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A B S T R A C T

We use stock-day level data on the market share of algorithmic trading to analyze whether algorithmic trading
affects the frequency of mini flash crashes in the Austrian stock market. We use an instrumental variables
approach and the Petrin and Train (2010) control function approach to address endogeneity concerns. We
find no evidence that algorithmic trading significantly affects the probability of the occurrence of mini flash
crashes.
1. Introduction

While large-scale financial market crashes attract a lot of attention,
there are many small-scale crash-like events (referred to as mini flash
crashes or MFCs) that occur at the intraday-level, often within minutes
or even seconds. These events do not receive much attention, but their
frequent occurrence1 may erode confidence in the integrity of financial
markets.

We analyze whether algorithmic trading affects the frequency of
MFCs. We leverage the availability of a stock-day-level measure of the
market share of algorithmic trading for the Austrian equity market. We
use logit models to relate the occurrence of MFCs to the market share
of algorithmic trading. We address endogeneity concerns by using an
instrument for the market share of algorithmic trading (as in Hasbrouck
and Saar (2013)) and by using the Petrin and Train (2010) control
function approach. We do not reject the null hypothesis of no causal
effect on the occurrence of MFCs of algorithmic trading.

Our paper is related to previous research on MFCs (Nanex (2010),
Golub et al. (2012), Jacob Leal et al. (2016), Felez-Vinas (2017),
Aquilina et al. (2018), Braun et al. (2018), Brogaard et al. (2018), De-
sagre et al. (2019), Laly and Petitjean (2019), Bellia et al. (2024)). Sev-
eral papers explicitly consider the role of algorithmic or high-frequency
traders, with ambiguous results. Jacob Leal et al. (2016) construct a
model predicting that (p. 49) "the presence of high-frequency traders ...
plays a fundamental role in the generation of flash crashes’’. Brogaard
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1 Gao and Mizrach (2016) report an unconditional daily frequency of 1.03% for market breakdowns or breakups (defined as intradaily price movements in
excess of 10% that are reversed on the same trading day).

et al. (2018) analyze 2008–2009 Nasdaq data and find little evidence
that high-frequency market makers cause extreme price movements
while Desagre et al. (2019), analyzing the same data set, find that
high frequency traders may exacerbate price movements during flash
crashes. We provide much needed additional evidence on the issue
using data from a different sample period and country (post-crisis data
from Austria as compared to the 2008–2009 Nasdaq data). Our findings
are in line with those of Brogaard et al. (2018) and contradict those
of Desagre et al. (2019) as well as the predictions of the Jacob Leal
et al. (2016) model.

2. Data and descriptive statistics

The Vienna Stock Exchange (VSE) operates an electronic open limit
order book implemented on Deutsche Börse’s Xetra platform. Between
July 2011 and December 2015 the VSE published stock-day level
information on the market share of algorithmic trading. We combine
this data with intradaily data (time-stamped to the hundredth of a
second) on trades and best bid and ask quotes, obtained from the VSE.
We source data on market capitalization, corporate events and the daily
trading volume on Chi-X and Turquoise from LSEG Eikon.

An MFC is a short-run price change triggered by a series of trans-
actions that is subsequently reversed. For ease of notation we use the
term ‘‘crash’’ both for upward and downward price movements. Follow-
ing Desagre et al. (2019), we identify as MFCs all
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Table 1
This table reports the descriptive statistics for all crashes detected in our sample including crash trades, recovery trades and total trades, duration in milliseconds, percent price
change and percent price recovery, total trading volume, crash volume and recovery volume (in thousands). We report mean, standard deviation, minimum and maximum for
down and up crashes separately.

Down crashes (𝑁 = 83) Up crashes (𝑁 = 61)

mean sd min max mean sd min max

Crash trades 11.8 1.8 10.0 18.0 11.9 1.9 10.0 18.0
Recovery trades 1.7 1.2 1.0 8.0 1.6 1.1 1.0 8.0
Total trades 13.6 2.4 11.0 22.0 13.5 2.3 11.0 21.0
Duration (in ms) 2257.6 2879.5 10.0 10 000.0 3278.4 3258.9 20.0 9 600.0
Price change (in %) −0.8 0.2 −1.7 −0.5 0.7 0.2 0.5 1.7
Price recovery (in %) 108.8 19.5 90.0 231.9 108.6 22.7 92.1 250.1
Total trading volume (*103) 4103.4 5653.3 31.2 31 780.9 4329.0 5986.7 129.0 32 005.1
Crash volume (*103) 3588.5 5065.3 27.5 29 889.7 3744.4 4922.9 115.3 23 979.3
Recovery volume (*103) 514.9 748.7 3.7 4 682.8 584.6 1193.2 13.7 8 025.8
Fig. 1. This figure shows an example of a down crash that impacted Immofinanz AG
on December 7, 2012 with a duration of 0.3 s, 14 crash trades and 2 recovery trades.

events where, within 10 s during the continuous trading session, a stock
ticks down (up) at least 10 times before ticking up (down).2 We ignore
trades that occur without a tick change. We further require that the
price change exceeds 0.5%, and that subsequent to the crash the price
reverses by at least 90% of the initial change. Fig. 1 shows an example
of a down crash (Immofinanz AG on December 7, 2012) with a duration
of 0.3 s, 14 crash trades and 2 recovery trades.

For our sample period from July 2011 to December 2015, we
identify a total of 144 MFCs. 58% are down crashes. Table 1 shows
descriptive statistics. Up and down crashes have very similar character-
istics in terms of total trades, absolute price change and price recovery.
Down crashes happen faster, while up crashes have higher crash and
recovery volumes. In both cases, the crash volume is much larger than
the recovery volume.

Fig. 2 shows the distributions of the MFC duration (left graph) and
the absolute price change (right graph). The majority of the MFCs occur
within less than 1.5 s. Price changes are mostly in the range 0.5% to
0.8%.

Fig. 3 shows the evolution of trading volume (left graph) and
quoted bid–ask spreads (right graph) during MFCs. Both variables are
normalized by their averages, calculated over the 30 min before and
after the exact time of the respective MFC during the ten trading days

2 If a large market order walks up or down the book, the resulting trades
are counted separately, implying that a single large market order that results
in ten or more trades at different prices can trigger an MFC. Braun et al. (2018)
find that in their 2007–2008 U.S. sample a single large market order resulted
in a price change of 0.5% or more for 60% of the MFCs.
2 
before the MFC date. Trading volume is higher by orders of magnitude
during an MFC as compared to the non-MFC control period. The burst
in trading activity is more pronounced for up than for down crashes.
Bid–ask spreads decline prior to MFCs, increase sharply during MFCs
and remain at an elevated level thereafter. The value of 0.75 at the
outset of an MFC indicates that quoted spreads are 25% below their
average level in the control period when an MFC begins.

The unconditional cross-sectional correlation between the frequency
of MFCs and the algorithmic market share is 0.478, implying that stocks
with higher levels of algorithmic trading incur more MFCs. However,
this correlation may be spurious because it may be affected by stock
characteristics that affect both MFC frequency and the intensity of
algorithmic trading. Indeed, when we run a cross-sectional regression
(results not tabulated) of the MFC frequency on the algorithmic market
share controlling for firm size, trading volume, volatility and liquidity,
the coefficient on the algorithmic market share is insignificant (𝑡-value
0.744). In the panel regressions reported below we include control
variables, and we control for time-invariant stock characteristics by
including fixed effects.

3. Methodology

We estimate panel logit models where the dependent variable is an
indicator set to 1 if the stock experienced an MFC on the day under
consideration.

𝑃 (𝑀𝐹𝐶𝑖,𝑡 = 1|𝑋𝑖,𝑡) =
𝑒𝑥𝑝(𝛼𝑖 + 𝛽𝑋𝑋𝑖,𝑡)

1 + 𝑒𝑥𝑝(𝛼𝑖 + 𝛽𝑋𝑋𝑖,𝑡)
(1)

The independent variables (𝑋𝑖,𝑡) include the market share of algo-
rithmic trading for stock 𝑖 on day 𝑡 and several control variables to
be introduced below. The number of MFC days is small relative to the
total number of stock-day observations. We therefore use a matched
samples approach, matching each MFC day with 10 non-MFC days.3
We estimate one specification with firm fixed effects and one with MFC
fixed effects. They differ for firms which experienced more than one
MFC.

We include control variables that may affect the probability of an
MFC, namely the daily log return, the standard deviation of 5-minute
midpoint returns, the time-weighted average quoted bid–ask spread
and the inverse price level which determines the relative tick size. We
include market capitalization because the SEC (2015) report found that
the stocks with the highest market capitalization were most affected by
the May 6, 2010 flash crash. Because the probability of MFCs may be
related to the degree of market fragmentation (Golub et al. (2012),

3 We chose these 10 days as follows. We exclude all days within one month
before and after the MFC and then select the five trading days before and after
this two-month period. For example, for an MFC on December 7, 2012, we
exclude all days from November 8, 2012, to January 7, 2013, and select the
last five trading days before (November 1–2 and November 5–7) and the first
five trading days after (January 8–11 and January 14) that period.
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Fig. 2. This figure shows the distribution of the duration of the MFCs in the left graph and the distribution of the price change during the MFCs in the right graph. Note that we
define an MFC as a short-term price change of at least 0.5% that is reversed by at least 90% of the initial change within 10 s.
Fig. 3. The left-hand figure shows the evolution of trading volume during an MFC. The horizontal axis shows the time in seconds, the vertical axis shows the ratio of traded
volume during the MFC relative to the average traded volume per second calculated over the 30 min before and after the exact time of an MFC during the ten trading days prior
to the MFC. The right-hand graph shows the evolution of quoted bid–ask spreads during an MFC. The horizontal axis shows the time in seconds, the vertical axis shows the ratio
of the quoted spread during the MFC relative to the average quoted spread calculated over the 30 min before and after the exact time of an MFC during the ten days prior to the
MFC.
Felez-Vinas (2017)), we include the ratio of a stock’s trading volume
on Chi-X and Turquoise relative to its volume on the VSE. Finally, we
include a dummy variable indicating whether an earnings announce-
ment or an announcement relating to M&A activity took place on the
day under consideration. Since each MFC day is matched with ten non-
MFC days, the logit models include 1584 observations. We estimate
one specification in which the controls are included contemporaneously
and one in which they are lagged. Lagging the controls ameliorates
endogeneity concerns.

While algorithmic trading may affect the occurrence of MFCs, it may
also be the case that market conditions affect both the level of algo-
rithmic trading and the occurrence of MFCs, resulting in endogeneity
problems.4 To address this issue we use the Hasbrouck and Saar (2013)
instrumental variables approach. As instrument for the algorithmic
market share for stock 𝑖 on day 𝑡 we use the average algorithmic market
share of all other stocks on day 𝑡. We implement the approach using the
control function approach introduced by Petrin and Train (2010). This

4 A possible endogeneity problem of algorithmic trading is evident from
the work of Goldstein and Kavajecz (2004) and Desagre et al. (2019). The
former authors report that during the turbulent period of October 1997,
market participants altered their trading behavior, preferring human trading
mechanisms to electronic ones. In a similar vein, Desagre et al. (2019) find for
a sample of 74 NASDAQ stocks and for the period 2008–2009 that algorithmic
(high frequency) traders reduced their liquidity demand during extreme price
movements.
3 
approach is superior to 2SLS in models with non-continuous dependent
variables such as our logit model (Papies et al. (2017)).

The first stage of the control function approach is identical to the
first stage in 2SLS. The endogenous variable (the algorithmic market
share 𝐴𝑇𝑉𝑖,𝑡) is regressed on the instrument, 𝐼𝑉𝑖,𝑡, and the control
variables 𝑍𝑖,𝑡.

𝐴𝑇𝑉𝑖,𝑡 = 𝛾0 + 𝛾𝑍𝑍𝑖,𝑡 + 𝛾𝐼𝑉 𝐼𝑉𝑖,𝑡 + 𝜃𝑖,𝑡 (2)

The residuals are then included as an explanatory variable in the
logit model. Because the residuals are estimated, their inclusion inval-
idates the standard errors of the logit model. We therefore calculate
corrected standard errors using the Papies et al. (2017) bootstrap
approach. We draw (with replacement) from our sample of 144 obser-
vations M = 10,000 bootstrap samples (indexed by 𝑚) of sample size
N = 144 to estimate the first-stage regression. Each regression delivers
a series of residuals 𝜃(𝑚)𝑖,𝑡 which is then included in the second stage
model, resulting in M sets of 𝛽(𝑚)𝑋 . We calculate the standard deviation
of these estimates:

𝑠.𝑒.𝑏𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝
𝛽𝑋

=

√

√

√

√
1

𝑀 − 1

𝑀
∑

𝑚=1

(

𝛽(𝑚)𝑋 − 𝛽𝑋

)2
(3)

with

𝛽𝑋 = 1
𝑀
∑

𝛽(𝑚)𝑋 (4)

𝑀 𝑚=1
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Table 2
This table presents the results of our logit model with fixed effects, for each MFC and
the respective matched days, where we regress a binary variable indicating if an MFC
occurred or not on a set of explanatory variables. The results show which variables
go along with the probability of an MFC. We show different variations of our model
regarding the type of fixed effects (MFC or company fixed effects) and the application
of the control function approach (indicated as 𝑐𝑓 ) to address endogeneity issues of the
variable % algorithmic trading vol.

Logit model

Variables (1) (1𝑐𝑓 ) (2) (2𝑐𝑓 )

(Intercept) −22.02** −21.99 −5.95 −0.62
Log(market cap) 1.16* 1.15 0.14 −0.25
Trading vol (in Mio.) 1.11*** 1.12*** 2.09*** 2.04**
Inverse price level 3.85 3.40 −6.02 −6.61
Return 3.20 3.28 3.03 3.39
Volatility 1386.76*** 1389.97*** 2337.30*** 2451.40**
Quoted spread −585.64** −571.26 −691.64** −673.86
Events 0.67*** 0.68** 0.64** 0.69
Fragmentation −0.15 −0.21 −0.05 −0.51
% algorithmic trading vol −0.13 0.72 −0.51 4.61
Residuals first stage −0.91 −5.36

AIC 911.12 913.09 1112.14 1113.62
N 1584 1584 1584 1584
MFC fixed effects Yes Yes No No
Firm fixed effects No No Yes Yes

* 𝑝 < 0.1.
** 𝑝 < 0.05.
*** 𝑝 < 0.01.

To obtain the corrected standard error 𝑠.𝑒.𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
𝛽𝑋

we combine the

bootstrapped standard deviation 𝑠.𝑒.𝑏𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝
𝛽𝑋

with the standard error
from the second stage:

𝑠.𝑒.𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
𝛽𝑋

=

√

(

𝑠.𝑒.𝑠𝑒𝑐𝑜𝑛𝑑𝑠𝑡𝑎𝑔𝑒
𝛽𝑋

)2
+
(

𝑠.𝑒.𝑏𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝
𝛽𝑋

)2
(5)

. Results

Table 2 shows the results obtained when we include contempora-
eous values of the control variables. The specifications in columns
1) and (2) do not instrument the algorithmic market share and thus
gnore endogeneity issues. The specifications in columns (1𝑐𝑓 ) and (2𝑐𝑓 )
nstrument for the algorithmic market share using the control function
pproach. Columns (1) and (1𝑐𝑓 ) [(2) and (2𝑐𝑓 )] include MFC [firm]
ixed effects.

In all specifications the coefficient on the algorithmic market share
s insignificant. The model thus does not support the hypothesis that
lgorithmic trading contributes to the occurrence of MFCs. The coeffi-
ient on the first-stage residuals is also insignificant, implying that the
ull hypothesis of exogeneity of the algorithmic market share is not
ejected.

With respect to the control variables we find that MFCs are more
ikely on days with higher trading volume, higher volatility and lower
preads. These results are plausible. As documented in Table 1, trading
olume increases during MFCs, thereby increasing the likelihood of
bserving an MFC on a high-volume day. Further, MFCs are associated
ith high volatility by definition, and are more likely to occur at times
f low quoted spreads,5 making it more likely to observe MFCs on high-
olatility and low-spread days. Finally, the results imply that MFCs are
ore likely on days with corporate announcements.

Table 3 shows the results obtained when we lag the control vari-
bles. The results with respect to the algorithmic market share are fully
onsistent with those presented above. There is no evidence that the

5 Remember that our definition of an MFC requires a series of ten trades
t different prices in the same direction. Such trades will be more expensive
nd thus less likely when spreads are high.
4 
Table 3
This table presents the results of our logit model with fixed effects, for each MFC and
the respective matched days, where we regress a binary variable indicating if an MFC
occurred or not on a set of explanatory variables. The results show which variables
go along with the probability of an MFC. We show different variations of our model
regarding the type of fixed effects (MFC or company fixed effects) and the application
of the control function approach (indicated as 𝑐𝑓 ) to address endogeneity issues of the
variable % algorithmic trading vol. We lag all other variables by one day.

Logit model, lag (t-1)

Variables (1) (1𝑐𝑓 ) (2) (2𝑐𝑓 )

(Intercept) −9.97 −9.90 −12.33 −12.66
Log(market cap) 0.44 0.43 0.58 0.60
Trading vol (in Mio.) 0.66*** 0.67* 0.94*** 0.95
Inverse price level 1.33 1.18 1.81 1.91
Return −1.29 −1.25 −1.58 −1.55
Volatility 144.84 140.32 221.10 219.55
Quoted spread 2.32 4.24 37.65 34.25
Events 0.46** 0.46 0.49** 0.50
Fragmentation 0.30 0.30 0.39 0.41
% algorithmic trading vol 0.03 0.07 −0.32 −0.59
Residuals first stage −1.05 −0.94

AIC 997.36 998.81 1240.08 1241.02
N 1573 1573 1573 1573
MFC fixed effects Yes Yes No No
Firm fixed effects No No Yes Yes

* 𝑝 < 0.1.
* 𝑝 < 0.05.
** 𝑝 < 0.01.

lgorithmic market share affects the occurrence of MFCs, and the null
ypothesis of exogeneity of the algorithmic market share is again not
ejected. We still find that MFCs are more likely on days with corporate
nnouncements. However, the respective coefficients are significant
nly in models (1) and (2). The only other control variable that is
ignificant is the trading volume. The positive coefficient implies that
igh volume predicts MFCs.

. Conclusion

We analyze whether algorithmic trading affects the probability of
ini flash crashes. We obtain stock-day level data on the market share

f algorithmic trading from the Vienna Stock Exchange. We estimate
anel logit models where the dependent variable indicates whether a
ini flash crash occurred on the stock-day under consideration. To

ddress endogeneity issues we use an instrumental variables approach.
e do not find evidence that algorithmic trading significantly affects

he probability of mini flash crashes.
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