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Abstract of Dissertation

Two Essays Exploring the Financial Frontier

The first chapter of the dissertation focuses on studying the behavior of Bitcoin

investors by analyzing the order flow data obtained from the largest U.S.-based cryp-

tocurrency exchange. The chapter presents results that provide insights into the trad-

ing patterns of Bitcoin investors and the factors influencing their decision-making.

The findings reveal that investors who place market orders in Bitcoin tend to ex-

hibit a predominantly contrarian behavior. In other words, they tend to buy Bitcoin

when prices have fallen and sell when prices have risen. The analysis further demon-

strates that larger traders exhibit a stronger contrarian behavior compared to smaller

traders. Moreover, the results indicate positive returns associated with contrarian

trading, aligning with the liquidity provision theory proposed by Kanial, Saar, and

Titman (2008). The chapter also explores other factors that impact the order flow of

Bitcoin, such as social media sentiment and attention. The study reveals that smaller

investors’ trading decisions are influenced by social media sentiment and attention.

However, it is observed that the largest investors do not base their trades on these

factors. Furthermore, an analysis of investors’ market timing skills indicates that

larger investors exhibit superior market timing abilities, which is consistent with the

profitability of their contrarian trading strategy.

The second chapter of the dissertation focuses on examining the factors that influ-

ence Environmental, Social, and Governance (ESG) practices of firms, with a specific

focus on the role of board diversity in influencing a firm’s sustainability efforts. The

chapter presents findings that demonstrate that the firm’s emission of air pollutants

decreases with ethnic and cognitive diversity of board members. To establish causal-

ity, instrumental variable analyses are employed, leveraging the exogenous variation

in firms’ access to non-local diverse board members who reside over 150 miles away
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but within a non-stop flight from the firm’s headquarters. The results indicate that

the negative correlation between board diversity and air pollutant emissions is causal.

In other words, an increase in board diversity leads to a reduction in the emission

of air pollutants in subsequent years. Furthermore, the chapter investigates how Re-

search and Development (R&D) investments serve as a mechanism through which

board diversity enhances firms’ pro-social behavior, ultimately resulting in reduced

air pollutant emissions. The findings suggest that board diversity influences firms to

reduce emissions by making more effective R&D investments.
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Chapter 1.
Bitcoin Investors’ Style, Skill, and Sentiment

Abstract

I examine the style and skill of small, medium, and large Bitcoin traders using order

book data from the largest U.S.-based exchange, Coinbase. I find that all but the

smallest traders are contrarian—they buy when prices have fallen and vice versa—

and the larger the traders, the more contrarian they are. Additionally, large Bitcoin

traders anchor to the 30-, 90-, and 120-day highs. On the other hand, smaller investors

mainly trade based on investor sentiment and attention. Decomposing the order flows,

I find that contrarian trades positively predict Bitcoin returns, and consistently, larger

traders who are contrarian on average show evidence of market timing skills. On the

other hand, sentiment- and attention-induced trading, which are mainly implemented

by smaller traders, have no predictive power for returns. Overall, the results are

consistent with larger traders being compensated for providing liquidity to smaller

investors’ sentiment and attention-driven trades.
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1. Chapter 1

1.1. Introduction

Bitcoin’s average daily trading volume reached an all-time high of $47.2 billion in

2021. 1 Such daily volume represents 5.55% of Bitcoin’s market cap, far above

any other asset in other markets.2 What drives such a high trading volume? How

profitable/informed are these trades? Do retail or large Bitcoin investors behave dif-

ferently in this market? In particular, what motivates trading among investors of

different sizes? Do traders make costly mistakes in their trading decisions? Address-

ing these questions offers valuable insights for researchers in the field of blockchain

and cryptocurrency to better understand the drivers of Bitcoin trades and investor

behavior in this market. This paper analyzes Bitcoin’s detailed trading data to shed

light on these questions.

I study the behavior of Bitcoin investors based on market orders data gathered from

the largest U.S.-based cryptocurrency exchange, Coinbase.3 My analysis is focused

on Bitcoin’s order imbalance, defined as net buy volume scaled by total transaction

volume, at various hourly frequencies. This measure captures the net buying pressure

from directional traders who submit market orders against the limit order book.

Using the trading data, I classify Bitcoin investors into large, medium, and small

traders, and examine potential factors driving the trades by each group, including

style, sentiment and investor attention captured by social media data. Finally, I

decompose the order flows into different components driven by these factors and

examine how informed these components are for different investor size groups.

1Source: https://coinmarketcap.com/currencies/bitcoin/historical-data/
2For instance, daily trading volume of Apple Inc, the largest company in the world as far as

market capitalization, is 0.3 basis points of its market capitalization as of September 29, 2022.
3Coinbase provides service to the traders in the U.S., Canada, Australia, United Kingdom, Sin-

gapore and some of European countries.
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Understanding the drivers of investors’ net buy volume—order imbalance—is par-

ticularly important for Bitcoin. First, Bitcoin’s “fundamental value” is hard to pin

down.4 Second, buying pressure for Bitcoin can be perceived as a sign of adoption,

which affects Bitcoin’s underlying value (Cong, Li, and Wang (2021), Sockin, and

Xiong (2020)).

I start by studying the factors affecting investors’ style by examining how buy and sell

trades depend on past Bitcoin returns. My style measure is motivated by Grinblatt,

Titman and Wermers (1995); it is the inner product of Bitcoin’s order imbalance

(scaled by volume) with its preceding period return. While Grinblatt, Jostova, Pe-

trasek, and Philipov (2020) and Grinblatt, Titman and Wermers (1995) use the style

measure in a cross-sectional setting to study mutual and hedge funds, I modify the

measure to fit a time series analysis. The null hypothesis is that the mean value of

the style measure is not statistically different from zero. A significantly positive style

measure implies a momentum strategy, and a significantly negative result implies a

contrarian strategy by Bitcoin investors.

My results suggest that all but the smallest Bitcoin traders consistently implement a

contrarian trading strategy. When the Bitcoin price falls, Bitcoin investors’ buying

intensifies, and when the Bitcoin price rises, Bitcoin investors’ selling intensifies over

the subsequent 24 hours. Throughout the paper, I examine Bitcoin traders’ style by

trade size, dividing the trades into size quartiles based on dollar value. I find that the

larger the investor groups, the more contrarian they are. Separating buyer- and seller-

dominated hours5, I show that sellers of all sizes adopt a contrarian trading strategy.

4Biais, Bisiere, Bouvard, Casamatta and Menkveld (2022) define the fundamental value of cryp-
tocurrencies as a stream of transactional benefits. However, unlike equity cash flows (e.g. dividends)
transactional benefits depend on investor beliefs about future prices and uses of cryptocurrencies.

5Bitcoin traders’ style may not be the same on the buy and sell side, and the style of one side
may overshadow the style of the other side. I capture this difference by decomposing trades to buys
and sells. Following Grinblatt, Jostova, Petrasek, and Philipov (2020), I divide the dataset into
two subsets: 1. Periods in which buy volume exceeds sell volume. 2. Periods in which sell volume
exceeds buy volume.
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Moreover, all buyers follow a contrarian trading strategy, except the smallest group

who follow a momentum strategy.

To further understand the dynamics of Bitcoin investors’ style investing, I examine

how traders respond to Bitcoin price changes when it hits 30-, 90-, and 120- day highs

and lows. I show that the largest investors consistently anchor on both highs and

lows; they are net sellers after historical highs and net buyers after historical lows.6

My results suggest that the largest Bitcoin traders’ stronger contrarian strategy is

consistent with anchoring to past highs and lows.

Second, I examine how sentiment and investor attention impact Bitcoin order flows.

To capture the sentiment and investor attention, I scrape data from Reddit, a social

news aggregator with various topic-specific divisions. Approximately 70% of Reddit

users are from countries to which Coinbase provides service. I classify the sentiment

expressed in Reddit’s Bitcoin posts as positive, negative, and neutral, using VADER,

Valence Aware Dictionary and sEntiment Reasoner, which is a sentiment analysis

method specifically attuned to sentiments expressed in social media (see Elbagir,

and Yang (2019), and Huang, and Shelar (2018)). Creating a sentiment index, I

inspect the relationship between investor sentiment and Bitcoin order imbalance.

Furthermore, I measure investor Attention as the number of posts in each hour and

examine the impact of attention on Bitcoin’s order flow.

My results suggest that mid-size and small traders’ order imbalance is positively cor-

related with lagged sentiment, while that of the largest traders has no correlation with

the sentiment. Moreover, the correlation between order imbalance and the attention

index is significantly negative for large traders and significantly positive for all other

size groups. This finding implies that higher attention stimulates more buying than

6George, and Hwang (2005) explain anchoring bias of traders by investors’ reluctance to revise
their valuation of a stock based on new information depending on nearness to its 52-week highs.
Similarly, when Bitcoin’s price hits highs (lows), the largest traders, place market sells (buys).
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selling among smaller traders, which appears to create a good selling opportunity for

the largest traders. Overall, the findings on sentiment analysis and investor attention

suggests that smaller investors trade based on sentiment and social media activity,

but larger traders move against the crowd.

After analyzing the drivers of Bitcoin’s order imbalance for different size groups, I

study the extent to which the different components of order imbalance predict re-

turns over the next hour/24 hours. First, using a 2-stage approach, I decompose

the order imbalance into five components for different size groups.7 The components

include Contrarian representing the contrarian style of investors, Sentiment and

Attention representing sentiment- and attention-induced trades, Persistence repre-

senting investors’ persistence in directional trading, and Other representing other

residual factors driving Bitcoin’s order flow.

My results show that, the contrarian components of the order flow significantly posi-

tively predicts Bitcoin’s return during the next hour. This finding is consistent with

the liquidity provision proposed by Kaniel, Saar and Titman (2008) arguing that

risk-averse investors adopting a contrarian trading strategy provide liquidity to meet

less risk-averse investors’ demand for immediacy and generate excess returns. More-

over, sentiment- and attention-induced trades do not predict future returns. This

finding suggests that, in contrast to style investing, sentiment- and attention-induced

investing are not profitable on average, which is particularly relevant for medium and

smaller traders whose order flow is mostly driven by these factors.

In addition to Bitcoin investors’ style, I study Bitcoin traders’ market timing skills.

Coinbase data does not contain any identifier for individual traders, and hence, it

is impossible to observe when individual traders close their positions. Therefore, I

7Boehmer, Jones, Zhang, and Zhang (2021) decompose marketable retail order imbalance into
persistence, contrarian as well as sentiment trading and show that less than half of the marketable
retail order imbalance predictive power is attributable to persistence in directional trading, while no
predictive power is attributed to contrarian or sentiment trading.
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inspect how effective traders are at placing their market orders before prices move

against them. I separately examine returns in hours subsequent to periods in which

OIB>0, and OIB<0. I show that unlike sellers, all but the smallest buyers have

some significant market timing skills.

I further examine the market timing skills of traders of different sizes in forecasting

up and down prices, inspired by Henriksson, and Merton (1981). I calculate the

probability of investors placing a buy order before an increase in Bitcoin price and

a sell order before a decrease in Bitcoin price. I find that the larger the investors,

the more likely they are to correctly forecast the direction of price movement. This

is consistent with my two earlier findings that 1) the largest Bitcoin investors are

the most contrarians 2) the contrarian trading strategy contains information in the

Bitcoin market.

Furthermore, I explore if Bitcoin traders’ order flow shows any seasonal pattern.

Seasonality of Bitcoin returns, trading volume, and volatility has been studied in

the literature to assess return predictability in the Bitcoin market (see Padysak, and

Vojtko (2022), Catania, and Sandholdt (2019), Kaiser (2019), Long, Zaremba, Demir,

Szczygielski and Vasenin (2020), etc). I examine the seasonality of order imbalance,

which reflects traders’ expectation of future Bitcoin prices. I show that for all but

the smallest investors the order imbalance is the highest on Mondays and the lowest

on Saturdays, meaning that investors buy relatively more aggressively on Mondays

and sell more aggressively on Saturdays. Investigating intra-day seasonality of order

imbalance, I show that the order imbalance of investors of all quartiles is smallest

at times 24:00 (UTC) and 23:00 (UTC) and largest at 11:00 (UTC). Furthermore,

Bitcoin average returns are the highest at times 22:00 (UTC) and 23:00 (UTC), the

hour following New York and Toronto stock exchanges closure, and the lowest at 4:00

6



(UTC).8 In other words, the highest selling pressure is observed right after the highest

daily return, which is consistent with the contrarian trading strategy.

Finally, I study the impact of investors’ cultural differences on their Bitcoin trading

using market orders data from an alternative exchange, Binance. During the time

period of this analysis, traders of Eastern nations such as China, India, Russia, etc.,

were able to trade on Binance, while U.S. traders were banned from trading on this

platform.9 Coinbase on the other hand, provides service to the traders in the U.S.,

Canada, Australia, United Kingdom, Singapore and some of the European countries.

The two exchanges’ difference in the countries to which they provide service creates a

unique opportunity to compare trading strategies and market timing skills of traders

of different cultures.

My results show that unlike traders on Coinbase, traders on Binance follow a mo-

mentum strategy in all quartiles. In addition, I show that while the largest traders

from a U.S.-based exchange anchor on highs, the largest traders of Asian countries

do not demonstrate any anchoring bias. Lastly, I compare the market timing skills of

Binance and Coinbase traders and find that U.S. traders are more likely to correctly

time Bitcoin prices compared to Asian traders, consistent with the earlier finding that

contrarian trading style leads to positive returns.

In sum, using detailed market order data, this research extends the Bitcoin literature

in several ways: 1. It sheds light on the style of Bitcoin investors by different size

groups. 2. It shows the impact of investors’ sentiment and attention on order imbal-

ance. 3. It documents anchoring bias of Bitcoin’s largest traders. 4. It decomposes

the order flows into different components and examine how informed each component

8This is consistent with the findings of Padysak, and Vojtko (2022), who argue that the highest
Bitcoin returns are during the times when major stock exchanges around the world are closed.

9While Binance stopped accepting U.S. traders, its U.S.-based version, Binance.US, started pro-
viding services into the U.S. market. The dataset used in this analysis is from Binance which does
not contain the transactions from the U.S. traders.

7



is. 5. It investigates the market timing skills of traders and illustrates that the largest

traders are more skillful in market timing 6. It shows that most buyers are better

than sellers in timing the market. 7. It provides evidence of liquidity provision in the

Bitcoin market. 8. It identifies hourly and daily seasonality in Bitcoin’s order flow.

9. It provides evidence of cultural differences in Bitcoin investors’ style and skill.

1.2. Literature Review

The Bitcoin literature started with Nakamoto (2009) who proposes a peer-to-peer

version of electronic cash as a secure solution for double spending problem caused

by existence of third-parties in monetary transactions. As decentralized monetary

systems gained attention, the literature started to develop around Bitcoin as an al-

ternative investment. As described by Kayal and Rohilla (2021), Bitcoin research

evolved in five strands: price dynamics, volatility and bubbles, economics and effi-

ciency of Bitcoin, Bitcoin as a currency vs an asset, and social media and investor

sentiment’s impact on the Bitcoin market.

Research on Bitcoin’s price dynamics aims to determine the source of Bitcoin value.

The most common principle in determining Bitcoin’s price is the theory of supply

and demand. Blundell-Wignall (2014) attributes the rising prices of Bitcoin to its

inelastic demand and tight supply. Brandvold, Molnar, Vagstad and Valstad (2015)

note that exchanges can enhance Bitcoin’s price discovery and sharing information.

McIntyre and Harjes (2016) show that order flow, which they define as the difference

between buyer- and seller-initiated trading volumes, has positive explanatory power in

determining Bitcoin prices. Cong, Li, and Wang (2021), and Sockin, and Xiong (2020)

propose that the value of Bitcoin is highly dependent on the network externalities of

adoption by users and investors. Griffin, and Shams (2020) argue that demand forces

can have an intensified impact on Bitcoin value since they are likely to be perceived

8



as a sign of “adoption”.

Biais, Bisiere, Bouvard, Casamatta and Menkveld (2022) suggest that the funda-

mental value of cryptocurrencies is determined by their transactional benefits which

depend on investor beliefs about future prices. Lee, Li and Zheng (2020), Koutmos,

and Payne (2021), and Tang, and Liu (2022) investigate investors’ style by examining

Bitcoin returns but not the order flow. I propose that order flow reflects investors’

expectations about Bitcoin’s future prices: net buying reflects expectations of rising

prices in the future.

The Bitcoin literature in economics and efficiency aims to explain Bitcoin design

aspects and investigates the efficiency of Bitcoin. The literature establishes that being

in an embryonic stage, the Bitcoin market is volatile but in the long run it is expected

to move towards stabilized prices, less volatility and fewer bubbles. Urquhart (2016)

shows that the Bitcoin market is inefficient. Houy (2014) proposes that introducing

a transaction fee and imposing a cap for block size can correct the inefficiency of an

externality’s free market but lead to loss of efficiency due to the fee. In addition,

seasonality of Bitcoin returns, trading volume and volatility have been studied in the

literature to assess Bitcoin price predictability. Padysak, and Vojtko (2022) study the

intraday seasonality of returns in Bitcoin using Gemini exchange data. Dividing days

into trading hours, overnight hours and closed market days, holidays and weekends,

they suggest that Bitcoin returns at times 22:00 (UTC) and 23:00 (UTC) are likely

to be the highest. My Coinbase results are consistent, implying maximum returns at

times 22:00 (UTC) and 23:00 (UTC) and minimum returns at 4:00 (UTC). Catania,

and Sandholdt (2019) find increasing trading volume during Monday to Friday and

a decreasing volume over Saturday and Sunday, consistent with the results I obtain

using Coinbase transaction data. Kaiser (2019) considers the cross-section of 10

cryptocurrencies and finds less trading volume in January, during summer months,
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and weekends. Long, Zaremba, Demir, Szczygielski and Vasenin (2020) show that

average past same-weekday returns are positively correlated with the cross-sectional

future performance.

Studies of volatility and bubbles in the Bitcoin market focus on Bitcoin’s price fluctu-

ations and the potential of extreme returns. Studying extreme volatilities in Bitcoin

prices, Bouoiyour and Selmi (2015) show that negative news has a larger impact on

Bitcoin’s price volatility than positive news. Chevapatrakul and Mascia (2019) doc-

ument that investors overreact during days of sharp declines and weeks of sharp rises

in the Bitcoin price. Studying why markets crash, and using Bitcoin market’s order

book, Doniar and Bouchaud (2015) show that the main reason for market crashes

is not selling pressure but rather the scarcity of buyers. Their dollar-based amount

analysis shows a large sell-off before a crash, which occurs when price is at peak;

this is in line with my results showing that the largest traders selling intensifies when

Bitcoin hits its high 30-, 90-, and 120-day prices. Silantyev (2019) shows that Bit-

coin’s trade flow imbalance exhibits strong explanatory power for contemporaneous

Bitcoin price changes. I find consistent results showing significant correlation between

Bitcoin’s concurrent returns and order flow. Scaillet, Treccani, and Trevisan (2020)

look at Bitcoin’s price jumps, and show that the order imbalance, significance of ag-

gressive traders, and widening of the bid ask-spread can predict jumps. Feng, Wang,

and Zhang (2018) examine informed trading based on order imbalance around major

events. They pick 42 events, around which they conduct their analysis. Their results

suggest informed trading of buyers, two days prior to large positive events, and of

sellers, one day before large negative events.

Another strand in the Bitcoin literature investigates whether Bitcoin is more like

an asset or a currency. On the one hand, Bitcoin’s lower transaction cost makes it

an inexpensive fund transfer system that facilitates access to financial services (see
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Kayal and Rohilla (2021), Folkinshteyn, Lennon and Reilly (2015) and Chowdhury

and Mendelson (2013)). On the other hand, Baur, Hong and Lee (2018) and Kajtazi

and Moro (2019) argue that Bitcoin is widely used for speculative and investment

purposes rather than for buying goods and services. Inspired by the findings of the as-

set pricing literature, Liu, Tsyvinski, and Wu (2022) investigate common risk factors

in the cryptocurrency market and show that returns on the cryptocurrency mar-

ket, size, and momentum have an explanatory power for the cross-sectional expected

cryptocurrency returns.

A large body of literature has focused on the impact of social media and investors’

sentiment on Bitcoin’s price as Bitcoin’s price is driven by future expectations of the

Bitcoin holders (Kayal and Rohilla, 2021). Ibikunle, McGroarty and Rzayev (2020)

investigate the relationship between investors’ attention and Bitcoin’s price discovery.

They show that high levels of investor attention is related to noise rather than to

Bitcoin’s underlying value. Using Reddit sentiment data, I show that trading on

attention does not lead to significant returns, consistent with the findings of Ibikunle,

McGroarty and Rzayev (2020). Kantorovitch and Heineken (2021) explore comments

in Bitcointalk.org and suggest that high levels of disagreement in comments lead to

negative future returns. Gao, Huang, and Wang (2021) perform a high frequency

analysis using Twitter sentiment and indicate that bullish sentiment is followed by a

higher Bitcoin return and volatility over the next 24 hours, while bearish sentiment

does not have any predictive power. Using Reddit sentiment data, I show that while

negative sentiment leads to a decrease in the net buy volume of investors over the

following hours, it does not have any predictive power for Bitcoin returns.
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1.3. Data

I collect data for Bitcoin market trades from Coinbase Pro exchange from June 1, 2016

to September 30, 2021. I pick June 1, 2016 as a start date to minimize the number

of hours missing transactions while maintaining an ample time period of study. I

choose Coinbase Pro exchange because it is one of the most widely used exchanges,

and because its trade book distinguishes buyers from sellers. The latter eliminates

the need for using the tick rule to identify buyers and sellers (e.g. Feng, Wang, and

Zhang (2018)), reducing measurement error. The data consists of market orders,

which Coinbase refers as Taker Orders. Coinbase matches Taker Orders with the

earliest in time Maker Orders at the best price on the order book. Thus, a transaction

labeled as a “Buy” refers to a market buy order matched with the earliest sell order

at the best price from the limit order book.

Coinbase is the largest cryptocurrency exchange in the U.S. (according to Forbes),

and provides service to the United States, the United Kingdom, Canada, Australia,

Singapore and mostly European countries. Coinbase has the second largest 24-hour

trading volume for Bitcoin.10 Coinbase Pro is a platform of Coinbase which offers

lower fees, and advanced charting and trading options. While beginners may find

Coinbase more user friendly for its simple interface, lower fees and various types of

transactions offered by Coinbase Pro incentivize some investors to choose Coinbase

Pro. Not surprisingly, more than 80% of Coinbase’s Bitcoin trading volume takes

place in the Coinbase Pro platform.11 Thus, the transaction data gathered from

Coinbase Pro is representative of the transactions of all Bitcoin traders on the Coin-

base exchange.

Each month, I sort market orders based on their dollar value into quartiles. I inves-

10Binance has the largest 24-hour trading volume for Bitcoin.
1124-hour Bitcoin trading volume for Bitcoin is generated from www.bitcointradevolume.com and

for Coinbase Pro is generated from www.coinranking.com/exchanges?search=coinbase
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tigate the style and skill of investors whose trades fall into each quartile separately.

This methodology helps to distinguish whether a specific style or skill is demonstrated

by a more likely retail (small) or institutional (large) investor. It could be argued that

some institutional investors may break their transactions into smaller lots, making

it hard to identify them. However, as argued by Feng, Wang, and Zhang (2018),

unlike in the stock market, there is less incentive to break transactions into smaller

ones in the cryptocurrency market for two reasons. First, one of the main incen-

tives of institutional investors for breaking their transactions is to avoid regulatory

consequences of informed trading. In the cryptocurrency market, since there exists

anonymity along with no regulatory supervising body protecting retail investors from

informed trading, such incentive does not exist. Second, it is often possible to benefit

from a discount for larger orders. As a result, breaking transactions in the cryptocur-

rency market is not as common as it is in the equities markets. Moreover, potential

misclassification due to breaking transactions, would only work against my results.

The results in the paper are based on the market order data points. Censorizing trades

whose size is outside 0.0001th and 99.999th percentiles, or whose transaction dollar

value is outside 0.1th and 99.9th percentiles, I show consistent results (see appendix

B). I obtain hourly prices of Bitcoin through Coinbase Pro exchange and use each

hour’s closing price for the hourly returns calculation. Merging the hourly return

and trade data, I end up with 46,752 hours, 1948 days, 278 weeks, and 64 months of

observation.

Figure 1.2 and Figure 1.4, show the hourly autocorrelation and partial autocorrela-

tion of Bitcoin order imbalance for each quartile. Order imbalance autocorrelation

is significant for numerous lags. Therefore, when performing regression analyses, I

account for autocorrelation of standard errors for several lags, following Newey and

West (1987).
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Figure 1.3 shows autocorrelation of Bitcoin returns. Unlike order imbalance, returns

autocorrelation only persists for a few lags and regression results accounts for Newey

and West (1987) autocorrelation of standard errors. The autocorrelation of returns

in an hourly frequency is consistent with the findings of Urquhart (2016), suggesting

that the Bitcoin market is inefficient, because in an efficient market, prices should be

uncorrelated and unpredictable.

Figure 1.5 shows a heatmap of correlation among different variables of study. The

order imbalance for traders of each quartile is positively correlated with its value in

the previous hour. Furthermore, negative correlations of order imbalance and con-

current Bitcoin returns are suggestive of concurrent contrarian trading strategy of

Bitcoin traders: An increase in Bitcoin price incentivizes selling more than buying.

Representing the daily returns of the market, S&P500 (Sprtrn1) has a negative corre-

lation with Bitcoin order imbalance—suggestive of substitution effect—and a positive

correlation with concurrent Bitcoin returns.

1.4. Methodology

Grinblatt, Jostova, Petrasek, and Philipov (2020) conduct cross-sectional analyses

on the style and skill of hedge fund and mutual fund managers using the style and

skill measures, initially proposed by Grinblatt, Titman and Wermers (1995). They

calculate the style measure, called LOM i,q, by multiplying the weight change of stock

j in the portfolio of fund manager i to the stock j’s return at concurrent and previous

quarters. Then, they take an average of LOM i,q measures among fund managers of

each type in each quarter. To determine the style for the fund manager of each type

they calculate t-statistics and test whether it is significantly different from zero. For

t-statistics, they calculate the average and the standard error of LOMq among the

number of quarters in the sample.
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LOM =
1

Q

Q∑
q=1

LOMq (1)

t− stat(LOM) =
LOM
σ(LOMq)√

Q

(2)

For determining Bitcoin investors’ style, I follow Grinblatt, Jostova, Petrasek, and

Philipov (2020) and use their methodology with an adjustment to make it suitable

for time series analysis. Since I only look into one asset, Bitcoin, for which investors

are not identifiable, my analysis is centered on only one dimension, which is the

Bitcoin’s order imbalance. My measure of order imbalance is close to that of Easley,

Engle, O’Hara and Wu (2008) and Feng, Wang, and Zhang (2018), and defined as:

OIBt,k =

∑t−k+1
t Buyt − Sellt∑t−k+1
t Buyt + Sellt

(3)

Where t represents observations’ time period and k represents the length of time

period that investors trading behavior is studied. Buyt and Sellt both are based on

Bitcoin volume of trades in each hour.

I explore how traders’ order imbalance changes after each hour’s return. Buy and sell

volumes during each hour, represent the transaction volumes taking place from the

previous hour to the current hour. For instance, Buyt (Sellt) represents the volume

of buy (sell) trades filled from time t-1 to t. Likewise, Buyt-1 (Sellt-1) represents the

volume of buy (sell) trades filled from time t-2 to t-1. Thus, to examine traders’ style

after observing Bitcoin’s return in a certain point of time, for example Rt-2, I use buy

and sell values reported for periods starting from one period after the return’s time

period, in this case t-1, so that there is no overlap between returns and the consequent

trading activity. Hence, LkM t in my model is defined as:
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LkMt = (OIBt,k)×Rt−k (4)

Where t represents time and k represents the length of the time period that investors

trading is studied. Hence, LkM t is the investors’ style measure at time t which is

calculated by transactions of its previous k hours.

Null hypothesis: Bitcoin investors do not condition their trading strategy on past

returns; the mean value LkM is not significantly different from zero. Alternative

hypothesis: Bitcoin investors’ trading strategy depends on past returns, which could

be momentum if LkM is significantly positive or contrarian if LkM is significantly

negative. To test the null hypothesis, I calculate LkM ’s t-statistics by:

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

(5)

¯LkM =
1

T

T∑
t

LkM (6)

where σ(LkMt) is the standard deviation of LkM measure, and T is the number of the

periods of study. As a robustness check, I regress OIBt,k values on Rt-k, controlling for

Newey and West (1987) standard errors of several lags, and compare the coefficients

in terms of sign and significance with t-statistics calculated for the LkM measure.

OIBt,k = β ×Rt−k + ε (7)
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1.5. Results

1.5.1. Style

The results from Bitcoin investors’ style measure, LkM , are displayed in Table 1.1

Panel A, representing t-statistics for testing whether the mean value of LkM is signif-

icantly different from zero or not. As negative t-statistics shown in Table 1.1 Panel A

suggest, investors in all quartiles in the Coinbase exchange follow a contrarian trading

strategy for durations of up to 24 hours. Results from regression analysis, reported

in Table 1.1 Panel B, controlling for autocorrelation of several lags following Newey

and West (1987) methodology, are consistent with findings of Panel A, confirming the

contrarian trading strategy of investors in all quartiles. Controlling for the overall

trading direction of market traders, steering clear of look ahead bias, I use the devia-

tion of order flows from its average during the preceding 720 hours (30 days) and my

results remain robust (see appendix Table B.1).

Order imbalance is impacted by the style of both buyers and sellers. The style of

Bitcoin buyers and sellers may be different and one side may sway the style mea-

sure more than the other. To capture this difference, following Grinblatt, Jostova,

Petrasek, and Philipov (2020), I divide the data set into two subsets: 1. Periods

with positive OIB, in which buy volume exceeds sell volume, i.e. dominant buyers 2.

Periods with negative OIB, in which sell volume exceeds buy volume, i.e. dominant

sellers.

As can be seen from Table 1.2, the concurrent trading strategy of both buyers and

sellers is contrarian (L0M), and in the subsequent hours, while the smallest buyers

mostly follow a momentum trading strategy, others follow a contrarian trading strat-

egy; that is an increase in Bitcoin price is followed, in the subsequent hours, by a

decrease in the net buy volume of sellers, i.e. increase in net sells, and buyers (ex-

cept the smallest buyers). Note that in buyer- and seller-specific style analysis, I do
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not perform regression analysis because regressing sorted dependent variable would

contain significant look ahead bias.

Next, I inspect the skill of buyers and sellers in timing the market. I perform a

regression analysis per equation:

Returnt = β0 + β1 ×OIBt−1

For buyers the analysis is performed on a subset of data with positive order imbalance

(OIB>0), and for sellers the analysis is performed on a subset of data with negative

order imbalance (OIB<0). The autocorrelation of standard errors are controlled, for

Newey and West (1987) standard errors.

Table 1.3 shows that buyers whose trades fall in all but the 1st quartiles have signifi-

cant market timing skills for a duration of 2 hours. In other words, 2-hour periods in

which buyers’ trading volume exceeds sellers’ trading volume, are followed by signif-

icant increases in Bitcoin price. In contrast, sellers do not demonstrate any market

timing skills, as no positive correlation is seen between sellers’ order imbalance and

Bitcoin returns in the subsequent hours. For robustness, instead of order imbalance,

I use deviation of order imbalance from its preceding 720 hours (30 days) and find

consistent results (see appendix Table B.2 and Table B.3). For further robustness,

I determine buyers and sellers based on transaction labels (buy vs sell) reported by

Coinbase Pro and calculate a skill measure (FkM) in the spirit of Grinblatt, Titman

and Wermers (1995) but modified to fit a time series setting. I calculate FkM as

the vector product of buyers’ (sellers’) trade volume to the Bitcoin return in the next

period per equation:

FkMt = (OIBt−1,k)×Rt (8)

I use buy and sell values reported for periods staring from one period prior to the
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return’s time period and go back. Both buy and sell volumes are scaled by Bitcoin’s

preceding 24-hour trading volume. Next, I perform a regression analysis as:

FkMt = β0 + β1 × Sellert

Sellert is a dummy variable equal to 1 if the FkM t is calculated based on seller-

originated OIB and 0 if the FkM t is calculated based on buyer-originated OIB. I

show that the skill measure of buyers is significantly higher than sellers for investors

of all sizes (see appendix Table B.4), supporting the hypothesis that buyers are better

than sellers in timing the Bitcoin market.

As a further robustness check, I include both sellers and buyers in a same regression.

I define a dummy variables d1,t,k and d2,t,k equal to 1 if OIB>0 and OIB<0, respec-

tively, and zero otherwise. Then, I perform the following no-intercept regression:

Returnt = β1 × d1,t,k + β2 × d2,t,k (9)

Consistent with the results in Table 1.4, my results show that buyers in the 2nd,

3rd and 4th quartiles have some market timing skills (appendix Table B.5 Panel A).

When sellers become dominant and net sell volume becomes positive, an increase in

the following period’s Bitcoin price is observed, suggesting that sellers place their

trades too early (appendix Table B.5 Panel B).

Furthermore, I examine the style and skill of investors for time durations of daily, and

weekly. I show that although evidence for the contrarian behavior of investors decays

with longer time periods, it persists until monthly durations (appendix Tables B.6,

and B.7). The order imbalance of monthly durations are not stationary. Therefore,

calculating the first difference of order imbalance, I explore the changes in the order

imbalance for monthly durations and show that an increase in returns intensifies larger
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increase in order imbalance (appendix Table B.8).

1.5.2. Anchoring Bias

So far, my results show that in the largest U.S.-based exchange, Coinbase, investors

follow a contrarian trading strategy implying that after an increase in Bitcoin’s price,

net sell exceeds net buys for investors in all quartiles. In this section, I examine

whether investors have anchoring bias by inspecting order imbalance after Bitcoin’s

price hits its 30-, 90-, and 120-day high and low prices. I perform a regression analysis

per equation:

OIBt = β0 + beta1dt−1

where d is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day

highs. Following Newey and West (1987), I control for autocorrelation of standard

errors.

Table 1.4 Panel A shows negative and significant coefficients for dt−1 among 4th quar-

tile investors, suggesting that the largest investors adopt a contrarian strategy, selling

when Bitcoin hits its high 30-, 90, and 120-day prices. Furthermore, following the

same methodology, I study the trading strategy of investors after Bitcoin’s price hits

its 30-, 90-, and 120-day low prices. Table 1.4 Panel B shows positive and significant

t-statistics for the 4th quartile investors in all durations, implying that when Bitcoin

price hits its lows, the largest investors buy, consistent with their contrarian trading

strategy. I do not observe any consistent trading strategy for investors of smaller

sizes. For robustness, I conduct the following regression analysis:

MDOIBt = β0 + beta1dt−1

where MDOIBt is the deviation of order imbalance from its preceding 180-day (6-
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month) average. I show consistent results: after Bitcoin price hits its highs, order

imbalance of the largest investors drops to below its average, consistent with con-

trarian trading, while that of the mid-size investors rises above its average, consistent

with momentum trading (appendix Table B.9 Panel A). On low days, the buy volume

among 4th quartile investors exceeds its preceding 180-day average, i.e. concurrent

contrarian trading strategy, and drops to below its preceding 180-day average among

mid-size investors, i.e. momentum trading strategy (appendix Table B.9 Panel A).

1.5.3. Bitcoin’s Daily Returns after Highs

I explore Bitcoin realized returns after Bitcoin price hits its 30-, 90-, and 120-day

highs and lows to assess what trading strategy is more likely to be profitable. I

perform a regression analysis as:

Returnt = β0 + beta1dt−1

where d is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90-, and 120-

day highs (lows). Table 1.5 shows significantly positive values for β1 following highs

and no significant values for β1 following low days. Hence, while a positive return is

likely after Bitcoin hits its highs, no significant return is likely after Bitcoin hits its

lows (except for 120-day low). Thus, it appears that following a momentum trading

strategy when Bitcoin hits its highs tends to be profitable.

Figure 1.6 illustrates Bitcoin’ cumulative returns around 30-, 90-, and 120-day highs.

In all scenarios, Bitcoin cumulative returns are positive 1 and 5 days following highs

with a 95% confidence interval. Therefore, traders are more likely to generate higher

returns if they wait at least one day when Bitcoin hits highs.

In sum, the study of anchoring biases of investors in different quartiles shows that

the largest investors adopt a contrarian trading strategy and anchor when Bitcoin
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price hits its highs. However, mid-size investors order imbalance exceeds its average

following highs and goes below its average following low days. Furthermore, when

Bitcoin hits its highs, a momentum trading strategy seems to be profitable since

positive returns are observed during the subsequent 5 days. My results are consistent

with the findings of George, and Hwang (2005) in the equity market, suggesting that

when a stock price hit 52-week high, a continuation of the upward price movement is

likely.

1.5.4. Sentiment Analysis

My earlier results indicate that Bitcoin returns contain information on Bitcoin’s next

hour order flow. To better understand the changes in Bitcoin’s order flow, I explore

the impact of social media sentiment and attention on Bitcoin order imbalance, and I

examine whether the contrarian trading strategy of the largest U.S.-based exchange’s

traders remains significant when controlling for seasonality, sentiment, and traders’

persistence in directional trading.

I calculate sentiment from Reddit data. Reddit, is a social news aggregator and is

divided into different topic-specific subsections, called subreddit. More than 68%

of Reddit users are between 20-50 years old. Approximately 70% of Reddit users

are from United States, United Kingdom, Canada, Australia, and Germany. Since

Coinbase where I generate investors’ trade data provides service to United States,

United Kingdom, Canada, Australia, Singapore and mostly European countries, the

population exposed to Reddit sentiment is well targeted in terms of relevance. I look

at Bitcoin subreddit which has more than 4,000,000 subscribers.

Displayed in Figure is a word cloud illustrating the most frequently used keywords in

the Bitcoin subreddit. Word clouds provide a visual representation of text data and

showcase the most prominent words used within a data set. As anticipated, the word
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cloud reveals that the most commonly used words in the Bitcoin subreddit include

”bitcoin”, ”btc”, ”cryptocurrency”, ”blockchain”, ”crypto”, and so forth.

Figure suggests that discussions about Bitcoin on the subreddit center around vari-

ous topics. For instance, the prevalence of terms such as ”buy”, ”sell”, and ”hodl”12

indicates that some posts revolve around trading strategies. Additionally, there are

posts that delve into the exchanges on which Bitcoin is traded. Notably, Figure high-

lights that Coinbase is the most frequently mentioned exchange, which reinforces the

assumption that Reddit users tend to favor Coinbase due to its popularity.

Moreover, the Bitcoin subreddit frequently mentions technical terms such as ”bitcoin

mining”, ”amp”, ”segwit”, and ”altcoin”, implying a presence of sophisticated in-

vestors within the community. Additionally, the word cloud shows that terms such as

”transaction”, ”bitcoin cash”, ”wallet”, and ”bitcoin atm” are commonly referenced

by Reddit users, indicating that some view Bitcoin as a means of conducting trans-

actions. Overall, Figure provides solid insights into the topics that dominate the

Bitcoin subreddit, showing the attitudes and interests of its users regarding Bitcoin.

In addition to examining the most commonly used words in the Bitcoin subreddit,

I seek to ascertain whether there are any notable changes in word usage over time

during the period of my analysis. Specifically, I compare the most frequently used

words during the first two years of my study (2016-2018) with those of the latter

two years (2019-2021). The analysis confirms that Coinbase remains the favored

exchange among Reddit users, as evident from Appendix Figure A.1. While many

of the most commonly used words remain the same across the two subsets of Reddit

posts, there are notable differences in word usage. In recent years, there has been a

greater frequency of words such as ”Elon Musk”, ”Elon”, ”Tesla”, ”PayPal”, and ”El

12HODL stands for “Hold On for Dear Life”. HODL is a commonly used term in the crypto space
and implies investors should hold their positions in digital asset regardless of the extent to which
their prices change.
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Salvador”, among others. This development is not surprising, given that these words

were frequently referenced in Bitcoin-related news during the recent years.

I classify Reddit posts as positive, neutral and negative, using Valence Aware Dic-

tionary and sEntiment Reasoner (VADER), which is a lexicon and rule-based tool

specifically adjusted for social media sentiment analysis. VADER provides advan-

tages beyond most of other language processing models (see (Hutto, and Gilbert,

2014)). First, it recognizes punctuations which impact the intensity of a semantic

orientation (e.g.”!”). Second, it captures the capitalization used by a writer for em-

phasis. Third, it takes into account the degree adverbs which clarify the intensity of

an expression (e.g. ‘extremely’). Fourth, it identifies the polarity shift using conjunc-

tions (e.g. but). Fifth, it captures polarity negation by examining the three words

preceding a sentiment-laden lexical feature (e.g. “The Bitcoin price isn’t that high”).

After classifying Reddit posts as positive, negative and neutral, I calculate average

positive and negative sentiment scores in each hour.

Post =
PositivePostst
TotalPostst

(10)

Negt =
NegativePostst
TotalPostst

(11)

Post (Negt) represents the percentage of positive (negative) posts in each hour. Since

the sentiment in the Bitcoin market rapidly changes, I standardize these values based

on Reddits positive and negative sentiment during the preceding 336 hours (2 weeks)

to obtain more relevant results.

ZPositivet =
Post − µpos

σpos
(12)

ZNegativet =
Negt − µneg

σneg
(13)
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where µpos (µneg) and σpos (σneg) are the average and standard deviation of positive

(negative) scores in the preceding 336 hours. Finally I calculate Hourly sentiment per

equation:

Sentimentt = ZPositivet − ZNegativet (14)

In addition to my analysis, I also delve into the variations in vocabulary used by

Reddit users in their posts with positive and negative sentiment. As anticipated,

the language used in positive and negative posts exudes contrasting tones. No-

tably, the lexicon in positive posts includes words such as ”friend,” ”think,” ”create,”

”new,” ”support,” and ”thank,” whereas those in negative posts feature words such

as ”scam,” ”dump,” ”stupid,” ”attack,” and ”warning” (refer to Figure A.2 in the

appendix).

As my measure of sentiment is scaled by the total number of posts in each hour, it does

not take into account the changes in attention towards Bitcoin. For instance, there

may be hours when the number of posts substantially increases while the sentiment

does not necessarily change. Including an Attention index based on the number of

hourly posts can properly capture investors’ attention towards Bitcoin. I define my

attention proxy as:

Attentiont =
Postst–µp

σp
(15)

Where Postst is the number of posts during hour t. µp and σp are the rolling mean

and standard deviation of the number of posts during the preceding 336 hours (2

weeks). Since one hour is likely to be a short window for an average investor to

interpret sentiment from Reddit posts and take action, I consider 2-hour windows for

attention and sentiment and estimate OIBt as:

OIBt = β1 ×Rett−1 + β2 × 2Sentimentt−1 + β3 × 2Attentiont−1

+ β4 × SPt + β6 × 24OIBt−1 +W +H
(16)
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Returnt-1 is Bitcoin’ return at time t-1. 2Sentimentt-1 is a proxy for aggregate 2-hour

sentiment ( Sentimentt-1 + Sentimentt-2). 2Attentiont-1 is a proxy for aggregate 2-

hour attention calculated as the summation attention scores during the past 2 hours.

SP t-1 is the daily return on the stock market (S&P 500). Since the Bitcoin market

is open every day but the stock market is closed on weekends, for the days that the

market is close, I use the daily return on the stock market from the most recent day

when the market was open. For instance, when I examine Bitcoin’s order imbalance

on a Sunday, the stock market return for Friday is the most recent information that

investors have from the stock market daily performance. W and H represent dummy

variables used to capture the hourly and weekly seasonality of order imbalance. As

illustrated in Figure 1.4, the partial autocorrelation between order imbalance and its

previous lags is significant until lag 24. To further control for such high autocorrela-

tion, I calculate the aggregate OIB during the past 24-hours (OIB24), for which I

control my model. 24OIBt-1 is the summation of order imbalance values from time

t-25 to t-1.

The results, presented in Table 1.6 Panel A, show significantly positive coefficients for

24OIBt-1, implying that the directional trading of investors of all sizes is persistent.

In addition, the significantly negative coefficient for Rt-1 for all but the smallest in-

vestors is consistent with my earlier finding of investors’ contrarian trading strategy.

Although the coefficient for Rt-1 for the smallest traders is negative, it loses signif-

icance, when controlling for investors’ sentiment, directional trading, attention, and

seasonality. Furthermore, the coefficient of 2Sentimentt-1 for mid-size investors is

positive and significant, suggesting that mid-size investors use social media sentiment

as an informative resource for taking a position. The coefficients of 2Attentiont-1

suggest that while the order imbalance of all but the largest traders are positively

impacted by investor attention during the previous hour, the order imbalance of the

largest traders are negatively impacted by attention during the previous hour. This
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implies that when smaller investors increase their net buy volume due to an increase in

attention, the largest investors tend to sell their Bitcoin positions, taking the opposite

side of the trade.

Moreover, the negative and significant coefficient for the daily market return for

investors of the 4th quartile is consistent with the largest investors perceiving Bitcoin

as an alternative investment, i.e. substitution effect. When the performance of the

stock market is poor, large investors are incentivized to switch to Bitcoin, and vice

versa. The significant coefficients of time-of-the-day and day-of-the-week is consistent

with the seasonality of Bitcoin order imbalance. For robustness, I also show that the

order imbalance of investors of the largest size has a significantly negative correlation

with NASDAQ returns (see appendix Table B.10 Panel A). Furthermore, I examine

whether the order flow of investors of different sizes is impacted by the returns on the

S&P Financial Select Sector Index (XLF), which aims to track the financial sector. If

investors consider Bitcoin a currency, I expect to see significant correlation between

Bitcoin’s order flow and XLF; however, I do not find any significant correlations

supporting such hypothesis (see Appendix Table B.10 Panel B).

In addition, I decompose 2-hour sentiment into 2-hour positive and negative scores.

2-hour positive (negative) is calculated as summation of standardized positive scores

from time t-3 to t-1. Table 1.6 Panel B shows negative coefficients for negative

sentiment among all but the largest investors, but no significant coefficient for positive

sentiment, implying that negative news has a larger impact on investors trading

decisions comparing to positive ones, consistent with findings of Chevapatrakul and

Mascia (2019) arguing that Bitcoin investors overreact during days following sharp

declines in Bitcoin price. As a further robustness check, I estimate the deviation

of order imbalance from its previous 24 lags, using the same explanatory variables,

and I obtain consistent results for contrarian trading strategy of all but the smallest
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investors, and for sentiment- and attention-induced trading of mid-size investors (see

Appendix Table B.11).

Since investors may consider information of several hours before making a buy or sell

decision, I expand the time window to 24 hours for receiving sentiment and estimate

order imbalance at time t by:

OIBt = β1 ×Rett−1 + β2 × 24Sentimentt−1

+ β3 × 24Attentiont−1 + β6 × 24OIBt−1 +W +H

My results suggest persistence in directional trading of investors, a significantly neg-

ative coefficient for investors of all but the smallest quartile, consistent with earlier

findings of contrarian trading strategy of Bitcoin investors. Although the 2-hour sen-

timent coefficient was not significant for the smallest traders in Table 1.6, it turns

significant as I expand the window from 2-hour to 24-hour (appendix Table B.12). It

can be implied that it takes longer for smaller traders to receive, interpret and act

on the sentiment. Also, the significance of attention-induced trading vanishes for the

most part as I expand the window from 2-hours to 24-hours. Considering a significant

coefficients of attention among all investors in the 2-hour window, and insignificant

coefficients in the 24-hour window, it appears that investors react more quickly to

attention, and hence controlling for the preceding aggregate 24-hour order imbalance,

which most likely reflects the impact of attention, dissipates the significant of 24-hour

attention.

In addition to sentiment and attention, I study whether sentiment dispersion in the

previous hour can impact the order imbalance for traders of different sizes. I drop

the hours in which there is less than 5 posts on Reddit, and I measure the hourly

dispersion based on the standard deviation of sentiment in each hour. My results show

that hourly sentiment dispersion do not impact traders’ order flow in the subsequent
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hour (appendix Table B.13). Furthermore, I examine if sentiment dispersion in the

preceding 24 hours impacts traders’ order flow. My results suggest that while larger

traders are not impacted by social media sentiment dispersion, smaller traders sell

more following high dispersion (appendix Table B.14).

1.5.5. Can Different Components of Order Flow Predict Returns?

The literature suggests that order imbalance has a positive predictive power in Bitcoin

returns (see McIntyre and Harjes (2016), Silantyev (2019), Scaillet, Treccani, and

Trevisan (2020), Doniar and Bouchaud (2015), etc.). I perform a regression analysis

on the predictive power of Bitcoin order imbalance for future returns and provide

consistent results with the literature (see appendix Table B.15). In this section, I go

beyond the predictive ability of Bitcoin order imbalance and inspect whether different

components of order imbalance have predictive power for the next hour return. To

discover predictive ability of different components of order imbalance at time t-1 for

Bitcoin’s return at time t, I utilize a two-step decomposition, following Boehmer,

Jones, Zhang, and Zhang (2021). In the first stage, I estimate order imbalance at

time t-1 as:

OIBt−1 = d0 + β1 ×OIB24t−2 + β2 ×Returnt−2

+ β3 × 2HSentimentt−2β4 × 2HAttentiont−2 + u4

(17)
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I further define:

̂OIBPersistence = β1 ×OIB24t−2

̂OIBContrarian = β2 ×Returnt−2

̂OIBSentiment = β2 × 2HSentimentt−2

̂OIBAttention = β3 × 2HAttentiont−2

̂OIBOther = d0 + u4

(18)

Therefore, I can write:

OIBt−1 = ̂OIBPersistencet−1 + ̂OIBContrariant−1

+ ̂OIBSentimentt−1 + ̂OIBAttentiont−1 + ̂OIBOthert−1

(19)

I denote the part of OIB estimated from attention and sentiment as Attention and

Sentiment, respectively, the part from past order imbalance as Persistence and

the part related to past returns as Contrarian which relates to liquidity provision

(Boehmer, Jones, Zhang, and Zhang, 2021). Other accounts for some other informa-

tion that has not been taken into account in the model but may be related to the

future Bitcoin return.

In the second stage, I estimate the following regression using the components of order

imbalance at time t-1:

Returnt = ω0 + ω1 × Persistencet−1 + ω2 × Contrariant−1

+ ω3 × Sentimentt−1ω4 × Attentiont−1 + ω5 ×Othert−1 + Controls
(20)

The upper section of Table 1.7 shows the results for the first stage. The results are

similar to those of Table 1.6, showing positive and significant coefficient for OIB24t-2,

which is indicative of persistence of directional trading of investors, negative signif-

icant coefficient for Returnt-2, which is indicative of investors’ contrarian trading
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strategy. Attention shows significantly negative coefficients for the largest investors

and significantly positive coefficients for others, and Sentiment shows a significantly

positive coefficient for the mid-size investors.

The lower section of Table 1.7 reports the results for the second stage. Contrarian

has a positive and significant coefficient of 6.30, 4.10 and 2.40 for quartiles 2, 3,

and 4 respectively. This is in line with liquidity provision arguing that following a

contrarian trading strategy, risk-averse investors provide liquidity to meet less risk-

averse investors’ demand for immediacy and generate excess returns over the following

period (see Kaniel, Saar and Titman (2008) and Boehmer, Jones, Zhang, and Zhang

(2021)).

Furthermore, for the 4th quartile investors, the coefficient estimate of Persistence in

directional trading is -0.19 with the p-value of 0.002 implying that the persistence in

the directional trading of the largest investors significantly and negatively contributes

to the predictability of order imbalance for Bitcoin return. No significant coefficients

are found for the Attention and Sentiment of Bitcoin traders, which suggests that

trading on social media attention and sentiment does not provide profitable opportu-

nities.

Performing this analysis with 24-hour sentiment and the previous hour attention, I

show that all but the largest investors trade with sentiment and attention, while the

largest investors trade against attention. Consistent with the results of Table 1.7,

no significant predictive power is detected for attention- and sentiment-induced trad-

ing, suggesting that attention- and sentiment-induced trading do not provide useful

information in predicting Bitcoin returns (appendix Table B.16).
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1.5.6. Market Timing Skills of Investors Predicting Up and Down Prices

Inspired by Henriksson, and Merton (1981), I examine market timing skills of traders

by calculating the probability of a correct forecast, conditional on the Bitcoin’s actual

return. Conditioning on an up (down) price, when Bitcoin return is positive (neg-

ative), I calculate the probability that the immediately preceding hour has positive

(negative) net buy volume (OIB). Therefore, the probability of a correct forecast for

an up price is defined as:

P (OIBt−1 > 0|Returnt > 0) =

∑H1

t>1 d1,t−1

H1

(21)

Where H1 is the number of hours in which Bitcoin return is positive. d1,t-1 is a dummy

variable which equals to 1 if the order imbalance in time t-1, one hour prior to any

hour with a positive return, is positive and 0 otherwise. Similarly, the probability of

a correct forecast for a down price is defined as:

P (OIBt−1 < 0|Returnt < 0) =

∑H2

t>1 d2,t−1

H2

(22)

Where H2 is the number of hours in which Bitcoin return is negative. d2,t-1 is a

dummy variable which equals to 1 if the order imbalance in time t-1, one hour prior

to an hour with a negative return, is negative and 0 otherwise.

Table 1.8 Panel A shows the results for the probability of correct forecast by traders

of different quartiles in up and down markets, and suggests that the largest traders

outperform others in predicting up prices; that is: the probability of traders correctly

placing net buys before an increase in Bitcoin’s price is the highest for the largest

traders. However, in predicting down markets, the smallest traders outperform oth-

ers by demonstrating the highest probability of correctly placing net sells before a

decrease in Bitcoin price.
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Since the number of hours with negative order imbalance is more than those with

positive order imbalance, and since in general average hourly order imbalance is neg-

ative, the results may be impacted by the dominant negative order imbalance in the

Bitcoin market. Therefore, for robustness, I control for noise traders by calculating

the mean deviation of order imbalance from its preceding 350-hour (15-day) average

with which I assess the conditional probability of correct forecasts in up and down

markets.

Panel B of Table 1.8 shows the probability of correct forecast by traders of different

quartiles for up and down prices, using demeaned order imbalance. Consistent with

Panel A, the largest traders outperform others in predicting up prices, and the prob-

ability of a correct forecast before an increase in Bitcoin price consistently declines

as the size of traders decreases. An opposite pattern can be identified in down mar-

kets, that is: the smallest traders outperform others in predicting down prices, and

the probability of a correct forecast before a decrease in Bitcoin price consistently

declines as the size of traders increases. The Overallskill shows the probability of

traders correctly timing the market per equation:

OverallSkillt = P1 ×
TruePositive

ActualPositive
+ P2 ×

TrueNegative

ActualNegative
(23)

where P1 is the probability of Bitcoin price being up, and P2 is the probability of

Bitcoin price being down at time t. Table 1.8 suggests that the overall market timing

skills of traders increase with their size.

Figure 1.8 presents a confusion matrix, which is a machine learning tool generally

used for evaluating the performance of a classification model illustrating what types

of errors a classification model makes (Type I vs Type II). I use a confusion matrix for

visualizing and summarizing investors’ performance in market timing in each scenario

(up vs down prices). Traders’ predictions are presented in x-axes and realized returns
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are presented in the y-axes. In each subplot, each sub-box represents the probability

of a scenario as:

Upper − leftsub− box : TrueNegative = P (Rt < 0)× P (OIBt−1 < 0|Rt < 0) (24)

Lower− leftsub−box : FalseNegative = P (Rtt > 0)×P (OIBt−1 < 0|Rt > 0) (25)

Upper− rightsub− box : FalsePositive = P (Rt < 0)×P (OIBt−1 > 0|Rt < 0) (26)

Lower− rightsub− box : TruePositive = P (Rt > 0)×P (OIBt−1 > 0|Rt > 0) (27)

TrueNegative is when traders’ OIB at time t-1 is negative, meaning that traders

predict a decrease in Bitcoin’s price for time t and Bitcoin price actually declines at

time t. FalseNegative is when traders’ OIB at time t-1 is negative, meaning that

traders predict a decrease in Bitcoin’s price for time t while Bitcoin price increases

at time t. Similarly, TruePositive (FalsePositive) is when traders, at time t-1,

correctly (incorrectly) predict an increase in Bitcoin price at time t.

The summation of probabilities presented in sub-boxes on the right (left) side equals

to the probability of investors’ predicting an up (down) price (OIBt-1>0). Likewise,

the summation of probabilities presented in sub-boxes on the upper (lower) side equals

to the probability of the Bitcoin price actually being up (down) at time t (Rt>0).

Finally, the summation of the probabilities in all boxes equals to 1 as:

P (Rt < 0)× [P (OIBt−1 < 0|Rt < 0) + P (OIBt−1 > 0|Rt < 0)]

+ P (Rt > 0)× [P (OIBt−1 < 0|Rt > 0) + P (OIBt−1 > 0|Rt > 0)] = 1
(28)

Figure 1.8 shows that while the probability of a price increase (upper side sub-boxes)

is roughly equal to the probability of a decrease (lower-side sub-boxes), investors who

place market order mostly predict a down price as the summation of probabilities
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on the left side is significantly higher than the right side. Investing fiat money into

Bitcoin, when placing buys, investors, in general, are more likely to seek price ad-

vantage over immediacy. However, when placing sells, pulling their fiat money out

of the Bitcoin market, investors tend to seek immediacy over price advantage, due to

the highly risky nature of Bitcoin and presence of miners. The heavy inclination of

traders to sell is less severe for investors of the 4th quartile. This could be due to the

largest traders’ higher risk tolerance level, as they are more of institutional investors

rather than retail investors. Furthermore, if traders obtain some private material

information, when investing fiat money in the Bitcoin market, allocating larger dollar

amounts, the largest traders tend to place market orders, choosing immediacy to take

advantage of their time-sensitive information.

To control for trades placed by noise traders and Bitcoin miners, Figure 1.9 sum-

marizes investors’ market timing performance using demeaned order imbalance, the

deviation of order imbalance from its preceding 350-hour (15-day) moving average.

The predictions of an increase and decrease in Bitcoin price (the left and right sides)

in all subplots looks close to balanced.

Consistently, Figure 1.9 shows that largest investors are better in predicting an in-

crease in Bitcoin price, comparing with both other investors and their own perfor-

mance in predicting a decrease in Bitcoin price. The probability that investors in the

4th quartile correctly predict an up market is 27.06% and a down market is 25.56%.

The probability of correctly predicting an increase in Bitcoin price decreases with the

size of investors and is the lowest for 1st quartile investors with the probability of

24.21%. Furthermore, the probability that investors in the 1st quartile correctly pre-

dict a down price is 27.21% , which is the highest comparing with those of investors

of other quartiles. The probability of correctly predicting a decrease in Bitcoin price

decreases as the size of investors increases and is the lowest for investors of the 4th
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quartile.

Moreover, consistent with my findings that buyers outperform sellers in market tim-

ing, Figure 1.9 shows that in all quartiles when investors buy (right-side sub-boxes),

they are more likely to correctly time the market compared to when they sell. For in-

stance, investors of the 2nd quartile, buy 46.52% (21.55% + 24.97%) of times, 53.68%

((24.97%/46.52%) of which they correctly time the market, and Bitcoin price in-

creases in the subsequent hour; while from the 53.48% (26.76% + 26.71%) of times

that they sell, they correctly time the market 50% (26.76%/53.48%) of times. Com-

paring the probability of a false positive with that of a false negative in all subplots,

the same conclusion can be drawn as the probability of a false positive is less than a

false negative for investors of all quartiles.

1.5.7. Cultural Differences of Bitcoin Traders: a Look at Binance

In this section, I use trades data from an alternative exchange, Binance, the largest

cryptocurrency exchange in the world, and I study the impact of investors’ cultural

differences on their trading activities. The time period for this analysis is from Octo-

ber 1, 2019 to October 1, 2021, during which traders of Eastern nations such as China,

India, Russia, Singapore, etc., although some of whom were restricted later, were able

to trade on the Binance exchange, while U.S. traders were banned from trading on

this platform.13 Coinbase on the other hand, provides service to traders in the U.S.,

Canada, Australia, United Kingdom, Singapore and some European countries. The

presence of traders from countries to which both exchanges provide service does not

impose any concerns to my analysis, because their exclusion will only make my results

stronger. Thus, although there are some countries to which both exchanges provide

13While Binance stopped accepting U.S. traders, its U.S.-based version, Binance.US, starting a
partnership with Financial Crimes Enforcement Network (FinCEN), started providing services into
the U.S. market. The dataset used for the analysis in this research is from Binance which does not
contain the transactions from the U.S. traders in the other platform, Binance.US.
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service, the differences in strategies pursued by traders of the two platforms can be

reasonably attributed to the cultural differences among traders of the countries where

the two exchanges do not overlap, i.e. the U.S and the Asian countries. Accordingly,

I perform each analysis on the trades from the Binance exchange and the Coinbase

exchange separately during October 1, 2019 to October 1, 2021. Since Most of the

results generated from the Coinbase exchange are consistent with those presented

earlier in this paper (from June 1, 2016 to October 1, 2021), for brevity I present

Coinbase results in the appendix section.

I determine the style of Bitcoin traders in Binance by calculating t-statistics for the

LkM measure as explained earlier in this research. Results in Table 1.9 suggest that

unlike traders in the Coinbase exchange, the traders in the Binance exchange follow

a momentum trading strategy. The t-statistics for the contemporaneous movements

of Bitcoin’s order flow and return (L0M) are positive for traders of all quartiles. For

robustness, I perform a regression analysis controlling for Newey and West (1987)

standard errors, and I obtain consistent results with those presented in Panel B of

Tables 1.9 (appendix B.17).

Next, I investigate how changes in the Bitcoin price impact Bitcoin order imbalance

deviation from its average in the previous 720 hours (30 days). Panel C of Tables

1.9 shows that in the Binance exchange, an increase in Bitcoin price is positively

correlated with concurrent positive mean deviation of Bitcoin order imbalance across

all quartile, consistent with results presented in Panel A and Panel B. Also, the

smallest investors’ net buy volume increases from its average following an increase

in Bitcoin Return, suggesting a momentum trading strategy. The results of the

same analysis on the Coinbase trades shows that while an increase in Bitcoin returns

intensifies the investors’ net selling volume more than its average in the previous 720

hours, contrarian trading strategy (see appendix Table B.17).
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Moreover, I examine whether Asian traders show anchoring bias following the same

methodology I used earlier for Coinbase traders.

OIBt,k = β0 + β1dt−k

Estimating order imbalance of Binance traders at time t for duration of k days

(OIBt,k), Table C.3 Panel A shows the coefficients for dummy variable dt-k, which is

equal to 1 if Bitcoin price hits its highs at time t-k. Table C.3 Panel A shows positive

coefficients for traders in the 2nd quartile, suggesting that the 2nd quartile traders

follow a momentum trading strategy; that is: the order imbalance (net buy volume)

of the traders in the 2nd quartile increases after Bitcoin price hits its 30-, 90-, and

120-day highs. Analysis of Coinbase traders’ anchoring bias during October 1, 2019

to October 1, 2021 shows results consistent with those shown earlier (see appendix

Table B.11). The largest traders anchor on and following days that Bitcoin hits its

highs, while mid-size traders follow a momentum trading strategy.

Controlling for the general order imbalance of each exchange, I also investigate the

deviation of order imbalance from its preceding 90 days average after highs and show

that the net buy volume of Binance traders after Bitcoin hits highs is not significantly

different from the average net buy volume of traders during the prior 90 days (ap-

pendix Table B.18). Mirroring the same analysis on the Coinbase traders during the

same time period shows that while the net buy volume of smaller traders (1st and 2nd

quartiles) on and following the days Bitcoin hits its highs exceeds their average net

buy volume during the preceding 90 days, that of the largest traders drops below its

average on highs (see appendix Table B.18 Panel A). In sum, while the largest traders

from a U.S.-based exchange anchor on highs, the largest traders of Asian countries do

not demonstrate any anchoring biases on/following highs. On the other hand, the 2nd

quartile traders of both exchanges follow a momentum trading strategy on/following
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highs.

Finally, I study the market timing skills of Binance traders and compare it to that of

Coinbase traders during the same time frame. I calculate the probabilities of traders

placing market buys (sells) 1-hour prior to an increase (decrease) in Bitcoin price. As

Table 1.11 Panel A shows the probability of Bitcoin traders buying (selling) before

Bitcoin price goes up (down) is highest among the 3rd (4th) quartile traders, suggesting

that the 3rd quartile traders (the largest) traders are best at buying (selling) before

Bitcoin price goes up (down). However, in the Coinbase exchange the largest traders

are the best in buying before Bitcoin price goes up and the smallest traders are the

best at selling before Bitcoin price goes down (Table B.19 Panel A). Controlling for

traders’ overall tendency to place market buys and sells, I investigate whether traders’

net buy volume increases (decreases) from its average during the previous 15 days.

Table 1.11 Panel B suggests that in the Binance exchange, 3rd quartile investors have

better market timing skills comparing to other traders. Nevertheless, the overall

market timing skills of Binance traders in all quartiles is less than 50%, inferior to

that of Coinbase traders, which is above 51%. Thus, it appears that when placing

market orders, U.S. traders are more likely to correctly time the market compared

to Asian traders, consistent with contrarian trading strategy of traders positively

predicting Bitcoin returns.

1.5.8. Seasonality

Figure 1.10 displays mean values of order imbalance during different hours of the

day and different days of the week. In terms of hour-of-the-day seasonality, the order

imbalance of different traders tend to be maximum at time 11:00 (UTC) and minimum

at times 23:00 (UTC) and 24:00 (UTC). In terms of day-of-the-week seasonality, the

order imbalance of different traders tend to be maximum on Mondays and minimum

on Saturdays.
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Moreover, I explore the seasonality of Bitcoin returns based on the hour-of-the-day

and the day-of-the-week. Figure 1.12 indicates that Bitcoin returns tend to be maxi-

mum at times 22:00 (UTC) and 23:00 (UTC), the hours following the closure of New

York Stock Exchange and Toronto Stock Exchange (21:00 UTC), while they do not

show significant seasonality based on the-day-of-the-week.

Furthermore, I explore Bitcoin trading volume and price volatility in Figure 1.11 and

Figure 1.13 to understand the mechanisms incentivizing certain trading positions (buy

vs sell) in traders. Bitcoin price volatility is the highest at midnight, and lowest at 6:00

(UTC). Thus, it appears that Bitcoin order imbalance is the lowest, concurrent with

highest levels of Bitcoin price volatility, in hours following times when Bitcoin return

is the highest, suggesting that the contrarian trading strategy of traders positively

correlates Bitcoin’s concurrent price volatility following an increase in Bitcoin returns.

Additionally, Bitcoin price volatility and trading volume is higher during weekdays

and lower on weekends. Also, trading volume for investors of all sizes is maximum at

17:00 (UTC) and minimum at 10:00 (UTC).

1.6. Conclusion

This paper studies the style and skill of Bitcoin traders of different sizes in a U.S.-

based exchange. The study of traders’ style consistently suggests that Bitcoin traders

follow a contrarian trading strategy; an increase (decrease) in Bitcoin’s price nudges

traders to sell (buy), and the larger the traders, the more contrarian they are.

Additionally, I examine whether Bitcoin investors show anchoring bias. When Bitcoin

price hits its 30-, 90-, and 120-day highs and lows the largest investors anchor on high

and low prices, consistent with their contrarian trading strategy.

Investor attention and sentiment affect Bitcoin’s hourly order flow. Smaller investors

trade with sentiment and attention, and the largest traders take the opposite side of
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the trade.

Moreover, I inspect the predictive ability of different components of order imbalance

for the Bitcoin return in the next hour. My results provide evidence of the liquidity

provision in the Bitcoin market in that the contrarian component of order imbalance

has a significantly positive predictive power for Bitcoin returns during the next hour.

Furthermore, sentiment- and attention-induced trading do not have any predictive

power for Bitcoin return in the next hour.

Furthermore, I examine the market timing skills of Bitcoin traders forecasting up

prices and down prices for the next hour and show that the largest traders outperform

others in market timing. Consistent with the finding that the contrarian trading

strategy of traders contains information.

Finally, I examine the impact of cultural differences of Bitcoin traders on their trading

activities by using data from an alternative exchange, Binance, which provides service

to Eastern countries but not to the U.S. during the time period of analysis. My

findings provide evidence of cultural differences in Bitcoin investors’ style and skill.
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Chapter 2.
Board Diversity and Sustainability: Evidence from Emissions

of Air Pollutants

Abstract

In this study, I examine the impact of board diversity from two different standpoints—

demographic and cognitive—on firms’ sustainable conduct. I show that ethnic diver-

sity of board members along with presence of members who also serve as academic

professors or as board members of other firms, enhances firms’ sustainable conduct

by reducing emission of air pollutants. Furthermore, exploiting exogenous variation

in firms’ access to non-local diverse board members, I indicate that the discovered re-

lation is causal. Moreover, I demonstrate that ethnic diversity of board members and

presence of members who also serve as board members of other firms facilitate firms

to reduce emissions of air pollutants in the following years through R&D investments.
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2. Chapter 2

2.1. Introduction

In the past two decades, deterioration of environment and its toll on human’s health

and standards of living have increasingly brought the importance of environmental,

social, and governance (ESG), Corporate Social Responsibility (CSR), and sustainable

conduct of corporations into the limelight.14 Firms’ engagement in corporate social

responsibility and environmentally sustainable activities is vital, not only for the

public but also for firms’ value maximization. Value maximization of firms is only

likely if firms gain an edge by making their conduct in line with improving social

welfare (see Jensen (2001)). The necessity of firms’ incorporation of ESG practices is

to the extent that the right objective function for corporate managers goes beyond

market value maximization and is defined as welfare maximization (see Hart, and

Zingales (2017)).

In this research, I study the impact of board diversity on firms’ adoption of sustain-

able procedures. As proposed by Kinder, Lyndenberg, and Domini & Co (1989), CSR

embraces consideration of different aspects: environment, community, employee, hu-

man rights, product and corporate governance. I focus on firm’s sustainable choices

fulfilling the environment aspect of CSR. I use emission of major air pollutants, such

as Carbon Dioxide (CO2), Sulfur Dioxide (SO2), and Nitrogen Oxide (Nox), as a

proxy for firms’ environmentally sustainable choices. Emission of pollutants is an

applicable proxy for firms’ inclination to sustainability because the harmful conse-

quences of pollutant emissions may impact a wide range of people while the polluter

may incur minimal consequences (see Shive, and Forster (2019)). Motivated by Shive,

and Forster (2019), I focus on emitting air pollutants rather than other environmental

threats because it is an externality towards which the firms in this study are relatively

homogenously liable for; other human caused pollutions, such as those of water and

ground, may be endogenous to places where facilities are located. For instance, if

a facility is located in an area where there exist high restrictions for water emission

14The literature in this area often uses the terms ESG and CSR interchangeably (e.g., Gillan,
Koch and Starks (2021)).
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due to presentence of some near-extinction species, the firm’s less-than-average water

emission should not be accounted for its environmentally sustainable choices.

I study the measurable characteristics of board of directors, board diversity, and

investigate how differences in board structure correlates with differences in board’s

sustainability practices. I look at board diversity in two perspectives: demographic

heterogeneity (e.g. ethnicity) and cognitive heterogeneity (e.g. presence of professors

and members who sit on boards of other firms). From the demographic heterogeneity

category, I focus on ethnicity. Capehart (2003) defines ethnic groups as those sharing

a sense of common political or cultural origin rather than merely sharing a country

of origin. Board members of culturally diverse backgrounds alleviate myopic attitude

of firms and the echo chamber effect by incorporating broader range of perspectives

(see Giannetti, Liao, and Yu (2015)). Reduced myopic attitude of firms leads to a

shift of focus from short-term earnings to long-term value maximization for which

sustainability is an indispensable element (Zhang, Kong, and Wu (2018), Jensen

(2001), Hart, and Zingales (2017)). Furthermore, cultural diversification of the board

raises creativity and innovation, leading to more effective problem solving (Nemeth

(1986), Cox, and Blake (1991), Fernández-Temprano, and Tejerina-Gaite (2020)).

I examine whether firms benefit from such effective problem solving to implement

procedures that help them to reduce emission of air pollutant.

My results show that facilities belonging to firms with ethnically diverse boards emit

less air pollutants, with standard errors clustered at firm level. This supports the

hypothesis that board members cultural diversity empowers firms to go beyond con-

sidering only short-term profitability for shareholders, and take into account other

stakeholders by making decisions cultivated from board’s broader perspective, en-

hanced problem solving, and greater innovation. My results remain robust when

controlling for industry- and year-fixed effects along with conventional control vari-

ables.

Next, I examine the cognitive aspect of board diversity on firms’ making environmen-

tally sustainable choices. I study whether presence of professors on board or members

with experience of being on other boards will improve firms ESG practices by reduc-
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ing air pollutants. I propose that the cognitive diversity variables of this study will

facilitate firms’ pro-social choices because presence of academic professors and those

sitting on other boards increases board’s independence. Such members are indepen-

dent thinkers backing their opinions by legitimate knowledge and they are not likely

to be influenced by the pressure of others (see Jiang, and Murphy (2007) and Francis,

Hasan, and Wu (2015)). Furthermore, as discussed by Cho, Jung, Kwak, Lee, and

Yoo (2017), the key responsibilities of professors are teaching and researching both of

which are centered on commitment to long-term contribution to society. Shen, Lan,

Xiong, Ly, and Jian (2020) indicate that academic experience of top management

teams has a positive correlation with corporate innovation by improving internal con-

trol and reducing information asymmetry. The positive correlation of board diversity

on firms’ investments in research and development (R&D) has been well studied. It

is plausible to expect that academic board members are more likely to value and

promote R&D investments with an outlook for efficient performance and long-term

growth. Feng, Mirza, Ahsan, and Gull (2022) explore the impact of academic board

members on the relation between a Chinese firms’ financial flexibility and R&D in-

vestment and find that academic board members strengthen the positive impact of

financial flexibility on R&D investment.

Furthermore, applying the same logic, I hypothesize that board members sitting on

other boards can facilitate corporate prosocial choices. Board members sitting on

other boards can benefit from their diverse exposure in highest ranked decision mak-

ing positions and leverage those experiences in motivating innovative solutions. Such

members are more likely to be independent and assertive in implementing their take-

aways from sitting on other boards. Moreover, evidence provided by Bernile, Bhag-

wat, and Yonker (2018) indicates that the presence of board members sitting on other

boards fosters firms’ efficient risk-taking and persistent investment in R&D.

My results suggest that, combined or separately, academic experience and the pres-

ence of professionals sitting on other boards are significantly related to lower emission

of air pollutants, clustering standard errors at firm level, and controlling for conven-

tional variables along with year- and industry-fixed effects.

45



The diversity of board members may be endogenous to omitted variables impacting

both firms’ diversity and emission of air pollutants. For instance, the headquarters of

some firms may be located in areas where the population is likely to be more attentive

to the environment and, at the same time, more diverse. Such firms might have less

air pollutant emissions due to local pressure and have a more diverse board due to

local demographics. In such cases, it is hard to convey a causal relation between

the diversity of board members and firms’ less emission of air pollutants. Thus,

following Bernile, Bhagwat, and Yonker (2018), I conduct instrumental variable tests,

exploiting exogenous variation in firms’ access to the supply of non-local diverse board

members who reside more than 150 miles away but within a non-stop flight from the

firm headquarters. I exclude board members residing within 150 miles from the firm

because they might still be affected by local factors. The instrument is valid because

firms’ access to non-local diverse board members is correlated with board member

diversity but not with firms’ emission of air pollutants. My results suggest that the

negative correlation between the board diversity and emission of air pollutants is

causal.

Next, I investigate firms’ R&D investment as a channels through which board diversity

enhances firms’ pro-social conduct, reducing emission of air pollutants. I use firms’

R&D expenditures, scaled by total assets, as a proxy for R&D investments. As

the outcome of a firm’s investment in R&D is not immediately discernible, I use

interaction terms of R&D investments with my diversity measures to estimate firms’

emissions in the following years.

My results support the hypothesis that R&D investments provided by ethnically and

cognitively diverse boards facilitate firms’ ESG practices, reducing emission of air pol-

lutants in the following 3 years. My results show a negative and significant coefficient

for interaction terms of R&D with ethnic and cognitive diversity measures, implying

that more diverse boards achieve a higher reduction in emission of air pollutants by

investments in R&D. In other words, board ethnic diversity and presence of members

sitting on other boards induce firms to reduce air pollutant emissions through more

effective R&D investments.
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In sum, I show that the presence of ethnically diverse members, professors, or board

members of other firms is negatively correlated with firm’s emission of air pollutants.

Exploiting firms’ access to supply of non-local diverse board members, I show that

such negative correlation is causal. Furthermore, my results suggest that board diver-

sity facilitates reduction in emission of air pollutants by exploring innovative solutions

through more effective R&D investments.

2.2. Data and Methodology

I generate firms’ annual emission data from EPA Clean Air Market Program (CAMP)

division which provides data for the largest emitters. The data contains facility-based

information on firms’ annual emission of air pollutants: SO2, NOx and CO2. Data on

firms’ conventional control variables is gathered from Compustat from 1996 to 2014.

Using a Fuzzy matching methodology, I match firm names from Compustat with

facility operator names from the CAMP data. Then, I manually verify the accuracy

of the matches. In addition, I manually look for a name match for the firms at the

top 85 percentile as far as the number of facilities to ensure that my analysis does

not miss any of the largest firms.

The data used for board diversity is mostly from RiskMetrics database, which provides

information on directors’ race, number of directorship, and academic appointments,

from which the diversity measures are calculated. This data set is merged with the

ones gathered from EPA and Compustat by GVKEY-Year. After dropping obser-

vations with missing control variables, the final sample consists of 2039 facility-year

observations, 41 firms and 319 firm-years.

Table 2.1 Panel A shows the summary statistics of variables of study. The numbers

reported for SO2 and NOx are in metric tons (1000 kg) while that of CO2 is in short

tons (907.18 kg). I standardize all variables of study to variables with mean zero

and standard deviation of one. Hence, when I build pollution or diversity indexes,

combining different variables, the difference of measures is not a concern in this

analysis.
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The main right-hand-side variables of study are directors’ diversity. µ Numboards is

the mean number of other boards in the Standard and Poor’s (S&P) 1500 on which

directors serve. HHI Ethono and HHI Academics are Herfindahl concentration in-

dexes for directors’ ethnicity and for presence of directors who also serve as academic

professors respectively. The higher values of HHI indexes represent higher concen-

tration of diversity variables, and thus, less diversity. I calculate HHI Ethono using

RiskMetrics’ ethnic categories of the board: White/Caucasian, African-American,

Hispanic, Asian, and Other. In cases where the ethnicity of directors cannot be

retrieved from Risk-Metrics, I use directors’ first and last names to assign the di-

rectors to an ethnic group based on Onomap classification algorithm. I calculate

HHI Academics using the binary variable ”prof services yn” provided by Risk-

Metrics. Thus, if three out of ten board members serve as academic professors, then

HHI Academics = (3/10)2 + (7/10)2 = 0.58

Panel B of Table 2.1 shows the simple correlation between the diversity variables of

study. Different components of diversity index are only weekly positively correlated,

indicating that each variable represents a different dimension of diversity not captured

by others.

Emission and diversity variables of study are standardized to have a mean zero and

standard deviation of one to obtain a comparable scale. Combined indexes of cognitive

board diversity and diversity are defined as follow:

CognitiveDiversity = STDZ(µ Numboards)− STDZ(HHI Academics) (29)

Diversity = STDZ(µ Numboards)−STDZ(HHI Academics)–STDZ(HHI Ethono)

(30)

Since HHI-based measures represent higher concentration of the corresponding fac-

tor, and hence, lower diversity among directors, I use them with negative signs, to

represent lower concentration and higher diversity. I define a pollution index as:

Pollution = STDZ(CO2) + STDZ(SO2) + STDZ(NOx) (31)
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Then, I perform a regression analysis, inspecting the association between board di-

versity and firms’ emission of air pollutants, as a proxy for firms’ engagement in CSR,

per equation:

Pollution = β0 + β1Diversityi +X + Y + I (32)

, where Diversityi is different measures of diversity: µ Numboards, HHI Ethono,

HHI Academics, cognitive diversity and diversity. X is a vector of conventional

control variables. Y and I are year- and industry-fixed effects.

2.3. Results

2.3.1. Board Diversity and Emissions of Air Pollutants

Table 2.2, Panel A, indicates the results for conducting a regression analysis of the

pollution variable and each of the board diversity variables of study, controlling for

firm level standard errors. The first column of Table 2.2, Panel A, shows a negative

and significant coefficient for ethnicity variable (HHI Ethono1), suggesting that an

increase in ethnic diversity of board members is associated with a decrease in air

pollutant emissions, controlling for year- and industry-fixed effects.

Consistently, the second column in Panel A of Table 2.2 suggests that, after control-

ling for year- and industry-fixed effects, an increase in the mean number of boards on

which current members serve (µ Numboards) is negatively related to the amount of

air pollutant emitted from the largest emitters. The results are consistent with the

hypothesis of members serving in different boards are more likely to be independent

leading to more activism on board. Furthermore, it can be implied that members with

diverse experience of sitting on other boards benefit from exposure to handling wide

range of managerial problems and go beyond only considering short-term profitabil-

ity for shareholders, and take into account other stakeholders by making decisions

cultivated from board’s broader perspective, enhanced problem solving and critical

thinking.

In the third column, I explore the impact of presence of academic board members

(HHI Academics) on emission of air pollutants. The negative association between
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the presence of academic board members and emission of air pollutant is consistent

with the hypothesis that academic board members are independent thinkers, whose

profession is closely tied to pro-social values, and hence are more likely to nudge firm

decisions towards public interest through sustaining a long-term outlook.

In Panel B of Table 2.2, I study the impact of diversity indexes (Cognitive and

Overall) made by a combination of diversity variables on air pollutant emissions.

The results suggest that cognitive diversity of board members has a significantly

negative association with air pollutant emissions, controlling for firm level standard

errors, both with and without fixed effects and conventional variables. Column 3 of

Table 2.2, Panel B, combines the cognitive diversity variable with ethnic diversity

measure and shows consistent results implying that an increase in board diversity

negatively correlates with firms’ emission of air pollutants. The adjusted R2 for

regressions, controlling fixed effects, are above 0.195.

Next, I investigate the impact of board diversity on the emission of different air

pollutants, CO2, SO2, and NOx. Table 2.3 shows the results for regressing each air

pollutant of study on cognitive diversity index and diversity index. The significantly

negative coefficients of diversity for emission of different air pollutants, in Panel A

of Table 2.3, indicate that higher diversity (ethnic and cognitive) will lead to less

emission of all the air pollutants of study, confirming that the results reported in

Table 2.2 were not pulled due dominance of one of the emitters. Panel B of Table 2.3,

shows negative and significant associations between cognitive diversity and emission

of CO2 and NOx, consistent with the results shown in Table 2.2. Although not

significant, the association of board cognitive diversity and SO2 emissions is still

negative.

In sum, using different diversity indexes, I show that an increase in board diversity is

correlated with a decrease in emission of air pollutants, and such correlation is derived

from the negative correlation of each diversity variable of study with air pollutant

emissions. Furthermore, an increase in board diversity is negatively associate with

the emission of every component of the air pollution index.
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2.3.2. Causality

Up to this point, my results establish that there exists a negative association between

board diversity and emission of air pollutants. In other words, the higher the board

diversity the higher firms’ engagement in CSR and sustainability. To evaluate the

causality of the negative correlations found, following Bernile, Bhagwat, and Yonker

(2018), I implement director supply-based instrumental variables. Particularly, I ex-

ploit the diversity of the supply of non-local potential directors residing more than 150

miles away but within a non-stop flight from the firm headquarters, as an instrument

for firms’ diversity. Such instrument is relevant because it is plausible that the like-

lihood of a firm-director match is determined a director’s travel costs (see Knyazeva,

Knyazeva, and Masulis (2013)). Following Bernile, Bhagwat, and Yonker (2018), my

IV approach reasonably assumes that the higher the availability of non-stop flights

between the agent performing the task and its location, the lower the personal costs of

performing a task at a distant location (see Giroud (2013) and Bernstein, and Giroud

(2016)).

I study the impact of board diversity on firms’ emissions in the following 3 and 5

years, using a 2SLS methodology. A decrease in a firm’s emissions takes time and

cannot be immediately achieved because it takes adoption of policies and building

infrastructures before a decrease in emission can be witnessed. Thus, it is plausible

that the impact of a firm’s today policies on its emissions becomes significant in a few

years. In the first stage, I estimate board members’ diversity using the instrument

variable, controlling for firm-level standard errors, per equation:

hatDiversityt = β0 + β1NonstopIVt +X + Y + I (33)

, where Nonstop IVt is an instrument variable for diversity of director’s of the firm

to which a facility belongs. X is vector of conventional control variables. Y and I

are year- and industry-fixed effects respectively. Using the estimated diversity in the

first stage, I estimate facility emissions in the next 3 and 5 years, controlling for firm
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level standard errors, per equation:

Emissionst+3 = γ0 + γ1 ˆDiversityt +X + Y + I (34)

The first column of Table 2.4 shows diversity estimates in the first stage of a two-

stage-least-square (2SLS) analysis. The significantly positive coefficient of nonstop-iv

confirms that the instrumental variable, current supply of non-local diverse members,

is significantly related to diversity of board members. The second stage, shows a

significantly negative coefficient for diversity when estimating facilities’ emission in

the next 3 years; this is consistent with the hypothesis that diverse board members

lean towards sustainable choices, adopting policies and procedures that reduce the

emission of air pollutants in the next 3 years.

Column 3 and 4 of Table 2.4 inspect the impact of diversity on facilities’ air pollutant

emissions in the next 5 years. The negative and significant coefficient of estimated di-

versity supports the hypothesis that the negative association of diversity and emission

of air pollutants in the next 5 years is causal.

Furthermore, using the same methodology, I inspect the causality of directors’ ethnic

diversity on facilities’ air pollutant emissions. Table 2.4 Panel B shows consistent

results, suggesting that ethnic diversity of board members increases firms’ adoption

of CSR, reducing air pollutant emissions.

2.3.3. Mechanism

After establishing a causal relation between firms’ board diversity and emission of

air pollutants, I study the channel through which board diversity impacts firms’ air

pollutant emissions. I hypothesize that board diversity alleviates echo chamber effect

and promotes innovation and creative pro-social solutions. Therefore, an increase in

investments in research and development (R&D) in firms with more diverse boards

should be associated with lower emission of air pollutants. To examine this hypothesis

I perform a regression analysis in which I study the association of the interaction term

between board diversity and R&D investments and the emission of air pollutants per
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equation:

Emissionst+1 = β0 +β1Diversityt +β2RDt +β3Diversityt ∗RDt +X +Y + I (35)

, where RDt is a firm’s R&D expenditures in year t and Diversityt ∗ RDt is the in-

teraction term between a firm’s diversity and R&D investments. Table 2.5, Panel A,

indicates the impact of board diversity on reduction of air pollutant emissions in the

next year through R&D investments. Negative and significant coefficients for the in-

teraction term of different variables of board diversity and R&D investments support

the hypothesis that an increase in board diversity causes a decrease in emission of air

pollutants, in the next year, through R&D investments. Table 2.5, Panel B, reports

the results for exploring the impact of diversity on air pollutant emissions through

R&D investments in the next 3 years. Negative and significant coefficients of interac-

tion terms between R&D expenditures and different diversity variables, confirm that

investing in more research and development projects, an increase in board diversity

will lead to less air pollutant emissions in the following years.

2.4. Conclusion

This study shows a negative association between board ethnic diversity and emission

of air pollutants, consistent with alleviation of echo chamber effect leading to exploring

innovative environmentally sustainable decisions. Furthermore, it finds a negative

association between the presence of board members who serve as academic professors

and members who serve as board members of other firms and the emission of air

pollutants.

I perform a 2 stage analysis using firms’ access to non-local supply of diverse board

members as an instruments for diverse board members. My results show that the

negative association between emission of air pollutants and both ethnic and cognitive

diversity is causal.

Moreover, I show that the combined diversity measure, ethnic and cognitive, will

reduce the air pollutant emission in the following one and three years through invest-

53



ments in research and development (R&D).
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Figure 1.2: Autocorrelation of Order Imbalance in Different Quartiles

Figure 1.3: Autocorrelation of Bitcoin Returns
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Figure 1.4: Bitcoin Order Flow Partial Autocorrelation (PACF)
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Figure 1.5: Correlation Heatmap
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30-Day High

90-Day High

120-Day High

Figure 1.6: Bitcoin Returns Around High Days
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Figure 1.7: What do People Talk About in Bitcoin Subreddit?
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Figure 1.8: Market Timing Skills of Investors
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Figure 1.9: Market Timing Skills of Investors (Demeaned)
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a) Intra-day Seasonality

a) Intraweek Seasonality

Figure 1.10: Seasonality of Order Imbalance
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a) Intraday Seasonality

a) Intraweek Seasonality

Figure 1.11: Seasonality of Bitcoin Trading Volume
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Figure 1.12: Seasonality of Average Bitcoin Returns

Figure 1.13: Seasonality of Bitcoin Price Volatility

69



Table 1.1: Investors’ Hourly Style

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in
each hourly frequency(1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour) per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

σ(LkMt) is the standard deviation of LkM measure and T is the number of hours. In Panel B
results of a regression analysis is presented per equation:

OIBt = β1 ×Returnt−1 + ε

OIBt is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume at time t.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1Mvol -5.27 -8.36 -12.86 -20.06
L2Mvol -3.29 -5.49 -8.87 -17.20
L4Mvol -2.82 -4.05 -6.21 -14.57
L8Mvol -2.59 -2.61 -3.46 -10.43
L12Mvol -2.56 -2.38 -2.46 -9.26
L24Mvol -2.60 -2.61 -2.96 -9.04

Panel B: Regression Analysis
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.01*** -0.01*** -0.02*** -0.02***
Returnt-2 -0.01** -0.01*** -0.01*** -0.02***
Returnt-4 -0.01** -0.01*** -0.01*** -0.01***
Returnt-8 -0.01** -0.00** -0.00** -0.01***
Returnt-12 -0.01** -0.00** -0.00* -0.01***
Returnt-24 -0.01** 0.00** -0.00** -0.01***
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Table 1.2: Buyers’ vs Sellers’ Hourly Style

Table 1.2 presents t-statistics calculated based on LkM measure for buyers and sellers of each
quartile in each hourly frequency(1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour), per equation:

LkM = OIBt,k ×Returnt−k

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

OIBt,k is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume for the duration of k hours. In Panel A, for buyers,
the analysis is perfomed on a subset of data with positive OIBt, and in Panel B, for sellers, the
analysis is performed on a subset of data with negative OIBt.

Buyers’ Style
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1M T Stat 0.17 -7.06 -10.20 -12.91
L2M T Stat 2.11 -4.91 -7.39 -10.74
L4M T Stat 2.76 -4.27 -4.88 -9.16
L8M T Stat 2.36 -2.72 -3.01 -6.64
L12M T Stat 2.67 -2.64 -1.85 -5.87
L24M T Stat 1.42 -2.56 -1.95 -5.83

Sellers’ Style
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1M T Stat -5.41 -6.82 -9.85 -15.45
L2M T Stat -3.67 -4.62 -6.98 -13.57
L4M T Stat -3.19 -3.43 -5.11 -11.54
L8M T Stat -2.84 -2.29 -2.85 -8.33
L12M T Stat -2.80 -2.10 -2.13 -7.50
L24M T Stat -2.71 -2.41 -2.67 -7.48
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Table 1.3: Buyers’ vs Sellers’ Skill

Table 1.3 explores the skills of Buyers and sellers per equation:

Returnt = β0 + β1 ×OIBt−1,k

OIBt-1,k is order imbalance at time t − 1, calculated as the difference between the buy volume
and sell volume divided by the total trading volume in a duration of k hours ending at time t− 1.
For buyers, Panel A, the analysis is performed on a subset of data with positive OIBt-1, and for
sellers, Panel B, the analysis is performed on a subset of data with negative OIBt-1. Following
Newey and West (1987), the autocorrelation of standard errors are controlled for 2 lags.

Buyers’ Skill
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIBt-1 -0.02 0.03 0.10 0.05
OIBt-2 -0.05 0.29** 0.32** 0.09*
OIBt-4 -0.03 0.04 0.40* -0.03
OIBt-8 0.02 0.02 0.35 -0.05
OIBt-12 -0.20 -0.07 0.36 -0.06
OIBt-24 -0.29 -0.22 -0.05 -0.04

Sellers’ Skill
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIBt-1 0.02 0.03 0.00 -0.00
OIBt-2 -0.01 0.02 -0.01 -0.01
OIBt-4 -0.01 0.01 0.02 -0.07*
OIBt-8 0.00 0.00 0.04 -0.03
OIBt-12 -0.01 0.01 0.02 -0.06
OIBt-24 0.00 0.02 0.01 -0.08
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Table 1.4: Investors’ Style Following High Days

Panel A
Table 1.4 presents the values of coefficient β1, estimating Bitcoin’s order flow after high days, per
equation:

OIBt,k = β0 + β1dt−k

OIBt,k is the order imbalance during k days from day t-k+1 to t, and dt−k is a dummy variable
equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day highs on day t-k. Following Newey and
West (1987), I control for autocorelation of standard errors using 90 lags.

Panel A: OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

dt-1 -0.01 0.03 0.01 -0.04***
dt-2 -0.01 0.03 0.01 -0.04***
dt-3 -0.01 0.03 0.01 -0.04***
dt-4 -0.00 0.03 0.01 -0.04***
dt-5 -0.00 0.03 0.02 -0.04***
dt-6 0.00 0.03 0.02 -0.04***

90-Day High

dt-1 -0.03 0.03 0.01 -0.06***
dt-2 -0.02 0.04 0.01 -0.06***
dt-3 -0.02 0.04 0.02 -0.06***
dt-4 -0.02 0.04 0.02 -0.05***
dt-5 -0.01 0.04 0.02 -0.05***
dt-6 -0.01 0.05 0.02 -0.05***

120-Day High

dt-1 -0.01 0.04 0.01 -0.07***
dt-2 -0.01 0.04 0.01 -0.07***
dt-3 -0.01 0.04 0.02 -0.07***
dt-4 -0.00 0.04 0.02 -0.06***
dt-5 -0.00 0.05 0.02 -0.06***
dt-6 0.00 0.05 0.02 -0.06***
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Investors’ Style Following Low Days
Panel B

Table 1.4 Panel B presents the values of coefficient β1, estimating Bitcoin’s order flow after low
days, per equation:

OIBt,k = β0 + β1dt−k

OIBt,k is the order imbalance during k days from day t-k+1 to t, and dt−k is a dummy variable
equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day lows on day t-k. Following Newey and
West (1987), I control for autocorrelation of standard errors using 90 lags.

Panel B: OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

dt-1 0.01 -0.01 -0.00 0.02**
dt-2 0.00 -0.01 0.01 0.02**
dt-3 0.01 -0.01 0.01 0.02**
dt-4 0.01 -0.00 0.02 0.03**
dt-5 0.01 -0.00 0.02 0.03**
dt-6 0.01 -0.00 0.02 0.03**

90-Day Low

dt-1 -0.02 -0.10** -0.05* 0.04**
dt-2 -0.02 -0.10** -0.04 0.05***
dt-3 -0.02 -0.10** -0.03 0.04***
dt-4 -0.02 -0.10** -0.02 0.04***
dt-5 -0.02 -0.10*** -0.02 0.04***
dt-6 -0.02 -0.09** -0.02 0.04**

120-Day Low

dt-1 -0.04 -0.11** -0.06* 0.05**
dt-2 -0.05 -0.10** -0.05 0.05**
dt-3 -0.05 -0.11** -0.04 0.05***
dt-4 -0.05 -0.11** -0.03 0.05***
dt-5 -0.05 -0.11*** -0.03 0.05**
dt-6 -0.05 -0.10*** -0.02 0.05**
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Table 1.5: Bitcoin Returns after High and Low Days

Table 1.5 Panel A presents coefficient β1 for estimating Bitcoin’s return on the days following
Bitcoin hitting 30-, 90-, and 120-day highs, and Panel B presents coefficient β1 for estimating
Bitcoin’s return on the days following Bitcoin hitting 30-, 90-, and 120-day lows, per equation:

Returnt = β0 + β1dt−k

In Panel A, dt−k is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day
highs and 0 otherwise, and in Panel B, dt−k is a dummy variable equal to 1 if Bitcoin’s price hits
its 30-, 90- and 120-day lows and 0 otherwise. Following Newey and West (1987), I control for
autocorrelation of standard errors using 1 lag.

30-Day 90-Day 120-Day

Panel A: Bitcoin Return after High Days

dt-1 0.01** 0.01** 0.01**
dt-2 0.00 0.01* 0.01
dt-3 0.00 0.01 0.01*
dt-4 0.01** 0.01** 0.01*
dt-5 0.00 0.01* 0.01*
dt-6 0.01** 0.01* 0.00

Panel B: Bitcoin Return after Low Days

dt-1 0.00 0.01 0.01
dt-2 0.01 0.00 0.01
dt-3 -0.00 0.00 0.00
dt-4 -0.00 -0.00 -0.00
dt-5 -0.00 -0.00 -0.00
dt-6 0.00 0.00 0.01
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Table 1.6: Order Flow and Investors’ Style, Sentiment and Seasonality

Panel A
Table 1.6 shows results for exploring the impact of investors’ style and sentiment on the Order
imbalance per equation:

OIBt = β1×Rett−1 +β2× 2Hr Sentt−1 +β3× 2Hr Attt−1 +β4×SPt +β6× 24OIBt−1 +W +H

Rett-1 is Bitcoin’ return at time t-1. 2Hr Sentt-1 is a proxy for aggregate 2-hour sentiment
(Sentimentt-1 + Sentimentt-2), where Sentimentt is defined as the difference between the stan-
dardized (based on 336 hours/2 weeks) hourly average posititve and negative sentiment in Reddit
from t-1 to t. 2Hr Attt-1 is a proxy for aggregate 2-hour attention calculated as the summation
of standardized (based on 336 hours/2 weeks) values of number of Bitcoin-related Reddit posts
during the past 2 hours. Both 2Hr Sentt-1 and 2Hr Attt-1 are scaled by 100. 24OIBt-1 is the
summation of order imbalance values from time t-24 to t-1. SP t is the daily return on the Standard
& Poor’s Composite Index. W and H are dummy variables representing dummy variables of the
day of a week and the hour of the day respectively.

Q1 Q2 Q3 Q4

OIB24t-1 0.04*** 0.04*** 0.04*** 0.03***
Rett-1 -0.00 -0.01** -0.01*** -0.02***
2Hr Sentt-1 0.00 0.11*** 0.08* 0.01
2Hr Attt-1 0.42*** 0.56*** 0.46*** -0.21**
SPt -0.06 0.04 0.03 -0.21*
Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02**
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01
1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.03*** -0.02*** -0.02*** -0.01*

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 803.2 7.557 250.7 61.35
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Order Flow and Investors’ Style, Sentiment and Seasonality
Panel B

Panel B represents results for the same regression analysis as Panel A with 2Hr Sentt-1 decomposed
to 2Hr Post-1 and 2Hr Negt-1 which are the aggregate standardized average positive and negative
Reddit sentiment from t− 3 to t− 1 respectively. Both 2Hr Post-1 and 2Hr Negt-1 are scaled by
100.

Panel B: 2-Hour Positive and Negative
Q1 Q2 Q3 Q4

OIB24t-1 0.04*** 0.04*** 0.04*** 0.03***
Rett-1 -0.00 -0.01** -0.01*** -0.02***
2Hr Post-1 -0.13 0.05 -0.05 0.03
2Hr Negt-1 -0.13* -0.17** -0.20*** -0.00
2Hr Attt-1 0.44*** 0.57*** 0.47*** -0.22*
SPt -0.06 0.04 0.03 -0.21*

Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02**
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01

1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02* 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.03*** -0.02*** -0.02*** -0.01*

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 830.9 736.0 242.9 60.65
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Table 1.7: Can Order Flow Components Predicting Bitcoin Returns?

Table 1.7 shows the results for conducting a two stage decomposition of order imbalance. In the
first stage, order imbalance is estimated at time t-1, per equation:

OIBt−1 = β0 + β1 ×OIB24t−2 + β2 ×Returnt−2
+ β3 × 2Hr Attt−2 + β4 × 2Hr Sentt−2 + T +W + U4

OIB24t-2 is the aggregate 24 hour order imbalance from t-2 to t-25. Returnt-2 is the Bitcoin
return at time t-2, and 2Hr Attt-2 is the number of Reddit posts at during t-4 to t-2 standardized
by the number of posts during the preceding 336 hours (2 weeks). 2Hr Sentt-1 is a proxy for
aggregate 2-hour sentiment ( Sentimentt-2 + Sentimentt-3), where Sentimentt is defined as the
difference between the standardized average positive Reddit and negative Reddit sentiment from
t-1 to t. Both 2Hr Sentt-1 and 2Hr Attt-1 are scaled by 100. In the above regression, the second
component, β1×OIB24t-1 is defined as Persistence, the third component, β2×Returnt-2 is defined
as Contrarian, the fourth component, β3 × 2Hr Attt-2, is called Attention, the fifth component,
β4×2Hr Sentt−2, is called Sentiment, and the summation of intercept, seasonality and error terms
is called Other. Then, in the second stage, Returnt is estimated using the identified components
as:

Returnt = β0 + β1 × Persistencet−1 + β2 × Contrariant−1 + β3 ×Attentiont−1
+ β4 × Sentimentt−1 + β5 × othert−1 + Controls

, where Controls represents control variables such as different lags of Bitcoin returns and return
volatility. The results of the first and second stages are presented at the top and bottom sections
of Panel A respectively.

2-Hour Sentiment
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Stage I: Decomposition of OIBt-1

OIB24t-2 0.04*** 0.04*** 0.04*** 0.03***
Returnt-2 -0.00 -0.01** -0.01*** -0.02***
2 Hr Sentimentt-2 0.01 0.12*** 0.09** 0.02
2 Hr Attentiont-2 0.39*** 0.44*** 0.40*** -0.21**

Stage II: Estimation of Return t

Persistencet-1 -0.02 0.01 -0.03 -0.19***
Contrariant-1 6.30*** 4.10*** 2.40***
Sentimentt-1 0.37 0.46
Attentiont-1 1.30 1.14 1.29 -2.34
Othert-1 -0.02 -0.02 -0.00 -0.02
Returnt-1 -0.04*** -0.04*** -0.04*** -0.05***
Returnt-24 -0.03*** -0.03*** -0.03*** -0.03***
Return Volatilityt-1 0.02 0.02 0.02 0.02

Adj-R2 0.003 0.004 0.004 0.005
F-statistic 6.16 5.17 5.57 7.67
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Table 1.8: Investors’ Market Timing Skills

Table 1.8 shows investors market timing skills at correctly forecasting an increase in Bitcoin’s price
(sensitivity) and correctly forecasting a decrease in Bitcoin’ price (specificity). Panel A shows
the results corresponding to analysis based on raw order imbalance values, and Panel B presents
the results using order imbalance mean deviation from its average during the preceding 350 hours
(15 days). The first column in each panel represents sensitivity which is the probability of a
positive call for an actually-positive (True-Positive) price movement, and the second column in
each panel represents specificity which is the probability of a negative call for an actually-negative
price movement (True-negative). The third column, OverallSkill is the the total probability of
trader’s correct market timing per equation:

Overallt = P1 × TruePositive+ P2 × TrueNegative

,where P1 is the probability of Bitcoin price being up, and P2 is the probability of Bitcoin price
being down at time t.

Sensitivity and Specificity

Panel A: By Order Imbalance
(1) (2) (3)

TruePositive TrueNegative OverallSkill

Q1 0.154021 0.858982 0.493547
Q2 0.116961 0.896228 0.492260
Q3 0.186034 0.839061 0.500535
Q4 0.438108 0.610935 0.521342

Panel B: By Demeaned Order Imbalance
(1) (2) (3)

TruePositive TrueNegative OverallSkill

Q1 0.469158 0.562296 0.514144
Q2 0.483101 0.553424 0.517005
Q3 0.502936 0.532913 0.517389
Q4 0.523610 0.529044 0.526230
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Table 1.9: Style (Binance)

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in
Binance for each hourly frequency (1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour), from October
1, 2019 to October 1, 2021, per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

In Panel B results of a regression analysis, controlling for Newey and West (1987) autocorrelation
of standard errors for up to 500 lags, is presented per equation:

OIBt = β1 ×Returnt−1 + ε

OIBt is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume at time t. σ(LkMt) is the standard deviation of LkM
measure and T is the number of hours. Panel C shows the results of estimating mean deviation
of order imbalance from its preceding 720 hours (15 days), controlling for Newey and West (1987)
autocorrelation of standard errors for up to 900 lags.

DMOIBt,k = β0 + β1Returnt−k

Panel A: LkM Measure

Q1 Q2 Q3 Q4

L1Mvol 2.75 0.27 0.28 -2.26
L2Mvol 1.35 -0.51 -0.21 -2.07
L4Mvol 1.04 -0.83 -0.66 -1.07
L8Mvol 0.20 -0.94 -0.16 -1.69
L12Mvol 0.73 -0.54 0.18 -1.81
L24Mvol 0.83 -0.48 -0.37 -2.68

Panel B: Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 0.37* 0.05 0.03 -0.29
Returnt-2 0.15 0.09 -0.02 -0.21*
Returnt-4 0.10 -0.14 -0.07 -0.09
Returnt-8 -0.01 -0.09 -0.04 -0.06
Returnt-12 0.05 -0.08 0.02 -0.11
Returnt-24 0.05 -0.06 -0.03 -0.13**

Panel C: Mean Deviation of Order Imbalance Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 0.71*** 0.09 -0.00 -0.40
Returnt-2 0.41*** 0.00 -0.15 -0.31
Returnt-4 0.30*** -0.07 -0.07 -0.09
Returnt-8 0.26*** -0.08 -0.00 -0.10
Returnt-12 0.21*** 0.00 0.00 -0.09
Returnt-24 0.12** 0.04 -0.09 -0.09
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Table 1.10: Binance Investors’ Style Following High Days

Panel A
Table 1.10 presents the values of coefficient β1, estimating Bitcoin’s order flow after high days, per
equation:

OIBt,k = β0 + β1dt−k

OIBt,k is the order imbalance during k days from day t-k+1 to day t, and dt−k is a dummy variable
equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day highs on day t-k. Following Newey and
West (1987), I control for autocorelation of standard errors using 20 lags.

Panel A: OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

dt-1 -0.00 0.06* -0.04** -0.01
dt-2 -0.00 0.06* -0.04* -0.00
dt-3 -0.00 0.06* -0.03* -0.00
dt-4 -0.00 0.06* -0.03 * -0.00
dt-5 -0.01 0.06* -0.03* -0.00
dt-6 -0.01 0.06* -0.03* -0.00

90-Day High

dt-1 -0.00 0.06** -0.03* -0.00
dt-2 -0.00 0.07** -0.02 0.00
dt-3 0.00 0.07** -0.02 -0.00
dt-4 0.00 0.07** -0.02 -0.00
dt-5 -0.00 0.07** -0.02 0.00
dt-6 0.00 0.07** -0.02 0.00

120-Day High

dt-1 -0.00 0.06* -0.03* 0.00
dt-2 -0.00 0.06** -0.03 0.00
dt-3 0.00 0.06** -0.02 0.01
dt-4 0.00 0.06** -0.02 0.01
dt-5 0.00 0.06** -0.02 0.01
dt-6 0.00 0.06** -0.01 0.01
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Binance Traders’ Style Following Low Days- Demeaned OIB
Panel B

Table 1.10 presents the values of coefficient β1, estimating Bitcoin’s order flow 90-day mean devi-
ation after low days, per equation:

DMOIBt,k = β0 + β1dt−k

DMOIBt,k is the k-days order flow deviation, on day t, from its mean value calculated from
day t-k-1 to day t-k-181. dt−k is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90-
and 120-day lows on day t-k and 0 otherwise. Following Newey and West (1987), I control for
autocorelation of standard errors using 25 lags.

Panel B: DM-OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

dt-1 0.03* -0.00 0.03 0.01
dt-2 0.03** -0.00 0.03 0.01
dt-3 0.03* 0.01 0.02 0.00
dt-4 0.02* 0.01 0.02 -0.00
dt-5 0.02* -0.00 0.02 -0.00
dt-6 0.02* -0.00 0.02 -0.00

90-Day Low

dt-1 0.02*** -0.07 0.07* 0.03
dt-2 0.02** -0.06 0.07* 0.03
dt-3 0.02 -0.06* 0.06* 0.02
dt-4 0.01 -0.07* 0.05 0.01
dt-5 0.01 -0.07* 0.05 0.01
dt-6 0.01 -0.07* 0.05 0.01

120-Day Low

dt-1 0.02*** -0.07 0.07* 0.03
dt-2 0.02** -0.06 0.07* 0.03
dt-3 0.02 -0.06* 0.06* 0.02
dt-4 0.01 -0.07* 0.05 0.01
dt-5 0.01 -0.07* 0.05 0.01
dt-6 0.01 -0.07* 0.05 0.01
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Table 1.11: Binance Traders’ Market Timing Skills

Table 1.11 shows Binance traders’ market timing skills at correctly forecasting an increase in
Bitcoin’s price (sensitivity) and correctly forecasting a decrease in Bitcoin’ price (specificity).
Panel A shows the results corresponding to analysis based on raw oder imbalance values, and
Panel B presents the results using order imbalance mean deviation from its average during the
preceding 350 hours (15 days). The first column in each panel represents sensitivity which is the
probability of a positive call for an actually-positive (True-Positive) price movement, and the
second column in each panel represents specificity which is the probability of a negative call for
an actually-negative price movement (True-negative). The third column, OverallSkill is the the
total probability of trader’s correct market timing per equation:

Overallt = P1 ×
Positive

ActualPositive
+ P2 ×

Negative

ActualNegative

,where P1 is the probability of Bitcoin price being up, and P2 is the probability of Bitcoin price
being down at time t.

Sensitivity and Specificity

Panel A: By Order Imbalance
(1) (2) (3)

Positive
ActualPositive

Negative
ActualNegative OverallSkill

Q1 0.561660 0.403102 0.484114
Q2 0.489307 0.484612 0.487011
Q3 0.573711 0.410088 0.493684
Q4 0.408273 0.563301 0.484089

Panel B: By Demeaned Order Imbalance
(1) (2) (3)

Positive
ActualPositive

Negative
ActualNegative OverallSkill

Q1 0.475736 0.485215 0.480398
Q2 0.481612 0.489546 0.485513
Q3 0.482113 0.499914 0.490866
Q4 0.474844 0.494079 0.484296
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Table 2.1: Descriptive statistics

Table 2.1 Panel A shows the summary statistics for the various facility-level time-varying char-
acteristics. All variable definitions are in Appendix B. Panel B shows the correlation between
diversity variables of study.

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

Count Mean SD 25% 50% 75%

SO2 2039 3598.31 7644.78 0.31 5.76 3512.47
Nox 2039 1222.15 2312.23 14.79 111.14 1272.56
CO2 2039 899767.92 1386411.58 24779.36 321951.94 1068145.11
M/B 2039 0.77 0.20 0.65 0.73 0.86
Log(Total Assets) 2039 4.54 0.42 4.37 4.53 4.70
Book Leverage 2039 0.39 0.11 0.32 0.37 0.45
Tangibility 2039 0.59 0.14 0.53 0.60 0.67
RD 2039 0.00 0.00 0.00 0.00 0.00
HHI Professor 2039 0.89 0.14 0.79 1.00 1.00
HHI Ethnic 2039 0.97 0.11 1.00 1.00 1.00
Mu Numboards 2039 2.25 1.00 1.50 2.08 2.83

Panel B
(1) (2) (3)

Mu Numboards HHI Ethnic HHI Professor

Mu Numboards 1.000000 0.069168 0.154458
HHI Ethnic 0.069168 1.000000 0.240551
HHI Professor 0.154458 0.240551 1.000000
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Table 2.2: Diversity Measures and Total Air Pollutant Emission

Panel A

Table 2.2 Panel A presents OLS regression estimates of models where the dependent variable is
the air pollutant emission and the independent variable is different measures of board diversity.
Standard errors are clustered at the firm-level. Panel B reports regression estimates where the
dependent variable is cognitive diversity index and diversity index. All variable definitions can be
found in Appendix B.

(1) (2) (3)
Total Pollution Total Pollution Total Pollution

VARIABLES Ethnic Other Boards Professor

Ethnic -0.260***
(0.075)

Total Assets (Log) -0.409 -0.344 -0.279
(0.465) (0.451) (0.503)

M/B -0.975** -0.772 -1.096**
(0.436) (0.527) (0.522)

Book Leverage -0.084 -0.737 0.681
(1.640) (1.328) (1.638)

Tangibility 2.160*** 1.484* 1.869**
(0.797) (0.793) (0.825)

Profitability -1.433 1.835 1.328
(2.861) (3.543) (3.095)

RD -61.184 -181.401 -120.035
(132.253) (184.162) (156.731)

Mu Numboards -0.243**
(0.095)

Professor -0.163*
(0.092)

Constant 0.674 -0.355 -0.339
(2.903) (2.997) (3.163)

Observations 2,039 2,039 2,039
R-squared 0.209 0.208 0.205
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Adjusted R-squared 0.194 0.193 0.190

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Diversity Measures and Total Air Pollutant Emission
Panel B

(1) (2)
Total Pollution Total Pollution

VARIABLES Additional Controls Additional Controls

Diversity -0.208***
(0.037)

Total Assets (Log) -0.255 -0.232
(0.394) (0.433)

M/B -1.027** -0.995*
(0.477) (0.550)

Book Leverage -0.122 0.070
(1.322) (1.414)

Tangibility 1.982*** 1.666**
(0.688) (0.765)

Profitability -0.376 1.786
(2.585) (3.139)

RD -37.182 -122.397
(126.453) (158.002)

CogDiv -0.201***
(0.058)

Constant -0.510 -0.882
(2.882) (3.026)

Observations 2,039 2,039
R-squared 0.215 0.210
Year FE Yes Yes
Industry FE Yes Yes
Adjusted R-squared 0.200 0.195

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 2.3: Diversity Index and Emission Components

Panel A

Table 2.3 Panel A presents OLS regression estimates of models where the dependent variable is
the emission of different air pollutants and the independent variable is diversity index. Standard
errors are clustered at the firm-level. Panel B reports regression estimates where the explanatory
variable is cognitive diversity index . All variable definitions can be found in Appendix B.

(1) (2) (3)
CO2 SO2 NOx

VARIABLES

Diversity -0.076*** -0.062*** -0.070***
(0.017) (0.014) (0.017)

Total Assets (Log) -0.118 0.013 -0.150
(0.157) (0.134) (0.178)

M/B -0.460*** -0.176 -0.390***
(0.146) (0.300) (0.137)

Book Leverage 0.017 0.223 -0.362
(0.568) (0.505) (0.498)

Tangibility 0.590** 1.030*** 0.362
(0.284) (0.347) (0.288)

Profitability -0.341 0.259 -0.294
(1.187) (1.111) (0.853)

RD -27.055 15.413 -25.540
(33.268) (58.791) (49.863)

Constant 1.013 1.407 -2.931***
(0.877) (1.393) (1.043)

Observations 2,039 2,039 2,039
R-squared 0.119 0.213 0.253
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Adjusted R-squared 0.102 0.198 0.238

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Diversity Index and Emission Components
Panel B

(1) (2) (3)
CO2 SO2 NOx

VARIABLES

CogDiv -0.082*** -0.042 -0.077***
(0.022) (0.026) (0.022)

Total Assets (Log) -0.103 0.006 -0.135
(0.168) (0.145) (0.186)

M/B -0.451*** -0.162 -0.382**
(0.153) (0.319) (0.162)

Book Leverage 0.084 0.288 -0.302
(0.567) (0.556) (0.503)

Tangibility 0.470 0.945** 0.251
(0.285) (0.368) (0.301)

Profitability 0.472 0.858 0.456
(1.248) (1.314) (0.985)

RD -56.468 -13.896 -52.033
(43.952) (68.478) (58.465)

Constant 0.833 1.391 -3.106***
(0.945) (1.386) (1.076)

Observations 2,039 2,039 2,039
R-squared 0.116 0.207 0.250
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Adjusted R-squared 0.0990 0.192 0.236

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

88



Table 2.4: Diversity IV Regression

Panel A

Table 2.4 Panel A reports 2SLS regression estimates of models where diversity is estimated in the
first stage, per equation:

hatDiversityt = β0 + β1NonstopIVt +X + Y + I (36)

, where Nonstop IVt is an instrument variable for diversity of director’s of the firm to which a
facility belongs. X is vector of conventional control variables. Y and I are year- and industry-fixed
effects respectively. Using the estimated diversity in the first stage, I estimate facility emissions in
the next 3 and 5 years, controlling for firm level standard errors, per equation:

Emissionst+3 = γ0 + γ1 ˆDiversityt +X + Y + I (37)

Panel B reports regression estimates where ethnic diversity is estimated in the first stage, and in
the second stage, a facility’s emission is estimated using the estimated ethnic diversity. Standard
errors are clustered at the firm-level in all regressions. All variable definitions can be found in
Appendix B.

(1) (2) (3) (4)
first second first second

VARIABLES diversity P3 diversity P5

Nonstop IV 0.375*** 0.375***
(0.036) (0.036)

Total Assets (Log) 1.257*** 1.257***
(0.142) (0.142)

M/B -0.049 -1.294** -0.049 -1.146
(0.245) (0.616) (0.245) (0.718)

Book Leverage 0.066 -0.990 0.066 -2.498*
(0.612) (1.339) (0.612) (1.350)

Tangibility 1.207*** 2.615*** 1.207*** 2.040**
(0.373) (0.783) (0.373) (0.808)

Profitability -6.830*** -1.353 -6.830*** -2.737
(1.757) (4.137) (1.757) (4.806)

RD 527.170*** 93.001 527.170*** 128.804
(72.817) (62.064) (72.817) (103.280)

Diversity -0.266** -0.479***
(0.134) (0.158)

Constant -8.526*** 0.833 -8.526*** 0.758
(1.207) (2.933) (1.207) (2.950)

Observations 2,111 1,177 2,111 884
R-squared 0.351 0.211 0.351 0.245
Basic Controls Yes Yes Yes Yes
Additional Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Ethnic Diversity IV Regression
Panel B

(1) (2) (3) (4)
first second first second

VARIABLES z1HHI Ethono1 P3 z1HHI Ethono1 P5

NL Ethnic 0.069*** 0.069***
(0.020) (0.020)

Total Assets (Log) -0.262*** -0.262***
(0.084) (0.084)

M/B -0.217 -1.387* -0.217 1.655
(0.138) (0.789) (0.138) (1.451)

Book Leverage -0.911** -4.799* -0.911** -7.367**
(0.398) (2.837) (0.398) (3.713)

Tangibility 1.745*** 5.771*** 1.745*** 4.201***
(0.252) (1.570) (0.252) (1.601)

Profitability -10.409*** -15.144** -10.409*** -20.647*
(1.074) (7.696) (1.074) (10.716)

RD 331.019*** 631.679* 331.019*** 965.451
(60.877) (351.299) (60.877) (922.490)

Ethnic -3.901** -6.357**
(1.524) (2.522)

Constant 2.364*** 5.947 2.364*** 6.394
(0.636) (3.766) (0.636) (5.050)

Observations 2,130 1,186 2,130 884
R-squared 0.311 0.311
Basic Controls Yes Yes Yes Yes
Additional Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 2.5: The Impact Board Diversity on Emissions through R&D Investments

Panel A

Table 2.5 Panel A reports the results for analysis of the interaction of board diversity variables and
R&D investments impact on firms’ emission of air pollutants during the next year, per equation:

Emissionst+1 = β0 + β1Diversityt + β2RDt + β3Diversityt ∗RDt +X + Y + I (38)

, where RDt is a firm’s R&D expenditures in year t and Diversityt ∗RDt is the interaction term
between a firm’s diversity and R&D investments. Panel B reports the results of examing the
impact of interaction of board diversity variables and R&D investments on firms’ emission of air
pollutants during the next 3 years.

(1) (2) (3)
VARIABLES P1 P1 P1

Ethnic -0.110
(0.143)

Total Assets (Log) -0.200 -0.161 -0.060
(0.503) (0.423) (0.497)

M/B -0.798 -0.816 -1.132**
(0.488) (0.489) (0.422)

Book Leverage -1.020 -1.461 0.621
(1.796) (1.367) (1.521)

Tangibility 2.588*** 2.059** 2.404***
(0.803) (0.796) (0.826)

Profitability -2.282 1.475 0.298
(2.676) (3.247) (2.757)

RD -15.771 -62.790 -10.426
(111.420) (140.774) (104.908)

Ethnic * RD -238.311
(144.178)

µ Numboards -0.251**
(0.106)

Mu Numboards * RD -28.389**
(13.622)

Professors -0.128
(0.087)

Professors * RD 10.587
(9.911)

Constant 2.594 1.515 1.666
(2.611) (2.127) (2.502)

Observations 1,858 2,098 1,986
R-squared 0.188 0.192 0.190
Basic Controls Yes Yes Yes
Additional Controls Yes Yes Yes
Year FE Yes Yes Yes
Industry FE Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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The Impact Board Diversity on Emissions through R&D Investments
Panel B

(1) (2) (3)
first first first

VARIABLES P3 P3 P3

Ethnic 0.012
(0.238)

Total Assets (Log) -0.357 -0.326 -0.274
(0.626) (0.497) (0.610)

M/B -1.030 -1.134** -1.394***
(0.646) (0.444) (0.443)

Book Leverage -1.230 -1.725 -0.535
(1.714) (1.435) (1.473)

Tangibility 2.708*** 2.507*** 2.794***
(0.876) (0.808) (0.922)

Profitability -0.760 1.853 0.215
(3.144) (3.200) (2.880)

RD -7.987 0.051 37.924
(118.736) (133.519) (97.512)

Ethnic * RD -293.876*
(148.592)

Mu Numboards -0.264**
(0.102)

Mu Numboards * RD -28.515*
(14.232)

Professors -0.070
(0.091)

Professors * RD 12.709
(9.457)

Constant 2.203 1.234 1.886
(3.284) (2.692) (3.081)

Observations 1,280 1,509 1,418
R-squared 0.212 0.222 0.214
Basic Controls Yes Yes Yes
Additional Controls Yes Yes Yes
Year FE Yes Yes Yes
Industry FE Yes Yes Yes

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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APPENDIX A

Figure A.1: Reddit Word Cloud During Time
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Figure A.2: Positive vs Negative Sentiment Word Clouds
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a) Binance

Figure A.3: Intra-day Seasonality of Order Flow (Binance vs Coinbase)
b) Coinbase
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a) Binance

Figure A.4: Intra-week Seasonality of Order Imbalance (Binance vs Coinbase)
b) Coinbase
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Figure A.5: Seasonality of Average Bitcoin Returns (Coinbase vs Binance)
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APPENDIX B

Table B.1: Style
Table B.1 presents the values for the coefficient, β1, for estimating demeaned order imbalance per
equation:

DMOIBt,K = β0 + β1 ×Returnt−k + ε

DMOIBt,k is mean deviation of order imbalance at time t, using its preceding 720 hours (30
days), where order imbalance is calculated as the difference between the buy volume and sell
volume divided by the total trading volume during k hours ending at time t. Following Newey and
West (1987), the autocorrelation of standard errors are controlled for up to 3500 lags.

Mean Deviation of Order Imbalance Regression Analysis
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.01*** -0.01* -0.01*** -0.02***
Returnt-2 -0.00 -0.00 -0.01** -0.01***
Returnt-4 0.00 -0.00 -0.00 -0.01***
Returnt-8 0.00 0.00 0.00 -0.01***
Returnt-12 0.00 0.00 0.00 -0.00***
Returnt-24 0.00 0.00 0.00 -0.00***
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Table B.2: Buyer’s vs Seller’s Style by Order Imbalance Mean Deviation

Table B.2 shows t-statistics for the mean values of buyer and seller style measure calculated as:

LkM = DMOIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

(39)

¯LkM =
1

T

T∑
t

LkM (40)

DMOIBt is order imbalance mean deviation from its preceding 720 hours (30 days), where order
imbalance is calculated as the difference between the buy volume and sell volume divided by the
total trading volume during k hours ending at time t. For buyers, the analysis is perfomed on a
subset of data with positive DMOIBt, and for sellers, the analysis is performed on a subset of
data with negative DMOIBt.

Q1 Q2 Q3 Q4

Buyers’ Style

L1M T Stat -1.76 -2.81 -5.64 -9.94
L2M T Stat 0.24 -0.36 -2.91 -8.64
L4M T Stat 1.05 0.63 -1.03 -6.43
L8M T Stat 1.34 2.17 1.06 -3.96
L12M T Stat 1.40 2.52 2.18 -3.06
L24M T Stat 1.34 1.99 2.13 -3.04

Sellers’ Style

L1M T Stat -3.46 -6.44 -7.80 -12.26
L2M T Stat -2.33 -3.88 -5.07 -10.33
L4M T Stat -1.71 -1.94 -3.10 -8.65
L8M T Stat -0.72 -0.27 -0.67 -5.95
L12M T Stat -0.44 -0.12 0.18 -4.93
L24M T Stat -0.30 -0.55 -0.72 -4.94
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Table B.3: Buyer’s vs Seller’s Skill by Order Imbalance Mean Deviation

Table B.3 presents the values for the coeffcient, β1, for exploring the skillset of buyers and sellers
per equation:

Returnt = β0 + β1 ×DMOIBt−1 (41)

DMOIBt-1 is order imbalance mean deviation from its preceding 720 dours (30 days), where order
imbalance is calculated as the difference between the buy volume and sell volume divided by the
total trading volume during k hours ending at time t. For buyers, the analysis is perfomed on a
subset of data with positive DMOIBt-1, and for sellers, the analysis is performed on a subset of
data with negative DMOIBt-1. Following Newey and West (1987), the autocorrelation of standard
errors are controlled for 2 lags.

Q1 Q2 Q3 Q4

Buyers’ Skill

DMOIBt-1 0.07* 0.06 0.13*** 0.14***
DMOIBt-2 0.07 0.13*** 0.14** 0.18***
DMOIBt-4 0.09** 0.03 0.09 0.03
DMOIBt-8 0.06 0.05 0.17* 0.01
DMOIBt-12 0.07 0.05 0.14 0.08
DMOIBt-24 0.06 -0.04 0.06 -0.07

Sellers’ Skill

DMOIBt-1 -0.01 -0.11*** -0.06* -0.03
DMOIBt-2 0.02 -0.05 -0.09* -0.00
DMOIBt-4 -0.00 -0.05 -0.08 -0.09**
DMOIBt-8 0.00 -0.01 0.13** -0.05
DMOIBt-12 0.04 -0.04 0.09 0.01
DMOIBt-24 0.07 -0.06 -0.12 -0.05
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Table B.4: Buyer and Seller Comparison of Skill

Table B.4 shows results for exploring the relative market timing skills of buyers and sellers per
equations:

FkMt = β0 + β1 × Sellerk,t (42)

FkMt = TradeV olumei,k,t−1 ×Returnt, i = Buyer, Seller (43)

TradeV olumei,k,t−1 =

∑t−1
t−k TradeV olumei,t

AvgKHrTradingV olt−1
, i = Buyer, Seller (44)

, where FkM t is the skill measure at time t, calculated as the vector product of Returnt and the
scaled buy or sell volume at time t-1; and Sellert is a dummy variable equal to 1 (0) if the FkM t

is calculated based on sellers’ (buyers’) trading volume.
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Seller1,t -0.04*** -0.02*** -0.02*** -0.02***
Seller2,t -0.05*** -0.02*** -0.02*** -0.02***
Seller4,t -0.01 -0.02*** -0.02*** -0.02***
Seller8,t -0.07** -0.02*** -0.02*** -0.02***
Seller12,t -0.01 -0.01*** -0.01*** -0.01***
Seller24,t -0.30*** -0.01*** -0.02*** -0.01***
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Table B.5: Buyers and Sellers Skill in a Same Regression

Table B.5 presents beta coefficients of d1,t,k and d2,t,k per regression analysis of equation:

Returnt = β1 × d1,t,k + β2 × d2,t,k (45)

Panel A represents the coefficient of buyers, dummy variable d1,t,k, which is equal to 1 if OIB>0
and 0 otherwise. Panel B represents the coefficient of sellers, dummy variable d2,t,k, which is equal
to 1 if OIB<0 and 0 otherwise.

Panel A: Buyers’ Coefficients (d1)
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

d1,t-1,1 0.01 0.04*** 0.05*** 0.03***
d1,t-2,2 0.02* 0.05*** 0.06*** 0.03***
d1,t-4,4 0.02 0.05** 0.04** 0.02***
d1,t-8,8 0.00 0.06*** 0.03* 0.01**
d1,t-12,12 0.01 0.04* 0.02 0.01
d1,t-24,24 -0.01 0.02 0.01 0.00

Panel B: Sellers’ Coefficients (d2)
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

d2,t-1,1 0.01*** 0.01** 0.00 0.00
d2,t-2,2 0.01*** 0.01** 0.00 0.00
d2,t-4,4 0.01*** 0.01** 0.01** 0.01
d2,t-8,8 0.01*** 0.01** 0.01*** 0.01**
d2,t-12,12 0.01*** 0.01*** 0.01*** 0.02***
d2,t-24,24 0.02*** 0.01*** 0.01*** 0.02***
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Table B.6: Daily Style

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in
each daily frequency (1-day, 2-day, 3-day, 4-day,5-day, 6-day) per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

, where σ(LkMt) is the standard deviation of LkM measure and T is the number of days. Panel
B presents β1 coefficients for the regression analysis of equation:

OIBt,k = β1 ×Returnt−k + ε

, where OIBt,k is order imbalance, calculated as the difference between the buy volume and sell
volume divided by the total trading volume during the k days ending at day t.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1M -2.65 -1.64 -1.18 -1.48
L2M -2.64 -2.11 -1.65 -2.46
L3M -2.62 -2.26 -1.90 -2.87
L4M -2.76 -2.39 -2.07 -2.99
L5M -2.93 -2.53 -2.34 -3.72
L6M -2.88 -2.54 -2.50 -3.88

Panel B: Regression Analysis
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.58** -0.26 -0.12 -0.09
Returnt-2 -0.58** -0.33** -0.16 -0.13
Returnt-3 -0.58** -0.36* -0.18 -0.14*
Returnt-4 -0.61** -0.38** -0.19 -0.14**
Returnt-5 -0.64** -0.40** -0.21* -0.17**
Returnt-6 -0.63** -0.40** -0.23* -0.17**
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Table B.7: Weekly Style

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in
each weekly frequency (1-week, 2-week, 3-week, 4-week,5-week, 6-week) per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

,where σ(LkMt) is the standard deviation of LkM measure and T is the number of weeks. Panel
B presents β1 coefficients for the regression analysis of equation:

OIBt,k = β1 ×Returnt−1 + ε

, where OIBt,k is order imbalance, calculated as the difference between the buy volume and sell
volume divided by the total trading volume during k weeks ending at week t.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1M -3.21 -2.85 -2.80 -4.51
L2M -3.03 -2.83 -2.70 -4.30
L3M -2.84 -2.76 -2.51 -4.11
L4M -2.90 -2.81 -2.26 -3.95
L5M -2.73 -2.75 -2.14 -3.93
L6M -2.77 -2.73 -2.13 -3.82

Panel B: Regression Analysis
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.65*** -0.41** -0.25** -0.21***
Returnt-2 -0.61** -0.40** -0.23** -0.18***
Returnt-3 -0.54** -0.39** -0.22** -0.18***
Returnt-4 -0.54** -0.40** -0.20** -0.18***
Returnt-5 -0.49** -0.39** -0.19* -0.17***
Returnt-6 -0.50** -0.39** -0.19** -0.17***
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Table B.8: Monthly Style

Panel A presents t-statistics for LkM calculated based on differenced OIBt,k measure for investors
of each quartile in each monthly frequency (1-month, 2-month, 3-month, 4-month,5-month, 6-
month) per equations:

dOIBt,k = OIBt,k −OIBt−1,k (46)

LkM = dOIBt,k ×Returnt−1 (47)

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

(48)

¯LkM =
1

T

T∑
t

LkM (49)

,where σ(LkMt) is the standard deviation of LkM measure and T is the number of months. Panel
B presents β1 coefficients for the regression analysis of equation:

dOIBt = β0 + β1 ×Returnt−1 (50)

, where dOIBt,k is the difference between the order imbalance at time t and the order imbalance
at time t-1, and OIBt,k is calculated as the difference between the buy volume and sell volume
divided by the total trading volume during the k periods leading to time t. Following Newey and
West (1987), I control for autocorelation of standard errors using up to 2 lags.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1M -0.01 2.11 2.10 2.24
L2M -0.81 2.50 2.71 2.83
L3M 2.11 1.54 1.73 2.22
L4M 1.56 1.53 1.37 2.32
L5M 0.64 0.89 0.85 3.06
L6M 1.34 0.75 0.48 3.00

Panel B: Regression Analysis
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.00 0.09** 0.08*** 0.06***
Returnt-2 -0.10 0.07*** 0.06*** 0.05***
Returnt-3 0.03*** 0.03 0.03*** 0.03***
Returnt-4 0.02* 0.03* 0.03* 0.02***
Returnt-5 0.01 0.02 0.01 0.03***
Returnt-6 0.01 0.01 0.01 0.02***
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Table B.9: Investors’ Style Following High and Low Days- Demeaned OIB

Panel A

Table B.9 presents the values of coefficient β1, estimating 180-day mean deviation of Bitcoin’s
order flow after highs, per equation:

DMOIBt,k = β0 + β1dt−k

DMOIBt,k is the k-days order flow, on day t, deviation from its mean value calculated from day
t-k-1 to day t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90-
and 120-day highs on day t-k. Following Newey and West (1987), I control for autocorelation of
standard errors using 70 lags.

Panel A: DM-OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

dt-1 0.01 0.05** 0.03 -0.03**
dt-2 0.01 0.05** 0.03 -0.03**
dt-3 0.01 0.05** 0.03 -0.03**
dt-4 0.01 0.05*** 0.04* -0.02**
dt-5 0.02 0.05*** 0.04* -0.02**
dt-6 0.02 0.06*** 0.04** -0.02**

90-Day High

dt-1 0.01 0.07** 0.04 -0.03*
dt-2 0.01 0.06** 0.04 -0.03
dt-3 0.01 0.07** 0.04 -0.02*
dt-4 0.01 0.07** 0.05* -0.02
dt-5 0.02 0.07*** 0.05* -0.02
dt-6 0.02 0.08*** 0.05* -0.02

120-Day High

dt-1 0.02 0.06** 0.04 -0.02
dt-2 0.02 0.06** 0.04 -0.02
dt-3 0.02 0.06** 0.04 -0.02
dt-4 0.02 0.07** 0.04 -0.02
dt-5 0.02 0.07** 0.04* -0.02
dt-6 0.03 0.07*** 0.04* -0.02
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Panel B
Table B.9 presents the values of coefficient β1, estimating 180-day mean deviation of Bitcoin’s

order flow after low days, per equation:

DMOIBt,k = β0 + β1dt−k

DMOIBt,k is the k-days order flow, on day t, deviation from its mean value calculated from day
t-k-1 to day t-k-181. dt−k is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90- and
120-day lows on day t-k. Following Newey and West (1987), I control for autocorelation of standard
errors using 70 lags.

Panel B: DM-OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

dt-1 -0.01 -0.03 -0.02 0.01
dt-2 -0.01 -0.02 -0.01 0.01
dt-3 -0.01 -0.03 -0.00 0.01
dt-4 -0.00 -0.03 0.00 0.01
dt-5 0.00 -0.02 0.01 0.02
dt-6 0.00 -0.02 0.01 0.02

90-Day Low

dt-1 0.00 -0.07*** -0.04 0.01
dt-2 0.01 -0.06** -0.03 0.01
dt-3 0.01 -0.07** -0.02 0.01
dt-4 0.01 -0.07** -0.01 0.01
dt-5 0.01 -0.06** -0.01 0.01
dt-6 0.01 -0.06** -0.01 0.01

120-Day Low

dt-1 -0.06 -0.09*** -0.04 0.00
dt-2 -0.07 -0.07*** -0.02 0.01
dt-3 -0.07 -0.08*** -0.01 0.00
dt-4 -0.07 -0.08*** -0.01 0.01
dt-5 -0.07 -0.08*** -0.00 0.01
dt-6 -0.07 -0.07*** 0.00 0.01
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Table B.10: Order Flow & Investors’ Style, Sentiment and Seasonality (NASDAQ)

Table B.10 shows results for exploring the impact of investors’ style and sentiment on the Order
imbalance per equation:

OIBt = β0+β1×Rett−1+β2×Sentt−1+β3×Attt−1+β4×NASDAQt+β6×24OIBt−1+W+H
(51)

Returnt-1 is Bitcoin’ return at time t-1. 2Hr Sentt-1 is a proxy for aggregate 2-hour sentiment
(Sentimentt-1 + Sentimentt-2), where Sentimentt is defined as the difference between the stan-
dardized average number of positive Reddit posts and the negative Reddit posts from t-1 to t.
2Hr Attt-1 is a proxy for aggregate 2-hour attention calculated as the summation standardized
(based on 336 hours/2 weeks) values of number of Bitcoin-related Reddit posts during the past 2
hours. Both Sentt-1 and Attt-1 are scaled by 100. 24OIBt-1 is the summation of order imbalance
values from time t-25 to t-1. NASDAQt is the daily return on the NASDAQ. W and H are
dummy variables representing the day of a week and the hour of a day respectively. Following
Newey and West (1987), I control for auto correlation of standard errors using 1600 lags.

Q1 Q2 Q3 Q4

OIB24t-1 0.04*** 0.04*** 0.04*** 0.03***
Rett-1 -0.00 -0.01** -0.01*** -0.02***
2Hr-Sentt-1 0.00 0.11*** 0.08* 0.02
2Hr-Attt-1 0.42*** 0.56*** 0.46*** -0.21*
NASDAQt -0.08 0.02 -0.01 -0.25**

Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01

1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.03*** -0.02*** -0.02*** -0.01*

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 793.0 767.1 247.6 62.95
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Panel B
Order Flow & Investors’ Style, Sentiment, and Seasonality (XLF)
Table B.10 shows results for exploring the impact of investors’ style and sentiment on the Order
imbalance per equation:

OIBt = β0+β1×Rett−1+β2×2Hr Sentt−1+β3×2Hr Attt−1+β4×XLFt+β6×24OIBt−1+W+H
(52)

Returnt-1 is Bitcoin’ return at time t-1. 2Hr Sentt-1 is a proxy for aggregate 2-hour sentiment
( Sentimentt-1 + Sentimentt-2) , where Sentimentt is defined as the difference between the
standardized average number of posititve Reddit posts and the negative Reddit posts from t-1 to
t. 2Hr Attt-1 is a proxy for aggregate 2-hour attention calculated as the summation standardized
(based on 336 hours/2 weeks) values of number of Bitcoin-related Reddit posts during the past 2
hours. Both 2Hr Sentt-1 and 2Hr Attt-1 are scaled by 100. 24OIBt-1 is the summation of order
imbalance values from time t-25 to t-1. XLF t is the daily return on the XLF, S&P Financial
Select Sector Index . W and H are dummy variables representing the day of a week and the hour
of a day respectively. Following Newey and West (1987), I control for autocorelation of standard
errors using 1600 lags.

Q1 Q2 Q3 Q4

OIB24t-1 0.04*** 0.04*** 0.04*** 0.03***
Rett-1 -0.00 -0.01** -0.01*** -0.02***
2Hr-Sentt-1 0.00 0.11*** 0.08* 0.01
2Hr-Attt-1 0.42*** 0.56*** 0.46*** -0.21*
XLFt -0.00 0.03 0.06 -0.07

Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01

1-2 -0.02*** -0.00 -0.01*** -0.01
1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.03*** -0.02*** -0.02*** -0.01*

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 863.3 780.6 258.3 58.31
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Table B.11: Order Flow Mean Deviation, Investor Style & Sentiment (2 Hours)

Table B.11 shows results for exploring the impact of investors’ style and sentiment on the demeaned
Order imbalance (DMOIB), looking at its preceding 24 hours, using equation:

DMOIBt = β0 + β1 ×Returnt−1 + β2 × 2Hr Sentt−1 + β3 × 2Hr Attt−1 +W +H (53)

Returnt-1 is Bitcoin’ return at time t-1. 2Hr Attt-1 is a proxy for attantion at time t-1 calculated
as the summation of standardized number of Reddit posts (based on rolling 336 hours, 2 weeks) in
t-1 and t-2. Samely, 2Hr Sentt-1 is a proxy for sentiment at time t-1 calculated as the summation
of the differnce between the standardized average number of positive and negative Reddit posts
(based on rolling 336 hours, 2 weeks) in t-1 and t-2. Both 2Hr Sentt-1 and 2Hr Attt-1 are scaled
by 100. W and H are dummy variables representing the day-of-the week and the hour-of-the-day.
Following Newey and West (1987), I control for autocorelation of standard errors using 1600 lags.

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Returnt-1 -0.00 -0.01** -0.01*** -0.01***
2Hr Sentimentt-1 0.00 0.12*** 0.09** 0.05
2Hr Attentiont-1 0.00 0.55*** 0.47*** -0.12

Adjusted R2 0.01 0.01 0.02 0.00
F-statistic 11.84 14.42 19.82 7.77
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Table B.12: Order Flow and Investors’ Style, Seasonality, & 24-Hour Sentiment

Table B.12 Panel A shows results for exploring the impact of investors’ style and sentiment on the
Order imbalance per equation:

OIBt = β1 ×Rett−1 + β2 × 24Hr Sentt−1 + β3 × 24Hr Attt−1 + β6 × 24OIBt−1 +W +H

Rett-1 is Bitcoin’ return at time t-1. 24Hr Sentt-1 is a proxy for aggregate 24-hour sentiment
(Sentimentt-24 + Sentimentt-23+ ...+Sentimentt-1), where Sentimentt is defined as the difference
between the standardized (based on 336 hours/2 weeks) average posititve and the negative Reddit
sentiment from t-1 to t. 24Hr Attt-1 is a proxy for aggregate 24-hour attention calculated as the
summation standardized (based on 336 hours/2 weeks) values of number of Bitcoin-related Reddit
posts during the past 24 hours. Both 24Hr Sentt-1 and 24Hr Attt-1 are scaled by 100. 24OIBt-1

is the summation of order imbalance values from time t-24 to t-1. W and H are dummy variables
representing dummy variables of the day of a week and the hour of the day respectively.

Panel A: Past 24-Hour Sentiment
Q1 Q2 Q3 Q4

OIB24t-1 0.04*** 0.04*** 0.04*** 0.03***
Returnt-1 -0.00 -0.01** -0.01*** -0.02***
L24 Sentimentt-1 0.03** 0.04*** 0.03*** 0.02
L24 Attentiont-1 0.02 0.02 0.02* -0.00
Tuesday -0.01** -0.03*** -0.03*** -0.01*
Wednesday -0.02*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01*
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.02*** -0.03*** -0.04*** -0.02**
Sunday -0.01** -0.02*** -0.03*** -0.01
1-2 -0.02*** -0.00 -0.02*** -0.01
2-3 -0.02** -0.00 -0.01 0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01*
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02* 0.02 0.02* 0.01
12-13 0.02* 0.02 0.02* 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02*** 0.02 0.02** 0.01
15-16 0.01 0.02 0.01* 0.00
16-17 -0.00 0.01 0.01 -0.00
17-18 -0.00 -0.01 -0.00 0.00
18-19 -0.00 -0.01 0.00 0.00
19-20 -0.01 -0.01 -0.00 0.01
20-21 0.00 -0.01 -0.00 0.00
21-22 -0.01 -0.02* -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.02*** -0.02*** -0.02*** -0.01*

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 915.2 1094 238.6 58.15
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Table B.13: Hourly sion

Table B.13 presents coefficient of Hourly sentiment dispersion for traders of different sizes, per
equation:

OIBt = OIB24t +Returnt−1 +Hourly Dispersiont +H +W

, where OIBt, is order imbalance at time t, and OIB24t is the aggregate order imbalance for the
past 24 hours, from time t − 1 to time t − 25. Hourly Dispersiont is calculated based on the
standard deviation of sentiment scores in each hour. W and H are dummy variables representing
dummy variables of the day of a week and the hour of the day respectively. Panel B of Table B.13
presents coefficient of Hourly sentiment dispersion for traders of different sizes when controlling
for previous 2 hours sentiment and attention.

Panel A: Hourly Dispersion

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.03*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.01***
1Hr Dispersion -0.00 -0.00 -0.00 -0.00

Time Yes Yes Yes Yes
Day Yes Yes Yes Yes

Adj-R2 0.48 0.21 0.18 0.11

Panel B: Hourly Dispersion with Sentiment and Attention

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.03*** 0.03***
lag1 Return -0.00 -0.01*** -0.01*** -0.01***
1Hr Dispersion -0.00 -0.00 -0.00 -0.00

Sentiment Yes Yes Yes Yes
Attention Yes Yes Yes Yes
Time Yes Yes Yes Yes
Day Yes Yes Yes Yes

Adj-R2 0.48 0.21 0.18 0.11
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Table B.14: 24Hour Dispersion

Table B.14 presents coefficient of Hourly sentiment dispersion for traders of different sizes, per
equation:

OIBt = OIB24t +Returnt−1 + 24Hr Dispersiont +H +W

, where OIBt, is order imbalance at time t, and OIB24t is the aggregate order imbalance for the
past 24 hours, from time t−1 to time t−25. 24Hr Dispersiont is calculated based on the standard
deviation of sentiment scores in previous 24 hours. W and H are dummy variables representing
dummy variables of the day of a week and the hour of the day respectively. Panel B of Table B.14
presents coefficient of 24hour sentiment dispersion for traders of different sizes when controlling
for previous 24 hours sentiment and attention.

Panel A: 24Hour Dispersion

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.02***
24Hr Dispersion -0.00** -0.00* -0.00 -0.00

Time Yes Yes Yes Yes
Day Yes Yes Yes Yes

Adj-R2 0.51 0.34 0.29 0.08

Panel B: 24Hour Dispersion with Sentiment and Attention

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.02***
24Hr Dispersion -0.00* -0.00 -0.00 -0.00

Sentiment Yes Yes Yes Yes
Attention Yes Yes Yes Yes
Time Yes Yes Yes Yes
Day Yes Yes Yes Yes

Adj-R2 0.51 0.34 0.29 0.08
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Table B.15: Bitcoin Return, Order flow and Seasonality

Table B.15 shows results for exploring Bitcoin return predictability based on investors order flow
and seasonality per equation:

Returnt = β0 + β1 ×OIBt−1 + β2 ×Returnt−24 + β3 ×ReturnV olt−1 +H (54)

Returnt-24 is Bitcoin’ return at time t-24. ReturnV olt-1 is the standard deviation of Bitcoin
returns during the past 168 hours (7 days) from t-1 to t-168. H is a dummy variable representing
the hour of the day. OIBt-1 is the order imbalance at time t-1, calculated by the net buy volume
divided by the total trade volume during t-2 to t-1.

(1) (2) (3) (4)

Q1 Q2 Q3 Q4

OIBt-1 0.01 0.05*** 0.06*** 0.04***
Returnt-24 -0.03*** -0.03*** -0.03*** -0.03*** -0.03***
ReturnVolt-1 0.01 0.01 0.01 0.01 0.01

1-2 0.01 0.01 0.01 0.01 0.01
2-3 -0.03 -0.03 -0.03 -0.03 -0.03
3-4 -0.05* -0.05* -0.05* -0.05* -0.04*
4-5 -0.04 -0.04 -0.04 -0.04 -0.04
5-6 -0.02 -0.02 -0.02 -0.02 -0.02
6-7 0.00 0.00 0.00 0.00 0.00
7-8 0.02 0.02 0.02 0.02 0.02
8-9 -0.02 -0.02 -0.02 -0.02 -0.02
9-10 -0.03 -0.03 -0.03 -0.03 -0.03
10-11 -0.04 -0.04 -0.04 -0.04 -0.04
11-12 0.02 0.02 0.02 0.02 0.02
12-13 0.00 0.00 0.00 0.00 0.00
13-14 -0.02 -0.02 -0.02 -0.02 -0.02
14-15 -0.04 -0.04 -0.04 -0.04 -0.04
15-16 0.02 0.02 0.02 0.02 0.02
16-17 0.00 0.00 0.00 0.00 0.00
17-18 -0.02 -0.02 -0.02 -0.02 -0.02
18-19 -0.03 -0.03 -0.03 -0.03 -0.03
19-20 0.01 0.01 0.01 0.01 0.01
20-21 -0.02 -0.02 -0.02 -0.02 -0.02
21-22 0.05 0.06* 0.06* 0.06* 0.06**
22-23 0.04 0.04 0.04 0.04 0.04
23-24 -0.01 -0.01 -0.01 -0.01 -0.01

Adj-R2 0.001 0.001 0.001 0.002 0.001
F-statistic 2.27 2.19 2.31 2.47 2.38
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Table B.16: Can Order Flow Components Predict Bitcoin Returns? (24-Hour)

Table B.16 shows the results for conducting a two stage decomposition of order imbalance. In the
first stage, order imbalance is estimated at time t-1, per equation:

OIBt−1 = β0 + β1 ×OIB24t−2 + β2 ×Returnt−2
+ β3 ×Attentiont−2 + β4 × 24Hr Sentt−2 + T +W + U4

OIB24t-2 is the aggregate 24 hour order imbalance from t-2 to t-25. Returnt-2 is the Bitcoin return
at time t-2, and Attentiont-2 is the number of Reddit posts at during t-2 to t-1 standardized by
the number of posts during the preceding 336 hours (2 weeks). 24Hr Sentt-2 is a proxy for the
aggregate 24-hour sentiment ( Sentimentt-2 +....+ Sentimentt-26), where Sentimentt is defined as
the difference between the standardized average posititve and negative Reddit sentiment from t-1
to t. 24Hr Sentt-1 is scaled by 100 and Attentiont-2 is scaled by 10. In the above regression, the
second component, β1×OIB24t-1 is defined as Persistence, the third component, β2×Returnt-2

is defined as Contrarian, the fourth component, β3 × Attentiont-2, is called Attention, the fifth
component, β4 × 24Hr Sentt−2, is called Sentiment, and the summation of intercept, seasonality
and error terms is called Other. Then, in second stage, Returnt is estimated using the identified
components as:

Returnt = β0 + β1 × Persistencet−1 + β2 × Contrariant−1 + β3 ×Attentiont−1
+ β4 × Sentimentt−1 + β5 × othert−1 + Controls

, where Controls represents control variables such as different lags of Bitcoin returns and return
volatility. The results of the first and second stages are presented at the top and bottom sections
of Panel A respectively.

24-Hour Sentiment
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Stage I: Decomposition of OIBt-1

OIB24t-2 0.04*** 0.04*** 0.04*** 0.03***
Returnt-2 -0.00 -0.01** -0.01*** -0.02***
24Hr Sentt-2 0.03** 0.04*** 0.04*** 0.02
Attentiont-2 0.01*** 0.01*** 0.01*** -0.00***

Stage II: Estimation of Return t

Persistencet-1 -0.02 0.01 -0.03 -0.19***
Contrariant-1 6.30*** 4.14*** 2.39***
Sentimentt-1 1.41 1.20 1.24
Attentiont-1 1.31 0.92 1.06 -1.96
Othert-1 -0.02 -0.02 -0.01 -0.02
Returnt-1 -0.04*** -0.04*** -0.04*** -0.05***
Returnt-24 -0.03*** -0.03*** -0.03*** -0.03***
Return Volatilityt-1 0.02 0.02 0.02 0.02

Adj-R2 0.003 0.004 0.004 0.005
F-statistic 5.62 5.44 5.77 6.91
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Table B.17: Coinbase Investors’ Style (Sub-period)

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in
each hourly frequency (1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour), from October 1, 2019 to
October 1, 2021, per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

σ(LkMt) is the standard deviation of LkM measure and T is the number of hours. In Panel B
and Panel C display values of β1 coefficient from regression analyses estimating order imbalance
and mean deviation of order imbalance respectively, per equations:

OIBt = β1 ×Returnt−1

DMOIBt,k = β0 + β1Returnt−k

OIBt is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume at time t. DMOIBt,k is the deviation of order imbal-
ance in a duration of k hours from its average in the preceding 720 hours (30 days), starting from
t-k-1 to t-k-721. The regression analyses control for the Newey and West (1987) auto correlation
of standard errors for up to 2250 lags.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1Mvol -3.77 -2.12 -2.04 -13.40
L2Mvol -2.71 -1.03 -0.57 -12.01
L4Mvol -2.24 -0.50 0.83 -9.60
L8Mvol -2.07 -0.21 1.76 -5.88
L12Mvol -2.07 -0.31 1.74 -5.91
L24Mvol -2.04 -0.70 0.53 -6.78

Panel B: Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 -0.02*** -0.01* -0.00 -0.02***
Returnt-2 -0.01** -0.00 -0.00 -0.01***
Returnt-4 -0.01** -0.00 0.00 -0.01***
Returnt-8 -0.01** -0.00 0.00 -0.01***
Returnt-12 -0.01** -0.00 0.00 -0.00***
Returnt-24 -0.01** -0.00 0.00 -0.00***

Panel C: Mean Deviation Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 -0.01*** 0.00 -0.00 -0.02***
Returnt-2 -0.00 0.00*** 0.00 -0.01***
Returnt-4 0.00 0.01*** 0.00*** -0.01***
Returnt-8 0.00 0.01*** 0.01*** -0.00***
Returnt-12 0.00 0.01*** 0.01*** -0.00***
Returnt-24 0.00 0.00*** 0.00*** -0.00***
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Table B.18: Traders’ Style Following High Days- Demeaned OIB (Binance)

Panel A

Table B.18 presents the values of coefficient β1, estimating Bitcoin’s order flow 90-day mean devi-
ation after high days, per equation:

DMOIBt,k = β0 + β1dt−k

DMOIBt,k is the k-days order flow deviation, on day t, from its mean value calculated from day
t-k-1 to day t-k-181. dt−k is a dummy variable equal to 1 if Bitcoin’s price hits its 30-, 90- and
120-day highs at time t-k and 0 otherwise. Following Newey and West (1987), I control for auto
correlation of standard errors using 25 lags.

Panel A: DM-OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

dt-1 -0.00 0.03 -0.03 -0.01
dt-2 -0.00 0.03 -0.02 -0.00
dt-3 -0.00 0.03 -0.02 -0.00
dt-4 -0.00 0.03 -0.02 -0.00
dt-5 -0.01 0.03 -0.02 -0.00
dt-6 -0.00 0.03 -0.02 -0.00

90-Day High

dt-1 -0.00 0.02 -0.01 -0.00
dt-2 -0.00 0.02 -0.01 -0.00
dt-3 -0.00 0.02 -0.01 -0.00
dt-4 -0.00 0.02 -0.01 -0.00
dt-5 -0.00 0.02 -0.00 -0.00
dt-6 -0.00 0.02 -0.00 -0.00

120-Day High

dt-1 -0.00 0.01 -0.01 0.00
dt-2 -0.00 0.01 -0.00 0.00
dt-3 0.00 0.01 -0.00 0.01
dt-4 0.00 0.01 0.00 0.01
dt-5 0.00 0.01 0.00 0.01
dt-6 0.00 0.01 0.00 0.01
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Traders’ Style Following High Days- Demeaned OIB (Coinbase)
Panel B

Table B.18 Panel B shows values of coefficient β1 estimating Bitcoin’s order flow 90-day mean
deviation after high days, from October 1, 2019 to October 1, 2021, per equation:

DMOIBt,k = β0 + β1dt−k

, where DMOIBt,k is the deviation of order flow for the preceding k periods at time t from its
mean value calculated from t-k-1 to t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s
price hits its 30-, 90- and 120-day highs at time t-k. Following Newey-West (1987), I control for
autocorrelation of standard errors using 25 lags.

Panel A: DM-OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

Returnt-1 0.03* 0.05*** -0.00 -0.01
Returnt-2 0.03* 0.05*** -0.01 -0.01
Returnt-3 0.03 0.05** -0.01 -0.01
Returnt-4 0.03 0.05** -0.00 -0.01
Returnt-5 0.03 0.05** -0.00 -0.01
Returnt-6 0.03 0.05** -0.00 -0.01

90-Day High

Returnt-1 0.05** 0.07*** -0.01 0.01
Returnt-2 0.05** 0.07*** -0.01 0.01
Returnt-3 0.05** 0.06*** -0.01 0.00
Returnt-4 0.05** 0.07*** -0.01 0.00
Returnt-5 0.05** 0.07*** -0.01 0.00
Returnt-6 0.05*** 0.07*** -0.01 0.01

120-Day High

Returnt-1 0.05** 0.06*** -0.02 0.01
Returnt-2 0.05** 0.06*** -0.02* 0.01
Returnt-3 0.05** 0.06*** -0.02* 0.00
Returnt-4 0.05** 0.06*** -0.02 0.00
Returnt-5 0.06*** 0.06*** -0.02 0.01
Returnt-6 0.06*** 0.07*** -0.01 0.01
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Table B.19: Coinbase Traders’ Market Timing Skills (Sub-Period)

Table B.19 shows investors market timing skills at correctly forecasting an increase in Bitcoin’s
price (sensitivity) and correctly forecasting a decrease in Bitcoin’ price (specificity), from October
1, 2019 to October 1, 2021. Panel A shows the results corresponding to analysis based on raw
order imbalance values, and Panel B presents the results using order imbalance mean deviation
from its average during the preceding 350 hours (15 days). The first column in each panel represents
sensitivity which is the probability of a positive call for an actually-positive (True-Positive) price
movement, and the second column in each panel represents specificity which is the probability
of a negative call for an actually-negative price movement (True-negative). The third column,
OverallSkill is the the total probability of trader’s correct market timing per equation:

Overallt = P1 ×
Positive

ActualPositive
+ P2 ×

Negative

ActualNegative

,where P1 is the probability of Bitcoin price being up, and P2 is the probability of Bitcoin price
being down at time t.

Sensitivity and Specificity

Panel A: By Order Imbalance

(1) (2) (3)

Positive
ActualPositive

Negative
ActualNegative OverallSkill

Q1 0.008864 0.991620 0.487087
Q2 0.021872 0.980447 0.488328
Q3 0.160239 0.854991 0.498316
Q4 0.403246 0.637722 0.517345

Panel B: By Demeaned Order Imbalance

(1) (2) (3)

Positive
ActualPositive

Negative
ActualNegative OverallSkill

Q1 0.458647 0.577577 0.516496
Q2 0.483709 0.547214 0.514599
Q3 0.515104 0.522563 0.518732
Q4 0.517214 0.520752 0.518935
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APPENDIX C

Table C.1: Investors’ Style (Coinbase); Censorized Data

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in each
hourly frequency (1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour), using a subset of Coinbase
trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose transaction volume
is greater (less) than 0.0001 (99.999) percentile of the transactions in their corresponding quartile,
per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

,where σ(LkMt) is the standard deviation of LkM measure and T is the number of hours. Panel
B and Panel C display values of β1 coefficient for estimating order imbalance and mean deviation
of order imablance respectively, per equations:

OIBt = β1 ×Returnt−1

OIBt is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume at time t. The regression analyses control for the
Newey and West (1987) auto correlation of standard errors for up to 3500 lags.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1Mvol -5.27 -8.36 -12.91 -20.19
L2Mvol -3.29 -5.49 -8.90 -17.12
L4Mvol -2.82 -4.05 -6.23 -14.25
L8Mvol -2.59 -2.62 -3.48 -10.13
L12Mvol -2.54 -2.39 -2.47 -9.02
L24Mvol -2.59 -2.62 -2.95 -8.71

Panel B: Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 -0.01*** -0.01*** -0.02*** -0.02***
Returnt-2 -0.01** -0.01*** -0.01*** -0.02***
Returnt-4 -0.01** -0.01*** -0.00** -0.01***
Returnt-8 -0.01** -0.00** -0.00 -0.01***
Returnt-12 -0.01** -0.00** 0.00 -0.01***
Returnt-24 -0.01** -0.00** 0.00 -0.01***
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Table C.2: Investors’ Style Following Highs; Coinbase Censorized

Panel A

Table C.2 shows values of coefficient β1 estimating Bitcoin’s order flow after high days, using a
subset of Coinbase trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose
transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in their
corresponding quartile, per equation:

OIBt,k = β0 + β1dt−k

, where OIBt,k is the order imbalance during k periods from t-k+1 to t, and dt−k is a dummy
variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day highs at time t-k and 0 otherwise.
Following Newey-West (1987), I control for autocorelation of standard errors using 90 lags.

Panel A: OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

Returnt-1 -0.01 0.03 0.01 -0.04***
Returnt-2 -0.01 0.03 0.01 -0.04***
Returnt-3 -0.01 0.03 0.01 -0.04***
Returnt-4 -0.00 0.03 0.01 -0.04***
Returnt-5 -0.00 0.03 0.02 -0.04***
Returnt-6 0.00 0.03 0.02 -0.04***

90-Day High

Returnt-1 -0.03 0.04 0.01 -0.06***
Returnt-2 -0.02 0.04 0.01 -0.06***
Returnt-3 -0.02 0.04 0.02 -0.06***
Returnt-4 -0.01 0.04 0.02 -0.06***
Returnt-5 -0.01 0.04 0.02 -0.05***
Returnt-6 -0.01 0.05 0.02 -0.05***

120-Day High

Returnt-1 -0.01 0.04 0.01 -0.07***
Returnt-2 -0.01 0.04 0.01 -0.07***
Returnt-3 -0.01 0.04 0.02 -0.07***
Returnt-4 -0.00 0.04 0.02 -0.06***
Returnt-5 -0.00 0.05 0.02 -0.06***
Returnt-6 0.00 0.05 0.02 -0.06***
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Investors’ Style Following Low Days; Coinbase Censorized
Panel B

Table C.2 Panel B shows values of coefficient β1 estimating Bitcoin’s order flow after low days,
using a subset of Coinbase trades whose transaction dollar value is greater (less) than 0.1 (99.9)
or whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in
their corresponding quartile, per equation:

OIBt,k = β0 + β1dt−k

, where OIBt,k is the order imbalance during k periods from t-k+1 to t, and dt−k is a dummy
variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day lows at time t-k. Following
Newey-West (1987), I control for autocorelation of standard errors using 90 lags.

Panel B: OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

Returnt-1 0.01 -0.01 -0.00 0.02**
Returnt-2 0.00 -0.01 0.01 0.02**
Returnt-3 0.01 -0.01 0.01 0.02**
Returnt-4 0.01 -0.00 0.02 0.03**
Returnt-5 0.01 -0.00 0.02 0.03**
Returnt-6 0.01 -0.00 0.02 0.03**

90-Day Low

Returnt-1 -0.02 -0.10** -0.05* 0.04***
Returnt-2 -0.02 -0.10** -0.04 0.05***
Returnt-3 -0.02 -0.10** -0.03 0.04***
Returnt-4 -0.02 -0.10** -0.02 0.05***
Returnt-5 -0.02 -0.10** -0.02 0.04***
Returnt-6 -0.02 -0.09** -0.02 0.04***

120-Day Low

Returnt-1 -0.04 -0.11** -0.06* 0.05***
Returnt-2 -0.05 -0.10** -0.05 0.05***
Returnt-3 -0.05 -0.11** -0.04 0.05***
Returnt-4 -0.05 -0.11** -0.03 0.05***
Returnt-5 -0.05 -0.11*** -0.03 0.05***
Returnt-6 -0.05 -0.10** -0.02 0.05***

122



Table C.3: Investors’ Style Following Highs- Demeaned OIB; Coinbase Censorized

Panel A

Table C.3 shows values of coefficient β1 estimating Bitcoin’s order flow 180-day mean deviation
after high days, using a subset of Coinbase trades whose transaction dollar value is greater (less)
than 0.1 (99.9) or whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the
transactions in their corresponding quartile, per equation:

DMOIBt,k = β0 + β1dt−k

,where DMOIBt,k is the deviation of order flow for the preceeding k periods at time t from its
mean value calculated from t-k-1 to t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s
price hits its 30-, 90- and 120-day highs at time t-k. Following Newey-West (1987), I control for
autocorelation of standard errors using 70 lags.

Panel A: DM-OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

Returnt-1 0.01 0.05** 0.03 -0.03**
Returnt-2 0.01 0.05** 0.03 -0.03**
Returnt-3 0.01 0.05*** 0.03 -0.03**
Returnt-4 0.01 0.05*** 0.04* -0.03**
Returnt-5 0.02 0.05*** 0.04* -0.02**
Returnt-6 0.02 0.06*** 0.04** -0.02**

90-Day High

Returnt-1 0.01 0.07** 0.04 -0.03
Returnt-2 0.01 0.06** 0.04 -0.02
Returnt-3 0.01 0.07** 0.04 -0.02
Returnt-4 0.01 0.07** 0.05* -0.02
Returnt-5 0.02 0.07*** 0.05* -0.02
Returnt-6 0.02 0.08*** 0.05* -0.02

120-Day High

Returnt-1 0.02 0.06** 0.04 -0.02
Returnt-2 0.02 0.06** 0.04 -0.02
Returnt-3 0.02 0.06** 0.04 -0.02*
Returnt-4 0.02 0.07** 0.04 -0.02
Returnt-5 0.02 0.07** 0.04* -0.02
Returnt-6 0.03 0.07*** 0.04* -0.02
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Investors’ Style Following Low Days- Demeaned OIB; Coinbase Censorized Data
Panel B

Table C.3 shows values of coefficient β1 estimating Bitcoin’s order flow 180-day mean deviation
after low days, using a subset of Coinbase trades whose transaction dollar value is greater (less)
than 0.1 (99.9) or whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the
transactions in their corresponding quartile, per equation:

DMOIBt,k = β0 + β1dt−k

, where DMOIBt,k is the deviation of order flow for the preceeding k periods at time t from its
mean value calculated from t-k-1 to t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s
price hits its 30-, 90- and 120-day lows at time t-k. Following Newey-West (1987), I control for
autocorelation of standard errors using 70 lags.

Panel B: DM-OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

Returnt-1 -0.01 -0.03 -0.02 0.01
Returnt-2 -0.01 -0.02 -0.01 0.01
Returnt-3 -0.01 -0.03 -0.00 0.01
Returnt-4 -0.00 -0.03 0.00 0.01
Returnt-5 0.00 -0.02 0.01 0.02
Returnt-6 0.00 -0.02 0.01 0.02

90-Day Low

Returnt-1 0.00 -0.07*** -0.04 0.01
Returnt-2 0.01 -0.06** -0.03 0.02
Returnt-3 0.01 -0.07** -0.02 0.01
Returnt-4 0.01 -0.07** -0.01 0.01
Returnt-5 0.01 -0.06** -0.01 0.01
Returnt-6 0.01 -0.06** -0.01 0.01

120-Day Low

Returnt-1 -0.06 -0.09*** -0.04 0.00
Returnt-2 -0.07 -0.07*** -0.02 0.01
Returnt-3 -0.07 -0.08*** -0.01 0.00
Returnt-4 -0.07 -0.08*** -0.01 0.01
Returnt-5 -0.07 -0.08*** -0.00 0.01
Returnt-6 -0.07 -0.07*** 0.00 0.01
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Table C.4: Style, Seasonality, and 2-Hour Sentiment; Coinbase Censorized

Panel A

Table C.4 shows the coefficients for estimating order imbalance, using a subset of Coinbase trades

whose transaction dollar value is greater (less) than 0.1 (99.9) or whose transaction volume is

greater (less) than 0.0001 (99.999) percentile of the transactions in their corresponding quartile,

per equation:

OIBt = β1 ×Rett−1 + β2 × 2Sentt−1 + β3 × 2Attt−1 + β6 × 24OIBt−1 +W +H

Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.02***
L2 Sentiment 0.00 0.10*** 0.07* 0.03
L2 Attention 0.42*** 0.56*** 0.46*** -0.24*
SP -0.06 0.04 0.03 -0.22*

Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01

1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03** 0.03 0.04*** 0.02
10-11 0.04*** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.02*** -0.02*** -0.02*** -0.01

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 809.7 749.3 252.3 66.34
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Style, Seasonality, and 2-Hour Positive/Negative; Coinbase Censorized

Panel B

Panel B represensts results for the same regression analysis as Panel A but it decomposes 2Sentt-1

to 2Positivet-1 and 2Negativet-1 which are the aggregarte standardized average number of posititve

and negative Reddit posts from t-3 to t-1 respectively.

OIBt = β1 ×Rett−1 + β2 × 2Post−1 + β3 × 2Negt−1 + β4 × 2Attt−1 + β5 × 24OIBt−1 +W +H

Panel B: Past 2-Hour Positive/Negative

Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01*** -0.01*** -0.02***
L2 Positive -0.13 0.05 -0.05 0.04
L2 Negative -0.13* -0.16** -0.20*** -0.02
L2 Attention 0.44*** 0.57*** 0.47*** -0.24**
SP -0.06 0.04 0.03 -0.22**

Tuesday -0.01** -0.03*** -0.03*** -0.01
Wednesday -0.01*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.01*** -0.03*** -0.04*** -0.02**
Sunday -0.01* -0.02*** -0.03*** -0.01

1-2 -0.02*** -0.00 -0.01*** -0.01
2-3 -0.02** -0.00 -0.00 -0.00
3-4 -0.00 0.01 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01
5-6 0.00 0.01 0.01 0.01
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03** 0.03 0.04*** 0.02
10-11 0.04*** 0.03 0.04*** 0.03
11-12 0.02 0.02 0.02 0.01
12-13 0.02 0.02 0.02 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02** 0.01 0.01 0.01
15-16 0.01 0.01 0.01 0.01
16-17 -0.01 -0.00 0.00 0.00
17-18 -0.01 -0.02 -0.01 0.00
18-19 -0.01 -0.01 -0.01 0.01
19-20 -0.02** -0.02* -0.01 0.01
20-21 -0.00 -0.02 -0.01 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.02*** -0.02*** -0.02*** -0.01

Adj-R2 0.51 0.33 0.29 0.08
F-statistic 835.15 730.1 244.5 65.34
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Table C.5: Style, Seasonality, and 24-Hour Sentiment; Coinbase Censorized

Panel A

Table C.5 shows the coefficients for estimating order imbalance, using a subset of Coinbase trades

whose transaction dollar value is greater (less) than 0.1 (99.9) or whose transaction volume is

greater (less) than 0.0001 (99.999) percentile of the transactions in their corresponding quartile,

per equation:

OIBt = β1 ×Rett−1 + β2 × 24Sentt−1 + β3 × 24Attt−1 + β4 × 24OIBt−1 +W +H

Panel A: Past 24-Hour Sentiment

Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.02***
L24 Sentiment 0.03** 0.04*** 0.03*** 0.02
L24 Attention 0.02 0.02 0.02* -0.00

Tuesday -0.01*** -0.03*** -0.03*** -0.01*
Wednesday -0.02*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.02*** -0.03*** -0.04*** -0.02**
Sunday -0.01*** -0.02*** -0.03*** -0.00

1-2 -0.02*** -0.00 -0.02*** -0.00
2-3 -0.02*** -0.00 -0.01 0.00
3-4 -0.00 0.00 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01*
5-6 0.00 0.01 0.01 0.02
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.02* 0.03 0.04*** 0.03
11-12 0.02* 0.02 0.02* 0.01
12-13 0.02* 0.02 0.02* 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02*** 0.02 0.02** 0.01
15-16 0.01 0.02 0.01* 0.00
16-17 -0.00 0.00 0.01 -0.00
17-18 -0.00 -0.01 -0.00 0.00
18-19 0.00 -0.01 0.00 0.00
19-20 -0.01 -0.01 -0.00 0.01
20-21 0.00 -0.01 -0.00 0.00
21-22 -0.01 -0.02* -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.02*** -0.02*** -0.02*** -0.01

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 915.7 1108 243.4 60.23
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Investors’ Style, Seasonality, and 24-Hour Positive/Negative; Coinbase Censorized

Panel B

Panel B represents results for the same regression analysis as Panel A but it decomposes 24Sentt-1

to 24Positivet-1 and 24Negativet-1 which are the aggregate standardized average number of pos-

itive and negative Reddit posts from t− 25 to t− 1 respectively.

OIBt = β1×Rett−1 +β2× 24Post−1 +β3× 24Negt−1 +β4× 24Attt−1 +β5× 24OIBt−1 +W +H

Panel B: Past 24-Hour Positive/Negative

Q1 Q2 Q3 Q4

OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag1 Return -0.00 -0.01** -0.01*** -0.02***
L24 Positive 0.00 0.01 0.01 0.01
L24 Negative -0.06*** -0.06*** -0.05*** -0.03*
L24 Attention 0.03** 0.02** 0.03** 0.00

Tuesday -0.01** -0.03*** -0.03*** -0.01*
Wednesday -0.02*** -0.03*** -0.03*** -0.01**
Thursday -0.02*** -0.03*** -0.03*** -0.01
Friday -0.02*** -0.03*** -0.04*** -0.02***
Saturday -0.02*** -0.03*** -0.04*** -0.02**
Sunday -0.01** -0.02*** -0.03*** -0.00

1-2 -0.02*** -0.00 -0.02*** -0.00
2-3 -0.02** -0.00 -0.01 0.00
3-4 -0.00 0.00 -0.00 0.02**
4-5 -0.00 0.00 0.00 0.01*
5-6 0.00 0.01 0.01 0.02
6-7 0.00 0.01 0.00 0.01
7-8 -0.00 -0.00 0.00 -0.01
8-9 0.03* 0.01 0.02 -0.00
9-10 0.03* 0.03 0.04*** 0.02
10-11 0.04** 0.03 0.04*** 0.03
11-12 0.02* 0.02 0.02* 0.01
12-13 0.02* 0.02 0.02* 0.00
13-14 0.02** 0.01 0.01 -0.00
14-15 0.02*** 0.02 0.02** 0.01
15-16 0.01 0.02 0.01* 0.00
16-17 -0.00 0.00 0.01 -0.00
17-18 -0.00 -0.01 -0.00 0.00
18-19 0.00 -0.01 0.00 0.00
19-20 -0.01 -0.01 -0.00 0.01
20-21 0.00 -0.01 -0.00 0.00
21-22 -0.01 -0.02** -0.01 0.00
22-23 -0.02*** -0.03*** -0.02*** -0.01
23-24 -0.02*** -0.02*** -0.02*** -0.01

Adj-R2 0.51 0.34 0.29 0.08
F-statistic 984.4 1076 241.8 57.37
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Table C.6: Return Implications (2-Hour); Coinbase Censorized

Table C.6 shows the results for conducting a two-stage decomposition of order imbalance, using a
subset of Coinbase trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose
transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in their
corresponding quartile. In the first stage, order imbalance is estimated at time t-1, per equation:

OIBt−1 = β0 + β1 ×OIB24t−2 + β2 ×Returnt−2
+ β3 × 2Hr Attt−2 + β4 × 2Hr Sentt−2 + T +W + U4

OIB24t-2 is the aggregate 24 hour order imbalance from t-2 to t-25. Returnt-2 is the Bitcoin
return at time t-2, and 2Hr Attt-2 is the number of Reddit posts at during t-4 to t-2 standardized
by the number of posts during the preceding 336 hours (2 weeks). 2Hr Sentt-1 is a proxy for
aggregate 2-hour sentiment ( Sentimentt-2 + Sentimentt-3), where Sentimentt is defined as the
difference between the standardized average posititve Reddit and negative Reddit sentiment from
t-1 to t. Both 2Hr Sentt-1 and 2Hr Attt-1 are scaled by 100. In the above regression, the second
component, β1×OIB24t-1 is defined as Persistence, the third component, β2×Returnt-2 is defined
as Contrarian, the fourth component, β3 × 2Hr Attt-2, is called Attention, the fifth component,
β4×2Hr Sentt−2, is called Sentiment, and the summation of intercept, seasonality and error terms
is called Other. Then, in the second stage, Returnt is estimated using the identified components
as:

Returnt = β0 + β1 × Persistencet−1 + β2 × Contrariant−1 + β3 ×Attentiont−1
+ β4 × Sentimentt−1 + β5 × othert−1 + Controls

,where Controls represents control variables such as different lags of Bitcoin returns and return
volatility. The results of the first and second stages are presented at the top and bottom sections
of Panel A respectively.

2-Hour Sentiment
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

1st Stage

lag1 OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag2 Return -0.00 -0.01** -0.01*** -0.02***
lag1 L2 Sentiment 0.01 0.12*** 0.09** 0.03
lag1 L2 Attention 0.39*** 0.44*** 0.40*** -0.23**

2nd Stage

EPersistence -0.02 0.00 -0.03 -0.19***
EContrarian 6.30*** 4.05*** 2.44***
ESentiment 0.38 0.46
EAttention 1.30 1.14 1.29 -2.05
Other -0.02 -0.02 -0.00 -0.02
lag1 Return -0.04*** -0.04*** -0.04*** -0.05***
lag24 Return -0.03*** -0.03*** -0.03*** -0.03***
lag1 Return Votality 0.02 0.02 0.02 0.02

Adj R2 0.003 0.004 0.004 0.005
F-statistic 6.15 5.17 5.57 7.73
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Table C.7: Return Implications (24-Hour); Coinbase Censorized

Table C.7 shows the results for conducting a two stage decomposition of order imbalance, using a
subset of Coinbase trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose
transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in their
corresponding quartile. In the first stage, order imbalance is estimated at time t-1, per equation:

OIBt−1 = β0 + β1 ×OIB24t−2 + β2 ×Returnt−2
+ β3 ×Attentiont−2 + β4 × 24Hr Sentt−2 + T +W + U4

OIB24t-2 is the aggregate 24 hour order imbalance from t-2 to t-25. Returnt-2 is the Bitcoin return
at time t-2, and Attentiont-2 is the number of Reddit posts at during t-2 to t-1 standardized by
the number of posts during the preceding 336 hours (2 weeks). 24Hr Sentt-2 is a proxy for the
aggregate 24-hour sentiment ( Sentimentt-2 +....+ Sentimentt-26), where Sentimentt is defined as
the difference between the standardized average posititve and negative Reddit sentiment from t-1
to t. 24Hr Sentt-1 is scaled by 100 and Attentiont-2 is scaled by 10. In the above regression, the
second component, β1×OIB24t-1 is defined as Persistence, the third component, β2×Returnt-2

is defined as Contrarian, the fourth component, β3 × Attentiont-2, is called Attention, the fifth
component, β4 × 24Hr Sentt−2, is called Sentiment, and the summation of intercept, seasonality
and error terms is called Other. Then, in second stage, Returnt is estimated using the identified
components as:

Returnt = β0 + β1 × Persistencet−1 + β2 × Contrariant−1 + β3 ×Attentiont−1
+ β4 × Sentimentt−1 + β5 × othert−1 + Controls

, where Controls represents control variables such as different lags of Bitcoin returns and return
volatility. The results of the first and second stages are presented at the top and bottom sections
of Panel A respectively.

24-Hour Sentiment
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

1st Stage

lag1 OIB24 0.04*** 0.04*** 0.04*** 0.03***
lag2 Return -0.00 -0.01** -0.01*** -0.02***
lag1 L24 Sentiment 0.03** 0.04*** 0.04*** 0.02
lag2 Attention 0.01*** 0.01*** 0.01*** -0.00**

2nd Stage

EPersistence -0.02 0.01 -0.03 -0.19***
EContrarian 6.30*** 4.10*** 2.44***
ESentiment 1.40 1.23 1.23
EAttention 1.31 0.92 1.04 -1.75
Other -0.02 -0.02 -0.00 -0.02
lag1 Return -0.04*** -0.04*** -0.04*** -0.05***
lag24 Return -0.03*** -0.03*** -0.03*** -0.03***
lag1 Return Votality 0.02 0.02 0.02 0.02

Adj R2 0.003 0.004 0.004 0.005
F-statistic 5.63 5.45 5.77 7.73
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Table C.8: Investors’ Style (Binance); Censorized

Panel A presents t-statistics calculated based on LkM measure for investors of each quartile in each
hourly frequency (1-hour, 2-hour, 4-hour, 8-hour, 12-hour, 24-hour), using a subset of Binance
trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose transaction volume
is greater (less) than 0.0001 (99.999) percentile of the transactions in their corresponding quartile,
per equations:

LkM = OIBt ×Returnt−1

t− stat(LkM) =
¯LkM

σ(LkMt)√
T

¯LkM =
1

T

T∑
t

LkM

,where σ(LkMt) is the standard deviation of LkM measure and T is the number of hours. Panel
B and Panel C display values of β1 coefficient for estimating order imbalance and mean deviation
of order imablance respectively, per equations:

OIBt = β1 ×Returnt−1

DMOIBt,k = β0 + β1Returnt−k

OIBt is order imbalance at time t, calculated as the difference between the buy volume and sell
volume divided by the total trading volume at time t. DMOIBt,k is the deviation of order imbalnce
in a duation of k hours from its average in the preceeding 720 hours (30 days), starting from t-k-1
to t-k-721. The regression analyses control for the Newey and West (1987) autocorrelation of
standard errors for up to 1500 lags.

Panel A: LkM Measure
(1) (2) (3) (4)
Q1 Q2 Q3 Q4

L1Mvol 2.78 0.27 0.27 -2.40
L2Mvol 1.40 -0.50 -0.23 -2.33
L4Mvol 1.10 -0.81 -0.69 -1.22
L8Mvol 0.26 -0.93 -0.19 -1.70
L12Mvol 0.79 -0.52 0.15 -1.91
L24Mvol 0.88 -0.46 -0.39 -2.66

Panel B: Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 0.37 0.05 0.03 -0.30
Returnt-2 0.16 -0.10 -0.03 -0.24
Returnt-4 0.11 -0.10 -0.07 -0.10
Returnt-8 0.02 -0.14 -0.02 -0.11
Returnt-12 0.06 -0.07 0.01 -0.11
Returnt-24 0.05 -0.06 -0.03 -0.13**

Panel C: Mean Deviation Regression Analysis
Q1 Q2 Q3 Q4

Returnt-1 0.34 0.10 -0.00 -0.26
Returnt-2 0.13 -0.04 -0.05 -0.19
Returnt-4 0.08 -0.08 -0.10 -0.06
Returnt-8 -0.00 -0.09 -0.04 -0.06
Returnt-12 0.03 -0.02 -0.00 -0.06
Returnt-24 0.03 -0.01 -0.04 -0.07
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Table C.9: Investors’ Style, Seasonality (Binance); Censorized

Table C.9 shows coefficients for investors’ style intraday and intraweek seasonality of Binance

traders’ order imbalance,β1 and β2 , using a subset of Binance trades whose transaction dollar

value is greater (less) than 0.1 (99.9) or whose transaction volume is greater (less) than 0.0001

(99.999) percentile of the transactions in their corresponding quartile , controlling for Newey and

West (1987) autocorrelation of standard errors, per equation:

OIBt = β0 + β1 ×Rett−1 + β2 × 24OIBt−1 +W +H

Q1 Q2 Q3 Q4

OIB24t-1 0.03*** 0.04*** 0.04*** 0.02***
Returnt-1 0.20 -0.23 -0.07 -0.37
Tuesday 0.00 -0.01 0.00 0.01
Wednesday 0.00 0.01 -0.00 0.00
Thursday 0.00 -0.00 0.00 0.00
Friday 0.01 0.00 -0.00 0.00
Saturday 0.00 0.00 -0.01 0.01
Sunday 0.01 -0.00 0.00 0.01

1-2 0.03*** 0.02*** 0.01* 0.04***
2-3 0.02** 0.00 0.01 0.02
3-4 0.01 -0.01 0.02** -0.01
4-5 0.00 -0.01 0.02** 0.01
5-6 0.03*** 0.00 0.03*** 0.02*
6-7 0.03*** 0.00 0.03*** 0.01
7-8 0.02*** 0.01 0.02*** -0.01
8-9 0.03*** 0.01 0.03** -0.01
9-10 0.04*** 0.02*** 0.03*** -0.01
10-11 0.05*** 0.02*** 0.03*** -0.00
11-12 0.04*** 0.02*** 0.03*** -0.00
12-13 0.04*** 0.01** 0.03*** -0.00
13-14 0.03*** 0.01** 0.02*** -0.00
14-15 0.02*** 0.01* 0.01* 0.00
15-16 0.04*** 0.01** 0.02** -0.00
16-17 0.03*** 0.00 0.01* 0.01
17-18 0.03*** 0.02*** 0.02** -0.00
18-19 0.03*** 0.01** 0.03*** 0.01
19-20 0.04*** 0.01** 0.02*** 0.02
20-21 0.03*** 0.01** 0.01** 0.01
21-22 0.06*** 0.03*** 0.00 -0.00
22-23 0.04*** 0.01 0.02** 0.01
23-24 0.02*** 0.00 0.01* 0.02**

Adj-R2 0.08 0.51 0.32 0.02
F-statistic 68.4 871.8 429.6 36.40
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Table C.10: Investors’ Style Following High Days (Binance); Censorized

Panel A

Table C.10 shows values of coefficient β1 estimating Bitcoin’s order flow after high days, using a
subset of Binance trades whose transaction dollar value is greater (less) than 0.1 (99.9) or whose
transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in their
corresponding quartile, per equation:

OIBt,k = β0 + β1dt−k

, where OIBt,k is the order imbalance during k periods from t-k+1 to t, and dt−k is a dummy
variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day highs at time t-k and 0 otherwise.
Following Newey and West (1987), I control for autocorrelation of standard errors using 20 lags.

Panel A: OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

Returnt-1 -0.00 0.06* -0.04* -0.01
Returnt-2 -0.00 0.06* -0.04* -0.00
Returnt-3 -0.00 0.06* -0.03* -0.00
Returnt-4 -0.00 0.06* -0.03* -0.00
Returnt-5 -0.01 0.06* -0.03* -0.00
Returnt-6 -0.01 0.06* -0.03* -0.00

90-Day High

Returnt-1 -0.00 0.06** -0.03* -0.00
Returnt-2 -0.00 0.07** -0.02 0.00
Returnt-3 0.00 0.07** -0.02 -0.00
Returnt-4 0.00 0.07** -0.02 -0.00
Returnt-5 -0.00 0.07** -0.02 0.00
Returnt-6 0.00 0.07** -0.02 0.00

120-Day High

Returnt-1 -0.00 0.06* -0.03** 0.00
Returnt-2 -0.00 0.06** -0.03 0.00
Returnt-3 0.00 0.06** -0.02 0.01
Returnt-4 0.00 0.06** -0.02 0.01
Returnt-5 0.00 0.06** -0.02 0.01
Returnt-6 0.00 0.06** -0.01 0.01
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Investors’ Style Following Low Days (Binance); Censorized
Panel B

Table C.10 Panel B shows values of coefficient β1 estimating Bitcoin’s order flow after low days,
using a subset of Binance trades whose transaction dollar value is greater (less) than 0.1 (99.9) or
whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the transactions in
their corresponding quartile, per equation:

OIBt,k = β0 + β1dt−k

, where OIBt,k is the order imbalance during k periods from t-k+1 to t, and dt−k is a dummy
variable equal to 1 if Bitcoin’s price hits its 30-, 90- and 120-day lows at time t-k. Following Newey
and West (1987), I control for autocorrelation of standard errors using 20 lags.

Panel B: OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

Returnt-1 0.02 -0.02 0.03 -0.00
Returnt-2 0.02* -0.02 0.02 -0.01
Returnt-3 0.02* -0.02 0.02 -0.01
Returnt-4 0.01 -0.02 0.02 -0.02*
Returnt-5 0.01 -0.02 0.02 -0.02*
Returnt-6 0.01 -0.03 0.02 -0.02*

90-Day Low

Returnt-1 0.04*** 0.04 0.05** 0.02
Returnt-2 0.04*** 0.05 0.04** 0.02
Returnt-3 0.03*** 0.05 0.04** 0.02
Returnt-4 0.03*** 0.04 0.03** 0.01
Returnt-5 0.03*** 0.04 0.04** 0.01
Returnt-6 0.03*** 0.04 0.04** 0.01

120-Day Low

Returnt-1 0.03* 0.03 0.06*** 0.02
Returnt-2 0.04*** 0.05 0.05*** 0.03
Returnt-3 0.03*** 0.04 0.05*** 0.02
Returnt-4 0.03** 0.03 0.04*** 0.01
Returnt-5 0.03** 0.03 0.05*** 0.01
Returnt-6 0.03** 0.03 0.05*** 0.01
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Table C.11: Investors’ Style Following Highs- Demeaned OIB (Binance); Censorized

Panel A

Table C.11 shows values of coefficient β1 estimating Bitcoin’s order flow 180-day mean deviation
after high days, using a subset of Binance trades whose transaction dollar value is greater (less)
than 0.1 (99.9) or whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the
transactions in their corresponding quartile, per equation:

DMOIBt,k = β0 + β1dt−k

,where DMOIBt,k is the deviation of order flow for the preceeding k periods at time t from its
mean value calculated from t-k-1 to t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s
price hits its 30-, 90- and 120-day highs at time t-k. Following Newey and West (1987), I control
for autocorelation of standard errors using 25 lags.

Panel A: DM-OIB Following High Days

Q1 Q2 Q3 Q4

30-Day High

Returnt-1 -0.00 0.03 -0.03 -0.01
Returnt-2 -0.00 0.03 -0.02 -0.00
Returnt-3 -0.00 0.03 -0.02 -0.00
Returnt-4 -0.00 0.03 -0.02 -0.00
Returnt-5 -0.01 0.03 -0.02 -0.00
Returnt-6 -0.00 0.03 -0.02 -0.00

90-Day High

Returnt-1 -0.00 0.02 -0.01 -0.00
Returnt-2 -0.00 0.02 -0.01 -0.00
Returnt-3 -0.00 0.02 -0.01 -0.00
Returnt-4 -0.00 0.02 -0.01 -0.00
Returnt-5 -0.00 0.02 -0.00 -0.00
Returnt-6 -0.00 0.02 -0.00 -0.00

120-Day High

Returnt-1 -0.00 0.01 -0.01 0.00
Returnt-2 -0.00 0.01 -0.00 0.00
Returnt-3 0.00 0.01 -0.00 0.01
Returnt-4 0.00 0.01 0.00 0.01
Returnt-5 0.00 0.01 0.00 0.01
Returnt-6 0.00 0.01 0.00 0.01
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Investors’ Style Following Lows- Demeaned OIB (Binance); Censorized
Panel B

Table C.11 shows values of coefficient β1 estimating Bitcoin’s order flow 180-day mean deviation
after low days, using a subset of Binance trades whose transaction dollar value is greater (less)
than 0.1 (99.9) or whose transaction volume is greater (less) than 0.0001 (99.999) percentile of the
transactions in their corresponding quartile, per equation:

DMOIBt,k = β0 + β1dt−k

, where DMOIBt,k is the deviation of order flow for the preceeding k periods at time t from its
mean value calculated from t-k-1 to t-k-181, and dt−k is a dummy variable equal to 1 if Bitcoin’s
price hits its 30-, 90- and 120-day lows at time t-k. Following Newey-West (1987), I control for
autocorelation of standard errors using 25 lags.

Panel B: DM-OIB Following Low Days

Q1 Q2 Q3 Q4

30-Day Low

Returnt-1 0.03* -0.00 0.03 0.01
Returnt-2 0.03** -0.00 0.03 0.01
Returnt-3 0.03* 0.01 0.02 0.00
Returnt-4 0.02* 0.01 0.02 -0.00
Returnt-5 0.02* -0.00 0.02 -0.00
Returnt-6 0.02* -0.00 0.02 -0.00

90-Day Low

Returnt-1 0.02** -0.07 0.08* 0.02
Returnt-2 0.02** -0.06 0.07* 0.03
Returnt-3 0.02 -0.06* 0.06* 0.02
Returnt-4 0.01 -0.07* 0.05 0.01
Returnt-5 0.01 -0.07* 0.05 0.01
Returnt-6 0.01 -0.07* 0.05 0.01

120-Day Low

Returnt-1 0.02** -0.07 0.08* 0.02
Returnt-2 0.02** -0.06 0.07* 0.03
Returnt-3 0.02 -0.06* 0.06* 0.02
Returnt-4 0.01 -0.07* 0.05 0.01
Returnt-5 0.01 -0.07* 0.05 0.01
Returnt-6 0.01 -0.07* 0.05 0.01
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