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ABSTRACT

The landscape of financial markets has undergone a profound transformation with
the advent of high-frequency trading (HFT), fundamentally altering traditional no-
tions of market dynamics. The dissertation explores the profound transformation of
financial markets by HFT, examining its impact on trading speed, systematic risk,
and market sentiment. Traditional methodologies are questioned, leading to an ex-
ploration of market microstructure and the integration of technologies like machine
learning. Chapter 1] sets the stage by discussing the evolving nature of financial
markets and the necessity of adapting research methodologies. Chapter [2| analyzes
the regulation of trading speed, revealing trade-offs in market liquidity and price
discovery. Chapter [ focuses on detecting and mitigating mini flash crashes, lever-
aging machine learning to develop an Early Warning System. Chapter 4] examines
the efficacy of speed bump mechanisms in reducing mini flash crashes, highlighting
both benefits and unintended consequences. Overall, the dissertation enhances un-
derstanding of HFT’s effects on market dynamics, risk management, and regulation.
This dissertation contributes to a deeper understanding of the ramifications of high-
frequency trading on market dynamics, risk management strategies, and regulatory

paradigms.



v

Contents

[Supervisory Committee] ii
[Abstract] iii
Contents iv
[List of Tables| vii
[List of Figures| ix
[Acknowledgements| XV
[Dedicationl xvi
1__Introduction| 1

2 Speed bump and stock market quality: evidence from NYSE Amer-

[ icanl 4
2.1 TIntroduction| . . . . . . . . ..o
2.2 lateraturel . . . . . . . .. 8
[2.3 Institutional Background and Data Description| . . . . . . .. .. .. 12
2.4 Empirical Analysis| . . . . ... ... oo 16
[2.4.1 Price Discovery| . . . . . . . . .. ... 16
[2.4.2  Price Discovery Linear Regression| . . . . . . . . . . ... ... 18
[2.4.3 Cost of immediacy| . . . . ... ... ... ... ... ... 21
2.4.4 Adverse Selectionl . . . . . . . ... 23
[2.5  Simulation Price discovery of exchange has a speed bump|. . . . . . . 26
2.6 Conclusion|. . . . . . . . . .. 27




[2.7.1  Price Discovery Linear Regression by information and compo- |

nent sharel . . . . . . ... .. 29

[2.7.2  Cost of immediacy| . . . ... ... ... ... ... ... ... 30
.73 Adverse Selectionl . . . . . . . . ..o 31

[2.8  Appendix 1. Hasbrouck decomposition.|. . . . . .. ... ... ... . 33
[2.9  Appendix 2. Figures and Tables of Chapter 2] . . . . . ... ... .. 35
[3 Machine Learning-Based Prediction of Mini Flash Crashes| 51
8.1 TIntroduction|. . . . . . . . ... oo 51
3.2  lateraturel . . . . . . . ..o 56
[3.3  Methodologyl . . . . . .. .. ... 59
3.3.1 Predictor Variables . . . . . . ... ... ... .. ....... 60
[3.3.2  Machine Learning Methods] . . . . . .. ... ... ... ... 66

[3.4 Data description and pre-processing| . . . . . . . . .. ... ... ... 75
[3.5  Empirical Analysis| . . . . .. ..o oo 7
[3.5.1 [Nanex] (2010) Mini Flash Crashes Prediction| . . . . . . . . .. 79
[3.5.2  Short Term Mini FFlash Crashes Predictionl . . . . . . . . . .. 82
3.5.3  Medium Term Mini flash crashes Predictionl . . . . . . . . .. 85
[3.5.4 Long Term Mini flash crashes Predictionl . . . . . . . ... .. 87

3.6 Conclusion|. . . . . . . . . .. 90
[3.7  Appendix 3. Figure and Table of Chapter[3| . . . . . ... ... ... 91
[3.8  Appendix 4. Feature Importance, . . . . . . ... ... ... ... .. 104
[4 Does speed bump resolve the problems of mini flash crashes? Ev- |
L__1dence from NYSE Americanl 121
4.1 Introductionl . . . . . . . . .. 121
M2 literaturel . . . . . . . .o 128
4.3 Data description and pre-processing| . . . . . . . . .. ... ... ... 131
4.4 Methodology| . . . . . . . ... . 133
[4.4.1 Response Variables| . . . . . . ... ... ... .. ... .... 133
442 Predictor Variables . . . . . . . . ... o000 135
[4.4.3  Machine Learning Methods . . . . ... ... ... ... ... 141

4.5 Empirical Analysis| . . . . .. ..o 150
[4.5.1 Number of long term mini flash crashes regression| . . . . . . . 151
[4.5.2  Long term mini flash crashes prediction|. . . . . . . . ... .. 153




[4.5.3  Probability of long term mini flash crashes regression| . . . . .

[4.5.4  Number of medium term mini flash crashes regressionl . . . . .

[4.5.5 Medium term mini flash crashes prediction| . . . . . . . . . ..

[4.5.6  Probability of medium term mini flash crashes regression| . . .

[4.5.7  Number of short term mini flash crashes regressionl . . . . . .

[4.5.8  Short term mini flash crashes prediction| . . . .. .. ... ..

[4.5.9  Probability of short term mini flash crashes regression|. . . . .

4.5.10 Number of Nanex (2010) mini flash crashes regression|. . . . .

4.5.11 Nanex] (2010) mini flash crashes predictionl . . . . . . . . . ..

4.5.12 |[Nanex| (2010) mini flash crashes regression| . . . . . . . .. ..

46 Conclusionl. . . . . . ... ...

4.7 Appendix 5. Figure and Table of Chapter |4]

(Bibliography|

vi

156
158
160
163
165
167
170
171
173
176
178
179

215



List of Tables

vii

[Table 2.1 Description ot Speed Bumps in Difterent Exchanges . . . . . . . 39
[Table 2.2 Sample descriptive statistics|. . . . . . . .. ... ... ... .. 40
[Table 2.3 Relative price discovery estimation results| . . . . .. ... ... 41
[Table 2.4 Panel regression of relative price discovery| . . . . . . .. .. .. 42
[Table 2.5 Panel regression of price discovery by information and component |
| sharel . . . . . . 43
[Table 2.6 Panel regression of cost of immediacy| . . . . . . ... ... ... 44
[Mable 2.7 Adverse selectionl . . . . . . .. .. ... ... ... .. .. 45
[Table 2.8 Panel regression of adverse selection| . . . . . . ... ... ... . 46
[Table 2.9 Price efficiency estimation results for Simulation| . . . . . . . .. 47
[Table 2.10Panel regression of price discovery by information share, compo- |
| nent share and information leadership sharel . . . . . . .. . .. 48
[Table 2.11 Panel regression of cost of immediacy| . . . . . . . ... ... .. 49
[Table 2.12Panel regression of adverse selection|. . . . . . . ... ... ... 50

[Table 3.1 Sample descriptive statistics of mini flash crashes without reversal | 95
[Table 3.2 Sample descriptive statistics of mini Hash crashes with reversal | 96
[Table 3.3 Mini Flash Crash in 1.5s without reversal predication modeling |
tuning AUC, 2017]. . . . . . . . .. .. 97
[Table 3.4 Mini Flash Crash in 1.5s without reversal predication modeling |
tuning AUC, 2018[. . . . . . . . . ... ... 98
[Table 3.5 Mini Flash Crash in 1.5s with reversal predication modeling tun- |
ing AUC, 2017. . . . . . . . . . ... 99
[Table 3.6 Mini Flash Crash in 1.5s with reversal predication modeling tun- |
ing AUC, 2018[. . . . . . . .. . 100
[Table 3.7 Best model combined imbalanced data strategy of Tuning| . . . 101
[Table 3.8 Best AUC of Tuning | . . . . ... ... ... .. ... .. .... 102
(Iable 3.9 AUC of Test dataset | . . . .. .. .. .. ... ... .. .... 103



viil

[Table 4.1 Sample descriptive statistics of mini flash crashes without reversal [195

[Table 4.2 Sample descriptive statistics of mini flash crashes without reversal [196

[Table 4.3 Sample descriptive statistics of mini flash crashes with reversal | 197

[Table 4.4 Sample descriptive statistics of mini flash crashes with reversal | 198
[Table 4.5 Mini Flash Crash without reversal tuning result: NYSE American| 199
[Table 4.6 Mini Flash Crash without reversal tuning result: Control Group| 200
[Table 4.7 Mini Flash Crashes with reversal tuning results: NYSE American| 201
[Table 4.8 Mini Flash Crashes with reversal tuning results: Control Group| 202

(Iable 4.9 Number of mini flashes crashes without reversall . . . . . . . .. 203
lable 4.10 Number of mini flash crashes with reversall . . . . . ... .. .. 204
[Table 4.11 Probability of mini flashes crashes without reversall . . . . . . . 205
[Table 4.12 Probability of mini flash crashes with reversall . . . . . . .. .. 206
[Table 4.13Panel regression of number of mini flagsh crashes . . . . . . . .. 207
[Table 4.14 Panel regression of probability of mini flash crashes| . . . . . . . 208
[Table 4.15Panel regression of number of mini flash crashes| . . . . . . . .. 209
[Table 4.16 Panel regression of probability of mini flash crashes| . . . . . .. 210
[Table 4.17Panel regression of number of mini flash crashes . . . . . . . .. 211
[Table 4.18 Panel regression of probability of mini flash crashes . . . . . .. 212
[Table 4.19 Panel regression of number ot mini flash crashes| . . . . . . . .. 213

[Table 4.20Panel regression of probability of mini flash crashes . . . . . .. 214




List of Figures

1X

[Figure 2.1 Number of stocks being traded on NYSE American around the |
speed bump implementation| . . . . . .. ..o 35

[Figure 2.2 Number of stocks being traded on NYSE American around the |
speed bump removall . . . . ..o o000 36

[Figure 2.3 Exchange Average Bid Ask spread of all 50 commonly traded |
stocksl ... 37

[Figure 2.4 Bid Ask mid-quote of stock: GSAT| . . . . .. ... ... ... 38
[Figure 3.1 Flash Crash, 06 May 2010f . . . . . . . ... ... .. ... .. 91
[Figure 3.2 Mini flash crash, Nanex (2010)) definition, AAPL, 01/09/2017] 92
[Figure 3.3 Confusion Matrix| . . . . . . .. ... ... ... ... ..... 93
[Figure 3.4 ROC|. . . . . . . .. o 94
[Figure 3.5 Features importance of mini flash crashes without reversal in |
[ Window 1l . . . . . . . .. 105
(a)  1.Bs| . . 105

(b) 158 . . . 105

908 . . . . 105

(d) 1808 . . . . . . 105
[Figure 3.6 Features importance of mini flash crashes without reversal in |
| Window 2| . . . . . . ... 106
(a)  1.Bs| . . 106

(b)  I5s| . . . . 106

908 . . . . 106

(d) 180s| . . . . . . 106



[Figure 3.7 Features importance of mini flash crashes without reversal in |

Window 3 . . . . . ... 107

(a)  1.Bs| . . . 107

(b) 158 . . . 107

908 . . .. 107

(d) 1808 . . . . . . 107

[Figure 3.8 Features importance of mini flash crashes without reversal in |

Window 4| . . . . ... 108

(a)  1.5s| . . . 108

(b) 158 . . . 108

90s| . . . . 108

(d)  I180s| . . . . . 108

[Figure 3.9 Features importance of mini flash crashes without reversal in |

Window Al . . . . . .. 109

(a)  1.Bs| . . 109

(b) 158 . . . . 109

908 . . . . 109

(d) 180s| . . . . . . 109
[Figure 3.10 Features importance of mini flash crashes without reversal in

Window 6 . . . . . . ... 110

(a)  1.Bs| . . 110

(b)  I5s| . . . o 110

908 . . . . 110

(d) 180s| . . . . . . 110
[Figure 3.11 Features importance of mini flash crashes without reversal in

Window 7 . . . . . . ... 111

(a)  1.Bs| . . 111

(b) 158 . . . 111

908 . . . . 111

(d) 180s| . . . . . . 111



x1

[Figure 3.12 Features importance of mini flash crashes without reversal in |
Window &8 . . . . ... 112

(a)  1.Bs| . . . 112

(b) 158 . . . 112

908 . . .. 112

(d) 1808 . . . . . . 112
[Figure 3.13 Features importance of mini flash crashes with reversal in Win- |
dow 1| . . . . . .. 113

(a)  1.5s| . . . 113

(b) 158 . . . 113

90s| . . . . 113

(d)  I180s| . . . . . 113
[Figure 3.14 Features importance of mini flash crashes with reversal in Win- |
dow 20 . .. 114

(a)  1.Bs| . . 114

(b) 158 . . . . 114

908 . . . . 114

(d) 180s| . . . . . . 114
[Figure 3.15 Features importance of mini flash crashes with reversal in Win- |
dow 3l . . .. 115

(a)  1.Bs| . . 115

(b)  I5s| . . . o 115

908 . . . . 115

(d) 180s| . . . . . . 115
[Figure 3.16 Features importance of mini flash crashes with reversal in Win- |
dow 4 . . . ... 116

(a)  1.Bs| . . 116

(b) 158 . . . 116

908 . . . . 116

(d) 180s| . . . . . . 116



xii

[Figure 3.17 Features importance of mini flash crashes with reversal in Win- |
dow bl . . .. 117

(a)  1.Bs| . . . 117

(b) 158 . . . 117

908 . . .. 117

(d) 1808 . . . . . . 117
[Figure 3.18 Features importance of mini flash crashes with reversal in Win- |
dow 6] . . . . . .. 118

(a)  1.5s| . . . 118

(b) 158 . . . 118

908 . . . . 118

(d)  I80s| . . . . . 118
[Figure 3.19 Features importance of mini flash crashes with reversal in Win- |
dow 7l . ..o 119

(a)  1.Bs| . . 119

(b) 158 . . . 119

908 . . . . 119

(d) 1808 . . . . . . 119
[Figure 3.20 Features importance of mini flash crashes with reversal in Win- |
dow 8 . . .. 120

(a)  1.Bs| . . 120

(b)  I5s| . . . o 120

908 . . . . 120

(d) 180s| . . . . . . 120
[Figure 4.1 Flash Crash, 06 May 2010{ . . . . . . . . ... ... ... ... 179
[Figure 4.2 Mini Flash Crash, PLX, 03/16/2017] . . . . . ... ... ... 180
[Figure 4.3 Mini Flash Crash, PLX, 04/12/2017 . . . . .. ... ... .. 181
[Figure 4.4 Timeline| . . . . . . . . ... ... o 182
[Figure 4.5 Sum ot Mini Flash Crashes| . . . .. ... .. ... ... ... 183
[Figure 4.6 Sum of Mini Flash Crashes with reversall . . . . . . . ... .. 184
[Figure 4.7 Neural Network Model . . . . . . .. ... .. ... ... ... 185
[Figure 4.8 Confusion Matrix| . . . . . . .. ... .. ... ... .. .... 186




xiil

[Figure 4.9 ROC curves of 180s without reversall . . . . . . ... ... .. 187
(a) Before| . . . . . .. 187
(b) After|. . . . . . . 187
[(c) Before (Control Group)| . . . . ... ... ... ... ...... 187
[(d) After (Control Group)| . . . . . . . ... ... ... ... ... 187
[Figure 4.10 ROC curves of 90s without reversall . . . . . . . ... ... .. 188
(a) Before| . . . . . .. 188
(b) After|. . . . . . . 188
[(c) Before (Control Group)| . . . . . ... ... ... ... ..... 188
[(d) After (Control Group)| . . . . . . ... ... .. ... ...... 188
[Figure 4.11 ROC curves of 15s without reversalf . . . . . . . ... ... .. 189
(a) Before| . . . . . .. 189
(b) After|. . . . . . . 189
[(c) Before (Control Group)| . . . . ... ... ... ... ...... 189
[(d) After (Control Group)| . . . . . . . ... ... ... ... ... 189
[Figure 4.12 Tuning ROC curves of 1.5s without reversal] . . . . . . .. .. 190
(a) Before| . . . . . ... 190
(b) After|. . . . . . .. 190
[(c) Before (Control Group)| . . . . . ... ... ... ... ..... 190
[(d) After (Control Group)| . . . . . ... .. ... ... ... ... 190
[Figure 4.13 ROC curves of 180s without reversall . . . . . . .. .. .. .. 191
(a) Before| . . . . . .. 191
(b) After|. . . . . . . 191
[(c) Before (Control Group)| . . . . . ... ... ... ... ..... 191
(d) After (Control Group)| . . . . . . . .. ... ... .. ... ... 191
[Figure 4.14 ROC curves of 180s without reversall . . . . . . .. ... ... 192
(a) Before| . . . . . ... 192
(b) After|. . . . . . .. 192
[(c) Before (Control Group)| . . . . . .. ... ... ... ...... 192
[(d) After (Control Group)| . . . . . ... ... ... ... ...... 192
[Figure 4.15 ROC curves of 180s without reversall . . . . . . .. ... ... 193
(a) Before| . . . . . .. 193
(b) After|. . . . . . . 193
[(c) Before (Control Group)| . . . . ... ... ... ... ...... 193




X1iv



XV

ACKNOWLEDGEMENTS

Writing the acknowledgments section of my dissertation has been a daunting task.
Despite my best efforts to recognize all those who supported me, I worry that I may
inadvertently overlook someone given the multitude of individuals who contributed
to my journey.

First and foremost, I extend my sincere gratitude to my supervisor, Dr. Ke Xu, for
her unwavering support, invaluable guidance, and continuous encouragement through-
out my Ph.D. research.

I am grateful to Dr. Vasco Gabriel and Dr. Xuekui Zhang for their insightful sug-
gestions and guidance, as well as for serving on my Doctoral committee. Additionally,
I extend my genuine appreciation to Dr. Xinwei Zheng and Dr. Yu-Lun Chen, my
research co-authors, for their valuable support and guidance in providing research
data.

I would like to thank the faculty and staff of the Department of Economics, par-
ticularly Dr. Paul Schure, Dr. Tao Wang, and Dr. Justin Wiltshire, for their support
during my final year of Ph.D. studies. The financial support from the University of
Victoria and the Department of Economics is highly appreciated.

Special thanks go to my cohort and lifelong friends from the New York Univer-
sity(NYU) MFE program, including Yu Yang and Kai Yan, whose companionship
made my student life memorable. I am also grateful to Dr. Hao Wang at the Uni-
versity of Oregon(UQ) and Dr. Ron Slivka at NYU for their profound impact on my
outlook on life and my interest in quantitative finance research.

I extend my thanks to my former colleagues Christopher Koch, Sia Hosseinian,
and Gigy Alexander at PricewaterhouseCoopers (PWC) in Jersey City, whose warmth
and encouragement sustained me during challenging times.

Finally, I owe an immense debt of gratitude to my family, especially my parents,
Guohui Liu and Yumei Zhan, for their support. I also want to express my heartfelt
appreciation to my grandfather, Shiqing Zhan, and my grandmother, Fengying Liu,
who passed away while I was studying abroad. In addition, I am deeply grateful to
my great grandfather, Hongsheng Zhan, who survived the war, carried on our family
legacy, and fostered my beautiful childhood, laying the foundation for my journey
from a small village in China to the global stage. Their sacrifices and boundless love

have guided me throughout this endeavor.



xvi

DEDICATION

To the indelible decade of my life, in New York, Hong Kong, and Victoria,
2014-2024.



Chapter 1
Introduction

The dynamics of markets have undergone fundamental shifts. Markets are different
now in fundamental ways. The advent of high-frequency trading (HFT) in financial
markets has catalyzed a profound transformation in market dynamics, presenting mul-
tifaceted challenges for policymakers and regulators operating at the microstructure
level (O’Hara (2015)). While velocity is indeed a hallmark of HF'T, its impact tran-
scends mere transaction speed. The ascendance of HFT has fundamentally altered
various aspects of markets, encompassing trading patterns, market architecture, and
mechanisms governing liquidity provision and price discovery. Notably, microstruc-
ture has assumed paramount importance in this swiftly evolving landscape, exerting
a pronounced influence on market outcomes.

Currently, high-frequency traders not only dominate the influx of order messages
received by stock exchanges but also wield substantial influence over trading volumes.
In the US stock exchanges, HFTs are acknowledged to generate upwards of 50 percent
of the total traded volume (Banerjee and Roy| (2023)).

Beyond velocity, the pervasive integration of artificial intelligence, including ma-
chine learning algorithms, into a plethora of market activities and trading strategies,
underscores the potential contagion of algorithmic behavior and strategies, thus pos-
ing a formidable challenge to market stability and investor asset integrity. The ripple
effects of high-frequency trading algorithms are widely recognized as a plausible cat-
alyst for the Flash Crash event that transpired on May 6, 2010.

In light of the widespread adoption of artificial intelligence (Al) trading algo-
rithms, financial markets have witnessed a notable surge in efficiency and speed,
albeit accompanied by a corresponding escalation in systemic risks. Despite the lack

of definitive causative factors for the May 6, 2010 Flash Crash event, recent years



have seen a proliferation of perplexing mini flash crashes in individual stocks, akin
to persistent minor afflictions that continually threaten the stability of financial mar-
kets. Addressing the regulation and mitigation of systemic risks arising from the rapid
proliferation of Al-driven trading behaviors has become an urgent priority for poli-
cymakers. This dissertation embarks on a comprehensive analysis of high-frequency
trading behaviors and regulatory frameworks, examining market quality and sys-
temic risk from multiple perspectives. Additionally, it addresses research questions,
including market fairness and the microstructure information time frame proposed
by |O’Hara (2015)) in the area of high-frequency microstructure.

In Chapter my research delves into an empirical investigation of the widely
debated speed bump—a mechanism designed to curb high-frequency trading (HFT)
activities—and its effects on market liquidity and price discovery across diverse stock
datasets. Focusing on the New York Stock Exchange (NYSE) American, notable as
the second exchange to implement a speed bump, I scrutinize the impact of trading
speed on market liquidity and price discovery. Leveraging historical data, I conduct a
differences-in-differences analysis to comprehensively assess market quality, revealing
nuanced effects of speed bumps on market dynamics.

My research findings shed light on the contentious issue of regulating the trading
speed of high-frequency traders. Utilizing NYSE American data, I examine the impact
of the speed bump policy on various market liquidity and price discovery metrics.
The results of my analysis indicate that while the implementation of a speed bump
can mitigate the costs associated with adverse selection and reduce the prevalence
of informed trading, it also has a detrimental effect on price discovery as trading
activity slows down. Thus, while the speed bump enhances liquidity by deterring
certain trading behaviors, it simultaneously diminishes the informativeness of market
prices, illustrating its dual nature as a regulatory tool.

Moving beyond conventional market quality metrics, in Chapter [3, my research
transcends traditional approaches to investigate the detection and mitigation of mini
flash crashes. Leveraging advanced machine learning methodologies, I analyze pat-
terns preceding these sudden market disruptions, demonstrating the transformative
potential of machine learning in bolstering market resilience and refining risk man-
agement practices. This investigation lays the groundwork for the development of an
Early Warning System, providing actionable insights for market participants.

My findings underscore the substantial risk posed by mini flash crashes in contem-
porary electronic trading markets. Utilizing NYSE Trade and Quote data (TAQ), our



study employs sophisticated machine learning techniques to evaluate the probability
of these events. While predicting mini flash crashes is akin to forecasting earth-
quakes—impossible to prevent but crucial for preparedness—our research uncovers
discernible patterns preceding such occurrences, underscoring the efficacy of machine
learning in this predictive endeavor.

Furthermore, in Chapter I conduct a comprehensive causal effect analysis of
the speed bump policy, aiming to evaluate its effectiveness as a protective measure
against mini flash crashes. Drawing upon empirical evidence from the TAQ, our
study represents a pioneering effort in assessing the impact of a speed bump on the
likelihood of mini flash crashes.

My research introduces an innovative empirical approach that leverages machine
learning techniques applied to real-time limit order book data for estimating the prob-
ability of mini flash crashes. The analysis reveals compelling insights, demonstrating
that the implementation of a speed bump can indeed decrease the probability of
identifiable patterns leading to mini flash crashes.

Through my empirical investigation, we categorize mini flash crashes as intricate
market microstructure events characterized by nonlinear patterns within the real-time
limit order book. Identifying the specific trading behaviors responsible for triggering
these crashes presents a significant challenge, but our findings suggest that discernible
patterns leading to market turmoil do exist, and the introduction of an order delaying
policy proves effective in significantly mitigating the probability of these disruptive
patterns emerging. Additionally, I addressed questions posed by |(O’Haral (2015)) re-
garding the fairness among different categories of traders in high-frequency settings,
as well as the adoption of a new time frame, replacing the traditional five-minute
“lifetime” for evaluating trading activities.

Moreover, my results, contextualized within existing literature, highlight the speed
bump’s pronounced impact on short-term market dynamics, indicating its effective-
ness in attracting more uninformed, noise traders into the market.

In summary, while the “speed bump” policy may initially appear somewhat neb-
ulous or enigmatic, our study demonstrates its remarkable effectiveness in mitigat-
ing the probability of mini flash crashes while reshaping market dynamics. Col-
lectively, these chapters provide a comprehensive exploration of the ramifications of
high-frequency trading on market dynamics, risk mitigation strategies, and regulatory
paradigms, offering valuable insights for navigating the complexities of contemporary
financial markets in the age of HF'T and Al



Chapter 2

Speed bump and stock market
quality: evidence from NYSE

American

2.1 Introduction

Since the integration of information and communication technologies into financial
markets during the late 20th century, markets have undergone significant transfor-
mations, becoming faster, more liquid, and more efficient. However, the advent of
high-frequency trading (HFT) has introduced new challenges and risks into these mar-
kets, particularly in the fragmented trading landscape of the US and Canada, where
even microseconds can make a difference. High-frequency traders leverage their speed
advantage to engage in practices such as frontrunning order anticipation and latency
arbitrage, as illustrated in |Lewis (2014]), where they exploit slower traders for unfair
profits.

Another concerning phenomenon in the era of high-frequency trading is the occur-
rence of flash crashes, characterized by sudden and steep sell-offs triggered by trading
algorithms interacting in rapid succession, leading to the swift withdrawal of orders
from the market. The speed at which HFT operates can sometimes overwhelm the
trading system, making it difficult to diagnose and address issues in real-time.

In response to these negative side effects, some market participants have pro-
posed implementing a “speed bump” mechanism to slow down market transactions

uniformly. The aim is to create a more measured trading environment, reducing the



likelihood of market crashes. When orders that deplete market liquidity cause con-
tagion among trading algorithms, driving the market towards a crash, a speed bump
can delay this contagion from reaching NYSE American. Given the rapid pace of
high-frequency trading, this delay could potentially avert the crash. Reports from
Osipovich| (2019) indicate that several markets across stocks, futures, and currencies,
spanning from Toronto to New York to Moscow, either have already implemented
or are planning to introduce speed bumps or similar measures. Advocates argue
that speed bumps can provide protection to slower investors against ultrafast trading
strategies.

However, the proposal for speed bumps is not without controversy. Critics, in-
cluding electronic-trading firms, argue that such measures would unnecessarily com-
plicate markets and could unfairly advantage certain participants Osipovich| (2019).
The debate surrounding the implementation of speed bumps underscores the ongoing
tension between the need for market efficiency and the desire for fairness and stability
in financial markets.

The theoretical framework presented in Baldauf and Mollner| (2020) offers insights
into the consequences of the rapid speed of high-frequency trading (HFT), highlighting
a tradeoff between liquidity and information production. These findings have sparked
interest among regulators and investors regarding the impact of speed bumps on mar-
ket liquidity and price discovery. |Du and Zhu (2017) develops a theoretical model
and finds that for small stocks, slower trading speeds at the minute and second levels
improve market efficiency. This paper aims to empirically investigate the influence of
trading speed on market liquidity and price discovery within NYSE American, partic-
ularly notable as the second stock exchange to implement a speed bump, in contrast
to the founding principle of IEX, which incorporated a speed bump from its incep-
tion. Leveraging historical data from NYSE American, prior to the implementation
of a speed bump, enables us to conduct a differences-in-differences analysis. Utilizing
high-frequency data, our study evaluates market quality across key dimensions: price
discovery and market liquidity. We find evidence can confirm |Du and Zhu| (2017))’s
findings that slower down the trading speed will benefit the market efficiency.

Through a comparative analysis with Nasdaq, a stock exchange without a speed
bump, we seek to elucidate the role of speed in fostering a fair and efficient market.
Our focus lies particularly on market liquidity and price discovery, pivotal deter-
minants of fair market value. However, we acknowledge the multifaceted nature of

speed bumps and the need to consider additional factors, such as the informative-



ness of prices, to comprehensively assess their impact on market quality. Thus, our
analysis endeavors to provide a holistic evaluation of speed bumps’ effect on market
quality, emphasizing the critical importance of market liquidity and price discovery
in nurturing a “fair” and efficient market environment.

Our findings reveal differential impacts of speed bumps on price discovery and
market liquidity. Market liquidity undergoes significant changes post-speed bump
implementation, as evidenced by evaluations of liquidity metrics such as the cost
of immediacy and adverse selection. Specifically, the effective spread, serving as a
measure of the cost of immediacy, contracts following the introduction of the speed
bump. In conjunction with analyses of price impact and impulse response, our findings
indicate a decrease in adverse selection. This further bolsters the findings of |(Goldstein
et al.| (2023), who investigated how the accelerated speed of the ASX exchange engine
facilitates more anticipatory trading, thereby exacerbating adverse selection for slower
traders. However, in terms of price discovery, we observe a decrease attributable to
the speed bump. Our empirical examination underscores the presence of a trade-off
inherent in speed bump policies, highlighting the nuanced effects on market dynamics.

Numerous scholars have delved into the examination of speed bumps through the-
oretical models, shedding light on both their negative and positive implications for
the market. For instance, |Aldrich and Friedman| (2023) constructs a theoretical model
of IEX, illustrating that the speed bump configuration of IEX has the potential to en-
hance price efficiency and mitigate transaction costs. Similarly, Menkveld and Zoican
(2017) demonstrate that faster exchanges with improved market liquidity may not
necessarily translate into genuine acceleration of exchanges, as they might engender
heightened zero-sum “duels” among fast traders. Conversely, Aoyagi (2022)) posits
that speed bumps could widen the bid-ask spread and exacerbate adverse selection.
In our empirical investigation, we observe that the implementation of speed bumps
decreases the effective spread by mitigating adverse selection, corroborating the find-
ings of Harris (2013)), who likens certain high-frequency trading (HFT) strategies to
poker players anticipating opponents’ moves and proposes order processing delays as
a solution.

Moreover, [Brolley and Cimon| (2020)) underscore that informed investors tend to
migrate from exchanges equipped with speed bumps to those without. This obser-
vation resonates with our own research findings on price discovery, as assessed through
the permanent-transitory (PT) decomposition method by Gonzalo and Granger; (1995)).

Specifically, we discern a decline in price discovery on NYSE American subsequent



to the introduction of the speed bump. Furthermore, our analysis corroborates prior
studies by confirming a shift in trading volume from NYSE American to Nasdaq
following the implementation of the speed bump. Our investigation further reveals
a partial loss of effective price discovery alongside a notable enhancement in mar-
ket quality, indicating a migration of speed-dependent informed traders from NYSE
American, while liquidity-providing traders, less reliant on speed, have favored trad-
ing on NYSE American.

In addition to theoretical projections, empirical studies offer valuable insights into
the impact of nanosecond-latency trading on market liquidity. For instance, Peng
et al| (2019) reveal that IEX has emerged as the exchange with the lowest adverse
selection for small- and medium-sized stocks. Similarly, [Ye et al. (2013)) observe a
reduction in market depth as exchange latency transitions from the microsecond to
the nanosecond level. Leveraging data from IEX, Hu (2019) demonstrate that the
speed bump implemented by the exchange enhances market liquidity by mitigating
price impact. Moreover, (Chakrabarty et al. (2020]) evaluate the effects of the TEX
speed bump on market quality across various dimensions, including quoted spread,
effective spread, and realized spread, concluding that the speed bump significantly
bolsters market liquidity.

In complement to existing literature, our study contributes further evidence indi-
cating that speed bumps enhance market liquidity while potentially impeding price
discovery on information sensitive to speed. Notably, another distinction between
our research and |Chakrabarty et al. (2020) lies in the pre-existence of NYSE Amer-
ican before the implementation of the speed bump, enabling us to conduct a ro-
bust difference-in-difference analysis to compare market quality pre- and post-speed
bump. The availability of trade and quote data from NYSE American prior to the
speed bump facilitates an examination of changes in price discovery subsequent to
the speed bump’s implementation.

Our analysis primarily focuses on market liquidity and price discovery, building
upon the framework proposed by |[Hendershott and Moulton (2011). We confirm
that the speed bump indeed augments realized spread and mitigates price impact.
Additionally, our impulse response analysis reveals a notable decrease in adverse
selection, aligning with the findings of [Hasbrouck| (1991a) and indicating a reduction
in arbitrage opportunities post-speed bump. However, we also observe an increase
in the cost of immediacy NYSE American following the speed bump, consistent with

the findings of |Chen et al.| (2017). Drawing upon these insights, we conclude that



while the speed bump enhances market liquidity, it entails a trade-off with respect to
price discovery and immediacy costs.

The subsequent sections of this paper are organized as follows: Section offers
an overview of the related literature, while Section [2.3| outlines the institutional back-
ground and describes the dataset utilized in our analysis. In Section we delve
into the empirical analysis, which encompasses discussions on price discovery, mar-
ket liquidity, and simulation results. Section evaluates price discovery through
simulation modeling, comparing exchanges with and without speed bumps. Finally,
Section concludes our findings, while Section presents robustness checks and
further evidence through an extended analysis of relative price discovery and market

liquidity between NYSE American and Nasdaq.

2.2 Literature

The literature exploring the dynamics of speed bumps and trading velocity has ex-
tensively investigated their impacts on market quality, adverse selection, and the cost
of immediacy. In addition to these conventional metrics, our study contributes to the
burgeoning literature by examining relative price discovery as an additional dimension
of market efficiency.

Foucault et al|(2016) offer theoretical insights grounded in optimal trading strate-
gies of fast-informed speculators, affirming that the behavior of fast speculators aligns
well with observed patterns in high-frequency trading (HFT). Their analysis under-
scores the significance of speed, indicating that traders with a speed advantage can
effectively forecast short-term price changes, exerting a substantial influence on a sig-
nificant portion of trading volume in the market. Conversely, Menkveld and Zoican
(2017) caution against the assumption that faster exchanges inherently boast superior
liquidity, as heightened speed may engender a proliferation of zero-sum duels among
rapid traders.

From an economic perspective, Biais et al| (2015 highlight the possibility that
investments in fast trading technology might surpass the social optimum, suggesting
potential inefficiencies in the allocation of resources within the market ecosystem.
These theoretical propositions find empirical support in the work of Baron et al.
(2019), who observe that market orders executed by high-frequency traders tend to
yield a more pronounced price impact, further accentuating the complexities associ-

ated with rapid trading environments.



Moreover, [Shkilko and Sokolov| (2020) shed light on a unique scenario wherein
market liquidity experiences enhancement due to environmental factors, such as dis-
ruptions in microwave networks caused by adverse weather conditions. This empirical
observation underscores the intricate interplay between technological infrastructure
and environmental dynamics in shaping market behavior.

Zooming in on the phenomenon of speed bumps, numerous scholars have lever-
aged this mechanism to delve into the evolving role of trading speed within the stock
market landscape. |Aoyagi (2022) undertakes a meticulous analysis, constructing a
theoretical market model featuring competitive slow uninformed market makers, risk-
neutral high-frequency traders, and liquidity traders subject to a liquidity shock in
a transparent market setting. By delineating the optimal behavior of market mak-
ers and forecasting the strategic adjustments of high-frequency traders in response
to speed considerations, Aoyagi (2022)) predicts that the implementation of a speed
bump may intensify adverse selection issues and expand the bid-ask spread. Our
empirical inquiry, centered on NYSE American, corroborates Aoyagi| (2022))’s obser-
vation of an increased bid-ask spread subsequent to a 350-microsecond speed bump.
However, diverging from |Aoyagi| (2022)’s projections, our findings suggest a potential
reduction in adverse selection opportunities attributable to optimized trading speed.
It’s noteworthy that our empirical analysis pertains specifically to NYSE American’s
structured speed bump, deviating from |Aoyagi| (2022)’s premise of randomness, thus
introducing a notable distinction between our respective methodologies.

Similarly, Brolley and Cimon| (2020) employ a model to anticipate the ramifica-
tions of a speed bump on exchanges’ competitive dynamics within a multi-exchange
framework. Their theoretical framework assumes the coexistence of two initially
identical markets trading the same risky security with stochastic payoffs. Upon the
implementation of a speed bump in one exchange, Brolley and Cimonl (2020) pre-
dict the migration of informed traders to the unaffected exchange lacking the speed
impediment. Consistent with their forecast, our analysis of price discovery across
NYSE American and NASDAQ supports the notion of informed trader migration
away from speed-bumped exchanges. However, while Brolley and Cimon| (2020) an-
ticipate heightened total trading volume and narrower quoted spreads in the “slow”
exchange, our examination of NYSE American and NASDAQ post-speed bump yields
contrary outcomes.

In contrast to the framework of two-exchange competition, Pagnotta and Philip-

pon| (2018)) develop a theoretical model of multi-exchange competition welfare, aimed
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at dissecting the influence of speed and speed-related costs on exchange welfare. Their
premise challenges the notion that constraining trading speed is the optimal regula-
tory approach, arguing that the fastest traders in the market often operate at speeds
slower than regulators deem optimal. Their findings advocate for incentivizing slower
traders to upgrade their technologies rather than imposing speed restrictions. While
our study diverges from assessing exchange welfare, opting instead to scrutinize rela-
tive adverse selection and price discovery, our objective remains aligned in assessing
the efficacy of speed bumps as a means to enhance market liquidity, albeit with a
nuanced trade-off.

Beyond the theoretical constructs put forth by scholars such as Brolley and Cimon
(2020) and Pagnotta and Philippon| (2018)), a growing body of empirical research of-
fers insights into the operational dynamics of speed bumps across exchanges. Much of
this empirical evidence suggests a positive impact of speed bumps on market quality,
albeit often accompanied by trade-offs. For instance, Chen et al| (2017)) scrutinizes
TSX Alpha’s performance post-speed bump, revealing an increase in market quoted
spread—an indicator of immediacy cost—suggesting that speed bumps might not uni-
versally attract all investors due to associated declines in trade volume. Our findings
resonate with this observation, yet we extend the analysis by incorporating additional
adverse selection measures, revealing potential reductions in adverse selection costs
due to speed bumps.

Similarly, (Chakrabarty et al. (2020) delve into IEX’s data to unveil the multi-
faceted impacts of speed bumps. Their investigation unveils reductions in reaction
time, order detection, and back-running strategies following the implementation of
the speed bump. Furthermore, they observe enhancements in IEX’s market quality,
evidenced by decreases in quoted spread, quote-to-trade ratio, and order imbalance,
alongside increases in quoted depth and quote life. Echoing these sentiments, Hu
(2019) leverages IEX data to underscore the speed bump’s role in augmenting market
liquidity, particularly through mitigating price impact. By evaluating market quality
across various metrics—quoted, effective, and realized spreads—{Hul (2019)) concludes
that speed bumps bolster market liquidity, underscoring their potential to enhance
market efficiency.

In our examination of NYSE American, we undertake a similar calculation of mar-
ket liquidity using the three measures mentioned. However, our empirical findings
deviate somewhat from those presented by Hu| (2019)); notably, we observe an in-

crease in both quoted spread and realized spread following the implementation of the



11

speed bump. Expanding upon the analysis of these three measures—quoted, effec-
tive, and realized spreads—we introduce two additional metrics, namely price impact
and impulse response (Hasbrouck (1991a)). Subsequently, we delve deeper into the
evaluation of market liquidity, focusing on two key facets: the cost of immediacy and
adverse selection. Our study aligns with [Hu (2019) in terms of the consistency of
results across these market measures.

Following the footsteps of IEX and NYSE American, NASDAQ introduced its own
speed bump known as the Midpoint Extended Life Order (MELO). Gongalves et al.
(2019) undertake an empirical examination of MELO’s impact on NASDAQ. Employ-
ing metrics such as cancel-to-trade, trade-to-order, order-to-trade ratio, hidden rate,
and volume coefficient of variation, they conclude that market liquidity improves
post-MELO implementation—a finding that corroborates despite the utilization of
different metrics than those employed in our study.

We adhere to established methodologies in the assessment of market liquidity and
price discovery. As a principal contribution of this paper, we employ relative price
discovery as a metric to evaluate stock market quality, elucidating the process by
which information is assimilated into security prices. |Hasbrouck| (1995)) introduces
the concept of cointegration within microstructure models, offering a well-established
approach to discerning the respective contributions to price discovery across different
markets. Moreover, (Gonzalo and Granger| (1995) utilizes cointegrated vector autore-
gressive (CVAR) models as a framework to estimate error correction terms, which
serve to quantify the speed of price adjustment towards a long-run equilibrium among
prices in various markets. By transforming these error correction coefficients into rel-
ative price discoveries that sum to one, we can discern how changes in one market
impact the equilibrium in another. While this approach may encounter challenges in
interpreting the effects of policies that influence total information incorporation into
prices across both markets, our study mitigates this issue by employing NASDAQ as
a control group, which lacks a speed bump. Consequently, any alterations in absolute
price discovery can be attributed to the presence of the speed bump. Nielsen and
Popiel| (2018)) offers a Matlab package facilitating the computation of estimators and
test statistics, along with tools for calculating P values and critical values for cointe-
gration rank tests. This body of literature underscores the suitability of the CVAR
model framework for comprehensive price discovery analysis.

More than price discovery, this paper also studies other market liquidity measures

followed by Hendershott and Moulton (2011). We examine market liquidity by looking
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into cost of immediacy and adverse selection. Besides some papers we have mentioned
above, many research papers refer to these measures including Xu et al| (2020) and
Wang et al| (2010). In the calculation of these adverse selections rely on models
suggested by Hasbrouck! (1991a)), which is briefly reviewed in Section , Section
2.4.4 and Appendix [2.8

2.3 Institutional Background and Data Descrip-
tion

With trading speeds experiencing rapid escalation and the US and European stock
markets becoming increasingly fragmented, it has become customary for the same
stock to undergo trading across multiple exchanges. This scenario presents an oppor-
tunity for High-Frequency Trading (HFT) firms to engage in arbitrage and assume

Y

the role of “fast informed traders,” a notion perceived by many as conferring an un-
fair advantage. Scholarly literature, exemplified by |Yang and Zhu| (2019)), highlights
the potential for front-runner or back-runner trading opportunities in today’s exceed-
ingly fast-paced market environment. Consequently, numerous market participants
have raised concerns about this issue, prompting a fundamental question: should
trading speeds be slowed down?

IEX stands out as the pioneer in implementing the speed bump, introducing a
350-microsecond delay before executing orders, thus becoming the inaugural stock
market to adopt such a measure. Subsequently, IEX garners interest from investors
wary of HFTs and manages to capture a market share exceeding 2%. In response,
NYSE, as its primary competitor, experiences a substantial decline in market share
to IEX by May 2017, prompting the submission of an application for a speed bump
to the SEC. However, the SEC rejects their application, granting approval solely to
NYSE American, which boasts a listing of approximately 370 small and mid-sized
companies. On July 24, 2017, NYSE implements the speed bump. Nevertheless,
in November 2019, NYSE issues an announcement indicating dissatisfaction with
the performance of their speed bump. Notably, several market quality metrics, in-
cluding quoted spread and daily volume, register declines. Observing a continuous
decline in market share, NYSE decides to discontinue the speed bump. Despite NYSE
American’s eventual decision to retract the measure, the episode provides a valuable

opportunity for examination.
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As stated in the official announcement from NYSE American, the speed bump
leads to an increase in the quoted spread of stocks listed on the exchange, a find-
ing consistent with our own results regarding quoted spread. However, in addition
to the quoted spread, we employ difference-in-difference methods to evaluate other
market metrics, offering a more nuanced understanding of market liquidity. Our find-
ings indicate that although the quoted spread widens following the implementation
of the speed bump, the effective spread experiences a narrowing. Furthermore, we
observe a reduction in adverse selection costs on NYSE American following the in-
troduction of the speed bump. This evidence suggests that while slower trading may
widen the bid-ask spread, potentially creating the impression of deteriorating market
liquidity, the implementation of a speed bump can effectively mitigate opportunities
for front-running and back-running trades, thereby enhancing overall market fairness
and efficiency. Thus, while not unequivocally detrimental as portrayed by NYSE
American, the speed bump represents a double-edged sword.

According to |Osipovich| (2019), as of 2019, more than a dozen markets spanning
stocks, futures, and currencies had either implemented or expressed interest in im-
plementing speed bumps to mitigate rapid trading. The earliest instances of speed
bump implementation trace back to ParFX and EBS in 2013, both operating within
the domain of Foreign Exchange (FX). Subsequently, the Securities and Exchange
Commission (SEC) granted approval for IEX to transition into an exchange on June
17, 2016, sparking a wave of competition within the stock exchange industry, with
other notable exchanges following suit. Among these early adopters, TSX Alpha,
a Canadian exchange, introduced a randomized speed bump ranging from 1 to 3
milliseconds in 2015. Following TSX Alpha’s initiative, Refinitive, an FX exchange,
embraced the trend in April 2016, followed by futures exchange Eurex in 2017. While
not all exchanges have experienced favorable outcomes with speed bumps, this mech-
anism has nonetheless emerged as one of the most widely discussed and adopted
trading protocols across exchanges.

Following the implementation of the speed bump by NYSE American, Nasdaq
introduced MELO as a complementary measure. Moreover, Intelligent Cross incor-
porated a speed bump in 2018, with the Moscow Exchange joining the trend in 2019.
Several other exchanges are also contemplating joining the speed bump trend, pending
approvals from the SEC.

Exchanges vary in their approaches to designing speed bumps. Refinitiv, for

instance, offers protections against aggressive latency arbitrage strategies. TSX im-
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plements a randomized speed bump solely for market orders, while excluding limit
orders, potentially safeguarding liquidity. Meanwhile, both IEX and NYSE American
opt to delay all incoming orders by 350 microseconds, striving for fairness across all
order types.

Table provides an overview of the reality and historical implementation of
various iterations of speed bumps in FX and stock exchanges.

Table

This paper leverages trade and quote data from the NYSE Daily TAQ dataset
for NYSE American and Nasdaq, spanning from June to August 2017, encompassing
the date of NYSE American’s implementation of the speed bump on July 24, 2017.
Nasdaq, boasting the largest number of commonly traded stocks with NYSE Amer-
ican among all stock exchanges, serves as an apt control group. Prior to the speed
bump’s implementation, NYSE American facilitated trading for approximately 240
stocks. However, post-implementation, this figure surged dramatically to over 4,500,
as depicted in Figure [2.1

Our empirical findings offer partial insights into this phenomenon. Subsequent to
the enforcement of the speed bump policy, NYSE American witnessed a decline in in-
formed traders, manifested by a reduction in price discovery. Conversely, relative mar-
ket quality exhibited enhancements. While information share and component share
demonstrated relative declines, a notable upswing in information leadership share was
observed. This suggests that post-implementation, with relative market noise miti-
gated, price discovery experienced enhancements. The presence of the speed bump
deterred certain informed traders contributing to market noise, fostering increased
confidence among investors and stock financiers gravitating towards the speed bump.
Consequently, a surge in participants transacting on NYSE American was noted fol-
lowing the speed bump’s enforcement.

To scrutinize stocks highly susceptible to fast trading technologies such as front
running and back running, our focus lies on common stocks traded on NYSE Ameri-
can, IEX, and Nasdaq. Given the limited activity of most stocks on NYSE American,
we select the most actively traded stocks, those transacted daily over the past three
months on both NYSE American and Nasdaq, totaling 50 stocks. In our robustness
check, we extend our analysis to encompass 103 stocks commonly traded on both
NYSE American and Nasdaq, yielding consistent albeit slightly less significant re-

sults. Hence, we juxtapose the trading activities of these 50 stocks traded on both
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NYSE American and Nasdaq concurrently over the entire three-month durationﬂ
Figure
Figure illustrates the impact of the speed bump removal on the number of
stocks (market share) traded on NYSE American. Contrary to expectations, the
removal does not yield a significant effect on the number of stocks being traded,
diverging from the marked impact observed during its implementation phase. This
outcome contrasts with the anticipated positive contribution to NYSE American’s
market share, as highlighted in NYSE American’s official announcement. Instead,
the market share of NYSE American exhibits a high degree of volatility.
Figure
Furthermore, given that NYSE American specializes in trading small and mid-
size equities, all 50 selected stocks fall within this category. Figure [2.3| presents the
exchange average bid-ask spread for both NYSE American and Nasdaq. Analysis
of this figure reveals a consistent pattern where Nasdaq typically exhibits a wider
bid-ask spread compared to NYSE American. Notably, following the implementation
of the speed bump, the bid-ask spread of NYSE American registers an increase. This
observation suggests a rise in the cost of immediacy attributable to the speed bump.
Figure 2.3
The descriptive statistics for the 50 stocks traded in NYSE American and Nadasq
during the periods before and after the speed bump are shown in Table[2.2] From the
summary statistics below, a significant observation is evident: the implementation of
the speed bump has led to a notable decrease in market depth and trading volume
on NYSE American. However, it is also observed that there has been a substantial
increase in the number of stocks traded on NYSE American. This indicates that
the speed bump, by slowing down trading speeds and curbing latency arbitrage, has

instilled strong confidence among ordinary, low-frequency, and slow-paced traders and

L As we want to escape from any other events that may hit the market, we restrict our time range
to 3 months. More than that, because we use nanosecond timestamp data, 3 months has covered a
big bunch of data. We expect they are enough. Because of data outliers, we remove one of them
(ticker: SEB). When we do the data filtering, we restricted the trading data in regular trading hours
from 9:30 am to 4 pm. We use only trades for which TAQ’s CORR filed is zero, one, or two and
for COND field is either blank or equal to @, E, F, I, J, or K. Obviously, we eliminate trades with
nonpositive prices or quantities. We also remove trades with prices more than(less than) 150%(50%)
of the previous trade price. After that, we restrict quotes for which TAQ’s MODE field is equal to
1, 2, 6, 10, 12, 21, 22, 23, 24, 25, or 26. Then we eliminate quotes with nonpositive prices or sizes
or with bid prices greater than the asking price. We also exclude quotes when the quoted is greater
than 25% of the quote midpoint or when the asking price is more than 150% of the bid price. There
are b1 stocks commonly traded on NYSE American, Nasdaq and IEX in every trading day through
3 months, one of them has a significant missing data problem, we use the left 50 stocks.
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stockholders. Consequently, they have opted to trade stocks on NYSE American,
despite their smaller trading volumes compared to the large number of fast-paced
high-frequency traders.

Table 2.2

2.4 Empirical Analysis

The empirical analysis section is subdivided into four distinct subsections, each ad-
dressing a particular aspect. The initial subsection delineates the methodology em-
ployed for assessing price discovery. Subsequent to this, three subsequent subsections
undertake a difference-in-difference analysis to gauge the influence of the speed bump
on various facets of market quality measures. Each subsection is tailored to scrutinize
a specific category of market quality measures, elucidating the ramifications of the

speed bump on the stock market.

2.4.1 Price Discovery

This sub-section examines the impact of the speed bump on price discovery. Firstly,
we will show the price discovery which is calculated by the model of cointegration
model (CVAR). Cointegration is a classical model in the time series modeling area,
which models two-time series moving together in a long run. The cointegration in
microstructure models from [Hasbrouck| (1995)) shows when security is traded in two
separate markets and that the evolution and linkage of the prices in the markets are

given as:

PNasdag,t = PNasdag,t—1 + Wy (21)

PNY SEAmerican,t — PNasdag,t—2 + € (22)

where the pnasdagt: a0d PNy SEAmerican,t are price variables such as the midpoint
of the bid and ask quotes (mid-quote) of stock in this paper. The w; and ¢, are
zero-mean disturbances that are also independently and identically distributed and
uncorrelated with each other. The pygsdag: 15 @ stock mid-quote in the Nasdaq. It
follows a random walk with an increment w;. The pnysEAmericant tTaCks Pnasdag.t

lagged two periods as it is being traded at NYSE American. pyyseamericant also
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reflects a random error. As they are mid-quote of the same stock, with the same
fundamental value, although both prices are integrated, they will never be far away

from each other. The difference between the two prices is:

PNasdag,t — PNY SEAmerican,t — PNasdaq,t — (pNasdaq,t72 + 5t) =W+ W1 — & (23)

which is a stationary random variable. When a linear combination of integrated
variables is stationary, the variables are said to be cointegrated. Then the price
changes relation could be represented through the vector moving average (VMA) in

terms of current and lagged innovations:

PNasdagq,t = Wt- (24)

PNY SEAmerican,t = (pNYSEAmerican,t—l - pNasdaq,t—l) — PNasdaq,t—1 + €. (25)

As both pnasdagt a0d PNy SEAmerican,t are random walks that have the same order
(1(1)), we can assert that (4) and (5) represent a system of time series cointegrated by
the Engle-Granger representation theorem. We call this model the “error correction
model”, traders in the slow market (NYSE American) are responding to the price dis-
crepancy Hasbrouck| (1995). Based on this error correction model, Figuerola-Ferretti
and Gonzalo| (2010) factor model offers a way to calculate permanent and transi-
tory composition (P-T decomposition) of X;=(Pnasdag,t: PNY SEAmericant) Which is a
difference-stationary sequence. The P-T decomposition for X; is a pair of stochastic
processes (P;, T;) such that P, is difference stationary and T} is covariance station-
ary. [Figuerola-Ferretti and Gonzalo| (2010) have theoretically proved that the only
shocks that can affect the long-run forecast of X; are coming from F;. Considering

this theoretical proof, we represent the X; in the form of cointegration:

Xt =’ Xt—l + Z FiAXt—z’ + &4, (26)

i=1
where A = I — L, with L the lag operator. As the X; is a 2x 1 vector of I(1), there
exists 8 = (1, —1)" such that #'X; is I(0). The columns of ' show the cointegrating

vectors such that §’X; are the stationary linear combinations of the variables in the
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system, which show the long-run equilibrium relations. « shows the adjustment or
loading coefficients that represent the speed of adjustment towards equilibrium for
each of the variables. According to the P-T decomposition, the common permanent
component of X; is W; = o/, where o/, = o/a; = 0. This common permanent
component constitutes the dominant price or the long-run market price, in the sense
that information that does not affect W, will not have a permanent effect on Xj;
therefore a; is a measure of the price discovery contribution of the NYSE American
and Nasdaq. Figure [2.4 shows GSAT stock, which is one of the highest active stocks
traded by both NYSE American and Nasdaq. The mid-quotes of the two exchanges
are very close, which could be a hint of CVAR model fitting.

Figure 2.4

Table [2.3| shows the average relative price discovery of the 50 commonly traded

stocks in NYSE American and Nasdaq. They are calculated using a cointegration
vector autoregressive model implemented by Nielsen and Popiel (2018)) through an
accompanying Matlab package. As we can observe through the summary data, the
relative price discovery of NYSE American, which is a much smaller exchange, is
significantly lower than Nasdaq, then its price discovery declines after the speed
bump.

Table [2.3]

2.4.2 Price Discovery Linear Regression

Based on the relative price discovery observed during all trading days from June 2017
to August 2017, we conducted the following regression analysis using a panel data

approach with fixed effects of stock:

2
PriceDis;y = o+ BSpeedBump, +vyVolatility, + Z d;ControlVariable; ; ,+¢;, (2.7)
g=1

The regression model we used includes variables to capture the relative price
discovery and other factors affecting the stock prices. The relative price discovery is
represented by the variable PriceDis, which is calculated as the ratio of the price
discovery on NYSE American to that on Nasdaq, estimated using the CVAR method.

To account for the potential impact of individual stocks, we introduce the stock

fixed effect a. Additionally, we use an indicator variable called speedbump, which



19

takes the value of zero before the implementation of the speed bump and one after it
is implemented, to capture the effect of the speed bump on the stock prices.

We also consider the opening value of the CBOE’s VIX index on day t as a measure
of volatility. To control for the potential influence of other factors that may affect the
stock prices, we include two stock-level control variables, daily turnover difference and
daily stock volatility difference, represented by ControlVariable;;,. These control
variables are calculated using the method proposed by |Alizadeh et al.| (2002).

Finally, we also consider the market capitalization of the stock as an additional
variable for the linear regression model without fixed effect. By including all these
variables, we aim to capture the various factors that may influence stock prices and
provide a more comprehensive analysis.

Table [2.4]

Table displays the outcomes of the linear regression analysis conducted both
with and without stock fixed effects. The regression coefficients associated with the
dummy variable speedbump reveal a significant impact of implementing the speed
bump on the relative price discovery of NYSE American. Specifically, the coeffi-
cient estimate indicates a decrease in the relative price discovery of NYSE American
following the adoption of the speed bump, suggesting a reduction in price discovery
post-implementation. This finding implies that the speed bump decelerates the assim-
ilation of information into stock prices, thereby curtailing opportunities for informed
trading on NYSE American. Consequently, informed investors may opt to migrate to
other exchanges lacking a speed bump, such as Nasdaq.

This implies that NYSE American, similar to IEX, transitions into an exchange
aimed at curbing latency arbitrage. However, it’s important to acknowledge that this
pursuit of fairness comes with associated costs. The introduction of the speed bump
impedes the swiftness of information assimilation, indicating a potential slowdown
in the responsiveness of stock prices to new information. However, it’s essential to
recognize that fairness initiatives entail inherent trade-offs.

In addition, we use the information share and component share (Hasbrouck! (1995)))
and information leadership share (Patel et al. (2020)) and Yan and Zivot| (2010)) to
represent the price discovery and conduct the following regression analysis with same

panel data with fixed effects of stock.
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2
IShare;; = a; + fSpeedBump, + vy Volatility, + Z d,ControlVariable; ; , +€;+ (2.8)
q=1

2
CShare;; = o; + fSpeedBump, + yVolatility, + Z d,ControlVariable; ; , +¢;+ (2.9)
q=1

2
ILShare;; = a;+ BSpeedBumpt+’yVolatilityt+Z d,ControlVariable; ; ,+¢;; (2.10)

q=1

Table presents the results of the linear regression analysis conducted with and
without accounting for stock fixed effects. The regression coefficients for the dummy
variable speedbump illustrate the substantial impact of its implementation on the rel-
ative price discovery of NYSE American, measured by information share, component
share, and information leadership share. Notably, we observed inconsistencies among
these metrics. Both information share and component share coefficients decrease with
the introduction of the speed bump, indicating a reduction in their contributions to
price discovery, boostering our results in Table 2.4, While the result for information
share lacks statistical significance, the coefficient for component share is highly sig-
nificant, underscoring the speed bump’s pronounced effect on the component share
of NYSE American. Conversely, the coefficient for information leadership share in-
creases, suggesting an amplified role in reflecting new information, as discussed by
Putning (2013). According to [Putnins (2013)), information leadership share isolates
relative price discovery, emphasizing new information while attenuating the influence
of relative noise. This reaffirms our earlier observations that the speed bump on
NYSE American decelerates the assimilation of information into stock prices, result-
ing in diminished price discovery. However, when we alleviate concerns regarding fast
relative noise in the markets in second level, we observe an increase in price discovery
when fundamental value changes. This result is further bolstered by our subsequent

empirical findings on adverse selection in the following subsections.
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2.4.3 Cost of immediacy

In this specific sub-section, we will delve into a comprehensive analysis of the cost
of immediacy in trading. Utilizing Nasdaq as the control group, we will employ a
differences-in-differences analysis. Following the methodology outlined by Hender-
shott and Moulton| (2011)), we will gauge the cost of immediacy through two key
metrics: the percentage quoted spread and the effective spread.

The percentage quoted spread QQSpread; ., is defined as the difference between
the best ask quote ask; i, » and the best bid quote bid, ; ; at the time of a trade, divided
by the prevailing midpoint m;, of the bid and ask quotes. Mathematically, we can
represent this as:

CLS]C‘ kit — b’Ld k.t
QSpread; .+ = Rk Rk

(2.11)

Mg ket

In addition to the quoted spread, we also calculate the effective spread for each
trade. The effective spread is defined as the disparity between the estimated midpoint
of the quote and the actual transaction price. This metric aids us in quantifying the
supplementary cost incurred by a trader to execute a trade promptly.

By incorporating these metrics, we aim to furnish a comprehensive analysis of
the cost associated with immediacy, thereby empowering traders to make judicious
decisions regarding their trading strategies. Mathematically, this can be represented

as:

ZQi,k,t (pz',k,t - mi,k,t)
My k.t

ESpread; s = (2.12)

with 7, k, ¢, as stock ¢ at time k on day ¢. The trading indicator ¢, ; equals one
for buyer-initiated trades and a negative one for seller-initiated trades.The p;, is
the transaction trade price, and m; ;; is the mid-quote which is the latest mid-quote
initiated before the transaction trade. The trading indicator is inferred by Lee and
Ready (1991). From our descriptive statistics, we note a notable increase in both the
quoted spread and effective spread subsequent to the introduction of the speed bump,
evident across both NYSE American and Nasdaq. However, the magnitude of this
increase is significantly more pronounced for NYSE American compared to Nasdaq.
To delve deeper into the impact of the speed bump on these spread variables, we em-
ploy a differences-in-differences analysis utilizing panel data regression, incorporating

fixed effects for stocks and dates. The regression equation takes the following form:
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2
Sprd, , = a; + BSpeed Bump, + yVolatility, + Z d,ControlVariable; ; , +£;+ (2.13)
g=1

where Sprd;, is the log difference of percentage quoted spread or effective spread
for stock i on day t between NYSE American and Nasdaq, «; is the stock and date
fixed effect, and SpeedBump; is an indicator variable taking the value of 1 after
speed bump implementation, 0 otherwise. Volatility is the opening value of CBOE’s
VIX index on day t. The other independent variables are control variables. The
ControlVariable; , represents two stock-level control variables: the daily turnover
difference and the daily stock volatility difference between NYSE American and con-
trol group Nasdaq(calculated as |Alizadeh et al| (2002)). For the linear regression
without fixed effect, we also add difference of market capitalization of the stock.

Table

Table presents the results of a regression analysis conducted with and without
fixed effects. In the linear regression, we estimated the coefficients of the dummy
variable speed bump, which allowed us to observe the causal effect of the speed bump
on the quoted spread, which is an indicator of the cost of immediacy. We observed
that the speed bump had a positive effect on the quoted spread, suggesting an increase
in the cost of immediacy. Given that the speed bump delays various trading activities
in NYSE American, including the cancellation of standing limit orders, it is plausible
that high-frequency trading activities could be diminished. This likely contributes to
the observed higher quoted spread.

However, when we examined the effective spread, which is the difference between
the executed price and the midpoint of the bid-ask spread, we found that the cost
of immediacy actually decreased due to the presence of the speed bump. Another
interesting observation is that only inside-quote trades cause a difference between the
effective spread and the quoted spread. Inside-quote trades are more closely related to
market makers’ behaviors and conditional trades, demonstrating that the speed bump
impacts market makers’ reactions. We further decomposed the effective spread into
permanent and transitory components to evaluate changes in adverse selection and
liquidity provider profits. This analysis helped us to understand why the coefficient
of the dummy variable’s effective spread was negative, and we will discuss this finding

in the adverse selection section.
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Interestingly, it is noteworthy that the effective spread is a measure of market
liquidity that is directly linked to transactions. In light of this, the results also suggest
that although the speed bump worsened market liquidity, it successfully resolved the
front running and back running problems, thereby increasing “real market liquidity.”
This result confirm |Goldstein et al. (2023))’s finding that the probability of limit order

execution increases for when slower traders when market access speeds decrease.

2.4.4 Adverse Selection

In this subsection, we delve into the examination of the impact of the speed bump
on the adverse selection costs incurred by investors. Adverse selection delineates a
circumstance wherein either buyers or sellers possess information that is not avail-
able to their counterparties, thereby engendering informational asymmetry within the
stock market. The adverse selection cost serves as a metric to quantify the extent
of this asymmetry. To scrutinize this cost, we employ a decomposition of the effec-
tive quoted spreads into their permanent and transitory components. By focusing
on the permanent component, we aim to assess the enduring effects of individual
trades, a methodology widely employed for evaluating adverse selection costs within
the literature.

To calculate the permanent effect, we use the percentage price impact for each

trade in stock j at time k on day t, as follows:

QQi,k,t (mi,k+5,t - mi,k,t)
Mg ket

PImpact; ., = (2.14)

with ¢, k,t, as stock ¢ at time k on day ¢t. The trading indicator ¢;: equals
one for buyer-initiated trades and a negative one for seller-initiated trades. In this
equation, we rely on |Lee and Ready| (1991)) to determine our trading indicator. The
value of the indicator is one for buyer-initiated trades and negative one for seller-
initiated trades. The midpoint of the matching quote, m; ., represents the latest
midquote that initiated before the transaction trade. The realized spread reflects the
temporary effect, which estimates the profit that could be earned by the liquidity
provider. The effective quoted spread can be decomposed into two components, the
permanent effect, and the temporary effect. Therefore, the realized spread is the
difference between the percentage effective spread and the price impact mentioned

earlier:
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2Gi ot (Pt — M
RSpread; .+ = Gkt (Piks k1) (2.15)
mi k.t

Here, RSpread, 1+ denotes the realized spread of trade ¢ at time k on day ¢, g;
is the trading indicator, p;x, is the trade price, and other variables are defined as
above. We use the same stock ¢ at time k£ on day ¢ notation for consistency. This
equation utilizes the trading indicator to differentiate between buyer-initiated and
seller-initiated trades. The midpoint of the matching quote represents the latest
midquote that occurred before the trade, and the realized spread estimates the tem-
porary effect. Following Hendershott and Moulton| (2011)), we calculate both realized
spread and price impact by five-minute.

Another measure we calculate is the impulse response measure introduced in Has-
brouck (1991a)) (See Appendix). As [Hasbrouck| (1991a) demonstrates, impulse re-
sponse measures adverse selection as it estimates potential lagged adjustments to the
information in trades and quotes. Panel A, B, C of Table [2.7 show Price Impact,
Realized spread, and Impulse response of NYSE American and Nasdaq.

Table

For estimating the effect of a speed bump on adverse selection measures, we also

run the following regression for each adverse selection measure by the panel data with

fixed effects of stock. The linear regression without fixed effect is also implemented:

2
advselection;; = «; + 3Speed Bump, + yVolatility, 4 Z 0,ControlVariable; ; , + €;;
q=1

(2.16)

In this equation, the advselection;; is the average impulse response, price impact,

or realized spread measure for stock i on day t. On the independent variables side,

a; are stock fixed effects. Then we use Speed Bump; as an indicator variable equals

one for trading days after speed bump implementation, and equals zero otherwise.

Volatility, is the opening value of CBOE’s VIX index on day t. ControlVariable; ;4

represents two stock-level control variables: the daily turnover difference and the

daily stock volatility difference (calculated as |Alizadeh et al.| (2002)). For the linear

regression without fixed effect, we also add market capitalization of the stock. We
give empirical results in Table

Table 2.8
Table displays the results of our regression analysis conducted over a three-
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month period spanning 64 trading days. This table focuses on the adverse selection
feature of market liquidity. Our findings indicate that the implementation of the
speed bump has a negative impact on price impact, which demonstrates a decline in
the permanent effect of trades due to the presence of the speed bump. E|

In contrast, the profit of liquidity providers increases, as evidenced by the observed
increase in realized spread. Our analysis further reveals that the effective spread
increases due to the increase in realized spread. Additionally, the impulse response
measure, which is robust to price discreteness and lagged price adjustment, shows a
significant decrease after the implementation of the speed bump.

Collectively, our examination of the impulse response, price impact, and realized
spread yields insights into the efficacy of the speed bump in mitigating the costs
associated with adverse selection. This discovery substantiates assertions advanced
by proponents of the speed bump, advocating its capacity to curtail opportunities
for latency arbitrage and foster equitable exchanges. Our findings partially support
the research by |Aquilina et al.| (2024)), suggesting that the implementation of a speed
bump can reduce latency arbitrage, consequently lowering adverse selection. In addi-
tion, our investigation also reaffirms the conclusions drawn by Goldstein et al.| (2023)),
as evidenced by the observation that a slower pace of trading correlates with a height-
ened likelihood of favorable executions for slower traders. This phenomenon aligns
with a reduction in adverse selection. However, concomitantly, our analysis reveals a
diminution in profits for second-level short-term liquidity providers, underscoring the
potential trade-off inherent in speed bump implementation, wherein rapid arbitrage

opportunities are constrained, potentially disadvantaging fast liquidity providers.

2In addition, we extend our analysis of price impact and realized spread into different time frame
from shorter to longer as: 1s/15s/1min/2min/3min/4min, until closed to the well used time range
5 min in literature like Hendershott and Moulton| (2011). Our analysis reveals a distinct trend:
employing shorter time intervals such as 1 second and 15 seconds shows a significant reduction in
realized spread due to the presence of speed bumps. This stands in contrast to our observations with
a 5-minute realized spread, indicating a decrease in short-term profitability for liquidity providers.
However, as we extend the time intervals, we note different outcomes. For intervals of 15 seconds
and 30 seconds, the coefficients of speed bump dummy variables are positive but not statistically
significant. With further increases in time intervals, such as 90 seconds, 2 minutes, 3 minutes, and
4 minutes, we observe a significant increase in realized spread attributable to speed bumps, leading
to higher profitability for liquidity providers. We also undertake a comparable examination of price
impact. However, the analysis reveals that the price impacts across these intervals lack discernible
patterns, with no statistically significant findings emerging. Given that price impact reflects the
lasting repercussions of trades influenced by the presence of the speed bump, it is reasonable to
anticipate challenges in identifying distinct trends within very short time intervals. This finding
strength our conclusion, the speed bump damage short term market liquidity in short term (in
seconds), at the same time of reducing short term price discovery.
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Significantly, our findings also elucidate that the reduction in adverse selection,
evidenced by the decline in price impact, underpins the decrease in effective spread.
Nevertheless, we observe a concurrent increase in immediacy costs, manifest in the
augmented percentage of quoted spread. This observation aligns with the decision by
the New York Stock Exchange (NYSE) to eliminate the speed bump on November 1,
2019.

In summary, our findings furnish compelling evidence supporting the contention
that the speed bump effectively diminishes adverse selection costs for the majority of
traders, thereby endorsing its adoption as a mechanism for thwarting insider trading
and fostering equity within the stock market. Analogously to the promotion of the
Investors Exchange (IEX) by Katsuyama, the NYSE American emerges as a fairer

exchange through the implementation of similar measures.

2.5 Simulation Price discovery of exchange has a

speed bump

In this section, we adhere to the model proposed by Hasbrouck (2002) to formulate
the time series for the price discovery process and employ a CVAR model to estimate
the price discovery dynamics. We establish two distinct models during the simulation
process. The first model, referred to as the original role model, embodies a scenario
where only public information is considered. Subsequently, the second model is de-
vised, wherein two exchanges possess public information, while private information is
exclusive to one exchange.
The original Roll model fosters a markedly equitable market environment, char-
acterized by the exclusive incorporation of public information:
efficient price: m; = m;_y +u, u ~ N(0,02)
trae direction: ¢; = £1, each with prob =1/2 for i = 1,2
transaction price: p; = m; +cq;y fori=1,2
Model 2 exactly fits our situation: one exchange has a speed bump (slow market)
and the other one has no speed bump (fast market). Then we construct the simulation
process as following:
efficient price: my = m;_1 + Aquit + g, where u; ~ N (0, 02)
trae direction: ¢; = 1, each with prob =1/2 for i = 1,2

transaction price: py; = My + C1qG1e, P2 = M1 + Caqat
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Through this simulation, we construct 100,000 pairs of prices and calculate price
discovery. The relative price discovery of the slow market (NYSE American) is getting
lower and lower, which is the same as the actual data from NYSE American and
Nasdaq. We simulate the stock price time series from lag = 1 to lag = 6 and
calculate their price discovery through Nielsen and Popiel (2018) Matlab package.
The result is shown in Table 2.9t

Table

The estimation results for the two models are presented in Panel A of Table 2.9
For Model 1 (Roll Model), which only considers public information, the price discov-
eries of both markets are very close to 50%, indicating that the market environment
satisfies the efficient-market hypothesis.

On the other hand, Model 2 (Fast and Slow Exchanges Model) considers two
exchanges, where Nasdaq is the fast market with access to private information and
NYSE American has access only to public information. The situation with lag = 0
indicates that both markets have the same comprehensive market environment. How-
ever, when we increase the number of lags, the Nasdaq exchange is much faster than
the NYSE American exchange, and the relative price discovery of Nasdaq significantly
increases. This implies that the stock price is dominated by the price in Nasdaq, re-
ducing the opportunities for arbitrage in NYSE American. This simulation result
aligns with our expectations of relative price discovery.

In summary, the results from the simulations indicate that the fast exchange (Nas-
daq) has a significant advantage over the slow exchange (NYSE American), as it can
update prices much faster due to access to private information. In this situation, the
stock price is dominated by the price in Nasdaq, which shows that the opportunities
of arbitrage will diminish in the NYSE American.

2.6 Conclusion

Based on our empirical findings, we have observed that the implementation of a speed
bump as a mechanism to reduce trading speed within an exchange results in a decrease
in trading speed among all investors operating on the NYSE American exchange, re-
gardless of whether these trades involve latency arbitrage exploiting speed advantages.
On the day of its implementation, a considerable number of stocks were listed on the
NYSE American exchange. However, concomitantly, there was a significant decrease

in trading volume on NYSE American, and we also observed a reduction in price
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discovery. This provides evidence that informed traders, who facilitate a substantial
portion of trading activity, migrated away from NYSE American.

In contrast, ordinary investors seemed to welcome this change, as evidenced by
their increased participation. This exodus of some informed traders possessing greater
speed advantages and information from NYSE American results in the erosion of price
information or price discovery at higher update frequencies, measured in seconds.
Concurrently, by curbing the speed advantage of high-frequency traders, the speed
bump effectively reduces adverse selection, thereby enhancing market quality over
longer time intervals. We provide evidence that the speed bump represents a trade-

off for the exchange.
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2.7 Robustness check

In this section, we conduct a robustness check on all 103 stocks that were actively
traded on both NYSE American and Nasdaq between June 1st, 2017 and August 31st,
2017. We examine all same measures include market liquidity and price discovery.
We calculate the relative price discovery through information and component share,
as described by Hasbrouck (1995) and information leadership share as Patel et al.
(2020) and [Yan and Zivot| (2010). The results of this analysis are comprehensively
consistent with our initial findings; however, some of the significant levels have slightly
decreased. We attribute this to the fact that by expanding the range of the sampling
data set, many stocks that are not strongly sensitive to front running and back running

arbitraging strategies have also been included.

2.7.1 Price Discovery Linear Regression by information and

component share

Based on the relative price discovery of 103 common stocks calculated during all
trading days from June 2017 to August 2017, we compute the information share
and component share proposed by |[Hasbrouck| (1995)) using the pdshare function of
the R package ifrogs, as implemented by |Aggarwal (Aggarwal). Following the same
procedure, we perform a regression analysis using a panel data approach with stock
fixed effects.

2
IShare;; = a; + SSpeedBump, + yVolatility, + Z d,ControlVariable; ; , +¢;; (2.17)

q=1

2
CShare;; = o;+ fSpeedBump, +~Volatility, 4 Z d,ControlVariable; ; ,+¢;+ (2.18)

q=1

2
ILShare;; = a;+ BSpeedBumpt+7Volatilityt+z d,ControlVariable; ; ,+¢;+ (2.19)

q=1

The regression model we used includes several variables to capture the relative
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price discovery and other factors affecting the stock prices. Following the same proce-
dure, the relative price discovery is represented by the variable I Share and C'Share,
which are calculated as the ratio of the information share or component share on
NYSE American to that on Nasdaq for stock i on day t, «; is the stock fixed effect,
and SpeedBump;; is an indicator variable taking the value of 1 after speed bump
implementation, 0 otherwise. Volatility is the opening value of CBOE’s VIX index on
day t. The other independent variables are control variables. The ControlV ariable;
represents two stock-level control variables: the daily turnover difference and the daily
stock volatility difference (calculated as|Alizadeh et al.| (2002)). For the linear regres-
sion without fixed effect, we also add market capitalization of the stock.
Table 2.10

Table presents the outcomes of the linear regression analysis conducted with
and without stock fixed effects. The regression coefficients for the dummy variable
speedbump reveal the significant impact of its implementation on the relative price
discovery metrics of NYSE American, as measured by information share, component
share, and information leadership share.

Remarkably, both information share and component share coefficients exhibit a
decline following the introduction of the speed bump, signifying a reduction in their
contributions to price discovery. This trend aligns with our earlier observations in
Table [2.5] While the result for information share lacks statistical significance, the co-
efficient for component share demonstrates high statistical significance, underscoring
the pronounced effect of the speed bump on the component share of NYSE American.

Conversely, the coefficient for information leadership share registers an increase,
implying an augmented role in reflecting new information, as previously noted. This
reaffirms our earlier findings that the speed bump on NYSE American decelerates the
assimilation of information into stock prices, resulting in diminished price discovery.
However, price discovery reflecting fundamental value is expected to increase due to

the speed bump.

2.7.2 Cost of immediacy

In this sub-section, we will conduct a similar analysis of the cost of immediacy in trad-
ing as the empirical analysis section through percentage quoted spread and effective

spread. The regression equation is as follows:
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2
Sprd, , = a; + BSpeed Bump, + yVolatility, + Z d,ControlVariable; ; , +£;+ (2.20)
g=1

where Sprd, ; is the percentage quoted spread or effective spread for stock i on day
t, a; is the stock fixed effect, and SpeedBump;; is an indicator variable taking the
value of 1 after speed bump implementation, 0 otherwise. Volatility is the opening
value of CBOE’s VIX index on day t. The other independent variables are control
variables. The ControlVariable;,, represents two stock-level control variables: the
daily turnover difference and the daily stock volatility difference (calculated as Al-
izadeh et al. (2002))). For the linear regression without fixed effect, we also add market
capitalization of the stock.

Table [2.11]

Table displays the results of a regression analysis that we conducted with
and without fixed effects. In the linear regression, we calculated the coefficients of
the dummy variable “speed bump,” which allowed us to observe the causal effect of
the speed bump on both the quoted spread and effective spread. The results were
consistent with our findings in previous sections.

We noticed a decrease in the significant level of both the percentage quoted spread
and effective spread when compared to the 50 stocks commonly traded on NYSE
American, Nasdaq, and IEX. This outcome was in line with our expectations, as
more stocks became less sensitive to fast trading strategies such as front running and
back running.

The reduced sensitivity could be attributed to the implementation of the speed
bump, which has a decelerating effect on trading activities. As a result, stocks that
were initially sensitive to fast trading strategies are now less prone to these practices,
leading to a decrease in the significant level of quoted spread and effective spread.
Overall, these results suggest that the speed bump has a positive impact on market

efficiency by reducing the prevalence of predatory trading strategies.

2.7.3 Adverse Selection

Following the procedure outlined earlier, this subsection aims to analyze the impact
of speed bumps on investors’ adverse selection costs. Adverse selection arises when

buyers or sellers possess information that is unavailable to their counterparts, resulting
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in informational asymmetry within the stock market. Consequently, the adverse
selection cost quantifies the extent of this asymmetry. To investigate this cost, we
employ a decomposition approach, separating the effective quoted spreads into their
permanent and transitory components.

To conduct our analysis, we use a linear regression model without fixed effects.
This model allows us to explore the relationship between the presence of speed bumps
and changes in the adverse selection cost. By running this regression, we can identify
any significant differences in the adverse selection cost before and after the imple-

mentation of speed bumps.

2
advselection;; = o; + fSpeed Bump, + yVolatility, + Z d,ControlVariable; ; , + €; 4
qg=1

(2.21)

In this equation, the advselection;; is the average impulse response, price im-
pact, or realized spread measure for stock i on day t. On the independent variables
side, «a; are stock and date fixed effects. Then we use SpeedBump; as an indi-
cator variable equals one for trading days after speed bump implementation, and
equals zero otherwise. Volatility, is the opening value of CBOE’s VIX index on
day t. ControlVariable;;, represents two stock-level control variables: the daily
turnover difference and the daily stock volatility difference (calculated as |Alizadeh
et al.| (2002)). For the linear regression without fixed effect, we also add market
capitalization of the stock. We give empirical results in Table [2.12]

Table 2.12]

Table presents the results of a regression analysis conducted over a three-
month period spanning 64 trading days. We analyzed 103 stocks that were commonly
traded every day on NYSE American and Nasdaq. The findings are consistent with
our original results. Specifically, the significant level of price impact has decreased.
However, the realized spread and impulse response remain highly significant. This

demonstrates our findings are quite robust.
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2.8 Appendix 1. Hasbrouck decomposition.

Hasbrouck (1991a;,|1991b)) demonstrates a Vector Autoregressive(V AR) based model
that makes almost no structural assumptions about how to detect the information of
order flow. This model offers us a framework to understand trades and quotes. Has-
brouk’s model infers the information flow from quotes and trading indicators from the
observed sequence of prices and orders. In the Hasbrouckl (1991a}|1991b) framework,
all stock prices changes are assigned either associated or unassociated with a recent
trade. The model does not require any structural assumptions about the information
flow; however, in practice, stock prices changes are usually referred to as private-
information-based if they are associated with a recent trade. Price moves that are
orthogonal to recent trade arrivals are recognized as public information. Hasbrouck
(19914, |1991b)) constructs a VAR model with two equations to separate price moves
into trade-related and trade-unrelated components. The first equation describes the
trade-by-trade evolution of the quote midpoint, while the second equation describes
the persistence of order flow. In this paper, we use Lee and Ready’s approach to infer
the trade direction:+ 1 for buys:-1 for sells. The indicator is g, for trade ¢ in stock j.
We define r;, to be the log return based on the mid-quote of stock j from trade ¢ — 1
to trade t. The VAR picks up order flow dependence out to lags estimated by the

price cointegration vectorautoregressivemodel(CV AR). Here, we assume lag = 10:

"= Zgl Qile—i + Ziio Biqi—i + &rt,
0 10
4t = 23:1 ViTt—i + D iy GiGi—i + Eqt
where the stock subscripts j are suppressed from here on. The VAR is inverted

to get the Vector Moving Average(V M A) representation:

] o a(L) b(L) Ert
yt‘[qt] o= [a(L) d(L)”eqt]’

where a[L], b[L], ¢[L], and d[L] are lag polynomial operators. The permanent

effect on the price of an innovation ¢; is given by a[L] .+ + b[L] ¢4 = 0 and the
variance of this random-walk component can be written as:
on = (2 a;)’ 0% + (e bi)® ol

From this equation, we summarize the first term as the component of price changes

that are related to public information and the second term that is related to private in-

formation. As|Hasbrouck| (1991a;,|1991b) demonstrates, this method is robust to price

discreteness, lagged adjustment to information, and lagged adjustment to trades. The
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V AR is estimated for every stock each day. The impulse response is the permanent
impact of a trade innovation:
Z?io bi

Using a similar V AR, |Hasbrouck| (1993) decomposes price changes into their per-
manent price changes (the random walk) and transitory (pricing error) price changes
and calculates a lower bound on the pricing error we estimate in this paper. By using
mid-quote prices and return in our VAR, we remove the effects of the increase in
spread and focus on the efficiency of quotes. Through this VAR, we have the power

to estimate a very informative market quality measures: impulse response.
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2.9 Appendix 2. Figures and Tables of Chapter
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Notes: The Number of stocks being trades on NYSE American is 242, it became 4550 on and after
the implementation of the speed bump, the red dotted line is the date of speed bump implementation

Figure 2.1: Number of stocks being traded on NYSE American around the speed
bump implementation
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Figure 2.2: Number of stocks being traded on NYSE American around the speed
bump removal
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Exchange Average of Bid Ask Spread(5 days moving average)
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Notes: There are 51 stocks commonly traded in NYSE American and Nasdaq, we remove one of
them because of its data quality. We calculate the 5 days moving average of each stocks in every
trading day, the plot shows the average of all 50 stocks Bid-Ask spread

Figure 2.3: Exchange Average Bid Ask spread of all 50 commonly traded stocks
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Exchange Description of Speed Bump Implementation Date

ParFX Randomly slows down orders by 20-80 mil- | April, 2013
liseconds.

Refinitive Matching | Emphasize order cancellation messages in | 2014

Aequitas NEO

TSX Alpha

IEX

NYSE American

Nasdaq

EBS Market

IntelligentCross

Euronext

ICE Futures US

LME

CBOE EDGA

batch releases to the order book, providing
enhanced protection against aggressive la-
tency arbitrage strategies. E|

3 to 9 milliseconds random delay on high-
frequency traders. E|

Randomized delays on market orders up to 3
milliseconds. ﬂ

Delay all incoming orders by 350 microsec-
onds. ﬂ

Delay all incoming orders by 350 microsec-
onds. IZ]

Hold 10 millisecond period before becoming
executable. (Midpoint Extended Life order)ﬁ
Batches orders before matching every 1, 2 or
3 milliseconds. ﬂ

Matches mid-point orders every millisecond
and limit orders every few hundred microsec-
onds. (Alternative Trading System (ATS))
grders triggering immediate transactions un-
dergo 1-3 millisecond delay before integra-
tion.

Delays non-modification or passive orders by
3 milliseconds.

Delays all new incoming orders by 8 millisec-

onds.

March 27, 2015

September 21, 2015

June 17, 2016

July 17th, 2017

March 12, 2018

2018

2018

June 3, 2019

May 2019

March 2020

April, 2020

Asymmetric speed bump by4 milliseconds. |H|

Table 2.1: Description of Speed Bumps in Different Exchanges
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s Average Pny spamerican  AveragePyasdaq
Before speed bump (1,-1) 0.431 0.569
After speed bump (1,-1) 0.416 0.584
Diff= 0.015 -0.015

Before-After

Notes: Price discovery estimation results through cointegration vector autoregressive model(CVAR)
implemented by [Nielsen and Popiel| (2018).We used 64 trading days within 3 months to calculate all
50 stocks’ price discovery on a daily basis, then calculate the average of all stocks. All data are in

nano-second time stamp.

Table 2.3: Relative price discovery estimation results



Price Discovery

Price Discovery
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Price Discovery

Speedbump -0.129%*** -0.133**%* -0.196***
(4.1760-2) (4.422¢-2) (4.422¢-2)
VIX 5.679¢-2%** 5.914¢-2%** 8.187¢-2%**
(1.555¢-2) (1.655¢-2) (1.643¢-2)
Turnover 0.139*** 0.214***
(3.622¢-2) (3.470e-2)
StockVolatility 0.119*** 9.048e-2%**
(3.246¢-2) (3.234¢-2)
MarketCap 0.411
(1.225)
Stock F.E. Yes No No
N 2,507 2,507 2,638
Adjust R-square 17.67% 4.2% 1.12%

Notes: This table reports the linear regression result of relative price discovery through the obser-
vations from June 1st 2017 to August 31st 2017, which are around NYSE American speed bump

implementation. Control variables include: daily market volatility measured by VIX index, daily

turnover, stock volatility and market capitalization. The speed bump was implemented on July
24th, 2017. *** ** and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Table 2.4: Panel regression of relative price discovery
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Panel A: Price impact
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NYSE American Nasdaq
. . Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 35.088 36.039 -0.951 35.665 38.34 -2.675
std 31.193 39.239 -8.046 32.148 39.447 -7.299
N 1,515 1,192 323 1,515 1,192 323
Panel B: Realized spread
NYSE American Nasdaq
Diff= Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 10.852 15.169 -4.317 0.893 2.177 -1.284
std 26.645 37.559 -10.914 22.553 27.951 -5.398
N 1,515 1,192 323 1,515 1,192 323
Panel C: Impulse Response
NYSE American Nasdaq
. . Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 96.415 77.486 18.929 76.216 64.879 11.337
std 106.604 99.504 7.1 99.53 77.911 21.619
N 1,370 1,009 361 1,370 1,009 361

Notes: This table reports the average values of daily price impact,realized spread and impulse

response, their standard deviation and number of observations from June 1st, 2017 to August 31st,

2017, which are around NYSE American speed bump implementation. All of them are in basis

points. The speed bump was implemented on July 24th, 2017.

Table 2.7: Adverse selection
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Panel A: Roll Model

Price Discovery  Price Discovery
NYSE American Nasdaq
1 1 1 (1,-1) 0.492 0.508

lag d b beta

Panel B: Fast and slow exchanges Model

Price Discovery  Price Discovery

lag  d b beta NYSE American Nasdaq
1 1 1 (1,-1) 0.360 0.640
2 1 1 (1,-1) 0.198 0.802
3 1 1 (1,-1) 0.087 0.913
4 1 1 (1,-1) 0.113 0.887
5) 1 1 (1,-1) 0.074 0.926
6 1 1 (1,-1) 0.012 0.988

Notes: Panel A reports CVAR estimation results for data simulated in fair Roll model. We generated
100,000 pairs of price data for two exchanges. The price discovery contributions of NYSE American
and Nasdaq (P4 and Pr) are reported. The efficient price is m; = my—1 + ug, uy ~ N(0,02). The
model is

PAt = Myt + CQat,

Pre = Myt + cqry,

where ¢;; = £1 with equal probability.

Panel B reports CVAR estimation results for data simulated in a model of two exchanges, one
of them has speed bump, which is the slow exchange NYSE American, the other exchange has no
speed bump, which is the fast exchange Nasdaq. We generated 100,000 pairs of price data. The price
discovery contributions of NYSE American and Nasdaq (P4 and Pr) are reported. The efficient
price is m; = my_1 + Aqrit + ug, ug ~ N(0,02). The model is

PAt = Mi—1 + CqAat,

Dre = My + CqTs
where ¢;; = £1 with equal probability.

Table 2.9: Price efficiency estimation results for Simulation
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Chapter 3

Machine Learning-Based
Prediction of Mini Flash Crashes

3.1 Introduction

The correlation between high-frequency trading (HFT) and flash crashes has been
a prominent topic of discussion in the academic literature. A notable instance of
such a crash took place on May 6, 2010, when the Dow Jones Industrial Average
recorded its largest intraday decline in history, which is named as “Flash Crash”. The
screenshot of Bloomberg is shown in Figure [3.1 While the Securities and Exchange
Commission (SEC) and the Commodity Futures Trading Commission (CFTC) have
acknowledged the challenge of pinpointing the precise cause of this flash crash, there
is a prevalent belief in media and public discourse that one of the primary suspects is
the cancellation of existing buy orders by high-speed trading algorithms when they
detect market imbalances (Nolte| (2010))).
Figure

Fosset et al.| (2020) highlights the vulnerability of market liquidity to potential
death spirals when both human and machine-driven market makers react excessively
to unforeseen events. High-frequency traders (HFTs), acting as ultra-fast intermedi-
aries, face susceptibility to significant overexposure in either long or short positions,

necessitating swift adjustments. While HFT's themselves may not be the primary
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instigators, their algorithms can exacerbate market conditions, potentially leading to
flash crashes Bellia, Mario; Christensen, Kim; Kolokolov, Aleksey; Pelizzon, Loriana;
Reno, Roberto| (2020)).

Kyle and Obizhaeval (2023 presents a structural framework shedding light on
market crashes, leveraging insights from market microstructure invariance. Incorpo-
rating variations in business time across markets, the framework yields predictions
consistent with observed price dynamics during significant events such as the 1987
market crash and the 2008 sales by Société Générale. The larger-than-expected price
drops observed during the 1987 and 2010 flash crashes could potentially have been
exacerbated by overly rapid selling.

The study cited in Baron et al.| (2019) highlights the pronounced sensitivity of
High-Frequency Traders (HFTs) to speed, driven by their adeptness at swiftly as-
similating fleeting information. This underscores the focus of HFT strategies on
exploiting short-term events, including market making and cross-market arbitrage.
Furthermore, Fishe et al. (2019) underscores the critical role of speed for traders
anticipating local price movements, which consistently outpace broader market reac-
tions. Although manual and algorithmic methods are employed, their pace typically
does not match that of HFTs.

In parallel, research on flash crashes, such as |[Fasley et al.| (2012)), |Andersen and
Bondarenkol| (2014b)), and Brogaard et al.| (2018]), yields divergent conclusions. While
some studies refute HF'T as the primary cause, others, like Leal et al.| (2014), suggest
HFTs can exacerbate flash crashes through unique trading strategies.

Scholarly discourse, as in [Foucault| (2016), underscores concerns about HFT’s
market impact, citing heightened adverse selection costs and reduced market infor-
mativeness. The paper suggests that recent market dislocations are more likely due
to trading automation and market structural shifts than solely attributable to HFT.

According to Keller| (2012)), regulators are being asked to strike a careful balance,
in order to restore market confidence without compromising the efficiency brought

about by HFT, achieved through greater transparency and more robust reporting
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requirements. Moreover, Keller| (2012)) also advocates the implementation of internal
risk management measures within HF'T firms.

Due to the sporadic and unpredictable occurrences of events similar to flash crash,
as exemplified by the incident on 6 May 2010, researchers have redirected their atten-
tion to analyzing smaller-scale flash crashes to glean valuable insights (Nanex (2010))).
Various studies have emerged with the objective of estimating mini flash crashes, em-
ploying the widely accepted rule-of-thumb definition initially introduced by Nanex
(2010)[]

In particular, Golub et al| (2012)) have discovered evidence that underscoring the
detrimental effect of these mini flash crashes on market liquidity. In line with their
discoveries, our research highlights that information related to market liquidity, en-
compassing trade volume and limit order book data, serves as a particularly robust
signal for predicting the occurrence of mini flash crashes.

In fact, |(Golub et al. (2012) have highlighted the detrimental impact of mini flash
crashes on market liquidity. Our research further emphasizes the importance of mar-
ket liquidity indicators, such as trade volume and limit order book data, in predicting
these events.

Moreover, Kirilenko et al. (2017a) investigated the trading behaviors of High-
Frequency Traders (HFTs) during the Flash Crash, revealing distinctive patterns. In
our study, we used machine learning techniques to identify clear patterns in market
conditions, providing evidence of specific participant behaviors during mini flash crash
events.

Following the May 6, 2010 flash crash, regulatory authorities took measures to
prevent future occurrences. The SEC’s approval of Stock-by-Stock Circuit Breaker

rules mandates a temporary trading pause for stocks experiencing a 10 percent price

INanex| (2010)’s definition of mini flash crashes stipulates a minimum requirement of 10 consec-
utive upward or downward ticks occurring within a 1.5-second interval. This criterion differentiates
mini flash crashes from classical events termed as “Price Jumps”, which are often initiated by in-
formation shocks. For an event to be classified as a mini flash crash, it requires significant price
fluctuations that exceed 10 occurrences. Failing to meet this threshold would make the event outside
the scope of the defined criteria
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change within five minutes. This development has sparked interest in predicting
stock-specific flash crashes, prompting the exploration of early warning systems before
circuit breakers are triggered.

The flash crash phenomenon has represented a notable escalation of systemic risk
in financial markets (Min and Borch| (2022)). Panic-driven sales can lead to substan-
tial financial losses for investors. According to a report by the International Organi-
zation of Securities Commissions (IOSCO) in July 2011, over 20,000 trades spanning
300 securities occurred at prices deviating by as much as 60% from their recent val-
ues, with trade values ranging from mere pennies to substantial sums (OICU-IOSCO
(2011)).

Peter Chung and Thomas Kim| (2017)) discovers that stocks exhibiting the highest
levels of herding with aggregate-level trades tend to experience the most negative
(positive) returns during market crashes (booms). While herding behavior leads to
extreme returns on both sides, investors seem to seek compensation for the risk of
experiencing exceptionally low returns.

Our research significantly advances the ongoing discourse by revealing the crucial
role of informed trading dynamics in the emergence of mini flash crashes. Using
microstructure metrics, particularly Kyle’s lambda and the probability of informed
trading, we identify robust predictive signals for these events.

Given the substantial financial implications of flash crashes, accurate prediction
becomes imperative for effective risk management. The ability to forecast such events
empowers investors to make well-informed decisions about their holdings during crises
and offers a promising avenue for risk management. In addition, our research intro-
duces the potential for real-time prediction of mini flash crashes, enabling investors
and regulators to establish an early warning system before the activation of circuit
breakers. This underscores the practical importance of our contribution in improving
the understanding and proactive management of market risks.

Figure (3.2
In this paper, we adopt the framework established by |Ait-Sahalia et al.| (2022) and
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draw upon the insights of |Easley et al.| (2021)) to evaluate the predictability of efficient
information and microstructure measures across short- and long-time horizons. Our
empirical findings demonstrate that machine learning effectively anticipates mini flash
crashes by leveraging real-time market data. Notably, short-term information related
to trade volume and transaction counts exhibits robust predictive power, reflecting
market fluctuations through trading behaviors.

In addition to the domains identified by Kearns and Nevmyvaka, (2013)), we high-
light another promising application area for machine learning: the detection of anoma-
lous events, including mini flash crashes. Building upon their insights, our research
underscores machine learning’s proficiency in identifying and predicting these events.
As emphasized by Easley et al|(2021)), market microstructure information remains a
valuable source of predictability even in the era of machine learning. Our prediction
model is heavily based on the microstructure data highlighted by |Easley et al.| (2021)).

Furthermore, we identify the status of the limit order book as another valuable
source of signals, providing insights into the increased likelihood of impending mini
flash crashes. Additionally, we uncover significant predictive signals in microstructure
measures, particularly exemplified by Kyle’s lambda and the probability of informed
trading. These metrics highlight the influential role of informed trading in flash crash
events.

This study adds valuable insights to the literature by exploring novel perspectives
on market data, building on the groundwork laid by |(O’Hara (2015). Furthermore, we
consider this paper as an initial step towards the application of machine learning for
the prediction of mini flash crashes.

To explore our findings comprehensively, we have structured the paper into six
sections. After the introduction, the paper unfolds as follows: Section reviews the
related literature. Section details our methodology, covering problem formula-
tion, machine learning models, accuracy assessment, and data imbalance mitigation.
Section outlines our dataset and our pre-processing approach. In Section [3.5]

we present our empirical results and their implications. Finally, Section offers
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concluding remarks on our findings.

3.2 Literature

This paper combines two strands of literature: one focusing on flash crashes, exten-
sively researched with particular attention to their connection with high-frequency
trading (HFT), exemplified by Kirilenko et al| (2017a)), who identified consistent
HFT trading patterns during crashes and developed a framework for analyzing mar-
ket dynamics. While our study doesn’t precisely analyze HF'T trading, we do detect
significant shifts in market behavior before mini flash crashes, suggesting predictive
signals for such events and supporting the notion that crashes often have precursor
indicators.

Golub et al.| (2012) delve into the adverse impacts of mini flash crashes on market
liquidity. Our research aligns with this perspective, highlighting the strong correlation
between market liquidity information and the potential occurrence of a mini flash
crash, these indicators functioning as warning signals for impending crashes..

An alternative approach to understanding flash crashes involves the concept of
Probability of Informed Trading (VPIN). |[Easley et al.| (2012) introduce a solution
in the form of the “VPIN contract”, allowing liquidity providers to remain active
in the marketplace while helping to avert flash crashes. In contrast, Andersen and
Bondarenko| (2014b) explore the effectiveness of VPIN as a predictor of short-term
volatility and conclude that it exhibited limited predictive power due to its mechanical
relationship with the underlying trading intensity.

The role of High-Frequency Trading (HFT) in flash crashes has been a captivating
subject of exploration within the existing literature. Brogaard et al.| (2018) observed
that HF'T's contribute liquidity by offsetting imbalances created by non-HFT partic-
ipants, particularly in individual stocks. Benos et al. (2017) reveals that HF'T order
flow, net positions, and total volume display notably greater commonality compared

to a control group of investment banks. This observation suggests that strategies
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employed by HFTs may have a tendency to be contagious. However, when multiple
stocks experience flash crashes simultaneously, the liquidity demand of HFT's exceeds
its supply, leading Brogaard et al. (2018)) to conclude that HFTs are not the primary
cause of flash crashes.

In contrast, Leal et al. (2014]), employing an agent-based model, argue that HF T's
have a notably positive impact on flash crashes. They suggest that HF'Ts can signif-
icantly widen bid-ask spreads and synchronize their activities on the sell side of the
limit order book, contributing to flash crash occurrences. Furthermore, Leal et al.
(2014) posit that higher rates of order cancelations by HFTs increase the likelihood
of flash crashes while reducing their duration.

Bellia, Mario; Christensen, Kim; Kolokolov, Aleksey; Pelizzon, Loriana; Reno,
Roberto (2020) evaluated HFT behaviors during flash crashes and concluded that
HFTs exacerbate transient price impacts, with slower traders providing liquidity.
Viewed from a different perspective, Breckenfelder (2019)) examined the competitive
dynamics among HFTs and found that increased competition among them results in
deteriorating market liquidity, potentially contributing to flash crashes.

In our research, we provide additional evidence that the state of market liquidity,
characterized by significant fluctuations, exhibits a strong association with mini flash
crashes. This connection underscores the significance of market liquidity as a reliable
signal for predicting mini flash crashes well in advance, enhancing our understanding
of flash crash dynamics.

The second strand of literature pertains to the domain of machine learning in
which there has been a significant proliferation of research in recent years. Kearns
and Nevmyvakal (2013) conducted three case studies, highlighting the diverse applica-
tions of machine learning in the realm of HF'T. These studies encompassed optimized
trade execution, the prediction of price movements based on order book states, and
optimized execution within dark pools through censored exploration. In our research,
we consider ourselves as advancing this field by employing machine learning techniques

to address the specific challenge of order flow anomaly detection, representing a novel



o8

step in the application of machine learning within this domain.

The prediction of short horizon stock returns consistently draws substantial atten-
tion for a long time (Mase| (1999) and |(Chuang and Ho| (2013))) from both the financial
industry and the academic machine learning community. A wealth of literature has
demonstrated that machine learning techniques excel at elucidating non-linear rela-
tionships within data. In the financial research domain, there is a growing emphasis
on identifying informative features and refining feature engineering approaches to
enhance stock prediction performance.

In alignment with this focus, |[Easley et al.| (2021) employed a random forest algo-
rithm to explore the predictability of classical microstructure variables, encompassing
metrics such as Roll measures, Roll impact, Kyle lambda, Amihud, VPIN, and UX
(VIX). In our study, we also incorporate all these microstructure measures into our
predictive models, aligning with the overarching research theme dedicated to enhanc-
ing stock prediction through feature selection and engineering.

In addition to feature engineering for time series data within the limit order book,
machine learning models have found diverse applications in predicting financial asset
behavior. [Ke et al.| (2019) pioneered an interpretable machine learning model that
leverages text data to predict stock returns. [Sirignano| (2016]) introduced a novel
neural network architecture tailored to modeling spatial distributions within the limit
order book. Khan| (2020) conducted a study utilizing text data from Twitter and the
Indian stock market to explore the predictive power of public sentiment and political
factors on stock market trends. [Patel et al.| (2015) conducted a comparative analysis
of four prediction models - Artificial Neural Network (ANN), Support Vector Machine
(SVM), Random Forest, and Naive-Bayes - assessing their performance in predicting
stock prices and indices.

Furthermore, [Sirignano and Cont/| (2018) utilized deep learning as a framework
and unearthed nonparametric evidence indicating the presence of a universal and
stationary price formation mechanism associated with supply and demand dynamics

for stocks. Notably, they successfully trained deep learning models with the ability to
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predict stocks not even included in the training dataset, underscoring the universality
of the relationships captured by the model |Sirignano and Cont, (2018)).

In our study, we make a significant contribution by demonstrating that, unlike
long-term stock returns, short-term events such as mini flash crashes are universally
predictable, and specific asset information is not imperative for their prediction.

We can summarize this paper’s contributions from three key perspectives. First,
we provide compelling evidence that machine learning can be effectively harnessed
for order flow anomaly detection, expanding its application beyond areas such as
optimized trade execution, price movement prediction, and optimized execution in
dark pools. This underscores the versatility of machine learning in financial analysis.

Second, we establish that even in the case of mini flash crashes, which are events
that defy interpretation by linear models, ensemble machine learning models can
predict them. This underscores the ability of machine learning to excel in capturing
complex, non-linear relationships within financial data.

Third, we empirically demonstrate that certain crucial features, notably those
related to market liquidity and informed trading measures, exhibit strong real-time
predictive capabilities concerning flash crashes. These findings serve as compelling
evidence suggesting the potential involvement of market makers and informed traders

in flash crash events, shedding light on the dynamics of these occurrences.

3.3 Methodology

In this section, we provide a detailed explanation of our methodologies, which en-
compass the predictor variables employed, the machine learning models utilized, the
approach used to measure prediction accuracy, and our strategies for handling imbal-

anced data.
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3.3.1 Predictor Variables

In forecasting the foregoing response variables, a diverse array of predictor features
is integrated into the model’s framework. The construction of most of these predic-
tor variables closely adheres to the methodology originally proposed by |Ait-Sahalia
et al.| (2022), ), encompassing numerous derived variables characterized by nonlinear
transformations of historical data, particularly when using fine-grained time intervals.
Building on the insights gleaned from established works in the field, such as those by
Cont et al.| (2013) and Kercheval and Zhang| (2015)), we anticipate that the pivotal
determinants for predicting forthcoming short-term events, such as mini flash crashes,
will pivot around the characteristics of the prevailing Limit Order Book (LOB). Mase
(1999) also points out liquidity effects can provide prediction ability on short horizon
return. These attributes encompass potential imbalances and historical trade returns
at the point of prediction. Additionally, in consonance with the approach advanced
by Ait-Sahalia et al.| (2022)), we incorporate microstructure measures as expounded
upon by [Easley et al.| (2021)). This integration captures information related to mar-
ket microstructure noise, which may harbor significant signals of unforeseen events.
Notably, three supplementary predictors are introduced, with a specific focus on mi-
crostructure noise. Comprehensive descriptions of all these features will be explained
in subsequent sections.

In parallel with the forward-looking intervals that are considered in relation to
the response variable, namely, mini flash crashes, an analogous approach is adopted
to establish look-back intervals based on calendar time. This entails employing the
current timestamp, denoted as 7', and defining lookback spans as (A, Ay). For
the derivation of predictor variables, a set of lookback windows is designated as
I = Int(T — Ay, T — Ay). More specifically, the values assigned to (Ap, Ag) span
a spectrum from (0s,0.1s) to (102.4s,204.8s). The most extensive span, which is
204.8s, effectively encompasses a slightly extended 3-minute horizon beyond each

timestamp 7. This strategic choice ensures that the prediction model avoids re-
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liance on transient information for forecasting longer-term outcomes. In total, our
framework encompasses 11 distinct look-back windows, where features are computed
directly upon the conclusion of each respective interval.

Let D' represent the set of all timestamps ¢ within the dataset D**", correspond-
ing to trade transactions, and D% representing its counterpart for quote data. The
combined set is denoted as D = D®¥" U D4, Within this dataset, the National Best
Bid and Offer (NBBO) prices are indexed by t € D and expressed as (P?, P), where
PP represents the best bid price, and P?® designates the best ask price. The mid-price
is computed as the simple average of these two, denoted as P, = @.

Further, if ¢ belongs to the set D™ we denote the transacted price as P/*". The
best bid and ask sizes are also represented as S and S? respectively, pertaining to
the record indexed by t.

Volume and duration: Predictors in this category are linked to a stock’s recent
trading activity. For instance, block trades or frequent transactions may indicate
increased short-term trading activity. While this heightened activity doesn’t inher-
ently reveal the trend’s direction, it can interact nonlinearly with other predictors,
potentially strengthening a trend’s emergence.

Breadth measures the number of transactions in the interval:

Breath(T, Ay, Ay) = | D" A Intk (T, Ay, Ay))| (3.1)

Immediacy measures the average time between successive transactions in the in-
terval:
Ay — Ay

Immediacy(T, A1, Ag) = Breath(T. Ay, Ay) (3.2)

VolumeAll measures the total number of shares transacted in the interval:

VolumeAll(T, Ay, Ay) = > v (3.3)

te Intback (T,A1,A2)
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VolumeAvg measures the average number of shares transacted for each transaction
in the interval:
VolumeAll(T, Ay)

VolumeAvg(T, Ay, Ay) = Breath(T. Ay, ) (3.4)

VolumeMaz measures the maximum number of shares transacted in one transac-

tion in the interval:

VolumeMax (T, Ay, Ay) = maz{V; : t € Int*™**(T, A1, Ay)} (3.5)

Return and imbalances: These predictors relate to recent trading imbalances
within the stock, providing insights into short-term trends. These trends are discerned
through the analysis of trade transactions and quotes data. For instance, a significant
volume of buying leading to triggering of limit sell orders, or a consistently higher bid
compared to the ask in Level I quotes, indicates a potential upward price influence.
To capture these dynamics, the following variables are outlined.

Lambda measures the price change in the interval proportional to total volume.

Let I = D% Int"*(T, Ay, Ay), then:

Pmax([) - szn(l)
Lambda(T, A1, Ay) = '
ambda (T, Ay, As) VolumeAll(T, Ay, Ay) (30

LobImbalance is the average imbalance in the depth of the limit order book over

the lookback interval:

a __ Qb
LobImbalance(T, Ay, Ay) = Avemge[gz n ?;] t € Int*™*(T, Ay, Ay) (3.7)
t t

TxnImbalance measures the asymmetry of buy and sells volumes in recent trans-
actions. Denote by Dirl® the binary transaction direction at time t signed using the

algorithm of |Lee and Ready| (1991)). Then transaction imbalance is calculated as
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Zteth"mlntb‘wk(T,Al,Az)(vlfDiTz‘,LR)
VolumeAll(T, Ay, Ag)

TaxnImbalance(T, Ay, Ay) = Average| (3.8)

PastReturn is the past return in the lookback window. Let I = DN Int** (T Ay, Ay):

[Pt e 1]

PastReturn(T, A1, Ag) =1 — Average 7
maz(I)

(3.9)

Speed and cost: This set of predictors we employ measure the speed and cost
inherent in the stock’s trading.
Turnover is the speed of transactions to the stock’s total number of shares out-

standing.

VolumeAll(T, Ay, As)
S

Turnover(T, Ay, Ag) = (3.10)

AutoCov is the autocovariance of transaction returns in the interval. For any t €
D' denote by L; = argmax, {s: s < t,s € D"} the timestamp of the transaction

right before time t. Then the autocovariance is:

txn Pt:cn
AutoCov (T, Ay, Ay) = Average |log (W) log (Pttm ) t € DA Int tP*K (T, Ay, A)
Lt L(Lt)

(3.11)
QuotedSpread is the average proportional nominal spread in the quotes over the

lookback interval:

a b

P — P,
QuotedSpread (7', Ay, Ay) = Average % t € Int”™k (T, A, Ay)| (3.12)
t

EffectiveSpread is the dollar-weighted percent effective spread over the interval:
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Ptm" LR txn
ZteDtmnlntbaCk (T,A1,A2) [log( 2 )Dlrt VP

EffectiveSpread (T, Ay, Ay) = S o (V, Py
te DtznN]n tbac ,A1,A2

(3.13)

Microstructure Measures As outlined by [Easley et al.| (2021)), this set of mea-
sures comprises widely recognized market microstructure variables, which have gained
prominence, especially after the May 6, 2010 “flash crash”. With a rising need for
warning signals indicating impending market stress, the use of measures to predict
real-time market turbulence has become increasingly appealing, though some are also
subject to scrutiny Andersen and Bondarenko (2014al). We'll provide additional evi-
dence to assess their suitability. As mentioned earlier, the effectiveness of forecasting
mini flash crashes relies on the model’s real-time predictive capability. Hence, we
calculate all microstructure measures using look-back windows. Specifically, we have:

Roll measure:

R, = 2y/|cov (AP, AP, _,)|
AP, =[AP,_,AP,_y_1,... AP, (3.14)
APy 1 =[AP,_y_1,AP,_y, ... AP,_4],
Where AP, is the change in close price between bars ¢ — 1 and ¢t and W is the
lookback window size.

Roll impact, which is the Roll measure divided by the value traded over the look-

back window, is:

B 2y/|cov (AP, AP,_)|

3.15
: BV (3.15)
Kyle’s lambda is given by:
P, —P,_,
h = = (3.16)
Zi:t biVi

Where b; is the trade indicator inferred by |Lee and Ready| (1991), which is com-
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puted through one lookback window.

Amihud’s measure:

t

1 |7
A )
M=— Y (3.17)

i=t— W41 piVi

Where r;, p;, V; are the return, price, and volume at look back window ¢ and W is
the lookback window size in terms of the number of trades.

Volume-synchronized probability of informed trading is estimated as:

T a _ pb
VPIN, = % > [P -1l (3.18)

i=T—W+1 ‘

P® and P} are bid and ask quotes.

Microstructure Realized Volatility and Noise The final set of measures
draws upon a body of literature concerning microstructure noise, aligning with theo-
retical insights provided by Zhang et al. (2005). Works such as|Bossaerts et al.| (2013))
demonstrate that price volatility escalates as information is incorporated into prices.
Short-term volatility can be highly informative for predicting real-time prices. We
will introduce three measures:

Realized Volatility in each lookback window:

[P.Ply=> (P, — P’ (3.19)

teW

Two-Scales Realized Volatility (TSRV) in each lookback window:

—

(P, P)r = [V, Y25 — Z[Y, vl (3.20)

The combination is of two time scales, “all” and “average” sampling. More details
could be found in Zhang et al.| (2005).
The third one is RealizedmoM entsof DisjointIncrements(ReMeDI) which is a

new-developed measure to estimate microstructure noise, see Li and Linton| (2022).



66

The last one is the daily Volatility Index (VIX). VIX has no look-back window; it
is the CBOE Volatility Index, a popular measure of the stock market’s expectation of
volatility. It is based on S&P 500 index options and is provided daily by the Chicago
Board Options Exchange.

3.3.2 Machine Learning Methods
Models

This paper employs four primary machine learning models for the prediction of mini
flash crashes. These models encompass a regularized logistic regression (LASSO) as a
representative of a linear parametric approach, alongside a penalized support vector
machine (penalized-SVM) offering a nonparametric alternative. Additionally, two
ensemble models, namely Random Forest and Extreme Gradient Boosting (XGBoost),
are utilized. Detailed theoretical expositions of these models can be found in the works
of Hastie et al. (2009) and Murphy| (2013).

Consider the challenge of imbalanced classification, where the goal is to predict a
response variable Y. Here, Y takes the value 1 when a mini flash crash is anticipated
within the designated look-forward window, and 0 when no mini flash crash is ex-
pected. This prediction is based on a predictor vector X, utilizing a random sample
(X, Y;). We can represent the response vector as Y = (yi,...y,)T. In our feature
vectors, X;, 232 dimensions, encompassing 11 time spans for each of the 21 predictor
variables, with the final dimension representing the volatility index (VIX) from the
previous trading day. Machine learning algorithms inherently have the capability to
generate additional combinations of these predictors or select the most informative

subsets from them.

Penalized Logistic Regression (LR)

Within the realm of well-established machine learning models, linear models stand

out for their unique appeal stemming from their simplicity and high interpretability.
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Logistic regression, a classification model, leverages the sigmoid function to map the
value range of linear regression into the interval [0,1]. In this context, the response

variable is formulated as follows:

1
= 3.21
YT v e (3:21)
Through linear regression model:
7 =pB"X +¢ (3.22)

X represents the predictor variables. In the absence of some form of regulariza-
tion, standard OLS in a large dimensional setting is likely to have poor out-of-sample
predictive power due to in-sample overfitting. A standard method to address this is-
sue consists in regularizing the model using a penalty function applied to normalized
variables. Penalized least squares with an L, penalty is recognized as the Least Abso-

lute Shrinkage and Selection Operator (LASSO). Specifically, consider X = £ 3. X;

and s; = \/ % o (@i — fz)z, representing the mean vector and standard deviations of
predictor variables, respectively. Let Z = %ZZ Z; denote the mean of the linear re-
gression response variable. Define the centered regression response as Z; = Z; — Z and
standardized predictors as X, = diag (si',s3'...s,1) (X —X) (fori=1,...,n).
LASSO proceeds to fit the centered response onto the standardized predictors by

solving the ensuing optimization problem:

B = argminge pp {% Z <Z _ 5T3€1>2 n )\||B||} (3.23)

7
This optimization problem could be solved by convex optimization. In this paper,
we use the coordinate descent algorithm implemented in the Scikit-learn software by
Python.

After I solve the coefficient B , I can predict each new data X ., as:
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— 1

_ Y T -1 -1 -1 2
Yiew = 1+6<Z+ﬁTchw)7W1th X, ew = diag (51 y Sg ey S )(Xnew X)

(3.24)

LASSO is a simple and very easily explained model that shrinks the coefficients of
less useful predictors towards zero. This can help us to rank the relevance of different
predictors in the prediction problem. Through this process, we can summarize the

feature that can show significant power to become the signal of mini flash crashes.

Support Vector Machine (SVM)

Support vector machine (SVM) is one of the most popular non-parametric algorithms
for its outstanding performance and clear mathematical details. We use it as the
representative of the non-parametric forecasting model. In this section, we briefly
introduce SVM; more details may be found in|Hastie et al.|(2009) and Murphy (2013)).

A support vector machine constructs a hyper-plane or set of hyper-planes in a high
or infinite-dimensional space, which can be used for both classification and regression
tasks.

Giving training vectors x; € RP,¢ = 1,...n in two classes, and the response
variable as y € {1, —1}", we want to find a w € R? and b € R such that w'¢(z) + b
can predict the sign of most ey -

Having this w, SVM solves the following primal optimization problem:

1o -
min Sw'w + C’; G (3.25)
Subject to y; (ngb(m) + b) >1-¢,(>0,i=1,...,n

Through the SVM, we are trying to maximize the margin between two classes by
minimizing |w|?> = wlw. The perfect situation is the hyperplane that can separate all
samples, which are y; (wT¢ (x;) + b) > 1 for all samples. However, in the real world,

samples are usually not perfectly separable by a hyperplane; we must allow some
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samples for the generalizing ability of the model. Therefore, some samples need to be
at a distance denoted as (;, from their correct margin boundary. The penalty term C

controls the strength of this penalty. The dual problem to the primal problem is:

main %aTQa —ela
Subject to yYa=0and 0 < o; < C for i = 1,...,n, where e is the vector of all ones,
and Q is the matrix: Qy; = vy, K (vi2;), with K (z;2;) = ¢ (2;)" ¢ (;) is the kernel.

The kernel function can map the samples into higher dimensional or infinite-
dimensional space; for more details see |[Hastie et al.| (2009).

In this paper’s mini flash crash forecasting problem, we have conducted many
iterations to tune the hyper-parameters, determining that using a linear kernel (simple
inner product < x,z >) and hinge loss to construct the optimization problem, can
significantly outperform all other kernels. In the empirical results, we will simply
show the linear kernel support vector machine results.

When the optimization problem is solved, we can use a support vector to predict

a new sample x,ew by:

Z yzalK(xza wnew) + b (326)

€SV

Then the predicted class corresponds to its sign.

Random forests (RF)

While lacking the interpretability of linear models, ensemble learning tree-style models
exhibit impressive forecasting abilities in various practical scenarios. In this paper,
we employ two ensemble models, starting with a random forest. Random forest, a
scalable nonparametric learning method, is built upon individual decision trees. Given
the instability and limited predictive power of a single decision tree, constructing a
forest of many trees serves as a direct approach to enhance predictive accuracy. By

averaging outcomes from numerous sampled decision trees, the variance of predictions
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decreases, resulting in more stable and reliable forecasts.
According to Hastie et al.[(2009))), random forests are fitted via iteratively growing
regression trees through the bootstrap sampling process from the given data set.

Hastie et al.| (2009) describe the algorithm as follows:
e Forb=1to B

— Draw a bootstrap sample Z* of size N from the training data.

— Grow a random-forest tree 7T}, to the bootstrapped data, by recursively
repeating the following steps for each terminal node of the tree, until the

minimum node size Ny, 1S reached.

x Select m variables at random from the p variables.
* Pick the best variable/split-point among the m.

* Split the node into two daughter nodes.

— Output the ensemble of trees {T}}7.

For new data, we want to predict z: Let é’b(x) be the class prediction of the b th
random-forest tree. Then C‘f}(x) = majority vote {C’b(x)}f (Hastie et al.| (2009)).

Predictions from bagging are often highly correlated as the samples are from the
same data set. Through the bagging of many independently trained decision trees
from bootstrapped samples, but no selection of variables at the decision tree’s node,
the random forest can achieve better performance as it increases the independence of
resulting trees and reduces the dependence of the prediction. Through the random
forest, we could obtain a smaller variance than a single decision tree, thus obtaining

more reliable predictions.

Extreme Gradient Boosting (XGB)

The second ensemble model we use is the extreme gradient boosting (XGBoost),
which is from [Friedman (2001). Out of the world of deep learning, XGBoost has been

the most popular algorithm to impress the machine learning community in the past
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few years. As an ensemble model, XGBoost relies on many weak-based tree learners.
Those weak learners’ biases are high, and their predictive power is just slightly better
than random guessing.

In contrast to bagging techniques such as Random Forest, in which trees are
grown to their maximum extent, boosting attempts to create small trees, which are
not deep and easy to interpret. XGBoost starts from initial model Fy to predict the
target variable y, and the residual y — Fy. The new model h; is fit to the residual,
through the combination of h; and Fj, and the mean squared error will be reduced.
Then update Fi(z) < Fy(x) + hi(z), until the residuals are minimized as much as
possible.

The algorithm proceeds as follows: Given training set {(z;,y;)}~,, and a well-
defined differentiable loss function L(y, F'(x)), several weak tree learners M and a

learning rate ox.

e Initialize model with a constant:

folz) = argmin > _ L (y,0). (3.27)

e Form=1toM:

— Compute the gradients and hessians:

o [Pt e
Gm ( Z) |: (:El) :|f(as)f(m_1)($) (3 28)
() = [ 2201 ()] |
af (xl)2 f@)=f(m-1)(x)

) N
— Fit a weak tree leaner using the training set {xi, —%} by solve the
m\Lq =1

optimization problem:
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—

of),,, = argmin, Z P (37 [_ gm (xz) — 0 (xz)]

i=1

fom) () =0< By ()
— Update the model:

A

f(m)(x> = f(m—l)(x) + f(m) (I)

e Output f(x) = Zn]‘fzg f(m) (z)

XGBoostContributors| (2023))
More details could be found in [Friedman| (2001) and XGBoost documents (XG-
BoostContributors| (2023)).

Measuring Prediction Accuracy

We use Receiver Operating Characteristic (ROC) and Area under the ROC Curve
(AUC) metrics to evaluate our model’s predictive accuracy. Predicting mini flash
crashes resembles a supervised anomaly detection problem, where such occurrences
are rare, leading to significant dataset imbalance. In a hypothetical scenario where
only 0.1% of look-forward windows are labeled as mini flash crashes, predicting no
crashes would yield a misleadingly high accuracy score of 99.9%.

In such cases, ROC provides a more suitable measure for evaluating prediction ac-
curacy in imbalanced datasets. Originating from signal analysis technology developed
during World War II, ROC has wide application, including medical issue detection.
It comprehensively depicts a classification model’s performance across all thresholds,

graphing two key parameters.

e True Positive Rate (TPR): TPR = TPTJF%

e False Positive Rate (FPR): FPR = —TPZPTN
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TP, TN, FN, and TN are all from the confusion matrix, see Figure [3.3}
Figure
An ROC curve visually depicts the relationship between True Positive Rate (TPR)
and False Positive Rate (FPR) across various classification thresholds. Lowering the
threshold increases both False Positives and True Positives. The curve organizes
test samples by predicted probability of being True, enabling sequential prediction
and calculation of TPR and FPR. Well-performing models exhibit an initially steep
ascent followed by a gradual rise. AUC quantifies the entire area beneath the ROC
curve, ranging from (0,0) to (1,1), akin to calculating the integral of a function. It
offers a comprehensive performance measure across all thresholds, representing the
probability of ranking a randomly chosen positive example higher than a randomly
chosen negative one. Figure shows the ROC curve of our best-tuned model for
15s mini flash crashes in Window 7, covering July to September 2018.
Figure (3.4

Imbalanced Data Processing Strategies

As previously mentioned, our problem entails dealing with imbalanced data. In ad-
dition to utilizing the raw data as-is, we will also implement five distinct strategies
to mitigate the data imbalance issue.

Undersampling (UD): One method to tackle data imbalance involves removing
excess samples from the majority class, specifically those where the look-forward
window doesn’t result in a mini flash crash, to establish a balanced sample set relative
to the minority class. While straightforward, this approach results in significant data
loss from the majority class, potentially weakening its impact, especially for instances
offering crucial information between classes. For example, in support vector machine
algorithms, removed samples may include support vectors near the margin hyperplane
on the majority class side, potentially further biasing the model.

Oversampling (OV): Another strategy involves randomly duplicating synthetic

samples within the minority class, particularly when the look-forward window results
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in a mini flash crash. This approach aims to balance the class distribution by creating
additional synthetic samples. However, it’s important to note that this strategy
carries potential risks. Introducing noise samples into the minority class may amplify
noise presence and lead to overfitting the model.

Synthetic Minority Oversampling Technique (SMOTE): SMOTE is a so-
phisticated oversampling technique that utilizes the K-Nearest Neighbors (KNN) al-
gorithm to generate new samples for the minority class. These new samples mimic the
originals while introducing some variation. Compared to basic oversampling, SMOTE
functions as an ensemble learning method, potentially reducing variance and overfit-
ting risk. However, it relies on the minority class to create synthetic samples, which
might amplify noise due to shifts in data distribution. Moreover, SMOTE is compu-
tationally more complex than both oversampling and undersampling techniques.

Threshold Moving (TM): This strategy involves adjusting the classification
threshold to increase the model’s sensitivity to the minority class. In balanced data
scenarios, the threshold typically remains at 0.5. However, in imbalanced data situ-
ations, the threshold can be modified to align with the ratio of minority to majority
class samples within the training dataset.

Ensemble Undersampling (EN): As previously discussed, undersampling re-
moves numerous majority class samples to balance the dataset, leading to substantial
data loss. An alternative involves multiple rounds of undersampling. For instance,
with 10,000 majority class samples and 50 minority class samples, 200 new sets can
be created by selecting all 50 minority samples and randomly choosing an additional
50 for each set. These 200 models are trained independently, and their results are
combined for the final prediction.

This strategy has limitations, including increased computational complexity and
potential overfitting due to repeated use of minority class samples. However, in
anomaly detection scenarios like ours, where successfully detecting mini flash crashes

is paramount, this strategy proves invaluable with high-quality minority class data.
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3.4 Data description and pre-processing

In this paper, we use all 95 stocks in S&P 100 from the NYSE Tick and Quote
(TAQ) data set. The time range of data covers two years, 2017 and 2018. Following
Hendershott and Moulton! (2011), we use the same standard to clean the quote and
transaction data. [

To enhance the predictive robustness of our model, we conducted a meticulous
segmentation of the two-year dataset, partitioning it into eight discrete windows, each
spanning a three-month period. Within each window, a structured approach was em-
ployed: the first month was allocated for training the model, the second month for the
fine-tuning of parameters aimed at identifying the most optimal configuration, and,
subsequently, the third month was reserved for assessing the model’s performance.

This study utilizes short-term, high-frequency transaction and quote data to pre-
dict mini flash crashes. Unlike some existing research, which often aggregates data
using event windows or information bars, exemplified by Easley et al. (2021), we
adopt a temporal framework, relying on a Time clock approach.

In practice, portfolio managers facing an imminent mini flash crash require real-
time predictions rather than waiting for additional events to accumulate. Therefore,
to ensure real-time predictive capability, we exclusively employ a temporal framework
for detecting relevant variables.

Mini flash crashes have been extensively investigated in the literature, with the
most accepted definition originating from [Nanex| (2010). According to Nanex| (2010)),

mini flash crashes are succinctly defined as follows:

e The time window does not exceed 1.5 seconds;

2When we do the data filtering, we restricted the trading data in regular trading hours from 9:30
am to 4 pm. We use only trades for which TAQ’s CORR filed is zero, one, or two and for COND
field is either blank or equal to @, E, F, I, J, or K. Obviously, we eliminate trades with nonpositive
prices or quantities. We also remove trades with prices more than(less than) 150%(50%) of the
previous trade price. After that, we restrict quotes for which TAQ’s MODE field is equal to 1, 2, 6,
10, 12, 21, 22, 23, 24, 25, or 26. Then we eliminate quotes with nonpositive prices or sizes or with
bid prices greater than the asking price. We also exclude quotes when the quoted is greater than
25% of the quote midpoint or when the asking price is more than 150% of the bid price.
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e Price change exceeds 0.8%;

e At least 10 times tick down before ticking up OR at least 10 times tick up before

ticking down;

In this paper, three additional, more lenient time window definitions are intro-
duced: 180 seconds, 90 seconds, and 15 seconds, in conjunction with the Nanex
(2010)’s established 1.5-second definition. These four discrete time intervals function
as distinct criteria for the analysis and categorization of mini flash crashes, account-
ing for a broad spectrum of time frames and accommodating the diverse operational
velocities of traders.

For individual investors and slower-paced traders, the 180-second time window
provides ample time for trading activities to unfold. Mini flash crashes within this
interval encompass a range of trader speeds and behaviors. In contrast, the 90-second
timeframe represents a medium-term window where slower traders may still influence
market dynamics to some extent. However, mini flash crashes within this timeframe
are mainly influenced by fast-paced traders, with possible participation from slower
traders.

The third temporal definition used is 15 seconds, a brief timeframe where indi-
vidual traders are unlikely to significantly impact market dynamics. However, it’s
crucial to note that machine-executed trading algorithms vary in speed. While some
quantitative trading firms use automated systems that respond within seconds, high-
frequency traders (HETs) operate at a much faster pace, executing trades at the
nanosecond level. This study aligns with [Nanex| (2010))’s 1.5-second definition, focus-
ing exclusively on mini flash crashes involving extremely rapid trading algorithms.

In addition to |[Nanex| (2010)’s definition, |Dugast and Foucault| (2018) define mini
flash crashes as large sudden price drops or spikes followed by quick price reversals, i.e.
“V-shape” or “inverted V-shape” price movements. Inspired by this idea, a reverse

version of mini flash crashes is implemented:

e The time window does not exceed 180 seconds/90 seconds/15 seconds/1.5 sec-
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onds;
e Price change exceeds 0.8%;

e At least 10 times tick down before ticking up AND at least 10 times tick up

before ticking down;

In pursuing the capture of the entire spectrum of mini flash crashes and in the
endeavor to construct a real-time forecasting model, a comprehensive approach is
undertaken. This approach entails considering all possible time intervals within each
trading day. To achieve this, a forward-looking window is employed for the detection

of mini flash crashes:
Int v (T T+ A)={t e R: T <t < T+ A}, aspan A equals 180s/90s/15s/1.5s.

Table shows the descriptive statistics of all the windows, covering the time
range from January 2017 to December 2018, including four different definitions of
mini flash crashes without reversal.

Table [3.1]

Table shows the descriptive statistics of all of our windows, cover time range

from January 2017 to December 2018 includes four different definitions of mini flash

crashes with reversal.

Table [3.2]

3.5 Empirical Analysis

In addition to using the original imbalanced data, all previously discussed strategies
were applied alongside four models: logistic regression with an [; penalty (LASSO),
random forest, support vector machine, and XGBoost. As outlined in Section 3,
we investigate eight distinct scenarios concerning mini flash crashes based on dif-
ferent look-forward windows (180s/90s/15s/1.5s) and reversal criteria, as defined in

Section
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Inspired by |Nanex| (2010), this paper adopts a concise 1.5-second time window to
define mini flash crashes. This duration is chosen to account for the swift pace of
trading activity, where even slower traders cannot react quickly enough to significantly
impact stock prices. To provide further insights, we introduce three additional time
windows: 180 seconds (long-term), 90 seconds (medium-term), and 15 seconds (short-
term).

Aligned with Nanex (2010), the extremely short-term category is the strictest clas-
sification of mini flash crashes. Within the 15-second timeframe, the short-term per-
spective primarily reflects fast traders’ influence, offering insights into overall market
conditions. Moving to the medium term, a robust check on the long-term viewpoint
is established, revealing the involvement of fast-reactive slow traders in these events.
Finally, mini flash crashes unfold over an extended 180-second window in the long
term, allowing both slow and fast traders ample time to react to market dynamics.

In my emprical analysis, ensemble learning model XGBoost, has become domi-
nant in predictive analytics due to their superior performance over traditional linear
models. Techniques like bagging (e.g., random forests) and boosting (e.g., gradient
boosting machines) combine multiple models to enhance predictive accuracy. These
ensemble methods reduce variance and bias, leading to significantly improved perfor-
mance compared to single models like linear regression. This approach leverages the
strengths of various models, resulting in robust and reliable predictions.

As outlined in section [3.3.2] this paper employs ROC and AUC as the evaluation
metrics to assess the performance of machine learning predictions, primarily due to
the challenges posed by imbalanced data.

In this section, we also summarize and analyze the features’ importance in mini
flash crash predictions; the histograms of all windows’ features importance are pro-

vided in Internet Appendix
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3.5.1 |Nanex (2010) Mini Flash Crashes Prediction

Tuning and Testing

In this section, our focus is directed towards the real-time prediction of mini flash
crashes that adhere to the strictest criteria outlined by Nanex| (2010)), requiring a
time range not exceeding 1.5 seconds. As in the preceding sections, we explore sce-
narios both with and without reversals, employing various strategies for processing
imbalanced data in conjunction with eight distinct machine learning models. In ac-
cord with our previous approach, we aggregate the counts of each feature selected by
the reduced model when implementing reduced-feature models to evaluate the im-
portance of individual features. Given the substantial data processing workload, we
perform undersampling of the data without mini flash crashes to a scale 100 times the
total number of mini flash crashes in each month within each rolling window, under
the condition that the ratio of time intervals in all intervals is lower than 1% for each
stock.

Table and Table |3.4] present the AUC tuning results for all 1.5s Nanex (2010)
mini flash crashes without reversals across all eight windows. As can be observed,
ensemble undersampling achieves the highest performance across all eight windows for
both versions, with and without reversals, of 1.5s mini flash crashes. For the versions
without reversals, XGBoost combined with ensemble undersampling demonstrates
the best performance in four windows, while reduced-feature XGBoost achieves the
highest AUC in three of the eight windows. The remaining window sees the best
performance from reduced-feature random forest, which is also an ensemble-style
model. In comparison to the earlier sections, the tuning of the AUC results is not as
successful, with five AUC values exceeding 0.8, including two exceeding 0.9. In the
remaining three windows, the best AUC values are 0.774, 0.778, and 0.736. While
not perfect, these values still indicate a reasonable level of predictability.

The tuning AUC values for [Nanex (2010) mini flash crashes with reversals are

presented in Table and Table 3.6] Our results are generally consistent with the
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versions without reversals. XGBoost combined with ensemble undersampling exhibits
the best performance in four windows, while reduced-feature XGBoost achieves the
highest AUC in three of the eight windows. The only window where random forest
achieves the highest performance is Window 5, mirroring the results from the version
without reversals. All the results, whether with or without reversals, are consistent
with the expectation presented in Section which highlights the prevalence of
reversals in most mini flash crashes.

Utilizing the best parameter sets, models, and the optimal imbalanced data pro-
cessing strategy of ensemble undersampling, the model performance was assessed.
The Nanex (2010) definition necessitates a time range not exceeding 1.5 seconds, cat-
egorizing these mini flash crashes as extreme low-probability events that are more
challenging to predict than any of our previous versions. Consequently, it is essen-
tial to set realistic expectations for the test results. Nevertheless, a commendable
performance is still achieved.

For both 1.5s Nanex]| (2010) mini flash crashes with, and without, reversals, the
AUC values from the out-of-sample tests indicate that five of eight windows exceeded
0.8. In the other windows (Windows 1, 7 and 8), the AUC falls within the range of
0.7 to 0.8. The results for 1.5s |Nanex| (2010) mini flash crashes without reversals are
presented in the last row of Panel A in Table [3.9] while the reversal test results are
displayed in the last row of Panel B.

Our findings provide evidence that mini flash crashes, as defined by |[Nanex (2010),
are universally predictable by machine learning. This discovery sheds light on the
development of an early warning system for mini flash crashes, offering investor pro-

tection and enhancing market stability ahead of circuit breakers.

Feature Importance

Relying on the successful prediction, we also evaluated the feature importance in 1.5s
mini flash crashes. While the critical role played by similar features in prediction is

observed, including those consistent with the following three versions of mini flash
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crash definitions, such as LobImbalance, Lambda, QuotedSpread, and ESpread, it is
significant that the substantial advantages of specific features like LobImbalance and
Lambda have diminished. In certain windows of prediction, volume-related features
such as VolumeAll, VolumeAvg, and VolumeMax have become equally, if not more,
important. Moreover, in some windows, the role of real-time microstructure noise,
calculated according to Li and Linton| (2022)), seems to have become more vital than
in any of the previous versions.

Due to the stringent 1.5-second definition of mini flash crashes by Nanex (2010)),
predicting these extremely rare events poses a significant challenge. Feature impor-
tance statistics reveal that relying on individual or a few features as signals for mini
flash crashes becomes less feasible in machine learning models. The impact of limit
order book imbalance on driving mini flash crashes decreases, making it harder to
rank the importance of multiple features. This suggests that these rigorously defined
mini flash crashes, characterized by their low-probability nature, may stem from
a complex interplay of real-time market conditions and various trading algorithms.
While somewhat predictable, they defy easy summarization in terms of identifying
regular patterns, akin to human recognition of images or scenes. Machine learning
algorithms, leveraging extensive data processing, can identify these patterns to some
extent, offering a degree of predictability for mini flash crashes.

We've observed that volume and trade-related features, such as Volume Aver-
age and Breadth, strongly influence prediction success. This is interpretable: as a
mini flash crash nears, informed traders swiftly impact the market, with algorithms
and HFTs detecting anomalies within seconds. This information manifests in quotes
and transactions just before the crash. The significance of ReMeDI performance,
assessing short-term microstructure noise, further confirms this observation.

Our analysis emphasizes the significant impact of microstructure measures like
Kyle’s lambda and the Probability of Informed Trading (VPIN) on prediction accu-
racy. Kyle’s lambda represents the cost of acquiring liquidity within a timeframe,

while VPIN estimates the presence of informed traders with superior information.



82

These findings suggest that informed traders likely play a crucial role in triggering
mini flash crashes. They use private information to influence market liquidity, raising

costs for other investors seeking liquidity and driving the market towards a crash.

3.5.2 Short Term Mini Flash Crashes Prediction

Tuning and Testing

In this section, we shift our focus to the real-time prediction of short-term (15s)
mini flash crashes, both with and without reversals. We apply a combination of
data imbalanced processing strategies and eight distinct machine learning models to
determine the most effective approach. Given the brief 15-second duration of these
mini flash crashes, it is reasonable to assume that they are predominantly driven
by trading algorithms, even if these algorithms are not necessarily as fast as High-
Frequency Trading (HFT) algorithms. Utilizing a methodology akin to that outlined
in Section [3.5.1], we examine a dataset encompassing the period from January 2017 to
December 2018. Across this 24-month span, the data is segmented into eight discrete
windows, each spanning a three-month duration. Within each window, the initial
training dataset comprises the first month, while the second month is dedicated to
tasks such as hyper-parameter optimization, model selection, and identification of
optimal data imbalanced processing strategies.

This section, along with subsequent sections, exclusively showcases the best-
selected tuning model and its corresponding results. In Panel A of Table [3.7] and
Table 3.8, we present the optimal AUC tuning results for all 15s mini flash crashes
without reversals across the eight defined windows. The combination of ensemble un-
dersampling and reduced-feature XGBoost consistently outperforms alternative ap-
proaches in six out of eight windows. Notably, ensemble undersampling in conjunc-
tion with reduced-feature random forest and reduced-feature XGBoost represents two
other effective strategies. All tuning AUC scores either meet or surpass 0.8, with some

even exceeding the 0.9 threshold. The consistent superiority of ensemble undersam-
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pling underscores its effectiveness in addressing data imbalance. This performance
provides further evidence that the time interval preceding mini flash crashes often
exhibits robust patterns compared to normal intervals. While these patterns may
pose challenges in terms of causal interpretation, machine learning proves adept at
detecting them.

The tuning AUC values for 15s mini flash crashes with reversals are available in
Panel B of Table 3.7/ and Table[3.8] The combination of ensemble undersampling and
XGBoost consistently excels in seven out of eight windows and in five out of nine
windows. In the remaining three windows, reduced-feature random forest and full-
feature XGBoost achieve outstanding performance, both being ensemble-style models
akin to reduced-feature XGBoost. All AUC values exceed 0.87, with some exceeding
0.9, demonstrating strong predictive performance.

Adhering to the identical process, we proceed to retrain the models utilizing the
finest parameter sets, selected models, and the optimal data imbalanced processing
strategy iden tified during the tuning procedure. The training dataset aligns with
the second month of each window, and we subsequently perform out-of-sample tests
deploying the test data from the third month within each window. The outcomes for
short-term (15s) mini flash crashes without reversals are delineated in the third row
of Panel A in Table 3.9 whereas the results for reversal tests are exhibited in the
third row of Panel B.

In both short-term mini flash crashes, both with and without reversals, the AUC
values derived from out-of-sample tests showcase remarkably robust performance.
Across 14 of 16 windows, the AUC exceeds 0.9, with the lowest recorded value stand-
ing at 0.88.

These findings emphasize the persistent strength of patterns in short-term (15s)
mini flash crashes, primarily influenced by trading algorithms. This substantiates our
anticipation of leveraging machine learning-based anomaly detection as an advanced
model for establishing an early warning system to detect mini flash crashes before

circuit breakers are triggered.
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Feature Importance

The feature importance in short-term (15s) mini flash crashes displays variations
comparable to the subsequent two versions. Although the limit order book imbalance
stands out as one of the strongest predictors, in specific windows variables such as
Lambda, QuotedSpread, and Turnover outshine LobImbalance. This divergence is
notable and contrasts with the patterns observed in subsequent sections covering long
and medium-term analyses.

As defined in Section [B.3.1 Lambda measures the price change in the interval
relative to the total volume, and T'urnover represents the speed of transactions. Both
variables provide insights into actual transactions, in addition to bid and ask quotes.
This discovery may imply that in the case of short-term (15s) mini flash crashes
primarily driven by trading algorithms, as these events approach, the triggering of
specific stop-loss programs likely results in a significantly larger number of market
orders being submitted by trading algorithms. This is done to rapidly liquidate or
reposition assets. These actions, which impact trading volume within the market,
may further contribute to the onset of mini flash crashes. These behaviors can be
captured by turnover rate and lambda, making them important signals in predicting
15s mini flash crashes.

Furthermore, volume-related features such as Volume Average and Breadth con-
tinue to exhibit their strength. Additionally these, microstructure measures such
as Kyle’s lambda, the Probability of Informed Trading (VPIN), and RollMeasure
demonstrate stronger performance than in the long and medium-term versions of the
empirical results. This discovery may suggest that in even shorter and faster mini
flash crash events, informed trading might play an even more pivotal role. Impor-
tantly, all our findings for mini flash crashes, whether with or without reversals, are

consistent
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3.5.3 Medium Term Mini flash crashes Prediction

Tuning and Testing

In this section, we shift our focus to the real-time prediction of medium-term (90s)
mini flash crashes, both with and without reversals. We utilize the same combina-
tion of imbalanced data processing strategies as employed in the previous section on
Nanex| (2010) version (1.5s) and medium-term (15s) mini flash crashes. The primary
distinction from the prior two versions lies in the 90s timeframe, where slow traders
may contribute to mini flash crashes, not just fast traders as observed in algorithmic
scenarios.

As with the earlier sections covering 1.5s and 15s, we analyze a dataset spanning
two years, from January 2017 to December 2018. Over this 24-month period, we
segment the data into eight distinct windows, each spanning a three-month period.
To capture the most recent information within each window, the first month serves
as the initial training dataset, and the second month is dedicated to hyper-parameter
optimization, model selection, and the identification of optimal imbalanced data pro-
cessing strategies.

The Panel A in Table[3.7/and Table[3.§ presents the best AUC tuning results for all
90s mini flash crashes without reversals across all eight windows. The combination
of ensemble undersampling and reduced-feature XGBoost consistently outperforms
other approaches in six of all eight windows. All tuning AUC scores reach or exceed
0.8, with some approaching 0.9. For the other two windows, direct undersampling
shows the best performance through reduced-features random forest and XGBoost
in Windows 7 and 8, respectively. These findings provide evidence that mini flash
crashes in the medium term also have strong patterns that could be detected in real
time by machine learning.

The tuning AUC values for 90s mini flash crashes with reversals are available
in Panel B of Table 3.7 and Table 3.8/ The combination of ensemble undersampling

and reduced-feature XGBoost consistently excels in seven of eight windows. The
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only exception is Window 1, covering data from July 2017 to September 2017, where
XGBoost, in conjunction with ensemble undersampling, achieves the highest perfor-
mance with an AUC of 0.96. As with mini flash crashes without strict requirements
on reversals, machine learning models demonstrate strong predictive performance.

Having utilized the best parameter sets, models, and the optimal imbalanced
data processing strategy of ensemble undersampling, we retrain the models using the
tuning data, which corresponds to the second month of each window. Subsequently,
we conduct out-of-sample tests using the test data, representing the third month in
each window. The results for medium-term (90s) mini flash crashes without reversals
are presented in the second row of Panel A in Table|3.9] while the reversal test results
are displayed in the second row of Panel B.

For both medium-term mini flash crashes with and without reversals, the AUC
values from the out-of-sample tests indicate remarkably strong performance. In 14 of
16 windows, the AUC exceeds 0.9, with the lowest value being 0.892. These results

demonstrate the robust predictability of mini flash crashes at the minute level.

Feature Importance

The feature importance in medium-term mini flash crashes exhibits a striking consis-
tency with the following long-term version. The feature with the highest importance
is the limit order book imbalance, reinforcing our finding that, on a minute-to-minute
level, mini flash crashes are heavily influenced by information asymmetry.
Additionally, variables such as Lambda, QuotedSpread, and ESpread continue
to demonstrate their significant importance in predicting mini flash crashes. These
variables reflect short-term market liquidity and stability, maintaining a robust corre-
lation with the incidence of mini flash crashes across all eight window configurations.
Furthermore, the strong performance of Volume Average and Breadth provides
further evidence that informed traders with privileged information can swiftly influ-
ence the market. Algorithms and HFTs can rapidly detect anomalies, resulting in

increased trading activity and liquidity imbalances just moments before an actual
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crash occurs. This observation is further supported by the noteworthy performance
of ReMeDI as a feature, which assesses short-term microstructure noise.

Our analysis also emphasizes the substantial influence of microstructure measures,
such as Kyle’s lambda and the Probability of Informed Trading (VPIN), on prediction

accuracy

3.5.4 Long Term Mini flash crashes Prediction
Tuning and Testing

In this section, we explore real-time predictions of long-term (180s) mini flash crashes,
covering scenarios with and without reversals. The key distinction between these two
definitions lies in the assumption that within a 180s timeframe, it is reasonable to
presume that even slow traders, such as humans, can exert influence. The market has
the capacity to assimilate information from both fast traders, such as HF'T's, and slow
traders. However, in a 90s timeframe, slow traders may only contribute “a portion of
their information” to the market.

We employ all five strategies for processing imbalanced data alongside the original
dataset, which serves as our baseline. The objective is to assess eight distinct ma-
chine learning models to identify the best-performing model. These models encompass
Logistic regression with [y regularization, support vector machines, random forests,
and XGBoost, each with its corresponding reduced-feature model. Reduced-feature
models are generated by excluding features that do not significantly contribute to pre-
dictability. Furthermore, when implementing reduced-feature models, we aggregate
the counts of each selected feature to evaluate the importance of individual features.

To ensure a comprehensive understanding of long-term trends and the robustness
of our findings, we scrutinize a dataset spanning two years, from January 2017 to
December 2018. Over this 24-month duration, we partition the data into eight dis-
tinct windows, each encompassing a three-month period. To capture the most recent

information, within each window, the first month is allocated for the initial train-
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ing dataset, the second month is dedicated to hyper-parameter optimization, model
selection, and the identification of the optimal imbalanced data processing strategies.

The Panel A in Table 3.7 and Table present the best AUC tuning results for
all 180s mini flash crashes without reversals across all eight windows. It is evident
that the combination of ensemble undersampling and reduced-feature XGBoost con-
sistently delivers the best performance in seven out of eight windows. Window 1,
is very close to being the best, with the direct undersampling approach taking the
top spot. All our tuning AUC scores achieve values of 0.8 or above, with some even
approaching 0.9.

Furthermore, it is worth noting that while direct undersampling may lead to a
substantial loss of data, it still manages to achieve reasonably good performance.
This observation suggests that the signals associated with ”mini flashes” can be quite
robust when compared to the time intervals preceding mini flash crashes. Through
the ensemble undersampling approach, which involves comparing all time intervals
marked with mini flash crashes and systematically reconstructing a balanced dataset
by integrating them with other datasets containing no mini flash crashes, we have
successfully achieved the best performance.

The tuning AUC values for 180s mini flash crashes with reversals are available in
Panel B of Table and Table|3.8] The combination of ensemble undersampling and
reduced-feature XGBoost consistently delivers the best performance across seven of
the eight windows. The sole exception is Window 3, covering data from July 2017
to September 2017, where XGBoost outperforms and achieves an AUC of 0.86. As
with mini flash crashes without strict requirements on reversal, the machine learning
models exhibit strong predictive performance. This observation clearly highlights the
distinct patterns in the limit order book when a mini flash crash is impending.

By employing the best parameter sets, models, and the optimal imbalanced data
processing strategy of ensemble undersampling, we retrain the models using the tuning
data, which corresponds to the second month of each window. Subsequently, we

conduct out-of-sample tests using the test data, which represents the third month in
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each window. The results for long-term (180s) mini flash crashes without reversal are
presented in the first row of Panel A in Table [3.9] while the reversal test results are
displayed in the first row of Panel B.

For both long-term mini flash crashes with and without reversals, the AUC values
from the out-of-sample tests indicate remarkably strong performance. In 14 of 16
windows, the AUC exceeds 0.9, with the lowest value being 0.899.

Furthermore, as evident from the data description and pre-processing section,
most mini flash crashes exhibit reversals. This observation leads to a reasonable
inference that mini flash crashes are events intricately linked to market conditions

and are significantly influenced by the stability of the financial market.

Feature Importance

It is noteworthy that through all eight windows and for both long term mini flash
crashes with and without reversal, the limit order book imbalance takes the first place
on feature importance. The limit order book imbalance encompasses the differences
in stock market information that investors have regarding price changes at a given
moment, as reflected by disparities in the quotes provided by buyers and sellers. This
market condition is highly likely to be strongly correlated with the occurrence of
mini flash crashes. This finding is highly reasonable as it highlights how short-term
market information asymmetry could be a contributing factor to mini flash crashes.
High-speed trading algorithms may indeed exacerbate this phenomenon within the
trading ecosystem.

In addition to the limit order book imbalance, variables such as Lambda, QuotedSpread,
and ESpread also exhibit significant importance in predicting mini flash crashes.
They all reflect the short-term market liquidity and stability and show a strong cor-
relation with the occurrence of mini flash crashes. This consistent result holds across
all eight window configurations, both with and without reversal, in our predictive

analysis.
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3.6 Conclusion

In this study, we pioneer the application of machine learning techniques to predict
real-time mini flash crashes in individual stocks. Our research provides empirical ev-
idence and methodologies for forecasting mini flash crashes using data from the limit
order book across four distinct time frames: 180 seconds, 90 seconds, 15 seconds,
and 1.5 seconds. Notably, all these intervals fall within the 5-minute circuit breaker
system set by the SEC, suggesting the viability of real-time early warning systems for
mini flash crashes. Our analysis spans mini flash crashes in S&P100 stocks from 2017
to 2018, revealing that most of these events swiftly reverse within a short time frame.
This observation underscores the systemic issues in current market mechanisms, par-
ticularly the prevalence of high-frequency algorithmic trading, as the primary drivers
of mini flash crashes.

We introduce different time frames based on the involvement of slow traders and
fast, automated trading algorithms. The 180-second and 90-second time frames ac-
commodate the participation of slow traders, contributing to enhanced predictability,
while the 15-second and 1.5-second time frames focus more on algorithmic trading be-
haviors. Our findings indicate varying levels of predictability across these time frames,
with machine learning models showing efficacy in forecasting mini flash crashes, albeit
with decreasing predictive accuracy in ultra-short durations. Overall, our research
underscores the importance of monitoring real-time market dynamics and offers in-
sights for investors and regulatory authorities in effectively managing and mitigating

the impact of mini flash crashes.
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3.7 Appendix 3. Figure and Table of Chapter
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Figure 3.1: Flash Crash, 06 May 2010
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Figure 3.2: Mini flash crash, (2010) definition, AAPL, 01/09/2017
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Figure 3.3: Confusion Matrix
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ROC of our best tuning result of 15s Mini Flash Crash in Window 7, The blue Receiver Operating
Characteristic (ROC) curve graphically represents a classification model’s performance by plotting
the true positive rate (sensitivity) against the false positive rate (1-specificity) at various thresholds.
The Area Under the Curve (AUC) value quantifies the model’s ability to discriminate between
classes, with an AUC of 1 indicating a perfect model and an AUC of 0.5 indicating no predictive

ability.
Figure 3.4: ROC
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3.8 Appendix 4. Feature Importance



Feature Importance

Feature Importance

2 2 ° o 3 =3 2 o
@ s N =1 2 5} s &
1 = I =
25Ua.1ND0
0 =3 r o I3 0
= a 8 3 a ~
= B ~ =

25Ua.1ND0

Joedwi|oy
Aoeipaww)
XIA
uonAIqUIWASY
liyawinjon
Xepawn|op
Iasway
BAayawn|op
pnyiwe
AYSL

NIdA
epwea|hy
peasds3
AodoINY
aunseaj||oy
JanouInL
epqueq
uwinjayised
adue|equ|qo]
yipeasg

Ao

peasdsd

Aoeipawiwy
3oedwi|joy
XIA
uopasqiwAsy
IIvawnjon
Xepawn|on
|aswasy
pnylwe

AdSL
Bayawnjop
epwea|hy
uinjay3sed
aunseaj||oy
A0DOINY

NIdA

peasds3y
peasdsd
asue|equ|qo]
Nd

yipeasg

epquie]

Measures

(b) 15s

Measures

(a) 1.5s

Feature Importance

Feature Importance

160 o

140 4

120 4

o o
5]

04

©
22Ua.N20
e ° ] =3 = o
© I & S ®
— = ~
22Ua.N20

Aoejpawuy
edwi|oy
XIA
uonANqWWASY
Xepawn|oA
livawnjon
winayised
pnyiwe
AYSL
Bayawn|op
|aaway
epweld|Ay
A

AoDoINy
JanouINnL
NIdA
upeasg
aunseapy||oy
epque
peasds3
peaidsp

@ouejequiiqo]

Aoejpawuy
XIA
Peduwjoy
uonANqWWASY
lIyawinjoA
Xepawn|on
Bayawn|op
AYSL
uinyayised
epwea|Ay
pnyiwe
1aaway
AoD0INY
JanouInL
NIdA
uipeasg
epque]

A
aunseap||oy
peasds3
peaidsp

@ouejequiqo]

Measures

(d) 180s

Measures

(c) 90s

105

Features importance of mini flash crashes without reversal in Window 1

Figure 3.5
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Features importance of mini flash crashes without reversal in Window 2

Figure 3.6
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Window 3

n

Features importance of mini flash crashes without reversal

Figure 3.7
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Features importance of mini flash crashes without reversal in Window 4

Figure 3.8
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Features importance of mini flash crashes without reversal in Window 5

Figure 3.9
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Window 6
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Features importance of mini flash crashes without reversal i

Figure 3.10
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Chapter 4

Does speed bump resolve the

problems of mini flash crashes?

Evidence from NYSE American

4.1 Introduction

The impact of high-frequency trading (HFT) on flash crashes has been extensively
discussed in the literature, notably the historic “flash crash” that took place on May
6, 2010, marking the largest intraday decline in the Dow Jones Industrial Average’s
history. Despite being investigated by both the Securities and Exchange Commission
(SEC) and the Commodity Futures Trading Commission (CFTC), the precise cause
of this event remains elusive. However, many market participants suspect that the
cancellation of existing buy orders by high-speed trading algorithms when detecting
market imbalances is a primary contributor (Nolte (2010)). These cancellations set
off a chain reaction of rapid sell-offs as trading algorithms interact, resulting in a
steep price plummet. Consequently, this incident has garnered significant attention,
sparking concerns among regulators, academics, and investors regarding the practice

of high-frequency trading, which is based on computer-based algorithms.
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"Liquidity is a coward; it is never there when it is needed.” (Christopher| (2008))).
Bouchaud| (2021) believes there is a destabilizing feedback loop in HFT market-

making activity:
Volatility = Higher spreads and lower liquidity = More volatility

Fosset et al.| (2020) suggests that excessive reactions by market makers, whether
human or machine-based, to unexpected events can set off a detrimental decline
in market liquidity. In such a scenario, High-Frequency Traders (HFTS), serving as
ultra-fast market intermediaries, may find themselves vulnerable to significant short or
long positions, necessitating swift maneuvers to exit these high-risk positions. While
HFT is not the primary instigator, there is a notable potential for this algorithmic
trading approach to exacerbate market conditions, potentially culminating in a flash
crash. The findings from a study by [Bellia, Mario; Christensen, Kim; Kolokolov,
Aleksey; Pelizzon, Loriana; Reno, Roberto| (2020)) support this notion, revealing that
HFTs often consume liquidity precisely when it is most crucial, even when offered
incentives by exchanges to provide immediate liquidity.

Figure

In the aftermath of the May 6th, 2010 flash crash, regulators responded with
heightened scrutiny and proactive measures to avert any future reoccurrence. The
Securities and Exchange Commission (SEC) introduced a proposal mandating ex-
changes to establish an audit system, providing regulators with access to data regard-
ing received and executed orders. As a follow-up, the SEC ratified new regulations
designed to mitigate stock volatility by instituting temporary trading halts in the
event of substantial price fluctuations (Nolte (2010))).

Academic literature also underscores the importance of cautious regulation regard-
ing high-frequency trading (HFT) Keller (2012)). It suggests that regulators should
strive to restore market confidence without undermining the efficiencies that HFT
brings. This can be achieved through enhanced transparency and reporting require-

ments. Additionally, it recommends that regulators mandate internal risk manage-
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ment practices within HFT firms themselves |Keller| (2012).

In summary, the flash crash compelled regulators to respond proactively by sug-
gesting audit systems, putting trading halts into effect, and exploring strategies to
both reinstate market trust and preserve the advantages of HF'T. Moreover, academia
underscores the significance of transparency, reporting prerequisites, and the enforce-
ment of internal risk management practices within HF'T firms.

Beyond the United States, the Investment Industry Regulatory Organization of
Canada (ITROC) also expressed its concerns on May 6th, 2010, a day when Toronto’s
primary index experienced a relatively milder decline of approximately 3.8 percent,
as reported by Reuters Reuters (2010). IIROC highlights that Canadian markets
responded swiftly to the decline in the United States, with no specific event such as
erroneous orders driving this downturn. Furthermore, ITROC’s review recommends
that regulators should assess the trigger levels of their existing market-wide circuit
breaker mechanisms Langton| (2010).

Given that events akin to the flash crash of May 6th, 2010, are exceedingly rare
and nearly impossible to predict, researchers have turned their attention to gleaning
insights from miniaturized versions of such crashes Nanex (2010). Supporting this
perspective, |Golub et al.| (2012)) provide evidence indicating that mini flash crashes
have adverse effects on market liquidity. In addition to their findings, my research
suggests that market liquidity indicators, including trade volume and limit order
book information, serve as potent signals for predicting mini flash crashes. This is
supported by the empirical investigation conducted by [Kirilenko et al.| (2017b), who
delved into the trading patterns of high-frequency traders during the Flash Crash.

Various studies have examined the flash crash through the lens of the probability of
informed trading |[Easley et al.| (2012); Andersen and Bondarenko (2014b)). Contrarily,
Jonathan et al. (2018) ascertain that HFT is not the primary cause of flash crashes,
based on empirical analysis of HFT data from NASDAQ [Brogaard et al.| (2018). In
contrast, |Leal et al| (2014), utilizing an agent-based model, illustrate that HFTs can

indeed have a substantial positive impact on flash crashes due to their specific trading
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strategies Leal et al.| (2014)).

The flash crash has significantly heightened systemic market risk Min and Borch
(2022). In moments of panic, investors may incur losses if they hastily sell their po-
sitions. As highlighted in the International Organization of Securities Commissions
(IOSCO) report from July 2011, more than 20,000 trades in 300 securities occurred
at prices deviating by as much as 60% from their recent values, ranging from mere
pennies to a staggering $100,000 (Technical Committee Of The International Ogani-
zation Of Securities Commissions (2011))). Addressing the issue of mini flash crashes
has become a prominent subject in financial research. This paper focuses on eval-
uating the effectiveness of the speed bump policy, a market mechanism specifically
designed to target High-Frequency Trading (HFT) and mitigate mini-flash crashes.

Numerous studies have adopted a widely recognized rule-of-thumb definition for
assessing flash crashes, originally proposed by Nanex, a trading technology company
and data service provider (Nanex). This method often provides access to extensive
datasets, which facilitates precise statistical analysis. Furthermore, recent advance-
ments in data analysis techniques have ushered in a new era. Beyond the realm of
finance, the application of machine learning techniques has demonstrated remarkable
effectiveness in analyzing vast datasets across diverse domains, shedding light on the
potential for predicting real-world mini flash crashes using market data.

Figure[4.2|depicts the mini flash crash of stock PLX on March 6th, 2017, according
to Nanex’s definition.

Figure 4.2

Mini flash crashes of a single stock can occur multiple times within a single trading
day, as illustrated by the example of April 2nd, 2017, with stock PLX, as shown in
Figure 4.3

Figure 4.3

Chapter |3] introduces both the evidence and methodology for utilizing machine

learning to demonstrate the real-time predictability of mini flash crashes, achieved by

analyzing market microstructure features extracted from the limit order book. Build-
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ing upon this methodology, it becomes straightforward to compute the probability of
potential mini flash crashes in real-time, a task that can be effectively detected using
machine learning techniques.

Michael Lewis’s book, “Flash Boys” |Lewis| (2014), shone a spotlight on the issue of
unfairness within the financial market, particularly by showcasing the story of Kat-
suyama and TEX. Katsuyama vividly portrayed a landscape where high-frequency
traders could exploit their speed advantage to front-run orders before they even
reached the exchanges. This was made possible due to stocks being traded across
multiple exchanges, each with its own order arrival times. If the claims presented
by Lewis and Katsuyama held true, speed had transformed into a potent advantage,
endowing fast traders with inherent informational superiority. The subsequent ascent
of IEX as a competitive exchange further underscored the urgency for investors and
regulators to critically scrutinize these assertions concerning market fairness.

In conversations about the unique nature of High-Frequency Trading (HFT), vari-
ous voices from investors and academics have emerged, and one of the most prevalent
topics in recent years has been the concept of the “Speed Bump.” This practice, often
highlighted in Michael Lewis’s popular book “Flash Boys” |Lewis| (2014), illustrates
the phenomenon of frontrunning order anticipation. Lewis narrates a story that un-
derscores how high-frequency traders leverage speed as a competitive advantage to
unfairly profit from slower traders.

The Investor Exchange (IEX), founded by Katsuyama, the central figure in “Flash
Boys” made history as the first stock exchange to implement a speed bump in June
2016. The U.S. Securities and Exchange Commission (SEC) officially sanctioned this
pioneering approach. Katsuyama, a former trader at the Royal Bank of Canada,
shared his personal journey of sending orders to other exchanges, where his orders
often received limited attention and encountered low execution rates. He attributed
the liquidity issues to the delayed arrival of substantial orders, stemming from the
intricate layout of the fiber-optic network. This complexity created opportunities

for high-frequency traders to intercept slower orders, giving rise to what Katsuyama
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identified as a new form of informed trading.

In response to the problem of unfair competition in the stock market, Katsuyama
established IEX and secured regulatory approval from the SEC in October 2016. TEX
implemented a speed bump ahead of its matching engine, accomplished through a
38-mile optical fiber coil. This deliberate delay, averaging around 350 microseconds
for all quotes, aimed to offer slower traders a brief opportunity to route orders to
other exchanges before faster traders could potentially identify and capitalize on them
(Aoyagi| (2022)).

A recent study has reported a significant surge in short-selling volume on the
Chicago Board Options Exchange (CBOE) subsequent to the introduction of IEX’s
speed bump |Chakrabarty et al. (2020). These findings pose an intriguing question:
if a speed bump effectively curtails the capacity of high-frequency traders to exploit
speed for adverse market consequences, could it also decrease the likelihood of mini
flash crashes?

In summary, the implementation of a speed bump by IEX has sparked substantial
interest and debate concerning market fairness. The repercussions on market dynam-
ics and the potential influence on mini flash crashes merit deeper examination and
thorough analysis.

In a study conducted by chapter [3| the NYSE American, the second exchange
to implement a speed bump following IEX, was examined. The design of NYSE’s
speed bump closely mirrors that of their competitor IEX, with the exception of a
350-microsecond delay. Utilizing high-frequency data with nanosecond timestamps,
chapter |3| assessed the impact of the speed bump on market qualities and evaluated
traded stocks on both NYSE American (with a speed bump) and Nasdaq (without
a speed bump). Through their analysis of price discovery and market liquidity, [Liu
(2023)) discovered that the speed bump policy is a double-edged sword, as it enhances
liquidity but diminishes the informativeness of prices.

In this research, I adopt the methodological framework established by |Ait-Sahalia
et al| (2022), Easley et al] (2021), and the chapter 3] I leverage machine learning
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models that utilize microstructure measures, encompassing both short- and long-
term data extracted from the limit order book, to estimate the probability of mini
flash crashes. The rationale behind choosing machine learning as the methodology
stems from its capability to identify intricate non-linear patterns effectively.

Mini flash crashes, being relatively infrequent events driven by a variety of factors
that can occur randomly at any moment, pose a significant challenge. When con-
sidering policies aimed at preventing such events, the objective is to target patterns
within the market information found in the limit order book. Machine learning’s
ability to detect these events through their patterns transforms them from random
occurrences into identifiable events characterized by market information.

To gain a comprehensive understanding, I categorize mini flash crashes into four
distinct time intervals, drawing from existing literature: long-term (180 seconds),
medium-term (90 seconds), short-term (15 seconds), and extremely short mini flash
crashes (1.5 seconds). By examining these varying time frames, I can discern diverse
patterns within these infrequent events, uncovering various market insights. I will
employ machine learning techniques to calculate the probabilities of detecting these
distinct patterns associated with mini flash crashes across the four different time
intervals.

Having successfully estimated the probability of mini flash crashes, I proceed to
conduct a difference-in-difference analysis to examine how the introduction of the
speed bump influences mini flash crashes using panel data linear regression. Across
the four different time intervals, I have observed varying outcomes. Notably, I found
that following the establishment of market equilibrium, shaped by both slow traders
and fast traders, the speed bump tends to increase the probability of long-term mini
flash crashes. This outcome aligns with my expectations, as [Liu| (2023) indicates
that NYSE American’s speed bump can reduce price discovery and diminish adverse
selection, leading to the belief that more noise traders migrate to the exchange with
the speed bump, thereby introducing greater volatility, in line with the findings of
Liul (2023)).
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Similarly, this trend is reflected in the medium-term version, which encompasses an
adaptable time frame allowing both slow and fast traders to take actions. However, my
empirical results for the short and strictly short versions show a significant reduction
in the probability of detectable mini flash crashes associated with the presence of the
speed bump. This result provides compelling evidence that the speed bump indeed
represents an ideal policy to safeguard the market against mini flash crashes stemming
from exceptionally fast trading algorithms.

This work contributes to the existing literature on the topic discussed in |(O’Hara
(2015)), providing fresh insights into market data. It also serves as a valuable addition
to the ongoing discussion surrounding speed bump-related research on market qual-
ity. To delve deeper into the aforementioned findings, I have structured the paper
into six distinct sections. In addition to the introductory section presented above,
the remainder of the paper is organized as follows: Section provides an overview
of the relevant literature. Section outlines the dataset employed and the data
pre-processing techniques employed. Section details the methodology employed,
encompassing the problem setup, machine learning models utilized, accuracy evalu-
ation methods, and data imbalance processing strategies. Section presents the
empirical results and their implications. Section concludes the findings and sum-

marizes the key takeaways from the study.

4.2 Literature

This paper draws upon three distinct bodies of literature. The initial segment of
literature delves into the phenomenon of Flash crashes, a subject that has garnered
substantial attention from various perspectives within academic discourse. Notably,
the literature has extensively explored its connection with high-frequency trading
(HFT). A study conducted by Kirilenko et al.| (2017a) reveals that the trading behav-
ior of high-frequency traders remained consistent even as prices plummeted during

flash crashes. Furthermore, they offer a comprehensive framework for analyzing in-
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traday market dynamics both prior to and during these systemic events.

While I cannot precisely discern the trading patterns of high-frequency traders,
my analysis reveals a noteworthy alteration in the behavior patterns of market par-
ticipants just prior to mini flash crashes. This suggests that market patterns may
serve as indicators of impending mini flash crashes, dispelling the notion that mar-
ket crashes occur abruptly without any precursor, as demonstrated by the chapter [3]
Building upon these findings, this paper leverages machine learning techniques to
identify mini flash crashes based on detectable market patterns. Given the intricacies
of market conditions and the potentially stochastic nature of mini flash crashes, the
ability of machine learning to detect such events suggests that they may be managed
effectively.

The examination of High-Frequency Trading (HFT) characteristics during flash
crashes has been a focal point in the literature. According to Brogaard et al. (2018)),
HFTs play a crucial role in enhancing market liquidity by offsetting imbalances arising
from non-HFT activity, particularly in individual stocks. However, when multiple
stocks are affected by a flash crash, HFT liquidity demand surpasses their supply, as
noted by Brogaard et al.| (2018)), who argue that HFT is not the root cause of flash
crashes. Additionally, |Leal et al.|(2014)) posit that a higher rate of order cancellations
by HFT participants increases the likelihood of flash crashes but diminishes their
duration. Notably, this paper contributes by uncovering a positive impact on the
likelihood of mini flash crashes through the implementation of a speed bump.

The second strand of literature revolves around the domain of machine learning,
which has seen a significant proliferation of research in recent years. In Kearns and
Nevmyvaka (2013), three case studies illustrate the application of machine learning
within high-frequency trading. These studies encompass the optimization of trade
execution, the prediction of price movements based on order book dynamics, and the
enhancement of execution strategies within dark pools through censored exploration
techniques.

Predicting stock returns remains an enduringly popular subject of keen interest
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within both the financial industry and the machine learning academic community.
Numerous works in the literature have demonstrated the superiority of machine learn-
ing as a tool for uncovering nonlinear data patterns. In addition to the algorithms
developed by the machine learning research community, financial research places a
distinct emphasis on identifying informative features and refining feature engineering
methods to enhance stock prediction performance. In a study conducted by |Easley
et al. (2021), a random forest algorithm was employed to assess the predictability of
classical microstructure variables, including Roll measure, Roll impact, Kyle lambda,
Amihud, VPIN, and UX (VIX). In alignment with this approach, our predictive mod-
els also incorporate these essential microstructure measures.

The third strand of literature centers around the concept of a speed bump. In the
work by |Aoyagi (2022)), a random speed bump is examined through the establishment
of a theoretical market model comprising competitive but slow uninformed market
makers, risk-neutral high-frequency traders, and liquidity traders who encounter a
liquidity shock in a perfectly transparent market. The study forecasts the optimal
behavior of market makers and how high-frequency traders will fine-tune their trading
speeds. The key conclusion drawn is that when high-frequency traders strategically
choose their speed levels by factoring in the impact of their speed decisions on market
dynamics, the presence of a speed bump exacerbates issues related to adverse selection
and widens the bid-ask spread.

In a related study, Brolley and Cimon| (2020) develop a model to forecast the
impact of a speed bump on competition among exchanges in a multi-exchange setting.
Their framework assumes the initial identity of two markets, each trading the same
risky security with a random payoff. Following the implementation of a speed bump
on one of the exchanges, Brolley and Cimon| (2020) anticipate that informed traders
will shift their activities to the conventional exchange without a speed bump. As far
as my knowledge extends, this paper represents a pioneering empirical investigation

into the effects of speed bumps on mini flash crashes.
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4.3 Data description and pre-processing

In this study, I analyze the NYSE TAQ dataset, spanning from March 15th to Septem-
ber 1st, 2017. This comprehensive dataset encompasses 120 trading days, covering
a period of 90 days leading up to the implementation of the NYSE American speed
bump on July 24th, followed by 30 trading days thereafter. Given that the stock or-
der flow and trade data represent multivariate time series, traditional cross-validation
methods are unsuitable for hyperparameter tuning due to their potential to create
a “future-to-past” predictive bias. To mitigate this issue and effectively train and
fine-tune the model, I partition the entire dataset into four distinct segments:

Period 1: First 30 trading days, training data, 2017/03/15-2017/04,/26

Period 2: Second 30 trading days, tuning data, 2017/04/27-2017/06/8

Period 3: Third 30 trading days, testing data 1, which are 30 trading days before
speed bump, 2017/06,/09-2017/07/23

Period 4: Last 30 trading days, testing data 2, which are 30 trading days after
speed bump, 2017/07/23-2017/09/05

The timeline of my working procedure is shown in Figure 4.4l

Figure 4.4

To estimate the probability of detecting pattern-observable mini flash crashes
prior to the implementation of the speed bump, I employ data from three distinct
periods. Over these periods, I utilize the data from period 1 as the initial training
dataset. Then, I employ the data from period 2 to fine-tune the model’s parameters.
Subsequently, I retrain the model using the data from period 2 to achieve the best
prediction performance. Once I have identified the optimal model and parameter
settings, I apply the retrained model to calculate the probability of mini flash crashes
within each time interval in period 3. Period 3 encompasses precisely 30 days pre-
ceding the introduction of the speed bump on NYSE American. For estimating the
probability of detecting pattern-observable mini flash crashes subsequent to the speed

bump’s implementation, I replicate the same procedure using data from periods 2, 3,
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and 4.

Dealing with the issue of class imbalance is crucial in addressing the rare occur-
rence of mini flash crashes and ensuring the accuracy of my machine learning analy-
sis. Initially, there were 217 actively traded stocks on NYSE American before March
15th. To address this imbalance, I systematically filtered out stocks that ceased trad-
ing activity between March 15th and September 5th, retaining only those stocks that
exhibited mini flash crashes consistently throughout the entire training, tuning, and
evaluation periods. Consequently, my dataset comprises a total of 193 stocks.

Through this meticulous approach and effective handling of imbalanced data, my
objective is to offer valuable insights into how the speed bump impacts the probability
of mini flash crashes, utilizing machine learning techniques to achieve meaningful
results.

Following Hendershott and Moulton| (2011)), I use the same standard to clean the
quote and transaction data.ﬂ I also follow the same way to one-to-one matching
without replacement, I use all stocks out of NYSE American based on CRSP market
capitalization and closing price. I measure the matching criteria at the 2017/03/14
which is the last date before my research period. I also randomize the order of
matching by sorting NYSE American stocks alphabetically by the symbol. Then I
calculate the following matching error for each NYSE American stock i and each

remaining stock out of NYSE American stock j:

MCAP; PRC;
(MCAP; ) _1’+‘ (PRC; ) _1'
2

matchingerror = ‘

In the selection process, M CAP represents the stock market capitalization, and

L As we want to escape from any other events that may hit the market, we restrict our time range
to 3 months. More than that, because we use nanosecond timestamp data, 3 months has covered
a big bunch of data. We expect they are enough. When we do the data filtering, we restricted the
trading data in regular trading hours from 9:30 am to 4 pm. We use only trades for which TAQ’s
CORR filed is zero, one, or two and for COND field is either blank or equal to @, E, F, I, J, or K.
Obviously, we eliminate trades with nonpositive prices or quantities. We also remove trades with
prices more than(less than) 150%(50%) of the previous trade price. After that, we restrict quotes
for which TAQ’s MODE field is equal to 1, 2, 6, 10, 12, 21, 22, 23, 24, 25, or 26. Then we eliminate
quotes with nonpositive prices or sizes or with bid prices greater than the asking price. We also
exclude quotes when the quoted is greater than 25% of the quote midpoint or when the asking price
is more than 150% of the bid price.
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PRC signifies the stock’s closing price immediately preceding period 1. I identify the
stock with the lowest matching error as the most suitable match for NYSE American
stock and subsequently exclude it from the pool of potential matching stocks. The

average matching error observed in this context is 0.0767.

4.4 Methodology

This section outlines the machine learning methodology and empirical strategy em-

ployed in this paper.

4.4.1 Response Variables

Unlike many other financial machine learning studies, such as Easley et al.| (2021)),
which utilize event windows or information bars for data aggregation, this paper em-
ploys a time-based approach. In practical scenarios, a portfolio manager actively
monitoring their investment portfolio prior to a potential mini flash crash cannot
afford to wait for the accumulation of additional events for model prediction. There-
fore, to ensure the model’s real-time predictive capability for mini flash crashes, this
study exclusively relies on a time-based clock for variable detection.

Mini flash crashes have been widely studied in the literature, the most commonly
used definition of it is from Nanex| (2010). Nanex| (2010) defines Mini Flash Crashes

as the following:

e The time window does not exceed 1.5 seconds;
e Price change exceeds 0.8%;

e At least 10 times tick down before ticking up OR at least 10 times tick up before

ticking down;

In this paper, I adopt Nanex| (2010))’s definition of mini flash crashes as events

lasting 1.5 seconds. To further analyze these events, I introduce three additional
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time windows: 180 seconds (long-term), 90 seconds (medium-term), and 15 seconds
(short-term). The long-term window assumes sufficient reaction time for all traders
within 180 seconds. The medium-term window validates the long-term perspective
and highlights ”fast-reactive” slow traders. The 15-second window captures the in-
fluence of fast traders and provides insights into overall market conditions. The ex-
tremely short-term category, aligned with Nanex| (2010)), remains the most stringent
classification.

To comprehensively capture all mini flash crashes and build a prediction model
capable of real-time forecasting, I assess all time intervals within each trading day. I

employ a forward-looking window to identify mini flash crashes:
Int™> (T T+ A)={tc R: T <t <T+A}, aspan A equals 180s/90s/15s/1.5s.

In addition to |[Nanex| (2010)’s characterization, [Dugast and Foucault| (2018) de-
lineate mini flash crashes as instances involving substantial, abrupt price drops or
spikes followed by rapid price reversals, often resembling “V-shaped” or “inverted
V-shaped” price movements. Drawing inspiration from this concept, I adopt and im-
plement a complementary version of mini flash crashes that focuses on these reversal

patterns:

e The time window does not exceed 180 seconds/90 seconds/15 seconds/1.5 sec-

onds;
e Price change exceeds 0.8%;

o At least 10 times tick down before ticking up AND at least 10 times tick up

before ticking down;

The total number of mini flash crashes on NYSE American throughout the entire
experimental period is depicted in Figure [4.5
Figure 4.5
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The total number of mini flash crashes with reversals on NYSE American through-
out the entire experimental period is illustrated in Figure [4.6
Figure 4.6
Considering the various time interval definitions, I include all stocks that experi-
enced mini flash crashes, both with and without reversals, across all periods for both
NYSE American stocks and their corresponding control group. The summary statis-
tics for mini flash crashes without reversals, those with reversals, as well as the control
groups without and with reversals, are presented in Table Table [4.2] Table [4.3]
and Table [4.4] respectively.
Table [4.1]

4.4.2 Predictor Variables

To forecast the response variables, I employ a diverse set of predictor variables, pri-
marily constructed following the methodology of |Ait-Sahalia et al. (2022). These
predictors include nonlinear transformations of historical data over short intervals.
Based on the literature, including Cont et al.| (2013) and Kercheval and Zhang (2015)),
I focus on characteristics of the current Limit Order Book (LOB), such as imbal-
ances and past trade returns, as key drivers for predicting short-term events like
mini flash crashes. Additionally, I incorporate microstructure measures from |[Fasley
et al.|(2021)). To capture market microstructure noise, which often signals unexpected
events, I introduce three related predictors. A detailed description of all features will
be provided in subsequent sections.

In a manner analogous to the forward-looking intervals used for predicting the
response variable of mini flash crashes, I establish lookback intervals in terms of
calendar time, employing the current timestamp 7' and defining lookback spans as
(A1, Ay). For constructing my predictor variables, I utilize lookback windows denoted
as I = Int(T — Ag, T — Ay). More precisely, the pairs of (A;, Ay) assume values
such as (0s,.1s), (.1s,.2s), and so forth, up to (102.4s,204.8s). The longest span,

which is 204.8s, is designed to cover a slightly over a 3-minute horizon following each
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timestamp 7T, preventing the model from relying excessively on transient information
to predict long-term outcomes.In total, there are 11 available lookback windows, and
features can be directly computed after each interval is specified.

Let D' represent the set of all timestamps, ¢ € D%"  corresponding to trade
transactions, and DY represent its quote counterpart. We define the combined set
as D = D*" U D%. The National Best Bid and Offer (NBBO) prices, indexed by
t € D, are denoted as (Ptb,Pt“), where PP represents the best bid price and P?
represents the best ask price. The mid-price is calculated as the simple average,
given by P, = @. I denote P/*™ as the transacted price if t € D*". The best bid
and ask sizes are represented as S? and S?, respectively, for the record indexed by t.

Volume and duration: Predictors are associated with a stock’s trading inten-
sity within a specified look-back window. For instance, the presence of block trades
or a high frequency of transactions may suggest a recent surge in trading activity.
Although this heightened trading activity may not inherently reveal the direction
of the trend, it can interact with other predictors in a nonlinear manner, providing
additional support for the trend’s formation. The specific definition is provided below.

Breadth measures the number of transactions in the interval:

Breath(T, Ay, Ay) = | D™ 0 Int®™* (T, Ay, A)| (4.1)

Immediacy measures the average time between successive transactions in the in-
terval:
Ap— Ay

Immediacy(T, A1, Ag) = Breath(T. By, 0) (4.2)

VolumeAll measures the total number of shares transacted in the interval:

VolumeAll(T, Ay, Ag) = Z Vi (4.3)

telntback (T Aq1,A9)

VolumeAvg measures the average number of shares transacted for each transaction
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in the interval:

VolumeAll(T, Ay, Ay)

VolumeAvg(T, Ay, Ag) = Breath(T, Ay, A,)

(4.4)

VolumeMaz measures the maximum number of shares transacted in one transac-

tion in the interval:

VolumeMax (T, Ay, Ay) = maz{V; : t € Int™*(T, Ay, Ay)} (4.5)

Return and imbalances: Predictors are linked to the recent trading asymmetry
of the stock. These predictors may provide insights into the short-term trend. 1
possess information from both trades and quotes that can shed light on this trend.
For instance, if a significant majority of trades are categorized as buying trades that
match with limit sell orders, or if the bid substantially outweighs the ask in the Level
I quotes, it suggests upward pressure on the price. I define the following variables to
capture these aspects.

Lambda measures the price change in the interval proportional to total volume.

Let I = D% Int" (T, Ay, Ay), then:

Pmax([) - szn(l)
Lambda(T, Ay, Ay) = !
ambda (T, Ay, As) VolumeAll(T, Ay, Ay) 0

LobImbalance is the average imbalance in the depth of the limit order book over

the lookback interval:

a __ Qb
LobImbalance(T, Ay, Ay) = Avemge[gz n ?;] t € Int™* (T, Ay, Ay) (4.7)
t t

TxnImbalance measures the asymmetry of buy and sells volumes in recent trans-
actions. Denote by Dirl® the binary transaction direction at time t signed using the

algorithm of |Chakrabarty et al.| (2007)). Then transaction imbalance is calculated as
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Zteth"mlntb‘wk(T,Al,Az)(vlfDiTz‘,LR)
VolumeAll(T, Ay, Ag)

TaxnImbalance(T, Ay, Ay) = Average| (4.8)

PastReturn is the past return in the lookback window. Let I = DN Int** (T Ay, Ay):

[Pt e 1]

PastReturn(T, A1, Ag) =1 — Average 7
maz(I)

(4.9)

Speed and cost This set of predictors I employ measure the speed and cost
inherent in the stock’s trading.
Turnover is the speed of transactions to the stock’s total number of shares out-

standing.

VolumeAll(T, Ay, As)
S

Turnover(T, Ay, Ag) = (4.10)

AutoCov is the autocovariance of transaction returns in the interval. For any t €
D' denote by L; = argmax, {s: s < t,s € D"} the timestamp of the transaction

right before time t. Then the autocovariance is:

txn Pt:cn
AutoCov (T, Ay, Ay) = Average |log (W) log (Pttm ) t € DA Int tP*K (T, Ay, A)
Lt L(Lt)

(4.11)
QuotedSpread is the average proportional nominal spread in the quotes over the

lookback interval:

pe— pp
QuotedSpread (7', Ay, Ay) = Average % t e Int™® (T, AL Ay)| (4.12)
t

EffectiveSpread is the dollar-weighted percent effective spread over the interval:
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Ptm" LR txn
ZteDtmnlntbaCk (T,A1,A2) [log( 2 )Dlrt VP

EffectiveSpread (T, Ay, Ay) = S o (V, Py
te DtznN]n tbac ,A1,A2

(4.13)

Microstructure Measures This set of measures aligns with the approach in

Easley et al.| (2021)), encompassing several established market microstructure vari-

ables. As previously mentioned, the forecasting of mini flash crashes is valuable when

the model can deliver real-time predictions. To ensure this, I compute all of these

microstructure measures utilizing lookback windows. More specifically, I include the
following;:

Roll measure:

R, = 2y/|cov (AP, AP,_,)|
AP, =[AP,_,AP,_y_1,... AP, (4.14)
AP, 1 =[AP,_y_1,AP,_y,... AP, 4],
Where AP, is the change in close price between bars ¢ — 1 and ¢t and W is the
lookback window size.

Roll impact, which is the Roll measure divided by the value traded over the look-

back window, is:

B 2y/|cov (AP, AP,_)|

t Py, Roll impact: (4.15)
Kyle’s lambda is given by:
P, —P,_,
t= tt—t (4.16)
Zi:t biVy

Where b; is the trade indicator inferred by |Chakrabarty et al.| (2007)), which is
computed through one lookback window.

Amihud’s measure:
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t

1 7]
A _ 2 : (3

i=t—W+1

Where 7;, p;, V; are the return, price, and volume at look back window ¢ and W is
the lookback window size in terms of the number of trades.

Volume-synchronized probability of informed trading is estimated as:

T a b
VPIN, = % > Ll ‘;ipt (4.18)
i=T—W+1

P® and P} are bid and ask quotes.

Microstructure Realized Volatility and Noise The final set of measures
draws inspiration from a body of literature on microstructure noise, in line with the
theoretical framework proposed by Zhang et al.| (2005). This set comprises three
distinct measures:

Realized Volatility in each lookback window:

[P7 P]w = Z (Pti-H - Ptl)2 (419)

tew

Two-Scales Realized Volatility (TSRV) in each lookback window:

(PP)r = [V, VI = 2y v (420)

The combination is of two time scales, “all” and “average” sampling. More details
could be found in Zhang et al.| (2005).

The third one is RealizedmoM entsof DisjointIncrements(ReMeDI) which is a
new-developed measure to estimate microstructure noise, see Li and Linton| (2022).

The last one is the daily Volatility Index (VIX). VIX has no look-back window; it
is the CBOE Volatility Index, a popular measure of the stock market’s expectation of
volatility. It is based on S&P 500 index options and is provided daily by the Chicago
Board Options Exchange.



141

4.4.3 Machine Learning Methods
Models

In this paper, we evaluate the predictive performance of five essential machine learn-
ing models for detecting mini flash crashes. These models include regularized logistic
regression (LASSO) for linear parametric methods, penalized support vector machine
(penalized-SVM) for nonparametric techniques, and two ensemble techniques: ran-
dom forest and extreme gradient boosting (XGBoost). Additionally, we include a
Multi-layer Perceptron (NN) as a representative of neural network models. Further
theoretical details on these models are available in [Hastie et al.| (2009) and Murphy
(2013)).

We address an imbalanced classification problem where the response variable Y
indicates an impending mini flash crash (1) or its absence (0) within the look-forward
window. The prediction is based on a predictor vector X from a random sample (X;,
Y;), with Y = (yi, ..., y,)T. Each feature vector X; has a dimension of 232, covering
11 time spans for each of the 21 predictor variables, plus the volatility index (VIX)
from the preceding trading day. Machine learning algorithms can generate further

combinations of these predictors or select the most informative subsets.

Penalized Logistic Regression

Among well-established machine learning models, linear models are notable for their
simplicity and interpretability. Logistic regression, a widely used classification model,
employs the sigmoid function to map the linear regression’s value range into the

interval [0, 1]. Specifically, the response variable is defined as follows:

(4.21)

Through linear regression model:

7 =pB"X +¢ (4.22)
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Here, X represents the predictor vector. In the absence of regularization, standard
Ordinary Least Squares (OLS) in a high-dimensional setting often leads to poor out-
of-sample predictive performance due to in-sample overfitting. To address this issue, a
common approach is to introduce regularization through a penalty function applied to
normalized variables. Penalized least squares with an L; penalty is commonly known
as the Least Absolute Shrinkage and Selection Operator (LASSO). Specifically, let
X=1% X,ands = \/% S, (z; — Z,)? be the mean vector and standard deviations

of the predictor variables. Let Z = %ZZ Z; be the mean of the linear regression re-
sponse variable. Define the centered regression response Z: = Z;— 7 and standardized
predictors X, = diag (si',s3'.. ;1) (X — X) (i =1,...,n). LASSO then fits the
centered response on standardized predictors by solving the following optimization

problem:

B = argminge g {% > (Z - BTS(])Q + )\HBH} (4.23)

7
This optimization problem can be effectively solved using convex optimization
techniques. In this paper, I employ the coordinate descent algorithm, implemented
within the Scikit-learn software in Python, for this purpose.

After I solve the coefficient B , I can predict each new data X ., as:

— 1

Ynew - 1 N e—(?—}-aTXnew ) 5 Wlth }_r;; = dlag (51717 5517 .. 73;1) (XneW — 7)

(4.24)

LASSO is a straightforward and highly interpretable model that effectively shrinks
the coefficients of less informative predictors toward zero. This enables us to assess
the relevance of various predictors for the prediction problem. Consequently, I can
identify which features exhibit significant predictive power and can serve as key signals

for mini flash crash prediction.
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Support Vector Machine

The Support Vector Machine (SVM) is a highly regarded non-parametric algorithm
known for its strong performance and solid mathematical foundations. In this study,
it represents non-parametric forecasting models. For a detailed discussion, see Hastie
et al.| (2009) and Murphy| (2013).

An SVM constructs hyperplanes in a high-dimensional space to handle both clas-
sification and regression tasks. Given training vectors x; € RP; ¢ = 1,...,n in two
classes, and a response variable y € (1,—1)", the goal is to find w € R? and b € R
such that w?¢(z) + b predicts the sign of new input vectors x,e,. For having this w,

SVM solves the following primal optimization problem:

I -
min Sw'w + C’; G (4.25)

Subject to y; (ngb(m) + b) >1-¢,(>0,i=1,...,n

The SVM aims to maximize the margin between two classes by minimizing the
norm of the weight vector, |w|?> = wlw. Ideally, the hyperplane would perfectly
separate all samples, satisfying y; (quS (x;) + b) > 1 for all i. In practice, perfect
separation is often unattainable, so some samples are allowed to deviate by a distance

(; from their correct margin boundary. The penalty term C regulates the penalty

strength. The dual problem corresponding to the primal problem is as follows:
1 g T
min ;o Qo —e' «a

Subject to yTa = 0,0 < a; < C,i=1,...,n, where e is the vector of all ones, Q is a
matrix: Qi = iy, K (z:x;), where K (v;2;) = ¢ (2:)" ¢ (2;) is the kernel.

The kernel function is crucial for mapping samples into higher or infinite-dimensional
spaces. For further details, refer to Hastie et al. (2009). Extensive experiments in this
paper fine-tuned hyperparameters. Results showed that employing the linear kernel

(simple inner product, < x,x >) with hinge loss consistently outperformed other
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choices. In subsequent empirical results, only results from the linear kernel support
vector machine will be presented. When solving the optimization problem, a support

vector can predict a new sample xey by:

Z ylaZK(xza xnew) + b (426)

€SV

Then the predicted class corresponds to its sign.

Random forests

In this paper, ensemble learning tree-style models are explored for their forecasting
capabilities, despite their comparative lack of interpretability compared to linear mod-
els. Specifically, the random forest ensemble model is employed. Random forests, as
scalable nonparametric learning methods, improve upon single decision trees’ poten-
tial instability and limited predictive power by ensembling multiple individual trees.
By training independent decision trees and averaging their outcomes, prediction vari-
ance is reduced, resulting in more stable and reliable forecasts. As outlined in |Hastie
et al. (2009), random forests are constructed iteratively by growing regression trees
through bootstrap sampling from the dataset. This iterative process enhances the

model’s robustness and predictive performance. The algorithm is outlined as follows

in Hastie et al.| (2009):

e Forb=1to B

— Draw a bootstrap sample Z* of size N from the training data.

— Grow a random-forest tree T, to the bootstrapped data, by recursively
repeating the following steps for each terminal node of the tree, until the
minimum node size Ny, 1S reached.

* Select m variables at random from the p variables.
* Pick the best variable/split-point among the m.

x Split the node into two daughter nodes.
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— Output the ensemble of trees {T}}7.

For new data, I want to predict x : Let C’b(x) be the class prediction of the b th
random-forest tree. Then CA'T’,P}(X) = majority vote {C‘b(x)}f (Hastie et al.| (2009)).

Predictions from bagging methods often show high correlation because they rely
on samples from the same dataset. However, by utilizing random forests, which in-
volve bagging independently trained decision trees from bootstrapped samples along-
side variable selection at each node, performance can be enhanced. This approach
boosts independence among the trees, thereby reducing prediction dependence. Ran-
dom forests effectively lower variance compared to a single decision tree, resulting in

improved predictions.

Extreme Gradient Boosting

The second ensemble model utilized in this study is Extreme Gradient Boosting (XG-
Boost), originally introduced by [Friedman (2001). XGBoost, a popular ensemble
model outside the realm of deep learning, leverages multiple weak base tree learn-
ers. These learners typically exhibit high bias, with predictive performance only
marginally better than random guessing.

In contrast to bagging techniques like Random Forest, which grow trees to their
maximum depth, boosting aims to create small, shallow trees for interpretability.
XGBoost begins with an initial model, denoted as Fp, to predict the target variable
y. Then, the residual, represented as y — Fj, is computed. A new model, hq, is
subsequently fitted to this residual. By combining h; with Fj, the mean squared
error is reduced. This iterative process continues, updating Fi(z) < —Fy(x) + hi(x),
until the residuals are minimized. The algorithm follows these steps:

N

Given training set {(z;,y;)},_,, and a well-defined differentiable loss function L(y, F'(z)),

several weak tree learners M and a learning rate .
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e Initialize model with a constant:

fo(x) = argmin > L (1,6). (4.27)

=1
e Form=1toM:

— Compute the gradients and hessians:

Gm ( Z) |: (xl) :|f($)f(m1)(z) (4 28)
() = [ 2201 ()] |
of (xz)2 F@)=f(m-1)(x)

. N
— Fit a weak tree leaner using the training set {xi, —%} by solve the
m\Lq =1

optimization problem:

N R 2
o, — argmin, Z B () [— Im (z:) _ 0 (%)]
=1

han (:) (4.29)

fomy (@) =0 B ()

— Update the model:

e Output f(x) = Zn]‘f:() f(m) (z)

XGBoostContributors| (2023)
More details could be found in [Friedman| (2001)) and XGBoost documents (XG-
BoostContributors (2023))).
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Neural Network model (Supervised)

The Neural Network model(NN) is a supervised learning algorithm designed to learn a
function f(-) : R™ — R° through training on a dataset. Here m represents the number
of input dimensions, while o denotes the number of output dimensions. Utilizing a
feature set X = x1,x9,...,2,, and a target y, the NN can approximate non-linear
functions for either classification or regression tasks. Unlike logistic regression, the
NN incorporates one or more non-linear layers, known as hidden layers, between the
input and output layers. Figure illustrates an NN with a single hidden layer and
scalar output. In my implementation, I only considered single layer with 100 neurons
due to the complexity. The prediction outcomes are binary: a result of 1 indicates
the occurrence of a mini flash crash, while a result of 0 signifies its absence.
Figure

More details could be found in Hastie et al.| (2009) and sklearn documents (Pe-

dregosa et al.| (2011)).

Measuring Prediction Accuracy

I utilize Receiver Operating Characteristic (ROC) and Area under the ROC Curve
(AUC) as metrics to assess our model’s prediction accuracy. Predicting mini flash
crashes essentially amounts to a supervised anomaly detection problem, given the
exceedingly low probability of occurrence. With our dataset significantly imbalanced,
the commonly used accuracy score becomes an inappropriate performance measure.

To illustrate, suppose only 0.1% of the look-forward window is labeled as a mini
flash crash occurrence. In such cases, a naive approach might classify all windows as
having no mini flash crashes, yielding a misleadingly high accuracy score of 99.9%.
However, ROC provides a more suitable evaluation metric for imbalanced data prob-
lems. Originating from signal analysis technology, ROC curves have found extensive
use in fields such as medical issue detection. These curves effectively illustrate a clas-

sification model’s performance across all classification thresholds, plotting two key
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parameters:

e True Positive Rate (TPR): TPR = TPZ%

e False Positive Rate (FPR): FPR = TPZ%

TP, TN, FN, and TN are all from the confusion matrix, see Mohajon| (2020):
Figure 4.8

An ROC curve depicts the trade-off between True Positive Rate (TPR) and False
Positive Rate (FPR) at different classification thresholds. Lowering the threshold
results in more items classified as positive, increasing both False Positives and True
Positives. Test samples are arranged in descending order based on predicted proba-
bilities of being True, with the model sequentially predicting each sample as True to
compute TPR and FPR. In a well-performing model, the curve exhibits a steep initial
increase from 0, followed by a gradually slowing growth towards 1. AUC (Area under
the ROC Curve) quantifies the area beneath the ROC curve, akin to calculating the
integral of a function. It provides a comprehensive measure of performance across
all thresholds, representing the probability of the model ranking a randomly selected

positive example higher than a randomly selected negative example.

Imbalanced Data Processing Strategies

As mentioned earlier, our problem involves imbalanced data. In addition to utilizing
the raw data directly, I will employ five additional strategies to address the data
imbalance issue.

Undersampling: One approach to address data imbalance is to achieve a bal-
anced sample set by removing surplus samples from the majority class (instances
where no mini flash crash occurs). While this is the simplest strategy, it comes with
drawbacks, including the loss of a substantial portion of data and valuable infor-
mation inherent in the majority class. This approach may diminish the impact of

certain majority cases, particularly those carrying informative value. For instance,
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in support vector machine algorithms, deleted samples may include support vectors
near the margin hyperplane on the majority class side, potentially leading to higher
bias in the model.

Oversampling: Another strategy involves randomly duplicating synthetic sam-
ples in the minority class (instances where a mini flash crash occurs) to balance class
sizes. However, this approach carries a risk of introducing noise samples, potentially
leading to overfitting. As discussed in Chapter [3] this strategy does not yield opti-
mal performance and can be resource-intensive. Consequently, I have chosen not to
employ this strategy in my empirical analysis.

Synthetic Minority Oversampling Technique (SMOTE): SMOTE repre-
sents a nuanced oversampling approach, utilizing the K-Nearest Neighbors (KNN)
algorithm to generate new samples within the minority class. These samples are
designed to be similar to, yet distinct from, the original ones. Compared to sim-
ple oversampling, SMOTE functions akin to ensemble learning, mitigating variance
and the risk of overfitting. However, while effective in addressing class imbalance,
SMOTE has limitations. Relying on the minority class to generate synthetic sam-
ples can amplify noise impact due to data distribution changes. Moreover, SMOTE’s
computational complexity surpasses that of both oversampling and undersampling
methods.

Threshold Moving: This strategy entails threshold adjustment to enhance the
model’s sensitivity to the minority class. In balanced data problems, the threshold
is usually set at 0.5. Models calculate the probability of each sample belonging to
class 1 or 0 and compare it with the 0.5 threshold. However, in imbalanced data
scenarios, a straightforward approach is to shift the threshold to reflect the ratio of
some minority class samples to some majority class samples in the training dataset.

Ensemble Undersampling: As mentioned earlier, the undersampling strat-
egy involves deleting a significant number of majority samples to achieve a balanced
dataset, potentially wasting valuable data. An alternative approach is multiple rounds

of undersampling. For instance, with 10,000 majority class samples and only 50 mi-
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nority class samples, one can create 200 sets of new samples. Each set would include
all 50 minority class samples and an additional randomly selected 50 majority sam-
ples. These 200 models are then independently trained, and their results are com-
bined in an ensemble. While offering potential advantages such as potentially more
reliable performance, this strategy increases computational complexity significantly
and maintains the risk of overfitting, as minority class samples are repeatedly used.
However, in scenarios like anomaly detection, such as ours, successful detection of
mini flash crashes is crucial. Therefore, assuming good quality minority class data,

this strategy may yield dependable performance.

4.5 Empirical Analysis

Analyzing all detected mini flash crashes within various time intervals (180s/90s/15s/1.5s)
in my dataset, I initially aggregate the mini flash crash events in both NYSE Amer-
ican and the control group. Subsequently, I conduct a difference-in-differences panel
data regression to assess the impact of the speed bump on mini flash crashes. As
illustrated below, none of these results exhibit high significance, suggesting that a
direct observation of the speed bump’s impact does not yield a clear effect.

However, this prompts a critical question: does the lack of immediate significance
imply that the speed bump is entirely ineffective in mitigating mini flash crashes?
Similar to a policy targeting traffic accidents, the speed bump may not immediately
reduce the number of incidents, but it could influence and discourage dangerous
driving patterns. The positive effects may manifest in the long term, emphasizing
the need for a more nuanced understanding of the speed bump’s impact on mini flash
crashes.

Hence, I employ machine learning techniques to identify patterns in mini flash
crashes and assess the impact of the speed bump. In addition to using the original
imbalanced data, I apply all the strategies mentioned earlier, excluding oversampling,

in combination with four models: logistic regression with an [; penalty (LASSO),
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random forest, support vector machine, and XGBoost. As defined in the problem
setup section, I consider eight scenarios of mini flash crashes based on the looking
forward window, aiming to detect crashes within 180s/90s/15s/1.5s, without taking
into account reversal and with strict reversal as defined in Section [4.4.1]

One key motivation behind Nanex (2010))’s definition of mini flash crashes is the
requirement for a short time interval. Nanex| (2010)) uses a 1.5-second time window,
in which even slow traders like humans cannot react quickly enough to cause stock
prices to rise or fall significantly. In my empirical analysis, I not only cover short time
intervals like 1.5 seconds and 15 seconds, where slow traders have limited impact on
mini flash crash events, but I also consider longer time intervals such as 180 seconds
and 90 seconds. For the 180-second and 90-second mini flash crashes, slow traders,
including individuals, can have a more substantial effect on market dynamics.

As previously outlined in Section this paper utilizes ROC and AUC as the
evaluation metrics to gauge the performance of machine learning predictions, partic-
ularly due to the challenge posed by imbalanced data.

As suggested by [Liu/ (2023)), a speed bump can indeed exert a substantial impact
on market quality. It is reasonable to speculate that the probability of long-term
mini flash crashes may also be influenced by such policies, particularly when the
market reaches a state of equilibrium between slow and fast traders, resulting in their

respective feedback effects on the market.

4.5.1 Number of long term mini flash crashes regression

I begin by tallying the occurrences of mini flash crashes, both with and without
reversal, for NYSE American and the control group before and immediately after the
implementation of the speed bump. The summarized statistics of without reversal
are presented in Panel A of Table [4.9]
Table [4.9]
The summarized statistics of without reversal are presented in Panel A of Ta-

ble [4.10
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Table [4.10]
For each trading day ¢, I ultimately compute the variance in the number of mini

flash crashes as follows:

NumMiniCrash; 1s0s =

NumMznZCTaShi,t,NYSE American ,180s — NumMZnZCraShi,t, control,180s -

NumMiniCrash; ;150s, Rev =

NumMiniCTaShi,t,NYSE American ,180s,Rev — NumMiniCTGShi,t, control,180s,Rev -

Next, I conduct the following two regressions using a panel data approach, incor-

porating fixed effects for both date and stock:

2
NumMiniCrash;;1s0s = o +5S peedBumpt—l—'yVolatilityt—l—Z 0,ControlVariable; ; ,+€; ¢
q=1

(4.30)

2
NumMiniCrash; t180s, Rev = ozz-+65peedBumpt—I—vVolatilitythZ d,ControlVariable; ; ,+¢; ¢
q=1

(4.31)

where NumMiniCrash;1s0s denotes the difference in the number of mini flash
crashes between NYSE American and the control group without strict reversal, while
NumMiniCrash; ;150 rev signifies the difference in the number of mini flash crashes
between NYSE American and the control group with strict reversal for stock ¢ on day
t. The term «; incorporates stock and date fixed effects. Additionally, Speed Bump;
is an indicator variable with a value of 1 after speed bump implementation and 0
otherwise. The variable “Volatility” corresponds to the opening value of the CBOE’s
VIX index on day ¢t. Other independent variables serve as control variables. The
ControlVariable; , includes two stock-level control variables: the daily turnover

difference and the daily stock volatility difference (calculated as per |Alizadeh et al.
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(2002)). In the linear regression without fixed effects, we also introduce the market
capitalization of the stock.
Table 4.13]

Table [4.13| presents the outcomes of our regression analysis, conducted with and
without fixed effects, considering mini flash crashes both with and without the re-
versal requirement. In our linear regression models, we estimated the coefficients of
the speed bump dummy variable to assess its causal impact on the probability of
mini flash crashes. The coefficients suggest a positive effect of the speed bump pol-
icy on NumMiniCrash;1sos, indicating an increased number of mini flash crashes.
However, this result is not consistent between mini flash crashes without the strict
reversal criterion and those with reversals in the regressions. Importantly, all results

lack statistical significance.

4.5.2 Long term mini flash crashes prediction

In this subsection, I investigate the probability of long-term (180s) mini flash crashes,
considering both those without reversal and those with reversal.

To train the models for calculating the probability of mini flash crashes before
the speed bump, I utilize data spanning from March 15, 2017, to April 26, 2017
(Period 1, comprising 30 trading days). The performance of these models is then
assessed from April 27, 2017, to June 8, 2017 (Period 2, spanning 30 trading days).
This evaluation period serves as a basis for strategy and model selection, including
hyperparameter tuning. For models forecasting the probability of mini flash crashes
immediately following the speed bump, I employ data from April 27, 2017, to June
8, 2017 (Period 2, comprising 30 trading days) for training, while the subsequent 30
trading days from June 9, 2017, to July 23, 2017 (Period 3, spanning 30 trading days)
are reserved for hyperparameter tuning.

After selecting the best model and the most suitable imbalanced data processing
strategy during the tuning process described above, I train the chosen model on

Period 2 and Period 3 data. This approach enables the model to capture the most
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up-to-date market information immediately before the test period before the speed
bump (Period 3) and the test period following the speed bump (Period 4).

For mini flash crashes without reversal, the tuning results of NYSE American are
displayed in Panel A of Table 4.5 and the control group’s tuning results can be found
in Panel A of Table [£.6] In both tuning processes, conducted both before and after
the speed bump, the ensemble undersampling combined with XGBoost demonstrates
the most outstanding performance. The corresponding ROC curves are presented
in Panel (a) and Panel (b) in Figure 4.9 Consequently, I employ this strategy to

calculate the probability as follows:

~ B
o Z{fb(xi,t,j,NYSE American ,1803)}1

Pi,j,t,NYSE American ,180s — Ng

The probability, denoted as fb(xz-yt,j, NYSE American 180s); 18 estimated through XG-
Boost for each balanced undersampling dataset constructed by pairing the minority
class with an equal number of randomly selected majority samples. Here, B represents
the number of XGBoost models I have trained. The final probability is calculated as
the aggregate voting ratio across all models for a specific stock 4, within time interval
7, on date t, throughout the entire Period 3, which comprises the days leading up to
the implementation of the speed bump on NYSE American. As shown in Panel A of
Table [4.6], the control group exhibits similar tuning results, with ensemble undersam-
pling combined with XGBoost delivering the best performance. The ROC curve for
the control group can be found in Panel (c¢) and Panel (d) in Figure [4.9] Using the
same methodology, I calculate the probabilities for all stocks P4, j,t, control within

the control group as follows:

R B
S{ Fo (@i t.j.controt180s) }

-Pi,j,t,Control,l803 - N L

Then, I calculate the daily average probability of NYSE American as:

Pi,t,NYSE American ,180s — Average<Pi,j,t,NYSE American ,1803) for all ] in date t.

and its control group as:
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-Pi,t,Control,lSOs - Average(Pi,j,Control,ISOS) for all .] in date .

for each trading day t. Finally, I calculate relative probability

P4 - ln Pz‘,t’NYSE American ,180s
,t,180s Pi,t, control,180s ’

for each stock and each day.

Panel A of Table[d.11]shows the daily average of mini flash crashes without reversal
of all traded stocks in NYSE American and the control group.

Table 4.11]

For mini flash crashes with reversal, the tuning results for NYSE American are
presented in Panel A of Table while the control group tuning results are displayed
in Panel A of Table Similar to the no-reversal version, in both tuning processes,
before and after the speed bump, the ensemble undersampling combined with XG-
Boost achieves the best performance. The ROC curve for this strategy can be found
in Panel (a) of Figure for the pre-speed bump period and post-speed bump period
in Panel (b) of Figure . Consequently, I utilize the same ensemble undersampling
combined with XGBoost to calculate the probability, as follows:

B

Z{fb(mi,t,j,NYSE American ,ISOS,ReU)}l

Pi,j,t,NYSE American ,180s,Rev — Np

The fb(xi,t, J, NYSE American, 180s, Rev) is estimated using XGBoost for each
balanced undersampling dataset, created by pairing the minority class with an equal
number of randomly selected majority samples. In this context, B represents the
number of XGBoost models that have been trained. The final probability is computed
as the aggregated voting ratio across all models for a specific stock 7, in time interval
7, on date t throughout period 3, which encompasses the days leading up to the
implementation of the speed bump on NYSE American. As the Panel A of Table
[4.6] shows, my control group shows similar tuning results, ensemble under-sampling
combined XGBoost shows best performance. I can use same to way to calculate

control group probability. The control group ROC curve is shown in Panel (c¢) of
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Figure for the pre-speed bump period and post-speed bump period in Panel
(d) of Figure m.Through the same way, I calculate all P; ;¢ controt, Rev Stocks in the

control group in the same way as:

~ B
P . Z{fb(Ii,t,j,Control,ISOs,Rev)}1
1,7,t,Control,180s,Rev — Ng

Then, I calculate the daily average probability of NYSE American stock’s mini

flash crashes as:
P 4 NY SE American ,180s,Rev = Average(P; i Ny SE American ,180s,Rev) for all j in date .
and its control group as:
B,t,Control,lSOs,Rev = Average(Pi,j,t,Control,lSOs,Rev) for all ] in date ¢.

for each trading day ¢. Finally, I calculate relative probability of mini flash crashes

with quick reversal as:

P' _ ln Pi,t,NYSE American ,180s,Rev
i,t,180s, Rev Pi,t, control ,Rev ’

for each stock and each day.
Panel A of shows the daily average of mini flash crashes with reversal of all
traded stocks in NYSE American and the control group.

Table [4.12l

4.5.3 Probability of long term mini flash crashes regression

Having successfully predicted the probability of mini flash crashes without and with
strict reversal, I proceed with the following two regressions, employing a panel data

approach with fixed effects by date and stock:

2
P, 1 180s = a; + BSpeed Bump, + yVolatility, + Z d,ControlVariable; ; , +;; (4.32)
q=1
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2
P, 11805, Rev = ozi+BSpeedBumpt—1—7Volati1ityt+Z d,ControlVariable; ; ,+¢; ¢ (4.33)
g=1

where P ; 1505 is the daily average probability of mini flash crashes without strictly
reversal and P 150s,rev 15 the daily average probability of mini flash crashes with
strictly reversal for stock i on day t, «; is the stock and date fixed effect, and
Speed Bumpy is an indicator variable taking the value of 1 after speed bump imple-
mentation, 0 otherwise. Volatility is the opening value of CBOE’s VIX index on day
t. The other independent variables are control variables. The ControlVariable;
represents two stock-level control variables: the daily turnover difference and the
daily stock volatility difference (calculated as Alizadeh et al. (2002)). For the linear
regression without fixed effect, we also add market capitalization of the stock.

Table 4.14]

Table [4.14] presents the results of our regression analysis, conducted both with and
without fixed effects, considering mini flash crashes with and without the reversal
requirement. In our linear regression models, we estimated the coefficients of the
speed bump dummy variable to assess its causal impact on the probability of mini
flash crashes. Surprisingly, our findings suggest that the speed bump policy had a
positive effect on P;; 1505, indicating an increase in the long-term probability of mini
flash crashes. This outcome holds consistently for both mini flash crashes without the
strict reversal criterion and those with reversals in the regressions that incorporate
stock fixed effects.

Interestingly, these results align with empirical evidence from Liu/ (2023)), which in-
dicates that the speed bump implementation on NYSE American significantly reduces
relative price discovery while simultaneously increasing both the cost of immediacy
and market volatility. As NYSE American becomes a slower market with all incoming
orders delayed by 350 microseconds, it is reasonable to assume that more uninformed

noise traders have migrated to this exchange since the policy’s adoption. This influx
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of noise traders may have contributed to the reduced informativeness of NYSE Amer-
ican’s prices and the increased prevalence of microstructure noise. Consequently, the
heightened presence of noise in NYSE American may explain our findings, indicat-
ing an elevated probability of long-term mini flash crashes in the 180-second interval

following the speed bump’s implementation.

4.5.4 Number of medium term mini flash crashes regression

Same as the 180s long term version, I begin by tallying the occurrences of mini flash
crashes, both with and without reversal, for NYSE American and the control group
before and immediately after the implementation of the speed bump. The summarized
statistics of without reversal are presented in Panel B of Table 4.9
Table [4.9]
The summarized statistics of without reversal are presented in Panel B of Ta-
ble 4100
Table 4.10]
For each trading day ¢, I ultimately compute the variance in the number of mini

flash crashes as follows:

NumMiniCrash; ;1 gos =

NumMiniCTGShi,t,NYSE'American,QOs - NumMiniCraShi,t, control,90s

NumMiniCrash; ;.90s, rev =

NumMiniCr ashi,t,NYSEAmerican,QOs,Rev — NumMiniCr aShi,t,controLQOs,Rev

Next, I conduct the following two regressions using a panel data approach, incor-

porating fixed effects for both date and stock:

2
NumMiniCrash; g0s = c;+5S peedBumpt—l—v\/olatilityt—f—Z d,ControlVariable; ; ,+¢; ¢
qg=1

(4.34)
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2
NumMiniCrash; 1 9os, rev = i +BSpeedB umpt—l—y\/olatilityt—kz d,ControlVariable; ; ,+¢; ¢+
q=1

(4.35)
where NumMiniCrash; s denotes the difference in the number of mini flash
crashes between NYSE American and the control group without strict reversal, while
NumMiniCrash;; gos, rev signifies the difference in the number of mini flash crashes
between NYSE American and the control group with strict reversal for stock ¢ on day
t. The term «; incorporates stock and date fixed effects. Additionally, Speed Bump;
is an indicator variable with a value of 1 after speed bump implementation and 0
otherwise. The variable ” Volatility” corresponds to the opening value of the CBOE’s
VIX index on day ¢t. Other independent variables serve as control variables. The
ControlVariable; , includes two stock-level control variables: the daily turnover
difference and the daily stock volatility difference (calculated as per |Alizadeh et al.
(2002)). In the linear regression without fixed effects, we also introduce the market
capitalization of the stock.
Table [4.15!

Table presents the outcomes of our regression analysis, conducted with and
without fixed effects, considering mini flash crashes both with and without the reversal
requirement. In our linear regression models, we estimated the coefficients of the
speed bump dummy variable to assess its causal impact on the probability of mini
flash crashes. The coefficients suggest a positive effect of the speed bump policy on
NumMiniCrash; gos, indicating an increased number of mini flash crashes. Like the
long-term version, this outcome exhibits inconsistency between mini flash crashes that
lack the strict reversal criterion and those with reversals in the regressions. Notably,

none of the results demonstrate statistical significance.
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4.5.5 Medium term mini flash crashes prediction

In this subsection, I replicate the same procedure to investigate the probability of mini
flash crashes in the medium term (90 seconds). Just like the 180-second analysis, this
90-second examination offers a robust check of our findings, as it provides another
timeframe in which slow traders, including individual investors, have ample time
to react to market developments. I conduct empirical assessments for both mini
flash crashes without the reversal requirement and those with reversals, mirroring the
approach used in the previous subsection.

To train the models and calculate the probability of mini flash crashes before the
speed bump, I utilize data from Period 1 and evaluate the models’ performance during
Period 2. This evaluation phase facilitates the selection of strategies, model selection,
and hyperparameter tuning. For models aimed at estimating the probability of mini
flash crashes immediately following the speed bump, I employ data from Period 2
as the training set and data from the subsequent 30 trading days in Period 3 for
hyperparameter tuning.

Following the same methodology used in the previous section, I utilize the best-
performing model and optimal imbalanced data processing strategy selected through
the tuning process. This approach allows us to leverage the most up-to-date market
information in Period 3 to train the model, which is then applied to both the test
period preceding the speed bump (Period 3) and the post-speed bump period (Period
4).

For mini flash crashes without the reversal requirement in the medium term (90
seconds), I present the tuning results for NYSE American in Panel B of Table and
the control group tuning results in Panel B of Table [4.6] As observed in my analysis
for the 180-second timeframe, the ensemble undersampling combined with XGBoost
consistently outperforms other methods in both the period before and after the speed
bump. The ROC curve for this model is illustrated in Panel (a) of Figure for
the pre-speed bump period and in Panel (b) of Figure for the post-speed bump
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period. Consequently, I still employ this strategy to calculate the probability for mini

flash crashes without reversal in the medium term.

. B
P o Z{fb(l'i,j,t,NYSE American ,905)}1
1,7,t,NY SE American ,90s — Ng

The probability, denoted as fb(xiﬁt,j, NYSE American 90s), 18 estimated through XG-
Boost for each balanced undersampling dataset constructed by pairing the minority
class with an equal number of randomly selected majority samples. Here, B repre-
sents the number of XGBoost models I have trained. The probability is calculated
for stock i, in time interval j, date t in the whole period 3 , which are days before
the implementation of the speed bump in NYSE American. As the Panel B of Table
[4.6] shows, my control group shows similar tuning results, ensemble under-sampling
combined XGBoost shows best performance. The control group ROC curve is shown
in Panel (c) of Figure for the pre-speed bump period and post-speed bump pe-
riod in Panel (d) of Figure . I can use same to way to calculate control group
probability. Through the same way, I calculate all P ;; contror,00s stocks in the control

group in the same way as:

7 B
P _ Z{fb(xi,j,t,Control,QOS)}1
1,7,t,Control,90s —— N

Then, I calculate the daily average probability of NYSE American as:
P, 4 Ny SE American ,00s = Average(P; ;1 Ny SE American ,00s) for all j in date ¢.
and its control group as:
Pt controt,00s = Average(P; j controt,0s) for all j in date t.

for each trading day t. Finally, I calculate relative probability

P -] P; ¢ NYSE American ,90s
i,t,90s = 111 22 .
i,t, control,180s
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for each stock and each day.

Panel B of shows the daily average of mini flash crashes in 90s without
reversal of all traded stocks in NYSE American and the control group.

Table 4.17]

For mini flash crashes with reversal, the tuning results for NYSE American are
displayed in Panel B of [4.7] while the control group tuning results are presented in
Panel B of 4.8 Similar to the no-reversal version, for NYSE American, the ensemble
undersampling combined with XGBoost performs best in both tuning processes before
and after the speed bump. However, for the control group, direct undersampling
combined with Random Forest exhibits the best performance. Therefore, I will use
undersampling combined with Random Forest to calculate the probability of mini
flash crashes in 90s. The ROC curves for these models are depicted in Panel (a)
of Figure for the pre-speed bump period and post-speed bump in Panel (b)
of Figure [£.14] Consequently, I employ the ensemble undersampling combined with
XGBoost for NYSE American and the undersampling combined with Random Forest
for the control group to calculate the probabilities.:

B

- Z{fb(évi,j,t,NYSE American ,905,Reu)}1

P’L’,j,t,NYSE' American ,90s,Rev — Nz

The fb(m', J,t, NY'SE American ,90s, Rev) is estimated using XGBoost combined
with undersampling, as described in the previous section. This estimation is per-
formed for stock 7, in time interval j, on date ¢, spanning the entire period 3, which
encompasses the days leading up to the implementation of the speed bump on NYSE
American. As shown in Panel A of Table my control group exhibits similar
tuning results, with ensemble undersampling combined with XGBoost showing the
best performance. 1 employ the same method to calculate the probability for the
control group. The ROC curves for the control group are displayed in Panel (c) of
Figure for the pre-speed bump period and postt-speed bump period in Panel
(d) of Figure . Using the same approach, I calculate all P ;; controi, Rev Values for

stocks in the control group.
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P _ {éb(x)}l
,5,t,Control,90s,Rev — Ng

. B
The {Cb(x)} is estimated by each decision tree votes as positive in random

1
forest, Nz is the number of trees. Then, I calculate the daily average probability of

NYSE American stock’s mini flash crashes as:
]Di,t,NYSE American ,90s,Rev — Average<Pi,j,t,NYSE American ,QOS,Rev) for all ] in date t.
and its control group as:
-Pi,t,Cont'rol,9()s,Rev = Average(-Pi,t,j,Cont'rol,Q(]s,Rev) for all ] in date t.

for each trading day t. Finally, I calculate relative probability of mini flash crashes

with quick reversal as:

P‘ _ ln Pi,t,NYSE American ,90s,Rev
4,t,90s, Rev Pi,t, control ,90s,Rev :

for each stock and each day.
Panel B of shows the daily average of mini flash crashes with reversal of all
traded stocks in NYSE American and the control group.

Table 4.12I

4.5.6 Probability of medium term mini flash crashes regres-
sion

After successfully predicting the probability of mini flash crashes, both with and
without strict reversal, I proceed to conduct the following two regressions using a

panel data approach with fixed effects for both date and stock:

2
Pt 90s = a; + BSpeed Bump, + yVolatility, + Z d,ControlVariable; ; , + £;;+ (4.36)

g=1
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2
P, 1 905, Rev = i+ BSpeedBumpt+7Volatilityt—|—Z d,ControlVariable; ; ,+¢; ¢ (4.37)
g=1

In these equations, F;;q0s represents the daily average probability of mini flash
crashes without strict reversal, and P ; 905, rev Tepresents the daily average probability
of mini flash crashes with strict reversal for stock ¢ on day ¢. The variable «; denotes
the stock and date fixed effects, while Speed Bump, is an indicator variable that takes
the value of 1 after the implementation of the speed bump and 0 otherwise. The
term “Volatility” corresponds to the opening value of the CBOE’s VIX index on day
t. Additionally, there are control variables denoted as ControlVariable;;,, which
encompass two stock-level control variables: the daily turnover difference and the
daily stock volatility difference, as calculated following the method of |Alizadeh et al.
(2002). In the linear regression model without fixed effects, we also include the market
capitalization of the stock as an independent variable.

Table 4.18]

Table displays the results of regression analyses conducted with and without
fixed effects for both scenarios, considering mini flash crashes without strict reversal
and those with reversal requirements. In the linear regression models, I estimated the
coefficients of the dummy variable “speed bump” enabling us to discern the causal
effect of the speed bump on the probability of mini flash crashes. The findings indicate
that the speed bump had a positive effect on P ; 905, signifying an increase in the long-
term probability of mini flash crashes. These results consistently hold for both mini
flash crashes without strict reversal and those with reversals when accounting for
stock fixed effects.

The results for the 90s analysis align comprehensively with the 180s analysis.
For both scenarios, encompassing mini flash crashes without reversal and those with
reversal, we observe that the speed bump has a positive impact on the long-term

probability of mini flash crashes in minutes. In summary, in the context of relatively
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long-term intervals at the minute level, the speed bump appears to elevate the likeli-
hood of impending mini flash crashes. This trend may be attributed to reduced price
discovery in a condition where more noise traders execute their trading activities in

NYSE American.

4.5.7 Number of short term mini flash crashes regression

Using the same methodology as in the previous section, I compute the count of mini
flash crashes, both with and without reversal, for NYSE American and the control
group before and immediately after the implementation of the speed bump. The
summarized statistics without reversal are detailed in Panel C of Table [£.9.
Table
The summarized statistics of without reversal are presented in Panel C of Ta-
ble [4.10
Table [4.10]
For each trading day ¢, I ultimately compute the variance in the number of mini

flash crashes as follows:

NumMiniCrash; 155 =

NumMiniCrash; 1 Ny sE American 155 — NumMiniCrash . control 15s-

NumMiniCrash; 155, rev =

NumMiniCTaShi,t,NYSE American ,180s,Rev — NumMiniCTaShi,t, control,15s,Rev+

Next, I conduct the following two regressions using a panel data approach, incor-

porating fixed effects for both date and stock:

2
NumMiniCrash;;15s = a;+BS peedBumpt—i-nyolatilityt—i-Z 0,ControlVariable; ; ,+€;
q=1

(4.38)
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2
NumMiniCrash; ; 15s, pev = ozi+BSpeedBumpt+7Volatilityt+z d,ControlVariable; ; ,+¢; ¢+
q=1

(4.39)
where NumMiniCrash; 155 denotes the difference in the number of mini flash
crashes between NYSE American and the control group without strict reversal, while
NumMiniCrash; i 15s,rev signifies the difference in the number of mini flash crashes
between NYSE American and the control group with strict reversal for stock ¢ on day
t. The term «; incorporates stock and date fixed effects. Additionally, Speed Bump;
is an indicator variable with a value of 1 after speed bump implementation and 0
otherwise. The variable “Volatility” corresponds to the opening value of the CBOE’s
VIX index on day ¢t. Other independent variables serve as control variables. The
ControlVariable; , includes two stock-level control variables: the daily turnover
difference and the daily stock volatility difference (calculated as per |Alizadeh et al.
(2002)). In the linear regression without fixed effects, we also introduce the market
capitalization of the stock.
Table
Table presents the results of our regression analysis, conducted with and
without fixed effects, considering mini flash crashes both with and without the reversal
requirement. In our linear regression models, we estimated the coefficients of the
speed bump dummy variable to assess its causal impact on the probability of mini
flash crashes. Surprisingly, our findings suggest a positive effect of the speed bump
policy on NumMiniCrash; 155, indicating an increased number of mini flash crashes.
This result is consistent for both mini flash crashes without the strict reversal criterion
and those with reversals in the regressions that incorporate stock fixed effects or not.

However, all results lack statistical significance.
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4.5.8 Short term mini flash crashes prediction

In this sub-section, I employ the same approach to investigate the short-term prob-
ability of mini flash crashes in 15 seconds, considering both scenarios of mini flash
crashes with and without reversal. In the definition of mini flash crashes outlined in
Section [4.4.1] we characterize mini flash crashes as involving at least a tenfold increase
or decrease in stock prices. Within a 15-second timeframe, it becomes challenging
for slow traders, such as human investors, to react swiftly enough and induce such
rapid price crashes. Hence, it is reasonable to assume that this level of flash crashes
is primarily attributed to fast traders, such as high-frequency traders.

To train the models for calculating the probability of mini flash crashes before the
speed bump, I adhere to the same procedure, utilizing data spanning Period 1 and
evaluating model performance in Period 2. This evaluation phase serves as a means for
strategy and model selection, as well as hyperparameter tuning. For models aiming
to predict the probability of mini flash crashes occurring immediately after the speed
bump, I employ data from Period 2 as the training set, and the subsequent 30 trading
days from Period 3 are designated for hyperparameter tuning.

By leveraging the best-performing model and optimal imbalanced data processing
strategy selected through the tuning process outlined above, I employ data from Pe-
riod 2 and Period 3 to train the model, capturing the most recent market information
immediately preceding the test period before the speed bump (Period 3) and the test
period following the speed bump (Period 4).

For mini flash crashes without reversal, the tuning results of NYSE American are
shown in Panel C of Table [.5| and the control group tuning results are shown in
Panel C of For both tuning process for Period before the speed bump and after
the speed bump, the ensemble undersampling combined XGBoost achieve the best
performance. Its ROC curve is shown in Panel (a) of Figure for the pre-speed
bump period and post-speed bump period in Panel (b) of Figure m Therefore, I
use the strategy to calculate the probability through:
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; B
P - Z{fb(wi,j,t,NYSE American ,155)}1
4,7,t,NY SE American ,15s — Np

The fb(x@j’t,NYSE American,15s) 18 estimated using XGBoost in conjunction with en-
semble undersampling, following the same methodology as described in the preceding
two sub-sections. This estimation is conducted for each stock 7, within time interval
7, and on date t throughout Period 3, which encompasses the days leading up to the
implementation of the speed bump on NYSE American. As indicated by the results
in Panel A of Table [4.6] the control group exhibits similar tuning outcomes, with en-
semble undersampling combined XGBoost yielding the most favorable performance.
The ROC curve for the control group is illustrated in Panel (c) of Figure for the
pre-speed bump period and post-speed bump period in Panel (d) of Figure dis-
plays its performance after the speed bump. I employ a similar approach to calculate
the control group probability. Using this method, I compute the probabilities for all

P, j t control Stocks within the control group in the same manner.

7 B
Z{fb(xi,j,t,Control,lS.s)}1
Pi,j,t,Control,lBs = Np

Then, I calculate the daily average probability of NYSE American as:
P, 4 Ny SE American 155 = Average(P; ;1 Ny SE American ,155) for all j in date ¢.
and its control group as:
Pt controt,15s = Average( P j controt,15s) for all j in date .

for each trading day t. Finally, I calculate relative probability

P‘ _ 1 Pi,t,NYSE American ,15s
i,t,15s — n 2 .
1,t, control,15s

for each stock and each day.
Panel C of Table H.11| shows the daily average of mini flash crashes without

reversal of all traded stocks in NYSE American and the control group.

Table [4.11]
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For mini flash crashes with reversal, the tuning results of NYSE American are
shown in Panel C of Table and the control group tuning results are shown in Panel
C of Table 4.8 Same as the no reversal version, both tuning process for Period before
the speed bump and after the speed bump, the ensemble undersampling combined
XGBoost achieve the best performance. Its ROC curve is shown in Panel (a) of
Figure for the pre-speed bump period and post-speed bump period in Panel (b)
of Figure[4.15] Therefore, I use the same ensemble undersampling combined XGBoost

to calculate the probability through:

2 B
P . Z{fb(xi,j,t,contml,lss,Rev)}1
4,7,t,NY SE American ,15s,Rev — Np

The fb(x¢7j7t700ntr017158,Rev) is estimated using XGBoost combined with ensemble
undersampling for each stock ¢, within time interval j, and on date ¢t during Period 3,
which comprises the days preceding the implementation of the speed bump on NYSE
American. As indicated by the results in Panel A of Table [4.6] the control group
exhibits similar tuning outcomes, with ensemble undersampling combined XGBoost
yielding the most favorable performance. The ROC curve for the control group is
illustrated Panel (c¢) of Figure for the pre-speed bump period and post-speed
bump period in Panel (d) of Figure displays its performance after the speed
bump. Using a consistent approach, I calculate the probabilities for all P; ;¢ control, Rev
stocks within the control group.

7 B
P _ Z{fb(xi,j,t,ContTolJSs,Rev)}1
1,5,t,Control,15s,Rev — Np

Then, I calculate the daily average probability of NYSE American stock’s mini

flash crashes as:

B,t,NYSE American ,15s,Rev — AU@TGQG<R,j,t,NYSE American ,155,Rev) for all .] in date t.

and its control group as:

P’i,t,C’ontral,15s,Rev = Average(Pi,t,j,C’ontrol,15s,Rev) for all ,] in date t.



170

for each trading day ¢. Finally, I calculate relative probability of mini flash crashes

with quick reversal as:

,t,NY SE American ,15s,Rev
Pi,t, control ,Rev ’

P
Pi,t,lSs,Rev =In ( :

for each stock and each day.
Panel C of Table shows the daily average of mini flash crashes with reversal
of all traded stocks in NYSE American and the control group.
Table 4.12]

4.5.9 Probability of short term mini flash crashes regression

Through the successful prediction of the probability of mini flash crashes without
and with strict reversal, I perform the following two regressions using a panel data

approach with fixed effects by date and stock:

2
P, 1155 = a; + BSpeed Bump, + yVolatility, + Z d,ControlVariable; ¢ , +€;;+ (4.40)
q=1

2
P 1155, Rev = Qi+ ﬁSpeedBumpt+7Volatilityt+z d,ControlVariable; ; ,+¢;+ (4.41)
g=1

where P, ;155 is the daily average probability of mini flash crashes without strictly
reversal and P 155 ey is the daily average probability of mini flash crashes with
strictly reversal for stock i on day t, «; is the stock and date fixed effect, and
Speed Bump; is an indicator variable taking the value of 1 after speed bump imple-
mentation, 0 otherwise. Volatility is the opening value of CBOE’s VIX index on day
t. The other independent variables are control variables. The ControlVariable;;
represents two stock-level control variables: the daily turnover difference and the
daily stock volatility difference (calculated as |Alizadeh et al.| (2002)). For the linear

regression without fixed effect, we also add market capitalization of the stock.
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Table [4.18|

Table [4.18 presents the results of a regression analysis conducted with and without
fixed effects for both scenarios, with and without the reversal requirement. In the
linear regression, we estimated the coefficients of the dummy variable speed bump,
enabling us to observe the causal effect of the speed bump on the probability of mini
flash crashes. We discovered that the speed bump had a negative effect on P 5,
signifying a decrease in the short-term probability of mini flash crashes. These results
hold true for both mini flash crashes, whether with or without strict reversal, when
considering regressions with stock fixed effects.

This outcome provides the first empirical evidence in the literature that the speed
bump can significantly reduce the probability of mini flash crashes. As a policy
aimed at mitigating the speed advantage of high-frequency trading, the speed bump,
in addition to its other effects on price discovery, adverse selection, and market lig-
uidity, appears to effectively fulfill its primary policy objective. By introducing a
350-microsecond delay for incoming orders, NYSE American has successfully reduced

the probability of mini flash crashes occurring within 15 seconds.

4.5.10 Number of Nanex (2010) mini flash crashes regression

I begin by tallying the occurrences of mini flash crashes, both with and without
reversal, for NYSE American and the control group before and immediately after the
implementation of the speed bump. The summarized statistics of without reversal
are presented in Panel D of Table 4.9,
Table [4.9]
The summarized statistics of without reversal are presented in Panel D of Ta-
ble [4.10
Table 4.10]
For each trading day ¢, I ultimately compute the variance in the number of mini

flash crashes as follows:
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NumMiniCrash; ;155 =

NumMiniCrash;; Ny SE American ,1.55 — NumMiniCrash; ¢, control,180s-

NumMiniCrash; 155 rev =

NumMZnZCTaShi,t,NYSE American ,1.5s,Rev — NUWMZTLZCTCLS]I@@ control,1.5s,Rev -

Next, I conduct the following two regressions using a panel data approach, incor-

porating fixed effects for both date and stock:

2
NumMiniCrash; 155 = ai+65peedBumpt+7V01atilityt+2 0,ControlVariable; ; ,+€; ¢
q=1

(4.42)

2
NumMiniCrash;;1.5s rev = 0i+B8SpeedB umpt+7Volati1ityt+Z d,ControlVariable; ; ,+€; ¢

q=1

(4.43)
where NumMiniCrash;,5s denotes the difference in the number of mini flash
crashes between NYSE American and the control group without strict reversal, while
NumMiniCrash;;1.5s,rev signifies the difference in the number of mini flash crashes
between NYSE American and the control group with strict reversal for stock ¢ on day
t. The term «; incorporates stock and date fixed effects. Additionally, Speed Bump;
is an indicator variable with a value of 1 after speed bump implementation and 0
otherwise. The variable “Volatility” corresponds to the opening value of the CBOE’s
VIX index on day t. Other independent variables serve as control variables. The
ControlVariable;; , includes two stock-level control variables: the daily turnover
difference and the daily stock volatility difference (calculated as per |Alizadeh et al.
(2002)). In the linear regression without fixed effects, we also introduce the market
capitalization of the stock.
Table 4.19]
Table presents the results of our regression analysis, conducted with and
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without fixed effects, considering mini flash crashes both with and without the reversal
requirement. In our linear regression models, we estimated the coefficients of the
speed bump dummy variable to assess its causal impact on the probability of mini
flash crashes. Surprisingly, our findings suggest a positive effect of the speed bump
policy on NumMiniCrash; 5s, indicating an increased number of mini flash crashes.
Similar to the short-term 15s version, this finding remains consistent across mini flash
crashes, whether they adhere to the strict reversal criterion or involve reversals in the
regressions with or without the incorporation of stock fixed effects. Nevertheless, it

is important to note that all results lack statistical significance.

4.5.11 Nanex (2010) mini flash crashes prediction

In the final sub-section, I examine the probability of mini flash crashes in the shortest
term (1.5s), considering both mini flash crashes without a reversal, as defined by
Nanex (2010), and mini flash crashes with a reversal under the same conditions as
the previous sections.

Similar to the preceding sub-sections, I utilize data spanning from Period 1, con-
sisting of 30 trading days, to train the initial model. The model’s performance is
evaluated in Period 2, which serves as the basis for strategy and model selection,
as well as hyperparameter tuning. For the models aimed at calculating the proba-
bility of mini flash crashes occurring immediately after the speed bump, I employ
data from Period 2 for training and the subsequent 30 trading days from Period 3 for
hyperparameter tuning.

After identifying the best model and optimal imbalanced data processing strategy
through the aforementioned tuning process, I utilize the data from Periods 2 and
3 to train the model, ensuring it captures the most up-to-date market information
immediately preceding the test period prior to the speed bump (Period 3) and the
test period following the speed bump (Period 4).

For mini flash crashes without a reversal, the tuning results for NYSE American

are presented in Panel D of Table 4.5, while the control group’s tuning results are
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displayed in Panel D of Table[.6] In both cases, for both the tuning process conducted
prior to the speed bump and after it, the ensemble undersampling combined with
XGBoost yields the best performance. The ROC curves for this strategy are depicted
in Panel (a) of Figure for the pre-speed bump period and post-speed bump
period in Panel (b) of Figure . Consequently, I employ this strategy to calculate
the probability as follows:

7 B
P . Z{fb(xi,j,t,NYSE American ,1.55)}1
1,7,t,NY SE American ,1.5s — Np

The fb(xz‘,j,t,NYSE American,1.5s) 1 estimated using XGBoost combined with ensemble
undersampling, as described in the previous section. This is done for stock ¢, within
time interval j, and on date ¢t during the entire Period 3, which includes the days
leading up to the implementation of the speed bump on NYSE American. As indicated
by the results in Panel A of Table [£.6, my control group exhibits similar tuning
outcomes, with ensemble undersampling combined with XGBoost delivering the most
favorable performance. The ROC curves for the control group are presented in Panel
(c) of Figure for the pre-speed bump period and post-speed bump period in
Panel (d) of Figure . I employ the same approach to calculate the probability for

all P, ;¢ control Stocks within the control group in the following manner:

7]"
B

P. _ Z{fb(xi,j,tcontrol,lA5s)}1
,7,t,Control,1.5s — Ny

Then, I calculate the daily average probability of NYSE American as:
P, 4 NV SE American ;1.55 = Average(P; ji Ny sE American ;1.55) for all j in date t.
and its control group as:
Pyt controi,1.55 = Average(]D'i,j,Control,l.E)s) for all j in date t.

for each trading day t. Finally, I calculate relative probability

Pi + Ny SE American ,1.5s
P. — ln i,t, merican ,1.5s
i,t,1.5s .

Pi,t, control,1.5s
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for each stock and each day.

Panel D of shows the daily average of mini flash crashes without reversal of

all traded stocks in NYSE American and the control group.
Table 4.17]

For mini flash crashes with reversal, the tuning results of NYSE American are
shown in Panel D of Table and the control group tuning results are shown in Panel
D of Table Same as the no reversal version, both tuning process for Period before
the speed bump and after the speed bump, the ensemble undersampling combined
XGBoost achieve the best performance. Its ROC curve is shown in Panel (c¢) of
Figure for the pre-speed bump period and post-speed bump period in Panel (d)
of Figure Therefore, I use the same ensemble undersampling combined XGBoost

to calculate the probability through:

2 B
P . Z{fb(xi,j,t,NYSE American ,1.55,Rev)}1
4,7,t,NY SE American ,1.5s,Rev — Np

The fo(TitjNySE American Rev) 15 estimated by XGBoost for each stock 4, within
time interval j, and on date ¢ during Period 3, which comprises the days preceding the
implementation of the speed bump on NYSE American. As evident from the results
in Panel A of Table [4.6] my control group exhibits similar tuning outcomes, with
ensemble undersampling combined XGBoost yielding the most favorable performance.
The ROC curves for the control group are depicted in Panel (a) of Figure for the
pre-speed bump period and post-speed bump in Panel (b) of Figure m Employing
the same approach, I calculate the probabilities for all P ; ;1 55 control, Rev Stocks within

the control group.

7 B
P _ Z{fb(mi,j,t,Cont'rol,l.Bs,Rev)}1
,5,t,Control,1.5s,Rev — Ng

Then, I calculate the daily average probability of NYSE American stock’s mini

flash crashes as:

P, i NYSE American 1.5s,Rev = Average(P; j+ Ny SE American ,180s,Rev) fOr all j in date .
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and its control group as:

PLt,Control,l.E)s,Rev = Average(Pi,t,j,C’ontrol,l.557Rev) for all j in date ¢.

for each trading day t. Finally, I calculate relative probability of mini flash crashes

with quick reversal as:

P‘ _ 1n Pi,t,NYSE American ,1.5s,Rev
z7t,1,557R6U Pi,t,Control,lﬁs,R&’U ’

for each stock and each day.
Panel D of Table shows the daily average of mini flash crashes with reversal
of all traded stocks in NYSE American and the control group.
Table

4.5.12 |Nanex (2010) mini flash crashes regression

Having successfully predicted the probability of mini flash crashes without and with
strict reversal, I proceed to conduct the following two regressions using a panel data

approach with fixed effects by date and stock:

2
P, 1155 = oy + BSpeed Bump, + ~yVolatility, + Z d,ControlVariable; ¢ , + €;; (4.44)

q=1

2

Pit15s,Rev = Qi+ 5SpeedBumpt+7Volatilityt+z d,ControlVariable; ¢ ,+¢;; (4.45)
q=1

In these regressions, P, ;155 represents the daily average probability of mini flash

crashes without strict reversal, while P;;; 55 rey denotes the daily average probabil-

ity of mini flash crashes with strict reversal for stock i on day t. The parameter «;

captures stock and date fixed effects, and Speed Bump; is an indicator variable tak-

ing the value of 1 after the speed bump implementation and 0 otherwise. Volatility
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represents the opening value of CBOE’s VIX index on day t. Additionally, the mod-
els include control variables, denoted as C'ontrolVariable;; ,, which encompass two
stock-level factors: the daily turnover difference and the daily stock volatility differ-
ence, calculated following the methodology of Alizadeh et al| (2002). In the linear
regression without fixed effects, market capitalization of the stock is also included as
an independent variable.

Table [4.20]

Table presents the results of a regression analysis conducted with and without
fixed effects for both cases, with and without the reversal requirement. In these
linear regressions, we estimated the coefficients of the dummy variable “speed bump”,
enabling us to observe the causal effect of the speed bump on the probability of mini
flash crashes. Our findings indicate that the speed bump had a positive effect on
P, ¢ 155, signifying an increase in the long-term probability of mini flash crashes. These
results hold consistently for both mini flash crashes without strict reversal and those
with reversals in the regressions that incorporate stock fixed effects.

In light of the empirical evidence presented by Liu (2023)), the speed bump has
demonstrated its ability to significantly reduce relative price discovery while simulta-
neously increasing the cost of immediacy and overall volatility on NYSE American.
This is attributed to NYSE American becoming a slower market due to the delay of
all incoming orders by 350 microseconds. Consequently, it is reasonable to assume
that more uninformed noise traders have migrated to NYSE American as a result of
the speed bump. This influx of noise traders has likely contributed to making NYSE
American’s price signals less informative and has introduced more microstructure
noise into the market. As a consequence of these factors, there is an increased likeli-
hood of unusual price fluctuations, which aligns with our findings regarding long-term

mini flash crashes in the 180s and 90s.
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4.6 Conclusion

This pioneering study assesses the impact of a speed bump on the probability of
mini flash crashes using machine learning techniques on real-time limit order book
data. Our analysis of NYSE American data shows that the implementation of a
speed bump decreases the probability of identifiable patterns leading to mini flash
crashes and transforms market dynamics by attracting more noise traders. Through
empirical analysis, we categorize mini flash crashes as nonlinear market microstructure
events influenced by high-frequency trading algorithms. While identifying specific
trading behaviors triggering these events is challenging, our findings indicate that
order delaying policies significantly reduce the probability of these disruptive patterns.
In summary, the speed bump policy effectively mitigates the probability of mini flash

crashes and reshapes market dynamics.
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4.7 Appendix 5. Figure and Table of Chapter

05 Save As... ' 96 Actions ~' U7 Edit

Intraday Price Chart
- EETTEDT FEED - PO AErCEE T )

Hax

e on 05/05 ---- 1165.8
B8 Start on 05/06 14:30 113
T High on 05/06 14:30 1133.38
- Average 1112.00
L Low on 05/06 14:46 1065.79

Source: |Levine| (2015])

Figure 4.1: Flash Crash, 06 May 2010
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Bias

\

//’ Output

Features

(X)

The leftmost layer, known as the input layer, consists of a set of neurons {z; | z1,22,...,Zm}
representing the input features. Each neuron in the hidden layer transforms the values from the
previous layer with a weighted linear summation wix1 +wexs +. ..+ Wy Ty followed by a non-linear
activation function g(-) : R — R — like the hyperbolic tan function. The output layer receives the
values from the last hidden layer and transforms them into output values. Source:

(2011)
Figure 4.7: Neural Network Model
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Confusion Matrix is used to evaluate the performance of a classification model. It displays the counts
of true positive (TP), false positive (FP), false negative (FN), and true negative (TN) predictions.
The rows represent the predicted class, while the columns represent the true class.

Figure 4.8: Confusion Matrix
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Before After
™ UD EN SM ™ UD EN SM
LOG 0729 0730  0.732 0.727 0.731 0.739 0.731 0.728
SVM 0712 0718  0.718 0.709 0.715 0.717 0.721 0.714
RF 0.545  0.767  0.597 0.633 0.551 0.770 0.602 0.658
XGB 0762 0.735 0.569 0.761 0.769 0.523
NN 0578 0752  0.763 0.632 0.580 0.751 0.760 0.685
Panel B: 90s
Before After
™ UD EN SM ™ UD EN SM
LOG 0751 0749  0.755 0.749 0.754 0.752 0.754 0.752
SVM 0732 0.735  0.740 0.729 0.738 0.744 0.743 0.736
RF 0.535  0.780  0.570 0.602 0.544 0.790 0.582 0.635
XGB 0779  0.792 0.549 0.775 0.789 0.873 0.598
NN 0.556  0.776  0.782 0.589 0.569 0.769 0.780 0.623
Panel C: 15s
Before After
™ UD EN SM ™ UD EN SM
LOG 0691  0.691  0.692 0.688 0.720 0.719 0.721 0.718
SVM 0686  0.688  0.690 0.684 0.716 0.716 0.718 0.714
RF 0573  0.726  0.612 0.648 0.600 0.749 0.636 0.664
XGB 0716  0.720 0.593 0.737 0.745 0.533
NN 0.583  0.685  0.707 0.623 0.611 0.696 0.737 0.653
Panel D: 1.5s
Before After
™ UD EN SM ™ UD EN SM
LOG  0.78%8  0.78%8  0.789 0.788 0.701 0.719 0.713 0.700
SVM 0785  0.788  0.788 0.787 0.709 0.715 0.713 0.699
RF 0723 0814  0.753 0.792 0.642 0.755 0.688 0.714
XGB 0785  0.811 0.782 0.705 0.746 0.670
NN 0753 0771 0.791 0.762 0.690 0.708 0.740 0.706

Notes: This table reports the AUC obtained through a tuning procedure, using both training and

tuning data to identify the optimal parameter combination and imbalanced data processing strategy.

They are prepared for calculating the probability of mini flash crashes in the period of 30 trading

days before and after the implementation of a speed bump on July 24th, 2017.

Table 4.5: Mini Flash Crash without reversal tuning result: NYSE American
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Before After
T™ UD EN SM T™ UD EN SM
LOG 0815 0814 0816 0.814 0.730 0.730 0.732 0.727
SVM  0.802  0.808  0.808 0.799 0.712 0.718 0.718 0.709
RF 0.585  0.853  0.656 0.709 0.545 0.767 0.598 0.637
XGB  0.833  0.846 0.635 0.762 0.769 0.562
NN 0.646 0824  0.838 0.695 0.653 0.836 0.847 0.735
Panel B: 90s
Before After
T™ UD EN SM T™ UD EN SM
LOG 0782  0.780  0.783 0.782 0.791 0.789 0.792 0.791
SVM 0762 0770  0.773 0.760 0.774 0.776 0.780 0.771
RF 0569  0.824  0.631 0.686 0.610 0.831 0.671 0.725
XCB 0.812  0.820 0.900 0.789 0.820 0.832 0.789
NN 0.613  0.799  0.815 0.698 0.622 0.810 0.821 0.721
Panel C: 15s
Before After
T™ UD EN SM T™ UD EN SM
LOG 0691  0.691  0.692 0.688 0.720 0.719 0.721 0.718
SVM 068  0.688  0.688 0.684 0.716 0.716 0.718 0.715
RF 0572 0.728  0.613 0.648 0.601 0.749 0.636 0.666
XGB 0716 0.720 0.593 0.737 0.744 0.533
NN 0.583  0.685  0.707 0.623 0.611 0.696 0.733 0.653
Panel D: 1.5s
Before After
T™ UD EN SM T™ UD EN SM
LOG 0823 0823  0.821 0.820 0.824 0.800 0.822 0.815
SVM 0826  0.821  0.825 0.822 0.817 0.804 0.818 0.809
RF 0763  0.838  0.799 0.829 0.632 0.838 0.701 0.767
XGB 0822 0823 0.813 0.792 0.826 0.809
NN 0792 0803  0.801 0.806 0.777 0.781 0.817 0.764

Notes: This table reports the AUC obtained through a tuning procedure, using both training and

tuning data to identify the optimal parameter combination and imbalanced data processing strategy.

They are prepared for calculating the probability of mini flash crashes in the period of 30 trading

days before and after the implementation of a speed bump on July 24th, 2017.

Table 4.6: Mini Flash Crash without reversal tuning result: Control Group
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Panel A: 180s

Before After
T™ UD EN SM ™ UD EN SM
LOG 0822 0822  0.822 0.822 0.806 0.806 0.805 0.806
SVM 0813 0817 0816 0.812 0.796 0.803 0.803 0.796
RF 0553  0.849  0.602 0.651 0.559 0.842 0.599 0.656
XGB  0.808  0.844 0.588 0.786 0.838 0.582
NN 0.587  0.823  0.836 0.660 0.584 0.820 0.824 0.689
Panel B: 90s
Before After
™ UD EN SM ™ UD EN SM
LOG 0844  0.841  0.842 0.843 0.830 0.827 0.832 0.828
SVM 0835  0.836  0.836 0.834 0.824 0.828 0.830 0.822
RF 0.557  0.866  0.600 0.605 0.568 0.859 0.606 0.622
XCB 0.813  0.859 0.929 0.592 0.779 0.855 0.578
NN 0.584  0.834  0.852 0.655 0.611 0.827 0.839 0.664
Panel C: 15s
Before After
™ UD EN SM ™ UD EN SM
LOG 0814  0.806  0.819 0.810 0.816 0.815 0.815 0.815
SVM 0813 0810  0.824 0.812 0.814 0.812 0.813 0.813
RF 0701 0816  0.764 0.786 0.706 0.825 0.741 0.681
XGB 0787 0.779 0.759 0.775 0.816 0.651
NN 0709 0737  0.801 0.705 0.722 0.807 0.812 0.709
Panel D: 1.5s
Before After
™ UD EN SM ™ UD EN SM
LOG 0752 0745 0763  0.755 0.661 0.679 0.666 0.661
SVM 0752 0748  0.767  0.753 0.662 0.670 0.656 0.645
RF 0.792  0.900  0.791  0.790 0.534 0.692 0.562 0.580
XGB 0791  0.884 0782  0.773 0.578 0.671 0.753 0.603
NN 0.884  0.835  0.849 0.940 0.580 0.664 0.671 0.576

Notes: This table reports the AUC obtained through a tuning procedure, using both training and
tuning data to identify the optimal parameter combination and imbalanced data processing strategy.
They are prepared for calculating the probability of mini flash crashes in the period of 30 trading
days before and after the implementation of a speed bump on July 24th, 2017.

Table 4.7: Mini Flash Crashes with reversal tuning results: NYSE American
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Before After
™ UD EN SM ™ UD EN SM
LOG 0830 083 0.831 0.829 0.840 0.838 0.842 0.838
SVM 0819 0823  0.825 0.817 0.827 0.832 0.835 0.824
RF 0572  0.871  0.638 0.691 0.635 0.879 0.704 0.764
XCB 0.835  0.869 0.620 0.849 0.876 0.596
NN 0.611  0.845  0.858 0.708 0.663 0.860 0.868 0.745
Panel B: 90s
Before After
™ UD EN SM ™ UD EN SM
LOG  0.863  0.860 0.865  0.862 0.871 0.867 0.871 0.867
SVM  0.855  0.857 0.860  0.852 0.860 0.864 0.868 0.857
RF 0.577 0.623  0.670 0.589 0.897 0.670 0.709
XGB 0837  0.931 0.940  0.630 0.852 0.892 0.948 0.651
NN 0.614  0.864 0.875  0.691 0.606 0.870 0.886 0.686
Panel C: 15s
Before After
™ UD EN SM ™ UD EN SM
LOG 0816 0815 0817 0.806 0.786 0.773 0.782 0.781
SVM 0813 0810  0.814 0.804 0.778 0.774 0.783 0.774
RF 0.610  0.827  0.649 0.703 0.579 0.802 0.641 0.666
XGB 0715 0818 0.681 0.740 0.798 0.711
NN 0.676  0.780  0.806 0.674 0.646 0.729 0.771 0.626
Panel D: 1.5s
Before After
™ UD EN SM ™ UD EN SM
LOG  0.886 0882  0.886 0.885 0.710 0.692 0.729 0.706
SVM  0.884  0.88  0.891 0.882 0.711 0.675 0.709 0.706
RF 0.891  0.856  0.891 0.891 0.620 0.757 0.645 0.651
XCB 0.891 0.842 0.886 0.669 0.739 0.652
NN 0.743  0.833  0.844 0.785 0.670 0.713 0.738 0.662

Notes: This table reports the AUC obtained through a tuning procedure, using both training and

tuning data to identify the optimal parameter combination and imbalanced data processing strategy.

They are prepared for calculating the probability of mini flash crashes in the period of 30 trading

days before and after the implementation of a speed bump on July 24th, 2017.

Table 4.8: Mini Flash Crashes with reversal tuning results: Control Group
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NYSE American Control
. Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 2.003 1.636 0.367 3.723 3.353 0.370
std 6.578 6.302 0.276 12.901 11.930 0.971
N 6,170 6,168 2 6,170 6,168 2
Panel B: 90s
NYSE American Control
Before speed bump  After speed bump Bef(ljDrlef—foter Before speed bump  After speed bump Bef(luDrlef—foter
Mean 1.434 1.148 0.287 3.333 2.888 0.446
std 6.383 6.394 -0.011 16.832 14.603 2.229
N 6,170 6,168 2 6,170 6,168 2
Panel C: 15s
NYSE American Control
Diff= Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 0.566 0.444 0.123 1.189 1.681 0.213
std 4.845 4472 0.102 21.590 15.474 6.116
N 6,170 6,168 2 6,170 6,168 2
Panel D: 1.5s
NYSE American Control
Before speed bump  After speed bump Bef(?rfgfter Before speed bump  After speed bump Befc[)ifleffgfter
Mean 0.184 0.151 0.032 0.569 0.456 0.113
std 1.505 0.895 0.610 10.545 5.463 5.082
N 6,170 6,168 2 6,170 6,168 2

Notes: This table presents data on the occurrence of mini flash crashes without reversal for all

225 stocks traded on NYSE American, along with a control group. The information includes the

standard deviation and the number of observations recorded between June 9th, 2017, and September
5th, 2017—coinciding with the implementation of the NYSE American speed bump on July 24th,
2017. The table also reports the difference between before and after speed bump.

Table 4.9: Number of mini flashes crashes without reversal
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NYSE American Control
. Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 1.388 1.106 0.282 2.947 2.646 0.301
std 5.326 5.252 0.074 11.783 10.884 0.899
N 6,170 6,168 2 6,170 6,168 2
Panel B: 90s
NYSE American Control
Before speed bump  After speed bump Bef(ljDrlef—foter Before speed bump  After speed bump Bef(luDrlef—foter
Mean 0.927 0.711 0.216 2.587 2.215 0.372
std 5.032 5.361 -0.329 15.300 12.928 2.373
N 6,170 6,168 2 6,170 6,168 2
Panel C: 15s
NYSE American Control
Diff= Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 0.300 0.241 0.059 1.272 1.124 0.148
std 3.372 3.560 -0.188 17.555 12.111 5.444
N 6,170 6,168 2 6,170 6,168 2
Panel D: 1.5s
NYSE American Control
Before speed bump  After speed bump Bef(?rfgfter Before speed bump  After speed bump Befc[)ifleffgfter
Mean 0.065 0.056 0.009 0.260 0.205 0.055
std 0.713 5.571 -4.859 0.434 3.206 -2.272
N 6,170 6,168 2 6,170 6,168 2

Notes: This table presents data on the occurrence of mini flash crashes without reversal for all

225 stocks traded on NYSE American, along with a control group. The information includes the

standard deviation and the number of observations recorded between June 9th, 2017, and September
5th, 2017—coinciding with the implementation of the NYSE American speed bump on July 24th,
2017. The table also reports the difference between before and after speed bump.

Table 4.10: Number of mini flash crashes with reversal
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NYSE American Control
. Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 32.6 % 31.9% -0.7% 22.6% 21.9% -0.7%
std 16.2% 15.1% 1.1% 19.0% 18.3% 0.8%
N 4,486 4,334 152 4,486 4,334 152
Panel B: 90s
NYSE American Control
Before speed bump  After speed bump Bef(ljDrlef—foter Before speed bump  After speed bump Bef(luDrlef—foter
Mean 28.8% 36.0% -7.2% 25.6% 21.7% 3.9%
std 16.1% 16.0% 0.1% 18.7% 18.6% 0.03%
N 3,988 3,846 142 3,988 3,846 142
Panel C: 15s
NYSE American Control
Diff= Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 28.9% 27.4% 1.5% 23.9% 26.1% -2.2%
std 5.4% 7.6% -2.2% 7.0% 7.0% 0.1%
N 3,284 3,147 101 3,284 3,147 101
Panel D: 1.5s
NYSE American Control
Before speed bump  After speed bump Bef(?rfgfter Before speed bump  After speed bump Befc[)ifleffgfter
Mean 16.2% 15.7% 0.5% 16.5% 17.2% -0.6%
std 4.6% 4.7% -0.06% 6.9% 7.9% -1%
N 2,439 2,343 96 2,439 2,343 96

Notes: Notes: This table reports the average values of daily average probablity of mini flash crashes

without reversal predicted by machine learning model, their standard deviation and number of
observations from June 9th 2017 to September 5th 2017, which are around NYSE American speed
bump implementation. The speed bump is implemented at July 24th 2017. The table also reports

the difference between before and after speed bump.

Table 4.11: Probability of mini flashes crashes without reversal
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NYSE American Control
Diff= Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 20.9% 20.9% 0.06% 19.7% 18.4% 1.36%
std 16.3% 14.8% 1.49% 18.9% 18.0% 0.9%
N 3,958 3,849 109 3,958 3,849 109
Panel B: 90s
NYSE American Control
. Diff= . . Diff=
Before speed bump ~ After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 15.8% 15.7% 0.13% 14.7% 12.8% 1.87 %
std 13.9% 13.0% 0.9% 15.5% 14.5% 1.05%
N 3,017 2,948 69 3,017 2,948 69
Panel C: 15s
NYSE American Control
Before speed bump  After speed bump Befg'lef—foter Before speed bump  After speed bump Befg'lef—foter
Mean 10.7% 11.2% -0.053% 12.7% 15.8% -3.1%
std 5.6% 7.8% -2.2% 6.4% 7.9% -1.5%
N 1,960 1,902 58 1,960 1,902 58
Panel D: 1.5s
NYSE American Control
. Diff= . Diff=
Before speed bump  After speed bump Before-After Before speed bump  After speed bump Before-After
Mean 17.0% 20.0% -3% 13.2% 16.5% -3.4%
std 8.7% 8.8% -0.18% 8.8% 9.6% -0.78%
N 1,274 1,264 10 1,274 1,264 10

Notes: This table reports the average values of daily average probability of mini flash crashes with

reversal predicted by machine learning model, their standard deviation and number of observations
from June 9th 2017 to September 5th 2017, which are around NYSE American speed bump imple-
mentation. The speed bump is implemented at July 24th 2017. The table also reports the difference

between before and after speed bump.

Table 4.12: Probability of mini flash crashes with reversal
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