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ABSTRACT 

 

 This paper provides a comprehensive documentation of the crypto-currency market 

microstructure and its intraday trading patterns. We collect a unique order-level data set from one 

of the major US-based crypo-currency exchanges that enables us to reconstruct the limit order 

book and track the behavior of each individual limit order. To our knowledge this is the first paper 

that takes advantage of order level data from crypto-currency exchanges. We find extensive HFT 

footprints in the crypto trading space where orders are generally short-lived. We also find the 

Bitcoin Cash (BCH) market differs from the other crypto markets by excessive cancellation 

activities and multiple market quality measurements. Our paper also contributes to the literature 

that studies the reasons of limit order cancellations by estimating a Cox proportional hazard model 

to our data. We find that limit orders get cancelled due to evolution of the limit order book and 

react to quote changes and adverse selection risk in mixed ways. Our results differ significantly 

from the previous studies on this subject and provides new insight into the landscape of crypto-

currency trading in a low-latency environment. 
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1. Introduction 

Limit orders were traditionally regarded as being used by patient traders who wait to interact with 

incoming market orders. As in a Kyle (1985) setup, the risk neutral liquidity supplier will adjust 

her quoted limit price according to the information content of order flows. The market maker earns 

zero profit and the transaction costs are totally borne by the noise traders.  

This traditional view has been challenged by the professionalization of trading and the rise of high 

frequency trading such that trading nowadays is dominated by the interaction of numerous 

algorithms and high frequency traders (HFTs), contributing to more than 70% of equity trading 

volume (Brogaard 2010). The extinction of noise traders and the adverse selection by HFTs with 

superior speed advantage has increased the cost of liquidity provision. Even though empirical 

evidence from academic literature shows that HFTs improve market qualities by several metrics 

including liquidity and price discovery (Boehmer, Fong, & Wu, 2015; J. Brogaard, Hendershott, 

& Riordan, 2014; Hendershott, Jones, & Menkveld, 2011; Menkveld, 2013), several studies also 

show HFTs can generate negative externalities. Budish, Cramton, & Shim (2015) highlights the 

arms race among the HFTs on speed to succeed in a winner-takes-all game. Ye, Yao, & Gai (2013) 

document quote stuffing activities by HFTs which not only consume 97% of computing resources 

but also force other players to constantly upgrade trading systems and bandwidth to accommodate 

message flows. 

In this paper, we focus on one specific controversy of HFT – excessive order cancellations – in a 

rapidly growing but also understudied cryptocurrency market. Blocher, Cooper, Seddon, & Van 

Vliet (2016) find cancellation clusters being a result of HFTs jockeying for position without 

harming real price discovery. Meanwhile, empirical evidence questions the view that quoted limit 
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price revision is mainly due to the arrival of new fundamental information. Hasbrouck & Saar 

(2009) find in 2004 that more than one third of limit orders on the 100 Nasdaq-listed stocks trading 

on INET are canceled within two seconds. This percentage has almost doubled in 2018 for the 

limit orders of Bitcoin/USD traded on GDAX. As pointed out by Baruch and Glosten (2013), “It 

seems rather implausible to think new information was, in 1999, coming in on a second by second 

basis, or in 2012, on a millisecond by millisecond basis.” 

The excessive quoting and cancellation behaviors have led to the blame for creating “phantom 

liquidity” for HFTs. Michael Lewis’ best-selling book Flash Boys raised the anecdotal evidence 

that orders being displayed on computer screens are not fully available when actual trades take 

place. In 2012, Italy passed a bill to levy a 0.02 percent tax on trades occurring every 0.5 seconds 

or faster. The Democratic candidate Hillary Clinton for the 2016 presidential election proposed a 

financial transaction tax to discourage excessive cancellations. In derivatives trading, the Chicago 

Mercantile Exchange (CME) launched the CME Globex Messaging Efficiency Program in 2013, 

which imposed volume ratio limits1 on excessive quoting that “can negatively impact system 

performance, impair efficient access to the market and create unnecessary infrastructure and 

processing costs for market participants.”  

The first contribution of this paper is a comprehensive documentation of crypto-currency market 

microstructure and intraday trading patterns. We collect a unique order-level data set from one of 

the major US-based crypo-currency exchanges which enables us to reconstruct the limit order book 

and track the behavior of each individual limit order. To our knowledge, this is the first paper that 

                                                 
1 The Volume Ratio measures the ratio between a firm’s messaging score and the firm’s traded volume. The score is 

defined as the sum of the raw message count for each type of message multiplied by a weighting factor. The 

weighting factor penalizes order cancellation more than order placement and modification. The complete scoring 

system can be found at https://www.cmegroup.com/globex/files/revisedmep.pdf. 

https://www.cmegroup.com/globex/files/revisedmep.pdf
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takes advantage of order level data from crypto-currency exchanges. We find extensive HFT 

footprints in the crypto trading space where orders are generally short-lived. We also find the 

Bitcoin Cash (BCH) market differs from other crypto markets by multiple market quality 

measurements. Our paper also contributes to the literature that studies the reasons for limit order 

cancellations by estimating a Cox proportional hazard model. We find that orders get cancelled 

due to the dynamic evolution of the limit order book. In particular, orders react to quote changes 

and adverse selection risk in mixed ways. Our results differ significantly from the previous study 

on this subject and provide new insight into the landscape of crypto-currency trading in a low-

latency environment. 

This paper is organized as follows. In Section 2, we provide the institutional details and the format 

of the raw data we use. In Section 3, we conduct descriptive analysis on the aggregated and 

disaggregated limit order book. In Section 4, we present the econometric framework to test the 

various order cancellation hypotheses. Finally, in Section 5, we discuss our results and conclude.  
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2. Background on Crypto-currency Market 

2.1 Crypto-currency 

The majority of the first generation of crypto-currencies are created as token rewards for the 

“miners” who constantly produce proof-of-work that verifies the validity of a new block that are 

candidates for blockchain increments (Nakamoto, 2008). As the blockchain technology gained 

more attention, crypto-currencies (e.g., Bitcoin) are increasingly recognized by investors as an 

important alternative asset class. Chicago Board Options Exchange (CBOE) and CME both began 

trading Bitcoin futures in late 2017. Goldman Sachs set up a crypto-currency trading desk in the 

same year2, among other major market players. On the regulatory side, the chairs of the Securities 

and Exchange Commission (SEC) and Commodity Futures Trading Commission (CFTC) 

testified before the Senate Banking Committee on crypto-currencies on Feb 8th, 2018. Both 

agencies have issued and are further developing regulations on crypto related issues. At the state 

level, the New York State Department of Financial Services (NYDFS) took the lead and began 

issuing BitLicenses in 2015. NYDFS regulates virtual currency related business activities 

involving New York or New York residents. Other states and foreign jurisdictions have also been 

actively following suit. 

Financial economists are also increasingly interested in various crypto-related topics. For 

example, Cong, He, & Li (2019) focus on the supply side and analyze the industrial organization 

of Bitcoin mining.  Foley, Karlsen, & Putniņš (2019) look at the demand side and identify illicit 

                                                 
2 https://www.bloomberg.com/news/articles/2017-12-21/goldman-is-said-to-be-building-a-cryptocurrency-trading-

desk 
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transactions involving bitcoins. Easley, O'Hara, & Basu (2019) study Bitcoin transaction fees. Li 

& Mann (2018) analyze the initial offering of alternative crypto-currencies (aka tokens). 

Major players in the crypto space include miners, users, speculators, and crypto exchanges. In a 

proof-of-work system, miners are those who constantly solve hashing puzzles to verify 

transactions that can be recorded to the blockchain, or the distributed ledger. The difficulty of the 

puzzle is automatically adjusted such that it takes a similar amount of time to produce a new 

block. In such a system, the only way to obtain newly created crypto-currencies is through 

mining. Users are natural persons or entities who intend to use crypto-currencies to purchase 

goods or services, make peer-to-peer payments, or as securitized tokens for Initial Coin Offerings 

(ICOs). For example, Bitcoin was first created to make money transfers easier and safer, without 

the need for a bank as intermediary. Bitcoin is also accepted as a method of payments at many 

well-known retailers, including Overstock and Newegg. The volatility in crypto-currencies 

makes it less suitable as a payment method but more likely as a speculative vehicle. There is a 

growing literature that addresses various aspects of the crypto-currency market microstructure. 

Brauneis, Mestel, Riordan, & Theissen (2018) collect high frequency order book and trade data 

from for BTC/USD from Bitfinex, Bitstamp, and GDAX. They find inter-exchange price 

discrepancies do exist but have been declining. Koutmos (2018) try to explain Bitcoin’s liquidity 

uncertainty using a Markov regime-switching model. Our paper focuses on the trading aspect of 

the crypto-currency, and in the marketplaces where most crypto-currencies are listed and traded, 

the crypto exchanges. 
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2.2 Crypto-currency Exchanges 

Unlike traditional stock or future exchanges that are tightly regulated with high barriers of entry, 

crypto exchanges are easier to create and vary significantly in their listed tokens, customer bases, 

regulatory entities and “Know Your Customer” (KYC) policies. According to CoinMarketCap3, 

there were over 200 crypto exchanges by the end of 2018, more than half of which are based in 

Asia. More than 50% of the trading volume can be attributed to the top ten exchanges.  

In general, there are three types of crypto exchanges. Centralized exchanges are the most common 

form of exchange, and operate like stock exchanges. There is a centralized limit order book where 

buyers’ and sellers’ orders are posted and matched. Major centralized exchanges include the 

Malta-based Binance, San-Francisco based Kraken, CoinBase, and the Singapore-based Huobi. 

Despite their ease of use, a major drawback of centralized exchanges is their security. To trade on 

a centralized exchange, traders need to deposit funds or crypto-assets for exchange-issued IOUs 

that are tradable. This makes exchanges vulnerable to cyber-attacks. Well-known exchange hacks 

include the 119,756 BTC worth $66 million that were stolen from Bitfinex in 2016, and the 

bankruptcy of Mt. Gox in 2014 with a loss of 744,408 BTC, or $350 million.  

The risk of centralized exchanges motivates the creation of decentralized exchanges, which are 

more akin to the blockchain technology itself. The “trustless” feature of decentralized exchanges 

enables traders to trade peer-to-peer without relying on a third party. Trades can take place and 

verified directly on the blockchain or through an automated smart-contract. Another attractive 

feature of decentralized exchanges is privacy protection. With increasing pressure on centralized 

exchanges to tighten their KYC policy, decentralized exchanges remain largely unregulated, and 

                                                 
3 https://coinmarketcap.com/rankings/exchanges/ 

https://coinmarketcap.com/rankings/exchanges/
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there is no need to register an account or provide any personal information or deposit as there is 

when trading on centralized exchanges. The downside of decentralized exchanges is their lack of 

liquidity. The 24-hour trading volume on IDEX, a major decentralized exchange, is around 300 

BTC, versus more than 4000 BTC on GDAX. 

There is also a growing over-the-counter (OTC) market for crypto-currencies, which are tailored 

for block traders. To avoid market impact and slippage on lit exchanges4, an alternative is to trade 

through a broker who can find a counterparty of the trade. Examples of such brokers include some 

well-established proprietary trading shops like Jump Trading, as well as more specialized 

newcomers such as Octagon Strategy, Coinbase, and Shapeshift. 

 

2.3 Crypto-currencies on GDAX 

In this section, we provide a brief overview of the background of the four most trade crypto-

currencies on GDAX. 

Bitcoin (GDAX Symbol: BTC): Bitcoin was first proposed and implemented as open source code 

since 2009 by Satoshi Nakamoto, whose real identity remains unknown. According to the original 

white paper published by Nakamoto, “(a) purely peer-to-peer version of electronic cash would 

allow online payments to be sent directly from one party to another without going through a 

financial institution.” The purpose is to create an ongoing hash-based peer-to-peer network that 

verifies the transaction records being recorded by the network without involving an intermediary, 

such as banks. The current records are packaged into a new “block” combined with the hashed 

information from the previous block approximately every ten minutes and chained to the previous 

                                                 
4 A “lit” exchange refers to a trading venue where all bids and offers are publicly visible. 
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block as a successor. Thus, tampering any previous blocks would result in tampering all 

information in the subsequent blocks, giving the blockchain the property of “immutability”. The 

verification of blocks is based on “proof-of-work”, i.e., to solve extremely CPU-intensive 

cryptographic puzzles. Computers competing to solve the puzzles are called “miners” of the 

network. A certain amount of Bitcoin is issued as a reward to incentivize miners to participate and 

verify blocks. This reward was worth 50 BTC at the inception of the Bitcoin blockchain and is 

halved after every 210,000 blocks. As of February 2019, each block reward was worth 12.5 BTC. 

Though Bitcoin is ground breaking in creating the idea of the distributed ledger, some of the 

technical specifications of the Bitcoin blockchain prevent it from broader practical adoption. One 

major bottleneck is transaction speed. The average time for the miners to produce a new block is 

10 minutes and it can take up to 30 minutes for the merchants and customers to receive 

confirmation of the transaction from the network. On October 7, 2011, Litecoin (GDAX Symbol: 

LTC) was released by Charlie Lee as a lighter substitute of the Bitcoin, whose block producing 

time is down to 2.5 minutes. The faster transaction time gained Litecoin a market share from 

Bitcoin and attracted more miners since the rewards are more distributed, at least in theory. 

As blockchain technology gained more popularity and usage, another bottleneck to the bitcoin 

started to emerge: volume. Bitcoin has a 1MB limit for block size, which translates into between 

1000 and 1500 transaction records per block. As a result, confirmation time and fees surged for 

Bitcoin transactions in recent years. To address this issue, Bitcoin Cash (GDAX Symbol: BCH) 

was released in 2017 with an average block size between 8MB and 32MB, or up to 25,000 

transaction records per block.  

Bitcoin, Litecoin and Bitcoin Cash are regarded as the first generation of crypto-currencies that 

build on the idea of a distributed payment system which mostly are variants of the Bitcoin 



9 

 

blockchain and only differs in certain specifications. Developers see a much wider application of 

the blockchain technology besides tracking ownership of digital currencies. In November 2013, 

Vitalik Buterin published the Ethereum whitepaper and proposed a new type of blockchain which 

is essentially a platform for self-operating computer programs to run on it. Also named “smart 

contracts”, these programs running on a peer-to-peer network are free of censorship, downtime, 

fraud or third-party interference. Also based on proof-of-work, Ethereum tokens (GDAX Symbol: 

ETH) are awarded to the miners of the network. Ethereum blockchain found applications in 

businesses such as gambling, identity verification, and property rights protection. 
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3. Data 

3.1 Institutional Details 

Data used in this paper were collected directly through the websocket API from GDAX. Created 

in 2012, Global Digital Asset Exchange (GDAX), now known as Coinbase Pro, is a centralized 

trading platform headquartered in San Francisco, California. As of November 2018, it was ranked 

by CoinMarketCap as the 18th largest cryptocurrency exchange globally by trading volume. 

However, most centralized exchanges do not allow direct crypto-fiat trading pairs. In terms of 

BTC/USD trading volume, GDAX is the second largest exchange, next to Hong Kong based 

Bitfinex. GDAX lists crypto-fiat trading pairs between Bitcoin, Bitcoin Cash, Ethereum, Litecoin 

and USD, GBP, EUR. It also lists crypto-crypto trading pairs such as ETH/BTC, BCH/BTC, 

LTC/BTC.5 Trading pairs denominated in US dollars account for around 80% of total trading 

volume on GDAX. 

 

                                                 
5 As of January 2019, Coinbase Pro introduced a few crypto-stable coin pairs, including ZEC (Zcash), BAT (Basic 

Attention Token), LOOM (LOOM network), CVC (civic) etc., denominated in USDT, a “stable coin” that pegs its 

value to the U.S. dollar. 
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Figure 3.1 Historical Market Capitalization6 

 

Figure 3.2 Trading Pairs on GDAX 

Source: https://www.blockchain.com/charts/market-cap?timespan=2years 

To trade on GDAX, one must be registered as a Coinbase user. Compared to most other exchanges, 

Coinbase implements a relatively strict KYC policy. GDAX serves customers in the US, Europe, 

UK, Canada, Australia, and Singapore. US and UK citizens need to provide a valid ID and take an 

ID verification quiz. Customers from other regions need to provide at least two IDs. One can 

                                                 
6 Market Capitalization refers to the total dollar value of all crypto-currencies in circulation. 
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deposit both fiat and crypto currency to a Coinbase account. In addition, Canadian, Australian, and 

Singaporean accounts only have access to crypto-crypto trading pairs. As of November 2017, there 

were 13.3 million registered accounts on Coinbase, exceeding Charles Schwab’s 10.6 million 

active brokerage accounts.7  

Traders can place market, limit, and stop orders on GDAX. There is no transaction fee for liquidity 

providers. GDAX implements a tiered fee structure for liquidity demanders. Taker fees vary from 

0.3%, 0.2%, or 0.1% when the trader’s 30-day total trading volume is smaller than 10 million, 

between 10-100 million, or greater than 100 million. Stop orders are market orders trigger by 

certain conditions. It is therefore subject to the same taker fees as market orders. 

 

3.2 Reconstruction of the Limit Order Book 

Traditional asset pricing theory such as Black-Scholes assumes trades can make arbitrarily large 

trades with zero price impact. In practice, modern markets operate like trading platforms that list 

all the waiting buy and sell orders. Such lists that are usually visible to all interested parties are 

called limit order books. Waiting orders are also called limit orders since they rest on the limit 

order book until they are traded, cancelled or modified. Since limit orders can be thought of as free 

options by the underwriter to buy or sell certain quantities at certain prices, traders who post limit 

orders are also regarded as liquidity suppliers. In contrast, a market order seeks instant execution 

against the best available price in the book. Since market orders trade against the existing limit 

orders on the book, they are regarded as liquidity takers. The highest price being offered to buy 

                                                 
7 See on Oct 14, 2018: https://www.cnbc.com/2017/11/27/bitcoin-exchange-coinbase-has-more-users-thanstock-

brokerage-schwab.html 



13 

 

and the lowest price being offered to sell are called the best bid/ask and their difference is defined 

as the bid-ask spread. 

In theory, the limit order book is accessible to anyone with the intention to trade. With the 

proliferation of HFTs and the technological improvement on exchanges’ infrastructure, the latency 

of limit order book updates has reached nanoseconds for some most intensely traded securities and 

derivatives, such as the SPDR S&P 500 Trust ETF and Eurodollar futures contract. With growing 

liquidity demand, crypto-currency exchanges have already attracted attention and participation of 

HFTs. Most crypto exchanges operate as centralized limit order books and provide an algo-friendly 

Application programming interface (API). 

We collected order level data from GDAX from Feb 22nd and March 10th, 2018, using the 

Websocket API from GDAX. The Websocket API sends real time data feeds from the exchange. 

The raw data are composed of messages and are organized in JSON format. I focus on the 

BTC/USD, BCH/USD, ETH/USD, and LTC/USD trading pairs, which in total account for around 

80% dollar volume on GDAX. Selected fields and their descriptions from the exchange data feed 

message are presented in Table 2.1. The data are collected and stored in MongoDB using three 

Amazon Web Service virtual machines. The cleaning of the raw data is more involved. To ensure 

the correct order of messages and check for missing messages I first sorted the messages by the 

“sequence” field. Messages are continuous as long as the Websocket API is connected.  

Given we observe the unique identifier of each order, as well as the taker and maker order ID when 

a trade happens, it is possible to infer whether an order is cancelled, executed, or partially executed. 

This enables the reconstruction of the real time limit order book. The idea is to track order book 

updates by keeping a temporary copy of the limit order book. There are three message types: 

“open”, “change” and “cancel.” Each message represents a modification of the current copy of the 
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limit order book. At each cross section, we construct a dictionary of key value pairs with the price 

being the key and the associated quantity being its value. We retain only the top five levels of the 

limit order book for both bids and offers. If the type of the new message is “open,” its price is 

compared with the current five best price levels. If the price is within or better than any one of the 

existing prices, the associated quantity is added to that price-quantity key-value pair. If the type of 

the order is “change” and the price is within the existing prices, the corresponding quantity is 

increased or decreased by the order size.  If the type of the order is “cancel” and the price is within 

the existing prices, the associated price-quantity key-value pair will be removed.  

The following is a graphical illustration of the updates of the limit order book in reaction to 

incoming messages. Each figure tracks the top five levels of the limit order book The bids are 

displayed in blue and offers in red. The first figure shows the limit order book at 2018-1-30 

19:25:20.321, with the best bid and ask price being 10134.63 and 10142.31. At 19:25:20.401, a 

new limit order to buy 0.897 units of BTC at price 10141.5 is received by the exchange. This bid 

price is higher than the existing best bid price. Thus, the incoming limit order becomes the new 

best bid and the spread reduced from $7.68 to $0.81. Only after 9 milliseconds at 19:25:20.410, a 

cancellation message is received corresponding to the same 32-digit order ID. After the order is 

removed, the book restores to the same state as in 19:25:20.321. Giving changes occurring at 

milliseconds, it is impossible for human traders to react to many changes in the limit order book. 

As a result, this creates a playing field that is more favorable to HFTs. 

The size of data per day is around 10GB in JSON format, and the requirement of RAM size is too 

large for even high-performance computers to process. Besides, order book reconstruction requires 

the entire history of quotes, trades, and cancels, and can only be processed sequentially rather than 

on parallel. To circumvent such problems, I divided the daily dataset into chunks of about forty-
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minute intervals or roughly 200,000 messages per chunk. The order book reconstruction was 

performed on Medusa, the high-performance computing resource from Georgetown University, 

and its code can be found in the code appendix. The “sequence” field of each message, which is 

an increasing and consecutive integer, can be used to identify disconnections from the exchange 

and interruptions in the data feed. Whenever there is a missing message, I reconstruct the limit 

order book and drop the first 10,000 observations as a burn-in period.  

The reconstructed order book is then merged with the raw order data by their Coordinated 

Universal Time (UTC) timestamps. Given the combined dataset, we can extract more information 

from individual orders, such as its duration, price aggressiveness, outcome, etc. More importantly, 

we can track how the order book evolves before and after the order placement, giving us the ability 

to study the strategic behavior of individual orders. Since our econometric analysis requires 

independence of observations, we randomly selected 1% of limit orders from each subsample, and 

generated the lead and lag independent variables given the placement time of each limit order. 
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Figure 3.3 Sample Limit Order Book Updates 
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4. Descriptive Analysis of the Limit Order Book  

All four markets under study are quote driven markets under the standard time-price priority. The 

limit order book receives messages from traders and operates as a first-in-first-out (FIFO) 

continuous double auction. Basic message types include “open”, “change”, and “cancel.” This 

section provides a descriptive analysis of both the aggregated and the disaggregated limit order 

book, up to the best five levels on each side. The exchange also provides consolidated data at 

certain latencies, such as the snapshot of the limit order book, trade history, open-high-low-close 

(OHLC), etc. However, there is a limit on how often traders can ping the exchange for such data, 

and therefore information loss is unavoidable for consolidated datasets. It is important to remember 

that such information is available to all market participants, at least in theory. Nonetheless, 

information processing time might differ, depending on the traders’ strategy, implementation 

infrastructure, and even colocation with the exchange server. 

 

4.1 Aggregated Limit Order Book Analysis 

First, we document some features of the aggregated limit order book. Table 3.1 presents the 

summary statistics of quantity available at each bid/ask level up to the best five levels for the four 

crypto-currencies under study. Even though our data enable us to reconstruct the entire limit order 

book, we assume that orders beyond the top five levels do not contain as much information and 

restrict our sample to the top five levels of the book, following Biais, Hillion, & Spatt (1995) and 

Al-Suhaibani et al. (2000). The limit order book data are event based, meaning each observation 

is a snapshot of the limit order book only when there is an update in the top five levels of the book. 
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The first observation is that except for BCH, most of the liquidity supply is concentrated on the 

best bid ask levels. Recall that figure 1.1 showed that trades are much less frequent for BCH. This 

conforms to the intuition that under a FIFO filling rule, liquidity supply is more competitive as the 

market gets more liquid. It also reaffirms our assumption to focus on the top five levels of the limit 

order book where most of the marketable limit orders are posted. Our second observation is that 

liquidity on the best bid/ask is quite volatile, as indicated by their associated large standard 

deviations. Although the volumes of the best bid and ask can change when a trade occurs, such a 

large magnitude of change cannot be explained by the sheer size and frequency of trades. As we 

will demonstrate, this is a consequence of extensive quoting and cancellation activities.  

Our results differ from some previous empirical studies. For example, Al-Suhaibani et al. (2000) 

and Niemeyer & Sandas (1994) find that most of the volume is supplied on the second best price 

levels on the Saudi Stock Market and the Stockholm Stock Exchange. Biais et al. (1995) find 

volumes on the best bid or offer are less than those on the less aggressive price levels. Besides the 

competition for queue positions, another possible explanation for such discrepancies is that the 

earlier results are obtained using data from the 1990s. Nowadays, given the emergence of high 

frequency trading, traders are more capable of managing their orders through fast and sophisticated 

algorithms. For example, instead of quoting wider bid/ask spread to accommodate adverse 

selection as in the model of Glosten & Milgrom (1985), traders can use “fleeting orders” or 

“phantom liquidity” to increase execution uncertainty for informed orders while sacrificing less 

on queue positions. This evidence motivates our “option value” cancellation hypothesis of resting 

limit orders. 

Tables 3.2 and 3.3 report the summary statistics for spreads and price differences between adjacent 

quotes. The hypotheses that price differences are equal are strongly rejected for both sides of the 
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book, indicating that the shape of the limit order book is non-linear. By contrast, the bid-ask 

spreads of all but BCH are very stable and tight most of the time. Again, this provides some indirect 

evidence that liquidity supply is very competitive and that best bid/ask levels are more informative 

than outside the spreads. However, the standard deviation of BTC spread is the largest even though 

it is tight most of the time. This indicates the BTC market is relatively volatile and its spread can 

widen sharply. Another interesting observation is that even though BTC and ETH are more liquid 

than BCH and LTC in terms of trade intensity, the number of order book updates for BCH and 

LTC is more than that of BTC and ETH. A valid conjecture for such results is that BCH and LTC 

are dominated by a few HFTs. Since GDAX does not impose a limit on order cancellation, these 

HFTs might frequently submit and cancel quotes without really contributing to price discovery. 

This prompts the question of why those HFTs are involved in such activities. Do they imply market 

manipulations (such as submitting quotes to affect market movement without the intention to be 

traded) or are they canceled for legitimate reasons? In the next section, we will show that on 

average, HFTs in the crypocurrency market behave like liquidity suppliers, where they cancel their 

orders in response to state changes in the limit order book to maximize their likelihood to scalp 

the bid/ask spread while avoiding adverse selection risk.  

We conclude this section by graphing the slope of the average limit order book in Fig 3.1. The 

slopes of all markets are convex except BCH. There is extensive literature that discusses the shape 

of the limit order book and its information content. In particular, using order flow data from the 

Stockholm Stock Exchange, Sandås (2001) finds steeper limit order schedules than predicted by 

the Glosten (1994) model. As suggested by Biais, Glosten, & Spatt (2002), this means liquidity 

provision is not competitive, and the convex limit order book reflects the market power of liquidity 

suppliers. 



20 

 

4.2 Disaggregated Limit Order Book Analysis  

The term “fleeting orders” was introduced by Hasbrouck & Saar (2009) (HS), where limit orders 

that are canceled within two seconds are labeled “fleeting orders.” By this somewhat arbitrary 

threshold, they find around 37% or limit orders on INET are fleeting orders. We first present the 

summary statistics on order durations without applying any arbitrary labeling. As shown in the 

analysis of the aggregated limit order book, most liquidity is supplied at the best bid/ask. To be 

concise, we consolidate all limit orders that are not at the best bid/ask as “Conservative Limit 

Buy/Sell.” For completeness, we present results for both uncensored and censored “Conservative 

Limit Buy/Sell,” where the latter excludes orders that are beyond the best five levels of the book. 

I follow the seminal work by Biais et al. (1995) and define order flow categories by price 

aggressiveness and order size. In the following, I describe the order categories from the perspective 

of bid offers. Ask offer categories are defined in the same spirit. I define “Large Market Buy” 

orders as market buy orders whose size exceeds that being offered at the best ask. This type of 

order event changes the best bid and offer (BBO) and is the most aggressive order type. I define 

“Small Market Buy” orders as market buy orders but with a size smaller than that offered at the 

best ask. This type of order triggers immediate execution but does not change BBO. The third 

category, “Immediate Market Buy,” are those orders whose prices are equal or above the best ask 

price and therefore triggers immediate execution. I conjecture this type of limit order comes from 

the stop orders as described in the previous section. The fourth category, “Aggressive Limit Buy” 

orders, are the limit orders that exceed the current best bid and therefore change BBO but is not 

high enough to trigger an immediate execution. The next category, “At the Quote Buy,” are limit 

orders being placed on the current best bid price. GDAX follows the usual price-time priority and 

orders at the same price level will be executed according to their queue positions. The most 
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conservative category, “Conservative Limit Buy” are limit orders whose price is less than the 

current bid price. There is one extra category that is only relevant to buy orders, “Cash Buy 

Orders,” when the limit order specifies the equivalent monetary worth of crypto-currency units, 

instead of specifying size. For messages requesting cancelation of orders, I define “ATQ (at-the-

best quote) Cancel Buy” as those requesting to cancel an existing limit order located on the best 

bid. “OTQ (outside-the-best quote) Cancel Buy” is a request to cancel a buy offer that is not on 

the best bid. We restrict our sample to the top five levels of the limit order book by assuming that 

orders placed or canceled beyond five levels do not provide much information nor significantly 

affect the status of the book. 

Table 3.4 reports limit order duration summary statistics by markets and order categories. All 

duration values are denominated in milliseconds (10−3 of a second). This is by no means 

considered ultra-high frequency as of 2019. To the writer’s knowledge, many HFT market makers 

can easily achieve latencies at microseconds (10−6 of a second), with some even achieving 

nanoseconds (10−9 of a second) with the help of microwave transmission and colocation, such as 

Jump Trading. 

We make the following observations: First, by the threshold of Hasbrouck & Saar (2009), i.e. two 

seconds, around 75% of overall limit orders for BTC would be considered “fleeting orders,” 

doubling the proportion obtained from their paper. Surprisingly, the 75-percentile order duration 

for BCH, ETH, LTC are 41, 439, and 77 microseconds, respectively, well below the two seconds 

threshold. This result adds further evidence that HFTs are prevalent in cryptocurrency trading, 

especially for the less liquid markets. Our second observation is that orders placed on the best 

bid/ask “ATQ Limit Buy/Sell” in general stay longer than other categories. Recall the analysis of 

the aggregated limit order book shows most liquidity supply concentrates on the best bid/ask. With 
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such large positions in front, it is understandable that orders worse than the best levels 

(“Conservative Limit Buy (Sell)”) cancel more often since the probability of getting filled is very 

low. This motivates the “Chasing Hypothesis” where traders try to keep up with the best price 

when same side quote improves. “Aggressive Limit Buy (Sells)” are orders that improve the best 

levels. For uninformed market makers, such orders mean less expected profit and higher “pick-

off” risk. Thus, unless market makers are compelled to do so (inventory pressures, queue 

competitions, etc.), it is understandable that such orders also last shorter than ATQ limit orders.  

Table 3.6 reports the summary statistics on order size by categories. The average and median size 

are small relative to the aggregate volume available at each level. For example, the average 

aggregate best ask volume for BTC is 2.64, while the median individual order size at the best ask 

is 0.25, meaning roughly 10 orders form the queue at the best ask. For bid orders, this number is 

12. Although this is by no means an accurate estimate of the number of orders on each level and it 

is possible that multiple orders come from the same trader since trader identity is not released, it 

still demonstrates the competitiveness of liquidity supply at best price levels. 

We conclude our descriptive analysis of the order book by presenting the intraday order flow 

patterns of cancel-to-trade ratio and trade-to-order volume ratio. These measures not only provide 

background about how our modern equity markets operate today but are also widely used in the 

literature as proxies for HFTs (Weller (2016) and Hu (2019), to name a couple). The cancel-to-

trade ratio is defined as the daily number of cancellations divided by the number of trades, for 

displayed orders. Angel, Harris, & Spatt (2011) show that the cancel-to-trade ratio increased from 

10 to 30 in the 2000s. The mean cancel-to-trade ratio across the hours of the day are presented in 

Figure 3.2. We make the following observations: first, the median cancel-to-trade ratio displays a 

clear hump-shaped pattern with the high values falls between 5 am-12 pm UTC time, or 9 am-5 
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pm EST. This conforms with the fact that GDAX is a US based exchange and the most active 

trading hours coincides with the day trading hours of the US. Second, the median cancel-to-trade 

ratio for BCH is significantly higher than those of the other crypto-currencies across the day. This 

result indicates that order cancellation is a more severe issue for BCH. Finally, according to market 

activity data series from SEC8, stocks in the top 25 percentile of market capitalization have a daily 

cancel-to-trade ratio of 10-80, and exchange-trade-products of the top 25 percentile market 

capitalization has a daily cancel-to-trade ratio of 1000-2000 for the same time frame. The cancel-

to-trade ratio of BCH falls on the same scale as the exchange traded products (ETP), while the 

other crypto-currencies are closer to stocks.  

A complete picture is provided by the trade-order volume in Figure 3.2. The trade-order volume 

is the sum of the trade volumes divided by the sum of the order volumes, for displayed orders. As 

a reference, the trade-order volume ratio for stocks and exchange-traded products (ETPs) of first 

quartile market capitalization are 3-10% and 0.01-0.04%, respectively. As demonstrated in Figure 

3.3, the trade-order volume ratios for all crypto-currencies are below 1%, among which BCH is 

the lowest and closest to that of ETPs.  

Although nowadays most trading occurs through computerized algorithms, the exceptionally high 

cancel-to-trade ratio and low trade-order volume ratio, combined with short order duration of 

BCH, indicates a much stronger footprint of HFT in that market. As early as 2010, Financial Times 

noted the phenomenon that ETFs fueled the growth of high frequency trading9. The most 

prominent example is the flash crash on May 6, 2010, where HFTs opportunistically bought E-

Mini contracts while simultaneously selling ETFs like SPY. Even though BCH is closer to ETPs 

                                                 
8 https://www.sec.gov/marketstructure/datavis.html#.XVOm9uNKguX 
9 https://ftalphaville.ft.com/2010/04/14/201776/how-etfs-fueled-high-frequency-trading/ 

https://www.sec.gov/marketstructure/datavis.html#.XVOm9uNKguX
https://ftalphaville.ft.com/2010/04/14/201776/how-etfs-fueled-high-frequency-trading/
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by these two measures, we note that these two markets are fundamentally different. BCH is the 

least liquid market with the widest bid-ask spread among the four crypto-currencies under study, 

while the top quartile ETPs are among the most liquid markets with possibly hundreds of 

competitive HFT participants and a nationwide system of decentralized exchanges and dark pools.  

 

4.3 Limit Order Cancellation Hypothesis 

From the analysis on limit order duration, we find short-lived orders are prevalent, indicating 

extensive HFT participation. In this section, we try to address the question of why limit orders are 

cancelled quickly and discuss the hypotheses for limit order cancellations in crypto-currency 

markets. All market participants face the tradeoff between the likelihood of execution and adverse 

selection risk. If a market participant is a liquidity supplier such as a market maker, s/he might be 

more sensitive to pick-off and adverse selection risk and therefore react to negative market signals. 

On the other hand, a liquidity demander may be less price sensitive and care more about execution. 

The “chasing” hypothesis is essentially the same as that proposed by Hasbrouck & Saar (2009), 

where limit orders dynamically cancel and update their quotes to keep up with the same side best 

quotes that move away from them. This hypothesis assumes some urgency of execution for 

liquidity demanding limit orders. The urgency could come from inventory rebalance pressure, 

higher opportunity cost of waiting or market monitoring, heterogeneous valuation, or even private 

information. Some of these can be observed or approximated, like inventory levels. Others are not 

directly observable and are treated as unobserved heterogeneity in the empirical analysis. The 

“chasing” orders are not aggressive in the sense that they do not seek to improve the best price 

levels, but just passively follow the change of best quotes. We conjecture this hypothesis to be true 
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when the spread is not tight and liquidity supply is not as competitive, as in the case of BCH. This 

may result in a “laddering game” of Bertrand competition as shown in the sample price movement 

in Fig 3.4, where competing HFT market makers try “penny jumping” each other for best price 

levels. The process ends when the expected marginal profit approaches zero for further quote 

improvement and a sole winner emerges. However, since market making is oligopolistic, the 

runner-up is likely satisfied by sacrificing some queue position for price margin. The sole winner 

realizes this and could drop back one tick behind the runner-up and causes a regress, after which 

the laddering game starts again. 

The second hypothesis, termed “cost-of-immediacy” by Hasbrouck & Saar (2009), conjectures 

that when opposing side quotes improve, limit orders are more likely to cancel and switch to 

market orders since the cost of immediate execution reduces. This hypothesis also assumes some 

limit orders are impatient liquidity demanders and are willing to pay the cost of immediacy to get 

executed. GDAX charges a fee between 0.10% and 0.30% for liquidity takers based upon total 

dollar trading volume over the trailing 30 day period. To illustrate, the market order to sell one 

unit of Bitcoin worth $6,000 would have to pay a fee between $6 and $18. Given that the GDAX 

fee structure favors liquidity maker and penalizes liquidity taker, we expect the opposite to be true 

- i.e., when the opposing side quotes improve, instead of switch to a market order, limit orders are 

more likely to stay longer, especially for those with high queue priorities.  

The two hypotheses from Hasbrouck & Saar (2009) are motivated by liquidity demanding limit 

orders. When traders do not have much urgency for execution, as is the case for many long-term 

strategies such as relative valuation who are more patient in general but are more sensitive to fair 

value changes and adverse selection risk, then the “fair value” is not necessarily equivalent to the 

“fundamental value” as assumed in many theoretical models (Budish et al., 2015) (Foucault, 
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Kozhan, & Tham, 2016). For example, a skewed limit order book could indicate an imbalance of 

buy and sell interests. Even when the actual market price stays the same, the change in quantities 

at those price levels could move the “weighted market price.” As an extreme example, an infinite 

best offer quantity relative to a small best bid quantity would indicate the weighted market mid-

price close to the best bid price, even when the actual market mid-price is still half way between 

BBO. We will use this weighted market price to derive an indicator approximating adverse 

selection risk. We conjecture that order cancellations are more frequent when adverse selection 

risk is higher.  

For completeness, we address several other hypotheses. First, the “search for latent liquidity” from 

Hasbrouck & Saar (2009) states that limit orders are placed inside the BBO seeking to be executed 

against hidden orders and canceled shortly if failed. This hypothesis is not applicable to the markets 

under study since GDAX does not allow hidden order types. Second, a common reason for 

excessive cancellation of HFTs in stock trading is attributed to decentralized exchanges and inter-

exchange arbitrage. This strategy relies on the assumption that prices from multiple exchanges are 

highly correlated and that assets and funds are easily transferable.  

Although it is not completely impossible, the amount of time and fees to move fiat currency on 

and out of exchanges makes it less implementable. For example, Makarov & Schoar (2019) 

document large, recurrent arbitrage opportunities in cryptocurrency prices relative to fiat 

currencies across exchanges, which often persist for weeks. Another possible source of 

cancellation, “spoofing,” refers to orders posted without the intention of execution but to mislead 

markets. This is regarded as market manipulation, but given that cryptocurrency exchanges are 
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loosely regulated, we do find anecdotal evidence that spoofing exists10. But without observing 

traders’ identity, we cannot test for systematic spoofing behavior using our empirical framework.  

 

 

 

 

 

 

 

 

 

 

 

 

                                                 
10 There is a “client-oid” field in the data that represents trader’s identity. However, some trader are free to use 

multiple client-oid for different orders. For some orders associated with a same client-oid, we do find suspicious 

spoofing behaviors. 
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5. Econometric Analysis 

5.1 Review of Duration Models 

Duration models are widely used in biostatistics to describe a non-negative random variable t, such 

as failure time or time interval between recurrent events. The survival function, defined as S(t) =

Pr(T > t) is the probability that the subject is alive at time t. The hazard function, defined as 

λ(t) =
𝑓(𝑡)

𝑆(𝑡)
, has the interpretation as the termination risk exposure of the subject at time t. Since t 

has naturally non-negative support, it is sometimes more desirable to model log 𝑡 which has the 

support of (−∞, +∞). There are three general approaches to model survival time: parametric, 

semi-parametric and non-parametric. The parametric approach specifies the logarithm of survival 

time as the following form: 

 log 𝑡 = 𝛼 + 𝑊 (1) 

Where the distribution of log 𝑡 depends on the distribution of the random variable W. Some 

commonly used distributions for 𝑡 are: Weibull, Gompertz, Exponential. Although the parametric 

approach is easy to incorporate covariates, it imposes the strictest structure and requires a more 

precise prior knowledge of the shape of the hazard function. We therefore adopt the more flexible 

non-parametric and semi-parametric approaches for our empirical analysis. 

 

5.2 Non-parametric and semi-parametric Modeling Approaches 

When data is not censored, it is straightforward to characterize the survival function using 

empirical distributions which can be estimated non-parametrically: 
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Ŝ(t) =  

1

𝑛
∑ 𝐼(𝑡𝑖 > 𝑡)

𝑛

𝑖=1

 
(2) 

Where 𝐼(𝑡𝑖 > 𝑡) is an indicator function equaling 1 when subject i is alive at time t. The most well-

known estimator for censored data is the Kaplan-Meier (K-M) estimator: 

 
Ŝ(t) =  ∏ (1 −

𝑑𝑖

𝑛𝑖
)

𝑡(𝑖)<𝑡

 
(3) 

Where t(i) is the ith censoring point. 𝑑𝑖 is the number of failures between t(i − 1) and t(i). Thus, 

the unconditional survival probability up to the ith censoring point t(i) is just the product of the 

conditional survival probability in all the censoring intervals before t(i). The K-M estimator has a 

convenient interpretation as being the non-parametric maximum likelihood estimator (NPML). A 

detailed discussion can be found in Miller Jr (2011). Non-parametric hazard function is most useful 

for descriptive analysis but it is difficult to incorporate covariates.  

The Cox Proportional Duration Hazard model (Cox PH) (Cox, 1972) is a semi-parametric 

approach which imposes the assumption that the hazard rate is proportional to a baseline hazard, 

h0(t) at all durations: 

 h(t, Xi) = h0(t) exp(β′Xi) (4) 

where the baseline hazard h0(t) reflects the underlying hazard for subjects with all covariates 0 

and is not directly estimated. The unspecified baseline hazard is not an issue for our empirical 

analysis since we are only interested in the estimation of how the hazard changes with covariate 

or relative hazard. The Cox Proportional Hazards model is a linear model for the log of the hazard 

ratio. It can be shown that the survival function S(t, x) = 𝑆0(𝑡)exp(𝑥′𝛽). Thus, even when the 

hazards are proportional, the impact of covariates on the survival function is exponential. Despite 

the proportional assumption, the Cox Proportional Hazard model is most widely used in the 



30 

 

literature, e.g. Hasbrouck & Saar (2009) and Dahlström, Hagströmer, & Nordén (2018). In our 

empirical analysis, we estimate a stratified Cox PH model: 

 h(t, Xi) = h0i(t) exp(β′Xi) (5) 

The only difference is we use different baseline hazard ratios h0i(t) for different strata i. The 

objective is to account for the heterogeneity across different strata. 

To assess the goodness-of-fit of the Cox PH model, we use the Cox-Snell residual, defined as the 

negative of the natural log of the survival probability for each observation: 

 Λ̂𝑖(𝑋𝑖) ≡ −log [�̂�(β′Xi)] (6) 

Where Λ̂𝑖(𝑥) is the estimated cumulative hazard function for each individual at the time of their 

death or censoring. If the model is correct, the estimated cumulative hazard Λ̂𝑖(𝑥) should have a 

unit exponential distribution. Combine this with the definition of the survival function, we have: 

 Λ̂𝑖(𝑋𝑖) = −log [�̂�(Λ̂𝑖(𝑋𝑖))] (7) 

One way to visualize such relationship is plotting log {− log [�̂� (Λ̂𝑖(𝑋𝑖))]} against log [Λ̂𝑖(𝑋𝑖)], 

which should yield a straight line through the origin with slope=1 

 

5.3  Limit Order Cancellation Analysis 

In this section, we present the duration model framework to test the cancellation hypotheses 

proposed in Section 3. The chasing, cost-of-immediacy, and adverse selection risk hypotheses all 

conjecture that cancellation is a reaction to the dynamic evolution of the limit order book. We 

therefore include covariates that describe the lagged historical status of the limit order book before 

the limit order is posted, as well as the dynamic changes in the limit order book until the order is 
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cancelled, traded or censored. We limit our attention to the top five levels of the order book and 

track each limit order up to two seconds after its submission. If the order is not cancelled or 

executed within two seconds, we label it censored.  

We first plot the Kaplan-Meier (K-M) survival functions for the three categories of limit orders: 

“Aggressive,” “ATQ” (At the Quote), and “Conservative.” As described in the review section, the 

K-M estimator is essentially a non-parametric estimator of survival probability in a given period 

of time. Table 4.1 reports the K-M survival estimates for the four crypto-currencies. Consistent 

with our findings in Section 3, ATQ orders, in general, survive longer than the other two categories. 

The only exception in our findings is BCH, where aggressive orders last longer on the book. Recall 

from Table 3.3, spreads are more often wider for BCH than for BTC, LTC, ETH, and liquidity 

supply is also less competitive. It operates like a less liquid quote driven market where a dealer 

with certain market power can exert some control over her quotes. We also perform the log-rank 

test with the null hypothesis that the survival functions are the same across the categories and 

report the χ2 statistics. The overall results strongly reject the null hypothesis and therefore we need 

to account for heterogeneity among order categories. 

Our specification differs from Hasbrouck & Saar (2009) in three important aspects. First, since we 

observe the disaggregated limit order book, we include the queue position explicitly. Second, the 

duration model used by the literature thus far assumes that all relevant covariates are included. In 

the empirical analysis, we cannot completely assume away unobserved heterogeneity. Since the 

data does not include traders’ identity, limit orders may be posted according to unobserved 

motivations, such as heterogeneity in traders’ inventory or private belief. Unlike OLS where 

omitted variable bias only occurs when the unobserved variable is correlated with observed 

covariates, it can be shown in duration models that even if the omitted variable is uncorrelated 
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with the covariates, it still introduces a bias according to Miller Jr, (2011). One way to partly 

account for this bias is to estimate a frailty model by introducing a random effect that scales 

individual hazard functions differently.  

The third difference is we include the difference between “weighted” market mid-price and 

“actual” market mid-price as the approximation for the adverse selection risk. The weighted 

market mid-price is defined as follows: 

 
Weighted MidPrice =  

𝐴𝑠𝑘1 ∗ 𝐵𝑖𝑑1𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 + 𝐵𝑖𝑑1 ∗ 𝐴𝑠𝑘1𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦

𝐵𝑖𝑑1𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 + 𝐴𝑠𝑘1𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦
 

(8) 

We then regress the actual market mid-price on the weighted market mid-price and use the residual 

as an approximation for the adverse selection risk. The idea is that even though actual best bid/ask 

prices stay the same, the change in the quantities quoted on those prices could indicate a change 

in the intention to trade, and therefore the “micro-price” at any instantaneous time point. For 

example, a liquidity supplying buyer at the best bid would be more likely to cancel her order when 

the weighted market mid-price gets closer to the actual best bid price, indicating a reduction in the 

market expected fair value. Since the actual prices do not move, the queue position and the cost of 

paying up is unchanged. Thus, adverse selection risk defined this way can be tested independently 

from the other liquidity demanding hypotheses. In practice, this “micro-price” is commonly used 

by HFT market makers as an estimate for the short-term “fair value”.  

We estimate a stratified Cox-proportional hazard model in the following form for all crypto-USD 

pairs, where strata j include aggressive orders that improve quote price, orders that are placed on 

the best bid/ask (ATQ), and those placed at worse price levels than the best bid/ask 

(Conservative): 
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 λi(𝑡) = 𝜆0𝑗(𝑡)exp {𝛽1𝑙𝑜𝑔#𝑓𝑙𝑒𝑒𝑡𝑖𝑛𝑔_𝑜𝑟𝑑𝑒𝑟𝑠𝑖 + 𝛽2𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖

+ 𝛽3𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑢𝑚𝑒𝑖 + 𝛽4𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖 + 𝛽5𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑠𝑝𝑟𝑒𝑎𝑑𝑖

+ 𝛽6𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑝𝑟𝑖𝑐𝑒𝑖 + 𝛽7𝑞𝑢𝑒𝑢𝑒𝑝𝑜𝑠𝑖
+ 𝛽8𝑠𝑖𝑧𝑒𝑖

+ 𝜏1𝑎𝑑𝑣𝑒𝑟𝑠𝑒_𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑖,𝑡 + 𝜏2 ∆𝑞𝑖,𝑡
𝑆𝑎𝑚𝑒 + 𝜏2∆𝑞𝑖,𝑡

𝑂𝑝𝑝𝑜𝑠𝑖𝑡𝑒} (9) 

 

λi(𝑡) is the hazard rate (risk of cancellation) of limit order i at time t. 𝜆0𝑗(𝑡) is the baseline hazard 

rate left unspecified. Notice that 𝜆0𝑗(𝑡) is specific to each stratum. 𝑙𝑜𝑔#𝑓𝑙𝑒𝑒𝑡𝑖𝑛𝑔_𝑜𝑟𝑑𝑒𝑟𝑠𝑖 is the 

log number of fleeting orders11 in the last 60 seconds as a control for strategies involving sequential 

cancellation or herding behaviors. We expect its coefficient to be positive. 𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖 is 

a relative measure defined as the difference between the lagged market mid-price and the mid-

price when the order is posted, divided by the latter. If we view limit orders as free options 

following Copeland & Galai (1983), higher past volatility would imply writing an option to be 

more expensive. We therefore expect this coefficient to be positive.  𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑢𝑚𝑒𝑖 is the 

lagged trading volume in the look-back period. In general, when the market is very illiquid, traders 

will less likely to revise their orders and vice versa. We therefore expect its coefficient to be 

positive. 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖 is the summation of signed trades in the look-back period used as an indicator 

of inventory pressure. A positive value would imply that the market as a whole takes a long 

position in the asset and thus would exert a selling pressure of the asset. We predict its coefficient 

to be positive. 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑠𝑝𝑟𝑒𝑎𝑑𝑖 is the bid/ask spread divided by the market mid-price at the time 

of order submission. Wider spread implies more room for price improvement and is likely to 

trigger a laddering game as we have seen in BCH-USD. We predict its coefficient to be positive. 

r𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑝𝑟𝑖𝑐𝑒𝑖 is a measure of order aggressiveness. It is defined as (𝑝𝑟𝑖𝑐𝑒𝑖 − 𝑏𝑒𝑠𝑡_𝑏𝑖𝑑𝑡=0) for 

                                                 
11 We experiment with different cutoffs (50, 100, 500, 1000 milliseconds) to define fleeting order. The two seconds 

cutoff used by Hasbrouck & Saar (2009) is too long given that the 75th percentile of order duration in BTC-USD is 

around two seconds, and way below two seconds for other crypto-currencies. 
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buy orders and (𝑏𝑒𝑠𝑡_𝑎𝑠𝑘𝑡=0 − 𝑝𝑟𝑖𝑐𝑒𝑖) for sell orders. A more positive value corresponds to more 

aggressive trading and we predict its coefficient to be positive. 

 

5.4 Discussion 

We report the hazard ratios from the Cox regression results in Table 4.2. Notice that coefficients 

can be recovered from the hazard ratios using the relationship Hazard Ratio = exp (coeffcient). 

The hazard ratio can be loosely interpreted as the risk of termination in the next given time period. 

A positive t-statistic indicates that the change in the variable will change the hazard ratio in the 

same direction. 

The number of lagged fleeting orders will increase the risk of cancellation for all crypto-currencies. 

We use different cutoffs (50, 100, 500, 1000 milliseconds) to define fleeting orders and the results 

do not change much. The reported result is for the cutoff of 100 milliseconds. This positive 

relationship can have multiple explanations. It could be the result of an execution algorithm that 

slices a large order into small pieces to minimize market impact. Another valid conjecture could 

be that limit orders are leaning on each other such that fleeting orders are a result of herding 

behavior. The wider the spread at the time of order placement, the more likely it will be canceled. 

Increased lagged volatility has no impact on BTC but reduces the likelihood of order cancellation 

for all other markets, which contradicts the free option hypothesis. More lagged trade volume will 

make order cancellations less likely for all markets. Market-wide inventory has no effect except 

for BCH. This provides our earlier conjecture that the BCH market is dominated by fewer high-

frequency market makers and is relatively less competitive. Wider spread at the time of order 

placement means more room for quote improvement and therefore increases the probability of 
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order cancellation and is increasing from BTC to LTC. This is because the price range decrease in 

the order of BTC, BCH, ETH, LTC. Thus, one penny, which is the minimum tick size, has less 

impact on BTC than LTC. Another way to interpret is that orders are more patient when spreads 

are tighter. This relationship, in general, implies competition for queue position under the price-

time priority. The hazard ratio for relative price also supports this interpretation. When an order is 

more aggressively priced, it is less likely to be canceled.  

Coefficients mentioned thus far are for lagged static variables determined at or before order 

placement. We focus next on the dynamic variables that directly test the cancellation hypotheses. 

∆𝑞𝑖,𝑡
𝑆𝑎𝑚𝑒 = (bidI,t − bidI,0)/bidI,0 for buy orders and ∆𝑞𝑖,𝑡

𝑆𝑎𝑚𝑒 = (askI,0 − aski,t)/aski,0 for sell orders. A 

positive value indicates an improvement in quotes. Under the chasing hypothesis, liquidity demanding limit 

orders would more likely cancel and revise their quotes to keep up with the new best price levels, which 

implies its coefficient to be positive. In other words, when same side quotes are improved, orders tend 

to follow. However, coefficients are negative for all markets: a one tick worsening in the same 

side quote will increase the probability of order cancellation in the next two seconds by 3.4%, 

19.9%, 45.9%, and 60.8% for BTC, BCH, ETH, and LTC respectively, the order of which 

decreases with price range. This implies orders are more likely to cancel when same side quotes 

worsen, rather than improve. Instead of chasing the best quotes, orders are more sensitive to 

adverse price movements.  

The “cost-of-immediacy” hypothesis implies hazard ratios greater than 1 when the opposing side 

quote improves. This is not true for all four markets. A one tick improvement for the opposing 

quote reduces the probability of order cancellation in the next two seconds by 7.8%, 6.2%, 15.3% 

and 76.5% for BTC, BCH, ETH, and LTC, respectively. When the opposite side quotes are more 

aggressive, instead of switching to more expensive market orders that pay the taker fee, limit orders 
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tend to stay on the book longer given the probability of being hit by a market order is higher. 

Another way to interpret this result is that limit orders are more likely to be cancelled when 

opposing side quotes worsen. Rather than chasing same side quotes, limit orders tend to follow 

and chase opposing side quotes. 

The “market mid residual” variable captures the skewness of the limit order book even when there 

is no price change on both sides of the book. This could have opposite implications for liquidity 

demanders versus liquidity suppliers. For demanders, a book skewed towards itself is good news, 

since the probability of execution is higher. For suppliers, it indicates the implied fair value is 

moving against her quotes or a higher adverse selection risk. Our results show a one tick 

improvement in weighted market price increases the probability of cancellation for BTC orders by 

1.8% while decreasing the probability for BCH, ETH, and LTC by 1.7%, 2.9%, and 37.6% 

respectively. In other words, BTC market reacts more to adverse selection risk and behave like 

liquidity suppliers. The rest of the markets behave like liquidity demanders and place more 

emphasis on the likelihood of execution. 

As a comparison, we also fit the model to limit orders that are filled and report the hazard ratios in 

Table 4.2. The most relevant covariates that determine order execution are queue positions and 

same side quote change. A one-unit improvement in queue position will increase the likelihood of 

execution by 68.2%, 66.6%, 20.1% and 7.8% in the next two seconds for BTC, BCH, ETH, and 

LTC, respectively. If same side quotes improve by one tick, the execution probability will be 

reduced by 18.1%, 74.8%, 45.1%, and 62.3% respectively for BTC, BCH, ETH, and LTC. The 

queue position and same side price change exactly represent the price-time priority of the filling 

algorithm. In addition, opposing side quote improvement will increase the probability of execution 

while adverse selection risk will decrease the probability for BTC, confirming our earlier results 
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that limit orders tend to be more patient given opposing quotes improvement but reacts to adverse 

selection risk by more frequent cancellation. 

Finally, we perform a goodness-of-fit test for our specifications. If our proportional hazard model 

fits the data well, the Cox-Snell residual should follow a censored exponential distribution with 

hazard ratio 1. One way to check this result is by using a quantile-quantile plot that compares the 

theoretical distribution with the empirical Nelson-Aalen cumulative hazard function. We create 

the quantile-quantile (qqplots) for all four markets up to the 99th percentile of the sample in Figure 

4.2. Overall the empirical cumulative hazard function closely tracks the theoretical distribution, 

indicating our model is a good fit for the data.  
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6. Conclusion 

The dramatic price movement and short term returns of crypto-currencies have attracted attention 

from the capital market to treat it as an investment vehicle. One necessary attribute of any 

investable goods is a platform that provides enough liquidity to buyers and sellers who are willing 

to trade. The present paper is the first among the literature that utilizes order level data from a 

major crypto-currency exchange. We reconstructed the limit order book at microsecond latency 

and provide a detailed description of the aggregated and disaggregated limit order books for four 

popular crypto-currencies: BTC, BCH, ETH, and LTC. Our analysis on order duration shows that 

most orders are cancelled within a very short timeframe that is too fast to be regarded as paper 

orders. In other words, the majority of limit and market orders in crypto-currency trading are 

managed by algorithmic traders. 

We then focus on one particular aspect of trading – order cancellation. We test three order 

cancellation hypotheses by estimating a stratified Cox proportional hazard model with time-

varying covariates that directly relates to the hypotheses. We find limit orders are more likely to 

get cancelled when same side quote worsens or opposing side quote worsens. The former can be 

explained by the interdependence of orders to join or leave the order book, a common strategy 

applied by HFTs. The latter result indicates a competition for liquidity provision when gapped 

markets are filled by replenishing limit orders. We also find mixed results for adverse selection 

risk: the BTC market has the most volatile bid/ask spread and is most sensitive to adverse selection 

risk, while the other crypto-currency markets work like liquidity demanders and value more on the 

likelihood of execution.  
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Our results differ significantly from Hasbrouck & Saar (2009) (HS), where they find limit orders 

tend to chase same side quotes, rather than opposing side quotes. They also find limit orders are 

more likely to switch to market orders given a reduction in execution cost. In other words, limit 

orders from their sample behave like liquidity takers, while those from our sample act more like 

liquidity suppliers. We conjecture the difference comes from two sources. First, the INET in 2004 

was much less liquid than the GDAX in 2018. While studying the illiquid corporate bond market, 

Goldstein  (2019) finds dealers are much less willing to take inventory risk and more likely to 

execute offsetting trades. According to the descriptive statistics for order sizes of the HS sample, 

the daily median number of limit orders and cancellations are 9,509 and 8,880 respectively. A 

comparable intensity of trading activity might only take less than five minutes on GDAX. In 

addition, median spreads for the HS sample is $0.045 versus $0.01 for all crypto-currencies except 

BCH. Second, the maker-taker fee structure from crypto-exchanges makes liquidity even more 

expensive in a relative sense. The average stock price in the HS sample is around $30, while 

crypto-currencies in our study has much higher price ranges, and thus much lower relative spreads. 

This implies the opportunity cost of missing one price level is much more expensive for stocks in 

the HS sample, and thus creates more incentive and urgency for trade execution. This conjecture 

is further supported by the relative sensitivity to quote changes among crypto-currencies. In our 

sample, BTC has the smallest relative spread, followed by BCH, ETH, and LTC. This ordinal 

relationship continues to hold for the sensitivity to same side and opposing side changes, with BTC 

being the least sensitive and LTC being the most sensitive to quote changes. 

We also find heterogeneity across crypto-currencies. In particular, the BCH market has steeper 

limit order schedule, wider bid/ask spread, and much higher cancel-to-trade ratio and lower trade-

order volume ratio relative to other crypto-currencies.  The excessive order cancellations in the 
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least liquid BCH market indicates the majority of order book updates could be meaningless. One 

potential direction for future work is to investigate whether such activities are based on legitimate 

foundations or manipulative strategies.



 

  

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

Figure 3.4 Sample Data Price Movements 
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Table 2.1 Sample Data Description 

Field Name Description 

Client_oid A 32 digits ID selected by the client to identify orders. However, clients are 

free to choose multiple client-oid for different orders. 

Funds The desired amount of quote currency to use. This field is “NaN” except 

only when the trader uses fiat to purchase crypto currency. 

Order_id A 32-digit long ID that uniquely identifies individual orders. 

Maker_order_id The order ID that serves as a liquidity provider in trades. 

Taker_order_id The order ID that serves as liquidity demander in trades. 

Order_type It can be either “limit” or “market”. As discussed earlier, stop orders are 

manifested as market orders. 

Price Price of the order if it is a limit order. 

Size Size of the order if it is a limit order. 

Side It can be either “buy” or “sell”. 

Product_id The currency pair code (e.g. BTC-USD). 

Sequence A unique increasing integer that increments by one for the next message. 

 

This table presents the selected fields of messages from exchange data feed12. The description of 

variables is summarized according to the document of GDAX API. 

 

                                                 
12 https://docs.pro.coinbase.com/#get-holds 

https://docs.pro.coinbase.com/#get-holds


 

  

 

 

 Figure 3.5 Slope of the Average Limit Order Book 

This figure visualizes the slope of the average limit order books. The Y-axis is the difference between the market middle price 

and the average top five price levels on each side of the limit order book. Positive (negative) values on the Y-axis represents 

offers (bids). The X-axis is the quantity supplied at each price level. 
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Table 3.1 Summary Statistics for Volume at Top Five Levels of Limit Order Book 

 

 

This table presents the summary statistics for the volumes supplied on the top five levels of the limit order book. The values are 

rounded to the second decimal point. GDAX allows order size precision up to the fourth decimal point, the reason some minimum 

values are displayed as 0.00. 

 

BTC mean std min 25% 50% 75% max  BCH mean std min 25% 50% 75% max 

ask5 1.20 2.81 0.00 0.01 0.20 1.00 48.95  ask5 4.88 9.09 0.00 0.82 1.90 5.77 104.49 

ask4 1.19 2.70 0.00 0.01 0.20 1.00 55.00  ask4 4.63 9.04 0.00 0.80 1.77 4.50 104.49 

ask3 1.24 2.73 0.00 0.02 0.25 1.08 55.00  ask3 3.81 7.54 0.00 0.43 1.44 4.00 102.89 

ask2 1.20 2.89 0.00 0.02 0.20 1.03 68.93  ask2 3.73 10.42 0.00 0.04 1.00 2.98 102.88 

ask1 6.15 7.96 0.00 0.50 2.64 9.46 68.93  ask1 3.29 6.82 0.00 0.04 0.90 3.29 102.88 

bid1 5.86 7.63 0.00 0.48 2.70 8.58 70.51  bid1 3.00 8.00 0.00 0.07 0.94 2.36 217.96 

bid2 1.12 2.62 0.00 0.02 0.22 1.06 69.31  bid2 2.76 10.93 0.01 0.02 0.90 1.49 217.96 

bid3 1.22 3.07 0.00 0.02 0.21 1.07 140.00  bid3 3.37 11.06 0.01 0.10 1.00 2.80 217.96 

bid4 1.15 2.80 0.00 0.02 0.20 1.02 140.00  bid4 4.57 13.25 0.00 0.45 1.27 3.69 217.96 

bid5 1.13 3.05 0.00 0.02 0.20 1.00 140.00  bid5 5.11 14.28 0.00 0.80 1.50 3.92 179.85 

                 

ETH mean std min 25% 50% 75% max  LTC mean std min 25% 50% 75% max 

ask5 9.50 28.90 0.00 0.02 0.70 7.23 732.61  ask5 27.77 67.04 0.01 0.74 10.00 30.00 1685.07 

ask4 9.58 26.73 0.00 0.02 1.00 7.45 732.61  ask4 27.10 64.10 0.01 0.50 8.45 30.00 1730.53 

ask3 9.09 24.72 0.00 0.02 0.55 6.70 732.61  ask3 26.52 61.71 0.01 0.29 6.64 30.00 1730.53 

ask2 9.20 25.56 0.00 0.02 0.38 6.18 731.61  ask2 27.68 64.88 0.00 0.30 6.00 29.62 1778.55 

ask1 25.23 41.63 0.00 0.24 8.35 31.17 497.24  ask1 82.06 126.07 0.00 4.50 30.39 111.34 1868.55 

bid1 19.68 33.91 0.00 0.33 5.60 23.57 489.11  bid1 77.94 154.63 0.00 2.80 28.80 99.99 3383.04 

bid2 5.90 18.14 0.00 0.02 0.50 4.56 489.14  bid2 25.61 92.68 0.01 0.22 4.00 25.00 3693.97 

bid3 6.47 19.29 0.00 0.02 0.99 5.89 493.24  bid3 27.97 115.20 0.01 0.27 4.30 25.00 3694.07 

bid4 8.67 29.20 0.00 0.04 1.50 6.69 614.10  bid4 27.93 104.77 0.01 0.45 5.39 26.07 3694.07 

bid5 8.17 28.32 0.00 0.06 1.89 6.77 619.57  bid5 28.20 97.92 0.01 0.50 7.27 27.35 3694.07 
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Table 3.2 Summary Statistics for Prices at Top Five Levels of the Limit Order Book 

 

This table reports the price difference between adjacent quotes at the top five levels of the limit order book.  The F-test strongly rejects 

the hypothesis that all spreads are equal. 

 

 

 

 

 

BTC a5-a4 a4-a3 a3-a2 a2-a1 b1-b2 b2-b3 b3-b4 b4-b5 
 

F-statistic 

(ask) 

F-statistic (bid) 

mean 1.01 0.73 0.50 1.21 0.97 1.50 1.86 1.21 
 

385.64 160.17 

median 0.95 0.37 0.08 0.08 0.09 0.14 0.36 0.43 
   

            

BCH a5-a4 a4-a3 a3-a2 a2-a1 b1-b2 b2-b3 b3-b4 b4-b5 
 

F-statistic (ask) F-statistic (bid) 

mean 0.15 0.16 0.23 0.31 0.33 0.11 0.24 0.26 
 

2684.63 2692.83 

median 0.04 0.16 0.20 0.36 0.18 0.02 0.06 0.10 
   

            

ETH a5-a4 a4-a3 a3-a2 a2-a1 b1-b2 b2-b3 b3-b4 b4-b5 
 

F-statistic (ask) F-statistic (bid) 

mean 0.03 0.08 0.03 0.01 0.32 0.12 0.12 0.13 
 

1891.28 1873.28 

median 0.04 0.05 0.01 0.01 0.44 0.09 0.10 0.10 
   

            

LTC a5-a4 a4-a3 a3-a2 a2-a1 b1-b2 b2-b3 b3-b4 b4-b5 
 

F-statistic (ask) F-statistic (bid) 

mean 0.03 0.04 0.05 0.04 0.14 0.08 0.05 0.04 
 

343.66 6556.83 

median 0.04 0.02 0.03 0.02 0.16 0.02 0.03 0.02 
   

4
5
 



 

  

 

 

Table 3.3 Summary Statistics for Spreads 

 

 

 

 

 

 

 

 

 

 

 

 

This table presents the summary statistics on the bid-ask spread for the four crypto-currencies. The bid-ask spreads of all but BCH are 

very stable and tight most of the time. The standard deviation of BTC spread is the largest even though it is tight most of the time. 

 

 

 

 

Crypto BTC BCH ETH LTC 

Mean 0.86 0.96 0.19 0.06 

Std 2.23 1.10 0.37 0.09 

Min 0.01 0.01 0.01 0.01 

25% 0.01 0.05 0.01 0.01 

50% 0.01 0.63 0.01 0.01 

75% 0.11 1.34 0.25 0.07 

Max 52.55 15.27 16.54 3.04 

Count 514887 601805 680616 637745 
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Table 3.4 Summary Statistics for Order Duration 

 

This table presents summary statistics for order durations by markets and limit order categories as defined in Section 2. Both censored and 

uncensored results for “Conservative Limit Buy” are obtained. Censored conservative limit orders exclude those beyond the top five levels of the 

book.  All duration values are denominated in milliseconds. The results are for both “filled” and “canceled” orders. 

 

 

 

BTC mean std min 25% 50% 75% max  BCH mean std min 25% 50% 75% max 

ATQ Limit Buy 13137 43201 1 192 2131 10373 1480071  ATQ Limit Buy 4265 22554 1 38 174 615 503085 

ATQ Limit Sell 13046 48648 0 183 1921 9711 1885762  ATQ Limit Sell 3026 20667 2 16 41 318 802720 

Aggressive Limit Buy 2843 21209 0 31 98 459 1374634  Aggressive Limit Buy 2611 26819 1 91 192 492 1384346 

Aggressive Limit Sell 3726 27622 0 37 126 582 1047620  Aggressive Limit Sell 5455 28073 2 101 200 1186 1050842 

Conservative Limit Buy 6344 46994 1 63 182 791 2167490  Conservative Limit Buy 1048 23707 2 21 32 45 2711805 

Conservative Limit Sell 9284 58259 0 48 179 1056 2161694  Conservative Limit Sell 618 9819 2 21 32 40 889975 

Overall 9657 48195 0 71 328 3582 2167490  Overall 1170 18271 1 22 33 58 2711805 

                 

ETH mean std min 25% 50% 75% max  LTC mean std min 25% 50% 75% max 

ATQ Limit Buy 10175 45577 1 27 205 3899 1748826  ATQ Limit Buy 14449 76458 2 46 643 7732 6024791 

ATQ Limit Sell 13956 45361 1 28 280 6071 994156  ATQ Limit Sell 11780 53526 1 50 789 6691 3375846 

Aggressive Limit Buy 2274 18618 1 43 147 263 1044091  Aggressive Limit Buy 3512 37774 1 50 180 593 2335252 

Aggressive Limit Sell 3367 17479 1 44 141 385 610291  Aggressive Limit Sell 2553 20931 1 46 171 581 1660386 

Conservative Limit Buy 2781 27529 1 33 63 213 1903009  Conservative Limit Buy 12222 93508 1 76 296 1939 6008251 

Conservative Limit Sell 2561 19532 1 35 55 191 1084086  Conservative Limit Sell 9017 67102 1 67 297 1799 3543898 

Overall 4820 29928 1 34 79 383 1903009  Overall 10467 70449 1 59 314 2696 6024791 
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Table 3.5 Summary Statistics for Order Duration by Order Outcome 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table presents summary statistics for order durations by order outcome defined as either “canceled” or “filled”. Time unit is milliseconds.  

 

 

 
mean std min 25% 50% 75% max 

BTC 
       

canceled 6942 35895 1 65 260 2668 2167490 

filled 57018 134415 0 4557 16848 51364 1709458         

BCH 
       

canceled 902 11139 2 22 33 57 1590440 

filled 55686 177862 1 3228 13409 36466 2410130         

ETH 
       

canceled 3427 22842 0 33 70 294 1612027 

filled 45017 96446 0 4028 15384 43143 1942126         

LTC 
       

canceled 7065 45992.1 2 54 246 2083 5193051 

filled 61302 225222 0 1376 8689 37033 6024791 
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Table 3.6 Summary Statistics for Order Size 

 

This table presents the summary statistics for order size only for different order categories. The sizes are in crypto-currency units.  

 

 

 

 

BTC mean std min 25% 50% 75% max 
 

BCH mean std min 25% 50% 75% max 

ATQ Limit Buy 1.94 3.43 0.00 0.02 0.22 1.00 8.37 
 

ATQ Limit Buy 1.92 2.91 0.01 0.90 0.90 1.90 23.00 

ATQ Limit Sell 1.84 4.01 0.00 0.01 0.25 1.65 19.30 
 

ATQ Limit Sell 1.97 3.06 0.19 0.90 1.90 1.90 4.50 

Aggressive Limit Buy 1.39 1.17 0.00 0.13 1.53 2.47 4.10 
 

Aggressive Limit Buy 1.45 2.64 0.01 0.01 0.01 0.01 28.00 

Aggressive Limit Sell 1.21 1.22 0.00 0.01 0.90 2.48 5.33 
 

Aggressive Limit Sell 2.02 1.48 0.19 0.90 1.90 1.90 8.69 

Conservative Limit Buy 1.48 1.65 0.00 0.10 0.11 0.90 10.00 
 

Conservative Limit Buy 2.56 1.51 0.03 0.90 1.90 4.50 21.00 

Conservative Limit Sell 1.58 2.87 0.00 0.00 0.10 1.47 19.30 
 

Conservative Limit Sell 2.13 1.38 0.12 0.90 1.90 1.90 10.05 
                 

ETH mean std min 25% 50% 75% max 
 

LTC mean std min 25% 50% 75% max 

ATQ Limit Buy 9.22 21.89 0.01 0.01 0.06 1.42 218.00 
 

ATQ Limit Buy 22.39 49.65 0.10 0.10 14.12 54.00 630.00 

ATQ Limit Sell 10.23 22.29 0.01 0.01 2.22 7.96 167.00 
 

ATQ Limit Sell 22.58 42.65 0.10 0.20 4.75 20.00 350.00 

Aggressive Limit Buy 1.34 4.70 0.01 0.08 0.08 0.08 20.30 
 

Aggressive Limit Buy 28.66 30.46 0.10 7.32 49.40 54.00 640.00 

Aggressive Limit Sell 2.04 5.77 0.01 0.01 0.01 10.48 26.38 
 

Aggressive Limit Sell 27.37 25.40 0.10 3.00 7.31 31.97 320.00 

Conservative Limit Buy 1.17 5.99 0.01 0.08 0.08 0.08 54.44 
 

Conservative Limit Buy 22.53 24.66 0.10 20.00 20.00 30.00 630.00 

Conservative Limit Sell 2.35 8.83 0.01 0.08 0.08 0.08 92.86 
 

Conservative Limit Sell 17.36 21.30 0.10 1.57 18.00 20.00 290.00 
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Figure 3.6 Intraday Cancel-to-Trade Ratio 
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Figure 3.7 Intraday Trade-to-Order Volume Ratio 
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Figure 4.1 Kaplan-Meier Survival Estimates  
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Table 4.1 Cox Proportional Hazard Regression Results for Cancels 

This table presents the hazard ratios from the stratified Cox PH regression for canceled limit 

orders: 

λi(𝑡) = 𝜆0𝑗(𝑡)exp {𝛽1𝑙𝑜𝑔#𝑓𝑙𝑒𝑒𝑡𝑖𝑛𝑔_𝑜𝑟𝑑𝑒𝑟𝑠𝑖 + 𝛽2𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖 + 𝛽3𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑢𝑚𝑒𝑖

+ 𝛽4𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖 + 𝛽5𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑠𝑝𝑟𝑒𝑎𝑑𝑖 + 𝛽6𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑝𝑟𝑖𝑐𝑒𝑖 + 𝛽7𝑞𝑢𝑒𝑢𝑒𝑝𝑜𝑠𝑖

+ 𝛽8𝑠𝑖𝑧𝑒𝑖 + 𝜏1𝑎𝑑𝑣𝑒𝑟𝑠𝑒_𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑖,𝑡 + 𝜏2 ∆𝑞𝑖,𝑡
𝑆𝑎𝑚𝑒 + 𝜏2∆𝑞𝑖,𝑡

𝑂𝑝𝑝𝑜𝑠𝑖𝑡𝑒} 

Robust standard errors clustered by individual orders are reported. 
 

BTC BCH ETH LTC 

     

Log # lagged fleeting orders 1.100*** 1.236*** 1.261*** 1.207*** 

 (37.48) (55.59) (59.08) (96.22) 

Lagged Volatility 1.000 0.985*** 0.971** 0.986** 
 

(-0.11) (-4.95) (-2.73) (-2.86) 

Lagged Trading Volume 0.996*** 0.991*** 0.999*** 1.000*** 
 

(-10.46) (-6.73) (-8.25) (-8.07) 

Market Inventory 1.000 1.003 1.001** 1.000** 
 

(-0.21) (1.72) (2.70) (2.72) 

Initial Spread 1.069*** 1.078*** 1.268*** 5.864*** 
 

(49.49) (16.41) (31.26) (62.02) 

Queue Position 0.968*** 1.003*** 1.000*** 0.999*** 
 

(-89.81) (19.88) (10.08) (-39.20) 

Relative Price 0.937*** 0.867*** 0.602*** 0.209*** 
 

(-57.36) (-13.01) (-35.08) (-38.73) 

Size 1.034*** 0.985*** 0.997*** 1.002*** 

 (19.20) (-27.85) (-14.71) (15.31) 

Same Side Price Change 0.966*** 0.811*** 0.541*** 0.392*** 
 

(-10.65) (-19.39) (-4.05) (-5.66) 

Opposing Side Price Change 0.922*** 0.938*** 0.847*** 0.235*** 
 

(-23.52) (-3.49) (-13.17) (-24.20) 

Market Mid Residual 1.018*** 0.983*** 0.971* 0.624*** 
 

(5.12) (-4.09) (-2.53) (-7.92) 
 

N (Book Updates) 3101285 3052585 3021350 2807512 

N (Limit Order) 253163 302763 329265 301314 

N (Limit Order: Cancelled) 181160 290321 291983 226191 
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Table 4.2 Cox Proportional Hazard Regression Results for Fills 

This table presents the hazard ratios from the stratified Cox PH regression for filled limit orders: 

λi(𝑡) = 𝜆0𝑗(𝑡)exp {𝛽1𝑙𝑜𝑔#𝑓𝑙𝑒𝑒𝑡𝑖𝑛𝑔_𝑜𝑟𝑑𝑒𝑟𝑠𝑖 + 𝛽2𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖 + 𝛽3𝑙𝑎𝑔𝑔𝑒𝑑_𝑣𝑜𝑙𝑢𝑚𝑒𝑖

+ 𝛽4𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖 + 𝛽5𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑠𝑝𝑟𝑒𝑎𝑑𝑖 + 𝛽6𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒_𝑝𝑟𝑖𝑐𝑒𝑖 + 𝛽7𝑞𝑢𝑒𝑢𝑒𝑝𝑜𝑠𝑖

+ 𝛽8𝑠𝑖𝑧𝑒𝑖 + 𝜏1𝑎𝑑𝑣𝑒𝑟𝑠𝑒_𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑖,𝑡 + 𝜏2 ∆𝑞𝑖,𝑡
𝑆𝑎𝑚𝑒 + 𝜏2∆𝑞𝑖,𝑡

𝑂𝑝𝑝𝑜𝑠𝑖𝑡𝑒} 

Robust standard errors clustered by individual orders are reported. 
 

BTC BCH ETH LTC 

     

Log # lagged fleeting orders 1.057 1.085 1.152*** 1.096*** 
 

(1.47) (1.94) (4.07) (5.94) 

Lagged Volatility 0.944** 1.377** 0.997 0.901*** 
 

(-2.60) (3.13) (-0.11) (-5.37) 

Lagged Trading Volume 1.006 0.985 1.001** 1.001*** 
 

(1.78) (-1.29) (3.06) (10.50) 

Market Inventory 1.011** 1.037* 1.000 1.000** 
 

(2.88) (2.08) (0.88) (-2.84) 

Initial Spread 1.048* 1.346*** 1.168* 2.854*** 
 

(1.98) (3.60) (2.34) (6.69) 

Queue Position 0.318*** 0.334*** 0.799*** 0.922*** 
 

(-14.17) (-6.04) (-17.01) (-22.82) 

Relative Price 0.967* 0.942 1.262** 1.797* 
 

(-2.21) (-0.61) (2.93) (2.21) 

Size 1.741*** 2.302*** 1.122*** 1.016*** 

 (9.47) (4.55) (11.26) (4.82) 

Same Side Price Change 0.819*** 0.252*** 0.549*** 0.377*** 
 

(-20.47) (-13.52) (-16.52) (-11.65) 

Opposing Side Price Change 1.154*** 1.313 0.957 1.346* 
 

(7.16) (1.34) (-0.56) (2.12) 

Market Mid Residual 0.904** 0.580 1.052 0.349 
 

(-2.68) (-1.86) (0.68) (-1.02) 
     

N (Book Updates) 292361 54965 370401 368946 

N (Limit Order) 13839 1638 11974 21211 

N (Limit Order: Filled) 2099 333 2223 4827 



 

  

 

  

  

Figure 4.2 Goodness of Fit (Cox-Snell Residual) 
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