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Abstract 

The Flash Crash of 6 May 2010 has an interesting status in discussions 

of high-frequency trading, i.e. fully automated, superfast computerized 

trading: it is invoked both as an important illustration of how this field 

of algorithmic trading operates and, more often, as an example of how 

fully automated trading algorithms are prone to run amok in unantici-

pated frenzy. In this article, I discuss how and why the Flash Crash is 

being invoked as a significant event in debates about high-frequency 

trading and algo-financial markets. I analyze the mediatization of the 

event, as well as the variety of eventalizations of the Flash Crash, i.e. 

the different ways in which the Flash Crash is being mobilized as an il-

lustrative event. I further critically discuss the impact often associated 
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with the Flash Crash – and on that basis, inquire into why the event 

nonetheless attracts so much attention. I suggest that a key reason why 

the Flash Crash is widely discussed is that eventalizations of 6 May 

2010 evoke familiar tropes about the fear of technology and the fear of 

herding. Finally, and given their emphasis on herding, I argue that the 

Flash Crash eventalizations may contribute to economic sociology dis-

cussions about resonance in quantitative finance. 

 

Keywords: algorithmic trading; Émile Durkheim; events; financial 

markets; Flash Crash; herding; high-frequency trading; resonance; Ga-

briel Tarde 

 

Introduction 

On Thursday 6 May 2010, the US financial markets experienced one of the 

biggest intraday declines in the history of the Dow Jones Industrial Aver-

age – a drop of 998.5 points (or more than 9 per cent), equivalent to around 

one trillion dollars. The greater part of the decline took place over just 

four-and-a-half minutes, but the markets, after having been temporarily 

suspended, recovered almost as quickly. The trading day began with a dip 

due to the sovereign debt crisis in Europe, but the subsequent rapid market 

decline was triggered – at least according to the official report subsequent-

ly published jointly by the two US regulatory authorities: the Commodity 

Futures Trading Commission (CFTC) and the Securities and Exchange 
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Commission (SEC) – when a large fundamental trader executed a sizeable 

sell order that was initially partly absorbed by high-frequency traders, i.e. 

high-speed algorithmic traders, who then ‘aggressively sold’ their position 

in a manner that rapidly drove down prices (CFTC-SEC, 2010, p. 3). What 

ensued was a situation of extreme market volatility, in which some stocks 

were traded at prices far from their normal value: at ‘irrational prices as 

low as one penny or as high as $100,000’ (2010, p. 5). A large proportion 

of these trades were later cancelled by the exchanges, due to being ‘clearly 

erroneous’ (2010, p. 6). 

 The event was soon dubbed ‘the Flash Crash’ due to the rapid decline 

and rebound of prices. What caused the Flash Crash? What characterized 

its dynamics? And what might be its broader implications for financial 

markets? These questions have been the subject of much subsequent in-

quiry, controversy and discussion by the public, media and scholars, and a 

range of explanations and perspectives have been offered. For example, 

some observers suggest that the Flash Crash laid bare deeper structural 

problems with the market microstructure (Schapiro, 2010), whereas others 

draw parallels with other famous cases from the domain of algorithmic 

finance, where orders are executed by fully automated computer algo-

rithms without any direct human intervention (e.g. Kenett et al., 2013; 

Kirilenko and Lo, 2013). Cases cited include Knight Capital, a major play-

er in the US financial markets, which in August 2012 lost around USD 460 

million in just 45 minutes due to an error in their trading algorithm (e.g. 
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Seyfert, 2016); and a so-called ‘hack crash’ in 2013, in which a fake Twit-

ter update led to rapid market activity (Karppi and Crawford, 2016). Alt-

hough the Flash Crash occurred back in 2010, it continues to attract atten-

tion (e.g. Lange, Lenglet and Seyfert, 2016; Seyfert, 2016; Thompson, 

2016). For example, in 2015 the event gained renewed media attention due 

to the arrest in April that year of the British trader Navinder Singh Sarao, 

who was charged with fraud and market manipulation. Among other 

things, he was accused of playing a critical role in the 2010 Flash Crash – 

allegedly bringing down US markets from his parents’ home on the out-

skirts of London. In November 2016, then, Sarao pleaded guilty to having 

spoofed markets – but whether his market-manipulating behaviour could 

indeed produce an event such as the Flash Crash remains contested. 

The Flash Crash is no doubt interesting due to its inescapably spec-

tacular nature. In fact, it is not uncommon for observers to refer to the 

Flash Crash primarily to create dramatic suspense. In such accounts, the 

Flash Crash is often flagged at the outset, only to be subsequently disre-

garded. However, as I will argue in this article, the Flash Crash is also in-

teresting because it is often invoked by commentators (journalistic and 

academic alike) as a window into the workings and potential effects of 

present-day algorithmic finance in general, and high-frequency trading in 

particular. High-frequency trading is a subset of algorithmic finance in 

which orders are executed by fully automated algorithms in fractions of a 

second. However, while the Flash Crash serves as a window into this form 
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of trading and its implications, observers tend to see rather different things 

through that window. One reason for this is that there is considerable con-

fusion as to what exactly constitutes the Flash Crash. There are, in other 

words, conflicting accounts about its ‘eventness’. 

This is not specific to the Flash Crash. As Robin Wagner-Pacifici ar-

gues, events are often ‘intrinsically restless’ (2010, p. 1356). In other 

words, a lot of effort may be required to put such events to rest. This re-

lates to a more fundamental problem examined by Wagner-Pacifici: ‘what 

makes an event an “event”?’ (2010, p. 1358). She argues compellingly for 

answering this question on the basis of a political semiosis that attends to 

three key features (performative, demonstrative and representational) that 

collectively produce an event. The focus of the present article is slightly 

different. It revolves around how and why certain incidents lend them-

selves to eventalization. The issue at stake might be illustrated by compar-

ing the event under consideration, the Flash Crash, with the central event in 

Wagner-Pacifici’s analysis: the terrorist attacks of September 11 2001. 

Wagner-Pacifici details the initial confusion about the September 11 

events, which were first described as ‘accidents’, then as ‘incidents’, and 

then as ‘terrorist attacks’ (2010, p. 1352). The central point here is that, 

despite the initial confusion, an event narration eventually took shape that, 

while multidimensional and contested, was founded on the real experience 

of physical destruction and the deaths of nearly 3,000 people. In other 

words, the eventalization of the September 11 attacks had a real experien-
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tial base (although some of the matter-of-factness relating to the eventali-

zation of the attacks would soon be questioned, e.g. by conspiracy theo-

rists). The Flash Crash, I will argue, is a rather different type of event.  

First, while a massive market drop was certainly registered on 6 May 

2010,
1
 the spatial and temporal delimitations of the event are contested, 

giving rise to rather different ‘eventalizations’ of the Flash Crash. Second, 

and relatedly, while the effects of the September 11 attacks can be reason-

ably (though not comprehensively) quantified in terms of the number of 

victims and the extent of the physical destruction, the effects of the Flash 

Crash are rather less clear. Indeed, I will argue, much of the interest in this 

latter event seems to be founded not in its actual but rather in its potential 

effects. As I will show, the real economic effects of the Flash Clash appear 

rather limited and much less grave than those of previous ‘analog’ crashes, 

such as the 1987 crash. While prices declined rapidly on 6 May 2010, they 

also swiftly recovered. And so, according to some eventalizations of the 

Flash Crash, the most damaging aspects of the event may relate less to ac-

tual losses and more to consequences we have yet to fully experience: re-

turning to the earlier metaphor, its real significance might be that it pro-

vides a window into how markets dominated by automated, superfast com-

puter algorithms, operating (largely) beyond human control, might be 

prone to running amok in devastating ways. 

In this article, I discuss a series of dominant eventalizations of the 

Flash Crash, i.e. important ways in which the crash has been delineated in 
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space and time, how it has been perceived, the main processes attributed to 

it, etc. This will include some of the journalistic coverage of the event, as 

well as a range of academic commentary from different fields. I also sub-

ject the event’s alleged impact to critical scrutiny. I evaluate the experi-

mental impact (the Flash Crash’s effect on market participants), the real 

economic impact (the actual economic effects) and the potential systemic 

impact (the systemic risk involved in algorithmic trading, as illustrated in 

the crash), and subsequently argue that each impact is contestable. This 

raises the question of why the Flash Crash continues to attract so much 

attention. However, it also raises a more fundamental question about why 

certain occurrences lend themselves to eventalization. Why has the Flash 

Crash invited so much study as an important event? The answer, I suggest, 

lies in how it echoes wider, well-established tropes. More specifically, the 

Flash Crash is recognizable: it seemingly instantiates older concerns re-

garding technology and crowd/herding behaviour. These types of tropes 

are mobilized in the eventalizations of the Flash Crash and contribute to 

constituting it as something easily recognized as significant. 

In other words, my assertion is that the Flash Crash was eventalizable 

not simply because it appeared dramatic, but equally because it conjured 

up a broader event register. So, similar to Wagner-Pacifici’s observation 

that eventalization often involves mimetic features, which ‘take their forms 

from templates developed in the past and brought to bear on [the] emergent 

event’ (2010, p. 1362), I suggest that the tropes about the fear of technolo-
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gy and of herding constitute the central template for the interest devoted to 

the Flash Crash. This attempt to situate the discourse on the Flash Crash in 

a broader cultural context aligns the article with work on how present-day 

derivate capitalism is embedded in broader socio-cultural logics (e.g. 

Arvidsson, 2016; Lee and Martin, 2016). 

As is hopefully clear from this, the aim of the article is not to provide 

novel insights into what actually happened on 6 May 2010, nor to shed 

new light on what constitutes an event (for which reason I leave aside work 

on this matter in, e.g. the Whitehead and Deleuze traditions). Rather, in 

line with Janet Roitman’s analysis of how the subprime mortgage crisis of 

2007–8 prompted a series of crisis narratives that treated ‘crisis’ itself as a 

blind spot and rarely grasped the ways in which these narratives ‘allow[ed] 

certain questions to be asked while others [were] foreclosed’ (2014, p. 94), 

so I strive in this article to demonstrate how, in the various eventalizations 

of the Flash Crash, the event’s importance operates as a blind spot that is 

rarely critically examined. 

However, I also wish to discuss the event’s importance in the light of 

debates in economic sociology. So, after having examined how various 

observers eventalize the Flash Crash, i.e. after treating discussions of the 

event as a matter of what Niklas Luhmann (2012) called ‘second-order 

observation’, I will push the analysis forward by asking what economic 

sociology might learn from the event if we assume that there is some sub-

stance to the eventalizations and how they portray contemporary algorith-
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mic finance. I shall discuss this with particular emphasis on discussions of 

dissonance, resonance, cognitive interdependence and market sociality as 

they pertain to quantitative finance (Beunza and Stark, 2012). 

The majority of the article’s analysis is based on written sources, espe-

cially journalistic accounts, government reports, and academic papers. 

However, the discussion of the impact of the Flash Crash also takes into 

account other sources, such as interviews I have conducted with US market 

participants involved in various forms of algorithmic finance, including 

high-frequency trading. The majority of these interviews (c. 30 in total) 

were conducted in April and May 2016 with CEOs, CTOs, traders, ex-

change officials, etc. from especially, but not exclusively, New York, Chi-

cago and San Francisco. 

The article comprises five sections. In the first, I analyze the mediati-

zation of the Flash Crash – both how the name of the event was attached to 

it almost immediately, and how the event operates as a turning point in the 

American journalist Michael Lewis’s critical examination of high-

frequency trading. The next section discusses how the Flash Crash has 

been eventalized by scholarly commentators, i.e. how the trading activity 

on 6 May 2010 has been discursively portrayed as a significant event. Two 

main types of event signification can be differentiated, which testifies to 

what Michel Foucault referred to as ‘the tactical polyvalence of discourse’ 

(1990, p. 100). Thus, while some commentators emphasize the allegedly 

exceptional status of the Flash Crash event, others argue that it signifies a 
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common occurrence in present-day financial markets. The third section 

critically discusses the types of impact usually attributed to the Flash 

Crash. The fourth section analyzes the two central tropes that are mobilized 

in eventalizations of the Flash Crash. The fifth section then relates the 

eventalizations of the Flash Crash to discussions of dissonance and reso-

nance in quantitative finance. A brief conclusion rounds off the article. 

 

The mediatization of the Flash Crash 

As mentioned, Wagner-Pacifici argues that events are ‘intrinsically rest-

less’ (2010, p. 1356). This restlesness entails that controversy is integral to 

the way in which events are shaped. There are different ways of 

delineating events (including their beginnings and endings, the main actors 

and processes involved, etc.), and event contestation is likely to revolve 

around such delineation and framing. Importantly, the framing of events 

can have performative effects. As Wagner-Pacifici notes, ‘the business of 

event framing is part and parcel of the continuing effect flow of events’ 

(2010, p. 1354). Events can obviously be framed by a variety of sources, 

including media coverage, government reports and academic commentary. 

As was the case with September 11, as analyzed by Wagner-Pacifici, the 

media have played a significant role in constituting the Flash Crash as an 

event. Mirroring the immense speed of the trading reportedly involved in 

the Flash Crash, the mediatization of the collapse and recovery of prices on 

6 May 2010 was almost instantaneous. The most dramatic market drop 
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took place between 2:41 pm and 2:45:27 pm, at which point trading was 

suspended for five seconds. When trading resumed, ‘broad market indices 

recovered’, but individual securities still saw considerable price fluctua-

tions. At approximately 3:00 pm, ‘prices of most individual securities sig-

nificantly recovered and trading resumed in a more orderly fashion’ 

(CFTC-SEC, 2010, p. 9). 

The media coverage was immediate. At 2:58 pm, CNBC published an 

online article describing how the ‘selloff is feeding on itself, bringing 

down almost all stocks’ (Melloy, 2010). The Wall Street Journal website 

was similarly quick to report on the unfolding events on 6 May. The first 

posting in which it not just reported, but reflected on what had happened 

was published as early as 3:22 pm, with follow-up commentaries at 3:46 

pm and 4:00 pm. These initial postings (all of which were published on the 

so-called MarketBeat blog, which comments on market developments 

throughout the day) were characterized by confusion. No explanations 

were offered; there were only questions being posed, including whether 

‘computerized trading [was] to blame’; if the ‘market swoon was caused 

by technical factors’, such as a ‘technical glitch’; or whether there was ‘a 

fat-finger trade’ behind it all (Phillips, 2010a; 2010b; 2010c).
2
 Then at 4:15 

pm, Michael Corkery, also writing for the Wall Street Journal, published a 

post entitled ‘The Stock Market’s Flash Crash: How to Destroy $1 Billion 

in 60 Minutes’ (2010), apparently the first WSJ journalist to use the term 

‘Flash Crash’. Within an hour, the term was gaining traction. At 5:04 pm, 
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the MarketBeat blog published a post that described how the notion of the 

‘Flash Crash’ was already achieving hegemony: 

 

The ‘Flash Crash.’ Here at MarketBeat HQ that seems to be the moni-

ker we’re hearing for what happened during Thursday afternoon. […] 

The usage of ‘flash’ echoes some of [sic] controversy over the compo-

nent of electronic trading known as ‘flash trading’. (Phillips, 2010d; 

see also the 5:47 pm post by Grocer, 2010) 

 

It therefore took just two hours for the term ‘Flash Crash’ to crystallize as 

the central point of reference. The term’s catchiness is arguably part of the 

reason why the event has attracted so much attention, but beyond that, its 

narrative quality consists in equally describing the swiftness of the market 

drop and recovery, and the immediate suspicion that high-frequency trad-

ers were profoundly implicated in the event. 

Journalistic accounts of the Flash Crash abound in the steady stream of 

media articles about the event, as well as in the coverage of the subsequent 

CFTC-SEC report, the Sarao case, etc. The journalistic framing of the 

event as revealing the inner workings of financial markets also plays an 

important role in Michael Lewis’s bestselling book Flash Boys (2014), the 

publication of which was followed by considerable controversy, because it 

alleged that the markets dominated by high-frequency trading are rigged. 

However, that debate is not of central importance here. Instead, I am inter-



 13 

ested in how the Flash Crash event is portrayed at a critical juncture in 

Lewis’s book (the title of which obviously alludes to the Flash Crash and 

flash – i.e. high-speed – trading). 

The main protagonist of Flash Boys is Brad Katsuyama, a trader who, 

while working for the Royal Bank of Canada, began to notice that the pric-

es he received upon completing a trade were slightly worse than those he 

saw on his screen before submitting the order. Something was happening 

between sending his orders and them being filled, something that was 

working consistently to his, and hence to his clients’, disadvantage. Much 

of Flash Boys narrates Katsuyama’s attempt to understand what was hap-

pening in this split second. He eventually discovered that he was being 

front-run by high-frequency traders who were working at much faster 

speeds than him, and were thus able to profit from his trades. He also dis-

covered that not many investors, not even those he had considered sophis-

ticated, were aware of how they too were falling prey to aggressive high-

frequency trading algorithms. As a result, he convinced the Royal Bank of 

Canada to assemble a team tasked with developing an alternative trading 

system, Thor, designed to neutralize the advantage of suspected predator 

algorithms.
3
 Building the system was one thing, but attracting clients will-

ing to use it was another. Flash Boys recounts Katsuyama’s considerable 

efforts as he set up meeting after meeting with potential investors, but all to 

little avail. ‘Then came the so-called flash crash’, writes Lewis (though he 

misstates the timing): 
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At 2:45 on May 6, 2010, for no obvious reason, the market fell six 

hundred points in a few minutes. A few minutes later, like a drunk try-

ing to pretend he hadn’t just knocked over the fishbowl and killed the 

pet goldfish, it bounced right back to where it was before. (2014, p. 80) 

 

According to Flash Boys, the Flash Crash was a turning point for Katsu-

yama and his attempts to counter the influence of predatory high-frequency 

traders. Many people began to ask ‘the same question he was asking him-

self [about the Flash Crash]: Isn’t there a much deeper question of how this 

one snowball caused a deadly avalanche?’ (2014, pp. 81–2). His ideas 

now, suddenly, had considerable resonance in the investment community, 

and so ‘[a]fter the flash crash, Brad no longer bothered to call investors to 

set up meetings. His phone rang off the hook’ (2014, p. 82). 

 What are the important factors in this account of the Flash Crash? 

Most notably, Lewis’s account portrays it as something exceptional. It 

happened ‘for no obvious reason’ and appeared to be triggered by a minor 

event that eventually, but with extreme speed, spiralled both downwards 

and upwards. Indeed, in order to stress the exceptional, arguably even 

traumatic nature, of the event, Lewis draws a parallel between the Flash 

Crash and the crash of October 1929, effectively suggesting, therefore, that 

later generations might look back upon the Flash Crash as one of our era’s 

defining moments (2014, p. 81).  
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A normal or exceptional occurrence? 

Lewis’s rendering of the event’s exceptionality and singularity finds sup-

port in the academic literature. One illustration of this is found in an article 

by Donald MacKenzie entitled ‘Mechanizing the Merc: The Chicago Mer-

cantile Exchange and the Rise of High-Frequency Trading’ (MacKenzie, 

2015). This article offers a fascinating and thorough analysis of the histori-

cal backdrop to high-frequency trading, but it also proposes an interesting 

eventalization of the Flash Crash. Three features in particular stand out. 

The first relates to the delimitation of the event. The opening sentence of 

MacKenzie’s article reads: ‘At 2:40 p.m. on 6 May 2010, the US financial 

markets went into spasm’ (2015, p. 646). The subsequent pages narrate the 

events of the day and how the Flash Crash, which began in Chicago, even-

tually spilled over, such that ‘the sell pressure began to swamp the stock 

markets’ in New York (2015, p. 648). For MacKenzie, then, the event is 

not reducible to what happened in Chicago; the ramifications on the New 

York markets equally form part of the Flash Crash event. Second, this 

spill-over logic makes MacKenzie characterize the Flash Crash as the ‘first 

generalized crisis’ of the ‘new world of automated high-frequency trading’ 

(2015, p. 648), i.e. the first illustration of how tightly interconnected 

markets are vulnerable to this type of trading. Third, since the Flash Crash 

is seen to embody a particular type of crisis that is intimately tied to high-

frequency trading, the event plays an important role in MacKenzie’s text as 
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a window into the new world of automated trading and its consequences. 

In other words, MacKenzie portrays the Flash Crash as an event that al-

lows us to see attributes or dynamics that are crucial but usually escape 

attention. 

 While MacKenzie’s analysis presents the Flash Crash as a window into 

present-day financial markets, he also treats it as an exceptional event, a 

rare occurrence. Other scholarly accounts question the exceptional status 

accorded to the Flash Crash, instead conceiving of the event as a window 

into the now normal workings of algorithmic finance, as exemplified by 

high-frequency trading. One example of this is a paper jointly written by 

Susanne von der Becke and the physicist and co-director of the Financial 

Crisis Observatory Didier Sornette, entitled ‘Crashes and High Frequency 

Trading: An evaluation of risks posed by high-speed algorithmic trading’ 

(a shorter version of the paper appeared in the UK Foresight report ‘The 

Future of Computer Trading in Financial Markets’). In the paper, Sornette 

and von der Becke set out to find answers to the following question: ‘Can 

high-frequency trading lead to crashes?’ (2011, p. 3). This is answered in 

the affirmative, with the Flash Crash serving as a key example throughout 

the analysis. In fact, the Flash Crash is first mentioned in the paper’s open-

ing paragraph:  

 

The May 6 flash crash in 2010, which saw the Dow Jones lose about 1 

trillion USD of market value and individual stocks trading at fractions 
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or multiples within minutes, put increased focus on HFT. Even though 

high frequency traders were subsequently mostly cleared from having 

caused the crash, doubts remain as to whether this new form of trading 

bears potentially destabilizing risks for the market. (2011, p. 4) 

 

Two things are interesting about this quote. One is that, whereas MacKen-

zie presents an expansive account of the Flash Crash, linking the initial 

price movements in Chicago to subsequent developments in New York, 

Sornette and von der Becke offer a narrow demarcation. In their analysis, 

the Flash Crash event is reduced to the price drop, with no mention of the 

fact that prices quickly recovered, and therefore that the overall 1 trillion 

USD losses were rapidly regained. This narrow eventalization of the Flash 

Crash adds weight to the second interesting feature of the quote: that the 

event is linked directly to the ‘potentially destabilizing risks’ that high-

frequency trading is said to introduce to financial markets (for similar ac-

counts, see Lange, Lenglet and Seyfert, 2016; Snider, 2014, p. 754). This is 

indeed how Sornette and von der Becke invoke the Flash Crash throughout 

their paper: it serves the strategic function of exemplifying what might go 

wrong with algo-financial markets, i.e. markets dominated by fully auto-

mated computerized algorithms, and how they are allegedly prone to 

crashes. 

 One of the central messages conveyed by Sornette and von der Becke 

(and repeated by, e.g. Leal et al., 2014) is that the Flash Crash may appear 
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to be a singular and exceptional event, but should rather be seen as illustra-

tive of a destabilizing, crash-prone dynamic that is inherent in present-day 

high-frequency-trading-dominated financial markets. In other words, its 

exceptionality is only apparent. A similar conclusion is reached by other 

commentators who, in effect, argue that the Flash Crash constitutes an im-

portant event because it captures something that is increasingly typical and 

representative of current financial markets. One example of such a recon-

figuration of the Flash Crash – from an exceptional toward an increasingly 

typical or representative eventalization – is apparent in the work of Nanex. 

This firm, a financial data provider, has not only been an outspoken critic 

of the official CFTC-SEC report on the 2010 Flash Crash, but has also de-

voted a substantial part of its research to demonstrating the repeated recur-

rence of flash crashes in algo-financial markets. The Nanex homepage 

cites more than 100 flash crashes in 2013, and more than 40 between Janu-

ary and June 2014. According to the Nanex definition, a (down) flash crash 

occurs when the following applies to a stock price (the definition implies 

that flash events can also refer to rapid positive price changes): 

 

(i) it has to tick down at least 10 times before ticking up, 

(ii) price changes have to occur within 1.5 seconds, 

(iii) price change has to exceed -0.8%.  

(quoted from Golub, Keane and Poon, 2012, p. 5, italics in the original) 
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Several academic papers have adopted this definition in their analysis of 

algo-financial markets’ alleged flash crash-prone nature. One example is 

the article ‘Financial black swans driven by ultrafast machine ecology’, by 

the physicist Neil Johnson et al. (one co-author of which is the founder of 

Nanex, Eric Hunsader). In it, the authors examine what they refer to as 

‘ultrafast black swan events’ or ‘black swan crashes’ (Johnson et al., 2012, 

pp. 1, 3; see also Johnson et al., 2013). They refer to the Flash Crash as a 

critical, destabilizing event that illustrates the need for further understand-

ing of such financial black swans. Thus, they argue: 

 

Society’s drive toward ever faster socio-technical systems means that 

there is an urgent need to understand the threat from ‘black swan’ ex-

treme events that might emerge. On 6 May 2010, it just took five 

minutes for a spontaneous mix of human and machine interactions in 

the global trading cyberspace to generate an unprecedented system-

wide Flash Crash. (2012, p. 1)
4
 

 

Specifically, Neil Johnson et al. identify a total of 18,520 ultrafast black 

swan events in a dataset comprising stock-price movements from 3 January 

2006 to 3 February 2011. They take the notion of black swans from the 

work of Nassim Taleb, according to whom a black swan event has three 

attributes: 
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First, it is an outlier, as it lies outside the realm of regular expectation, 

because nothing in the past can convincingly point to its possibility. 

Second, it carries an extreme impact […]. Third, in spite of its outlier 

status, human nature makes us concoct explanations for its occurrence 

after the fact, making it explainable and predictable. (2010, p. xxii, 

italics in the original) 

 

For present purposes, what is especially interesting about this definition is 

the first attribute, and how Johnson et al. relate to it. On the one hand, the 

flash crashes examined by Johnson et al. are indeed seen as black swan 

events, i.e. as outliers or exceptions. Referencing the work of sixteenth-

century philosopher Francis Bacon, Johnson et al. note that ‘the scientific 

appeal of extreme events [such as ultrafast black swan events] is that it is 

in such moments that a complex system offers glimpses into the true nature 

of the underlying fundamental forces that drive it’ (2012, p. 3). On the oth-

er hand, however, the sheer number of black swan events analyzed under-

mines the notion of them being exceptional or outliers. Johnson et al. seem 

aware of this, noting that ‘[w]e uncovered 18,520 such black swan events, 

which surprisingly is more than one per trading day on average’ (2012, p. 

3). This, however, is a vast underestimation. If we say that there are about 

261 trading days per year (holidays excluded), then the period under scru-

tiny includes around 1,325 trading days in total, meaning that there are, on 

average, close to 14 black swan events per trading day. Of course, to get a 
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full picture of the relative frequency of these events, one would have to 

compare them to the actual number of orders executed – a number that is 

much higher in present-day algo-financial markets than in pre-algorithmic 

markets. Still, if about 14 black swan events can be identified per trading 

day on average, it hardly makes sense to speak of exceptional events. 

 The same sense of the normality rather than exceptionality of flash 

crashes is conveyed in an analysis by Anton Golub, John Keane and Ser-

Huang Poon (2012). They too subscribe to Nanex’s definition of a flash 

crash, but particularly focus on the four months between 2006 and 2011 

that had the highest frequency of flash crashes (namely, September, Octo-

ber and November 2008, as well as May 2010). The resulting dataset con-

tains a total of 5,140 flash crashes, which amounts to more than 63 flash 

crashes per day on average. The flash crashes analyzed by Golub, Keane 

and Poon are ‘scaled down versions of the May 6th 2010 Flash Crash’, for 

which reason they refer to them as ‘Mini Flash Crashes’ (2012, p. 2). Alt-

hough these mini crashes may not possess Taleb’s second attribute of black 

swan events (having an extreme impact), the authors, in the introduction to 

the paper, devote a full paragraph to the 2010 Flash Crash. The strategic 

use of the Flash Crash is obvious: as in the paper by Johnson et al. (2012), 

it serves as a cautionary reminder of how algo-financial markets currently 

operate, and of the kinds of crashes to which they are supposedly prone. 

Thus, while the many scaled-down flash crashes analyzed by Golub, Keane 

and Poon may not have been as severe as the 6 May 2010 Flash Crash, 
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they are characterized by the same underlying logics and thus could have 

produced far more devastating effects than they in fact did – this is the ar-

gumentative framework promoted by Golub, Keane and Poon.
5
 

 I have tried to demonstrate that the Flash Crash is indeed a restless 

event. While there is widespread agreement about the event’s importance, 

its demarcation in time and space is more contested. Similarly, there is 

disagreement about whether the event represents something normal or ex-

ceptional in algo-financial markets. Interestingly, in its emphasis on the 

importance of the Flash Crash, much of the scholarly commentary explicit-

ly asserts or takes for granted that the event indeed signifies a major 

change in financial markets, in the sense that it represents a type of crash-

like tendency now inherent in algo-financial markets, and/or in the sense 

that it constituted a significant crisis. The latter interpretation is visible 

both in MacKenzie’s characterization of the Flash Crash as the ‘first gen-

eralized crisis’ in the world of high-frequency trading (2015, p. 648) and 

when, e.g. Johnson et al. liken the event to a black swan event that has 

‘extreme impact’ (Taleb, 2010, p. xxii). Similarly emphasizing the alleged 

impact of the Flash Crash, Andrei Kirilenko, former Chief Economist of 

the CFTC, has argued that ‘the algorithmic nature of HFT can cause 

significant impact. The pre-eminent example of this, of course, is the Flash 

Crash of May 6th of 2011 [sic]’ (Kirilenko, Sowers and Meng, 2013, p. 

59). However, as I shall argue in the following section, there is little 

evidence to support this notion of significant impact. 
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What was the impact of the Flash Crash event? 

The eventalizations of the Flash Crash analyzed so far point to at least 

three ways in which the event might be of considerable importance to pre-

sent-day financial markets: (a) as an event that significantly changed how 

market participants perceive markets; (b) as an event that generated a mas-

sive loss of value, and hence had or could have had considerable economic 

effects; and/or (c) as an event that is symptomatic of a novel set of system-

ic risks associated with algorithmic finance. I shall critically discuss each 

of these in turn. 

 The first potential impact, an experiential one, is alluded to in Lewis’s 

account of the Flash Crash, when he sheds light on how Katsuyama and 

other market participants experienced the Flash Crash, how it seriously 

affected them, and the questions it raised in the trading community. Lew-

is’s image of the event as being dramatic, even a turning point, is echoed in 

other journalistic accounts. For example, in their coverage of the Flash 

Crash the day after the event, the Financial Times quoted a senior trader as 

saying ‘Was this the end of the world? No, but it sure felt like it for a few 

minutes’ (Bullock, Mackenzie and Guerrera, 2010, p. 8). In Marije Meer-

man’s 2013 documentary The Wall Street Code, David Lauer, a former 

high-frequency trader at Citadel (one of the main US high-frequency-

trading players), describes the Flash Crash in even more dramatic parlance. 

According to Lauer, the Flash Crash was for him ‘a defining event’. He 
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relates how, during the escalating market drop, he and his fellow high-

frequency traders followed the ‘drifting’ of orders in the order book, and 

how he felt that ‘something terrible has just happened. Something inde-

scribably horrible just happened’. The horrible thing was that ‘the market 

was gone’; ‘for moments, for seconds, there was no market’, no sets of 

buyers or sellers to be matched. ‘Even 9/11 didn’t have that impact’, he 

states. 

 It is difficult to say whether the Flash Crash generated similar respons-

es in other market participants, as this has never been systematically exam-

ined. But to the extent that it had long-lasting experiential effects, these are 

likely to have been distributed differentially across different market actors 

(high-frequency traders, retail investors, brokers, pension funds, etc.), de-

pending on whether (and how) they were engaged in trading on the after-

noon of 6 May 2010. Interestingly, however, my interviews with people 

involved in algorithmic finance, including high-frequency traders, do not 

confirm the dramatic portrayal of the event in Flash Boys or The Wall 

Street Code. Indeed, none of my interviewees referred to the Flash Crash in 

a manner remotely parallel to Lauer’s account. Illustratively, one experi-

enced New York-based high-frequency trader took a rather relaxed, unaf-

fected approach to the event, and placed particular emphasis on how the 

downward part of the Flash Crash (the market drop) was followed by what 

he referred to as a ‘Flash Recovery’, most likely generated by the high-

speed trading algorithms. Contrary to Lauer’s account, this suggests that 
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the most spectacular aspect of the Flash Crash was not the absence of the 

market, but rather its immediate auto-recuperation. 

 Similarly, when asked about the central risks characterizing contempo-

rary algorithmic markets, a former high-frequency trader from one of the 

leading US high-frequency trading firms, now CEO of a firm that special-

izes in a combination of high-frequency trading and advanced machine 

learning, asserted that flash-crash events do not amount to any substantial 

risk. There should be much greater concern, he argued, with the consolida-

tion taking place among algorithmic firms where a few major players trade 

very significant parts of the overall volume (the biggest firm being in 

charge of around 20% of the order flow in some markets), with all the 

market fragility and risk this entails. 

Market participants are obviously scared of losing large amounts of 

money. And so, if the Flash Crash did in fact generate the sense of the 

world ending, then this was most likely tied to the fear of markets collaps-

ing and profits crumbling. Interestingly, however, there has been hardly 

any systematic examination of the actual economic effects of the Flash 

Crash – and, it turns out, for good reasons, since it is difficult to ascertain 

its precise economic impact. However, there are a small number of indica-

tors that provide a partial picture. Some were described in a 2010 talk enti-

tled ‘Strengthening Our Equity Market Structure’, delivered by the then 

SEC chair, Mary L. Schapiro, a few weeks prior to the publication of the 

joint CFTC-SEC report on the Flash Crash. The Flash Crash was central to 
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the talk and was described by Schapiro as a clear ‘market failure’ that re-

quired the most detailed examination. As such, it was viewed not as an 

‘aberration’, not as something exceptional, but as an event that may reveal 

some fundamental problems in the current market structure and its dynam-

ics (2010, p. 3). 

Discussing the impact of the Flash Crash, Schapiro made three obser-

vations. The first concerned stop-loss orders, which are ‘designed to help 

limit losses by selling a stock when it drops below a specified price’ (2010, 

p. 3). During the Flash Crash, the reliance on and use of this safety tool 

‘backfired’ (2010, p. 3): 

 

A staggering total of more than $2 billion in individual investor stop 

loss orders is estimated to have been triggered during the half hour be-

tween 2:30 and 3 p.m. on May 6. As a hypothetical illustration, if each 

of those orders were executed at a very conservative estimate of 10 

percent less than the closing price, then those individual investors suf-

fered losses of more than $200 million compared to the closing price 

on that day. (2010, pp. 3–4)  

 

USD 200 million is obviously a lot of money. Yet, compared to the 1987 

crash, for example, where 19 out of 23 global markets declined by more 

than 20% (Roll, 1988), the Flash Crash appears relatively slight. The 1987 

crash also had much longer-lasting effects on markets. These differences 
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are nicely captured in a recent discussion of the Flash Crash by Imad 

Moosa, which has a rather more sympathetic view of high-frequency trad-

ing than most accounts (and essentially concurs with the abovementioned 

notion of a ‘Flash Recovery’): 

 

On 6 May 2010, the market dropped as much as 9.2 per cent, but only 

stayed down for a matter of minutes before recovering most of its loss-

es. On 19 October 1987, the market dropped 23 per cent and stayed 

down for weeks and months. If anything, it was high-frequency traders 

who saved the day [on 6 May 2010] by staying in when long-term 

traders left the market. (Moosa, 2015, p. 84) 

 

While the effects of the 1987 crash certainly lasted longer, Schapiro noted 

a second economic impact of the Flash Crash, namely that both individual 

investors and mutual funds ‘pulled back from participating in the equity 

markets’ for months afterward (2010, p. 3). I have not been able to find a 

quantified estimate of what that might have meant for the financial mar-

kets. However – and this is the third central impact listed by Schapiro – the 

most important consequence of the Flash Crash might also lie elsewhere, in 

something less quantifiable. According to a survey mentioned by Schapiro, 

‘Less than 50 percent of the buy-side respondents […] expressed confi-

dence in the current market structure’ (2010, p. 4). It goes without saying 

that lack of confidence in markets could potentially have a devastating ef-
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fect, but it is unclear from Schapiro’s talk precisely how this might materi-

alize. Some insight into this is available in an analysis by Thomas Boulton, 

Marcus Braga-Alves and Manoj Kulchana (2014), who find signs that the 

Flash Crash led to increased investor uncertainty over a period of at least 

two weeks, with consequences – including widening bid-ask spreads and 

market withdrawal – that meant that it became more expensive to trade in 

markets in the immediate aftermath. However, as Boulton, Braga-Alves 

and Kulchana note, it is difficult to single out which consequences were 

due specifically to the Flash Crash and which were due to the sovereign 

debt crisis in Europe in which the Flash Crash was at least partly embed-

ded (2014, p. 154). In fact, it turns out that the evidence about the econom-

ic impact of the Flash Crash is inconclusive. In a survey conducted by 

BlackRock, the world’s largest asset manager, 380 retail financial advisors 

were asked about the impact of the Flash Crash. The survey demonstrated 

‘that the majority of advisors were minimally affected by the market dis-

ruption’, and BlackRock therefore concluded that ‘the final impact on in-

vestors was relatively limited due to widespread trade cancellations’ (2010, 

p. 3). So while the evidence regarding the actual economic impact is in-

conclusive, it suggests that the Flash Crash had little economic effect – not 

least because markets quickly rebounded. 

This leads me to the third potential impact that is implied in eventaliza-

tions of the Flash Crash: even if the Flash Crash did not have a massive 

actual economic effect, the event is nonetheless significant because it is 
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symptomatic of new types of systemic risk associated with algorithmic 

finance – and these point far beyond the immediate economic aftermath of 

6 May 2010. In the words of Andersen and Bondarenko, the Flash Crash is 

important as an example of ‘highly erratic market dynamics’ which might 

propagate ‘into systemic disruptions to the financial systems’ (2015, p. 2; 

see also Ivanov, 2011; Knight, 2012). This observation is echoed by schol-

ars such as Johnson and Sornette, as described in the previous section. 

They essentially analyze the market as a complex system or ecology in 

which Flash Crash-type events constitute an imminent risk. For Johnson et 

al., the Flash Crash is significant as an illustration (a) of the transition into 

a fully automated, machinic ‘population of adaptive trading agents’; and 

(b) of the ‘systemic risk’ looming in such an ecology (Johnson et al., 2013, 

pp. 3, 5). A similar image is conveyed by Sornette and von der Becke, who 

describe financial markets as ‘truly “complex systems” in a technical 

sense. As such, they are intrinsically characterized by periods of extremity 

and by abrupt state-transition and spend much time in a largely unpredicta-

ble state’ (2011, p. 15). It is due to such unpredictable states, they argue, 

that high-frequency trading can produce ‘[p]ro-cyclicality mechanisms, 

also known as positive feedbacks’, something which allegedly ‘leads to 

unsustainable regimes, ending in crashes and crises’ (2011, p. 16). In other 

words, if markets are already unstable, as they were on the morning of 6 

May 2010 (in the light of the Greek debt crisis), then the instability can be 

further exacerbated by high-frequency trading algorithms herding one an-
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other and thereby transforming instability into widespread crashes (a view 

also expressed by Kirilenko et al., 2014).  

Looking critically at such accounts, it is no coincidence that they tend 

to work with a narrow eventalization of the Flash Crash in which, as per 

Sornette and von der Becke (2011, p. 4), only the market drop of 6 May 

2010 is taken into consideration. The notion of a potential flash recovery, 

itself generated by algorithmic trading, has no place in this logic of algo-

rithmic ‘panic herding’ (2011, p. 11). This is not the only problematic fea-

ture of such accounts, which often originate within the field of econophys-

ics. They also suffer from an overly naturalistic analysis of financial mar-

kets that draws explicitly on epidemiology and population ecology as key 

points of reference. For example, Sornette and von der Becke argue that 

the alleged ‘endogenous self-excitation nature’ and ‘viral epidemic’ of 

high-frequency trading algorithms warrant depiction via market ‘pandem-

ics’ (2011, pp. 7, 11 14; for a critical discussion of the adoption of an epi-

demiological lexicon in the financial realm, see Peckham, 2013).
6
 In that 

light, it is interesting to see that Sornette and von der Becke, if only briefly, 

point to ‘human oversight’ of automated trading algorithms as ‘a stabilis-

ing factor for the HFTs and a mechanism to mitigate the risk of herding’ 

(2011, p. 12). While, unsurprisingly, none of my interviewees shared the 

impression that algorithmic trading in itself poses an imminent threat to 

financial markets, some did express concern that specific innovations in 

algorithmic finance might eliminate human oversight, with potentially dire 
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implications for the control of the algorithms. For example, an experienced 

high-frequency trading system builder, now head of an IT department that 

develops electronic trading systems at a major bank in New York, voiced 

what he saw as widely held concerns with algorithmic trading based on 

machine learning: 

 

many people are reluctant to use [machine learning] because many 

models that do machine learning are not intuitive. For people, it’s kind 

of hard to understand those models, and a lot of what traders do is still 

based on some intuition. When the models become counterintuitive, 

it’s very hard to say when the models are going off and when the mod-

els are doing right. You don’t have a human control of the system’s 

behaviour because you 100% trust the model and not many people are 

willing to do that – some do, but not everybody. 

 

In that sense, some market participants do appear to second, e.g. Sornette 

and von der Becke’s observation that, without proper human monitoring – 

and, one might add, understanding – the interaction of fully automated 

trading algorithms might spiral into, for instance, Flash Crash-type events. 

In other words, if algorithms move too far beyond intuition, they might 

have a huge negative impact on financial markets. 

 

Crash tropes  
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The fact that the types of impact often associated with the Flash Crash are 

at least to some extent contestable does not seem to have lessened interest 

in the event. The Flash Crash continues to attract attention as a significant 

event, both in the media and in scholarly circles. I would suggest that this 

is partly because the eventalizations of the Flash Crash evoke particular 

well-known tropes. More precisely, the discussions of the Flash Crash of-

ten centre on familiar notions that contribute to making what happened on 

6 May 2010 recognizable as an event. In other words, a dual logic appears 

to be at play here: (a) even if the Flash Crash is, as per Wagner-Pacifici’s 

formulation, a restless event, in that its eventness (its main dynamics, tem-

poral and spatial boundaries, key actors, central impact, etc.) is differently 

articulated in different eventalizations, certain common tropes seem to 

crystalize in these eventalizations; at the same time, it might be argued (b) 

that the Flash Crash lends itself to eventalization because the key dynamics 

attributed to it echo wider, well-established tropes. 

I will discuss two such tropes in particular – tropes that are usually 

considered distinct from one another, but which tend to coalesce in even-

talizations of the Flash Crash. The first concerns the kind of systemic risks 

thought to be generated by automated (especially high-frequency) trading. 

While the immediate media reports on the event conjectured that the mar-

ket drop was triggered by some ‘fat finger’ error, i.e. by some (principally 

avoidable) human mistake (e.g. Financial Times, 2010), the focus swiftly 

changed to the allegedly inbuilt propensity of algorithmic trading to run 
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amok in an unanticipated frenzy. This is precisely the image mobilized by, 

e.g. Sornette and von der Becke in their claim regarding the supposed ‘en-

dogenous self-excitation nature’ of high-frequency trading (2011, p. 11). 

Such references tap into broader concerns with technology, specifically 

how it increasingly replaces humans or fundamentally alters their societal 

status, as well as the fear of technology running wild and being opaque to 

humans (including regulators). While this trope about technological risk is 

as old as modern society itself, it acquires a particular framing in the even-

talizations of the Flash Crash. On the one hand, several accounts character-

ize the Flash Crash as symptomatic of what might happen once trading 

becomes automated and humans are more or less left behind. This is the 

imaged conjured up in MacKenzie’s notion of a ‘generalized crisis’ and in 

the econophysics-inspired literature on the crash-prone nature of high-

frequency trading. It is equally conjured up in notions of the dangerous 

‘nontransparency of computerized trading’ (Golumbia, 2013, pp. 286–7), 

and in related discussions of how the complexity and speed of high-

frequency trading have outmanoeuvred regulators and overwhelmed their 

capacity to effectively monitor modern markets (Lewis, 2014; Malmgren 

and Stys, 2011; Snider, 2014). 

On the other hand, some accounts, especially that of Lewis, emphasize 

that while the Flash Crash was indicative of algorithmic markets that are 

out of control – as evinced by the seemingly obscure market swings of 6 

May 2010 that defied reasonable explanation (they happened ‘for no obvi-
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ous reason’, in a manner comparable to the irrational behaviour of a drunk) 

– algorithmic finance is not simply a matter of inter-machine wars. Rather, 

according to Lewis, algorithmic finance is at once embedded in mundane 

human profit-seeking behaviour and recasts the relations between humans 

and machines. Indeed, running through Lewis’s entire narrative in Flash 

Boys is the assertion that high-frequency trading divides markets into an 

elite of machinic traders and an underbelly of non-machinic ones – or, in 

Lewis’s parlance, between algorithmic predators and human prey.
7
 

This connection between the alleged self-excitation nature of trading 

algorithms and the ways in which such algorithms’ increasing dominance 

of financial markets reshuffles the relations between humans and machines 

aligns the fear of technology with a different trope, one that is also evoked 

in eventalizations of the Flash Crash. This latter trope concerns another 

modernist worry: the alleged destabilization and de-individualization that 

are the consequences of crowd and herd behaviour. The articulation of this 

concern was particularly strong in the formative years of the sociological 

discipline, around the turn of the nineteenth century (Borch, 2012). One 

manifestation of this appeared in Émile Durkheim’s reflections on social 

‘currents’: ‘in a public gathering the great waves of enthusiasm, indigna-

tion and pity […] come to each one of us from the outside and can sweep 

us along in spite of ourselves’ (1982, pp. 52–3). Durkheim would later 

further elaborate on this topic in his discussion of the exultant efferves-
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cence that characterizes the religious practice of the corrobbori, as outlined 

in his sociology of religion. According to Durkheim: 

 

When [people] are once come together, a sort of electricity is formed 

by their collecting which quickly transports them to an extraordinary 

degree of exaltation. Every sentiment expressed finds a place without 

resistance in all the minds, which are very open to outside impressions; 

each echoes the others, and is re-echoed by the others. The initial im-

pulse thus proceeds, growing as it goes, as an avalanche grows in its 

advance. (1947, pp. 215–16) 

 

The force of Durkheim’s observation lies in the fact that, while the latter 

quote described a non-modern incident, it also captured an experience that 

was precisely, and especially, modern. This modern anchoring was clearly 

articulated in other sociological accounts, which conveyed a widespread 

late-nineteenth and early- to mid-twentieth-century sense of modern socie-

ty as being intimately linked to collective forms of being-carried-away (see 

e.g. Fromm, 1941; Sidis, 1898; Simmel, 1950; Tarde, 1962). What people 

experience in the collective formations of modern society, it was held, is a 

loss of self: strict boundaries between people disappear as a result of the 

social avalanche of crowd and herding behaviour. Significantly, this expe-

rience was not restricted to the collective formations on the street or in par-

ticular religious settings – it was soon associated with financial markets, 
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too. Examples and discussions of panicking and being-carried-away in 

speculative frenzy have a long history, with the 1637 Tulip mania and the 

1720 Mississippi bubble being oft-mentioned (e.g. Mackay, 2002). How-

ever, what is special about the early twentieth century is that the financial 

markets were increasingly described in a crowd-psychology lexicon. For 

example, in the 1920s and ’30s, advocates of so-called contrarian invest-

ment philosophy argued that financial markets are widely characterized by 

contagious crowd dynamics, in which individual investors are easily swept 

away by the market crowd’s avalanching impulses (see Borch, 2007; Han-

sen, 2015; Stäheli, 2006; 2013; see also Arnoldi and Borch, 2007). It is this 

notion of a sudden social avalanche – a destabilizing and de-

individualizing crowd or herding process – that is also evoked in some 

eventalizations of the Flash Crash. This not only applies to Lewis’s explicit 

likening of the Flash Crash to ‘a deadly avalanche’ (2014, p. 82), but also 

to e.g. Sornette and von der Becke’s analysis of the crash-prone nature of 

algorithmic herding (2011, pp. 10–12). They argue that Flash Crash-like 

events essentially display dynamics in which, to use Durkheim’s words, 

each algorithm ‘echoes the others, and is re-echoed by the others’. 

I have suggested that two tropes in particular are being mobilized in 

many eventalizations of the Flash Crash: one concerning the fear of tech-

nology, the other concerning the fear of crowds/herding and the social ava-

lanches they are said to produce. Although these tropes have distinct gene-

alogies, they coalesce in discussions of 6 May 2010, not least around hu-
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man-machine relations. So, while concerns regarding crowds and their 

social avalanches have usually been framed as a primarily, if not exclusive-

ly, inter-human affair (by Durkheim, Simmel, Tarde, etc.), the mobilization 

of crowd tropes to understand the Flash Crash essentially applies this hu-

man-oriented trope to a non-human, algorithmic domain. What was previ-

ously reserved for human beings is now attributed to trading algorithms 

that operate independently, without direct human intervention. This entails 

that, contrary to the notion that machines and humans exist in a mutually 

antagonistic relationship (the former challenging the latter), the eventaliza-

tion of the Flash Crash as a matter of herding behaviour essentially sug-

gests that some form of sociality is conferred upon algorithms, namely the 

sociality of interacting actors captured in an avalanching maelstrom. In 

other words, one implication of these eventalizations of the Flash Crash is 

that individual algorithms, too, can be swept away. 

 However, there is one important respect in which the algorithmic herd-

ing of 6 May 2010 is not quite equivalent to the being-carried-away de-

scribed by modernist observers such as Durkheim, Simmel and Tarde. At 

least according to the official CFTC-SEC (2010, p. 5) report, ‘a significant 

number [of automated trading algorithms] withdrew completely from the 

markets’ during the downward-spiralling part of the Flash Crash, as they 

were programmed to shut down in cases of extreme volatility. As such, 

while some algorithms were caught in an avalanching crowd process, oth-

ers were pre-programmed or instructed (by the humans monitoring their 
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activities) to stand aside, to seek refuge from the homogenizing movement, 

as it were. This is an attribute rarely ascribed to humans in sociological 

accounts of crowd dynamics (see e.g. Tarde, 1968). Here, individuals are 

typically described as being entirely swept away, unable to evade the mael-

strom. This might suggest that herding and social avalanching assume dif-

ferent shapes and intensities in human and non-human domains. However, 

an arguably more important observation is that, in the overall eventaliza-

tions of the Flash Crash, this standing aside is often ignored or downplayed 

(e.g. Johnson et al., 2012; Johnson et al., 2013; McInish, Upson and Wood, 

2014). 

 In the context of discussing relations between humans and machines, it 

is relevant to return briefly to Sarao. The Sarao case seemingly confirms 

the observation that the kinds of algorithmic herding identified in present-

day algorithmic finance are not simply a matter of algorithms being carried 

away by one another; humans may also play a highly active role in govern-

ing inter-algorithmic dynamics. And yet, it is remarkable how even the 

commentary on Sarao’s supposed involvement in the Flash Crash actually 

supports the notion that humans are relegated to the margins of contempo-

rary algo-financial markets. Illustratively, commenting on the initial charg-

es against Sarao, The Economist notes that it seems rather unlikely that a 

single trader could manipulate markets to such an extent that they would 

temporarily collapse (The Economist, 2015). According to this type of ac-
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count, the profound technological complexity and interconnectedness of 

markets render significant interventions of isolated humans less likely. 

 

Implications for economic sociology: Dissonance and resonance 

reconsidered 

So far, I have treated eventalizations of the Flash Crash from the perspec-

tive of second-order observation, meaning that I have observed how differ-

ent observers observe the Flash Crash and how they constitute it as an 

event. Luhmann (e.g. 2012) separates such second-order observations from 

first-order observations, the latter of which are observations about ‘some-

thing’, e.g. the causal logics allegedly inherent to modern markets. Luh-

mann’s sociological project (at least it its final phase, see Borch, 2011) is 

characterized by a strong preference for second-order observations, since, 

according to Luhmann, such observations bracket ontological assumptions 

about the world. More precisely, by observing how other observers ob-

serve, the sociologist need not make any ontological claims about how the 

social reality is constituted, but can instead bring into relief the ontological 

assumptions of other observers. In spite of Luhmann’s reservations about 

first-order observations, they can be of analytical value (and nor, indeed, 

are they entirely absent from his work). In that spirit, I now wish to discuss 

what the eventalizations of the Flash Crash might entail for economic soci-

ology if they are not treated (in a distanced fashion) as second-order obser-

vations, but are taken seriously as first-order observations about how pre-
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sent-day algo-financial markets actually operate. The discussion will re-

volve around Daniel Beunza and David Stark’s (2012) analysis of disso-

nance and resonance in quantitative finance, which is conceived as a cor-

rection to debates on, e.g. herding behaviour and black swan events, both 

of which play a central role in eventalizations of the Flash Crash. 

 Beunza and Stark’s analysis focuses on how quantitative merger arbi-

trageurs deploy a set of socio-technical devices in order to develop their 

own estimates of particular variables, as well as to ‘check their own esti-

mates against those of their rivals’, i.e. other merger arbitrageurs (2012, p. 

384). This taking-into-account of essentially social cues amounts, in Beun-

za and Stark’s terms, to a modelling endeavour turned reflexive. Important-

ly, quantitative traders deploy reflexive modelling as a means through 

which to incorporate dissonance into their trading: if the models indicate 

that rival traders estimate important variables differently, this is an invita-

tion not so much to follow them blindly, but to scrutinize matters more 

carefully. However, while dissonance thus plays a productive role for 

quantitative traders, Beunza and Stark stress that there is a risk that the 

incorporation of other market participants’ assessments can generate ca-

lamitous ‘cognitive interdependence’, with traders making unprofitable 

decisions based on inaccurate social cues (2012, p. 410). For example, the 

trading community might collectively ignore important features of a poten-

tial merger or be (incorrectly) overconfident about other features, meaning 

that individual traders might make investment decisions without being ex-
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posed to any real dissonance. In such cases, dissonance is replaced by res-

onance. So, ‘[r]eflexive modelling amplifies individual errors when a suf-

ficiently large number of arbitrage funds have a similar model. Whereas 

reflexive modelling improves trading on the basis of dissonance, it can 

lead to financial disaster in the presence of resonance’ (2012, p. 410; ital-

ics in the original).  

 Beunza and Stark present their notion of reflexive modelling as superi-

or to notions of herding and black swans. Referencing Taleb, among oth-

ers, they argue that black swan accounts have the merit of pointing to how 

crises might occur if market participants deploy models that significantly 

‘underestimate uncertainty’, e.g. by assuming that stock returns follow 

normal distributions, rather than (as would be more realistic) fat-tailed 

ones (2012, p. 386). That said, however: 

 

the black swan is ultimately an under-socialized explanation of the 

risks created by models. The black swan presents financial actors as 

hopelessly unreflexive about the limitations of their models. Confront-

ed by uncertainty about the model, we would expect market actors to 

rely on the social cues around them. (2012, p. 386) 

 

Beunza and Stark acknowledge that such cues are included in herding 

models. However, these models ‘do not account for the existence of tech-

nology in the decision-making process’ (2012, p. 387). This allegedly 
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means that, while herding and imitation might have offered ‘a realistic por-

trayal of financial actors before the 1980s’, ‘the introduction of computers, 

equations and models into financial markets’ has rendered herding behav-

iour irrelevant, as the ‘handling and manipulating a body of codified 

knowledge […] cannot simply be put to the side for the sake of copying 

someone else’s decision’ (2012, p. 387). It is in the light of such critiques 

that the notion of reflexive modelling is considered superior, because it 

better accounts for the incorporation of social cues and for the socio-

technical reality of quantitative finance.  

Beunza and Stark’s article is based on ethnographic fieldwork con-

ducted between 1999 and 2003. At that time, as the authors report, human 

traders considered quantitative tools to be important and helpful – but 

quantitative finance had not yet developed into the type of fully automated 

trading that dominates current financial markets. To pointedly emphasize 

(and slightly exaggerate) this difference, we might say that in the early 

2000s, quantitative tools supported human traders and their decision-

making, whereas today human traders support fully automated algorithms. 

As the eventalizations of the Flash Crash suggest, this shift has significant 

implications for the ways in which quantitative finance generates and re-

lates to dissonance and resonance. There are four dimensions to this.  

First, present-day algorithmic finance, including high-frequency trad-

ing, is far more technology-driven than the kind of quantitative finance 

analyzed by Beunza and Stark. While Beunza and Stark pay considerable 
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attention to the merger arbitrageurs’ use of (rather low-tech) spreadsheets 

and phone calls, high-frequency trading is based on sophisticated forms of 

high-speed data-processing, server co-location, microwave transmission, 

etc. (Borch, Hansen and Lange, 2015; Borch and Lange, 2016; MacKenzie, 

2014). In this extremely technological and deeply interwoven market reali-

ty, particular forms of ‘cognitive interdependence’ seem to take shape, not 

so much among human actors (as per Beunza and Stark’s analysis), but 

rather among algorithms. This is precisely what the Flash Crash laid bare, 

according to a host of the eventalizations analyzed above: this event 

demonstrated that human oversight and human cognitive interdependence 

become both less feasible and less important in algo-financial markets, 

which instead become dominated by tightly entangled algorithms operating 

at extreme speeds, beyond human perception. 

Second, eventalizations of the Flash Crash do not seem to suggest that 

the kind of mature quantitative finance epitomized by high-frequency trad-

ing is based on reflexive modelling. Contrary to Beunza and Stark’s exam-

ple of merger arbitrageurs, high-frequency traders do not seek to systemat-

ically incorporate the observations of rivals in order to check their own 

strategies. While they certainly take into account how others act in the 

market and how rivals seek to tweak the order book (in order, e.g. to limit 

market footprint; for sociological discussions of such behaviours, see 

Borch and Lange, 2016; Coombs, 2016; Lange, 2015; MacKenzie, 2014; 

forthcoming), they do not do so in order to critically question their own 
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practice. Rather, they do it to better grasp the direction in which the market 

is moving and to profit from imitative and counter-imitative strategies (see 

again Lange, 2015; 2016). 

This leads me, third, to the question of herding. Sornette and von der 

Becke emphasize in particular that high-frequency trading algorithms can 

engage in herding. This runs counter to Beunza and Stark’s dismissal of 

herding as a relevant phenomenon today. The contrast at stake here is due 

in part to a significant difference between their conceptualizations of herd-

ing. Beunza and Stark discuss the concept by referencing financial eco-

nomics literature (e.g. Scharfstein and Stein, 1990) and neoinstitutionalist 

accounts (DiMaggio and Powell, 1983) in which herding is conceived as a 

form of instrumental action: in situations of information uncertainty, it 

makes sense to imitate others, as they might have better information than 

oneself. By contrast, in Sornette and von der Becke, the notion of herding 

has more in common with traditional sociological tropes of people being 

carried away in collective ecstasy. This conception of herding is ignored in 

Beunza and Stark’s instrumental rendering. And yet, eventalizations of the 

Flash Crash suggest that it might be precisely such forms of non-

instrumental herding that are best suited to accounting for what happened 

on 6 May 2010. The high-speed trading algorithms’ mimicking of each 

other is not necessarily due to instrumental reasons, but could be a conse-

quence of their resonance-oriented design, i.e. due to the inter-

observational ways in which they are programmed. Such non-instrumental 
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forms of herding can exist even if imitative strategies are otherwise in-

strumentally designed in the algorithms of individual high-frequency trad-

ers (Lange, 2015). Therefore, Beunza and Stark’s finding that quantitative 

merger arbitrageurs ‘were emphatically not mimicking their rivals’ (2012, 

p. 402) does not apply to the Flash Crash. On 6 May 2010, algorithms were 

emphatically mimicking their rivals, downwards and upwards. 

Fourth, the eventalizations of the Flash Crash may challenge Beunza 

and Stark’s point that ‘arbitrageurs can collectively be wrong’ (2012, p. 

391). This point is central to their analysis of how collective ignorance or 

overconfidence might lead to disastrous resonance. However, perhaps be-

ing right or wrong is a false dichotomy. The eventalizations of the Flash 

Crash, at least, forego such a distinction: neither the market drop nor the 

subsequent market recovery were seen as a matter of algorithms being 

‘right’ or ‘wrong’. Neither part of the process can be adequately under-

stood in those terms. What the Flash Crash eventalizations point to – in 

particular, those inspired by the work of Nanex – is simply that herding can 

go both ways: resonance can spiral downward, generating massive instan-

taneous market drops, as well as upward, leading to instantaneous price 

rises or market recoveries. 

I have argued, on the basis of eventalizations of the Flash Crash, that 

Beunza and Stark’s interesting analysis of reflexive modelling in quantita-

tive finance needs qualification when applied to fully automated algorith-

mic trading. However, there is one important respect in which their analy-
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sis is apt when it comes to understanding algo-financial markets. One of 

the central achievements of their analysis is that it emphasizes that quanti-

tative finance might generate particular forms of sociality that are not easi-

ly understood by extant approaches in economic sociology. Specifically, 

they argue, the sociality of quantitative finance bridges social cues with 

socio-technical aspects. In the words of Beunza and Stark: 

 

Reflexive modelling thus brings quantitative finance full circle: where-

as the introduction of models and information technology in the capital 

markets brought in anonymity and a semblance of objectivity in the da-

ta, reflexive modelling makes it clear that traders are modelling not 

just the economic but also the social. Although anonymous and imper-

sonal, quantitative finance brings back the interdependence among the 

actors – and, for that reason, its social aspect. But this form of sociabil-

ity around models does not easily fit existing frameworks in economic 

sociology – it is disembedded yet entangled; anonymous yet collective; 

impersonal yet, nevertheless, emphatically social. (2012, p. 412)  

 

Eventalizations of the Flash Crash suggest that something similar could be 

said about fully automated trading algorithms, despite these not being 

based on reflexive modelling. These algorithms, too, are ‘disembedded yet 

entangled; anonymous yet collective; impersonal yet, nevertheless, em-

phatically social’. This social dimension of an otherwise emphatically non-
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human domain – a realm of fully automated algorithms operating without 

human intervention – might appear controversial or at least counterintui-

tive. However, as argued earlier (and further analyzed by Lange, 2015; 

MacKenzie, forthcoming), the tropes evoked in eventalizations of the Flash 

Crash indicate that it may indeed make sense to conceive of a distinct so-

cial realm of interacting algorithms. 

 

Conclusion 

This article has critically examined how the Flash Crash is often invoked 

as an event that offers a window into the inner workings and potential 

problems of high-frequency trading and present-day financial markets. I 

have discussed the restlessness of the event, i.e. how the delimitation of the 

event is contested, as well as the controversy about whether it signifies 

something normal or exceptional in algo-financial markets. While this 

points to a tactical polyvalence of the event, which is interesting in its own 

right, the more crucial observation has been that some of the impact often 

associated with the Flash Crash is contestable. This applies in particular to 

the event’s economic effects, but also to its imprint on market participants’ 

perceptions of markets: market participants certainly do not uniformly see 

the Flash Crash as a defining event or a turning point. Similarly, while 

concerns regarding advanced algorithms might find some support among 

present-day market participants, eventalizations of the Flash Crash that 

emphasize the crash-prone nature of algorithmic finance, and especially 
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high-frequency trading, tend to strategically stress only the negative as-

pects of the event (the market drop) while neatly disregarding the subse-

quent recovery. In such accounts, substantial arguments enter into a melee 

with more dramatic renderings and usages of the Flash Crash. 

 On the basis of the critical analysis of the various eventalizations of the 

Flash Crash, as well as the contested nature of the different types of impact 

accorded to it, I then pondered why the Flash Crash nonetheless continues 

to attract so much attention. I proposed that to understand this, it is im-

portant to see how Flash Crash lends itself to eventalization. Specifically, I 

suggested that discussions of the Flash Crash mobilize two familiar mod-

ern tropes, each of which contributes to making the Flash Crash recogniza-

ble as an event. Thus, concerns regarding technology and herding occupy a 

central place in eventalizations of the Flash Crash. More precisely, these 

tropes coalesce in eventalizations of the Flash Crash. Technological con-

cern in effect becomes a concern regarding machinic algorithms that herd 

in ways that are otherwise primarily characteristic of the human domain. 

This particular combination of tropes is arguably the central unique feature 

of the Flash Crash and its eventalizations. 

 Finally, I suggested that it might make sense to consider the eventali-

zations of the Flash Crash not so much in the light of how they delineate 

this particular event, but rather in the light of what they might contribute to 

economic sociology discussions about quantitative finance. In particular, I 

suggested that if eventalizations of the Flash Crash are treated as offering 
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substantial insights into how algo-financial markets actually operate – or if 

there is at least some accuracy to what they suggest – then this might 

prompt a reconsideration of how we conceive of dissonance and resonance, 

herding and cognitive interdependence within sociological accounts of 

quantitative finance. In addition, the Flash Crash eventalizations might 

stimulate economic sociologists to seriously examine how the interplay of 

fully automated algorithms might constitute new, distinct forms of market 

sociality, the understanding of which may well call for new sociological 

categories. 
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Notes 

1 The drop was registered in the so-called ‘order book’, which lists a 

trading venue’s buy and sell orders in a way that visualizes the market at 

any given moment. I stress this experiential anchoring of the market be-

cause high-frequency trading, which reportedly was partly to blame for the 

Flash Crash, takes place at timescales beyond human perception (see 

Borch, Hansen and Lange, 2015). So, on one level, high-frequency trading, 

in its actual operations, renders financial markets non-experiential. On an-

other level, however, high-frequency trading orders leave visual traces in 

the order book, and thus lend themselves to human experience. 

 

2 Reflecting this initial confusion, market participants engaged in active 

internet searches in order to understand what was happening. Bloomberg 

reported that ‘Yahoo! Inc., Google Inc. and at least one brokerage [Charles 

Schwab Corp] sustained slowdowns on Web pages that provide financial 
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information as U.S. stocks tumbled and users swarmed the Internet for 

market updates’ on 6 May 2010 (Womack, 2010). 

 

3 Katsuyama later developed the New York-based IEX exchange (re-

cently approved by the SEC), which similarly aims to neutralize the speed 

advantage of high-frequency traders. 

 

4 David Golumbia (2013, p. 295) similarly characterizes the Flash Crash 

as a black swan event. 

 

5 In one important respect, the analysis by Golub, Keane and Poon dif-

fers significantly from that of both Sornette and von der Becke, and John-

son et al. Whereas the latter focus on how the interplay of algorithms is 

responsible for flash crashes, Golub, Keane and Poon (2012) argue that 

most flash crashes occur as an effect of particular types of market regula-

tion, specifically the use of so-called Intermarket Sweep Orders (cf. 

Johnson et al., 2013, p. 6). For a similar finding, see McInish, Upson and 

Wood (2014). 

 

6 Observing this particular feature of the econophysics literature on the 

Flash Crash may be seen as a supplement to the characterization of eco-

nophysics offered by Jovanovic and Schinckus (2013). In their illuminating 

genealogy of this new field, they especially stress ‘econophysics’ major 
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distinguishing feature, which is the use of stable Lévy processes’ (2013, p. 

444), but place less emphasis on the particular types of language that eco-

nophysicists deploy alongside their statistical approaches. 

 

7 This connection between the systemic risks of high-frequency trading 

and its embeddedness in strategies in which the market is tweaked to bene-

fit a few (in particular, to the detriment of human traders) is echoed in a 

recent MIT Technology Review article: ‘High-frequency traders are able to 

make pennies off of individual trades but execute them millions of times a 

day, while regular investors are left in the dust. And it could be a destabi-

lizing force, where software gone haywire erases huge chunks of a compa-

ny’s value in a matter of minutes. That has happened enough that it has a 

name: a flash crash’ (Reilly, 2016). 
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