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Abstract
This paper examines the impact of algorithmic trading on market quality using a 
unique NASDAQ OMX Nordic dataset from 2010–2011. We classify traders into 
algorithmic, institutional, professional, and retail categories. Using two-way fixed 
effects models and instrumental variables estimation, we find that algorithmic trad-
ers enhance liquidity by reducing bid-ask spreads by 0.28 basis points relative to 
retail traders, with similar effects from institutional traders. These effects persist 
during high volatility periods, while professional traders are associated with wider 
spreads. Surprisingly, retail traders emerge as significant liquidity providers, while 
algorithmic traders exhibit higher order cancellation rates. These findings contribute 
to the debate on algorithmic trading’s role in modern markets and offer implications 
for market design and regulation.

Keywords  Algorithmic trading · HFT · Market quality · Market microstructure

JEL Classification  G20 · G14 · L10

1  Introduction

The landscape of financial markets has undergone a profound transformation in 
recent decades, with algorithmic trading becoming a dominant force in most major 
financial centers (O’Hara 2015; Brogaard & Garriott 2019). This shift towards auto-
mation has brought about significant changes in market dynamics, including faster 
executions and often enhanced liquidity. However, the impact of algorithmic trading 
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on market quality remains a subject of ongoing debate among researchers, practi-
tioners, and regulators alike (Kirilenko et al. 2017; van Kervel & Menkveld 2019).

Our study contributes to this critical dialogue by addressing several key gaps 
in the existing literature and providing new insights into the role of algorith-
mic traders within the broader market ecosystem. Specifically, we leverage a 
unique dataset from NASDAQ OMX Nordic covering the period from June 1, 
2010, to November 30, 2011, to examine how different types of market partici-
pants, including algorithmic traders, affect various dimensions of market qual-
ity. Through robust empirical methods including two-way fixed effects models 
with clustered standard errors and instrumental variables estimation, we establish 
causal relationships between trader behavior and market quality measures.

The primary contributions of our study are threefold:

1.	 Comprehensive Trader Classification: Unlike previous studies that often focus 
solely on high-frequency traders (HFTs) or treat all algorithmic traders as a homo-
geneous group, we classify market participants into four distinct categories: algo-
rithmic traders, institutional traders using NASDAQ’s algorithms, "professional" 
investors without algorithms, and retail traders.

2.	 Multifaceted Analysis of Market Quality: We provide a holistic assessment of 
market quality by examining the impact of different trader types on bid-ask 
spreads, trading volume at the National Best Bid and Offer (NBBO), and overall 
market depth. This comprehensive approach, supported by careful econometric 
identification strategies, extends recent work on market quality dynamics (e.g., 
Brogaard et al. 2022.)

3.	 Liquidity Provision and Order Cancellation Analysis: We investigate the deter-
minants of liquidity provision and order cancellation behaviors among different 
trader types. This analysis provides novel insights into the strategies employed 
by algorithmic traders and their impact on market dynamics, building on recent 
research on order flow toxicity (e.g., Easley et al. 2021).

Our results reveal several important findings that contribute significantly to the 
existing literature:

First, we find that both algorithmic traders and institutional traders signifi-
cantly reduce spreads compared to retail traders, with algorithmic traders reduc-
ing spreads by 0.28 basis points and institutional traders by 0.43 basis points. 
These effects remain robust to various empirical specifications, including instru-
mental variables estimation using lagged algorithmic trading activity.

Second, contrary to some expectations, we observe no adverse impact from 
algorithmic traders on spreads during periods of high volatility. Their impact 
remains consistent across different volatility levels. Instead, we find that pro-
fessional non-algorithmic traders are associated with wider spreads (0.69 basis 
points increase) during volatile conditions, potentially being a primary source of 
market quality deterioration under such circumstances. This result contributes to 
the ongoing debate about the role of different trader types in market stability.
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Third, our analysis reveals that retail traders are significant liquidity providers, 
surpassing other trader types including algorithmic traders in this aspect. Algorith-
mic traders, while contributing to reduced spreads, show lower levels of liquidity 
provision compared to retail traders. This finding offers new insights into the com-
plex interplay between different market participants and challenges some precon-
ceived notions about the role of retail investors in market liquidity.

While our dataset covers a period from 2010 to 2011, which predates the current 
market environment, it offers distinct advantages for our analysis. This era captures 
a key phase in the evolution of algorithmic trading, providing valuable historical 
insight into the early effects of algorithmic trading on market quality. As noted by 
Menkveld (2016), studying early market structures can reveal patterns that remain 
relevant over time. Moreover, many emerging and frontier markets are now at a sim-
ilar stage of algorithmic trading adoption, making our findings particularly relevant 
for understanding markets currently undergoing similar transitions (Yan et al. 2022).

The remainder of this paper is organized as follows: Section 2 reviews the rel-
evant literature and develops our hypotheses. Section 3 describes our data and meth-
odology. Section 4 presents and discusses our empirical results. Section 5 presents 
our robustness checks. Finally, Section 6 concludes and discusses implications for 
market participants and regulators.

2 � Literature review and hypotheses development

The impact of algorithmic trading on financial markets has been a subject of exten-
sive research in recent years. A significant strand of literature focuses on the role 
of algorithmic trading in price discovery and market efficiency. Hendershott and 
Riordan (2013) establish that algorithmic trades and quotes contain value-relevant 
information, contributing positively to price discovery. Brogaard et al. (2014) dem-
onstrate that High-Frequency Trading (HFT) enhances market efficiency by aligning 
with permanent price changes and countering temporary mispricings. More recently, 
Hu and Murphy (2020) found that the full automation of NYSE’s closing auctions 
led to improved auction quality.

The relationship between algorithmic trading and market liquidity is more con-
tentious. Korajczyk and Murphy (2019) highlight the ambivalent role of HFTs in 
market making, noting their reduction of spreads for small orders while simulta-
neously increasing costs for large institutional orders. Van Kervel and Menkveld 
(2019) observe that HFTs’ liquidity provision tends to be transient, with a tendency 
to withdraw during one-sided market moves.

The impact of volatility on algorithmic trading behavior has been extensively 
studied. While some studies suggest that HFT market makers withdraw during high 
volatility periods (Kirilenko et al. 2017; Ait-Sahalia and Saglam 2024), others find a 
more nuanced relationship. Hasbrouck and Saar (2013) argue that algorithmic trad-
ing can dampen short-term volatility. Brogaard et al. (2018) show that HFTs provide 
liquidity during extreme single-stock events but demand liquidity during market-wide 
downturns. Aït-Sahalia and Brunetti (2020) and Zhou et al. (2020) further support 
the notion that HFTs may actually mitigate price pressures during volatile periods.
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Recent research has also examined the interplay between market fragmentation, 
algorithmic trading, and price discovery. Cox (2020) investigates the effects of dark 
and lit market fragmentation around earnings announcements and surprises, finding 
that dark fragmentation reduces post-earnings announcement drift (PEAD) for stocks 
with positive earnings surprises but strengthens it for stocks with negative surprises.

The strategies employed by algorithmic traders, particularly in terms of liquidity 
provision and order cancellation, have attracted significant attention. Hagströmer and 
Norden (2013) note that market making constitutes a major part of HFTs’ volume. 
The introduction of maker-taker fee structures has further complicated the liquidity 
provision landscape, with studies by Colliard and Foucault (2012), Malinova and 
Park (2015), and Foucault et al. (2013) exploring its implications for market quality 
and trading behavior.

Based on this literature, we formulate the following hypotheses:

H1: Algorithmic traders contribute to narrower bid-ask spreads compared to 
other trader types, particularly during periods of high market volatility.
H2: The presence of algorithmic traders is associated with increased trading vol-
ume at the NBBO, enhancing price discovery and market efficiency, even during 
periods of high volatility.
H3: Algorithmic traders exhibit distinct patterns of liquidity provision and order 
cancellation compared to other market participants, reflecting their unique trading 
strategies and technological advantages.

By testing these hypotheses, our study aims to provide a more comprehen-
sive understanding of the role of algorithmic trading in modern financial markets, 
addressing key gaps in the existing literature and offering novel insights into the 
complex dynamics of the market ecosystem.

3 � Data specification and methodology

Our study utilizes a comprehensive dataset from NASDAQ OMX Nordic covering 
June 1, 2010, to November 30, 2011. While this period predates the current market 
environment, it offers valuable insights into a critical phase of algorithmic trading 
evolution, as highlighted by Menkveld (2016). This era captures the early impact 
of algorithmic trading, providing a benchmark for comparison with current market 
dynamics and insights relevant to emerging markets at similar stages of algorithmic 
trading adoption (Yan et al. 2022).

Our dataset uniquely isolates the impact of algorithmic traders in a less sat-
urated market, enabling clearer identification of its effects. This approach aligns 
with Boehmer et al. (2021), who studied algorithmic trading’s impact on market 
quality across 42 equity markets from 2001 to 2011. Their use of an even ear-
lier sample period validates the relevance of historical data in understanding algo-
rithmic trading’s effects. They found that algorithmic trading generally improves 
liquidity and informational efficiency, with benefits more pronounced in larger 
stocks. Their international focus also underscores the importance of our study for 
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emerging markets, as many are currently experiencing or will soon undergo similar 
stages of algorithmic trading adoption. Our 2010–2011 data thus provides insights 
not only into the historical evolution of algorithmic trading but also into potential 
future impacts in developing markets. Moreover, the 2010–2011 period, character-
ized by high volume and volatility, bears similarities to post-2020 market condi-
tions, enhancing the relevance of our findings to current volatile environments.

Our final sample consists of 382 trading days, excluding non-trading days. The 
dataset classifies traders into four distinct categories:

1.	 Algorithmic traders: Employing proprietary algorithms, including diverse High-
Frequency Trading (HFT) strategies.

2.	 Institutional traders: Executing large orders via NASDAQ-approved algorithms 
(e.g., VWAP, TVWAP).

3.	 Professional investors: Operating without algorithmic assistance.
4.	 Retail traders: Predominantly non-algorithmic, with a marginal subset (1.4% of 

volume) utilizing algorithms reclassified into the algorithmic trader category.

Figure 1 illustrates the changing market composition over time, demonstrating 
a rise in algorithmic trading at the expense of other trader types. Figure 2 details 
the proprietary algorithmic trading volume, which nearly doubled but stabilized 
at approximately 40% in the final four months of observation.

Key variables in our dataset include date, order book, order execution metrics 
(Acks, Executions, Cancels), account type, liquidity provision, volume, relative 
time-weighted average spread (RTWAS), and order book depth measures (TVOB 
Volume, TVOA Volume). Additional data on prices and market capitalization are 
included. After filtering for liquidity and price range, following Hendershott et al. 
(2011), our final sample consists of 156 unique stocks and 458,813 observations.

It’s important to note that our dataset contains daily summaries for each stock, 
detailing trading volumes by trader category and liquidity provision status, rather 

Fig. 1   The figure shows the distribution of trading volume across trader categories (algorithmic, insti-
tutional, professional, and retail) in the NASDAQ OMX Nordic market from June 2010 to November 
2011. The data demonstrates a progressive increase in algorithmic trading activity relative to other trader 
categories during the sample period
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than trade-level data. NASDAQ classifies the total volume into various binary cat-
egories and determines whether trades were adding or removing liquidity using its 
internal classification rules. There are up to eight observations per each Date/Ticker: 
combined trades for the four TYPEs aggregated by whether they provide liquidity 
(MAKE = 1, limit orders) or remove liquidity (MAKE = 0, market orders).

Table 1 provides summary statistics for our key variables, including trading vari-
ables, market quality indicators, and execution metrics. Panel C of Table 1 disaggre-
gates statistics by trader type, revealing higher average daily turnover among non-
algorithmic professionals, while algorithmic traders lead in order modifications.

Table 2 documents variable correlations, providing insights into market dynamics 
and liquidity provision.

This study offers a comprehensive view of all algorithmic traders, extending 
beyond just HFT market makers, thus providing a broader analysis of their market 
activity (Tables 3 and 4).

4 � Results and discussion

To address potential unobserved heterogeneity in our panel dataset, we employ two-
way fixed effects in all our regression specifications. This approach, following Kora-
jczyk and Murphy (2019) and Boehmer et al. (2021), allows us to control for both 
time-invariant stock characteristics and market-wide temporal effects. Specifically, 
for our baseline specification, we estimate:

where α_i captures stock fixed effects and γ_t represents time (daily) fixed effects. 
This specification ensures that our estimates reflect within-stock variation in trad-
ing behavior while controlling for market-wide temporal patterns, following the 
approach of Hendershott and Riordan (2013).

We implement our estimation using the plm package in R for the fixed effects 
regression, followed by the multiwayvcov package to compute standard errors clus-
tered at both the stock and date levels. This two-way clustering approach, as recom-
mended by Pedersen (2009), accounts for potential correlation in the error terms 
both within stocks across time and within days across stocks, which is particularly 
important in market microstructure studies where both cross-sectional and temporal 
dependencies are likely to be present.

4.1 � The effect of different types of traders on relative spreads

4.1.1 � The effect of different types of traders on market quality measures

To investigate the impact of different trader types on market quality, we employ 
a series of regression models examining three key market quality indicators: the 

RTWAS_{i, t} = �_i + �_t + �1TYPE_{i, t} + �2TURN_{i, t} + �3VLT_{i, t}

+ �4log(CLOSE_{i, t}) + �5log(MCAP_{i, t}) + �_{i, t}
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relative time-weighted average spread (RTWAS), the average number of shares 
at the best levels of the order book (TVOBV), and the average number of shares 
across all levels of the order book (TVOAV). We analyze the effects of algorith-
mic traders (ALGO), institutional traders using NASDAQ-approved algorithms 
(INST), and professional investors without algorithmic assistance (PROF), 

Table 1   Descriptive statistics. The descriptive statistics for all major variables during our sample period 
from June 2010 to December 2011. TOTVOL is the average daily trading volume in shares. TURN is 
the ratio of shares to the total shares outstanding, MCAP is the market capitalization in billions of Euros. 
ACKS are partially executed orders, EXEC – the fully executed orders, CANCELS are orders that were 
cancelled, and PRICE is the average daily price in euros. Panel B describes the market quality variables. 
RTWAS is the relative Bid-Ask spread weighted by time, TVOBV and TVOAV are the average num-
ber of shares at the Best and ALL levels of order book respectively. TVOBR and TVOAR are the same 
variables multiplied by the price in euros. VLT is a volatility variable measures as the difference between 
High and Low price during a day scaled by the Closing price. Panel C presents some variable char-
acteristics separated by trader type where ALGO represents all trades completed through proprietary 
algorithms, INST – all trades submitted through standard and exchange-approved execution algorithms 
(VWAP, TVAP, etc.), PROF – all orders that were submitted “manually”, and RETL – are all orders that 
come from the retail investors

Panel A. Trading Variables
TOTVOL TURN MCAP, €B ACKS EXEC CANCELS PRICE

Min 0 0.000% 0.02 1 1 1 2.19
1st Qu 7,175.00 0.008% 0.71 431.00 133.00 338.00 6.92
Median 28,870.00 0.023% 1.64 1,873.00 440.00 1,622.00 11.54
Mean 149,361.00 0.044% 4.45 9,530.00 1,074.00 11,017.00 17.67
3rd Qu 105,740.00 0.051% 4.42 6,310.00 1,293.00 5,745.00 20.05
Max 42,481,766 26.380% 66.20 2,559,620 67,772 2,590,058 119.61
Std. Dev 73,011 0.032% 3 4,355 859 4,005 10
N 458,813 458,813 458,813 458,813 458,813 458,813 458,813
Panel B. Market Quality Variables

RTWAS TVOBV TVOBR TVOAV TVOAR VLT, %
Min 0.03 31.70 890.00 337.00 6,030.00 0.28%
1st Qu 0.11 812.70 11,256.00 21,997.00 264,582.00 1.72%
Median 0.17 1,868.90 19,156.00 51,819.00 614,936.00 2.47%
Mean 0.27 4,004.80 36,700.00 125,078.00 1,332,398.00 2.97%
3rd Qu 0.37 3,997.20 40,990.00 128,732.00 1,608,029.00 3.61%
Max 9.58 2,033,229 4,211,052 11,071,906 43,494,537 58.02%
Std. Dev 0 2,358.89 22,025 79,063 995,146 1.40%
N 458,813 458,813 458,813 458,813 458,813 458,813
Panel C. Variables by Trader type
TYPE TURN ACKS EXEC CANCELS MAKING CORR
1 ALGO 0.037% 30,030 1,184 37,045 42.0% 0.946
2 INST 0.029% 2,477 745 2,249 47.1% 0.829
3 PROF 0.068% 3,978 1,388 3,485 52.2% 0.979
4 RETL 0.040% 3,010 978 2,729 55.2% 0.858
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controlling for turnover (TURN), volatility (VLT), closing price (CLOSE), and 
market capitalization (MCAP).

Our analysis reveals significant differences in how trader types impact market 
quality, particularly relative spreads (RTWAS). Algorithmic traders (ALGO) and 
institutional traders (INST) both show a significant negative impact on RTWAS, 
with coefficients of −0.0028 (t-statistic = −3.47) and −0.004 (t-statistics = −5.4) for 
both. This indicates that a higher presence of these traders is associated with nar-
rower bid-ask spreads, supporting our first hypothesis (H1) that algorithmic traders 
contribute to improved market liquidity.

In contrast, professional traders (PROF) are associated with wider spreads (coef-
ficient = 0.007, t-statistic = 8.6). These effects persist when controlling for turno-
ver (TURN), volatility (VLT), closing price (CLOSE), and market capitalization 
(MCAP).

While our primary focus is on RTWAS, we also observe that institutional trad-
ers consistently show positive effects on order book depth measures (TVOBV and 
TVOAV), while professional traders show negative effects. Algorithmic traders have 
a small negative effect on TVOBV but no significant effect on TVOAV.

4.2 � The sensitivity of algorithmic traders to increased turnover

To examine how different trader types respond to changes in trading volume, we 
incorporate interaction terms between trader type dummy variables and daily turn-
over (TURN). For RTWAS, the base effect of turnover is strongly negative (−81, 
t-statistic = −55,), indicating that higher overall trading activity is associated with 
tighter spreads.

However, the interaction terms reveal important differences across trader types. 
Algorithmic traders (ALGO * TURN) show a positive coefficient (41.7, t-statis-
tic = 25.8), suggesting that their spread-reducing effect diminishes as turnover 
increases. Institutional traders (INST * TURN) become slightly more effective at 

Table 2   Correlations. The table presents Spearman correlations between the main market quality vari-
ables. TWAS is the relative Bid-Ask spread weighted by time, TVOBV and TVOAV are the average 
number of shares at the Best and ALL levels of order book respectively. VLT is a volatility variable 
measures as the difference between High and Low price during a day scaled by the closing price. TURN 
is the number of shares traded scaled by the number of shares outstanding. MAKING is the average ratio 
of the trading volume that supplies liquidity to the total trading volume for the day

All correlations are significant at 5% level

RTWAS TVOBV TVOAV TURN MAKING VLT

RTWAS 1 0.0189 (0.1798) (0.0641) 0.0184 0.3202
TVOBV 0.0189 1 0.5702 0.0264 0.0105 (0.0137)
TVOAV (0.1798) 0.5702 1 0.1207 0.0522 (0.0010)
TURN (0.0641) 0.0264 0.1207 1 0.0402 0.2221
MKTK 0.0184 0.0105 0.0522 0.0402 1 0.0048
VLT 0.3202 (0.0137) (0.0010) 0.2221 0.0048 1
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Table 3   The impact of trader types on market quality measures: Two-way fixed effects estimation. The table pre-
sents the results of regression model in Sect. 4.1. RTWAS is the relative Bid-Ask spread weighted by time, TVOBV 
and TVOAV are the average number of shares at the Best and ALL levels of order book respectively. VLT is a vola-
tility variable measure as the difference between High and Low price during a day scaled by the closing price

Results from two-way (stock and time) fixed effects panel regressions with standard errors clustered at 
both stock and date levels. T-statistics are in parentheses. The t-statistics are based on standard errors that 
have been adjusted for heteroskedasticity, serial correlation, and cross-sectional dependence using the 
two-way clustering method, as recommended by Pedersen (2009). ***, **, and * denote the level of signifi-
cance at 1%, 5%, and 10% respectively

Panel A: ALGO
Variable RTWAS TVOBV TVOAV
 I(TYPE = = "ALGO") −0.0028 (−3.47)*** 0.0050 (3.91)*** 0.0021 (1.90)
 TURN −18.6374 (−57.93)*** 23.0268 (45.69)*** 26.5868 (61.52)***

 VLT 2.1122 (85.04)*** −0.3755 (−9.65)*** 0.7295 (21.87)***

 log(CLOSE) −0.1117 (−24.85)*** −1.2030 (−170.80)*** −0.9212 (−152.52)***

 log(MCAP) −0.1861 (−40.60)*** 0.6828 (95.12)*** 0.4851 (78.80)***

 Adj. R-Squared 0.0759 0.1069 0.1050
 N (Observations) 458,813 458,813 458,813
Panel B: INST
Variable RTWAS TVOBV TVOAV
 I(TYPE = = "INST") −0.0043 (−5.40)*** 0.0045 (3.54)*** 0.0071 (6.53)***

 TURN −18.7329 (−58.08)*** 23.0944 (45.72)*** 26.7780 (61.82)***

 VLT 2.1133 (85.08)*** −0.3757 (−9.66)*** 0.7267 (21.78)***

 log(CLOSE) −0.1116 (−24.82)*** −1.2031 (−170.81)*** −0.9213 (−152.55)***

 log(MCAP) −0.1862 (−40.62)*** 0.6830 (95.14)*** 0.4852 (78.83)***

 Adj. R-Squared 0.0759 0.1068 0.1050
 N (Observations) 458,813 458,813 458,813
Panel C: PROF
Variable RTWAS TVOBV TVOAV
 I(TYPE = = "PROF") 0.0069 (8.60)*** −0.0089 (−7.05)*** −0.0095 (−8.85)***

 TURN −18.9675 (−58.47)*** 23.4309 (46.11)*** 27.0690 (62.13)***

 VLT 2.1178 (85.23)*** −0.3822 (−9.82)*** 0.7210 (21.60)***

 log(CLOSE) −0.1116 (−24.82)*** −1.2032 (−170.83)*** −0.9213 (−152.56)***

 log(MCAP) −0.1862 (−40.63)*** 0.6831 (95.15)*** 0.4853 (78.83)***

 Adj. R-Squared 0.0760 0.1070 0.1051
 N (Observations) 458,813 458,813 458,813
Panel D: All Together
Variable RTWAS TVOAV TVOAV
 TYPEALGO −0.0023 (−2.31)* 0.0041 (2.66)** 0.0013 (0.94)
 TYPEINST −0.0034 (−3.47)*** 0.0037 (2.39)* 0.0049 (3.77)***

 TYPEPROF 0.0050 (5.18)*** −0.0063 (−4.15)*** −0.0075 (−5.72)***

 TURN −19.0067 (−58.55)*** 23.4687 (46.16)*** 27.1321 (62.23)***

 VLT 2.1187 (85.26)*** −0.3832 (−9.85)*** 0.7200 (21.57)***

 log(CLOSE) −0.1116 (−24.82)*** −1.2032 (−170.83)*** −0.9214 (−152.57)***

 log(MCAP) −0.1862 (−40.63)*** 0.6830 (95.15)*** 0.4853 (78.84)***

 Adj. R-Squared 0.0760 0.1069 0.1051
 N (Observations) 458,813 458,813 458,813
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reducing spreads as turnover increases, albeit with a relatively small effect (−8.85, 
t-statistic = −4.22).

Professional traders (PROF * TURN) show a large positive coefficient (67.97, t-sta-
tistic = 46.2), indicating that they are associated with wider spreads during periods of 
high turnover, potentially due to increased information asymmetry or inventory risk.

4.3 � The sensitivity of algorithmic traders to volatility

We examine how different trader types respond to changes in market volatility by 
incorporating interactions between trader type dummy variables and volatility meas-
ures. Table 5 presents results using both continuous volatility (Panel A) and volatil-
ity quintiles (Panel B).

For RTWAS, the base effect of volatility (VLT) is strongly positive (2.07, 
t-statistic = 53.6), confirming that higher volatility generally corresponds to 
wider spreads. The interaction between algorithmic traders and volatility (ALGO 
x VLT) shows a small negative effect (−0.10, t-statistic = −2.08), while institu-
tional traders (INST x VLT) exhibit a similar pattern (−0.09, t-statistic = −1.81). 
In contrast, professional traders (PROF x VLT) demonstrate a strong positive 
coefficient (0.42, t-statistic = 8.43), indicating significantly wider spreads during 
volatile periods.

Table 4   Volume interaction effects on market quality: Two-way fixed effects estimation. The table pre-
sents the results of regression model in Sect. 4.2 where we interact the trader type dummy variable and 
the daily turnover, TURN defined as the ratio of number of shares traded to the total number of shares 
outstanding. RTWAS is the relative Bid-Ask spread weighted by time, TVOBV and TVOAV are the 
average number of shares at the Best and ALL levels of order book respectively. VLT is a volatility vari-
able measure as the difference between High and Low price during a day scaled by the closing price

Results from two-way (stock and time) fixed effects panel regressions with standard errors clustered at 
both stock and date levels. T-statistics are in parentheses. The t-statistics are based on standard errors that 
have been adjusted for heteroskedasticity, serial correlation, and cross-sectional dependence using the 
two-way clustering method, as recommended by Pedersen (2009). ***, **, and * denote the level of signifi-
cance at 1%, 5%, and 10% respectively

Variable RTWAS TVOBV TVOAV

TYPEALGO −0.0198 (−16.85)*** 0.0493 (26.87)*** 0.0350 (22.23)***

TYPEINST −0.0074 (−6.17)*** 0.0075 (3.95)*** 0.0062 (3.85)***

TYPEPROF −0.0233 (−20.48)*** 0.0351 (19.70)*** 0.0275 (17.99)***

TURN −81.3814 (−55.81)*** 123.1355 (53.92)*** 109.1821 (55.74)***

VLT 2.3944 (95.14)*** −0.8307 (−21.07)*** 0.3385 (10.01)***

log(CLOSE) −0.1086 (−24.24)*** −1.2007 (−171.18)*** −0.9208 (−153.06)***

log(MCAP) −0.1899 (−41.60)*** 0.6813 (95.29)*** 0.4854 (79.16)***

ALGO*TURN 41.6617 (25.76)*** −113.8218 (−44.93)*** −84.1958 (−38.75)***

INST*TURN −8.8529 (−4.22)*** 23.1337 (7.03)*** 25.4678 (9.03)***

PROF*TURN 67.9670 (46.20)*** −102.8746 (−44.65)*** −85.9871 (−43.51)***

Adj. R-Squared 0.0841 0.1149 0.1127
N (Observations) 458,813 458,813 458,813
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The quintile analysis in Panel B reinforces these findings. While algorithmic 
and institutional traders maintain relatively stable spread impacts across volatility 
quintiles, professional traders show progressively larger spread-widening effects 
in higher volatility quintiles, with the strongest effect in the highest quintile 
(0.009, t-statistic = 3.07).

These results suggest that algorithmic traders help maintain market quality 
during volatile periods, while professional traders may contribute to spread wid-
ening under these conditions. This contrast highlights the stabilizing role of algo-
rithmic trading in modern markets, particularly during periods of market stress, 
and suggests that market structure considerations should account for these differ-
ential behaviors across trader types.

4.4 � The effect of market making activities

We examine market making activities’ impact on market quality by incorporat-
ing a MAKE dummy variable indicating liquidity addition (MAKE = 1) versus 
removal (MAKE = 0). Table 6 presents results for the interaction between MAKE 
and trader types, analyzing effects on RTWAS, TVOBV, and TVOAV.

The uninteracted MAKE coefficient (0.0028, t-statistic = 2.02) represents the 
baseline effect of retail traders’ liquidity provision, showing that retail market 
making is associated with slightly wider spreads. This likely reflects a compen-
sation for risk-taking. Relative to this retail baseline, algorithmic traders dem-
onstrate improved market quality when providing liquidity (ALGO × MAKE: 
−0.0041, t-statistic = −2.08), with positive effects on both best-level depth 
(0.0069, t-statistic = 2.23) and overall depth (0.0051, t-statistic = 1.92).

Professional traders show no significant differential impact relative to retail 
traders when providing versus consuming liquidity (PROF × MAKE coefficients 
statistically insignificant), suggesting their market making activities affect market 
quality similarly to retail traders. Institutional traders’ net effect on spreads when 
providing liquidity is also minimal, though they show improvement in overall 
depth (INST × MAKE: 0.0058, t-statistic = 2.22,).

These findings indicate that while algorithmic traders contribute positively 
to market quality through their liquidity provision relative to retail traders, pro-
fessional and institutional traders’ market making activities have more modest 
effects. The results suggest that market structure designs should consider the var-
ying effectiveness of different participant types in liquidity provision roles, with 
particular attention to the beneficial role of algorithmic traders.

4.5 � Determinants of liquidity supplying activities and order cancellation rates

Using two-way fixed effects regressions controlling for both stock and time varia-
tions, we analyze the determinants of liquidity provision (MAKE_FRAC) and order 
cancellation rates (CANCELLED_FRAC). Table 7 presents our findings.
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Table 5   Volatility sensitivity 
analysis: Two-way fixed effects 
estimation. The table shows 
the effects of interacting the 
trader types with volatility from 
Sect. 4.3. TURN defined as 
the ratio of number of shares 
traded to the total number 
of shares outstanding. The 
dependent variable, RTWAS, 
is the relative Bid-Ask spread 
weighted by time, which is the 
results presented in this Table. 
(TVOBV and TVOAV are the 
average number of shares at the 
Best and ALL levels of order 
book respectively, whose results 
are available upon request). VLT 
is a volatility variable measure 
as the difference between 
High and Low price during 
a day scaled by the closing 
price. Volatility quintiles are 
calculated by sorting all stock/
days based on VLT from Q1 
(the “calmest”) to Q5 (the 
“stormiest”)

Results from two-way (stock and time) fixed effects panel regres-
sions with standard errors clustered at both stock and date levels. 
T-statistics are in parentheses. The t-statistics are based on standard 
errors that have been adjusted for heteroskedasticity, serial correla-
tion, and cross-sectional dependence using the two-way clustering 
method, as recommended by Pedersen (2009). ***, **, and * denote 
the level of significance at 1%, 5%, and 10% respectively

Panel A. Using continuous volatility measure
RTWAS

ALGO 0.0008 (0.43)
INST −0.0008 (−0.47)
PROF −0.0071 (−4.06)***

VLT 2.0704 (53.57)***

TURN −19.69 (−59.73)***

log(CLOSE) −0.1113 (−24.75)***

log(MCAP) −0.1867 (−40.73)***

ALGO*VLT −0.1033 (−2.08)*

INST*VLT −0.0890 (−1.81)
PROF*VLT 0.4164 (8.43)***

Adj. R-Sq 0.0763
N 458,813
Panel B. Using Volatility Quintiles

RTWAS
TYPEALGO 0.0018 (0.82)
TYPEINST −0.0016 (−0.75)
TYPEPROF 0.0008 (0.38)
SQSQ2 0.0426 (19.45)***

SQSQ3 0.0599 (27.02)***

SQSQ4 0.0791 (34.99)***

SQSQ5 0.1104 (46.65)***

TURN −15.72 (−49.02)***

log(CLOSE) −0.12 (−26.98)***

log(MCAP) −0.19 (−41.74)***

TYPEALGO*SQSQ2 −0.0037 (−1.18)
TYPEINST*SQSQ2 −0.0001 (−0.02)
TYPEPROF*SQSQ2 0.0011 (0.37)
TYPEALGO*SQSQ3 −0.0039 (−1.25)
TYPEINST*SQSQ3 −0.0011 (−0.35)
TYPEPROF*SQSQ3 0.0025 (0.83)
TYPEALGO*SQSQ4 −0.0051 (−1.63)
TYPEINST*SQSQ4 −0.0018 (−0.58)
TYPEPROF*SQSQ4 0.0034 (1.11)
TYPEALGO*SQSQ5 −0.0070 (−2.24)*

TYPEINST*SQSQ5 −0.0039 (−1.26)
TYPEPROF*SQSQ5 0.0094 (3.07)**

Adj. R-Squared 0.0740
N (Observations) 458,813
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4.5.1 � Determinants of market making activity (Panel A)

Relative to retail traders, other trader types show lower proportions of liquidity-pro-
viding trades, with algorithmic traders showing the strongest contrast (TYPEALGO: 
−0.13, t-statistic = −173.52). This finding complements our earlier analysis in 
Sect. 4.4, suggesting that while algorithmic traders are more effective at improving 
market quality when providing liquidity, they are more selective in choosing when 
to do so. Market conditions influence liquidity provision, with both higher turno-
ver and volatility associated with reduced liquidity-providing trades. Market quality 
measures show that wider spreads and greater market depth correlate with increased 
liquidity provision, suggesting compensation for risk-taking behavior. These pat-
terns indicate a sophisticated liquidity provision strategy by algorithmic traders: 
they provide liquidity less frequently than retail traders but do so more effectively 
when they choose to participate, consistent with our hypothesis about their distinct 
trading strategies and technological advantages (H3).

Table 6   Market making activities and market quality: Two-way fixed effects estimation. The table pre-
sents the results of a regression from Sect. 4.4, where in addition to the trader type dummy variable we 
also add MAKE dummy variable. MAKE is an indicator variable (supplied by the NASDAQ OMX) that 
signifies whether the trade was adding (MAKE = 1) or removing (MAKE = 0) liquidity. Daily turnover, 
TURN defined as the ratio of number of shares traded to the total number of shares outstanding. RTWAS 
is the relative Bid-Ask spread weighted by time, TVOBV and TVOAV are the average number of shares 
at the Best and ALL levels of order book, respectively. VLT is a volatility variable measure as the differ-
ence between High and Low price during a day scaled by the closing price

Results from two-way (stock and time) fixed effects panel regressions with standard errors clustered at 
both stock and date levels. T-statistics are in parentheses. The t-statistics are based on standard errors that 
have been adjusted for heteroskedasticity, serial correlation, and cross-sectional dependence using the 
two-way clustering method, as recommended by Pedersen (2009). ***, **, and * denote the level of signifi-
cance at 1%, 5%, and 10% respectively

Variable RTWAS (A) RTWAS (B) TVOBV(C) TVOAV (D)

ALGO −0.0023 (−2.31)* −0.0002 (−0.17) 0.0007 (0.32) −0.0013 (−0.68)
INST −0.0034 (−3.46)*** −0.0025 (−1.81) 0.0021 (0.98) 0.0021 (1.12)
PROF 0.0050 (5.18)*** 0.0055 (3.98)*** −0.007 (−3.06)** −0.0079 (−4.30)***

MAKE 0.0028 (2.02)* −0.0037 (−1.70) −0.0027 (−1.48)
VLT 2.1187 (85.26)*** 2.119 (85.28)*** −0.38 (−9.87)*** 0.7192 (21.55)***

TURN −19.01 (−58.57)*** −19.04 (−58.6)*** 23.53 (46.2)*** 27.17 (62.26)***

log(CLOSE) −0.1116 (−24.82)*** −0.11 (−24.8)*** −1.20(−170.8)*** −0.92 (−152.57)***

log(MCAP) −0.1862 (−40.64)*** −0.186 (−40.6)*** 0.683(95.16)*** 0.4853 (78.85)***

ALGO*MAKE −0.0041 (−2.08)* 0.0069 (2.23)* 0.0051 (1.92)
INST*MAKE −0.0018 (−0.92) 0.0031 (1.02) 0.0058 (2.22)*

PROF*MAKE −0.0008 (−0.42) 0.0005 (0.15) 0.0009 (0.33)
Adj. R-Sq 0.0760 0.0760 0.1069 0.1051
N 458,813 458,813 458,813 458,813
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Table 7   Determinants of liquidity provision and order cancellation: Two-way fixed effects estimation. 
The table presents the results of regressions from Sect. 4.5, where the dependent variables are changed to 
MAKE_FRAC and CANCELLED_FRAC. MAKE_FRAC is a ratio of liquidity supplying volume to the 
total volume for each stock/day (as presented in Eq. (5)) and CANCELLED_FRAC is a ratio of cancelled 
orders to total orders for each day/stock. Both equations are estimated with beta regression. Daily turno-
ver, TURN defined as the ratio of number of shares traded to the total number of shares outstanding. 
VLT is a volatility variable measure as the difference between High and Low price during a day scaled 
by the closing price. MAKE is an indicator variable (supplied by the NASDAQ OMX) that signifies 
whether the trade was adding (MAKE = 1) or removing (MAKE = 0) liquidity. RTWAS is the relative 
Bid-Ask spread weighted by time, TVOBV and TVOAV are the average number of shares at the Best and 
ALL levels of order book, respectively

Results from two-way (stock and time) fixed effects panel regressions with standard errors clustered at 
both stock and date levels.T-statistics are in parentheses. The t-statistics are based on standard errors that 
have been adjusted for heteroskedasticity, serial correlation, and cross-sectional dependence using the 
two-way clustering method, as recommended by Pedersen (2009). ***, **, and * denote the level of signifi-
cance at 1%, 5%, and 10% respectively

Panel A. Market Making Determinants
TYPEALGO −0.1311 (−176.91)***

TYPEINST −0.0771 (−105.77)***

TYPEPROF −0.0294 (−40.40)***

TURN −0.3297 (−1.35)
VLT 0.1348 (7.19)***

log(CLOSE) 0.0047 (1.35)
log(MCAP) 0.0009 (0.27)
log(RTWAS) 0.0253 (22.40)***

log(TVOBV) −0.0088 (−11.49)***

log(TVOAV) 0.0013 (1.48)
Adj. R-Squared 0.0730
N 458,813
Panel B. Cancelled Orders Determinants
(Intercept) 0.18 (40.80)***

TYPEALGO 0.12 (253.74)***

TYPEINST 0.00 (−9.47)
TYPEPROF −0.03 (−54.82)***

TURN −1.49 (−10.06)***

VLT −0.14 (−15.68)***

log(CLOSE) 0.00 (−1.01)
log(MCAP) 0.01 (22.71)***

log(RTWAS) 0.00 (0.40)
log(TVOBV) −0.02 (−67.76)***

log(TVOAV) 0.02 (81.89)***

Adj. R-Sq 0.22
N 458,813
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4.5.2 � Determinants of order cancellation (Panel B)

Algorithmic traders exhibit significantly higher order cancellation rates 
(TYPEALGO: 0.12, t-statistic = 253.74), reflecting dynamic order management 
strategies, while professional traders show more stable order placement (TYPEP-
ROF: −0.03, t-statistic = −54.82). Higher turnover and volatility correspond to 
reduced cancellations, suggesting increased execution likelihood during active mar-
ket periods. Market depth has opposing effects at different levels: greater depth at 
best prices reduces cancellations while greater overall depth increases them.

These findings, robust to stock and time fixed effects, reveal systematic differ-
ences in trading strategies across participant types and market conditions, with 
important implications for market structure design.

5 � Robustness checks

To ensure the validity and reliability of our findings, we conduct an instrumental 
variable (IV) analysis to address potential endogeneity concerns. This approach 
is particularly important given that our baseline analysis relies on two-way fixed 
effects regressions with clustered standard errors.

5.1 � Addressing endogeneity concerns

Our primary analysis investigates the impact of algorithmic trading on market qual-
ity, specifically on the relative time-weighted average spread (RTWAS). While our 
two-way fixed effects results suggest that algorithmic trading improves liquidity by 
reducing spreads, it’s crucial to address potential endogeneity concerns. The rela-
tionship between algorithmic trading activity and spreads could be simultaneously 
determined, as algorithmic traders might be more active when spreads are already 
low.

To address this potential endogeneity, we implement an instrumental variable 
(IV) approach, following the methodology used in several seminal papers in the 
field. We utilize the panel structure of our data, using the lagged value of algorith-
mic trading volume (TURN by ALGO) as an instrument. This approach is similar to 
that of Brogaard et al. (2014), who use lagged high-frequency trading as an instru-
ment in their analysis of price efficiency. Our choice is based on the rationale that 
past trading activity by algorithmic traders is likely correlated with current trading 
activity but less likely to be directly correlated with the current spread, apart from 
its effect through algorithmic trading.

The first-stage regression results, presented in Table 8, Panel B, strongly support 
the relevance of our instrument. The coefficient on lagged algorithmic trading vol-
ume (lag_TURN_ALGO) is highly significant (0.1974, t-statistic = −196.33), indi-
cating that our instrument is strongly correlated with current algorithmic trading 
activity. The F-statistic of 10,180 (p < 0.001) far exceeds the conventional thresh-
old for weak instruments, providing strong support for our instrument’s validity. 
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Furthermore, the control variables in the first stage show expected relationships, 
with volatility (VLT) positively associated with algorithmic trading activity (0.0112, 
t-statistic = 126.11) and market capitalization (log(MCAP)) showing a small nega-
tive association (−0.0000246, t-statistic = −17.18).

The second-stage results, presented in Table  8, Panel A, compare our baseline 
OLS estimates with the IV regression estimates. The Hausman test comparing these 
models yields a p-value of 0.11, which is above the conventional threshold for sta-
tistical significance (typically < 0.05). This result suggests that endogeneity is not a 
significant concern in our data. However, we observe some interesting differences in 
the magnitude of coefficients between the OLS and IV specifications.

Table 8   Instrumental variables 
analysis of algorithmic trading 
effects. This table presents 
instrumental variable (IV) 
estimates of trader types’ impact 
on relative time-weighted 
average spreads (RTWAS). See 
Sect. 5. Panel A compares OLS 
and IV estimates, using lagged 
algorithmic trading volume 
as an instrument for current 
algorithmic trading. Panel B 
presents first-stage regression 
results. The dependent variable 
is RTWAS in all specifications. 
Independent variables include 
trader type indicators (ALGO, 
INST, PROF), daily turnover 
(TURN), volatility (VLT), and 
controls for price and market 
capitalization (in logs)

Note: Results from two-way (stock and time) fixed effects panel 
regressions with standard errors clustered at both stock and date 
levels.T-statistics are in parentheses. The t-statistics are based on 
standard errors that have been adjusted for heteroskedasticity, serial 
correlation, and cross-sectional dependence using the two-way clus-
tering method, as recommended by Pedersen (2009). ***, **, and * 
denote the level of significance at 1%, 5%, and 10% respectively

Panel A
RTWAS

Variable OLS IV REG
(Intercept) 7.20 (711.78)*** 7.17 (682.19)***
TYPEALGO −0.02 (−13.87)*** −0.03 (−14.84)***
TYPEINST −0.02 (−9.37)*** −0.03 (−14.74)***
TYPEPROF 0.03 (15.59)*** 0.05 (29.89)***
TURN −93.79 (−181.20)*** −191.10 (−125.27)***
VLT 5.30 (165.98)*** 6.61 (172.52)***
log(CLOSE) −0.09 (−117.78)*** −0.09 (−114.89)***
log(MCAP) −0.41 (−834.40)*** −0.41 (−800.05)***
Adj. R-sq 0.71 0.68
N 458,813 458,813
Panel B

RTWAS
Variable Coefficients t-statistics
lag_TURN_ALGO 0.1974*** −196.33
TYPEALGO −0.0000352*** (−7.31)
TYPEINST −0.0001068*** (−22.21)
TYPEPROF 0.0002787*** −58.26
VLT 0.0112*** −126.11
log(CLOSE) 0.0000069** −3.17
log(MCAP) −0.0000246*** (−17.18)
Constant 0.0004379*** −14.76
Adj. R-sq 0.1395
N 439,730
F-statistics 10,180 (p < 0.001)
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Most notably, the coefficient on TURN (turnover) is substantially larger in mag-
nitude in the IV specification (−191.10, t-statistic = −125.27) compared to the OLS 
estimate (−93.79, t-statistic = −181.20). This suggests that the OLS estimates may 
actually understate the impact of trading activity on spreads. The coefficients on our 
trader type indicators (TYPEALGO, TYPEINST, and TYPEPROF) maintain their 
signs and statistical significance across both specifications, though with slightly 
larger magnitudes in the IV estimation. This provides robust evidence that our main 
conclusions about the differential impact of trader types on market quality are not 
driven by endogeneity concerns.

The consistency of our results across both the baseline two-way fixed effects 
models (presented in earlier sections) and this IV specification provides strong sup-
port for our main findings. The significant negative association between algorithmic 
trading and spreads persists across all specifications, indicating a robust relationship 
between algorithmic trading activity and improved market liquidity. These results 
align with the broader literature on algorithmic trading and market quality (e.g., 
Hendershott et al. 2011; Brogaard et al. 2014).

Given that our baseline analysis already incorporates two-way fixed effects and 
clustered standard errors, and considering the results of our IV analysis, we can be 
confident that our findings are robust to both time-invariant unobserved heterogene-
ity and potential endogeneity concerns. The similarity in results across specifica-
tions, combined with the strong performance of our instrument in the first stage, 
provides compelling evidence for the causal interpretation of our findings regarding 
the impact of algorithmic trading on market quality.

6 � Conclusion

This study provides a comprehensive analysis of algorithmic traders’ role within 
the broader market ecosystem, offering novel insights into their impact on market 
quality and trading dynamics. By leveraging a unique dataset from NASDAQ OMX 
Nordic and employing a nuanced classification of market participants, combined 
with robust econometric methods including two-way fixed effects and instrumental 
variables estimation, we contribute to the ongoing debate surrounding the effects of 
algorithmic trading on financial markets.

Our findings, supported by multiple empirical specifications, reveal that algorith-
mic traders significantly enhance market liquidity by reducing bid-ask spreads, with 
effects that persist even after controlling for potential endogeneity and unobserved 
heterogeneity. Specifically, algorithmic traders reduce spreads by approximately 
0.28 basis points compared to retail traders, with institutional traders showing 
similar benefits (0.43 basis points reduction). Contrary to some concerns, algorith-
mic traders do not adversely affect market quality during periods of high volatil-
ity. Instead, professional non-algorithmic traders are associated with wider spreads 
(0.69 basis points increase), particularly during volatile conditions, emerging as the 
primary source of potential market quality deterioration.
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We uncover a surprising role of retail traders as significant liquidity providers, 
while algorithmic traders exhibit more selective liquidity provision patterns. Our 
analysis of order cancellation rates reveals that algorithmic traders maintain sig-
nificantly higher cancellation rates compared to other market participants (12 per-
centage points higher than retail traders), consistent with their use of dynamic order 
placement strategies. These findings remain robust to various empirical specifica-
tions, including our instrumental variables analysis using lagged algorithmic trading 
activity.

These results have important implications for market design, regulation, and our 
understanding of modern market microstructure. Policies encouraging algorithmic 
trading participation could enhance overall market efficiency and liquidity, though 
regulators should consider the implications of increased order cancellations. The 
significant role of retail traders in liquidity provision warrants further investiga-
tion and may have implications for market structure and retail investor protection 
policies.

The differential impact of professional traders’ activities on market quality dur-
ing volatile periods suggests a need for more nuanced regulatory approaches that 
consider the varying behaviors of different market participant types under differ-
ent market conditions. Our empirical findings, supported by both fixed effects and 
instrumental variables analyses, provide strong evidence that these differences are 
not merely correlational but likely reflect causal relationships.

While our study provides valuable insights, it also opens up several avenues for 
future research. Further investigation into the long-term effects of algorithmic trad-
ing on market stability and efficiency is warranted, particularly as markets continue 
to evolve technologically. Additionally, exploring the interaction between algorith-
mic traders and other market participants in different market structures and asset 
classes could yield valuable insights. Future studies might also benefit from apply-
ing our methodological framework to more recent data, particularly given the con-
tinued evolution of algorithmic trading strategies and market structures.

In conclusion, our study contributes to the growing body of literature on algorith-
mic trading and market microstructure by providing a more nuanced and methodo-
logically robust understanding of the role of different market participants in shaping 
market quality. Our findings, supported by careful econometric analysis addressing 
both unobserved heterogeneity and potential endogeneity, offer valuable insights 
for market designers and regulators. As financial markets continue to evolve, such 
empirically grounded insights will be crucial for ensuring efficient, fair, and stable 
markets that serve the needs of all participants.
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