(phd and cpa). To eliminate the influence of extreme values, all continuous variables were
winsorized at their 0.5 and 99.5 percentile values.

After removing the observations with missing key variables, our sample consists of
3,201 observations. Table 3.1 reports the summary statistics of our key variables. African-
American is an indicator variable taking the value of unity if an insider is African-American.
In the final sample, African-American insiders account for 1.1% of all insider purchases. In
the sample, the average age is 56.4 years and they had worked, on average, 6.55 years in
the same firm. Additionally, 94.4% of all insider purchases were made by male executives.

From the KLD database, we obtained data on environmental, social, and governance
(ESG) criteria for company operations. This database is organized by year and contains
a summary count of all strengths (indicated by +1) and concerns (indicated by 1) the
company received in a general category in the given year. In our analysis, we focused on
three ESG ratings: humanity (e.g. respect for the fundamental convention on human rights),
employee (e.g. employee involvement, job satisfaction, health and safety of the workplace),
and diversity (e.g. promotion of women and minorities, maintenance of diversity and equal
opportunities). Our ESG ratings were calculated as the sum of all strengths and concerns
associated with a given category. That is, higher values imply a better performance for a
given category. For our sample, the average humanity and employee scores are positive (0.04
and 0.32) whilst the average diversity score is negative (-0.13).17

3.4 Empirical results

3.4.1 Main results

We begin our analyses by examining univariate changes in insider trading profitability
across ethnicity groups. The profitability of insider trades is measured by the cumulative
market adjusted and size-momentum-value adjusted cumulative returns following an insider
trade. For each insider i in day t, we compute 3, 6, 9, and 12 months’ cumulative market
adjusted and size-momentum-value adjusted returns. The size-momentum-adjusted returns
were calculated as per Daniel, Grinblatt, Titman and Wermers (1997). Tables 3.2 and 3.3
report the summary statistics of insider trading profitability and nonparametric t-test results
by trade type and insider ethnicity, respectively. Collectively, these results indicate that
non-African-American executives make positive, statistically significant abnormal profits
from their purchases, whereas African-American executives make negative yet statistically

17Also, firms in our sample with at least one African American executive have higher employee (0.49 vs
0.31) and diversity (0.01 vs -0.15) scores whilst the differences of humanity score are negligible (0.03 vs 0.04).
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insignificant abnormal profits. The profits of African-American executives do not attain
positive significance at any holding period.

If informational asymmetry exists across different ethnic groups with African-American
executives being less informed, then one would expect their insider trades to be less prof-
itable. Tables 3.4 and 3.5 formally reports the mean and median differences across insider
ethnicities. In Table 3.4, we report t-test results for the mean difference. The results show
that insider purchases by African-Americans are significantly less profitable than those of the
rest of the executives. Table 3.5 reports the Wilcoxon rank-sum test results for the median
difference. The result shows that the median profitability of insider purchases by African-
Americans is significantly less than that of insider purchases of all other ethnicities. Figures
3.1 and 3.2 show a graphical representation of this difference by plotting the equal-weighted
average of market-adjusted returns around a 250-trading-day window of purchases made
by African-American and by non-African-American executives. On average, non-African-
American executives purchase when the stock price is at its lowest point within a 100-day
window. This V-shaped pattern in abnormal returns is indicative of informed trading, and
the same pattern does not appear for African-American insiders. Abnormal returns are neg-
ative after their purchases. In contrast, the profitability of purchases by Asian-American
executives is similar to that of Caucasian executives and directors.

These differences in the univariate analysis may be driven by firm characteristics such as
size and leverage or by insider characteristics such as age, gender, and tenure. To control for
these differences and to test more formally the profitability of insider trades across ethnicity
differences, we perform the following regression:

reti,(t+1,t+τ) = α + β1African-Americani,t + β2controls + ϵi,t (3.1)

Above, ret is the T-day cumulative market adjusted or size-momentum-value adjusted
return following an insider i’s trade at day t.18 In our empirical specifications, we include 3,
6, 9, and 12 months’ cumulative returns as our dependent variable.19 i denotes each insider
and t denotes each trading day; African-American is an indicator variable taking the value
of 1 if an insider i’s ethnicity is reported as African American; controls include logarithm of
the market value (log(mktcap)), book-to-market ratio (bm), and leverage (leverage) of a firm
that insider i is currently employed at, as well as the age (age), gender (male), and tenure
(tenure) of an insider i. We also control for the logarithm of an individual’s network size
(log(networksize)), compensation (log(compensation)) and equity holding (shares owned), an
indicator of an executive’s past achievements (achievement), and two dummies accounting

18T value can change depending on how far we are looking into the future and when the trade is made.
For three-month cumulative returns, for example, T can take different values depending on the insider trade
day t. If an insider makes a trade on April 1st, T will be 91; if the trade is made on May 1st, T will be 92.

19It should be noted that cumulative returns are bounded below as returns cannot be lower than -100%.
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for an executive’s education level (phd and cpa). To take into account that unobserved role-
specific20 and time-specific factors may explain our findings, we also control for year and
insider role (CEO, CFO etc.) fixed effects.21

The results of this regression are reported in Tables 3.6 and 3.7 where we report the
results for market adjusted returns and size-momentum-value adjusted returns, respectively.
The four columns report the abnormal return result for insider purchases for 3, 6, 9 and 12
months. . In all specifications, except for 3 months, we find that insider trades by African-
American executives are significantly less profitable than those of other executives. These
results are consistent with the first hypothesis that insiders of African-American ethnicity
are less informed than other executives.

Next, we examine whether the race differences are due to access to information or
to dispositional factors, such as risk aversion, overconfidence, or lack of confidence (Inci,
Narayanan and Seyhun, 2017). We carried out three tests that show that race differences
in trading profitability are not driven by dispositional factors. First, we examine trading
intensity. If the documented race differences are driven primarily by risk aversion, non-
African-American executives would trade more frequently. To examine differences in insider
trading intensity between African-American and non-African-American executives, we run
the regression specified in equation 3.1 but replace the dependent variable with insider-
purchasing intensity. Following Inci, Narayanan and Seyhun (2017), we use the logarithm of
the number of shares traded by insiders. Table 3.8 reports the trading intensity regression
results. The results indicate that no significant differences exist in insider trading intensity
between African-American and non-African-American insiders.

Second, we examine differences in favorable trading intensity before earnings announce-
ments. We focus on earnings announcements because they contain important information
for the public market. Profitable insider trades are more likely to be investigated by the
Securities and Exchange Commission if made before an earnings announcement (Huddart,
Ke and Shi, 2007). We run a logit and a probit regression where the dependent variable
is an indicator variable that takes on a value of unity if an insider made a purchase (sale)
in the 30 days preceding a positive-surprise (negative-surprise) earnings announcement. As
an alternative, we use as a dependent variable a dummy that takes on a value of unity if
an insider made a favorable trade in the 45 days preceding an earnings announcement. We
use the same set of controls in the regression reported in Table 3.8. Table 3.9 reports the

20For example, our results could be driven by the fact that African-American executives may be less likely
to be CEOs of the company who have the most insider information.

21We cannot conduct firm-fixed effects regressions since some of our variables are at the firm level. Further-
more, we also cannot simply compare the profitability and intensity of trading between African-American
and non-African-Americans for the same firms since we would not be able to control for the position of the
insiders. In a given firm, if the CFO is African-American, there would be no non-African-American CFOs
to compare with.
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regression results. Columns 1 and 2 report probit regression results, and columns 3 and 4
report logit regression results. In all columns, the coefficients of African-Americans do not
differ statistically from zero. Overall, the results are similar to those reported in Table 3.8:
no systematic differences exist between African-American and non-African-American exec-
utives. These findings are inconsistent with risk-aversion or lack-of-confidence explanations
for the differences in profitability of insider trades by African-American executives.

Finally, we examine the timing of option awards to executives to see if African-American
executives are less likely to engage in the fraudulent practice of backdating. Previous lit-
erature reports that insider option awards exhibit telltale signs of fraudulent backdating
behavior (Heron and Lie, 2007, Narayanan, Schipani, and Seyhun, 2007, Narayanan and
Seyhun, 2008). The evidence suggests that, when receiving an option award, top-level ex-
ecutives and the board of directors typically engage in collusive, fraudulent behavior and
falsely designate a date in the past when the stock was at or near a minimum level as the
option grant date to maximize the value of their option awards. This practice is tantamount
to secretly (and illegally) awarding themselves in-the-money options at the expense of their
shareholders and taxpayers. This line of reasoning again suggests that insiders option awards
tend to occur at or near minimum or V-shaped prices.

The evidence of the potential backdating of option awards appears in Table 3.10. Fol-
lowing Anginer, Narayanan, Schipani and Seyhun (2011), we compute for each firm-insider
pair in our sample the number of times options were granted at one of the three lowest stock
prices over a 51-day window centered on reported grant dates. We then divide this number
by the firm-insider pair’s total number of option grant dates during the sample period. If
the resulting ratio exceeds 10%, we classify the insider as having engaged in backdating.
We run a logit and a probit regression where the dependent variable is an indicator variable
that takes the value of unity if the insider is classified as having engaged in backdating. We
designate African-American executives with an indicator variable and use the same set of
controls as we did for the regression reported in Table 3.8. The probit (logit) regression re-
sults are reported in column 1 (2). The results in Table 3.10 show that no differences exist in
the likelihood of option backdating between African-American and non-African-American
executives.

Overall, the results suggest that dispositional factors do not explain why non-African-
American executives earn greater profits from insider information than African-American
executives.

3.4.2 Impact of Corporate Social Responsibility

In this section, we examine, while controlling for various firm characteristics, whether insider
trades of African-Americans at firms with higher CSR scores are more profitable than those
of African-Americans working at firms with lower CSR scores. Cross-sectional differences
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based on CSR scores could reveal potential remedies to discrimination problems within
firms.

In particular, we examine how the insider race versus profitability relationship varies
with scores for (1) the social record in human-rights protection, (2) strong employee rela-
tions, and (3) an emphasis on diversity. We begin by constructing from the KLD database
three SRHRM measures: humanity, employee, and diversity.22 The humanity score mea-
sures a company’s effectiveness in respecting fundamental human rights such as labor rights
at work. The employee and diversity scores measure a company’s effectiveness concerning
job satisfaction, health and safety in the workplace, and diversity and equal opportunities.
Employee scores include items such as union relations, retirement benefits, and health and
safety measures. Diversity scores include items such as policies for work-life balance and
rules safeguarding the rights of female, LGBTQ, and minority employees from potential
discrimination. The KLD database reports the number of strengths and concerns captured
from global media sources for each category. Following prior literature (see, e.g., Marano
and Kostova, 2016), we create our SRHRM measures by calculating the difference between
the reported number of strengths and concerns,23 where higher values indicate better per-
formance for a given category. We hypothesize that higher scores in these categories would
facilitate greater employee engagement, reduce workplace discrimination, promote equity
and inclusion, and reduce social and professional networking barriers for African-American
workers to improve information flow within a company. In turn, these would make insider
trades by African-American executives more informative than insider trades by African-
American executives working in companies with lower SRHRM scores.

To test our hypothesis, we construct the following specification:

reti,(t+1,t+τ) =α + β1African-Americani,t + β2(African-Americani,t × SRHRMt)

+ β3controls + ϵi,t

(3.2)

where, SRHRM is either humanity, employee, or diversity score of a company at time t.
The results of the regressions with humanity, employee, and diversity measures are

reported in Tables 3.11 & 3.12, 3.13 & 3.14, and 3.15 & 3.16, respectively. Tables 3.11,
3.13, and 3.15 include the result for market-adjusted returns; the rest include the re-
sult for size-momentum-value-adjusted returns. For insider purchases, consistent with pre-

22KLD is an independent social choice investment advisory firm that compiles ratings of companies’
effectiveness in addressing the needs of their stakeholders. The KLD database contains yearly social ratings
of companies along several dimensions such as employee relations, diversity, the environment, and human
rights.

23The KLD dataset presents a binary summary of positive (strength) and negative (concern) ESG ratings.
In each case, positive and negative ratings are indicated by 1 and 1, respectively. If the company did not
have a strength or concern in regard to an issue, it is indicated by zero. Our ESG ratings are calculated as
the sum of all strengths and concerns associated with a given category.
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vious results obtained in this work, insiders from other ethnic groups still outperform
African-American executives, which is suggested by the negative coefficients of the African-
American variables. More importantly. we document positive significant coefficients for the
(African-Americani,t × SRHRMt) interaction variable across most specifications, suggesting
that insider trades by African-American executives working at firms with higher SRHRM
scores are more profitable than those of their African-American peers working at other
firms. The economic magnitude of the coefficients is also significant. For instance, we find
that, for an African-American executive, a one-standard-deviation increase in the employee
score of a firm is associated with a 6.1% higher 6-month cumulative market-adjusted re-
turn following their insider purchases. These findings confirm our second hypothesis that
African-American executives employed in firms that emphasize and invest in fairness and
diversity have better access to information than their African-American counterparts in
other companies, which is reflected in more profitable purchases.

An alternative explanation of our ESG results is that the title of the executive does not
capture the power of the office. One stereotype is that African-Americans are dispropor-
tionately promoted into HR-type roles and that these roles are low-power roles. Lacking
power, they lack information, which means that people are less inclined to network with
them. In firms that value ESG, the HR department gains power, giving the HR executive
more power and more access to networking. The alternative explanation suggests that the
greater parity at ESG firms just reflects the greater power of the HR executives in ESG
firms. However, the evidence from racial differences in director trading (shown in Tables
3.20 and 3.21) is inconsistent with this alternative explanation.24

Furthermore, some assert that ESG initiatives represent a zero-sum game at the expense
of Caucasian and Asian-American executives. We also tested this alternative explanation.
Although not shown, we replicated the analysis in Tables 3.11-3.16 for Asian-American
executives. The results show that the profitability for Asian-American executives does not
decline for ESG firms, which is inconsistent with the zero-sum explanation.

The results of the cross-section analysis have important implications. First, these results
suggest that our initial findings are unlikely to be driven by statistical discrimination.
For instance, African-American executives may have less access to information because of
poor networking skills. Others may be less willing to communicate with them because the
marginal benefit of networking with them is low. The cross-sectional results suggest that
this is an unlikely explanation. On the contrary, the evidence suggests that taste-based
discrimination likely drives race differences and could be mitigated by SRHRM programs
that encourage equity and diversity. The evidence presented also contributes to the current

24It might be the case that minority groups seek for employment opportunities at firms that promote
equity and diversity. This might result in employees from minority groups to get more populous in such
firms, which, in turn, creates a better within company information flow and improves work performance of
minority groups. Unfortunately, we are not able to test this potential selection bias due to lack of data.
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policy debate regarding the regulation of mandatory equity and diversity programs for
listed firms. For example, the Security Exchange Commission recently approved Nasdaq’s
proposal—the first of its kind—to require minimum race and gender representations and
disclosures in its listing rules.25 The present findings support such initiatives by indicating
that taste-based racial discrimination exists in top corporate executive settings and that it
may be worthwhile to establish stronger anti-racial discrimination initiatives.

3.4.3 Asian-American Insiders

Next, we examine the profitability of insider trading by Asian-American executives to see if
the experience of African-American executives is unique. In particular, we examine whether
Asian-American insiders face similar disadvantages in information access. Since the 1990s,
sociologists have documented a new racial structure in America. As a result of Asians’
efforts to integrate into the “mainstream” society, the economic and cultural differences
between Caucasians and Asians have faded in the post-Civil Rights era (Lee and Bean,
2007). Conversely, African-Americans have yet to overcome these barriers and remain at
the bottom of the social hierarchy (Gans, 2005).

To test whether differences exist for insider trading by Asian-American executives, we
repeat the analyses reported in Tables 3.6 and 3.7 but use an indicator variable for Asian-
American executives instead of an African-American indicator. The results are reported in
Tables 3.17 and 3.18. After controlling for other determinants of insider trading profitability,
Asian-American insiders have similar or better returns, suggesting that their access to infor-
mation is similar to that of their non-Asian counterparts. These results are consistent with
those reported in the social sciences literature that documents favorable socioeconomic out-
comes for Asian-Americans despite widespread discrimination (especially in labor markets)
encountered by Asian-Americans in the early part of the 20th century (Gans 2005).

Overall, our results suggest that the experience of African-American executives is unique,
perhaps reflecting the unique historical experience of African-Americans with vestiges of
slavery and state-enforced racial segregation, directly and indirectly, contributing to eco-
nomic outcomes to this day (Acharya et al. 2016). Another potential explanation is that a
significant portion of Asian-American executives tend to be foreign-born. As a consequence,
these Asian-American executives may have already learned to overcome social, cultural and
linguistic barriers in networking within organizations. This potential selection bias could
also explain the differences we observe.26

25Nasdaq companies are required to meet gender and diversity requirements or explain in writing why
they have have failed to do so. See https://www.cnbc.com/2021/08/06/sec-approves-nasdaqs-plan-to-boost-
diversity-on-corporate-boards.html.

26We do not have enough observations of foreign-born executives with African ethnicity to test this po-
tential explanation.
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3.4.4 Robustness

We conduct two robustness checks of our main results. First, we show that our results
are robust against nonlinear effects due to control variables by using a nearest-neighbor
matching approach. In addition, we perform an out-of-sample check by using race data for
corporate directors collected from a different data vendor: Institutional Shareholder Services
(ISS).

The results may be attributed to the fact that African-American executives are not
directly comparable to other executives. For example, African-American executives gener-
ally work at larger companies that yield, on average, lower absolute stock returns (and,
consequently, lower trading profitability) for their insider trades. To account for this poten-
tial problem, we follow Dehejia and Wahba (2002) and conduct nearest neighbor match-
ing where each observation from one ethnic group is matched with the “closest” or the
“most similar” observation from another ethnic group. The similarity between subjects is
based on a weighted function of the covariates for each observation. For this analysis, we
include market value (log(mktcap)), book-to-market ratio (bm), leverage, gender (male),
age, tenure, humanity, employee, diversity, network size (log(networksize)), compensation
(log(compensation)), equity holding (shares owned) and insider role and year dummies as
covariates. In particular, for each observation from one ethnicity group, we pick only one,
i.e., the most similar, observation from the other group when performing matching.

The results of the nearest neighbor matching are reported in Table 3.19. The reported
values are the returns of non-African American executives minus the returns of African-
American executives following their insider trades. We find that the profitability of African
American insider purchases are less profitable than that of the others, as implied by the
positive and significant values for three- and six-month cumulative returns following insider
trades. Nine- and twelve-month cumulative returns for purchases are also positive (but not
statistically significant). These results suggest that the race differences in insider trading
profits are robust against the nonlinear impact of observable covariates.

Next, we examine insider trades of corporate directors by ethnicity. We do not include
the insider trades of directors in our main sample because we only have photographs of top
executives. We use the ISS Compensation Data Set to obtain the ethnicity information of
corporate directors.27 The ISS dataset provides the opportunity to examine race differences
in insider trading by using an external source for ethnicity information as an “out-of-sample”
robustness check. The ISS dataset includes insider-specific variables that we used in our
previous analysis with executives such as age, gender, tenure, network size, achievement,
and education dummies. Because of the lack of common insider identifiers, we match the
names of directors by using a fuzzy matching algorithm when merging the ISS data with

27To the best of our knowledge, ISS is one of the only databases that provide race information. Other
common databases, such as BoardEx and ExecuComp, do not have this information.

74



Thomson Reuters Insider Filing data. To avoid the possibility that our results may be due
to the executives who are also directors, we further restrict our sample to directors by
eliminating observations that overlap with our ExecuComp database.28

After including the stock return and financial statement data, removing the observations
with missing key variables, and winsorizing the market value, book-to-market ratio, and
leverage variables by 0.5% at the top and bottom, our final sample contains 4,302 daily
insider purchases, 138 of which belong to African-American executives. The sample period
is from January 2010 to December 2018.

Tables 3.20 & 3.21 report the results where we summarize the result for market-adjusted
and size-momentum-value-adjusted returns, respectively. Consistent with our previous find-
ings, results indicate that the insider trades of corporate directors with African-American
backgrounds are significantly less profitable than those of corporate directors of other eth-
nicities. In addition, the magnitude of the coefficients is like those reported in Tables 3.6 &
3.7 for executives.

The results for directors indicate that subtle differences in the executive power of of-
ficers cannot account for the prior results we report for executives. Directors tend to be
more homogeneous across firms than executives. Consequently, this evidence from directors
provides additional support for the discrimination hypothesis.

3.5 Conclusion

This paper investigates racial differences among corporate executives in S&P 1500 firms.
The results show that the profitability of insider trading by African-American executives
is significantly less than that of their Caucasian and Asian-American counterparts. These
results cannot be attributed to the firm type or to the industries for which the executives
work. We also rule out unequal risk-aversion, overconfidence, and ethics as the basis for
these differences. These results also cannot be explained by insider attributes such as gender,
education, achievement, or compensation. In addition, these race differences are smaller in
firms that place greater emphasis on equity and diversity.

Overall, these results are consistent with the hypothesis that African-American execu-
tives are excluded from some social and professional networks where nonpublic information
is discussed, including the top echelons of corporate hierarchy. Given the importance of so-
cial networks and professional networks in labor markets, these results suggest that a lack of
equal access to information can place qualified African-American executives at a disadvan-
tage when competing with non-African-American counterparts for career promotions and
higher compensation. The evidence presented herein also supports new initiatives that have
been introduced recently to promote racial equity and diversity in public corporations.

28The results are identifical if we remove this restriction.
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Figure 3.1: Returns from insider purchases - executives

Notes: This figure displays the cross-sectional equal-weighted averages of the market-adjusted cumulative
abnormal returns (CAR) of African-American, Asian, and other (White) insider purchases in event time,
where the event is defined as the date of an insider purchase.

Figure 3.2: Returns from insider purchases - directors

Notes: This figure displays the cross-sectional equal-weighted averages of the market-adjusted cumulative
abnormal returns (CAR) of African-American, Asian, and other (White) insider purchases in event time,
where the event is defined as the date of an insider purchase.
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Table 3.1: Summary statistics

Variables # of obs. Mean Std 25th pctile 50th pctile 75th pctile
African-American 3201 0.011 0.104 0.000 0.000 0.000
log(mktcap) 3201 7.233 1.638 6.239 7.084 8.174
bm 3201 0.787 0.555 0.396 0.685 1.017
leverage 3201 3.595 6.673 0.733 1.653 5.522
age 3201 56.375 8.057 51.000 56.000 60.000
male 3201 0.944 0.230 1.000 1.000 1.000
tenure 3201 6.571 5.324 2.000 5.000 9.000
log(networksize) 3201 6.567 1.245 5.778 6.739 7.530
achievement 3201 0.361 0.480 0.000 0.000 1.000
log(compensation) 3201 7.559 1.022 6.830 7.531 8.241
shares owned 3201 0.017 0.057 0.001 0.002 0.007
phd 3201 0.031 0.174 0.000 0.000 0.000
cpa 3201 0.157 0.370 0.000 0.000 0.000
humanity 2490 0.040 0.269 0.000 0.000 0.000
employee 2490 0.320 0.994 0.000 0.000 0.000
diversity 2490 -0.131 1.105 -1.000 0.000 0.000

Notes: This table reports firm and top executive characteristics for the sample used in the analyses, including
the number of insider purchase observations, average value, standard deviation, 25th percentile, median, and
75th percentile for key variables. African-American is an indicator variable taking the value of 1 if an insider
has African American ethnicity and 0 otherwise. bm is the book value of equity divided by market value
of equity. log(mktcap) is the natural logarithm of the market value of the firm. leverage is total liabilities
divided by shareholders’ equity. age is the age of an insider; male is an indicator variable taking the value
of 1 if an insider is male and 0 otherwise; tenure is the number of years that an insider has spent at his
current work. humanity, employee, and diversity are variables measuring a company’s performance on human
rights, employee satisfaction, and equality-related topics, respectively. log(networksize) is the logarithm of an
individual’s network size, achievement is an indicator for an executive’s past achievements, log(compensation)
is the natural logarithm of executive compensation, shares owned is the ratio of company’s shares owned by
an insider, and phd and cpa are dummy variables taking the value of 1 if an executive has a PhD degree
and a CPA certificate, respectively.
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Table 3.2: Summary statistics of market and size-value-momentum adjusted returns

Non-African-American African-American
Return Mean Std 50th pctile Mean Std 50th pctile
market_adj_3m 5.5% 18.3% 2.9% 0.8% 16.5% -0.2%
market_adj_6m 7.9% 26.7% 4.1% -4.5% 21.1% -1.4%
market_adj_9m 10.1% 34.3% 5.0% -8.3% 28.2% -5.0%
market_adj_12m 13.4% 43.3% 5.6% -7.7% 38.5% -6.0%
dgtw_3m 3.6% 14.8% 1.2% 0.6% 12.4% 1.1%
dgtw_6m 5.0% 24.2% 1.6% -6.3% 17.9% -5.8%
dgtw_9m 5.2% 29.9% 0.6% -10.3% 24.2% -7.0%
dgtw_12m 7.1% 38.6% 0.8% -11.8% 32.0% -8.9%

Notes: This table reports the summary statistics for three, six, nine, and 12 months’ cumulative market
and size-value-adjusted returns following an insider trade by decomposing the sample into two groups:
purchases of non-African-American insiders and purchases of African-American insiders. Statistics include
the average value, standard deviation, and median values. market_adj_Xm denotes the X-month market
adjusted return. dgtw_Xm denotes the X-month size-momentum-value adjusted returns following Wermers
et al. (1997).

Table 3.3: Nonparametric T-test for H0: Median abnormal return is zero

Non-African-American African-American
H0 vs. H0 vs. H0 vs. H0 vs. H0 vs. H0 vs.

Return m(ret)>0 m(ret)<0 m(ret)!=0 m(ret)>0 m(ret)<0 m(ret)!=0
market_adj_3m 0.000 1.000 0.000 0.832 0.261 0.522
market_adj_6m 0.000 1.000 0.000 0.900 0.168 0.337
market_adj_9m 0.000 1.000 0.000 0.973 0.054 0.108
market_adj_12m 0.000 1.000 0.000 0.973 0.054 0.108
dgtw_3m 0.000 1.000 0.000 0.500 0.625 1.000
dgtw_6m 0.000 1.000 0.000 0.946 0.100 0.200
dgtw_9m 0.040 0.960 0.079 0.946 0.100 0.200
dgtw_12m 0.025 0.977 0.050 0.946 0.100 0.200

Notes: This table reports the the p-values of the non-parametric analog of the single-sample t-test for top
African-American executives and the top executives from other ethnicities. The null hypothesis H0 is that
the median of the differences is zero; no further assumptions are made about the distributions. This, in turn,
is equivalent to the hypothesis that the true proportion of positive (negative) signs is one-half. m(ret) denotes
the median return. market_adj_Xm denotes the X-month market adjusted return. dgtw_Xm denotes the
X-month size-momentum-value adjusted returns following Wermers et al. (1997).
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Table 3.4: Changes in insider trade profitability across ethnicity groups - mean difference

market_adj_3m difference 4.6%
t-stat 1.742

market_adj_6m difference 12.5%
t-stat 3.667

market_adj_9m difference 18.4%
t-stat 4.043

market_adj_12m difference 21.0%
t-stat 3.391

dgtw_3m difference 3.0%
t-stat 1.472

dgtw_6m difference 11.2%
t-stat 3.893

dgtw_9m difference 15.5%
t-stat 3.965

dgtw_12m difference 19.0%
t-stat 3.675

Notes: This table reports differences between the average value of cumulative returns following an insider
purchase for top executives with African American ethnicity and the top executives from other ethnicities.
The coefficients reported next to each row show the difference between the average cumulative return fol-
lowing an insider trade performed by non-African American executives and the average cumulative return
following an insider trade performed by African American executives. The t-stats are reported below the
differences. market_adj_Xm denotes the X-month market adjusted return. dgtw_Xm denotes the X-month
size-momentum-value adjusted returns.
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Table 3.5: Changes in insider trade profitability across ethnicity groups - median difference

market_adj_3m z-stat 2.094
p-value 0.036
Prob(Non-AA return > AA return) 0.597

market_adj_6m z-stat 2.873
p-value 0.004
Prob(Non-AA return > AA return) 0.634

market_adj_9m z-stat 3.528
p-value 0.001
Prob(Non-AA return > AA return) 0.664

market_adj_12m z-stat 3.128
p-value 0.002
Prob(Non-AA return > AA return) 0.645

dgtw_3m z-stat 1.072
p-value 0.284
Prob(Non-AA return > AA return) 0.550

dgtw_6m z-stat 2.945
p-value 0.003
Prob(Non-AA return > AA return) 0.637

dgtw_9m z-stat 3.299
p-value 0.001
Prob(Non-AA return > AA return) 0.653

dgtw_12m z-stat 2.942
p-value 0.003
Prob(Non-AA return > AA return) 0.637

Notes: This table reports differences between the median value of cumulative returns following an insider
purchase for top executives with African American ethnicity and top executives of other ethnicities. The z-stat
and p-value reported next to each row show the results of the hypothesis that cumulative returns following
the purchases of African American insiders and the purchases of insiders from other ethnicities are from
populations with the same distribution by using the Wilcoxon rank-sum test. Prob(Non-AA return>AA
return) is an estimate of the probability that a random cumulative return draw from the non-African-
American insider purchases is larger than a random cumulative return draw from the African-American
insider purchases. market_adj_Xm denotes the X-month market adjusted return. dgtw_Xm denotes the
X-month size-momentum-value adjusted returns.
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Table 3.6: Baseline results - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.049 -0.123* -0.203** -0.260**

(0.035) (0.067) (0.093) (0.132)
log(mktcap) -0.015*** -0.026*** -0.036*** -0.061***

(0.003) (0.007) (0.009) (0.018)
bm 0.022** 0.038*** 0.043** 0.035

(0.010) (0.013) (0.019) (0.027)
leverage 0.001 0.003*** 0.004*** 0.004**

(0.001) (0.001) (0.001) (0.002)
age -0.001 -0.002 -0.005*** -0.007***

(0.001) (0.001) (0.002) (0.003)
male 0.026** 0.014 0.033 0.038

(0.011) (0.020) (0.029) (0.042)
tenure -0.000 -0.001 -0.002 -0.004*

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.004 -0.003 -0.006 -0.001

(0.004) (0.007) (0.009) (0.014)
achievement -0.007 -0.001 0.002 0.024

(0.008) (0.014) (0.018) (0.037)
log(compensation) -0.003 0.004 0.009 0.012

(0.006) (0.007) (0.010) (0.015)
shares owned 0.099 0.393** 0.722*** 0.618**

(0.086) (0.183) (0.218) (0.255)
phd 0.002 -0.010 -0.042 -0.118*

(0.033) (0.052) (0.054) (0.071)
cpa -0.013 -0.021 -0.025 -0.038

(0.010) (0.015) (0.021) (0.027)

sample size 3186 3186 3186 3186
R-squared 0.078 0.107 0.119 0.140

Notes: This table reports results for regression 3.1 for the insider trading profitability of top executives.
The dependent variable, ret_Xm, is the X-month cumulative market-adjusted return following an insider
purchases. In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered
at the insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the
coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.7: Baseline results - size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.046 -0.131** -0.189*** -0.255**

(0.028) (0.057) (0.073) (0.106)
log(mktcap) -0.015*** -0.025*** -0.029*** -0.051***

(0.003) (0.007) (0.008) (0.015)
bm 0.025*** 0.031** 0.046** 0.040

(0.009) (0.013) (0.020) (0.027)
leverage 0.002** 0.002 0.001 -0.000

(0.001) (0.001) (0.002) (0.003)
age -0.001*** -0.002** -0.005*** -0.007***

(0.001) (0.001) (0.001) (0.002)
male 0.022** 0.010 0.029 0.030

(0.011) (0.017) (0.024) (0.036)
tenure 0.000 -0.001 -0.002 -0.004*

(0.001) (0.001) (0.001) (0.002)
log(networksize) 0.001 -0.006 -0.009 -0.009

(0.003) (0.007) (0.008) (0.012)
achievement -0.002 0.007 0.012 0.030

(0.008) (0.013) (0.017) (0.030)
log(compensation) -0.003 0.002 0.006 0.004

(0.005) (0.007) (0.010) (0.013)
shares owned 0.177* 0.411* 0.676*** 0.565**

(0.107) (0.214) (0.240) (0.282)
phd 0.018 0.000 -0.022 -0.095

(0.033) (0.052) (0.052) (0.069)
cpa -0.012 -0.022 -0.023 -0.038

(0.009) (0.014) (0.020) (0.025)

sample size 3137 3134 3134 3132
R-squared 0.084 0.101 0.107 0.134

Notes: This table reports results for regression 3.1 for the insider trading profitability of top executives. The
dependent variable, ret_Xm, is the X-month cumulative size-value-momentum-adjusted return following an
insider purchases. In all columns, we control for year, insider role, and industry fixed effects. Standard errors
clustered at the insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate
that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.8: Risk averseness - trading intensity

(1)
Variables log(shares)
African-American -1.043

(0.829)
log(mktcap) -0.002

(0.062)
bm - 0.120

(0.128)
leverage -0.003

(0.012)
age -0.011

(0.008)
male 0.502*

(0.253)
tenure -0.013

(0.017)
log(networksize) 0.195**

(0.058)
achievement 0.178

(0.195)
log(compensation) 0.198**

(0.080)
shares owned 0.027*

(0.014)
phd -0.145

(0.362)
cpa -0.057

(0.192)

sample size 3186
R-squared 0.228

Notes: This table reports the results of the regression for testing the risk-averseness of African-American top
executives. The dependent variable is the purchasing intensity of top executives, measured as the natural
logarithm of the number of shares traded (log(shares)). We control for year, insider role, and industry fixed
effects. Standard errors clustered at the insider level are reported below coefficient estimates in parentheses.
***, ** and * indicate that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.9: Risk averseness - probability of trading before earnings announcement

Probit Logit
(1) (2) (3) (4)

Variables 30-days 45-days 30-days 45-days
African-American -0.037 0.183 -0.091 0.489

(0.183) (0.269) (0.482) (0.627)
log(mktcap) -0.018 -0.024 -0.034 -0.050

(0.019) (0.020) (0.048) (0.048)
bm -0.133* -0.089 -0.320 -0.180

(0.077) (0.076) (0.218) (0.207)
leverage 0.002 -0.002 0.005 -0.007

(0.005) (0.005) (0.012) (0.012)
age 0.002 -0.001 0.006 -0.002

(0.004) (0.004) (0.011) (0.010)
male -0.019 -0.011 -0.058 -0.040

(0.097) (0.097) (0.254) (0.247)
tenure -0.006 -0.008 -0.015 -0.019

(0.007) (0.006) (0.018) (0.017)
log(networksize) 0.046* 0.032 0.113* 0.070

(0.026) (0.025) (0.069) (0.064)
achievement -0.046 -0.066 -0.145 -0.189

(0.066) (0.070) (0.173) (0.180)
log(compensation) -0.072* -0.046 -0.201* -0.128

(0.042) (0.043) (0.107) (0.109)
shares owned -0.415 -0.660 -1.061 -1.608

(1.093) (1.045) (3.008) (2.758)
phd -0.229* -0.139 -0.589 -0.324

(0.136) (0.129) (0.365) (0.324)
cpa -0.069 -0.127 -0.191 -0.345

(0.090) (0.089) (0.234) (0.224)

sample size 48970 48970 48970 48970
R-squared 0.044 0.044 0.045 0.045

Notes: This table reports the results of the regression for testing the risk-averseness of African-American
top executives. We report probit and logit regression results for the trading probability of insiders before
the earnings announcement dates where the dependent variables, 30-days and 45-days trading, are dummy
variables that take the value of 1 if an insider trading is executed within 30-day and 45-day window before the
earnings announcement date, respectively. In all columns, we control for year, insider role, and industry fixed
effects. Standard errors clustered at the insider level are reported below coefficient estimates in parentheses.
***, ** and * indicate that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.10: Risk averseness - option backdating

(1) (2)
Variables Probit Logit
African-American -0.051 -0.091

(0.169) (0.318)
log(mktcap) -0.040** -0.077**

(0.016) (0.029)
bm 0.094** 0.165**

(0.042) (0.073)
leverage 0.012*** 0.020***

(0.004) (0.007)
age -0.002 -0.003

(0.003) (0.005)
male 0.021 0.050

(0.063) (0.116)
tenure 0.013*** 0.024***

(0.004) (0.007)
log(networksize) 0.001 0.003

(0.016) (0.028)
achievement -0.031 -0.053

(0.045) (0.081)
log(compensation) 0.016 0.032

(0.028) (0.050)
shares owned -0.524 -0.854

(0.777) (1.398)
phd 0.105 0.176

(0.119) (0.215)
cpa 0.045 0.078

(0.054) (0.096)

sample size 7846 7846
R-squared 0.036 0.036

Notes: This table reports the results of the regression for testing the risk-averseness of African-American top
executives. We report probit and logit regression results for testing the backdating of option awards where
the dependent variable is a dummy variable that takes the value of unity if the insider is in the backdating
sample. For each firm-insider pair in our sample, we compute the number of times options were granted
at one of the three lowest stock prices during a 51-day window centered on reported grant dates. We then
divide this number by the total number of option grant dates by the firm-insider pair during our sample
period. If the resulting ratio is greater than 10%, we classify the insider as having engaged in backdating.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.11: Regression results with humanity scores - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.053 -0.077 -0.230* -0.216

(0.052) (0.047) (0.124) (0.149)
humanity -0.005 -0.057*** -0.026 -0.049*

(0.012) (0.020) (0.023) (0.027)
African-American x humanity 0.155*** 0.203*** 0.348** 0.490***

(0.059) (0.063) (0.140) (0.175)
log(mktcap) -0.017*** -0.022*** -0.025*** -0.031***

(0.003) (0.005) (0.008) (0.011)
bm 0.022** 0.045*** 0.069*** 0.076**

(0.010) (0.015) (0.023) (0.032)
leverage 0.001 0.002** 0.002 0.001

(0.001) (0.001) (0.001) (0.001)
age -0.001 -0.001 -0.004*** -0.004**

(0.001) (0.001) (0.001) (0.002)
male 0.028** 0.019 0.050* 0.037

(0.012) (0.020) (0.027) (0.038)
tenure -0.001 -0.001 -0.002 -0.003

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.004 0.001 0.003 0.008

(0.004) (0.005) (0.007) (0.008)
achievement -0.004 0.003 0.013 0.003

(0.009) (0.014) (0.018) (0.028)
log(compensation) -0.001 0.008 0.012 0.004

(0.007) (0.008) (0.011) (0.015)
shares owned 0.118 0.391* 0.686*** 0.536**

(0.098) (0.201) (0.253) (0.268)
phd -0.005 -0.000 0.014 -0.022

(0.028) (0.051) (0.055) (0.065)
cpa -0.004 -0.008 -0.008 -0.007

(0.010) (0.014) (0.020) (0.025)

sample size 2481 2481 2481 2481
R-squared 0.077 0.106 0.108 0.111

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.12: Regression results with humanity scores - size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.043 -0.080* -0.209* -0.191

(0.050) (0.044) (0.122) (0.147)
humanity -0.007 -0.055*** -0.032 -0.060**

(0.013) (0.020) (0.024) (0.029)
African-American x humanity 0.162*** 0.237*** 0.325** 0.403**

(0.058) (0.061) (0.134) (0.168)
log(mktcap) -0.014*** -0.018*** -0.017** -0.021**

(0.003) (0.005) (0.007) (0.009)
bm 0.026** 0.042*** 0.065*** 0.075**

(0.010) (0.015) (0.023) (0.033)
leverage 0.002*** 0.003*** 0.004*** 0.004**

(0.001) (0.001) (0.001) (0.002)
age -0.001** -0.002 -0.004*** -0.005***

(0.001) (0.001) (0.001) (0.002)
male 0.025** 0.021 0.049** 0.036

(0.012) (0.017) (0.023) (0.033)
tenure -0.001 -0.000 -0.002 -0.002

(0.001) (0.001) (0.001) (0.002)
log(networksize) 0.001 -0.004 -0.004 -0.003

(0.004) (0.005) (0.007) (0.007)
achievement 0.003 0.007 0.014 0.001

(0.009) (0.014) (0.018) (0.026)
log(compensation) -0.004 0.004 0.007 -0.004

(0.006) (0.008) (0.009) (0.013)
shares owned 0.190 0.446* 0.698*** 0.569**

(0.130) (0.228) (0.265) (0.277)
phd 0.010 0.011 0.020 -0.015

(0.030) (0.051) (0.053) (0.062)
cpa -0.003 -0.005 0.002 0.005

(0.009) (0.015) (0.021) (0.024)

sample size 2454 2452 2452 2452
R-squared 0.072 0.086 0.096 0.100

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.13: Regression results with employee scores - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.071 -0.116*** -0.316*** -0.303**

(0.058) (0.035) (0.100) (0.133)
employee 0.005 0.008 0.009 0.012

(0.005) (0.008) (0.007) (0.010)
African-American x employee 0.032* 0.057*** 0.129*** 0.140***

(0.018) (0.014) (0.031) (0.043)
log(mktcap) -0.018*** -0.026*** -0.029*** -0.036***

(0.003) (0.005) (0.008) (0.011)
bm 0.022** 0.043*** 0.069*** 0.075**

(0.010) (0.015) (0.023) (0.032)
leverage 0.001 0.002** 0.002* 0.002

(0.001) (0.001) (0.001) (0.001)
age -0.001 -0.001 -0.004*** -0.004**

(0.001) (0.001) (0.001) (0.002)
male 0.029** 0.018 0.048* 0.035

(0.012) (0.021) (0.027) (0.039)
tenure -0.001 -0.001 -0.002 -0.003

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.004 0.001 0.004 0.009

(0.004) (0.005) (0.007) (0.008)
achievement -0.004 0.003 0.013 0.003

(0.009) (0.014) (0.018) (0.028)
log(compensation) -0.001 0.007 0.011 0.004

(0.007) (0.008) (0.011) (0.015)
shares owned 0.124 0.398* 0.693*** 0.547**

(0.099) (0.203) (0.254) (0.270)
phd -0.007 -0.005 0.009 -0.030

(0.028) (0.051) (0.055) (0.066)
cpa -0.004 -0.007 -0.008 -0.006

(0.010) (0.015) (0.021) (0.025)

sample size 2481 2481 2481 2481
R-squared 0.078 0.103 0.110 0.112

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.14: Regression results with employee scores - size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.047 -0.112*** -0.275** -0.267*

(0.058) (0.035) (0.116) (0.143)
employee 0.007 0.008 0.009 0.013

(0.006) (0.008) (0.007) (0.009)
African-American x employee 0.016 0.052*** 0.103*** 0.117***

(0.019) (0.015) (0.035) (0.044)
log(mktcap) -0.015*** -0.022*** -0.021*** -0.026***

(0.003) (0.005) (0.007) (0.009)
bm 0.025** 0.040*** 0.064*** 0.073**

(0.010) (0.015) (0.023) (0.033)
leverage 0.002*** 0.004*** 0.004*** 0.004**

(0.001) (0.001) (0.001) (0.002)
age -0.001** -0.002 -0.004*** -0.005**

(0.001) (0.001) (0.001) (0.002)
male 0.027** 0.021 0.048** 0.035

(0.012) (0.017) (0.023) (0.034)
tenure -0.001 -0.000 -0.001 -0.002

(0.001) (0.001) (0.001) (0.002)
log(networksize) 0.001 -0.004 -0.003 -0.002

(0.004) (0.005) (0.007) (0.008)
achievement 0.003 0.007 0.014 0.002

(0.009) (0.013) (0.017) (0.026)
log(compensation) -0.004 0.004 0.007 -0.004

(0.006) (0.008) (0.009) (0.013)
shares owned 0.198 0.455** 0.706*** 0.582**

(0.131) (0.231) (0.267) (0.280)
phd 0.007 0.005 0.015 -0.022

(0.030) (0.052) (0.054) (0.063)
cpa -0.003 -0.004 0.003 0.007

(0.009) (0.015) (0.021) (0.024)

sample size 2454 2452 2452 2452
R-squared 0.074 0.084 0.097 0.101

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.15: Regression results with diversity scores - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.040 -0.071* -0.226** -0.207

(0.049) (0.042) (0.105) (0.127)
diversity -0.001 0.003 0.001 -0.002

(0.003) (0.005) (0.008) (0.010)
African-American x diversity 0.000 0.014 0.055*** 0.069***

(0.021) (0.011) (0.019) (0.023)
log(mktcap) -0.016*** -0.025*** -0.026*** -0.032***

(0.004) (0.005) (0.008) (0.011)
bm 0.022** 0.043*** 0.068*** 0.074**

(0.010) (0.015) (0.023) (0.032)
leverage 0.001 0.002** 0.002* 0.002

(0.001) (0.001) (0.001) (0.001)
age -0.001 -0.001 -0.004*** -0.004**

(0.001) (0.001) (0.001) (0.002)
male 0.028** 0.018 0.047* 0.033

(0.012) (0.021) (0.027) (0.038)
tenure -0.001 -0.001 -0.002 -0.003

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.004 0.001 0.003 0.008

(0.004) (0.006) (0.007) (0.008)
achievement -0.004 0.003 0.014 0.004

(0.009) (0.014) (0.018) (0.028)
log(compensation) -0.001 0.007 0.012 0.005

(0.007) (0.008) (0.011) (0.015)
shares owned 0.119 0.390* 0.687*** 0.538**

(0.098) (0.202) (0.253) (0.270)
phd -0.005 -0.002 0.013 -0.024

(0.028) (0.052) (0.055) (0.067)
cpa -0.004 -0.008 -0.008 -0.006

(0.010) (0.014) (0.020) (0.025)

sample size 2481 2481 2481 2481
R-squared 0.076 0.102 0.108 0.110

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.16: Regression results with diversity scores - size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.029 -0.073* -0.201* -0.181

(0.048) (0.040) (0.107) (0.129)
diveristy 0.002 0.004 0.002 0.000

(0.003) (0.006) (0.007) (0.010)
African-American x diversity -0.002 0.018 0.040** 0.049**

(0.022) (0.011) (0.018) (0.023)
log(mktcap) -0.014*** -0.021*** -0.019*** -0.022**

(0.003) (0.005) (0.007) (0.009)
bm 0.025** 0.040*** 0.063*** 0.073**

(0.010) (0.015) (0.023) (0.033)
leverage 0.002*** 0.003*** 0.004*** 0.004**

(0.001) (0.001) (0.001) (0.002)
age -0.001** -0.002 -0.004*** -0.005**

(0.001) (0.001) (0.001) (0.002)
male 0.026** 0.020 0.047** 0.033

(0.011) (0.017) (0.023) (0.033)
tenure -0.001 -0.000 -0.002 -0.002

(0.001) (0.001) (0.001) (0.002)
log(networksize) 0.001 -0.004 -0.004 -0.003

(0.004) (0.005) (0.007) (0.008)
achievement 0.003 0.008 0.014 0.002

(0.009) (0.014) (0.017) (0.026)
log(compensation) -0.004 0.003 0.006 -0.004

(0.006) (0.007) (0.009) (0.013)
shares owned 0.190 0.446* 0.698*** 0.570**

(0.130) (0.229) (0.265) (0.279)
phd 0.010 0.009 0.019 -0.017

(0.030) (0.052) (0.054) (0.064)
cpa -0.003 -0.005 0.003 0.007

(0.009) (0.015) (0.021) (0.024)

sample size 2454 2452 2452 2452
R-squared 0.072 0.082 0.095 0.098

Notes: This table reports results for regression 3.2 for the insider trading profitability of top executives.
In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered at the
insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the coefficient
estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.17: Insider Profitability for Asian-Americans - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
Asian-American 0.021 0.054 0.058* 0.078**

(0.026) (0.034) (0.033) (0.037)
log(mktcap) -0.015*** -0.025*** -0.035*** -0.061***

(0.004) (0.007) (0.010) (0.019)
bm 0.023** 0.042*** 0.51** 0.48

(0.011) (0.014) (0.021) (0.029)
leverage 0.000 0.002*** 0.004*** 0.004**

(0.001) (0.001) (0.001) (0.002)
age -0.001 -0.002 -0.005*** -0.008***

(0.001) (0.001) (0.002) (0.003)
male 0.026** 0.016 0.036 0.050

(0.012) (0.022) (0.033) (0.048)
tenure -0.000 -0.001 -0.001 -0.003

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.003 -0.008 -0.010 -0.005

(0.004) (0.008) (0.011) (0.017)
achievement -0.003 0.001 0.001 0.029

(0.009) (0.014) (0.018) (0.041)
log(compensation) -0.004 0.003 0.009 0.010

(0.006) (0.007) (0.011) (0.016)
shares owned 0.100 0.362* 0.736*** 0.645**

(0.090) (0.188) (0.214) (0.255)
phd -0.005 -0.008 -0.048 -0.139*

(0.032) (0.055) (0.059) (0.080)
cpa -0.007 -0.010 -0.001 -0.005

(0.011) (0.017) (0.024) (0.032)

sample size 2674 2674 2674 2674
R-squared 0.082 0.122 0.134 0.159

Notes: This table reports results for regression 3.1 for the insider trading profitability of top Asian-American
executives. The dependent variable, ret_Xm, is the X-month cumulative market-adjusted return following
an insider purchases. In all columns, we control for year, insider role, and industry fixed effects. Standard
errors clustered at the insider level are reported below coefficient estimates in parentheses. ***, ** and *
indicate that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.18: Insider Profitability for Asian-Americans - size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
Asian-American -0.012 0.019 0.029 0.055

(0.027) (0.034) (0.039) (0.045)
log(mktcap) -0.015*** -0.025*** -0.028*** -0.051***

(0.003) (0.007) (0.009) (0.015)
bm 0.028*** 0.036** 0.054** 0.051*

(0.009) (0.014) (0.021) (0.030)
leverage 0.001** 0.001 0.000 -0.002

(0.001) (0.001) (0.002) (0.002)
age -0.001** -0.003** -0.006*** -0.008***

(0.001) (0.001) (0.002) (0.003)
male 0.024** 0.013 0.033 0.043

(0.011) (0.019) (0.027) (0.041)
tenure -0.000 -0.000 -0.001 -0.003

(0.001) (0.001) (0.002) (0.002)
log(networksize) 0.002 -0.009 -0.012 -0.011

(0.004) (0.008) (0.010) (0.015)
achievement 0.002 0.011 0.014 0.036

(0.009) (0.014) (0.018) (0.031)
log(compensation) -0.004 0.002 0.006 0.002

(0.005) (0.008) (0.011) (0.014)
shares owned 0.186* 0.385* 0.693*** 0.607**

(0.108) (0.221) (0.234) (0.280)
phd 0.012 -0.002 -0.031 -0.121

(0.033) (0.056) (0.056) (0.079)
cpa -0.005 -0.006 0.002 -0.008

(0.009) (0.016) (0.023) (0.030)

sample size 2629 2626 2626 2624
R-squared 0.088 0.116 0.121 0.156

Notes: This table reports results for regression 3.1 for the insider trading profitability of top Asian-American
executives. The dependent variable, ret_Xm, is the X-month cumulative size-value-momentum-adjusted
return following an insider purchases. In all columns, we control for year, insider role, and industry fixed
effects. Standard errors clustered at the insider level are reported below coefficient estimates in parentheses.
***, ** and * indicate that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.19: Nearest-neighbor matching results

market_adj_3m difference 10.3%
t-stat 3.433

market_adj_6m difference 11.6%
t-stat 2.974

market_adj_9m difference 15.5%
t-stat 1.631

market_adj_12m difference 19.7%
t-stat 1.807

dgtw_3m difference 7.3%
t-stat 2.703

dgtw_6m difference 8.1%
t-stat 1.653

dgtw_9m difference 10.7%
t-stat 0.811

dgtw_12m difference 12.9%
t-stat 0.843

Notes: This table reports the nearest-neighbor matching results for the insider trading profitability of top
executives. The reported differences are the returns of non-African American executives minus the returns
of African American executives following their insider purchases. Matching algorithm pairs each observation
from one ethnicity group with the “closest” or the “most similar” observation from the other group. Similarity
measure is determined based on several covariates including market value (log(mktcap)), book-to-market
ratio (bm), leverage, gender (male), age, tenure, log(networksize), achievement, log(compensation), shares
owned, phd, cpa, humanity, employee, diversity, and insider role and year dummies. The t-stats are reported
below the differences. market_adj_Xm denotes the X-month market adjusted return. dgtw_Xm denotes
the X-month size-momentum-value adjusted returns.

94



Table 3.20: Baseline results with directors - market adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.022* -0.044*** -0.073*** -0.074**

(0.012) (0.017) (0.025) (0.029)
log(mktcap) -0.023*** -0.026*** -0.034*** -0.051***

(0.005) (0.005) (0.007) (0.009)
bm 0.007 0.021* 0.043** 0.052**

(0.009) (0.011) (0.020) (0.022)
leverage -0.001 -0.000 -0.001 -0.000

(0.001) (0.001) (0.001) (0.001)
age -0.000 -0.000 -0.001 0.000

(0.000) (0.001) (0.001) (0.001)
male -0.003 0.001 0.005 0.006

(0.007) (0.010) (0.013) (0.016)
tenure 0.000 0.001 0.001 0.000

(0.000) (0.001) (0.001) (0.001)
log(networksize) -0.000 -0.005 -0.004 -0.001

(0.003) (0.004) (0.005) (0.006)
achievement -0.006 0.005 0.009 -0.004

(0.006) (0.008) (0.011) (0.013)
log(compensation) 0.004 -0.004 -0.006 -0.005

(0.003) (0.004) (0.006) (0.007)
log(shares owned) 0.003 0.005** 0.008** 0.007*

(0.002) (0.003) (0.004) (0.005)
phd 0.009 0.026 0.026 0.013

(0.010) (0.022) (0.029) (0.028)
cpa 0.021 0.016 0.015 0.012

(0.014) (0.015) (0.020) (0.024)

sample size 4288 4288 4287 4287
R-squared 0.082 0.080 0.099 0.111

Notes: This table reports results for regression 3.1 for the insider trading profitability of directors. The
dependent variable, ret_Xm, is the X-month cumulative market-adjusted return following an insider pur-
chases. In all columns, we control for year, insider role, and industry fixed effects. Standard errors clustered
at the insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate that the
coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Table 3.21: Baseline results with directors- size-value-momentum adjusted return

(1) (2) (3) (4)
Variables ret_3m ret_6m ret_9m ret_12m
African-American -0.022* -0.041** -0.071*** -0.070**

(0.012) (0.016) (0.024) (0.028)
log(mktcap) -0.021*** -0.025*** -0.032*** -0.047***

(0.004) (0.004) (0.006) (0.008)
bm 0.005 0.017* 0.033* 0.032*

(0.007) (0.010) (0.017) (0.017)
leverage -0.001 -0.001 -0.002 -0.002

(0.001) (0.001) (0.001) (0.001)
age -0.000 -0.000 -0.000 0.000

(0.000) (0.001) (0.001) (0.001)
male 0.003 0.003 0.009 0.010

(0.008) (0.011) (0.013) (0.016)
tenure -0.000 0.000 -0.000 -0.000

(0.000) (0.001) (0.001) (0.001)
log(networksize) 0.001 -0.002 -0.004 -0.003

(0.002) (0.003) (0.005) (0.005)
achievement -0.005 0.006 0.015 0.004

(0.006) (0.008) (0.011) (0.013)
log(compensation) 0.002 -0.005 -0.006 -0.004

(0.003) (0.004) (0.006) (0.006)
log(shares owned) 0.002 0.003 0.004 0.004

(0.002) (0.003) (0.004) (0.004)
phd 0.007 0.014 0.013 0.005

(0.013) (0.025) (0.030) (0.028)
cpa 0.013 0.009 -0.001 -0.006

(0.010) (0.011) (0.014) (0.018)

sample size 4223 4223 4218 4216
R-squared 0.068 0.063 0.078 0.090

Notes: This table reports results for regression 3.1 for the insider trading profitability of directors. The
dependent variable, ret_Xm, is the X-month cumulative size-value-momentum-adjusted return following an
insider purchases. In all columns, we control for year, insider role, and industry fixed effects. Standard errors
clustered at the insider level are reported below coefficient estimates in parentheses. ***, ** and * indicate
that the coefficient estimate is significant at the 1%, 5%, and 10% levels, respectively.
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Appendix A

Chapter 1

A.1 Additional tables and figures

Figure A.1: Average ETH price in terms of USD, EUR and CNY basket of currencies (BoC)
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Notes: The Figure plots the daily average weighted exchange rate between ETH and a basket of
currencies (BoC) consisting of US dollars (USD), Euro (EUR), and Chinese Yuan (CNY) (see Appendix
A.2). The shaded region highlights the peak period between Nov 1, 2017 and Jan 31, 2018.
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Figure A.2: New sender accounts
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Notes: The Figure plots the daily number of new sender accounts, defined as the daily number of
transactions with nonce value equal to 0. The nonce field in the transaction-level data records the past
transaction count of a sender address. The shaded region highlights the peak period between Nov. 1,
2017 and Jan. 31, 2018.

106



Table A.1: Summary statistics

Full sample, Nov. 1, 2017 - Jan. 31, 2019
# of 25th 50th 75th

Variables obs. Mean Std pctile pctile pctile
marginal gas price, 10−8 ETH 457 0.82 0.89 0.43 0.55 0.76
marginal gas price, 10−5 USD 457 0.45 0.76 0.11 0.18 0.42
marginal gas price, 10−5 BoC 457 0.56 0.95 0.14 0.23 0.52
lowest 5 pctile gas price, 10−8 ETH 457 0.89 0.96 0.46 0.58 0.80
lowest 5 pctile gas price, 10−5 USD 457 0.49 0.84 0.12 0.20 0.47
lowest 5 pctile gas price, 10−5 BoC 457 0.62 1.05 0.15 0.25 0.59
median gas price, 10−8 ETH 457 1.67 1.39 0.98 1.24 1.58
median gas price, 10−5 USD 457 0.94 1.45 0.23 0.44 1.03
median gas price, 10−5 BoC 457 1.19 1.81 0.30 0.54 1.32
gas supply, 1010 gas/day 457 4.60 0.23 4.52 4.69 4.75
blockchain utilization 457 0.82 0.09 0.76 0.84 0.90
regular transactions share 457 0.52 0.08 0.47 0.51 0.55
ETH price in USD, 103 USD 457 0.46 0.29 0.21 0.44 0.67
ETH price (BoC), 103 BoC 457 0.58 0.36 0.27 0.55 0.84

Peak period, Nov. 1, 2017 - Jan 31, 2018
# of 25th 50th 75th

obs. Mean Std pctile pctile pctile
marginal gas price, 10−8 ETH 92 1.38 1.20 0.50 0.77 2.09
marginal gas price, 10−5 USD 92 1.13 1.32 0.20 0.65 1.45
marginal gas price, 10−5 BoC 92 1.42 1.66 0.25 0.80 1.83
lowest 5 pctile gas price, 10−8 ETH 92 1.55 1.32 0.56 0.90 2.32
lowest 5 pctile gas price, 10−5 USD 92 1.28 1.47 0.22 0.77 1.56
lowest 5 pctile gas price, 10−5 BoC 92 1.60 1.84 0.28 0.95 1.98
median gas price, 10−8 ETH 92 2.98 1.90 1.54 2.24 3.87
median gas price, 10−5 USD 92 2.46 2.48 0.58 1.75 2.87
median gas price, 10−5 BoC 92 3.08 3.12 0.72 2.10 3.75
gas supply, 1010 gas/day 92 4.36 0.28 4.12 4.34 4.62
blockchain utilization 92 0.82 0.15 0.67 0.87 0.94
regular transactions share 92 0.61 0.09 0.53 0.62 0.70
ETH price in USD, 103 USD 92 0.69 0.33 0.41 0.69 1.02
ETH price (BoC), 103 BoC 92 0.87 0.41 0.50 0.86 1.25

Notes: summary statistics of the blockchain variables aggregated to the daily level. The full sample (peak
period) statistics are reported in the upper (lower) part of the Table respectively. BoC denotes "basket of
currencies" – see Section 1.4.3 and Appendix A.2.
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Table A.2: Alternative marginal gas price definition, lowest 5-th percentile (BoC)

lowest 5-th percentile, ETH lowest 5-th percentile, BoC
(1) (2) (3) (4)

blockchain utilization, Bt 2.239*** 0.118 3.336*** 0.970*
(0.619) (0.305) (0.794) (0.493)

utilization > 90%, TRt - 32.38*** - 27.16***
- (4.062) - (4.928)

regular transactions share, Rt 4.549*** 2.658*** 8.503*** 6.952***
(0.982) (0.667) (0.787) (0.759)

ETH price (BoC), Xt -0.517*** -0.452*** - -
(0.163) (0.127) - -

sample size 457 457 457 457
R-squared 0.313 0.597 0.657 0.761

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported in
the parentheses. The dependent variable “lowest 5-th percentile" gas price is the natural logarithm of the
bottom 5-th percentile of gas prices (in 10−8 ETH or 10−5 BoC, weighted basket of currencies consisting of
USD, EUR, and CNY) in each block, averaged across all blocks created on day t. “Blockchain utilization"
is the ratio between the total gas requirement for all transactions on day t and the total day-t gas supply.
“Utilization > 90%" is the product of the blockchain utilization, Bt and a binary variable that equals 1
if Bt > 0.9 and zero otherwise. “Regular transactions share" is the fraction of regular transactions in all
day-t transactions. We include dummies for the system-wide gas supply changes on December 10-12, 2017,
January 3, and January 21, 2019. “ETH price (BoC)" is the daily average ETH price in terms of a basket
of currencies consisting of US Dollars, Euro, and Chinese Yuan, weighted by the country/region specific
number active nodes. *, **, *** denote 10%, 5%, and 1% significance level, respectively.
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Table A.3: Median gas price – Basket of currencies (BoC)

median gas price, ETH median gas price, BoC
(1) (2) (3) (4)

blockchain utilization, Bt 0.792* -0.582** 2.198*** 0.585
(0.480) (0.268) (0.699) (0.519)

utilization > 90%, TRt - 24.38*** - 18.79***
- (3.817) - (5.026)

regular transactions share, Rt 3.955*** 2.590*** 9.353*** 8.281***
(0.752) (0.587) (0.734) (0.835)

ETH price (BoC), Xt -0.075 -0.028 - -
(0.129) (0.111) - -

sample size 457 457 457 457
R-squared 0.371 0.580 0.676 0.727

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “median gas price" is the natural logarithm of the median gas
price (in 10−8 ETH or 10−5 BoC, weighted basket of currencies consisting of USD, EUR, and CNY) in each
block, averaged across all blocks created on date t. “Blockchain utilization" is the ratio between the total gas
requirement for all transactions on day t and the total day-t gas supply. “Utilization > 90%" is the product
of the blockchain utilization, Bt and a binary variable that equals 1 if Bt > 0.9 and zero otherwise. “Regular
transactions share" is the fraction of regular transactions in all day-t transactions. We include dummies for
the system-wide gas supply changes on December 10-12, 2017, January 3, and January 21, 2019. “ETH price
(BoC)" is the daily average ETH price in terms of a basket of currencies consisting of US Dollars, Euro, and
Chinese Yuan, weighted by the country/region specific number active nodes. *, **, *** denote 10%, 5%, and
1% significance level, respectively.
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Table A.4: Non-linear effect of blockchain utilization – quadratic model

gas price
marginal lowest 5-th percentile median

ETH USD ETH USD ETH USD

blockchain utilization (demeaned) 3.770*** 5.273*** 3.711*** 5.255*** 1.758*** 3.633***
(0.772) (0.855) (0.768) (0.856) (0.651) (0.802)

blockchain utilization squared 17.86*** 23.48*** 17.45*** 23.09*** 11.47** 17.30***
(4.627) (4.888) (4.581) (4.861) (3.969) (4.497)

regular transactions share, Rt 3.828*** 7.334*** 3.966*** 7.652*** 3.546*** 8.723***
(0.932) (0.747) (0.916) (0.749) (0.725) (0.764)

ETH price in USD, Xt -0.732*** - -0.687*** - -0.110 -
(0.208) - (0.200) - (0.160) -

sample size 457 457 457 457 457 457
R-squared 0.389 0.714 0.404 0.721 0.427 0.712

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−8 ETH or 10−5 USD) over all included transactions in a block, averaged across all
blocks created on day t. The dependent variable “lowest 5-th percentile" gas price is the natural logarithm of
the bottom 5-th percentile of gas prices (in 10−8 ETH or 10−5 USD) in each block, averaged across all blocks
created on day t. The dependent variable “median gas price" is the natural logarithm of the median gas
price (in 10−8 ETH or 10−5 USD) in each block, averaged across all blocks recorded on day t. “Blockchain
utilization (demeaned)" is the ratio between the total gas requirement for all transactions on day t and the
total day-t gas supply, centered around its mean to avoid multicollinearity. “Regular transactions share" is
the fraction of regular transactions in all day-t transactions. We include dummies for the system-wide gas
supply changes on December 10-12, 2017, January 3, and January 21, 2019. “ETH price in USD" is the daily
average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1% significance level, respectively.
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Table A.5: Gas price in levels instead of log

marginal gas price, ETH marginal gas price, USD
(1) (2) (3) (4)

blockchain utilization, Bt 3.303*** 0.376* 2.073*** 0.241
(0.950) (0.216) (0.526) (0.164)

utilization > 90%, TRt - 51.03*** - 37.62***
- (7.838) - (6.859)

regular transactions share, Rt 4.550*** 1.691* 5.266*** 3.453***
(1.507) (0.997) (1.356) (0.676)

ETH price in USD, Xt -0.605** -0.486*** - -
(0.291) (0.179) - -

sample size 457 457 457 457
R-squared 0.266 0.630 0.469 0.723

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported in
the parentheses. The dependent variable “marginal gas price" is the minimum observed gas price (in 10−8

ETH or 10−5 USD) over all included transactions in a block, averaged across all blocks created on day t.
“Blockchain utilization" is the ratio between the total gas requirement for all transactions on day t and the
total day-t gas supply. “Utilization > 90%" is the product of blockchain utilization, Bt and a binary variable
Dt that equals 1 if Bt > 0.9 and zero otherwise. Dt is also included in columns (2) and (4) separately.
“Regular transactions share" is the fraction of regular transactions in all day-t transactions. We include
dummies for the system-wide gas supply changes on December 10-12, 2017, January 3, and January 21,
2019. “ETH price in USD" is the daily average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1%
significance level, respectively.
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Table A.6: Robustness – including gas supply

dependent variable: marginal gas price OLS regression IV regression
ETH USD ETH USD

blockchain utilization, Bt 0.077 0.768 0.100 0.705
(0.363) (0.584) (0.356) (0.565)

utilization > 90%, TRt 33.09*** 28.342*** 32.58*** 27.305***
(4.219) (5.106) (4.510) (5.934)

regular transactions share, Rt 2.542*** 6.671*** 2.997** 7.146***
(0.659) (0.739) (0.973) (1.203)

gas supply, Gt 0.012 0.104 0.018 0.111
(0.133) (0.228) (0.130) (0.216)

ETH price in USD, Xt -0.652*** - -0.744*** -
(0.159) - (0.190) -

sample size 457 457 456 456
R-squared 0.595 0.760 0.594 0.759

Notes: OLS and IV regressions with daily-level data including a constant. Newey-West standard errors
reported in the parentheses. The IV first stage regresses the regular transactions share on its first lag and
the total number of new sender accounts together with other exogenous variables. The dependent variable
“marginal gas price" is the natural logarithm of the minimum observed gas price (in 10−8 ETH or 10−5 USD)
over all included transactions in a block, averaged across all blocks created on day t. “Lowest 5-th percentile"
gas price is the natural logarithm of the bottom 5-th percentile of gas prices in each block, averaged across
all blocks created on day t. “Median Gas Price" is the natural logarithm of the median gas price in each
block, averaged across all blocks recorded on day t. “Blockchain utilization" is the ratio between the total gas
requirement for all transactions on day t and the total day-t gas supply. “Utilization > 90%" is the product
of the blockchain utilization, Bt and a binary variable that equals 1 if Bt > 0.9 and zero otherwise. Dt is
also included in all columns separately. “Regular transactions share" is the fraction of regular transactions
in all day-t transactions. “Gas supply" is the sum of the gas limits of all blocks created in day t. We include
dummies for the system-wide gas supply changes on December 10-12, 2017, January 3, and January 21,
2019. “ETH price in USD" is the daily average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1%
significance level, respectively.

112



Table A.7: Robustness – using lagged ETH price in USD

dep. variable: marginal gas price, ETH OLS regression IV regression

blockchain utilization, Bt 0.086 0.114
(0.307) (0.303)

utilization > 90%, TRt 32.89*** 32.37***
(4.041) (4.367)

regular transactions share, Rt 2.488*** 2.913***
(0.667) (0.981)

lagged ETH price in USD -0.630*** -0.716***
(0.157) (0.188)

sample size 457 456
R-squared 0.593 0.592

Notes: OLS and IV regressions with daily-level data including a constant. Newey-West standard errors
reported in the parentheses. The IV first stage regresses the regular transactions share on its first lag and
the total number of new sender accounts together with other exogenous variables. The dependent variable
“marginal gas price" is the natural logarithm of the minimum observed gas price (in 10−8 ETH) over all
included transactions in a block, averaged across all blocks created on day t. “Blockchain utilization" is
the ratio between the total gas requirement for all transactions on day t and the total day-t gas supply.
“Utilization > 90%" is the product of the blockchain utilization, Bt and a binary variable that equals 1 if
Bt > 0.9 and zero otherwise. Dt is also included in all columns separately. “Regular transactions share" is
the fraction of regular transactions in all day-t transactions. We include dummies for the system-wide gas
supply changes on December 10-12, 2017, January 3, and January 21, 2019. “lagged ETH price in USD" is
the first lag of the daily average ETH price in 103 USD. *, **, *** denote 10%, 5%, and 1% significance
level, respectively.
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Table A.8: Peak period (November 2017 - January 2018) – USD

gas price in USD
marginal lowest 5-th percentile median

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

blockchain utilization, Bt 4.020*** 2.802*** 4.188*** 3.143*** 3.228*** 3.372***
(0.848) (0.818) (0.791) (0.795) (0.607) (0.767)

utilization > 90%, TRt - 17.837*** - 16.623*** - 10.768**
- (3.789) - (3.746) - (4.708)

regular transactions share, Rt 5.335*** 4.188*** 5.253*** 4.226*** 5.173*** 4.895***
(1.547) (0.951) (1.472) (0.934) (1.316) (1.102)

sample size 92 92 92 92 92 92
R-squared 0.833 0.898 0.852 0.904 0.832 0.852

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−5 USD) over all included transactions in a block, averaged across all blocks created
on day t. “Lowest 5-th percentile" gas price is the natural logarithm of the bottom 5-th percentile of gas
prices in each block, averaged across all blocks created on day t. “Median Gas Price" is the natural logarithm
of the median gas price in each block, averaged across all blocks recorded on day t. “Blockchain utilization"
is the ratio between the total gas requirement for all transactions on day t and the total day-t gas supply.
“Utilization > 90%" is the product of the blockchain utilization, Bt and a binary variable that equals 1
if Bt > 0.9 and zero otherwise. “Regular transactions share" is the fraction of regular transactions in all
day-t transactions. We include dummies for the system-wide gas supply changes on December 10-12, 2017,
January 3, and January 21, 2019. *, **, *** denote 10%, 5%, and 1% significance level, respectively.
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Table A.9: Peak period – Basket of currencies (BoC)

gas price in ETH
marginal lowest 5-th percentile median

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

blockchain utilization, Bt 2.759** 0.501 2.895*** 0.830 1.515** 0.636
(1.127) (0.741) (1.043) (0.695) (0.676) (0.584)

utilization > 90%, TRt - 17.38*** - 16.15*** - 9.610***
- (3.117) - (3.019) - (2.759)

regular transactions share, Rt 3.346** 1.124 3.177** 1.139 1.959* 1.038
(1.439) (0.928) (1.356) (0.860) (1.032) (0.771)

ETH price (BoC), Xt -0.236 0.069 -0.199 0.078 0.279 0.381**
(0.389) (0.258) (0.362) (0.238) (0.232) (0.186)

sample size 92 92 92 92 92 92
R-squared 0.641 0.854 0.683 0.867 0.734 0.820

Notes: OLS regressions with daily-level data including a constant. Newey-West standard errors reported
in the parentheses. The dependent variable “marginal gas price" is the natural logarithm of the minimum
observed gas price (in 10−8 ETH) over all included transactions in a block, averaged across all blocks created
on day t. The dependent variable “lowest 5-th percentile" gas price is the natural logarithm of the bottom
5-th percentile of gas prices (in 10−8 ETH) in each block, averaged across all blocks created on day t. The
dependent variable “median gas price" is the natural logarithm of the median gas price (in 10−8 ETH) in
each block, averaged across all blocks recorded on day t. “Blockchain utilization" is the ratio between the
total gas requirement for all transactions on day t and the total day-t gas supply. “Utilization > 90%" is the
product of the blockchain utilization, Bt and a binary variable that equals 1 if Bt > 0.9 and zero otherwise.
“Regular transactions share" is the fraction of regular transactions in all day-t transactions. We include
dummies for the system-wide gas supply changes on December 10-12, 2017, January 3, and January 21,
2019. “ETH price (BoC)" is the daily average ETH price in terms of a basket of currencies consisting of US
Dollars, Euro, and Chinese Yuan, weighted by the country/region specific number active nodes. *, **, ***
denote 10%, 5%, and 1% significance level, respectively.

115



A.2 Additional details

Gas supply events
In December 2017, the gas price increased significantly, associated with very high activity in
the Ethereum platform. To compensate, the Ethereum protocol began increasing the block
gas limit on December 10, 2017 (marked with a vertical dashed line) to allow higher number
of transactions to be included in each block, see Figure 1.6. The upper panel of Figure 1.6
shows the daily average block gas limit. During a 3-day period, the block gas limit was
increased by 18% boosting the network service rate. A second event affecting gas supply
occurred in January 2019 when the Ethereum developers engaged in a planned increase
in the cryptographic difficulty with the intention to switch the consensus algorithm from
Proof-of-Work, PoW to Proof-of-Stake, PoS.1 On January 3 and 21, 2019, the Ethereum
blockchain protocol increased the cryptographic difficulty twice. The lower panel of Figure
1.6 displays the corresponding daily block count before and after the difficulty increases.
Together, these difficulty increases lowered the daily gas supply by about 17%. We control
for these system-wide gas supply events in the regression specifications by using dummy
variables which equal 1 at the event dates and zero otherwise.

Transactions order within blocks
By design, each block of the Ethereum blockchain has a capacity limit measured in gas,
called the block gas limit. The sum of the gas requirements of all included transactions in
a block cannot exceed the block gas limit. This implies that miners maximize their profits
by ordering the submitted transactions by their gas price.2 We checked all blocks in our
data to verify whether the transactions are always sorted in descending gas price order. We
confirmed that this is the case in 85% of the blocks in our data, with the rest of the blocks
featuring only minor exceptions from descending gas price order. If a user sets a low gas price,
her transaction request may not be written to the next block. Transaction requests that fail
to be executed join the ‘pending transactions’ pool and wait to be recorded in later blocks.
This means that Ethereum users face a trade-off between waiting costs and transaction fees
and are competing to obtain higher priority among other waiting transactions in terms of
the gas price and not in terms of the total transaction fee.3

1In a Proof-of-Stake system, there is no costly competition among miners and instead the block creator is
chosen by an algorithm based on the user’s “stake", or total ETH balance. In order to change the consensus
mechanism from PoW to PoS, the blockchain developers algorithmically increase the cryptographic difficulty
which, in theory, would make mining less profitable and provide incentives for the introduction of a Proof-
of-Stake consensus mechanism. A switch to PoS has not yet occurred in Ethereum as of December 2020,
though it remains planned.

2The miners need to solve the Proof-of-Work cryptographic problem as quickly as possible to be selected
as the successful creator of the next block and collect the associated transaction fees and block reward. The
miners use algorithms which sort and select the transactions to include in the current block in descending
gas price order.

3This process can also be thought as follows: the successful miner sells space in the block that they mined.
Users are buyers who submit bids to purchase space in the block. Assuming that there are only N units of
space in the current block and that each user needs one unit on average, then only the users submitting the
N highest gas price bids will have their transactions recorded in the block.
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Construction of basket of currencies and weighted ETH price
In Section 4 we argued that users may be concerned about the size of transaction fees in
terms of their local currency, instead of or in addition to the fee’s ETH value. To capture
the possible effect of the ETH price in terms of conventional currencies on the gas price
bidding choice of users, we create a basket of currencies consisting of the US dollar, the Euro,
and the Chinese Yuan and define a weighted exchange rate between ETH and this basket.
The selection of currencies and their associated weights was determined by the number of
active Ethereum nodes (node refers to a computer running special software and being active
part of the Ethereum network) during our study period.4 We then compute the weighted
exchange rate between the ETH cryptocurrency and the defined basket of currencies using
the geometric average method (Takagi, 1986),

ETH pricet =
[

EUSD,ETH
t

EUSD,ETH
base

]WUSD

x
[

EEUR,ETH
t

EEUR,ETH
base

]WEUR

x
[

ECNY,ETH
t

ECNY,ETH
base

]WCNY

Above, ETH pricet denotes the weighted exchange rate between ETH and the basket of cur-
rencies at time t, EUSD,ETH

t , EEUR,ETH
t , and ECNY,ETH

t are the prices of ETH in US Dollars,
Euro, and Chinese Yuan at time t, respectively; EUSD,ETH

base , EEUR,ETH
base , and ECNY,ETH

base are
the prices of ETH in US Dollars, Euro, and Chinese Yuan in the base period, respectively;
and the weights WUSD, WEUR, and WCNY equal the shares of active nodes running in the
US, Euro-zone countries, and China, respectively. We chose August 7, 2015 as the base date,
i.e., we set each ratio Ec,ETH

t

Ec,ETH
base

for c = USD, EUR, CNY equal to 1 at t = base.5

4We use data from Kim et al. (2018) about the number of active nodes on the Ethereum network in
2018. We only consider locations with share of active nodes greater than 10%. This filtering retains the
USA (43.2% share), China (12.9%) and the Euro-zone countries (11.7%). Scaling the shares to 100% yields
weights of 63.7%, 19%, and 17.3% for the US, China, and the Euro-zone, respectively.

5August 7, 2015 is the first date on which ETH was valued positively against conventional currencies
according to min-api.cryptocompare.com.
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Appendix B

Chapter 2

B.1 Tables

B.1.1 IEL performance

Table B.1: IEL additional performance

draws E Q ED ρB ρS I P BPS α

135 91.3 10.9 79.9 0.55 0.59 0.239 106.1 0.48 0.18
140 91.5 10.9 81.4 0.55 0.6 0.242 106.1 0.48 0.18
145 91.5 10.9 81.7 0.55 0.6 0.244 106.2 0.48 0.18
150 91.5 10.9 81.9 0.55 0.6 0.242 106.1 0.48 0.18
155 91.5 10.9 82.5 0.55 0.6 0.244 106.2 0.48 0.18
160 91.6 11 83.2 0.55 0.6 0.245 106.2 0.48 0.18
165 91.6 10.9 83.7 0.55 0.6 0.244 106.1 0.48 0.18
170 91.6 11 84.3 0.55 0.6 0.249 106.2 0.48 0.18
175 91.7 11 84.1 0.55 0.6 0.251 106.2 0.48 0.18

Notes: E = efficiency, Q = quantity, ED = draw of last trade, ρB = buyers’ correlation coefficient, ρS =
sellers’ correlation coefficient, I = inefficiency measurement, P = price, BPS = buyers’ profit split, α= price
volatility.

B.1.2 ZI performance

Table B.3: ZI additional performance

draws E Q ED ρB ρS I P ΠB ΠS α

135 79.2 8.2 111 0.52 0.52 0.03 109.7 223 314 0.16
140 79.9 8.3 115 0.52 0.53 0.03 109.7 225 317 0.16
145 80.8 8.5 119 0.53 0.53 0.04 109.6 229 319 0.16
150 81.6 8.6 123 0.53 0.54 0.04 109.5 231 322 0.16
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155 82.3 8.7 127 0.54 0.54 0.04 109.7 232 326 0.16
160 83.1 8.9 130 0.54 0.55 0.05 109.7 234 329 0.16
165 83.8 9 134 0.54 0.55 0.05 109.6 237 331 0.16
170 84.4 9.1 138 0.55 0.56 0.05 109.8 238 335 0.16
175 85 9.2 142 0.55 0.56 0.05 109.7 240 336 0.16
180 85.6 9.3 145 0.56 0.57 0.06 109.7 242 339 0.16
185 86.1 9.4 150 0.56 0.57 0.06 109.7 244 340 0.16
190 86.6 9.5 153 0.56 0.58 0.07 109.7 244 343 0.16
195 87.1 9.6 157 0.57 0.58 0.07 109.7 246 344 0.16
200 87.6 9.6 160 0.57 0.58 0.08 109.7 247 346 0.16
225 89.4 10 177.4 0.58 0.6 0.088 109.7 253 353 0.15
250 90.9 10.3 196.4 0.59 0.61 0.109 109.5 259 357 0.15
275 92 10.6 212.3 0.6 0.62 0.129 109.7 261 363 0.15
300 92.9 10.8 228 0.61 0.63 0.15 109.8 263 366 0.15
325 93.7 10.9 244.9 0.62 0.64 0.167 109.8 265 370 0.15
350 94.4 11.1 257.8 0.62 0.65 0.188 109.8 267 372 0.15
375 94.8 11.2 274.2 0.63 0.65 0.203 109.8 269 373 0.15
400 95.2 11.4 289.1 0.63 0.66 0.224 109.9 270 376 0.15
425 95.6 11.5 302.6 0.63 0.66 0.241 109.9 271 377 0.15
450 95.9 11.6 315.4 0.64 0.67 0.255 109.9 272 379 0.15
475 96.2 11.6 328.4 0.64 0.67 0.273 109.9 273 379 0.15
500 96.4 11.7 341.8 0.64 0.67 0.283 109.9 273 380 0.15
550 96.8 11.8 368 0.65 0.68 0.318 109.9 275 381 0.15
600 97.1 11.9 390.4 0.65 0.69 0.352 109.9 276 382 0.15
650 97.3 12 416.1 0.65 0.69 0.364 109.9 277 383 0.15
700 97.5 12.1 436.4 0.66 0.69 0.393 110 276 385 0.14
750 97.6 12.2 459.5 0.66 0.7 0.421 109.9 278 384 0.14

Notes: E = efficiency, Q = quantity, ED = draw of last trade, ρB = buyers’ correlation coefficient, ρS =
sellers’ correlation coefficient, I = inefficiency measurement, P = price, ΠB = buyers’ profits, ΠS = sellers’
profits.

Table B.4: ZI: price dynamics: average price of the first 10 trades

Order of Trade
draws 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

20 107.3 107.4 106.2 105.1 105.9 116.5
25 107.7 108 107.3 105.8 104.8 102.6 92.9
30 107.8 108.7 108.4 107.5 107 109.1 106.1
35 108 109 108.6 107.8 107.7 107 108.9 111
40 108.3 109 109 108.6 108.3 106.1 104.2 105.6
45 108.5 109.4 109.2 108.8 108.1 108.3 108.7 102.3
50 108 109.4 109.3 109.1 108.7 108.5 108.7 105.8
55 108.2 109.4 109.2 109.7 109 108.4 109.3 108.3 110.4
60 108.1 109.3 109.6 109.6 109 108.9 108.2 108.3 109.9 123.9
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65 108.2 109 109.3 109.7 109.4 108.8 108.5 107.7 109.2 108.9
70 107.8 109.3 109.5 109.5 109.2 109.1 108.8 107.8 108.5 113.1
75 107.6 109.1 109.5 109.6 109.5 109.1 109.3 109.6 108.1 110.9
80 108.3 109.2 109.6 109.4 109.9 109.5 109.4 108.9 108.2 107.1
85 107.9 109.2 109.8 109.7 109.7 109.4 109.4 109.3 109.2 108.9
90 108.5 109.2 109.4 109.7 109.7 109.8 109.4 109.3 109.2 109.8
95 108.2 109.2 109.4 109.6 109.8 109.9 109.9 109.3 107.9 108.4
100 108.6 109.5 109.5 109.6 110 109.7 109.5 109.4 109.6 108.3
105 108.2 109.3 109.7 109.9 110 109.6 109.8 109.8 109.2 109.1
110 108.3 109.3 109.6 109.7 109.7 109.7 109.6 109.8 109.5 108.8
115 108.2 109.1 110.3 109.9 109.6 109.7 109.8 109.3 109.4 109.6
120 108.1 109.3 109.9 109.7 109.7 110.1 109.8 109.3 109.5 109.6
125 108.1 109.3 109.5 110.1 109.8 109.6 109.8 109.7 109.8 110
130 108.1 109.3 109.7 110.1 109.7 110.1 109.9 109.8 109.7 109.7
135 108.1 109.7 110 109.7 109.7 109.9 110 109.5 110 109.4
140 108.1 109.5 109.9 110.2 109.8 109.8 110 109.6 110 110
145 107.9 109.1 109.7 109.9 109.6 110 109.7 109.6 109.7 109.9
150 107.3 109.4 109.8 109.7 109.6 109.8 110 109.8 109.5 109.9
155 108.5 109 109.7 109.9 109.8 110 109.6 110.1 109.8 110.1
160 108.4 109 109.6 109.8 109.9 110 109.9 110 109.9 109.9
165 107.9 109.5 109.5 109.7 109.8 109.7 109.9 109.9 110 109.6
170 108.1 109.7 109.6 109.8 109.9 110.1 109.6 110 110 110
175 108 109.2 109.7 109.9 109.9 110.1 109.7 109.9 110 109.8
180 108.1 109.5 109.5 109.8 110.1 110 109.8 109.8 109.5 110
185 107.8 109.4 109.3 110 110.1 109.8 110.1 109.7 109.8 110
190 108 109.2 109.6 109.6 110 109.8 110.1 110 110.1 110.4
195 108 109.2 109.6 109.6 110 109.8 110.1 109.9 109.9 110
200 108.1 109.5 109.5 109.8 109.8 109.8 109.9 109.9 110.1 110
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Table B.2: IEL: price dynamics: average price of the first 10 trades

Order of Trade
draws 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

20 104.1 103.6 103.8 104.2 104.7 104.5 104.3 97.2
25 103.4 103.4 104.2 104.5 104.3 104.9 104.6 104.1 106.5 98
30 103.8 103.6 104 104.4 105.2 105.2 105.6 106.3 106.8 110.5
35 104 103.3 103.8 104.5 105 105.4 105.7 106.5 106.7 109.5
40 104.1 104.1 104.1 104.4 104.6 105.4 105.7 106.4 107.7 107.8
45 103.1 103.6 104.1 104.5 105 105.6 106.4 106.7 107.4 107.9
50 104.4 103.7 103.7 104.3 104.9 105.4 106.3 106.7 107.7 108.2
55 103.9 103.6 104.1 104.3 105.1 105.7 105.8 107 107.9 108.5
60 104 103.8 103.9 104.1 104.5 105.5 106.2 107.3 107.8 108.2
65 104.1 103.6 104 104.3 105.1 105.6 106.3 107.2 107.7 108.7
70 103.9 103.6 104.3 104.5 104.8 105.5 106.3 107.1 108 108.9
75 103.8 103.8 104 104.7 105.1 105.6 106.2 107.3 108 108.8
80 104.1 104 104 104.2 105.3 105.7 106.4 107.4 108.2 108.8
85 103.6 104.1 104.3 104.6 105.2 105.7 106.1 107.3 108.4 109.1
90 103.5 103.6 104.1 103.7 104.9 105.4 106.4 107.3 108.4 109.1
95 104.1 103.9 103.8 104.5 104.9 105.8 106.5 107.2 108.2 109
100 103.8 103.9 104.4 104.7 105.2 105.8 106.4 107.3 108.4 109
105 103.7 103.9 103.6 104.5 104.9 105.6 106.7 107.2 108.6 109.1
110 103.6 104 104 104.4 105 105.5 106.2 107.1 108.1 109
115 103.7 103.9 104.2 104.1 104.3 105.6 106.4 107.4 108.2 109.3
120 103.9 104 103.9 104.6 104.9 105.4 106.4 107.2 108.5 109.1
125 103.9 103.5 104 104.5 105.2 105.5 106.4 107.4 108.7 109.1
130 103.5 103.9 104.2 104.3 105.2 105.6 106.3 107.2 108.1 109.2

B.2 Robustness

B.2.1 IEL parameters: J and µ

Table B.5: Robustness: IEL parameters - efficiency (SFU, 40 draws)

J µ=0.0033 µ=0.033 µ=0.25
50 69.8 70.2 70.0
100 74.0 73.9 73.9
200 75.7 75.9 75.6
300 76.2 76.1 76.4
400 76.9 76.7 76.7
500 76.8 76.7 76.8
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Table B.6: Robustness: IEL parameters - price (SFU, 40 draws)

J µ=0.0033 µ=0.033 µ=0.25
50 105.4 105.6 105.4
100 104.9 104.9 104.7
200 104.3 104.3 104.4
300 104.4 104.3 104.4
400 104.2 104.0 104.3
500 103.9 104.0 104.0

Table B.7: IEL performance: additional J = 300, µ = 0.033

draws E Q ED ρB ρS I P BPS α

20 49.9 4.7 16 0.37 0.35 0.01 103.5 0.49 0.21
25 58.9 5.8 21 0.42 0.4 0.01 103.5 0.50 0.21
30 65.8 6.7 26 0.45 0.44 0.03 103.7 0.50 0.21
35 71.7 7.5 30 0.47 0.46 0.04 104 0.50 0.2
40 76.2 8.2 35 0.49 0.49 0.06 104.3 0.50 0.2
45 80.1 8.8 39 0.51 0.51 0.08 104.4 0.50 0.2
50 83.2 9.3 43 0.52 0.53 0.11 104.5 0.50 0.2
55 85.6 9.8 47 0.53 0.54 0.13 104.8 0.49 0.19
60 87.6 10.1 51 0.53 0.55 0.17 104.9 0.49 0.19
65 89.2 10.5 55 0.54 0.57 0.2 105.1 0.49 0.19
70 90.6 10.8 58 0.55 0.58 0.23 105.2 0.49 0.19
75 91.7 11 61 0.55 0.58 0.26 105.3 0.49 0.19
80 92.5 11.2 65 0.56 0.59 0.29 105.4 0.49 0.19
85 93.1 11.3 68 0.56 0.6 0.32 105.4 0.49 0.18
90 93.7 11.5 71 0.56 0.61 0.34 105.4 0.50 0.18
95 94.3 11.6 73 0.56 0.61 0.37 105.5 0.49 0.18
100 94.7 11.7 76 0.57 0.62 0.4 105.6 0.49 0.18
105 95 11.8 79 0.57 0.62 0.42 105.7 0.49 0.18
110 95.2 11.9 81 0.57 0.62 0.44 105.7 0.49 0.18
115 95.4 11.9 83 0.57 0.62 0.45 105.6 0.49 0.18
120 95.7 12 85 0.57 0.63 0.46 105.8 0.49 0.18
125 95.8 12 87 0.57 0.63 0.48 105.8 0.49 0.18
130 96 12.1 89 0.58 0.63 0.49 105.8 0.49 0.18

Notes: E = efficiency, Q = quantity, ED = draw of last trade, ρB = buyers’ correlation coefficient, ρS =
sellers’ correlation coefficient, I = inefficiency measurement, P = price, BPS = buyers’ profit split, α= price
volatility.
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B.2.2 NI parameters: %NI and Sn, J = 300

Table B.8: Robustness: IEL+NI search (55 draws) vs MobLab

SN =200 SN =250 SN =300
%NI e p d e p d e p d
0.05 85.9 105.1 51.20 86.1 106.2 38.29 85.8 107.1 29.05
0.10 86.6 105.1 51.86 86.4 107.7 23.95 86.2 109.5 10.81
0.15 86.9 105.3 50.06 86.6 108.9 15.09 86.5 112.1 1.43
0.20 87.2 105.1 53.49 87.0 109.9 10.14 86.7 114.2 1.65
0.25 87.6 105.1 55.12 87.4 111.2 6.17 86.9 116.2 8.38
0.30 88.0 105.2 55.92 87.6 112.4 4.42 87.2 118.6 25.05
0.35 88.2 105.4 54.65 88.0 113.4 6.01 87.6 121.4 56.39
0.40 88.6 104.9 63.64 88.4 114.8 10.47 87.8 123.3 84.50

iel only 85.6 104.8 55.19
zi only 50.8 109.4 1680.93

Notes: e=efficiency, p=price, d= distance = (e − e∗)2 + (p − p∗)2 where (e∗, p∗) are the MobLab values.

Table B.9: Robustness: IEL+NI search (40 draws) vs SFU

SN =200 SN =250 SN =300
%NI e p d e p d e p d
0.01 76.5 104.3 61.76 76.3 104.3 57.48 76.2 104.8 54.37
0.02 76.6 104.2 64.22 76.6 104.6 63.29 76.5 105.3 60.15
0.03 76.6 104.2 64.22 76.4 105.0 58.28 76.5 106.0 60.09
0.04 76.6 104.3 63.96 76.6 105.4 62.29 76.4 106.3 58.17
0.05 77.0 104.4 72.93 76.8 105.7 66.73 76.6 106.9 63.50
0.10 77.3 104.7 79.63 77.2 107.3 78.55 76.8 109.4 78.99
0.20 78.3 104.9 106.29 78.1 109.7 114.32 77.7 114.5 158.36

iel only 76.2 104.2 55.65
zi only 40.3 109.1 1880.00

Notes: e=efficiency, p=price, d= distance = (e − e∗)2 + (p − p∗)2 where (e∗, p∗) are the MobLab values.

B.3 IEL

We investigate market outcomes under a simple evolutionary mechanism of individual learn-
ing, which reinforces successful and discourages unsuccessful strategies. We call this model
of individual behavior, Individual Evolutionary Learning, IEL. It is based on an individual
(not social) evolutionary process. It is well suited for applications in environments with
large strategy spaces (subsets of real line) such as our continuous double auction environ-
ment. See Arifovic and Ledyard (2004) for a discussion of the advantages of IEL over other
commonly used models of individual learning, such as reinforcement learning (Erev and
Roth, 1998) and Experience-Weighted Attraction learning (Camerer and Ho, 1999), in the
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environments with large strategy spaces.

In our double auction market environment, agents can submit multiple orders during each
trading round. The evolution of the orders within a round is modeled by the Individual
Evolutionary Learning (IEL) algorithm and involves the following steps:

• specification of a space of strategies (or messages);

• limiting this space to a small remembered set of strategies for every trader;

• choosing one message from the remembered set on the basis of its performance mea-
sure;

• evolving the remembered set using experimentation and replication.

B.3.1 Messages

In our continuous double auction environment, a trader is randomly selected without re-
placement. A selected trader submits her bid or ask, depending on her role. We assume
that a message, ϵb,r,t (ϵs,r,t) represents a potential bid (or ask) order price from buyer b (or
seller s) at the rth random selection draw in trading session t. In our treatments, we do not
allow a violation of the individual rationality (IR) constraint; that is, we require ϵb,r,t ≤
Vb,t,k+1 and ϵs,r,t ≥ Cs,t,k where k denotes the number of units a buyer or a seller holds as
submitting a new trade order.1 In all treatments, we require that possible orders belong to
the interval [sl, su].2

B.3.2 Individual remembered set

Even if there is a continuum of possible messages, every agent will be restricted at every
time to choose between a limited number of them. The remembered set of messages (bids)
available for submission at time t by buyer b is denoted by Bb,r,t. The remembered set of
messages (asks) available for submission at time t by seller s is denoted by As,r,t. We initial-
ize these sets by randomly selecting J items from [sl, Vb,k+1,0] for the buyers and [Cs,k,0, su]
for the sellers. In our simulations in this paper, J = 100.

In each trading period, the remembered set of each agent is updated whenever there is a
change in the order book, but the number of messages in the remembered set is fixed and
equals to J . Some of the messages in the remembered set might be identical, so that an
agent may be choosing from J or less possible alternatives.

1When a buyer already has k units, she bids for the next unit she buys; that is, she will consider her
valuation for the k+1th unit. When a seller, on the other hand, has k units, she asks for the next unit she
sells; that is, she will consider her cost for the kth unit.

2These limits are set by the trading platform and are not parameters of any IEL agent.
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The remembered set used at rth random selection draw in trading period t is updated after
a change is observed in order book by subsequent application of two procedures: exper-
imentation and replication. During the experimentation stage, any message from the old
remembered set can be replaced with a small probability by some new message. In such a way
for every buyer and seller the intermediate remembered set s are formed. More specifically,
each message is removed from the remembered set with a small probability of experimen-
tation, ρ, or remains in the old remembered set with probability 1-ρ. In case a message is
removed, it is replaced by a new message drawn from the truncated normal distribution
on [sl, Vb,k+1,0] with mean m and standard deviation equal to max{1, 0.1(Vb,k+1,0 − sl)} for
buyers and symmetrically for sellers. In our simulations ρ = 0.033.

At the replication stage two randomly chosen messages from the just-formed (intermediate)
remembered set are compared one with another, and the best of them occupies a place in
a new remembered set , Bb,r′ ,t, for a buyer or As,r′ ,t for a seller.3 For every agent such a
process is independently repeated J times (with replacement), in order to fill all the places
in the new remembered set . The comparison is made according to a performance measure
which is defined below. Therefore, during replication, we increase an amount of “successful”
messages in the remembered set at the expense of less successful ones.

B.3.3 Calculating the foregone payoffs

How good is a given message? Indeed, only the message which has actually been used last
random selection draw delivers a known payoff given by

Ub(p) =
{

Vb,k+1,t − p, if buyer b traded at price p
0, if buyer b did not trade

(B.1)

Us(p) =
{

p − Cs,k,t, if seller s traded at price p
0, if seller s did not trade

(B.2)

An agent who is learning would also like to infer foregone payoffs from alternative strategies.
To do this, every agent applies a counterfactual analysis. Notice that this is a boundedly
rational reasoning, since our agent ignores the analogous learning process of all the other
agents.

The calculation of foregone payoff is similar to above calculation; however, the price of
transaction is notional and depends on the amount of information which is available to the
agent. We use open book treatment in all of our treatments. Under the open book treatment
each agent uses the full information about all bids, asks, and prices from the previous trades

3r
′

denotes the next random selection draw in which buyer b (or seller s) is selected and the state of the
order book has changed.
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made in a given trading period. Only the identities of bidders are not known preventing
direct access to the behavioral strategies used by others.

Under the open book treatment, an agent knows the state of the order book at every mo-
ment of the previous state of a trading session. Assuming that her arrival time does not
change, the agent can find a price of a (notional) transaction, p∗

.,r,t(ϵ), for any alternative
message ϵ. and compute his own payoff using regular surplus formula provided above. Thus,
the foregone payoffs are given by

Ub,r,t(ϵb,r,t | ℑb,r,t) =
{

Vb,k+1,t − p∗
b,r,t(ϵb,r,t | ℑb,r,t), if order ϵb,r,t of buyer b transacts

0, otherwise
(B.3)

Us,r,t(ϵs,r,t | ℑs,r,t) =
{

p∗
s,r,t(ϵs,r,t | ℑs,r,t) − Cs,k,t, if order ϵs,r,t of seller s transacts

0, otherwise
(B.4)

where ℑb,r,t and ℑs,r,t are information sets of buyer b and seller s at random selection draw
of r in trading round t.

B.3.4 Selection of a message from the remembered set

In each trading period, traders submit trade orders according to random sequential bidding.
That is, a trader is randomly selected from a uniform distribution without replacement
and the selected trader submits a message from her remembered set of messages with
a selection probability. The selection probability is based upon foregone payoffs from the
previous change in the state of the market.4 For example, for buyer b the selection probability
of each particular message ϵb,r,t from remembered set Bb,r,t is computed as

πb,r,t(ϵb,r,t) = Ub,r,t(ϵb,r,t|ℑr,t)∑
ϵ∈Bb,r,t

Ub,r,t(ϵ|ℑr,t)

where ℑr,t is an information set available at random selection order r in trading round t.
Under individual rationality all messages have non-negative performances. This guarantees
that the selection probability is always between 0 and 1.

4Within a trading round, market state changes when there is a change in the order book. This could be
due to a successful trade, a new best bid (highest bid) or ask (lowest ask), or a cancelled trade order.
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B.3.5 What is IEL doing that is different from previous versions used in
battle of the sexes, VCM, call markets etc.?

The remembered strategy set varies as the holdings vary. Because IEL buys 1
unit at a time and because the payoff of the next unit depends on how many units IEL
currently holds, both the remembered sets and the foregone utilities of their items need to
change as the holdings change.

After a buy bid is filled for an IEL buyer, suppose IEL now holds k units of the commodity.
All strategies b such that b ≥ Vk+1 are filtered out of A, the set of remembered strategies.
Then new strategies are randomly picked from [sl, Vk+1] until A again has J items.

The forgone utilities vary as the holdings and the book change. Foregone utility
depends on Vk+1 and O. Vk+1 depends on holdings. So the foregone utility of each strategy
changes when holdings change.

Timing In past uses of IEL, agents took an action once each round. There was no timing
decision to be made. In the CDA, IEL must interact asynchronously in continuous time.
This requires a timing decision - when to submit orders. For the CDA simulations, we use
the Gode and Sunder methodology of random, sequential bidding. IEL does not change its
timing in reaction to changes in the book or to changes in its holdings.
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B.4 SFU experiment

B.4.1 Screen shots

Figure B.1: Flex-e-Markets online double auction trading platform (buyer)

Figure B.2: Flex-e-Markets online double auction trading platform (seller)

B.4.2 Values and costs
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