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 A B S T R A C T

We study the trading activity of designated market makers (DMMs) in electronic markets 
using a unique dataset with audit-trail information on trader classification. DMMs may either 
adhere to their market-making agreements and offer immediacy during periods of heavy selling 
pressure, or they might lean-with-the-wind to profit from private information. We test these 
competing theories during extreme (downward) price movements, which we detect using 
a novel methodology. We show that DMMs provide liquidity when the selling pressure is 
concentrated on a single stock, but consume liquidity (leaving liquidity provision to slower 
traders) when several stocks are affected.

. Introduction

Market makers facilitate the allocation of wealth and transfer of risk in financial markets, where participants may not otherwise 
e able to immediately locate a counterparty to take the opposite side of a deal. While any intermediary can supply liquidity on a 
oluntarily basis, today market making is overwhelmingly done by electronic traders, some of whom may commit to becoming a 
‘designated market maker’’ (DMM) by entering into a written agreement with the exchange to offer immediacy to its customers.1
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In this paper, we study the behavior of such electronic DMMs to examine whether they act according to their mandate 
during downward ‘‘extreme price movements’’ (EPMs), where stocks are selling off. Rather than maintaining a passive order 
flow during such EPMs, DMMs may decide to abstain from providing liquidity in extreme market conditions, or even switch 
to a ‘‘lean-with-the-wind’’ strategy with aggressive selling activity. For example, Cespa and Vives (2025) show that liquidity 
providers may lean-with-the-wind if the market lacks transparency. In these circumstances, the fear of trading against private 
information overshadows the foreseen revenue earned by providing liquidity, which increases market fragility. Further explanations 
for opportunistic trading include the backrunning theory of Yang and Zhu (2020) or predatory trading of Brunnermeier and Pedersen 
(2005). Is the economic incentive presented to DMMs sufficient to overcome such effects? Moreover, DMMs often overlap with ‘‘high-
frequency traders’’ (HFTs), as is also the case in our sample. The literature provides evidence of the lean-with-the-wind behavior of 
HFTs (e.g., van Kervel and Menkveld, 2019; Korajczyk and Murphy, 2019). Which of these effects prevail for DMMs?

We provide compelling empirical evidence to suggest that the willingness of DMMs to supply liquidity in such a situation depends 
on the cross-sectional extent of the EPM. When it affects only a single stock, DMMs stick to their agreement and offer immediacy. 
However, when it affects several stocks, DMMs reverse course and start to consume liquidity. In their place, traditional ‘‘slow’’ 
traders start to purchase shares, presumably to take advantage of the discounted price. A policy implication of our study is thus that 
the compensation scheme offered by the exchange is not always a sufficient incentive for DMMs to maintain their presence during 
such adverse market conditions, and not even to discourage them from additional selling.

We analyze a unique dataset from the BEDOFIH database.2 It consists of tick-by-tick order-level data on 37 liquid French stocks 
from the CAC 40 Index and traded on NYSE Euronext Paris in 2013. The data are stamped with a flag indicating whether a 
participant is a HFT or not, and whether the participation falls under a DMM scheme or not—as determined by the French market 
authority, Autorité des Marchés Financiers (AMF) (2017); AMF henceforth. Furthermore, it contains a trader category provided by 
NYSE Euronext (explained in Section 3). This granularity permits us to uncover the trading activity of various market participants, 
including DMMs.

A distinctive feature of our study is the definition of EPMs. In this paper, we rely on the ‘‘drift burst’’ approach of Christensen 
et al. (2022), which identifies periods where market prices are trending sharply. We investigate in detail the behavior of different 
trader groups during the downward EPMs detected by this statistic. We use only downward EPMs, because they are more likely to be 
associated with financial distress (see Huang and Wang, 2009). We show that drift burst EPMs are mostly originated by proprietary 
trading from investment banks, or by their clients trading via sponsored access.3 This trading is, on average, informed, since it leads 
to a permanent change in the fundamental price.

In general, our results relate to a vast literature dealing with liquidity provision in electronic markets. This literature looks 
at the behavior of algorithmic traders, in particular HFTs, and broadly suggests that electronic traders enhance both market 
efficiency (see, e.g., Chaboud et al., 2014) and market liquidity (see, e.g., Hendershott et al., 2011; Jones, 2013; Clark-Joseph 
et al., 2017; Bessembinder et al., 2020).

However, the beneficial impact of algorithmic trading on market liquidity has recently been challenged. Anand and Venkatara-
man (2016) show that liquidity provision is highly correlated among HFTs, which increases the fragility of the market. They conclude 
that DMMs tend to mitigate illiquidity when HFTs withdraw synchronously from the market. In our framework, DMMs are also HFTs, 
and we show that DMMs do not always maintain their passive order flow and actually resort to aggressive selling when downward 
movements spread across stocks. Thus, we provide evidence that the HFT dimension prevails over designated liquidity provision.

An important closely related paper is Brogaard et al. (2018), who study HFT liquidity provision during EPMs. They label a 
10-second return as an EPM if it belongs to the 99.9th percentile of the absolute return distribution or is detected by the Lee and 
Mykland (2008) jump test.4 Hence, they concentrate on HFTs during high volatility- and jump-based EPMs. We complement their 
paper in two directions. First, we look at drift burst-based EPMs. The drift burst EPMs is a largely different sample with limited 
overlap (see Appendix  A for an in-depth comparison). This is because the testing procedure is based on the drift term, and thus 
identifies directional price moves, while it controls for volatility and excludes jumps. It allows us to extract a sequence of consecutive 
returns around which the market is directional. This has the advantage, important to our analysis, that we can exploit the time 
series dimension of our data, such as identifying the peak of an EPM, allowing us to disentangle various stages of its development. 
Moreover, our approach does not require us to fix the duration of the EPM in advance. Second, we concentrate on DMMs. Brogaard 
et al. (2018) conclude that HFTs provide liquidity, on average, during EPMs, but they switch to the demand side if several stocks are 
affected. Our empirical analysis complements their findings by disentangling liquidity provision by trader group. We show that the 
incentive for liquidity provision is not sufficient to prevent DMMs from acting as non-designated market maker HFTs, thus casting 
the compensation scheme offered by the exchange into doubt.

The rest of the paper proceeds as follows. In Section 2, we describe the institutional structure of NYSE Euronext. In Section 3, 
we describe the data and presents the trader classification. In Section 4, we describe the identification of drift burst EPMs. The 
econometric approach and our empirical results appear in Section 5. We conclude in Section 6. In Appendix  A, we compare the drift 
burst EPMs to those detected by Brogaard et al. (2018). Appendix B contains supplementary material. In Appendix C, we implement 
an alternative model to analyze trading activity based on Kirilenko et al. (2017), which largely confirms the findings in the main 
text.

2 www.eurofidai.org/en/high-frequency-data-bedofih.
3 We refer to ‘‘client’’ when a NYSE Euronext member is granting a counterparty access to the market via an Automated Routing System or a sponsored 

access.
4 For alternative definitions of an EPM, see Goldstein and Kavajecz (2004) and Gao and Mizrach (2016).
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2. Institutional structure

2.1. The NYSE Euronext market

NYSE Euronext operates as an order-driven stock market with a limit order book. The Paris division of the exchange includes all 
French instruments, including equities and derivatives. The daily trading schedule for the most liquid stocks is divided into different 
segments. The session starts at 7:15 a.m. with a pre-opening phase, followed by an auction at 9:00 a.m. The main trading phase 
starts at 9:00 a.m. and ends at 5:30 p.m. The daily schedule is followed by a closing auction and a further trading session called 
‘‘trading-at-last’’, where additional trades can be executed at the closing price. In this study, we only look at the main trading phase, 
where the vast majority of trading activity is concentrated, thus opening and closing activity are excluded from our analysis.

According to the Rule 4403/2 of Rule Book I (Euronext, 2025), during the continuous trading, Euronext has in place a set 
of trading safeguards that prevents price movements outside certain thresholds. Specifically, traded prices are constrained into a 
‘‘collar’’, defined by a reference price plus/minus a percentage price change. If the execution of an order causes the breach of the 
collar, two outcomes are possible: 1) the order is partially executed inside the collar, without halting the continuous trading; 2) the 
trading process is halted, and the market is put in ‘‘reservation mode’’. Continuous trading resumes after a new auction. None of 
the EPMs included in our analysis trigger any of these measures. Thus, the collars are ineffective against preventing the occurrence 
of our detected events.

The Euronext group is the second-largest stock exchange in Europe (behind the LSE Group) and ranks fifth globally (the top four 
being NYSE, NASDAQ, the Japan Exchange Group, and the LSE Group) according to data from the World Federation of Exchanges 
and Statista. The French branch, Euronext Paris, accounts for approximately 70% of the total market capitalization of the Euronext 
group, positioning the domestic market as a top 10 stock exchange worldwide on a standalone basis. Additionally, the markets exhibit 
levels of HFT activity comparable to those in the United States. In our sample, HFTs account for roughly 80% of the euro trading 
volume. Brogaard (2010) reports that HFTs contribute to 68.5% of the dollar volume traded in the U.S. equities market, while Benos 
and Sagade (2012) find a much smaller participation in a small sample of U.K. stocks (27% of all trading volume). Menkveld 
(2014) posits, based on several sources, that HFT participation has grown from 30% to 70% in recent years. We conclude that the 
documented results for Euronext Paris ought to generalize to other limit order book markets, especially given the relative size of 
the market and the significance of the HFT activity therein.5

2.2. The contractual role of DMMs

The market model of NYSE Euronext Paris relies on the provision of liquidity by electronic market makers. Since 2011, the NYSE 
Euronext operates a program called Supplemental Liquidity Provision (SLP), where electronic traders can agree to post two-sided 
quotes during the day and to provide a minimum passive execution volume. This program, described below, identifies our DMMs. 
The orders sent by DMMs must be electronic, use only their own funds, and exclude customer orders.6 We emphasize that the 
agreement does not contain any special incentive for DMMs to provide liquidity during market distress. However, a recent review 
report by the European Securities and Markets Authority (2021) is now looking into this design.

The SLP program was introduced in 2012 with the aim of protecting the market share of NYSE Euronext against other trading 
venues, such as Chi-X Europe, BATS Europe, and Equiduct. The Flash News of March 26, 2012 (NYSE Euronext, 2012) covers 
the details of the implementation of the scheme, while the Flash News of May 9, 2013 (NYSE Euronext, 2013) introduces new 
requirements and also extends the possibility of joining the program to other market participants starting June 3, 2013. The program 
initially required that each firm appointed as an SLP must commit to being present on one or more baskets of stocks and fulfill the 
following three rules: (1) be present at least 95% of the time on both sides of the market during the continuous trading session; (2) 
display a minimum volume of at least 5,000 euros at the best limit; and (3) be present at the best limit prices for each assigned 
basket of securities, with a minimum time presence of 10% for each security. The program was revised in June 2013 with significant 
changes to Rule 3. The exchange introduced a minimum passive execution level (liquidity provision) of 0.70% in terms of the 
aggregate monthly volume traded on Chi-X, BATS, Turquoise, and NYSE Euronext, a minimum presence time of 25% at the NYSE 
Euronext best limit for each assigned basket, weight-averaged over the entire basket and calendar month, and a minimum passive 
execution level of 0.1%, as well as a minimum presence time of 10%, at the NYSE Euronext best limit during the continuous trading 
session for each security, weight-averaged over the calendar month.

If DMMs meet the criteria, the minimum charge when they take liquidity is 0.30 bps and the maximum rebate for liquidity 
provision is 0.20 bps until May 2013, which increased to 0.22 bps from June 3, 2013. These amounts represent the bounds for fees 
and rebates. There are intermediate levels that can reduce the rebate or increase the fees up to 0.55 bps per trade, depending on 
the time presence and passive executions. Indeed, 0.55 bps per trade is the standard fee for both taking and providing liquidity. 
Additionally, the time priority of orders at the best limit price is not considered when determining SLP members’ presence at the 
inside spread: as soon as there is an order at the top of the book flagged as SLP, the presence is counted.

5 As of 2013, NYSE Euronext Paris ranks fifth in the world in terms of market capitalization based on information from the World Federation of 
Exchanges. Bellia et al. (2025) show that in our sample HFTs account for around 82% of the gross turnover.

6 In contrast to the NYSE (US) market, the NYSE Euronext Paris does not have a single DMM for each stock, but relies on multiple DMMs that act as 
non-voluntarily liquidity providers under a market making agreement with the exchange.
3 
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Since August 1, 2012, the French government has imposed a financial transaction tax (FTT) of 20 bps on the purchase of French 
equities, along with an HFT tax. HFTs can avoid this taxation by either not holding inventories or signing an agreement with the 
exchange to perform market-making duties. If, after a certain period (2 months in the initial implementation), SLP members do 
not fulfill the requirements or their performance is below the commitment, the exchange terminates the contract. The member’s 
activity will then be charged at 0.55 bps per order executed, regardless of whether it provides or takes liquidity. Other discounts 
for colocation and the dedicated data feed infrastructure will also be terminated if a member is excluded from the SLP program.

Overall, with the time presence (95% of the time on both sides of the book, at any level) and top of the book presence (10% 
of the time, weighted average across one month), the requirements provide substantial leeway for DMMs to move their quotes to a 
lower level or withdraw from the market in the case of extreme price movements without incurring substantial penalties.

3. Data description

The database at our disposal is from the Base Européenne de Données Financières à Haute Fréquence (BEDOFIH). It is composed 
of tick-by-tick order-level data for 37 liquid stocks that are included in the CAC 40 Index in 2013.7 We can track the entire history of 
all orders, from the initial submission to the execution or cancellation, with a timestamp at the microsecond level. Each trade struck 
during the main trading phase has a flag indicating the initiator, allowing us to identify which trader-account is trading aggressively 
(demanding liquidity) and passively (supplying liquidity) for the matched order.

Euronext requires each trader to flag every order in compliance with the Rule Book I, according to the following list of possible 
categories (see NYSE Euronext, 2012): orders submitted pursuant to the Supplemental Liquidity Provision agreement (MM); own 
account (OWN) for proprietary trading; account of an affiliate, or when operating from a parent company of the Euronext main 
member (PARENT)8; account of a third party (CLIENT), when the Euronext member grants access to the client via an Automated 
Routing System or through sponsored access9; or orders submitted for retail investors only.10

An intriguing feature of this database is that individual orders from the stock exchange are labeled with a high-frequency trading 
(HFT) identification flag from the French stock market regulator AMF. The classification is based on the lifetime of cancelled orders. 
A trader is classified with the HFT mark if one of two criteria is met:

1. The average lifetime of its cancelled orders is less than the average lifetime of all orders in the book and if it has cancelled 
at least 100,000 orders during the year.

2. The participant must have cancelled at least 500,000 orders with a lifetime of less than 0.1 s (i.e., the participant quickly 
updates the orders in the limit order book) and the top percentile of the lifetime of its cancelled orders must be less than 500 
microseconds (i.e., the participant regularly uses fast access to the market).

The HFTs are further divided into two sub-categories: pure HFT companies, such as Citadel or Virtu, and investment banks with 
HFT activity (named ‘‘mixed’’ by AMF), such as Goldman Sachs. The classification is revised yearly, and the groups are mutually 
exclusive.

We merge the AMF definition of HFT with the U.S. Securities and Exchange Commission (2014) memorandum, which adds 
proprietary trading as a typical feature of HFTs, by grouping traders into the following categories (also displayed in Fig.  1):

• Pure HFT companies — according to AMF — are labeled by their trading classification, as PURE-HFT MM, PURE-CLIENT, 
and PURE-HFT OWN. We remove the flag ‘‘HFT’’ from clients given that the AMF classification does not guarantee that these 
trades are proprietary. The DMMs in this group are PURE-HFT MM.

• Mixed HFT companies — according to AMF — are labeled IB-HFT MM, IB-CLIENT, IB-HFT OWN, and IB-HFT PARENT. Again, 
we remove the flag ‘‘HFT’’ from the clients. We prefer the label ‘‘IB’’ to ‘‘MIXED’’, because we believe it adds less confusion 
in the naming convention of this trader category. The DMMs in this group are IB-HFT MM.

• Non-HFTs — according to AMF — are labeled NON-HFT CLIENT and NON-HFT OWN. There are no DMMs in this last category.

We leave out a few trader categories with negligible trading activity (OTHERS), accounting for only 0.56% of total volume. Fig.  1 
shows that most of the trading activity in our sample is due to PURE-HFT MM, IB-HFT MM, IB-CLIENT, and IB-HFT OWN. Together, 
they account for roughly 76% of the total double-counted volume (buy and sell). Non-HFTs account for 18%. The rest is divided 
among PURE-HFT OWN, PURE-CLIENT, IB-HFT PARENT, and OTHERS.

7 Three stocks on the CAC 40 Index are excluded from our analysis: Arcelor Mittal, Gemalto, and Solvay, since their main trading venue is not the Paris 
branch of NYSE Euronext.

8 From Rule 3.4 of Rule Book I, the ‘‘Relevant Euronext Market Undertaking may consider an application from a Member who wishes to obtain direct access 
to an Euronext Market for its Affiliate(s). The Affiliates are a person who (i) owns 95 per cent or more of the Member; or (ii) is owned 95 per cent or more 
by the Member; or (iii) is owned 95 per cent or more by a third party who also owns 95 per cent or more of the Member’’.

9 Euronext members can grant access to the market and the facilities like co-location, via a sponsored access, according to Rules 3.2 and 3.3 of Rule Book 
I. However, ‘‘All business undertaken by a Client via an Automated Order Routing System or via Sponsored Access on an Euronext Market will be done in the 
name of the Member and the Member retains full responsibility for the conduct of all such business’’ (Rule 3201/2).
10 Orders for retail investors are flagged as RLP (Retail Liquidity Provider) or RMO (Retail Member Organization) and belong to a specific program designated 

for them. Euronext member banks and brokers can execute their retail orders flow via the Retail Matching Facility (RMF) against new price-improving liquidity 
provided by RLPs. Details about the program are available at https://www.euronext.com/en/media/4053/download. However, the amount of liquidity provided 
via this channel is not visible in the central limit order book and is only accessible to retail clients under the RMO. The amount of trades and orders categorized 
with this flag is negligible compared to the overall market activity carried out by the remaining trading accounts.
4 
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Fig. 1. Trading activity by trader category.
Note. This figure displays the percentage of total double-counted volume (buy and sell) for each trader group, averaged across stocks in our sample. The category 
is determined via the account flag from the exchange and the AMF flag for HFT.

4. EPM detection

The detection of EPMs is based on a recently developed drift burst approach proposed by Christensen et al. (2022), which 
supports the notion that an EPM is (relative to the level of volatility) a large movement in the price over a short time horizon.

To illustrate our approach, we look at an example of a detected event. In the top panel of Fig.  2, we report the evolution of the 
price of Technip on June 25, 2013. Around 11:50 am the price starts to decline rapidly until it reaches a minimum a few seconds 
after 12:05 pm. The return over the 15 min window is −2.35%. After the crash, the price retraces somewhat. This is an example 
of an EPM that takes the form of a so-called ‘‘flash crash’’: a large price drop in a short time followed by a partial recovery. The 
intermediate panel shows the drift burst statistic of Christensen et al. (2022). The trough of the test statistic coincides with the 
trough of the price.

Fig.  2 highlights an important difference between our notion of an EPM compared to Brogaard et al. (2018). Their detection 
algorithm consists of extracting — often disconnected — 10-second absolute returns exceeding the 99.9th percentile of the 
distribution of such returns for a stock. However, even though the cumulative price drop is large during the drift burst EPM displayed 
in Fig.  2, the individual high-frequency returns, charted in the bottom panel, are typically small and in line with the overall volatility 
of that day. The largest negative 10-second return (−0.25%) occurs inside the volatility cluster before 11:00 am, where the price 
level did not change much in the surrounding 30 min window, as indicated by the shaded area. Hence, in this instance, Brogaard 
et al. (2018) identify the interval with high volatility (or jumps) before the crash.11

To explain the mechanics of our EPM identification procedure in more detail, we need a minimal amount of notation. We assume 
that (𝑝𝑡)𝑡≥0 denotes the log-price process of an asset, which evolves according to the dynamic: 

d𝑝𝑡 = 𝜇𝑡d𝑡 + 𝜎𝑡d𝑊𝑡 + d𝐽𝑡, (1)

where 𝜇𝑡 is the drift, 𝜎𝑡 is the volatility, 𝑊𝑡 is a standard Brownian motion, and 𝐽𝑡 is a jump process. Such a description of the 
instantaneous price change is standard in the continuous-time literature. The volatility and jump component are central to Brogaard 
et al. (2018), while we concentrate on the drift.

Suppose the log-price is observed on [0, 𝑇 ] at irregular time points 0 = 𝑡0 < 𝑡1 < ⋯ < 𝑡𝑛 = 𝑇 , (𝑝𝑡𝑖 )𝑛𝑖=0. An intuitive estimator of 
the drift is given by 

𝜇̂𝑡 =
1
ℎ

𝑛
∑

𝑖=1
𝐾

(

𝑡𝑖−1 − 𝑡
ℎ

)

𝑟𝑡𝑖 , (2)

where 𝑟𝑡𝑖 = 𝑝𝑡𝑖 − 𝑝𝑡𝑖−1 , for 𝑖 = 1,… , 𝑛 is the discretely sampled log-return on [𝑡𝑖−1, 𝑡𝑖], 𝐾 is a kernel function, and ℎ is a bandwidth.

11 Appendix  A provides a broader in-sample comparison of EPMs detected by the drift burst test statistic with those extracted by Brogaard et al. (2018) 
showing that they largely constitute disjoint sets with limited overlap, in line with the example.
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Fig. 2. The price of Technip on June 25, 2013.
Note. In the upper panel, the figure reports the transaction price of Technip on June 25, 2013. The price is sampled at a 10-second grid. The middle panel 
reports the test statistic of Christensen et al. (2022), which detects a drift burst (DB) EPM around noon (as indicated by the shaded area around that time). The 
lower panel shows the approach of Brogaard et al. (2018). The authors examine the absolute value of 10-second returns and detects a volatility-based (VB) EPM 
around 10:30 (as indicated by the shaded area around that time). The dashed lines represent 99.9% confidence bands.

Christensen et al. (2022) propose the drift burst test statistic: 

𝑇𝑡 =
√

ℎ


𝜇̂𝑡
𝜎̂𝑡

, (3)

where 

𝜎̂𝑡 =

√

√

√

√

1
ℎ

𝑛
∑

𝑖=1
𝐾

(

𝑡𝑖−1 − 𝑡
ℎ

)

𝑟2𝑡𝑖 (4)

is an estimator of the volatility and  = ∫ ∞
−∞ 𝐾2(𝑥)d𝑥.

The ratio 𝜇̂𝑡∕𝜎̂𝑡 measures the current velocity of the price. In normal markets the ratio is small, as evident from Fig.  2 in the 
morning and afternoon. However, if the price starts to trend too fast relative to the volatility (i.e., price changes are directional), the 
ratio becomes large, as also evident from Fig.  2 during the crash at noon. Christensen et al. (2022) formalize this idea by assuming 
that there exists a ‘‘drift burst’’ time point 𝜏db, where 𝜇𝑡 → ±∞ as 𝑡 → 𝜏db. They show that at such points the absolute value of the 
test statistic diverges to infinity. Otherwise, it follows a standard normal distribution. It can therefore be used to identify drift burst 
EPMs when the test statistic is larger than an appropriate quantile of the standard normal distribution.12

Christensen et al. (2022) show that the drift burst test statistic is robust to jumps. As evident from Eq.  (3), it also controls for 
volatility. Hence, our EPM measure does not identify either jumps or large volatility, but only directional price moves. Furthermore, 
the procedure is robust to market microstructure frictions, such as bid–ask bounce. Moreover, extensive Monte Carlo simulations 
in their paper show that the test is correctly sized, so that for sufficiently high values of the test statistic, the probability of 
contamination by false positives is essentially zero.

We compute the drift burst statistic every second during the trading session, searching for downward EPMs after 9:30 am. We 
exploit the simulation-based algorithm from Christensen et al. (2022) to set a critical value. We follow Brogaard et al. (2018) and 

12 To implement the drift burst test statistic, we set 𝐾(𝑥) = exp(−|𝑥|)1(𝑥 ≤ 0), such that 𝜇̂𝑡 and 𝜎̂𝑡 are computed with a left-sided exponential kernel based on 
backward-looking data to avoid a look-ahead bias. We employ a ℎ = 5-minute bandwidth for the mean and a ℎ = 25-minute bandwidth for the volatility. The 
transaction price record is pre-averaged following Jacod et al. (2009) to soften the impact of microstructure noise. The volatility estimator is robustified with a 
HAC-type correction. This is the default choice in the MATLAB code made available by Christensen et al. (2022).
6 
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Table 1
Descriptive statistics of drift burst EPM.
 Mean Std. Min Max Quantile

 𝑞0.10 Median 𝑞0.90  
 Return −1.35 0.80 −5.18 −0.37 −2.42 −1.11 −0.62  
 Duration 9.53 8.45 0.07 41.60 2.12 7.32 19.34  
 in % 1.87 1.66 0.01 8.16 0.42 1.44 3.81  
 Number of trades 582.10 442.32 89.00 2612.00 182.90 452.50 1191.70 
 in % 5.99 4.29 1.07 35.98 2.46 5.01 9.66  
 Trading volume 4598.60 3789.11 537.53 18268.03 1210.75 3521.45 9530.02 
 in % 5.43 4.06 0.71 34.71 2.02 4.50 9.03  
 Signed volume −1276.37 1347.86 −9291.14 1722.17 −2942.18 −1049.13 −19.78  
 in % 21.07 182.75 −667.12 1592.26 −58.15 9.19 64.44  
Note. This table shows descriptive statistics of a drift burst EPM. We calculate the return (in percent), the duration, the number 
of trades, the euro trading volume (in thousands), and the signed volume for each event. We report for each statistic its sample 
average, standard deviation, minimum value, maximum value, and the 10%, 50% (median), and 90% quantile across events. The 
rows starting with ‘‘in %’’ measure the statistic in percent relative to the associated number computed over the whole trading 
day.

use a 99.9% confidence level, which implies an average critical value of −4.9. A test statistic below this barrier is labeled a drift 
burst EPM.

To calculate the duration of an EPM, we denote by 𝑡trough the time point associated with the lowest (most negative) value of the 
drift burst test statistic during a significant event. The beginning of the EPM, which we call 𝑡start , is identified as the latest time prior 
to 𝑡trough that the test statistic crosses the barrier −1. The difference 𝜏 = 𝑡trough − 𝑡start is the duration of the event. The drift burst 
EPM is assumed to stop at 𝑡end = 𝑡trough + 3𝜏. The interval from 𝑡trough to 𝑡end is called the recovery. We further include a pre-event 
window starting at time 𝑡pre−event = 𝑡start − 2𝜏. Our analysis of each EPM is based on price and order information from 𝑡pre−event to 
𝑡end.13

5. Empirical investigation

In this section, we first present a brief description of the drift burst EPM sample. Then, we test competing theories about DMM 
liquidity provision during EPMs using a VAR model for trading imbalances. Finally, we investigate whether DMM behavior depends 
on the EPMs or rather high selling pressure.

5.1. Anatomy of a drift burst EPM

Table  1 reports the descriptive statistics of the 148 identified downward EPMs extracted with the drift burst procedure. Moreover, 
an overview of each individual event is available in Table B.1 in Appendix B, while in Table B.2 we aggregate them by stock together 
with some firm-level information. This reveals that drift burst EPMs occur in 34 of the 37 CAC 40 Index stocks included in our sample. 
The largest number of EPMs in a single stock is 10 for Alstom, while the smallest number is 1 for Legrand. There is no obvious 
relationship among the number of EPMs and the stocks’ market capitalization, volatility, or average return.

The duration of a drift burst EPM ranges anywhere from a few minutes to three-quarters of an hour, with a typical duration of 
9.5 min. The price concedes by −1.35%, on average, which is an enormous move over such a short time interval. In the largest drop, 
which occurred in ST Microelectronics on March 12, 2013, the price changed by −5.18% over 6.5 min, while during the smallest 
one, which occurred in Pernod Ricard on October 2, 2013, the price declined by −0.37% over 3.1 min. Table  1 also shows that 
while the duration of a drift burst EPM represents only 1.87% of the trading day, it accounts for 5.43% of the daily trading volume, 
nearly 6% of the transaction count, and roughly 21% of the sell-side activity during that day.

Fig.  3 presents a graphical representation of the temporal placement of the drift burst EPMs over the trading day and the year. 
This shows that the events are more or less randomly scattered over time, both intraday and interday, without any tendency to 
cluster around specific times. In a couple of cases — visible in the figure — drift burst EPMs affect a large number of stocks in the 
cross-section, namely on April 17, 2013 (with 14 stocks involved) and on September 3, 2013 (with 13 stocks involved).14,15 In the 
remainder of the text, we label these 27 events as ‘‘systematic’’, while the rest (121 events) are labeled ‘‘unsystematic’’.16

13 Below we normalize the time unit of each drift burst EPM with the average duration across events. That is, each trade time (after subtracting 𝑡start ) is 
multiplied by the average duration and divided by the actual duration of the event. The resulting time unit, still in minutes, is indicated as ‘‘average elapsed 
time’’.
14 Fig. B.1 in Appendix B shows the development of the equity prices for the 37 companies included in our sample during these events.
15 On April 17, 2013, the French government announced new austerity budget measures that morning due to a pessimistic revision of GDP growth; see, 

e.g., https://lexpansion.lexpress.fr/actualite-economique/ce-qu-il-faut-retenir-du-nouveau-plan-budgetaire-de-la-france_1404490.html. Meanwhile, to our knowl-
edge the event on September 3, 2013 cannot be attributed to the release of any significant news. However, crashes in several stocks without news can be 
explained by liquidity spillover (Cespa and Foucault, 2014).
16 As evident from Fig.  3, there are additional drift burst EPMs affecting more than one stock. However, we do not label these as systematic, because the 

number of involved stocks is rather small (2–4).
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Fig. 3. Temporal distribution of drift burst EPMs.
Note. In this figure, we present the timing of the 148 drift burst EPMs analyzed in the empirical application. On the x-axis, we plot the start of the event (or 
𝑡start) with a cross and the time of the trough (or 𝑡trough) with a circle connected by a line segment to mark the duration. On the y-axis, we report the time 
of the year it occurred. The ticker symbols of the affected stocks are shown above the line (see Table B.2 for the company name). A ‘‘+’’ indicates drift burst 
EPMs that overlap.

In Fig.  4, we plot the average cumulative return for unsystematic and systematic drift burst EPMs, together with a 10%–90% 
quantile-band computed across events. This figure provides a qualitative description of the price process during a drift burst EPM. It 
is consistent with a drift burst EPM being partly information-based, as it leads to a permanent price change. However, for systematic 
events there is also evidence of an inefficient market response due to overshooting.

We define, for each event, the permanent price impact (PPI) as: 
PPI = 𝑝𝑡end − 𝑝𝑡pre−event . (5)

That is, the log-return from start to finish of each event.17 Furthermore, the downward price impact (DPI) of the drift burst EPM is 
given by 

DPI = 𝑝𝑡trough − 𝑝𝑡pre−event , (6)

while the transient price impact (TPI) is: 
TPI = DPI − PPI = 𝑝𝑡trough − 𝑝𝑡end . (7)

To understand who contributes to the PPI and TPI, we further subdivide the drift burst EPM (from 𝑡start to 𝑡trough) into three stages 
with equal duration: early, intermediate, and late. This is also indicated in Fig.  4.

In Panel A of Fig.  5, we look at the relation between the PPI and TPI. PPI is mostly negative, which is again indicative of 
informed trading, while TPI is always negative (with a single exception), which is again indicative of overshooting. The average PPI 
and TPI are both highly significantly negative, which holds for unsystematic and systematic drift burst EPMs separately. Indeed, on 
average, TPI is −0.78% for a systematic event, or about half of the PPI, and it is −0.33% for an unsystematic event, or roughly one 
third of the PPI. Panel B of Fig.  5 includes a scatter of DPI and the duration of the drift burst EPM, which shows a strong negative 
association: the longer a drift burst EPM lasts, the more negative is the DPI.

17 Taking the price at a later time point to define the post-event efficient price follows the convention in the market microstructure literature, e.g., when 
estimating effective spreads or measuring price discovery, see Glosten (1987) or Barclay and Warner (1993). As a robustness check, we also employed the closing 
price at the end of the day or the next day, as in van Kervel and Menkveld (2019), but this had no discernible effect on the analysis.
8 



M. Bellia et al. Journal of Financial Markets 76 (2025) 100988 
Fig. 4. Average cumulative return during a drift burst EPM.
Note. This figure shows the evolution of the cumulative return over an average drift burst EPM, and also an unsystematic and systematic one, together with a 
10%-90% quantile-band calculated across the combined 148 events. The vertical lines separate the duration of the drift burst EPM from start to through into 
an early, intermediate, and late stage, as detailed in the main text.

Fig. 5. Price impact of a drift burst EPM.
Note. In Panel A, we report a scatter plot of the permanent price impact (PPI, defined in equation Eq.  (5)) versus the transient price impact (TPI, defined 
in equation Eq.  (7)). We also compute the associated sample average and standard deviation (in parentheses) of the log-return, which is further divided into 
unsystematic and systematic drift burst EPMs. In Panel B, we show a scatter plot of the downward price impact (DPI, defined in equation Eq.  (6)) versus the 
duration of the drift burst EPM. The negative correlation implies that the longer a drift burst EPM lasts the deeper is the associated price drop.

5.2. Trading imbalance

In this subsection, we investigate the trading behavior of DMMs during drift burst EPMs. We provide an empirical answer to the 
main research question of the paper: Do DMMs provide liquidity, in keeping with their role, or do they follow their ‘‘HFT instinct’’? 
Their behavior is synthesized by their trading imbalances (i.e., the net euro amount of their buying and selling volume), which we 
analyze with a VAR model.

We break the event window of identified drift burst EPMs into non-overlapping 10-second intervals, adopting the time frame 
of Brogaard et al. (2018). We then analyze the evolution of the trading imbalance of each trader group. We calculate the euro 
9 
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volume of a single trade 𝑡, which is denoted by 𝑉𝑡 = 𝑄𝑡 ⋅𝑃𝑡, where 𝑄𝑡 is the number of shares traded and 𝑃𝑡 is the transaction price. 
The trading imbalance for trader category 𝑖 over a given period is then: 

 𝑖
period =

∑

𝑡∈period
𝑠𝑡 ⋅ 𝑉𝑡, (8)

where 𝑠𝑡 = +1 for a buy order and 𝑠𝑡 = −1 for a sell order.
The interpretation is as follows. A negative trading imbalance before the trough means that a trader group contributes to the 

price drop with selling activity (either aggressively or passively), while a positive trading imbalance after the trough indicates it is 
helping the price to recover (either aggressively or passively).18

We estimate a 𝐺-dimensional vector autoregression (VAR) for the trading imbalance across trader categories, which equation-
by-equation reads as follows: 

 𝑖
𝑗,𝑡 = 𝛼𝑖0 + FEstock +

5
∑

𝑠=1
𝛽𝑖𝑠𝐷

𝑠
𝑗,𝑡 +

𝐺
∑

𝑔=1

5
∑

𝑙=1
𝛾𝑔,𝑙 𝑔

𝑗,𝑡−𝑙 + 𝛼𝑖Controls𝑗,𝑡 + 𝜖𝑖𝑗,𝑡, (9)

where  𝑖
𝑗,𝑡 denotes the trading imbalance of trader category 𝑖, computed for the 𝑡th 10-second interval of the 𝑗th event, FEstock

are stock fixed effects, 𝐺 is the number of trader categories, 𝐷𝑠
𝑗,𝑡 are dummy variables indicating the stage of the drift burst EPM 

with 𝑠 ∈ {pre-event, early drop, intermediate drop, late drop, recovery}. For example, 𝐷late drop
𝑗,𝑡 = 1 if the 𝑡th interval of the 𝑗th 

event belong to the period of the late drop, and is 0 otherwise. We add five lagged values of the trading imbalances of each trader 
category 𝑔 to account for serial correlation. Controls𝑗,𝑡 include the contemporaneous 10-second return and log-euro volume, plus the 
percentage bid–ask spread.19 𝜖𝑖𝑗,𝑡 is an error term.

We estimate the model after pooling observations into unsystematic and systematic drift burst EPMs. The reported standard 
errors are heteroskedasticity-robust and clustered at the stock and date level. In view of the 10-second time interval required to 
aggregate the trading imbalances, we exclude drift burst EPMs with a duration smaller than 100 s from the regression.

Table  2 reports selected coefficient estimates of the VAR system. We restrict attention to the most active trader categories and 
group NON-HFT into a single category.20 In Panel A, we report estimates for the unsystematic drift burst EPMs. Here, IB-HFT OWN 
displays significant selling activity at the beginning of the event, followed in a later stage by IB-CLIENT. IB-HFT MM supports 
the market and supplies liquidity in all stages of the drift burst EPM, in agreement with their role as DMMs. PURE-HFT MM are 
also liquidity providers, but to a lesser degree in terms of statistical significance. After the trough of the event, NON-HFT starts 
significantly buying the market during the partial recovery, arguably to take advantage of the discounted price.

In Panel B, we show the results for the systematic drift burst EPMs. The results are striking. In line with the above, the coefficients 
on the early drop dummy and the intermediate drop dummy are negative and statistically significant for IB-HFT OWN. However, as 
opposed to the above, the estimated coefficient for the late drop dummy is negative and statistically significant for IB-HFT MM, while 
the intermediate drop dummy is negative and statistically significant for PURE-HFT MM. By contrast, for NON-HFT the coefficients 
are positive and statistically significant at all stages of the drop. We interpret these results as follows: The inception of the drift burst 
EPM can be associated with selling pressure from IB-HFT OWN (and also IB-PARENT as shown in Appendix B). In a systematic event, 
this is — correctly — interpreted by DMMs as informed trading, so both the PURE-HFT MM and, especially, IB-HFT MM start to 
lean-with-the-wind by following suit with opportunistic selling activity. This is, however, in contradiction to their role as DMMs. 
On the other side, NON-HFT absorbs some of the selling pressure in all stages of the event.

Fig.  6 illustrates the dynamic evolution of the average trading imbalance, computed as in Eq.  (8), during a drift burst EPM. 
Panel A (Panel B) reports the results for unsystematic (systematic) events. As a visual benchmark, we add the average cumulative 
return from Fig.  4 as a gray-colored line. The figure shows how the selling activity of IB-HFT OWN (together with IB-CLIENT in 
the unsystematic setting) can be associated with the beginning of the downturn. This trading is informed, since it shifts the price 
toward a lower fundamental value. The graph further illuminates the difference in the behavior of PURE-HFT MM and IB-HFT MM.

In Fig.  7, we show a histogram of the one-minute changes in the trading imbalances of IB-HFT MM, PURE-HFT MM, and IB-HFT 
OWN during different stages of the drop and recovery for systematic drift burst EPMs.21 The figure shows that IB-HFT OWN mostly 
sell at the beginning of the drop, whereas IB-HFT MM start selling immediately thereafter. In particular, IB-HFT MM are always 
selling in the late drop. In addition, the figure shows that PURE-HFT MM sell at the intermediate stage. These results provide 
further support for the notion that PURE-HFT MM tend to warehouse limited inventory, since their changes in trading imbalances 
are typically much smaller in magnitude and close to symmetric around zero.

To corroborate our analysis, we next dissect the trading imbalance into aggressive and passive trades (i.e., those trades where 
the trader group initiated (aggressive) or accepted (passive) the order). Thus, the imbalance of trades initiated ( = demand) and 
accepted ( = supply) by trader category 𝑖 over a period is given by: 

𝑖
period =

∑

𝑡∈period
𝑠𝑡 ⋅ 𝑉𝑡 ⋅ 𝐼(𝑡 initiated by 𝑖)  and 𝑖

period =
∑

𝑡∈period
𝑠𝑡 ⋅ 𝑉𝑡 ⋅ 𝐼(𝑡 accepted by 𝑖), (10)

18 The measure is equivalent to the one employed by Brogaard et al. (2018), except they use the number of traded shares, 𝑄𝑡. We further standardize 
inventories at the stock level to make them comparable across EPMs.
19 As for the inventories, we standardize non-dummy variables at the stock level to make them more homogeneous.
20 The full version of the table with all trader categories is presented in Table B.3 in Appendix B.
21 Fig. B.2 in Appendix B reports the associated results for unsystematic drift burst EPMs.
10 
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Table 2
Coefficient estimates from the VAR for trading imbalance.
 Panel A: Unsystematic drift burst EPMs
 PURE-HFT MM IB-HFT MM IB-HFT OWN IB-CLIENT NON-HFT  
 Pre-event −0.007 0.031** −0.012 −0.019 0.014  
 (−0.79) (2.47) (−1.08) (−1.46) (1.22)  
 Early drop 0.078* 0.290*** −0.145** −0.020 −0.045  
 (1.69) (4.09) (−2.28) (−0.50) (−0.98)  
 Intermediate drop −0.025 0.176*** −0.056 −0.084** −0.029  
 (−0.74) (3.83) (−1.50) (−2.02) (−0.79)  
 Late drop 0.017 0.228*** −0.007 −0.266*** −0.012  
 (0.30) (3.38) (−0.10) (−3.47) (−0.20)  
 Recovery −0.024** −0.009 −0.018 −0.016 0.041**  
 (−2.46) (−0.62) (−0.89) (−0.90) (2.39)  
 Bid–ask spread 0.002 0.006 −0.008 0.001 −0.002  
 (0.50) (1.20) (−1.45) (0.15) (−0.33)  
 Log(euro volume) −0.018** 0.025** 0.008 −0.026* 0.011  
 (−2.22) (2.33) (0.63) (−1.83) (0.73)  
 Return 0.021* −0.189*** 0.012 0.031*** 0.016*  
 (1.78) (−12.06) (1.23) (3.68) (1.83)  
 𝑅̄2 0.003 0.057 0.025 0.039 0.020  
 Panel B: Systematic drift burst EPMs
 PURE-HFT MM IB-HFT MM IB-HFT OWN IB-CLIENT NON-HFT  
 Pre-event 0.015 −0.010 −0.024 0.018 0.017  
 (0.80) (−0.39) (−1.27) (1.02) (0.93)  
 Early drop −0.053 0.013 −0.155** 0.048 0.177**  
 (−0.97) (0.15) (−2.14) (0.55) (2.71)  
 Intermediate drop −0.132** −0.162 −0.350*** 0.135 0.472***  
 (−2.26) (−1.27) (−3.51) (1.07) (2.89)  
 Late drop −0.089 −0.373** −0.086 −0.000 0.543***  
 (−1.27) (−2.29) (−0.95) (−0.00) (4.09)  
 Recovery 0.011 −0.042 0.028 −0.015 0.013  
 (0.47) (−1.40) (1.44) (−0.59) (0.85)  
 Bid–ask spread 0.006 −0.007 −0.004 0.003 0.003  
 (0.65) (−0.71) (−0.57) (0.27) (0.48)  
 Log(euro volume) −0.023 −0.143*** −0.022 0.047** 0.102***  
 (−1.29) (−7.61) (−1.14) (2.33) (4.54)  
 Return 0.031 −0.076*** 0.006 0.031** −0.034*** 
 (1.09) (−3.64) (0.61) (2.15) (−3.26)  
 𝑅̄2 0.008 0.070 0.022 0.031 0.039  
Note. We present the results of the VAR in Eq.  (9). The model is estimated separately for unsystematic drift burst EPMs in Panel 
A and systematic ones in Panel B. The dependent variable is the 10-second trading imbalance of the trader category indicated by 
the column label. The explanatory variables ‘‘Pre-event’’, ‘‘Early drop’’, ‘‘Intermediate drop’’, ‘‘Late drop’’, and ‘‘Recovery’’ refer 
to phase dummies of a drift burst EPM. ‘‘Bid–ask spread’’ is the quoted spread (in percent), ‘‘Log(euro volume)’’ is the log-euro 
volume, and ‘‘Return’’ is the contemporaneous stock return. We also include stock fixed effects. The non-dummy variables are 
standardized at the stock level. The coefficient estimates of lagged trading imbalances are not reported for brevity. The 𝑡-statistics 
(in parentheses) are based on heteroscedasticity-robust standard errors clustered at the stock and date level. *𝑃 -value <0.1; **𝑃 -
value <0.05; ***𝑃 -value <0.01. nObs = 342,032 in Panel A and nObs = 79,404 in Panel B.

where 𝐼(⋅) is the indicator function.22
Table  3 provides selected coefficient estimates of the VAR model from Eq.  (9), where we replace trading imbalance as the 

dependent variable with the aggressive (left-hand side of the table) and passive (right-hand side of the table) trading imbalances.23 
Looking at the left-hand side with aggressive trading, IB-HFT OWN shows negative and significant coefficients for both the early 
and intermediate drops for both unsystematic and systematic drift burst EPMs. That this activity flows in the direction of the price 
change follows from the positive and significant coefficient on Return. In a systematic event, this is followed significantly in the late 
stage of the drop by IB-HFT MM. By contrast for the passive trades, which are in the opposite direction of the return, the estimated 
coefficients show that only for unsystematic drift burst EPMs do IB-HFT MM offer immediacy during all stages. For a systematic 
event, DMMs (both PURE-HFT MM and IB-HFT MM) do offer immediacy, but only to the buy side, since the sign in front of the 
coefficients of their passive trades is mostly negative (and significant for the late drop). Overall, these results confirm the graphical 
assessment from Fig.  6. This therefore indicates that DMMs, even if receiving compensation for providing liquidity, actually consume 
it when the drift burst EPMs are systematic.

Is the behavior of DMMs during drift burst EPMs affected by their previous inventory? Is it affected by the inventory of other 
traders? To shed light on this question, we conduct a cross-sectional analysis of trading imbalances by estimating the following 

22 Note that  𝑖
period = 𝑖

period + 𝑖
period.

23 The full version of the table with all trader groups is reported in Tables B.4–B.5 in Appendix B.
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Fig. 6. Dynamic evolution of trading imbalance.
Note. The figure reports the trading imbalance of IB-HFT OWN, IB-HFT MM, PURE-HFT MM, IB-CLIENT, and NON-HFT (the sum of NON-HFT CLIENT and 
NON-HFT OWN) during a drift burst EPM. We average over the 121 unsystematic events in Panel A, while Panel B holds the results for the 27 systematic events. 
In the background of each figure, we showcase the average cumulative return dynamic from Fig.  4 as a visual landmark.

regression: 
 𝑖

Late,𝑘 = 𝛼𝑖0 + 𝛽𝑖 𝑖
Intermediate+Early,𝑘 +

∑

𝑗
𝛾 𝑖𝑗 𝑗

Intermediate+Early,𝑘 + 𝛼𝑖Controls𝑘 + 𝜖𝑖𝑘, (11)

where 𝑖 and 𝑗 denote trader categories,  ∙
period,𝑘 is the trading imbalance of group ∙ for the 𝑘th drift burst EPM in a given period, 

Controls𝑘 is a vector of control variables and 𝜖𝑖𝑘 is the error term.
The dependent variable in Eq.  (11) is the trading imbalance in the late stage of the drift burst EPM for DMMs (i.e., 𝑖 = PURE-HFT 

MM or IB-HFT MM). We add its lagged value to capture serial correlation. We further include the lagged trading imbalance from 
IB-HFT OWN and IB-CLIENT (i.e., 𝑗 = IB-HFT OWN and IB-CLIENT). As in Eq.  (9), the control variables are the contemporaneous 
return, log-euro volume, and the average percentage bid–ask spread, measured from the start of the drift burst EPM to the beginning 
of the late stage. Thus, all explanatory variables are lagged in time relative to the dependent variable. We are mostly interested in 
the sign of the 𝛾 coefficients. A positive sign means that DMMs start selling in the late stage of the drift burst EPM, when other 
traders were previously selling. This can be interpreted as DMMs adapting their trading activity in the lean-with-the-wind direction 
based on observed order flow.

Table  4 shows the coefficient estimates of Eq.  (11). The results support the role of PURE-HFT MM and IB-HFT MM as DMMs 
for unsystematic drift burst EPMs. Here, the estimated 𝛾 coefficients are negative, so capital is flowing from the DMMs towards 
competing traders. The exception is the liquidity from PURE-HFT MM to IB-CLIENT, which has a positive coefficient estimate, but 
it is insignificant. As expected, we observe a strong persistence in trading imbalances. Moreover, the positive effect of the bid–
ask spread suggests that DMMs hold positive (or less negative) trading imbalances in more illiquid stocks, which aligns with the 
function of a market maker during downward price pressure in such stocks. When the drift burst EPM is systematic, the outcome is 
mostly unchanged for PURE-HFT MM, which is consistent with the evolution of their trading imbalances in Fig.  6. However, it is 
a completely different story for IB-HFT MM, who prey on the previous order flow from IB-HFT OWN and IB-CLIENT. This in turn 
leads to negative serial correlation in own trading imbalances. Our cross-sectional analysis thus corroborates our previous findings.

We next examine whether DMMs change their trading behavior during drift burst EPMs compared to normal times. To perform 
this investigation, we borrow the framework of Kirilenko et al. (2017), who employ an error correction model to changes in inventory 
of different trader groups. They show that HFTs did not alter their behavior during the Flash Crash of May 6, 2010. We apply their 
econometric model to the 148 drift burst EPMs in our sample. The results of the full analysis are presented in Appendix C, but the 
main message is in line with our previous findings, namely that DMMs modify their trading activity during systematic events, but 
not during unsystematic ones.

What motivates the change of strategy of DMMs and their switch to selling during a systematic event? If the sudden demand 
for immediacy is due to private information (something we can establish, on average, ex-post), then it is rational for DMMs to sell, 
as postulated by the back-running theory of Yang and Zhu (2020) or the predatory trading theory of Brunnermeier and Pedersen 
(2005). Support to this hypothesis is provided by Table  5, which reports the average profit (in euros) during a drift burst EPM for 
each trader category, together with an estimate of the standard error. The table shows that IB-HFT MM loses a significant amount 
12 
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Fig. 7. Changes in trading imbalance for a systematic drift burst EPM.
Note. The figure depicts a histogram of the empirical distribution of one-minute changes in trading imbalance for IB-HFT OWN (Panel A), IB-HFT MM (Panel 
B), and PURE-HFT MM (Panel C) at different stages of a systematic drift burst EPM. A negative number means that the trader category is collectively selling 
either via aggressive or passive trades, and vice versa.

of money, on average 2799.72 euros, by offering immediacy during an unsystematic drift burst EPM. They transfer this money, as 
expected, to IB-HFT OWN, who trade on information by selling at a higher price. It can be argued that DMMs still profit on average, 
since providing liquidity in tranquil times should be enough to cover these losses. However, if they have the option to fulfill the 
requirements of the SLP program without facing large losses, it is perfectly rational for them not to provide liquidity during distress. 
That is what they seem to be doing, since Table  5 shows that IB-HFT MM avoid losses during systematic events, effectively passing 
the ‘‘hot potato’’ to slow traders.

To provide additional insight on this important question, we calculate the profit and loss (P&L) gross of fees and rebates in each 
10-second interval as the monetary gain or loss on (1) new trades struck in that window and (2) existing positions from the previous 
13 
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Table 3
Coefficient estimates from the VAR for aggressive and passive trading imbalance.
 Panel A: Unsystematic drift burst EPMs
 Aggressive Passive

 PURE-HFT MM IB-HFT MM IB-HFT OWN PURE-HFT MM IB-HFT MM IB-HFT OWN 
 Pre-event −0.006 0.003 −0.018* −0.006 0.033*** 0.004  
 (−0.74) (0.32) (−1.95) (−0.64) (2.67) (0.50)  
 Early drop 0.021 −0.037 −0.167*** 0.098** 0.346*** 0.018  
 (0.54) (−1.11) (−2.91) (2.53) (4.74) (0.55)  
 Intermediate drop 0.011 0.037 −0.058* −0.058* 0.187*** 0.015  
 (0.29) (1.12) (−1.67) (−1.93) (3.92) (0.44)  
 Late drop 0.055 0.013 −0.065 −0.063 0.238*** 0.094  
 (0.99) (0.26) (−0.90) (−1.23) (3.85) (1.61)  
 Recovery −0.016 −0.011 −0.036** −0.021** −0.005 0.014  
 (−1.46) (−0.78) (−2.44) (−2.60) (−0.32) (0.62)  
 Bid–ask spread 0.001 0.006 −0.006 0.001 0.003 −0.004  
 (0.16) (1.25) (−1.03) (0.11) (0.58) (−0.49)  
 Log(euro volume) −0.020*** −0.013 −0.015* −0.002 0.036*** 0.024**  
 (−2.85) (−1.48) (−1.69) (−0.28) (3.97) (2.13)  
 Return 0.239*** 0.142*** 0.199*** −0.300*** −0.312*** −0.208***  
 (22.13) (12.89) (22.29) (−29.38) (−22.60) (−23.90)  
 𝑅̄2 0.054 0.029 0.050 0.082 0.106 0.058  
 Panel B: Systematic drift burst EPMs
 Aggressive Passive

 PURE-HFT MM IB-HFT MM IB-HFT OWN PURE-HFT MM IB-HFT MM IB-HFT OWN 
 Pre-event 0.047** 0.040* 0.022 −0.033** −0.051 −0.055**  
 (2.35) (1.89) (1.45) (−2.21) (−1.67) (−2.18)  
 Early drop −0.083* 0.074 −0.188** 0.017 −0.053 0.000  
 (−1.86) (0.77) (−2.07) (0.39) (−1.12) (0.00)  
 Intermediate drop −0.064 −0.050 −0.355*** −0.101** −0.145 −0.036  
 (−1.27) (−0.41) (−3.74) (−2.10) (−1.64) (−0.79)  
 Late drop 0.180** −0.309** −0.074 −0.315*** −0.284** −0.017  
 (2.68) (−2.18) (−1.01) (−4.05) (−2.20) (−0.22)  
 Recovery 0.010 −0.078*** −0.031** 0.001 −0.003 0.081***  
 (0.36) (−2.93) (−2.37) (0.13) (−0.14) (2.92)  
 Bid–ask spread 0.018** 0.010 0.011 −0.012 −0.015 −0.020***  
 (2.14) (1.08) (1.69) (−1.34) (−1.47) (−3.58)  
 Log(euro volume) −0.010 −0.108*** −0.064*** −0.018 −0.089*** 0.048**  
 (−0.74) (−6.12) (−3.15) (−1.66) (−6.45) (2.71)  
 Return 0.248*** 0.178*** 0.117*** −0.266*** −0.227*** −0.135***  
 (10.28) (10.69) (11.41) (−14.22) (−10.37) (−12.29)  
 𝑅̄2 0.087 0.085 0.041 0.095 0.091 0.056  
Note. We present the results of the VAR in Eq.  (9). The model is estimated separately for unsystematic drift burst EPMs in Panel 
A and systematic ones in Panel B. The dependent variable is the 10-second trading imbalance, split into aggressive and passive 
orders, of the trader category indicated by the column label. The explanatory variables ‘‘Pre-event’’, ‘‘Early drop’’, ‘‘Intermediate 
drop’’, ‘‘Late drop’’, and ‘‘Recovery’’ refer to phase dummies of a drift burst EPM. ‘‘Bid–ask spread’’ is the quoted spread (in 
percent), ‘‘Log(euro volume)’’ is the log-euro volume, and ‘‘Return’’ is the contemporaneous stock return. We also include stock 
fixed effects. The non-dummy variables are standardized at the stock level. The coefficient estimates of lagged trading imbalances 
are not reported for brevity. The 𝑡-statistics (in parentheses) are based on heteroscedasticity-robust standard errors clustered at 
the stock and date level. *𝑃 -value <0.1; **𝑃 -value <0.05; ***𝑃 -value <0.01. nObs = 342,032 in Panel A and nObs = 79,404 in 
Panel B.

10-second interval, assuming a zero initial inventory at the beginning of each event. The mark-to-market is based on the most recent 
transaction price available at the end of each interval. We then estimate a VAR reminiscent to Eq.  (9): 

PnL𝑖
𝑗,𝑡 = 𝛼𝑖0 + FEstock + 𝛽𝑖𝐷𝑗,𝑡 +

𝐺
∑

𝑔=1

5
∑

𝑙=1
𝛾𝑔,𝑙PnL

𝑔
𝑖,𝑡−𝑙 + 𝛼𝑖Controls𝑗,𝑡 + 𝜖𝑖𝑗,𝑡, (12)

where PnL𝑖
𝑗,𝑡 is the P&L for trader 𝑖 in the 𝑡th 10-second interval of the 𝑗th event, FEstock are stock fixed effects as before, and 𝐷𝑗,𝑡

is a dummy, which is equal to one for the entirety of the drift burst EPM (spanning from the beginning of the pre-event until the 
end of the recovery), and is zero otherwise. The control variables and lags are as in Eq.  (9). We primarily look at the 𝛽𝑖 coefficient. 
A negative value suggests a trader is losing money during a drift burst EPM, and vice versa.

Table  6 reports the output of the estimation. In line with our prior expectations, the table shows that IB-HFT MM consistently 
lose money during unsystematic drift burst EPMs. On the flip side, PURE-HFT MM actually make a smaller amount, although the 
latter is not statistically significant. By contrast, during a systematic event, both IB-HFT MM and PURE-HFT MM reap substantial 
profits, which is mainly at the expense of NON-HFT. The other groups earning during a systematic event are IB-HFT OWN and, 
as shown in Appendix B, IB-HFT PARENT, which arguably crystallize their private information. Interestingly, IB-CLIENT suffers on 
their behalf, albeit to a much smaller extent.
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Table 4
Cross-sectional analysis of DMMs trading imbalance.
 Panel A: Unsystematic drift burst EPMs
 PURE-HFT MM IB-HFT MM 
 Intercept −0.17 −0.24  
 (−0.33) (−0.61)  
  𝑖

Intermediate+Early 0.49 0.35∗  
 (1.56) (1.86)  
  IB-HFT OWNIntermediate+Early −0.04 −0.06∗  
 (−0.79) (−1.83)  
  IB-CLIENTIntermediate+Early 0.09 −0.08  
 (1.44) (−1.52)  
 Log(euro volume) 0.01 0.01  
 (0.24) (0.78)  
 Bid–ask spread 0.74 2.65∗  
 (0.54) (1.72)  
 Return −0.06 0.07∗∗  
 (−1.55) (2.12)  
 𝑅̄2 0.134 0.197  
 Panel B: Systematic drift burst EPMs
 PURE-HFT MM IB-HFT MM 
 Intercept 0.95 4.27∗∗∗  
 (0.80) (2.76)  
  𝑖

Intermediate+Early 0.75∗∗∗ −0.64∗∗  
 (2.67) (−2.04)  
  IB-HFT OWNIntermediate+Early −0.23∗ 0.20∗∗  
 (−1.87) (2.12)  
  IB-CLIENTIntermediate+Early −0.25∗∗∗ 0.25∗∗  
 (−2.59) (2.13)  
 Log(euro volume) −0.05 −0.22∗∗∗  
 (−1.00) (−3.13)  
 Bid–ask spread 1.75 −0.47  
 (0.82) (−0.14)  
 Return −0.13 −0.27  
 (−0.84) (−1.41)  
 𝑅̄2 0.539 0.384  
Note. This table presents coefficient estimates of the cross-sectional regression in Eq.  (11) over unsystematic 
drift burst EPMs in Panel A and systematic ones in Panel B. The dependent variable is the trading imbalance 
of the DMM in the late stage of the event,  𝑖

Late (where either 𝑖 = PURE-HFT MM or IB-HFT MM). The 
explanatory variables are calculated over the combined early and intermediate stage and include the lagged 
value of the DMMs trading imbalance,  𝑖

Intermediate+Early, the trading imbalance of IB-HFT OWN and IB-CLIENT, 
 IB-HFT OWNIntermediate+Early and  IB-CLIENTIntermediate+Early, the log-euro volume, the average bid–ask spread, and the return. The 
𝑡-statistics (in parentheses) are based on heteroscedasticity-robust standard errors. 𝑅̄2 is the adjusted coefficient 
of determination. *𝑃 -value <0.1; **𝑃 -value <0.05; ***𝑃 -value <0.01. nObs = 121 in Panel A and nObs = 27 in 
Panel B.

Note that the compensation from the market making agreement does not offer much of an economic incentive for DMMs in and 
of itself. We estimate the average revenue earned by supplying liquidity during a drift burst EPM in our sample to be about 30 euro 
and 25 euro for PURE-HFT MM and IB-HFT MM.24 Indeed, even if the DMMs had rested passively on the bid side in all transactions 
during the detected drift burst EPMs, the average revenue is a meager 160 euro, which pales in comparison to the potential losses. 
This estimate does not include the standard gain from market making activity (i.e., the bid–ask spread), which is absorbed directly 
into the P&L measure in Table  6.

Nevertheless, DMMs still make profits, even if they suffer an occasional loss during a systematic drift burst EPM. We calculate 
the 2013 cumulative profit for DMMs and find that, not surprisingly, the DMM business is indeed quite valuable. Their gross profits 
are around 19 million euros at the end of the year, which is split into 13.5 million euros for PURE-HFT MM and 5.5 million euros for 
IB-HFT MM. In net terms (including fees), these yearly amounts reduce to 11.6 million euros and 4.9 million euros, respectively.25

24 We estimate these numbers by multiplying for each drift burst EPM the liquidity supplied by a DMM with the relative compensation, which is taken to be 
0.20 bps per euro volume (in 2013, this changed from 0.20 to 0.22 and back again to 0.20), and then averaging across events.
25 Since we do not observe the activity of individual DMMs, we have to rely on the aggregate profit proxy of all DMMs as a group under the assumption that 

every DMM fulfills their obligations for the calculation of fees (i.e., they all pay the lowest fee and receive the highest rebate). In the contractual agreements 
with SLP and DMM, the fees for DMMs are 0.30 bps for taking activity (aggressive trades) and a rebate (i.e., they receive a compensation) for liquidity provision 
(passive trades), which was 0.20 bps until May 2013, increased up to 0.22 bps in June 2013, and reverted back to 0.20 as of November 2013. We compute 
for all stocks of the CAC 40 Index the daily gross profit and loss, which is calculated as the total amount (in euro) bought minus the total amount sold. We 
assume that a trader starts the day with zero inventories, and end-of-day inventories are mark-to-market at closing price. Net daily profit and loss includes also 
the fees for the stocks traded at the auction, which is 0.6 bps for all market participants.
15 



M. Bellia et al. Journal of Financial Markets 76 (2025) 100988 
Table 5
Monetary profit during a drift burst EPM.
 Systematic Unsystematic 
 PURE CLIENT 24.36 11.07  
 (25.94) (124.21)  
 PURE-HFT MM −377.78 −164.09  
 (541.03) (444.22)  
 PURE-HFT OWN −60.17 −27.52  
 (108.69) (312.32)  
 IB-CLIENT −1024.37 241.62  
 (889.47) (774.40)  
 IB-HFT MM −75.61 −2799.72∗∗∗  
 (959.95) (706.58)  
 IB-HFT OWN 5396.13∗∗ 2239.13∗  
 (2713.46) (1204.43)  
 IB-HFT PARENT −208.34 −423.07∗  
 (484.79) (238.88)  
 NON-HFT CLIENT −3164.53 −438.11  
 (2250.18) (996.79)  
 NON-HFT OWN −765.22 1375.07∗∗  
 (1457.17) (690.90)  
Note. This table presents the average monetary profit (in euros) during downward drift burst EPMs, divided into 
systematic and unsystematic events. Standard errors of the average are in parentheses.

Table 6
Profit and loss of trading activity.
 Panel A: Unsystematic drift burst EPMs
 PURE-HFT MM IB-HFT MM IB-CLIENT IB-HFT OWN NON-HFT  
 Dummy 0.124 −0.349*** 0.432*** 0.895** 0.388*  
 (0.97) (−2.96) (2.96) (2.54) (1.79)  
 Bid–ask spread 0.488** 0.007 0.236 0.730 −0.097  
 (2.59) (0.07) (1.21) (1.10) (−0.43)  
 Log(euro volume) 0.580*** −0.072 0.131 0.360** −0.502*** 
 (5.84) (−1.21) (1.29) (2.39) (−3.33)  
 Return 0.064 −0.098 −0.988* −0.428 −0.310  
 (0.22) (−0.41) (−1.89) (−0.67) (−0.66)  
 𝑅̄2 0.012 0.013 0.028 0.012 0.011  
 Panel B: Systematic drift burst EPMs
 PURE-HFT MM IB-HFT MM IB-CLIENT IB-HFT OWN NON-HFT  
 Dummy 0.929** 0.739** −0.387 1.517*** −1.351*  
 (2.08) (2.22) (−1.63) (2.93) (−2.00)  
 Bid–ask spread 0.315** −0.028 0.519*** 0.760*** −0.482*  
 (2.22) (−0.16) (3.01) (2.94) (−1.91)  
 Log(euro volume) 1.047*** 0.047 0.083 −0.056 −1.198*** 
 (3.58) (0.38) (0.61) (−0.26) (−4.13)  
 Return −0.066 −2.056*** 0.102 −0.829 1.782***  
 (−0.19) (−6.97) (0.43) (−1.62) (4.42)  
 𝑅̄2 0.019 0.086 0.006 0.015 0.023  
Note. This table presents coefficient estimates from the VAR in Eq.  (12). The model is estimated separately for unsystematic drift 
burst EPMs in Panel A and systematic ones in Panel B. The dependent variable is the 10-second profit and loss (P&L) of the 
trader category indicated by the column label. ‘‘Dummy’’ equals one for the entire duration of the drift burst EPM (from the 
beginning of the pre-event until the end of the recovery), zero otherwise, ‘‘Bid–ask spread’’ is the quoted spread (in percent), 
‘‘Log(euro volume)’’ is the log-euro volume, and ‘‘Return’’ is the contemporaneous stock return. We also include stock fixed effects. 
The non-dummy variables are standardized at the stock level. The coefficient estimates of the lagged P&L are not reported for 
brevity. The 𝑡-statistics (in parentheses) are based on heteroscedasticity-robust standard errors clustered at the stock and date 
level. *𝑃 -value < 0.1; **𝑃 -value < 0.05; ***𝑃 -value < 0.01. nObs = 342,032 in Panel A and nObs = 79,404 in Panel B.

In essence, the compensation from their liquidity provision during normal times appears to be large enough to offset such losses. 
However, if DMMs suspect the order flow is coming from informed trading and they can otherwise meet the requirements of their 
contractual agreement with the exchange without penalties, it is of course perfectly rational for them to withdraw from the market 
or even switch to a predatory lean-with-the-wind strategy, choosing to pass the obligation of market making (and the losses) onto 
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Fig. 8. The distribution of selling pressure.
Note. We show the unconditional distribution for the measure of selling pressure,  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)

𝑚 , pooled over each day, stock, and one-minute interval in our sample. 
We also plot the distribution of selling pressure during a drift burst EPM.

slow traders. However, even if this behavior is rational, it is suboptimal, because it impairs market efficiency, since the combined 
selling pressure temporarily dislocates the market price below its fundamental value.

Summarizing, our results point out the limited willingness of DMMs to provide liquidity during a drift burst EPM depends on 
its cross-sectional extent. They provide liquidity during unsystematic events, but during systematic events PURE-HFT MM and, in 
particular, IB-HFT MM start selling in the late phase. Thus, their role as DMMs loses its effectiveness exactly when the market needs 
it the most. The role of liquidity providers is instead assumed by more traditional slow traders (i.e., NON-HFTs). In conclusion, from 
a policy perspective, our results trigger a question of the effectiveness of the compensation scheme offered by the exchange.

5.3. An analysis of extreme selling pressure

In the previous subsection, we examined the behavior of DMMs during the occurrence of high selling pressure and drift burst 
EPMs. In this subsection, we study the behavior of DMMs during high selling pressure. To this end, we identify in our sample 
non-drift burst time intervals with as much — or even more extreme — selling pressure than what we observe during a drift burst 
EPM. We contrast the behavior of DMMs with other trader categories during such episodes to examine whether the drift burst EPMs 
are more likely a result of the selling pressure itself or a heterogeneous reaction of DMMs (and other traders) to it.

We compute an intuitive measure of selling pressure, which for each day, stock, and one-minute interval in our sample is defined 
as follows: 

 (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)
𝑚 = 𝛾 (𝑠𝑡𝑜𝑐𝑘)𝑚 × min

𝑢=0,1,…,30

(

∑

𝑡∈[𝑚−𝑢,𝑚]
𝑠𝑡 ⋅ 𝑉𝑡

)

, (13)

where 𝑚 runs over a one-minute equispaced partition of the trading day, 𝛾 (𝑠𝑡𝑜𝑐𝑘)𝑚  is an intraday periodicity factor, while 𝑠𝑡 and 𝑉𝑡 are 
as before. That is, for each time instant 𝑚, we compute the signed euro volume over the previous 𝑢 minutes of trading. Since large 
sell-side activity may sustain for different amounts of time, we do the calculation for intervals ranging from one to thirty minutes, 
matching the build-up from pre-event to trough of a typical drift burst EPM. To get a single number for each time point, we take 
the minimum value, which is usually negative and reflects the cumulative selling pressure. We correct  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)

𝑚  for intraday 
periodicity in trading activity by multiplying it by a factor 𝛾 (𝑠𝑡𝑜𝑐𝑘)𝑚  that is computed as the reciprocal of the stock-specific average 
value of  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)

𝑚  for a fixed interval 𝑚, where the average is taken over all days in the sample for each stock. This ensures that 
the final number is comparable over time and across stocks.

Fig.  8 shows the unconditional distribution of  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)
𝑚  over the entire sample. As expected, we observe that selling pressure 

is strongly left-skewed. Moreover, the distribution of  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)
𝑚  conditional on a drift burst EPM is centered at the tail of the 

unconditional distribution. This shows that the most extreme values of  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)
𝑚  correspond to candidate times with potential 

drift burst EPMs.
We extract the 0.1% of time points with the most extreme selling pressure from the unconditional distribution of  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)

𝑚 . In 
each of these time points, we compute the change in the trading imbalance for each trader group over the time window [𝑚− 𝑢∗, 𝑚], 
where 𝑢∗ corresponds to the argmax of the minimum value selected in Eq.  (13). In Panel A of Fig.  9, we show a histogram of 
the trading imbalance for IB-HFT MM, PURE-HFT MM, and NON-HFT during extreme selling pressure not identified as drift burst 
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Fig. 9. Change in trading imbalance during extreme selling pressure.
Note. We plot the distribution of the change in trading imbalances of IB-HFT MM, PURE-HFT MM, and NON-HFT during extreme selling pressure. We extract the 
0.1% of time points with the most selling pressure from the unconditional distribution of the  (𝑑𝑎𝑦,𝑠𝑡𝑜𝑐𝑘)

𝑚  measure defined in Eq.  (13). We split these observations 
into three mutually exclusive sets, depending on whether they are associated with no drift burst EPM (Panel A), an unsystematic one (Panel B), or a systematic 
one (Panel C).

EPMs. As a comparison, we show the corresponding results for unsystematic and systematic drift burst EPMs in Panel B and Panel 
C, respectively. This figure can be compared with the one-minute changes in the trading imbalance of IB-HFT MM, PURE-HFT MM, 
and IB-HFT OWN during different stages of the drop and recovery for systematic drift burst EPMs in Fig.  7.

It is evident that a crucial difference between the occurrence or non-occurrence of a drift burst EPM lies in the actions of NON-
HFT. As shown in Panel A, NON-HFTs support the market with a lot more capital during extreme selling pressure that does not 
overlap with a drift burst EPM. Furthermore, even here part of the sell-side activity emanates from DMMs (the distribution of changes 
in trading imbalances is heavily skewed to the left for IB-HFT MM and — to a lesser extent — for PURE-HFT MM). So again, we 
observe that DMMs do not always offer immediacy. The instances in which a drift burst EPM occurs (Panel B and Panel C), neither 
NON-HFTs nor DMMs bring enough money to the table, although NON-HFTs remain the primary source of liquidity. These findings 
indicate that slow traders are preventing a larger price drop when selling pressure is extreme. However, in their absence (either 
when they leave the order book or their quoted depth is small), a drift burst EPM occurs. This result reinforces the view that DMMs 
are not incentivized enough from the compensation scheme offered by the exchange to fully support the market with liquidity when 
it is demanded the most.

6. Conclusion

This paper shows that DMMs do not always fulfill their role as liquidity providers, despite the fact that this is their mandate. 
They even consume liquidity when it is needed the most. We apply the novel econometric technique of Christensen et al. (2022) 
— the drift burst hypothesis — to detect 148 downward drift burst EPMs, in which market prices are being revised sharply lower 
over short time horizons, in the year 2013 of blue-chip companies, whose shares are traded in the French equity market. A unique 
feature of our database is that it allows us to separate the trading activity coming from different trader groups.

The results show that DMMs offer immediacy during isolated drift burst EPMs, as expected, but they reverse course and start 
devouring the limit order book at the late stage of events that affect multiple stocks, thus shifting to a lean-with-the-wind strategy. 
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Table A.1
Comparison of volatility- and drift burst-based EPMs.
 EPMs per stock Overlap to drift burst EPMs
 Absolute (#) Fraction (%) Absolute (#) Fraction (%)  
 Return EPMs 286.48 0.05 39 26.35  
 Residual EPMs 282.19 0.05 28 18.92  
Note. The table reports the average number of EPMs detected for a single stock in absolute value and as a fraction 
(in per cent) of the total number of 10-second returns in our sample, which is composed of 37 stocks traded on 
NYSE Euronext Paris that belong to the CAC 40 Index for the year 2013. It also shows the number of drift burst 
EPMs that are also detected by the return- and residual-based EPM calculation of Brogaard et al. (2018).

This behavior is different from what DMMs tend do in normal times with a balanced order flow, but we argue it is rational. Indeed, 
when a drift burst EPM affects several stocks, DMMs transition from buyer to seller as the event is unfolding, probably to avoid big 
losses in fear that trading is informed, which it is on average. We thus document DMMs respond in disagreement with the intention 
of their contractual market making obligation, which impairs the efficient functioning of the market in times of need. Indeed, the 
collective impact of trading activity leads to a nontrivial, but possibly avoidable, overshooting effect. In place of DMMs, the main 
trader category that helps to stop the price from dropping in the wake of the significant selling pressure, and also aiding with the 
recovery, is NON-HFT, who arguably invests from a fundamental valuation perspective and looking to buy at a discount.

Electronic traders are widely known to offer immediacy with limited net inventory hovering around zero. Hence, the risk-bearing 
capacity of DMMs, which are strictly electronic in the Paris branch of the NYSE Euronext market, may also be exhausted too 
rapidly during systematic market downturns, which can further help to explain their sudden change of behavior. In view of this, 
our empirical results also bear an important policy implication in this regard and can be informative for a redesign of the market 
architecture, or an entirely different structure (see, e.g., Budish et al., 2015), such that DMMs are presented with the right and 
sufficient incentives to maintain their presence in the market, despite potential mark-to-market losses, during widespread stress.

We recommend an evaluation of the recent MiFID II regulation, which recognizes algorithmic liquidity provision as a pivotal 
instrument to the functioning of financial markets. It endorses automatic liquidity provision by electronic market makers, imposing 
binding agreements between the exchange and the trading firms. We show that this rule, already in place at the NYSE Euronext Paris 
stock exchange, is not sufficient to prevent drift burst EPMs. This suggests that the rule should be revised in light of its objective. 
A possible solution to this problem is to change the compensation scheme. Another option is to change the mechanics of trading 
halts, which do not work as intended during drift burst EPMs, since the latter never triggered a pause in trading during our sample 
and is thus not associated with ‘‘excess volatility’’.
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Appendix A. A comparison with volatility-based EPMs

Brogaard et al. (2018) identify EPMs from a sample of returns calculated over 10-second intervals. First, they extract the subset 
of such returns belonging to the 99.9th percentile of the 10-second absolute return distribution. Second, the calculation is repeated 
on residuals from a return autoregression that controls for ten lagged 10-second returns, to capture serial correlation induced by 
microstructure noise, and also incorporates the ten lagged returns for the market index, to correct for systematic risk. Loosely 
speaking, these techniques are designed to extract high-volatility returns. Third, they employ the jump test statistic of Lee and 
Mykland (2008).

In this appendix, we implement these approaches and compare the outcome with the drift burst EPMs. We denote the first and 
second approach as ‘‘return EPMs’’ and ‘‘residual EPMs’’. We exclude the jump test, because — by construction — the drift burst 
statistic is resistant to the price jump component.

In Table  A.1, we compare the negative half of identified return- and residual-based EPMs with the downward drift burst EPMs. 
On average, for each stock, both volatility- and drift burst-based detection label 0.05% of the 10-second intervals as EPMs, which is 
a mechanical effect of the confidence level. However, there is only a modest overlap between the identified EPMs. The return EPMs 
intersect with 26.35% of drift burst EPMs, while the residual EPMs detect a lesser 18.92%. We conclude that the overlap, while not 
negligible, is nevertheless limited. Hence, our sample of drift burst EPMs is to a large extent different from Brogaard et al. (2018).

Fig.  A.1 replicates Fig.  4 by showing the price evolution in a one-hour interval centered around the identified negative return 
EPMs. To get a better impression of the dynamic, we restrict attention to isolated observations that are not surrounded by any other 
return EPMs inside the window. As a comparison, we show the return dynamic for an average drift burst EPM. Evidently, return 
EPMs tend to extract volatility-based returns that — while being sampled from the left tail of the 10-second return distribution — 
do not otherwise lead to persistent changes in the fundamental value of the stock before or after the initial decline. By contrast, Fig. 
A.1 strongly supports the conjecture that drift burst EPMs are a different sample that allows to extract a sequence of consecutive 
returns around which the market was highly directional.
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Fig. A.1. Average cumulative return during volatility- and drift burst-based EPM.
Note. This figure reports the average price evolution in a one-hour window centered around a volatility-based EPM. We follow Brogaard et al. (2018) and label 
each 10-second return at or above the 99.9th percentile of distribution of absolute 10-second returns as an EPM. The figure is based on the negative half of that 
sample. We superimpose a 10%-90% quantile-band for each 10-second interval over the interval. As a comparison, we also show the average cumulative return 
of a drift burst-based EPM, separately for unsystematic and systematic events.

Appendix B. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.finmar.2025.100988.

Data availability

Data obtained via EUROFIDAI Equipex PLADIFES ANR-21-ESRE-0036, within the framework of France 2030. The authors do 
not have permission to share data.

References

Anand, A., Venkataraman, K., 2016. Market conditions, fragility, and the economics of market making. J. Financ. Econ. 121 (2), 327–349.
Autorité des Marchés Financiers (AMF), 2017. Study of the behaviour of high-frequency traders on euronext Paris. Available at https://www.amf-france.org/en/

news-publications/publications/reports-research-and-analysis/study-behaviour-high-frequency-traders-euronext-paris.
Barclay, M.J., Warner, J.B., 1993. Stealth trading and volatility: Which trades move prices? J. Financ. Econ. 34 (3), 281–305.
Bellia, M., Pelizzon, L., Subrahmanyam, M.G., Yuferova, D., 2025. Market liquidity and competition among designated market makers. Manag. Sci. 71 (1), 

184–201.
Benos, E., Sagade, S., 2012. High-frequency trading behaviour and its impact on market quality: Evidence from the UK equity market. Working paper.
Bessembinder, H., Hao, J., Zheng, K., 2020. Liquidity provision contracts and market quality: Evidence from the new york stock exchange. Rev. Financ. Stud. 

33 (1), 44–74.
Brogaard, J.A., 2010. High frequency trading and its impact on market quality. Working paper.
Brogaard, J.A., Carrion, A., Moyaert, T., Riordan, R., Shkilko, A., Sokolov, K., 2018. High frequency trading and extreme price movements. J. Financ. Econ. 128 

(2), 253–265.
Brunnermeier, M.K., Pedersen, L.H., 2005. Predatory trading. J. Financ. 60 (4), 1825–1863.
Budish, E., Cramton, P., Smith, J., 2015. The high-frequency trading arms race: Frequent batch auctions as a market design response. Q. J. Econ. 130 (4), 

1547–1621.
Cespa, G., Foucault, T., 2014. Illiquidity contagion and liquidity crashes. Rev. Financ. Stud. 27 (6), 1615–1660.
Cespa, G., Vives, X., 2025. Market opacity and fragility: Why liquidity evaporates when it is most needed. Working paper.
Chaboud, A.P., Chiquoine, B., Hjalmarsson, E., Vega, C., 2014. Rise of the machines: Algorithmic trading in the foreign exchange market. J. Financ. 69 (5), 

2045–2084.
Christensen, K., Oomen, R.C.A., Renò, R., 2022. The drift burst hypothesis. J. Econometrics 227 (2), 461–497.
Clark-Joseph, A.D., Ye, M., Zi, C., 2017. Designated market makers still matter: Evidence from two natural experiments. J. Financ. Econ. 126 (3), 652–667.
Euronext, 2025. Euronext rule book – book I: Harmonised rules. The latest version is available at https://www.euronext.com/en/regulation/euronext-regulated-

market.
European Securities and Markets Authority, 2021. MiFID II review report on Algorithmic Trading. Available at https://www.esma.europa.eu/sites/default/files/

library/esma70-156-4572_mifid_ii_final_report_on_algorithmic_trading.pdf.
Gao, C., Mizrach, B., 2016. Market quality breakdowns in equities. J. Financ. Mark. 28 (1), 1–23.
Glosten, L.R., 1987. Components of the bid-ask spread and the statistical properties of transaction prices. J. Financ. 42 (5), 1293–1307.
Goldstein, M.A., Kavajecz, K.A., 2004. Trading strategies during circuit breakers and extreme market movements. J. Financ. Mark. 7 (3), 301–333.
Hendershott, T., Jones, C.M., Menkveld, A.J., 2011. Does algorithmic trading improve liquidity? J. Financ. 66 (1), 1–33.
20 

https://doi.org/10.1016/j.finmar.2025.100988
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb1
https://www.amf-france.org/en/news-publications/publications/reports-research-and-analysis/study-behaviour-high-frequency-traders-euronext-paris
https://www.amf-france.org/en/news-publications/publications/reports-research-and-analysis/study-behaviour-high-frequency-traders-euronext-paris
https://www.amf-france.org/en/news-publications/publications/reports-research-and-analysis/study-behaviour-high-frequency-traders-euronext-paris
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb3
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb4
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb4
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb4
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb5
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb6
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb6
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb6
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb7
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb8
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb8
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb8
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb9
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb10
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb10
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb10
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb11
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb12
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb13
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb13
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb13
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb14
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb15
https://www.euronext.com/en/regulation/euronext-regulated-market
https://www.euronext.com/en/regulation/euronext-regulated-market
https://www.euronext.com/en/regulation/euronext-regulated-market
https://www.esma.europa.eu/sites/default/files/library/esma70-156-4572_mifid_ii_final_report_on_algorithmic_trading.pdf
https://www.esma.europa.eu/sites/default/files/library/esma70-156-4572_mifid_ii_final_report_on_algorithmic_trading.pdf
https://www.esma.europa.eu/sites/default/files/library/esma70-156-4572_mifid_ii_final_report_on_algorithmic_trading.pdf
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb18
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb19
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb20
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb21


M. Bellia et al. Journal of Financial Markets 76 (2025) 100988 
Huang, J., Wang, J., 2009. Liquidity and market crashes. Rev. Financ. Stud. 22 (7), 2607–2643.
Jacod, J., Li, Y., Mykland, P.A., Podolskij, M., Vetter, M., 2009. Microstructure noise in the continuous case: The pre-averaging approach. Stochastic Process. 

Appl. 119 (7), 2249–2276.
Jones, C.M., 2013. What do we know about high-frequency trading?. Working paper.
van Kervel, V., Menkveld, A.J., 2019. High-frequency trading around large institutional orders. J. Financ. 74 (3), 1091–1137.
Kirilenko, A., Kyle, A.S., Samadi, M., Tuzun, T., 2017. The flash crash: High frequency trading in an electronic market. J. Financ. 72 (3), 967–998.
Korajczyk, R.A., Murphy, D., 2019. High-frequency market making to large institutional trades. Rev. Financ. Stud. 32 (3), 1034–1067.
Lee, S.S., Mykland, P.A., 2008. Jumps in financial markets: A new nonparametric test and jump dynamics. Rev. Financ. Stud. 21 (6), 2535–2563.
Menkveld, A.J., 2014. High-frequency traders and market structure. Financ. Rev. 49 (2), 333–344.
NYSE Euronext, 2012. Euronext cash market, info flash of 26 january 2012. Available at https://euronext.com/.
NYSE Euronext, 2013. Euronext cash market, info flash of 9 may 2013. Available at https://euronext.com/.
U.S. Securities and Exchange Commission, 2014. Equity market structure literature review – part II: High frequency trading. Report by the staff of the Division 

of Trading and Markets, available at https://www.sec.gov/marketstructure/research/hft_lit_review_march_2014.pdf.
Yang, L., Zhu, H., 2020. Back-running: Seeking and hiding fundamental information in order flows. Rev. Financ. Stud. 33 (4), 1484–1533.
21 

http://refhub.elsevier.com/S1386-4181(25)00028-X/sb22
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb23
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb23
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb23
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb24
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb25
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb26
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb27
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb28
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb29
https://euronext.com/
https://euronext.com/
https://www.sec.gov/marketstructure/research/hft_lit_review_march_2014.pdf
http://refhub.elsevier.com/S1386-4181(25)00028-X/sb33

	Do designated market makers provide liquidity during downward extreme price movements?
	Introduction
	Institutional structure
	The NYSE Euronext market
	The contractual role of DMMs

	Data description
	EPM detection
	Empirical investigation
	Anatomy of a drift burst EPM
	Trading imbalance
	An analysis of extreme selling pressure

	Conclusion
	CRediT authorship contribution statement
	Appendix A. A comparison with volatility-based EPMs
	Appendix B. Supplementary data
	Data availability
	References


