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Abstract 

This paper studies how high-frequency trading (HFT) affects the Swedish stock market quality 

based on volatility and liquidity measures. Previous studies show ambiguous results where a 

few propose that HFT deteriorates market quality by increasing volatility and decreasing 

liquidity while some studies point in the opposite direction. 

By setting up a simultaneous equations system with instrumental variables and estimating the 

parameters with Generalized Methods of Moments (GMM), this paper finds that in the majority 

of the investigated stocks high-frequency trading activity reduces bid ask spreads and therefore 

increases liquidity, i.e. enhancing market quality. Additionally, the results also show that the 

volatility decreases through high-frequency trading activity. Hence, both measures are 

indicating that the market quality is positively affected by high-frequency trading.  

However, interesting is the analysis and discussion on whether high-frequency trading 

strategies such as spoofing and layering potentially can contribute to false liquidity. This would 

mean that the market quality is impaired due to HFT. This paper also examines the reversed 

relationship, how the liquidity and volatility affect HFT activity and conclude that HFT is not 

affected by how liquid or volatile the market is. 

  



  
 

 

 

Sammanfattning 

Den här uppsatsen undersöker högfrekvenshandelns (HFT) påverkan på den svenska 

aktiemarknadens kvalité utifrån likviditets- och volatilitetsmått. De tidigare 

forskningsresultaten pekar i olika riktningar där några indikerar att HFT försämrar 

marknadskvaliteten genom ökad volatilitet och minskad likviditet. Å andra sidan tyder vissa 

studieresultat på det motsatta, att kvaliteten förbättras. 

Genom att sätta upp ett simultant ekvationssystem med inkludering av instrumentvariabler och 

estimera parametrarna med hjälp av Generalized Methods of Moments (GMM) så indikerar 

resultaten i uppsatsen att i majoriteten av de undersöka aktierna så reduceras köp- och 

säljspreadarna av närvaron av högfrekvenshandel, vilket innebär förbättrad marknadskvalitet. 

Vidare visar resultaten även att volatiliteten minskar genom högfrekvenshandel, vilket även det 

indikerar förbättrad markandskvalitet. 

Alla resultat tyder på att markandskvaliteten påverkas positivt av högfrekvenshandel. Dock är 

analysen och diskussionen om att olika HFT-strategier som spoofing och layering kan bidra till 

falsk likviditet mycket intressant. Detta skulle innebära att marknadskvaliteten i själva verket 

försämras genom närvaron av högrekvenshandel. Vidare undersöks även hur likviditeten och 

volatiliteten påverkar närvaron av högfrekvenshandeln, resultaten tyder på att HFT inte 

påverkas av hur likvid eller volatil marknaden är.  
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1 Introduction 
 

High-frequency trading (HFT), automated trading with the use of algorithms, constitutes a 

major part of total trade on the stock markets today and has been a growing phenomenon during 

the last decade. There are split opinions on how this type of trading affects the market quality. 

One side finds HFT to have a bad influence on the market while the other side thinks the 

opposite, that it increases market efficiency and thus enhances market quality. Throughout this 

thesis market efficiency is based on the liquidity and volatility of a market, not to be confused 

with the efficient market hypotheses. Increased efficiency translates to better market quality.  

An event, partly blamed by high-frequency trading and partly a mutual fund, called the Flash 

Crash occurred on May 6, 2010. On this day prices of many US equity products experienced a 

severe drop followed by a rapid recovery. During that afternoon major equity indices, all of 

them down over 4% from closing price the day before, took an abrupt turn downward with 

another 5-6% in the matter of minutes. More than 300 individual equity securities traded that 

day experienced even more extreme price moves and were traded at prices over 60% away from 

their values just moments before. A part of these trades, mainly ETPs1, were executed at 

extreme prices of just a penny or $100 000 right before the same securities recovered to their 

“normal” levels (SEC 2010). Not surprisingly, a debate has begun on whether HFT improves 

market conditions or if it in fact impairs the conditions.  

In the beginning of 2018 MIFID II was applied in Sweden which, for instance, includes new 

specific rules for corporations engaged with high-frequency trading. Commonly mentioned 

disadvantages with high-frequency trading are the techniques potentially used for market 

manipulation like "front running". The criticism of this mainly concerns suspicions of that high-

frequency traders get to know course driving information before it is disclosed which means 

that they can place orders before others. This has been denied and explained by faster 

connection and technological advantage (Regeringen, 2018). Consequently, the subject is 

highly relevant. By analyzing a large set of message traffic data on a representative sample of 

the Swedish stock exchange, we examine the factors affecting market quality on the Swedish 

stock market. 

Market efficiency is often measured through volatility and liquidity measures. A more volatile 

stock market implies that the efficiency of the market is reduced. Madan, Schoutens & Wang 

                                                           
1 Collection name for tradeable derivatives. 
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(2017) said that the efficiency in equity is partly determined by the size of up- and down moves 

in the price. The interpretation of this is, larger moves (i.e. more volatility) implies a reduction 

in the market efficiency. The speed that HFT uses can be assumed to enhance excessive price 

movements, deteriorating market efficiency and creating unstable and unfair market conditions. 

In fact, Kirilenko, Kyle, Samadi, & Tuzun (2010) presented a study which constituted that HFT 

did not cause but had a substantial and contributing part in the Flash Crash because of the 

increased volatility. In another study examining the impact of HFT on the Italian stock market, 

Frino et al. (2017), presented results indicating that HFT contributes to increased and excess 

volatility intraday, which would imply a less efficient market. 

On the other hand, Hagströmer & Nordén (2013) presented a study, examining the impact of 

HFT on volatility on the Swedish stock market. The authors concluded that HFT mitigates 

intraday volatility on NASDAQ-OMX. In line with these findings Hendershott, Brogaard and 

Riordan (2014) presented results concluding that HFT does not increase the volatility of NYSE. 

This highlights the existence of two opposite sides in the discussion about the impact of HFT 

on volatility and motivates further research to determine the effect. 

Another proxy that is commonly used to examine the efficiency of a market is liquidity. Rösch, 

Subrahmanyam and Van Dijk (2017) constitutes that more liquidity results in greater market 

efficiency because more liquidity generates greater possibilities for buyers and sellers to find a 

matching price. The question is how HFT affects the liquidity of a market? 

The use of high-frequency trading reduces adverse selections and narrows spreads. This 

indicates that HFT improves the liquidity in the stock market (Hendershott, Jones & Menkveld, 

2011). Based on the study HFT seems to provide liquidity and therefore improve market quality.  

On the opposite, Hruška (2016) concluded that HFT does not seem to have any significant 

impact on changes in the liquidity supply, and in some cases HFT withdrew liquidity from the 

market. This would indicate that HFT has a negative impact on the market quality measured by 

liquidity. 

Based on these studies there is an ambiguity regarding the impact of HFT on both the liquidity 

and the volatility of a market. Additionally, there are only two studies examining the effects on 

the Swedish stock market. The study by Hagströmer & Nordén investigates the effects on 

volatility while the results from the other study is based on a survey focused on only liquidity, 

this justifies a complete quantitative research of both measures to determine the impact on the 

Swedish stock market. 
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The main purpose of this thesis is to clarify the effect of high-frequency trading on the quality 

of the Swedish stock exchange based on volatility and liquidity measures. This will be of great 

importance for both private actors as well as financial institutes who are involved with trading 

on the Swedish stock market. Since there is an ongoing intensive debate on whether additional 

regulations are needed to control the market a partial purpose is to discuss potential policy 

implications.  Specifically, we seek to answer the following questions: 

• How does high-frequency trading affect the volatility on the Swedish stock market? 

• How does high-frequency trading affect the liquidity on the Swedish stock market? 

The study is based on message traffic data collected from a finance database called FinBas2. 

The message traffic data contains added orders, deleted orders, executed orders and changed 

orders, timestamped in nanoseconds. To analyze and give answer to our research questions we 

study all Large-Cap stocks on OMXS30. We fetch data from five, randomly chosen, different 

time periods and days and use the average of the periods with least HFT activity as a "normal" 

day. The day that contains most HFT activity becomes the comparison day, this method is based 

on the same method used by Frino et al (2017). Further following this method, a 45-minute time 

period is sampled for each day and compared using econometrical methods to clarify how HFT 

affects the variables we aim to analyze, liquidity and volatility. 

 

 

 

 

 

 

 

 

 

 

                                                           
2 FinBas, is a commercial database by The Swedish House of Finance.    

https://data.houseoffinance.se/finbas/finbasInfo 
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2 Theory 
 

The basic foundation of much literature, related to market efficiency, risk management and 

asset allocation is the stock price volatility (Zhang, 2010). Higher stock- or market volatility is 

potentially undesirable for both firms and investors (Bushe & Noe, 2000) suggesting that higher 

volatility results in decreased market efficiency. In addition, investors whom are risk-averse 

generally require a compensation in form of a risk premium to hold high-volatility stocks 

(Zhang, 2010). A firm which has a high stock price volatility can be perceived as risky resulting 

in higher cost of capital for the firm (Froot, Perold & Stein, 1992). This is indicating that more 

volatility in a stock or market is decreasing the overall market efficiency.  

Another concept commonly associated with market efficiency is high liquidity (Nordén & 

Hossein, 2007). Further, a liquid market is a market where buyers and sellers can trade quickly 

into and out of positions without having large effects on price (O'Hara, 2004). O’Hara continues 

explaining that an asset is liquid if there are a large number of traders and that liquidity enhances 

market quality. Pastor and Stambaugh (2003) argue that investors demand higher returns to 

hold illiquid assets, implying that illiquidity is risky and needs higher compensation. This 

indicates that (as with higher volatility), lower liquidity results in higher cost of capital for the 

firm which leads to decreasing market efficiency. 

2.1 Volatility measures  

 

Volatility is a measure of risk based on the standard deviation of the return of an asset 

(NASDAQ, 2018). Higher volatility means that the return of an asset can be distributed over a 

larger range of potential values. The result is that the price of an asset can fluctuate more heavily 

in either direction (NASDAQ, 2018). Andersen, Bollerslev & Diebold (2002) defines volatility 

as the measurement of return increment opposed to expected price movements over the 

conditional mean return.  

Stylized facts of volatility: 

• Fat tails. Time series of stock returns, presents fatter tails than series with normal 

distribution. Meaning that they exhibit more kurtosis.  

• Volatility clustering. Periods of high volatility are normally followed by more periods 

of high volatility. This indicates the fact that shocks persist and that correlations may 

exist at extended lag-lengths.  

• Leverage effects. Volatility is negatively correlated with price movements. 
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• Long memory. Volatility is highly persistent (especially in high-frequency data), in 

conditional variance process there is evidence of near unit root behavior.  

• Co-movements in volatility. Big movements in for example one currency is generally 

being matched by big movements in another. Meaning that volatility spreads.  

(Knight & Satchell, 2007) 

 

2.2 Liquidity measures 

 

According to Sarr & Lybek (2002) there are several different ways to measure the liquidity in 

a financial market and they can be classified into four categories: 

• Volume based measures which primarily includes breadth and depth measures to 

distinguish markets by volume of transactions compared to price variability. Markets 

that are deep generates breadth since large orders can be divided into smaller orders to 

minimize price impacts. 

• Equilibrium price-based measures that mainly measures resiliency and try to capture 

movements towards equilibrium.  

• Market impact measures that try to differentiate between price movements due to other 

liquidity factors such as market conditions or arrival of new information to measure 

resiliency and speed of price discovery simultaneously.  

• Transaction cost measures (execution costs) that captures trading costs of financial 

assets and frictions in secondary markets. These transaction costs can be separated into 

explicit transaction costs and implicit transaction costs. A measure that captures almost 

all of these costs are bid-ask spreads and are the most commonly used measure of 

transaction (execution) costs. Further, the authors’ opinion is that high transaction costs 

reduce demand for trades which in turn reduces the number of participants in a market. 

Vice versa, lower transaction costs result in narrower spreads and more transactions 

which is associated with more liquid markets. The bid-ask spread is calculated using the 

highest bid and lowest ask prices in the market during a reference period. Nevertheless, 

consideration should also be given to if there are several bid and ask prices available 

from different dealers. In that case extreme outliers should be ignored 

(Sarr & Lybek, 2002).  
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2.3 High-frequency trading 

High-frequency trading (HFT) is according to Chung and Lee (2016), a trading platform which 

uses powerful computers to send a huge amount of transactions messages at extremely fast 

speeds. HFT depends on the use of computer algorithms to analyze market conditions and 

execute orders. A large majority of the firms engaged in securities trading are using HFT. That 

includes proprietary trading firms, hedge funds, banks and multi-service broker-dealers (Chung 

and Lee, 2016). 

The European Parliament and the Council of the European Union (2014) is defining HFT as a 

trading system that analyses data or signals from the market at high speed and then sends or 

updates large numbers of orders within a very short time period in response to that analysis. 

High-frequency trading is characterized by high order-to-trade ratio, high message intra-day 

rates which is constituted by orders, cancellations or quotes. Order initiation, generating, 

routing and execution are determined by a system without any human intervention or action. 

(The European Parliament and the Council of the European Union, 2014). 

The U.S Securities and Exchange Commission (2014) presented a list of five characteristics 

that often are attributed to HFT, the list follows: 

1. Use of extraordinarily high speed and sophisticated programs for generating, routing, 

and executing orders. 

2. Use of co-location and individual data feeds offered by exchanges and others to 

minimize network and other latencies. 

3. Very short time-frames for establishing and liquidating positions. 

4. Submission of numerous orders that are cancelled shortly after submission.  

5. Ending the trading day in as close to a flat position as possible (that is, not carrying 

significant, unhedged positions overnight).  

(U.S Securities and Exchange Commissions (SEC), 2014). 

2.4 Different HFT strategies 

There are four common types of short-term trading strategies - arbitrage, structural, passive 

market making and discretional (U.S Securities and Exchange Commissions, 2014). The 

interpretation of this is that not all HFT-traders behave in the same way. Depending on the 

trader’s strategy the patterns they induce in market data and the impact they have on market 
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quality could depend on their specific objectives. Except these four traditional HFT strategies 

there are two additional strategies called spoofing and layering, which are explained below. 

Arbitrage – An arbitrage strategy is used to detect and make a profit of price discrepancies. The 

trader who detects and can exploit the price discrepancy the fastest makes the most, or all, of 

the profit. (Chung and Lee, 2016). 

Structural – Attempts to take advantage of structural vulnerabilities in the market or in certain 

market participants. Traders may access lower latency markets and make a profit by trading 

with market participants on a trading venue with stale prices (U.S Securities and Exchange 

Commissions, 2014). 

Passive market making - Chung and Lee (2016) describes the strategy as it involves the 

submission of limit orders on both sides of trades (buy and sell). The traders earn a profit from 

the bid-ask spread and use their advantage as HFT to update the quotes in an instant. These 

orders are generally not executed directly and therefore rests on an order book, the prices need 

to be updated frequently to reflect the market conditions. The result is improved liquidity in the 

marketplace, since the market maker are constantly setting up bid-ask prices. 

Discretional – When traders act on new information which will affect the price of a security. It 

could be company specific – or macroeconomic news which will have a significant effect on 

the asset prices. Traders could also detect and exploit order flows, if a large buy-side is building 

up a HFT will exploit this and act on it to make a profit (Chung and Lee, 2016). 

Layering - This is considered a market manipulative strategy, meaning that someone puts large 

sell or buy orders a certain financial instrument which affects the price of this instrument. The 

orders are however, never intended to be executed and are annulled as soon they risk being met 

by another order (Regeringen, 2018). 

Spoofing - Also considered market manipulative, meaning that a trader puts a large sell order 

with a limit exceeding the actual bid price. An order with a limit means that the order will not 

be executed until a buyer puts an order where the bid price corresponds to the ask price. If the 

bid price would approach the limit, the sell order is annulled. Therefore, there is no intention of 

selling in the first place but only to make it look like there is a large selling interest (Regeringen, 

2018). 
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3 Previous research and hypotheses  

There is yet a small but growing number of studies that examines the impact of high-frequency 

trading on variables as volatility, liquidity and spreads. Hendershott, Jones and Menkveld 

(2011), examined the effects of algorithmic trading on liquidity on the New York Stock 

Exchange (NYSE). The authors used a time-series sample of NYSE stocks over a 5-year period 

(February 2001 through December 2005). To detect the algorithmic trading, they used a proxy 

which was constructed based on the electronic message traffic. Measurements for the liquidity 

were constituted by, effective half-spread, realized spread and price impacts. The authors 

started with the following equation: 𝐿𝑖𝑡 = 𝛼𝑖 + 𝛽𝐴𝑖𝑡 + 𝛿′𝑋𝑖𝑡 + 휀𝑖𝑡 , where 𝐿𝑖𝑡 is the various 

liquidity measures, 𝐴𝑖𝑡 is the algorithmic trading and 𝑋𝑖𝑡 are the variables controlling for market 

conditions. However, the authors argue that 𝐴𝑖𝑡 is an endogenous variable, causing their OLS 

estimation to be biased. They move on to find an instrumental variable that affects AT but is 

uncorrelated to the error term to obtain unbiased estimates. This results in the following and 

final equation that the authors use: 𝐿𝑖𝑡 = 𝛼𝑖 + 𝑦𝑡 + 𝛽𝐴𝑖𝑡 + 𝛿′𝑋𝑖𝑡 + 휀𝑖𝑡. The vector 𝑋𝑖𝑡 consists 

of explanatory variables as, share turnover, volatility, the inverse of share price and log market 

cap. The used instruments consist of all the explanatory variables and an instrumental variable 

for AT. Based on the findings and results in the study the authors found that AT improves the 

liquidity for large-cap stocks. On the other hand, the results indicated that AT did not affect the 

liquidity of small-cap stocks in any significant way.  These findings are interesting but could 

be explained by the fact that most of the stocks included were large-cap stocks, small-cap stocks 

generally by nature is more illiquid. Another caveat is the fact that the authors didn’t examine 

the effect on the volatility.  

Hasbrouck and Saar (2013), tries to fill this gap and examine the effects of low-latency trading 

(i.e. high-frequency trading) on market quality, more specific short-term volatility and liquidity. 

The authors used publicly available NASDAQ order level data (submission, cancellation, or 

execution) to construct a proxy for HFT called “strategic runs”, from this they construct the 

final variable called RunsInProcess. The paper examines the periods October 2007 and July 

2008, they split each day into AM- and PM periods, which they use dummy variables for. The 

authors also start with three different OLS to obtain estimations. However, they encounter and 

discuss the problem with endogeneity arising from simultaneity and conclude that their OLS 

estimations are not unbiased. The authors move on to incorporate instrumental variables and 

argue that the most logical step is to test the market quality measures and low-latency activity 
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in a simultaneous-equations system. The following simultaneous-equations systems are 

estimated:  

𝑀𝑘𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 = 𝑎1𝑅𝑢𝑛𝑠𝐼𝑛𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑡 + 𝑎2𝐸𝑓𝑓𝑆𝑝𝑟𝑒𝑎𝑑𝑁𝑜𝑡𝑁𝐴𝑆𝑖𝑡 + 휀1𝑖𝑡 

𝑅𝑢𝑛𝑠𝐼𝑛𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑡 = 𝑏1𝑀𝑘𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 + 𝑏2𝑅𝑢𝑛𝑠𝑁𝑜𝑡𝐼𝑁𝐷𝑖𝑡 + 휀2𝑖𝑡 

For instruments the authors use 𝑅𝑢𝑛𝑠𝑁𝑜𝑡𝐼𝑁𝐷𝑖𝑡 which are the average of 𝑅𝑢𝑛𝑠𝐼𝑛𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑡 for 

all other stocks. For 𝑀𝑘𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 the authors used 𝐸𝑓𝑓𝑆𝑝𝑟𝑒𝑎𝑑𝑁𝑜𝑡𝑁𝐴𝑆𝑖𝑡 , which is the 

average dollar effective spread on other trading venues. In addition to the first simultaneous-

equations system the authors estimated two more systems, in one which they added dummy 

variables for AM and PM, and in the second they included a variable which captured the return 

on the index NASDAQ 100. The authors conclude that higher HFT activity leads to lower short-

term volatility, effective spreads and greater depth. Based on these results, HFT seems to 

contribute to the market quality in a positive way. A weakness of this study is however the time-

periods. Both periods were characterized by economic uncertainty and more stressful times, 

which according to the authors could have an effect on their results.   

Using multiple first-level regressions to examine the effects of HFT on the market when there 

is a high level of information-asymmetry, Frino et al. (2017), find results consistent with 

previous research. The authors examine time-periods around earnings announcements from 

companies on Borsa Italiana3. Using message traffic data, they construct HFT proxies by 

comparing actual values (15 minutes prior and 30 minutes after an earnings announcement) 

with benchmark values (16-30 minutes prior). The fundamental model used by the authors is 

the following: 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑗𝑑𝑖 = 𝛼 + 𝛽1𝐷𝑗𝑑𝑖
𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠

+ 𝛽2𝐷𝑗𝑑𝑖
𝑝𝑜𝑠𝑡−𝐴𝑇 + 𝛽3𝐷𝑗𝑑𝑖

𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠
𝐷𝑗𝑑𝑖

𝑝𝑜𝑠𝑡−𝐴𝑇 +

𝛿𝑖𝐹𝐸𝑖 + 휀𝑗𝑑𝑖 

𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑗𝑑𝑖, is the liquidity measurement, 𝐷𝑗𝑑𝑖
𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠

 is a dummy variable controlling for the 

intervals in periods after earning announcements, 𝐷𝑗𝑑𝑖
𝑝𝑜𝑠𝑡−𝐴𝑇

 is a dummy controlling for periods 

in a post AT environment, 𝛽3 captures the variation in liquidity in a post AT environment 

following an earnings announcement and 𝐹𝐸𝑖 is a fixed effect variable for each company. The 

                                                           
2Borsa Italiana is the Italian Stock Exchange. 
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study supports the hypothesis that HFT and their increased activity in the market are associated 

with improvements in market- liquidity and volatility.  

Supporting this hypothesis Jarnecic & Snape (2014) found similar results when they examined 

the effects of HFT on the London Stock Exchange. The authors had a slightly different 

approach, since they had access to non-public data which enabled them to identify high-

frequency traders directly. To account for the independence of the liquidity measures and the 

HFT variable the authors adopted a system of simultaneous equations: 

 𝐻𝐹𝑇𝑖,𝑗 = 𝑎1 +  𝑎2𝐿𝑖𝑞𝑖,𝑗 + 𝑎3𝐼𝑗 + 𝑎4𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑗 + 𝑎5𝑆𝑖𝑧𝑒𝑖,𝑗 + 휀1 

𝐿𝑖𝑞𝑖,𝑗 = 𝛽1 +  𝛽2𝐻𝐹𝑇𝑖,𝑗 + 𝛽3𝐼𝑗 + 𝛽4𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑗 + 𝛽5𝑆𝑖𝑧𝑒𝑖,𝑗 + 𝛽6𝐼𝑛𝑣𝑃𝑟𝑖𝑐𝑒𝑖,𝑗 + 휀2  

Through their conducted system of simultaneous equations using data from a five-minute 

interval, Jarnecic & Snape (2014) concluded that HFT improved the liquidity of the London 

Stock Exchange.  

The results and the hypotheses presented in these studies indicate that HFT has a positive impact 

on the market quality, measured by liquidity and volatility and are unanimous for different 

geographical regions around the world.  

In line with these results, a study performed on the Swedish Stock Exchange by Hagströmer & 

Nordén (2012) showed that high-frequency trading mitigates the intraday volatility of 

OMXS30. The authors used a similar approach as previous studies, they constructed proxy 

variables for HFT and used first-level regression models to examine and analyze the effects of 

HFT on volatility. This indicates that the hypothesis regarding the positive effects of HFT on 

market quality seems to be applicable to the Swedish Stock Exchange as well, although the 

authors didn’t focus the analysis on liquidity.

Finansinspektionen (2012) presented a rapport where they examined the effects of HFT on the 

Swedish Stock Exchange. The department used a qualitative approach and used surveys which 

they sent to ten Swedish banks and investment firms and fourteen large institutional investors. 

The results showed that the participants perceived that the liquidity had deteriorated, at the same 

time there wasn’t a unanimous answer whether the volatility had increased or decreased. This 

indicates that the liquidity has decreased as an effect of HFT, which is contradictory to previous 

mentioned research. The caveat of this rapport is the relative substantial amount of time which 



   
 

11 
 

has elapsed since the performed study. Another weakness is the use of surveys, the perceived 

deteriorated liquidity could originate from other factors than HFT and the conclusion is just 

based simply on the perception of a few actors. Nevertheless, this indicates that HFT has indeed 

an impact on the Swedish stock exchange.  

Chaboud et al. (2011) studied the impact of high-frequency trading on volatility and price 

discovery (i.e. liquidity) in the foreign exchange market. The authors had access to algorithmic 

data which displayed orders made by algorithms directly. The data sample ranged from 2006-

2007. The authors used a mixture of different first-level (OLS) regression models with the 

inclusion of instrumental variables, equations systems, OLS models without instrumental 

variables and structural VAR models, to investigate the effects of HFT. In the presented results 

the authors found evidence that it does not exist any causal relationship between high-frequency 

trading and increased exchange rate volatility. The authors argue that HFT, if anything, is 

associated with lower volatility. In addition to this the authors’ results indicate that algorithmic 

traders increase their liquidity provision over the hour following macroeconomic data releases.   

Scholtus, van Dijk & Frijns (2012) concluded that speed is of great importance for high-

frequency trading strategies based on macroeconomic news announcements. They find that a 

latency of 300 ms or more, significantly reduces returns of news-based trading strategies. 

Additionally, they investigate the effect of algorithmic trading on market quality around 

macroeconomic news. In contrast to Chaboud et al. (2009) the authors do not observe whether 

a specific order involves high-frequency traders. Instead, they use several proxies of automated 

trading activity, where one is the number of fleeting orders. The concept of fleeting orders was 

introduced by Hasbrouck and Saar (2009) and is defined as an added order which is deleted 

within a very short period of time. This proxy is considered to be reliable since there is low 

probability that human beings repeatedly can submit and cancel orders within 100 ms. The 

following equation were used by the authors: 𝑀𝑄𝑡𝐵 = 𝛼 + 𝛽𝐴𝐴𝑡𝐴 + 𝑦𝐷𝑁 + 𝛿(𝐷𝑁𝐴𝐴𝑡𝐴) +

𝜗𝐷𝐹 + 𝜇1𝑀𝑄𝑡𝐴𝐼(𝑀𝑄) + 𝜇2𝑀𝑄𝑡−1 + 𝜗𝑇𝐼𝐷 + 𝑣𝑇𝑇𝑇 + 𝜃𝑖𝑅𝑉300𝑡−1𝐼(𝑀𝑄) + 휀 

𝑀𝑄 is a measure for market quality, 𝐴𝐴 is a proxy for algorithmic trading, the dummy variable 

𝐷𝑁 identifies days with macroeconomic news, the variable 𝐷𝐹  is a dummy that captures the 

effects of periods with flash orders, the vector 𝐼𝐷 captures intraday patterns and 𝑇𝑇 the variation 

in 𝑀𝑄 month-by-month. The authors acknowledge the problem with endogeneity in their model 

and argues that 𝐴𝐴 is endogenous. To avoid and solve this problem the authors divide the 

window around the events into two parts, A and B. 
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The authors find that in the minute following a macroeconomic news announcement, 

algorithmic activity increases depth and volume at the best quotes but also increases volatility. 

Consistent with Frino et al. (2017), they conclude that higher algorithmic trading activity 

contributes to higher liquidity on the market.  

Yilmaz et al. (2015) focus on emerging markets when examining effects of technological 

upgrades, such as HFT, on liquidity and trading activity. Like Hendershott (2011), they measure 

liquidity by looking at spreads and volume of trading activity. The authors use panel data and 

adopt the following equation: 𝐿𝑖𝑡 = 𝑎𝑖𝑡 + 𝑦𝑡 + 𝛽𝑇𝑖𝑡 + 𝛿𝑋𝑖𝑡 + 휀𝑖𝑡. The vector 𝑋 consists of 

control variables including daily volatility, volume and price change of a stock. While using 

data from 10 different exchanges, the results generated confirms previous studies' findings and 

constitutes that market efficiency improves as a result of narrower spreads and higher trading 

activity. This indicates that HFT has a positive impact on liquidity and overall market quality, 

hence it confirms earlier studies within the same area. 

Some of these previous studies points in the same direction while a few do the opposite. Frino 

et al. (2017) finds results on the Italian stock exchange which are consistent with the 

conclusions Hendershott, Jones & Menkveld (2011) draws. Also, Jarnecic & Snape (2014) 

agree with these findings and conclude that HFT improves liquidity. 

Hruška (2016) presented some ambiguous results, indicating that different types of HFT 

strategies can either increase or decrease the liquidity. The results points in different directions 

and hence some of the results imply that the presence of HFT is reducing the liquidity. He used 

panel regression estimation models on data ranging from April 15, 2015 to October 19, 2015. 

The data consisted of the twenty-six most traded stocks on the Frankfurt stock exchange. The 

following model was used: 𝑦𝑖𝑡 = 𝑎𝑖 + 𝛽1ℎ𝑓𝑡𝑖𝑡 + 𝛽2𝜎𝑖𝑡 + 𝛽3𝑑𝑟𝑖𝑡 + 𝛽4𝑅𝑉𝑚𝑡 + 𝛽5𝑡𝑢𝑟𝑛𝑖𝑡 +

𝛽6𝑎𝑓𝑖𝑡 + 휀𝑖𝑡. 𝛽4𝑅𝑉𝑚𝑡 is the market volatility, 𝛽2𝜎𝑖𝑡 the stock volatility, 𝛽3𝑑𝑟𝑖𝑡 the difference of 

logarithmic returns, 𝛽5𝑡𝑢𝑟𝑛𝑖𝑡 turnover and 𝛽6𝑎𝑓𝑖𝑡 is a dummy variable controlling for inactivity 

i.e. when no market orders were submitted.  

One can conclude that there is no doubt if HFT has an impact on liquidity, but it is not certain 

what kind of effect. Similarly, the impact of volatility is according to previous literature 

existing, but it is still not clear in what way HFT impacts volatility. The fact that these market 

quality measures are affected by high-frequency trading is therefore obvious. Another thing the 

previous research indicates is the fact that the usage of a simple OLS is not sufficient. A 
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majority of the authors argue that it exists a problem with endogeneity and therefore that the 

usage of instrumental variables is motivated. The most common way of handling the inclusion 

of instrumental variables seems to be to adopt a system of simultaneous equations. In 

conclusion and as a result of the previous findings and hypotheses this paper aims to clarify 

exactly how the volatility and liquidity on the Swedish stock exchange are impacted by HFT. 

Table 1: Previous studies and methods in various countries. 

Authors Purpose  Sample Country Method Results  

Hendershott, Jones Effects of AT 2011-2005 USA 2SLS & GMM Liquidity +  

& Menkveld (2011) on liquidity        for large cap 
 

     
Hasbrouck & Saar Effects of HFT on 2007 & 2008 USA 2SLS Liquidity+ 

2013 
volatility & 

liquidity 
    

Simult. Eq.system 
   Volatility- 

 
     

Frino et al. Effects of HFT on 2009-2012 Italy First-level Liquidity+ 

2017 market quality     regressions   
 

     
Jarnecic & Snape Effects of HFT 2009 England Simultaneous Liquidity+ 

2014 on liquidity     equations systems   
 

     
Hagströmer & Effects of HFT       2001 & 2012 Sweden First-level Volatility- 

Nordén (2012) on volatility     (event studies)   
 

     
Finansinspektionen Effects of HFT  2012 Sweden Surveys     Liquidity- 

2012 on market      
  

   Volatility 

+/- 
 

     
Scholtus, van Dijk   Effects of HFT       2009-2011 USA OLS Liquidity+ 

& Frijns (2012) on market quality       Volatility+ 
 

     
Yılmaz et al. Effects of HFT on 2005 10 emerging Panel Liquidity+ 

2015 emerging markets   markets    
 

     
Hruška (2016) Effects of HFT on 2015 Germany  OLS   Liquidity+/- 

  liquidity     (panel data)   

      
 Chaboud et al. Effects of HFT on 2011  - Vast range Liquidity+ 

2011 FX markets          Volatility- 

+ means that the liquidity and/or volatility increases. − means that the liquidity and/or volatility decreases. 
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In the presented table 1 above, the majority of the previous research indicates that HFT has a 

positive effect on the liquidity and hence improves market quality. The main hypothesis 

regarding the effect of HFT on liquidity can therefore be stated that HFT has a positive effect 

on liquidity. The results regrading volatility are more unclear, there are three studies indicating 

that HFT reduces the volatility and one study which is implying that HFT is increasing the 

volatility. However, there are more studies indicating that HFT is decreasing the volatility. In 

order to draw any conclusions and summarize a main hypothesis based on previous research, 

this paper adopts the hypothesis that HFT is decreasing the volatility and hence improving 

market quality. 
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4 Data, sample & descriptive statistics 

The data is retrieved from the database FinBas where reconstructed order books are collected, 

a total of 120 reconstructed order books were collected for this thesis. The sample consists of 

five 45-minute periods on different trading days during 2016 for each stock in the OMXS30 

index. The data contains intraday trade and quote information timestamped to nanoseconds 

(added, deleted, changed and executed orders) with prices and volume for each order. The total 

number of observations which were handled for each reconstructed order book in the raw data 

ranged from five thousand to one hundred fifty thousand (N=5000 to 150,000). The final data-

set is reduced to forty-five observations N=45 for each stock and variable.  

In this study the order submissions are used to identify and calculate HFT activity consistent 

with the method applied by Frino et al. (2017). An HFT order is identified by an added order 

message and a cancelled or modified order message with the same order number. If these orders 

take place within 100 ms it is defined as one HFT order. Volume is the amount of stocks traded 

and the volatility is the standard deviation of each order price change. The bid-ask spread is 

calculated by taking the last bid order price in the end of each minute minus nearest previous 

ask order price. In table 3 and 4 the average, minimum and maximum values are illustrated for 

each variable and stock. 

The OMXS30 index consists of a total of thirty stocks. But due to some flawed data retrieved 

from FinBas the exclusion of six stocks were motivated. The sample thus consists of a total of 

twenty-four different stocks displayed below in table 2. 

Table 2: Included and excluded stocks. 
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In table 3 and 4 the descriptive statistics of the sample is presented. The table presents the 

average-, minimum-, maximum- and standard deviation value for each variable. The average 

volatility and quoted bid-ask spread (liquidity) are pretty consistent between the stocks, which 

indicates that these variables have similar characteristics. There are more differences in the 

average values between the HFT and volume variables. This is not that surprising since every 

stock is traded differently which obviously affects the total number of HFT trades and the total 

volume traded.  

The average number of HFT and volume traded is increasing with each other which is expected. 

The quoted bid-ask spread (liquidity) is ranging from a minimum value of -10.0 to -0.3 which 

implies that there might be some significant outliers in the sample. To avoid bias resulting from 

these outliers a correction has been made. For example, when identifying an order at 100 SEK 

when the stock is trading at 95 SEK this order is considered an outlier and has been manually 

deleted, which results in a more realistic bid-ask spread. That is, if an order deviates 

substantially from the last executed order price it has been deleted. This is consistent with the 

arguments presented by Sarr & Lybek (2002), regarding the liquidity measure – Transaction 

Costs.  
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Table 3: Descriptive statistics for the variables HFT and Volatility. 

  HFT    Volatility   

         
Stock Average Min Max  STDEV Average Min Max STDEV 

         

ABB 27 0 156 27 0.0029 0.0009 0.0187 0.0017 

Alfa Laval 8 0 108 11 0.0047 0.0005 0.0460 0.0036 

Assa Abloy 18 0 232 27 0.0038 0.0006 0.0315 0.0033 

Astra Zeneca 13 0 106 16 0.0032 0.0004 0.0141 0.0019 

Boliden 16 0 217 20 0.0050 0.0010 0.0545 0.0048 

Electrolux 10 0 166 16 0.0036 0.0004 0.0202 0.0029 

Ericsson 29 0 220 35 0.0049 0.0009 0.0229 0.0037 

Getinge 10 0 106 18 0.0055 0.0004 0.0545 0.0062 

Handelsbanken 10 0 64 11 0.0049 0.0008 0.0386 0.0046 

H&M 13 0 72 12 0.0037 0.0005 0.0345 0.0034 

Investor B 14 0 95 14 0.0033 0.0003 0.0159 0.0023 

Kinnevik 6 0 72 8 0.0035 0.0007 0.0184 0.0026 

Nordea 84 0 398 62 0.0048 0.0011 0.4097 0.0272 

Sandvik 15 0 66 13 0.0053 0.0007 0.0758 0.0065 

SCA 25 0 174 30 0.0032 0.0006 0.0096 0.0015 

SEB 20 0 80 16 0.0048 0.0011 0.0247 0.0036 

Skanska 7 0 72 9 0.0037 0.0006 0.0154 0.0025 

SKF 42 0 289 49 0.0043 0.0004 0.0557 0.0048 

SSAB 41 0 287 50 0.0065 0.0014 0.1180 0.0083 

Swedbank 15 0 135 22 0.0039 0.0006 0.0229 0.0029 

Swedish Match 10 0 140 17 0.0044 0.0006 0.0487 0.0044 

Tele 2 6 0 43 8 0.0055 0.0007 0.0600 0.0049 

Telia 61 0 673 79 0.0032 0.0006 0.0410 0.0041 

Volvo 48 0 447 50 0.0038 0.0006 0.0459 0.0037 

 

Source: Own calculations/Thomson Reuters 
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Table 4: Descriptive statistics for the variables Volume and Bid/Ask. 

  Volume  

 

Bid/Ask   

         

Stock Average Min Max STDEV Average Min Max STDEV 

         

ABB 886 293 5770 577 -0.31 -0.80 -0.10 0.16 

Alfa Laval 240 96 3007 199 -0.43 -1.75 -0.10 0.18 

Assa Abloy 311 166 3789 304 -0.43 -2.96 -0.10 0.32 

Astra Zeneca 138 51 636 122 -1.38 -6.50 -0.34 0.90 

Boliden 292 153 641 96 -0.58 -3.70 -0.12 0.33 

Electrolux 165 74 2085 143 -0.56 -2.30 -0.13 0.30 

Ericsson 683 0 1779 259 -0.33 -1.17 -0.05 0.28 

Getinge 220 42 2774 325 -0.70 -8.50 -0.08 0.90 

Handelsbanken 414 180 840 83 -0.42 -3.31 -0.00 0.39 

H&M 174 115 427 39 -0.63 -2.90 -0.13 0.27 

Investor B 175 86 689 46 -0.67 -2.09 -0.15 0.38 

Kinnevik 142 58 284 34 -0.59 -3.17 -0.13 0.33 

Nordea 1101 533 4317 614 -0.25 -0.79 -0.00 0.12 

Sandvik 589 336 4513 396 -0.27 -2.81 -0.08 0.21 

SCA 197 43 445 51 -0.62 -3.05 -0.00 0.42 

SEB 606 390 1080 110 -0.21 -1.81 -0.05 0.15 

Skanska 228 115 502 56 -0.48 -2.73 -0.11 0.15 

SKF 399 194 7315 538 -0.52 -4.08 -0.12 0.40 

SSAB 842 302 1990 348 -0.27 -1.18 -0.05 0.12 

Swedbank 323 196 584 54 -0.48 -3.88 -0.10 0.27 

Swedish Match 173 59 4022 280 -0.87 -10.00 -0.23 0.29 

Tele 2 524 70 1946 215 -0.29 -1.68 -0.05 0.34 

Telia 1291 598 2068 214 -0.09 -0.31 -0.02 0.07 

Volvo 650 406 1165 117 -0.23 -2.47 -0.05 0.21 

Source: Own calculations/Thomson Reuters 

As mentioned earlier, there seems to be a relationship between the volume in a stock and the 

number of high-frequency orders. To investigate this, graph 1 has been constructed to illustrate 

this relationship. As one can see it is a quite clear relationship (with the exception for a few 

outliers) between the number of high-frequency order and the average volume traded in a stock. 

Graph 1 indicates that more volume traded in a stock results in more high-frequency orders. 
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This is consistent with previous research by Frino et. al (2017) who argue that a high-volume 

environment is favorable for HFT. The results are implying that as the number of high-

frequency orders increases with the volume traded, the effect of HFT on the liquidity and 

volatility in a stock should be more significant in stocks that are characterized by higher trade 

volume.  

For the sample used in this paper, one could therefore suspect that the stocks that have higher 

average volume traded compared to the others, should present some significant results of the 

effects of HFT. This relationship also indicates that there might exist a problem with 

multicollinearity between the variables HFT and Volume which would affect the results. 

However, this potential problem is overlooked in this paper. The motivation for this is based 

on previous research where a majority of the previous studies have not discussed 

multicollinearity as a problem and still used HFT and Volume as explanatory variables. See for 

example, Hendershott et. al (2011) and Hasbrouck & Saar (2009).  

Graph 1: Relationship between average HFT – and traded volume in a stock. 

Source: Finbas. 

 

Furthermore, based on the graph above (graph 1) there does not seem to exist any relationship 

between HFT and type of branch which the companies are active in. Which means that the use 

of HFT is not more common in any type of industry. For example, there are large differences 
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Swedbank). As displayed in graph 1 above, Nordea clearly has the highest HFT activity 

compared to all companies and Handelsbanken is among the lowest while Swedbank and SEB 

is somewhere in the middle. 

Another relationship of interest is the one between the average number of HFT orders and the 

market capitalization of the companies. One could suspect that the market capitalization of a 

company would have an effect on the level of HFT orders. However, there is no clear 

relationship between market cap and the amount of HFT order meaning that a large company 

is not necessary associated with high HFT activity. This relationship is illustrated in graph 2 

below where one can note that even though for example Astra Zeneca has a relatively large 

market cap, it has during the investigated days shown low HFT activity.  

To summarize, this study has not found any relationships which can help describe the somewhat 

unknown variable HFT. The graphs presented indicate that the use of HFT is somewhat 

randomized over industries and is not affected by how large the company is. The one thing that 

can to some extent help explain the HFT variable is the average volume traded in a stock, where 

a higher traded volume seems to be connected to the average HFT activity.  

Graph 2: Relationship between average HFT – and market cap. 

Source: Thomson Reuters. 
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Another relationship of interest is the one between the explanatory variables Volume and 

Volatility. One could suspect that it exists a correlation between the two variables. If the volume 

traded in a stock is high the volatility in the same stock could also be high, the two variables 

should to some extent follow each other and hence showcase a high correlation. If this is the 

case, it would bias the results and raise some questions whether the inclusion of both variables 

as explanatory is motivated.  

Presented in table 5 is a correlation matrix between the variables Volume and Volatility for each 

individual stock. As the results indicates there does not seem to be any problems with high 

correlation between the two variables. This strengthens the motivation for including both 

variables as explanatory variables. As the data is intraday data for a 45-minute time interval it 

would be somewhat surprising if the variables would showcase any correlation between them. 

Although there are not any major problems with correlation one cannot rule out the possibility 

that the two variables influence each other, most certainly the volume traded in a stock 

influences the volatility in the same stock and vice versa. However, based on previous research 

the inclusion of both these two variables is motivated.  
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Table 5: Correlation coefficients between the variables Volume and Volatility.   

Correlation Volume and Volatility 

 

Stock Correlation  

ABB  -0.1868 

Alfa Laval  0.13567 

Assa Abloy  -0.0822 

Astra Zeneca  -0.185 

Boliden  -0.0537 

Electrolux  -0.1928 

Ericsson  0.09692 

Getinge  0.50259 

Handelsbanken  0.02208 

HM  0.12665 

Investor  -0.0465 

Kinnevik  0.01591 

Nordea  -0.2455 

Sandvik  0.14536 

SCA  0.21213 

SEB  0.09803 

Skanska  0.00986 

SKF  -0.0284 

SSAB  0.09547 

Swedbank  0.39388 

SwedishMatch  0.39485 

Tele2  -0.0298 

Telia  0.22143 

Volvo  0.49034 

 

Source: Own calculations/Thomson Reuters 
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5 Method  

Bryman & Bell (2015) explain that there are two different methods to conduct a study, 

inductively or deductively. In the inductive approach, theories become the result of empirical 

research while for the deductive method underlying theories are tested. In this paper a deductive 

method is preferred since previous research become hypotheses which are tested with 

econometric models. Furthermore, Bryman & Bell (2015) state that a quantitative rather than a 

qualitative method is appropriate for a deductive study. This paper aims to investigate the 

relationship between different variables which strengthens the relevance of the chosen 

quantitative approach. 

The method and analysis of this paper will be based mainly on the previous framework of Frino 

et al. (2017). The authors determine the change in HFT via several different proxies, the main 

proxy is constructed based on the message traffic. Consistent with Hendershott et. al (2011) this 

paper uses the same definition to identify HFT, the definition of message traffic is the sum of 

trades, new order submissions, modifications, and order cancellations in the order book for a 

specific stock on a given day and time period. The European Parliament and the Council of the 

European Union (2014) stated that in the absence of trading account data, the use of general 

proxies for HFT that can be calculated with publicly available, market-wide data may capture 

a great deal of algorithmic and computer-assisted trading that should not be classified as HFT. 

Examples of such HFT proxies derived from market-wide data include high message rates, 

bursts of order cancellations and modifications, high order-to-trade ratios, small trade sizes, and 

increases in trading speed. All of this motivates the suggested method in this paper.  

5.1 Variables 

The construction of the variables is based on data from a reconstructed orderbook retrieved 

from FinBas. The data is for a single trading day and timestamped in nanoseconds. The 

identification of HFT orders is based on the previous presented definition and on the previous 

study of Hasbrouck & Saar (2009). The authors use fleeting orders as an identification of HFT. 

Fleeting orders are identified by an added order message and a cancelled or modified order 

message with the same order number. If this pair of messages take place within 100 ms, it is 

defined as an HFT order, since a human can’t execute this procedure at that speed (Hasbrouck 

& Saar, 2011). The previous definition of HFT by the SEC (2014), The European Parliament 

and the Council of the European Union (2014) are consistent and motivates the use of fleeting 

orders in this paper.  
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Frino et. al (2017) uses a method where the authors calculate a benchmark value for each 

variable in order to standardize the variables. The benchmark values are measured from 30 to 

16 minutes prior an earnings announcement. The use of an earnings announcement day is 

motivated by the higher trading activity, and reasonably higher HFT (Frino et. al. 2017), which 

simplifies the analysis of the effects of HFT. Consistent with Gajewski (1999) the authors 

measure the values for each variable for a 1-minute interval (extending over the time period, 15 

minutes prior and 30 minutes after an earnings announcement) as the difference between the 

actual value and the benchmark value. In order to standardize the benchmark even more, this 

paper extends the benchmark period to include four different trading days during the same year 

as the fifth examined day. The days are selected based on the absence of any corporate specific 

news that may have an effect on the trading activity of the stock, any consideration regarding 

macroeconomic news or events has not been taken. The five days are the same for all 

investigated stocks, with a few exceptions where corporate specific news motivated the use of 

another day. We identify the day with the most HFT activity and make an average of the four 

other days which become a "normal" benchmark day. To be as consistent as possible the time 

period for the benchmarks are the same as the time period for the day with the most HFT 

activity.  

Model 1: Illustration of how the variables are created.  

 

Source: Self-made. 
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Based on this the variables in this paper are calculated as follows: 

                      𝑆𝑢𝑟𝑝𝑙𝑢𝑠𝑎,𝑖,𝑡 = (𝑅𝑒𝑎𝑙𝑎,𝑖,𝑡 − 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝑎,𝑖)                         (1) 

Where 𝑖 = 1, 2, 3, … . 24 represents each individual stock,  𝑡 = 1, 2, 3, … . . 45, represents each 

minute interval and 𝑎 is representing each variable. Reala,t is the actual value for the variable a 

in minute interval t. Benchmarka is the mean value for variable a calculated from the total of 

the mean values from four different trading days. The total number of observations for each 

individual stock is forty-five, N=45.  

The purpose of this paper is to investigate the effects of HFT on liquidity and volatility. 

Hendershott et. al (2011) presented a proxy for liquidity which is a commonly used proxy in 

several studies. The proxy for liquidity is the bid-ask spread which can be calculated in multiple 

ways. Hendershott et. al (2011) use quoted half-spreads, effective half-spreads, 5-minute and 

30-minute price impact. The effective spread, which the authors argue is more meaningful than 

quoted spreads because floor brokers are willing to trade at prices within the quoted bid and ask 

prices, is the difference between the midpoint of the bid and ask quotes and the actual 

transaction price. 

However, this paper uses the quoted bid-ask spread as the measurement for liquidity due to the 

complexity of the intraday data used in this study. Since Frino et. al (2017) uses quoted bid-ask 

spreads for liquidity and also study intraday data this measure is still motivated. This measure 

is also confirmed by Sarr & and Lybek (2002) to be the most commonly used transaction cost 

measure which strengthens the relevance of it. The construction of the proxy variable liquidity 

is calculated following equation 1, this results in the surplus liquidity for each minute. The 

variable liquidity is the quoted bid-ask spread and is used throughout every equation in this 

paper. 

Frino et. al (2017) argues that volatility has an impact on the liquidity of a stock. To capture 

this effect the variable volatility is included both as an explanatory variable as well as a 

dependent variable in order to answer one of the research questions of this paper. For the 

construction of the proxy variable volatility the return for each stock during a 1-minute interval 

is calculated. The return is calculated as the difference between the buy- and sell orders. As the 

last step, the standard deviation of each return during a 1-minute interval is calculated. To derive 

the used variable equation 1 is used, which results in the excess volatility which is used in every 
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equation in this paper. The calculation of the variable volatility is consistent with the method 

used by Frino et. al (2017). 

The proxy for the variable HFT is constructed using the same way as the authors Hasbrouck & 

Saar (2009) did. For each 1-minute interval the identification of orders which are added and 

then cancelled, modified etc. within 100 milliseconds is performed. To construct the final 

surplus HFT variable equation 1 is used.  

On the basis of previous research and economic theory the inclusion of additional explanatory 

variables is motivated. Jarnecic & Snape (2014) and Hasbrouck & Saar (2013) are both arguing 

that the total volume traded has an impact on the liquidity and volatility of a stock. The inclusion 

of the variable volume is therefore motivated. The proxy for traded volume is constructed using 

the average volume traded for each 1-minute interval, this includes every added, deleted, 

executed or cancelled order.  As with the other variables equation 1 is used to derive the surplus 

volume for each stock and minute interval.  

However, previous research has included additional and different explanatory variables. For 

example, variables to capture market specific events, such as news or other effects have been 

included. This would be interesting and most certainly improve the models used in this paper 

and the fact that such variables have been excluded in this paper is a weakness. But the 

exclusion of for example a news variable is due to the complexity to find and construct a suitable 

variable for the Swedish stock market (OMXS30). In addition, this paper has actively chosen 

days that are absent of any firm specific news in an effort to exclude the influence of these.  

Therefore, it would be somewhat contradictory to include such a variable. This has resulted in 

the fact that this paper has captured the most commonly used explanatory variables across all 

previous studies and chosen to use these.  

All variables are constructed using the raw data, meaning that no differentiating, trend 

adjustments etc. have been performed. Although one might argue on the basis of the presented 

stylized facts, that there are trends in both volatility and liquidity that must be taken into 

consideration (Knight & Satcell, 2007). This paper acknowledges these stylized facts but argues 

on the basis of previous research (Frino et al. 2017) that trends in liquidity and volatility are not 

of any major concern in the data sample used in this paper. The results presented by Chaboud 

et al. (2011) strengthen these assumptions where the authors argue that sampling at one-minute 

frequency does not lead to biases due to contamination by market microstructure noise.  
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The natural first step to test the posed hypotheses is to perform a first level OLS regression. 

Regressing the liquidity- and volatility measures on the HFT variable and additional 

explanatory variables. Hasbrouck & Saar (2013) and Frino et al. (2017) are both using OLS as 

a first step in their research. This paper adopts a similar approach as previous research, why the 

presented first level regressions (OLS) are motivated.  

The following two equations are used for each individual stock: 

 

𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 =  𝛽1 + 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 + 𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + 𝛽4𝐻𝐹𝑇𝑖,𝑡 + 휀1                            (2) 

 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 =  𝛽1 + 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 + 𝛽3𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑑𝑡𝑦𝑖,𝑡 + 𝛽4𝐻𝐹𝑇𝑖,𝑡 + 휀1                   (3) 

 

Where 𝑖 = 1, 2, 3, … . 24 represents each individual stock. And 𝑡 = 1,2,3….45 representing 

each time-interval. 

The coefficient of interest is the effect of HFT, 𝛽4, on liquidity and volatility. In line with 

previous research and hypotheses, the values of the HFT coefficients should be negative to 

indicate that high-frequency trading reduced the quoted bid-ask spread and the volatility. This 

would indicate that HFT improves the market quality. Of course, the HFT variables should also 

be statistically significant to indicate that the HFT actually has a significant effect on the quoted 

bid-ask spread and the volatility.  
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Table 6: OLS result of HFT effect on liquidity and volatility in a stock. 

 

OLS  𝑳𝒊𝒒𝒖𝒊𝒅𝒊𝒕𝒚𝒊,𝒕    𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚𝒊,𝒕 

Variables    Variables 

𝛽4𝐻𝐹𝑇1  -0.000  𝛽4𝐻𝐹𝑇1  -0.000 

𝛽4𝐻𝐹𝑇2  -0.001  𝛽4𝐻𝐹𝑇2   0.000 

𝛽4𝐻𝐹𝑇3  -0.000                           𝛽4𝐻𝐹𝑇3  -0.000 

𝛽4𝐻𝐹𝑇4  -0.001                           𝛽4𝐻𝐹𝑇4  -0.000 

𝛽4𝐻𝐹𝑇5   0.003**  𝛽4𝐻𝐹𝑇5   0.000 

𝛽4𝐻𝐹𝑇6   -0.005*  𝛽4𝐻𝐹𝑇6  -0.000 

𝛽4𝐻𝐹𝑇7  -0.003**  𝛽4𝐻𝐹𝑇7                           -0.006** 

𝛽4𝐻𝐹𝑇8  -0.000  𝛽4𝐻𝐹𝑇8   0.000 

𝛽4𝐻𝐹𝑇9  -0.001  𝛽4𝐻𝐹𝑇9  -0.000 

𝛽4𝐻𝐹𝑇10   0.003  𝛽4𝐻𝐹𝑇10  -0.000 

𝛽4𝐻𝐹𝑇11  -0.003  𝛽4𝐻𝐹𝑇11   0.000 

𝛽4𝐻𝐹𝑇12  -0.000  𝛽4𝐻𝐹𝑇12  -0.000 

𝛽4𝐻𝐹𝑇13   0.000  𝛽4𝐻𝐹𝑇13   0.000 

𝛽4𝐻𝐹𝑇14   0.000  𝛽4𝐻𝐹𝑇14  -0.000 

𝛽4𝐻𝐹𝑇15   0.000  𝛽4𝐻𝐹𝑇15  -0.000 

𝛽4𝐻𝐹𝑇16  -0.000  𝛽4𝐻𝐹𝑇16   0.000 

𝛽4𝐻𝐹𝑇17    0.001  𝛽4𝐻𝐹𝑇17  -0.004** 

𝛽4𝐻𝐹𝑇18   0.000  𝛽4𝐻𝐹𝑇18   0.000 

𝛽4𝐻𝐹𝑇19  -0.000  𝛽4𝐻𝐹𝑇19  -0.000** 

𝛽4𝐻𝐹𝑇20  -0.000  𝛽4𝐻𝐹𝑇20  -0.000 

𝛽4𝐻𝐹𝑇21   0.004  𝛽4𝐻𝐹𝑇21  -0.000 

𝛽4𝐻𝐹𝑇22  -0.017**                                     𝛽4𝐻𝐹𝑇22   0.000 

𝛽4𝐻𝐹𝑇23  -0.000*  𝛽4𝐻𝐹𝑇23  -0.000 

𝛽4𝐻𝐹𝑇24  -0.000  𝛽4𝐻𝐹𝑇24   0.000 

**Significant at the 1 % level    *Significant at the 5 % level. Values are rounded to 3 decimal places. (-) 0,000 indicates that there are 

decimals extending 3 decimals.  
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As presented in table 6 only five of twenty-four of the 𝛽4𝐻𝐹𝑇 variables in the liquidity equation 

(equation 1), are statistically significant, indicating that HFT generally does not have an effect 

on the liquidity of a stock. This result is rather surprising and contradictory to previous research 

and hypotheses. Based on previous research, the value of the HFT coefficients is anticipated to 

be negative, which would imply that HFT is reducing the quoted bid-ask spreads and thus 

improving the liquidity. Sixteen of the investigated stocks have a negative estimated coefficient, 

which is not very compelling. 

In the volatility equation (equation 3) there are three of twenty-four of the estimated 𝛽4𝐻𝐹𝑇 

which are statistically significant, this indicates that high-frequency trading is not affecting the 

volatility of a stock. As in the liquidity equation these results are also surprising. Previous 

research and presented hypotheses imply that HFT has a significant impact on the volatility of 

a stock. In addition, the results are ambiguous regarding the values of the 𝛽4𝐻𝐹𝑇 coefficients, 

fifteen of twenty-four are negative while the rest are positive. These results are not very 

compelling and does not showcase a clear trend.  

The coefficient values in table 6 are all close to 0, in addition to this the results are ambiguous 

and not consistent with presented hypotheses. This implies that there might be a specification 

problem and that the use of OLS is not sufficient. To investigate the hypotheses more in depth, 

statistical tests for OLS regressions were carried out.  

When testing for serial correlation by using likelihood-based conditional LM test (Baltagi & 

Li, 1995) the results showed that only a few of the stocks had a significant p-value indicating 

that there does not seem to be any major problems with serial correlation (Appendix, table C). 

In addition to this a Breusch-Pagan test for Heteroskedasticity (Breusch & Pagan, 1979) has 

been performed. The results are presented in table C and indicates that there seems to be some 

problems with heteroskedasticity. To summarize, the two tests gives a first hint that there might 

be some problems with the usage of OLS. 

However, the main problem with the usage of OLS to estimate the coefficients is that high-

frequency trading is an endogenous variable. The decision by a trader to use HFT or not is based 

on many different factors, including volatility and liquidity (Hendershott, Jones & Menkveld, 

2011). Consistent with this statement Goldstein & Kavajecz (2004) presented evidence 

suggesting that humans are trading more often when markets are illiquid, implying that high-

frequency traders trade more when markets are liquid. Other authors Jarnecic & Snape (2014) 
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and Hasbrouck & Saar (2013) also argue that the amount of liquidity and volatility might affect 

the level of HFT.  

It is therefore suspected that there exists a simultaneous relationship between the dependent 

variables (liquidity and volatility) and the explanatory variable of interest (HFT). This would 

mean that the use of HFT is affected by the liquidity and volatility. The presented OLS 

coefficients can therefore not be interpreted correctly due to the possible risk of endogeneity 

that arises as a result of the simultaneity between the variables. Therefore, when using OLS the 

estimated coefficients are not unbiased estimates of the effects of HFT on liquidity and 

volatility. Strengthening this hypothesis is the presented results in table 6, the results give a first 

indication of that something might not be correct. In addition to this, the conducted tests for 

serial correlation and heteroskedasticity were not unambiguous, implying that there most 

certainly exists a problem that must be dealt with in order to present unbiased and robust 

estimated coefficients.   

Based on econometrical theory, Verbeek (2004) suggests the use of structural models to solve 

this problem. Jarnecic & Snape (2014) used a system of simultaneous equations to account for 

the interdependence of HFT and the bid-ask spread. Foucault, Roell & Sandas (2003) and 

Hasbrouck & Saar (2013) used a similar framework of simultaneous equations systems in their 

research investigating low-latency traders (i.e. HFT). To investigate the questions of this paper, 

it is therefore motivated to adopt a variation of simultaneous equations systems.  

The following two systems are estimated in order to investigate the questions of this paper.  

      (4) 

𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 =  𝛽1 + 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 + 𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + 𝛽4𝐻𝐹𝑇𝑖,𝑡 + 𝐼𝑉𝑖,𝑡 + 휀1

  

𝐻𝐹𝑇𝑖,𝑡 =   𝛽5 +  𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 +  𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 +  𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 + 𝐼𝑉𝑖,𝑡 + 휀2

  

     (5) 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 =  𝛽1 + 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 + 𝛽3𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑑𝑡𝑦𝑖,𝑡 + 𝛽4𝐻𝐹𝑇𝑖,𝑡 + 𝐼𝑉𝑖,𝑡 + 휀1

  

𝐻𝐹𝑇𝑖,𝑡 =   𝛽5 +  𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 +  𝛽3 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 +  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + 𝐼𝑉𝑖,𝑡 + 휀2  
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Where 𝑖 = 1, 2, 3, … . 24, is representing each individual stock. And 𝑡 = 1,2,3…45, 

representing each time-interval. 

However, according to the fundamental Gauss-Markov theorem (Plackett, 1950), it should not 

exist any correlation between the explanatory variables and the error term: 

                𝐸(𝑥𝑗휀) = 0,                j = 1, ……. , k 

Where 𝑥𝑗 are the explanatory variables and 휀 the error term.  

In the presented systems 4 and 5 there are most certainly other explanatory variables which can 

explain and have an effect on the dependent variables. The identification of every single 

relevant explanatory variable is difficult. This leads to the risk that the presented systems suffer 

from omitted variable bias which in turn results in a correlation between the explanatory 

variables and the error term. This hypothesis is also motivated by the results presented in table 

6.  

The use of instrument variables will help solve the problem with correlation between the error 

term and the explanatory variables and hence solve the bias problem. An accurate instrument 

explains changes in the explanatory variable at the same time as it has no effect on the dependent 

variable. This enables the possibility to analyze the effects of the explanatory variable on the 

dependent variable (Verbeek, 2004). Different instrumental variable methods allow for 

consistent estimations. 

In order to establish the effects of HFT an instrument variable that affects the HFT activity but 

not liquidity and volatility directly is needed. Hasbrouck & Saar (2013) used the average market 

wide high-frequency trading participation as an instrument variable. The authors Jarnecic & 

Snape (2014) used the same method as Hasbrouck & Saar (2013). Market wide HFT is related 

to the HFT of a stock, but not related to the individual liquidity. 

The instrument variable in the HFT equation in system 4 is the average market wide HFT 

participation per minute across all other stocks (the examined stock is excluded). For the 

liquidity equation the average market wide liquidity across all other stocks is used as the 

instrument variable. This is consistent with Hasbrouck & Saar (2013) who argues that market 

wide liquidity is related to the individual liquidity of a stock but not to the HFT in that stock. 

Continuing the arguments of Hasbrouck & Saar (2013), the instrument variable in the volatility 

equation in system 5 is the average market wide volatility per minute across all other stocks. 

The authors argue that the market wide volatility is related to the volatility of an individual 
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stock but not to the HFT in that stock. In the HFT equation in system (5) the same instrument 

variable as in system (1) is adopted (i.e. market wide HFT participation per minute across all 

other stocks).   

Consistent with the previous research (Hasbrouck & Saar, 2013 & Jarnecic & Snape, 2014) this 

paper treats the variables; 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡  𝑎𝑛𝑑 𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 initially as endogenous as well. 

Therefore, in order to treat these variables as exogenous in the equations system the inclusion 

of the variables 𝛽2𝑉𝑜𝑙𝑢𝑚𝑒𝑖,𝑡 𝑎𝑛𝑑 𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 as instrumental variables are motivated. This 

leads to the fact that the only endogenous variables in the end are the dependent variables.  

The first equation in system 4 aims to determine the liquidity of a specific stock as a function 

of the volume traded, the volatility of the stock, the HFT activity and the market wide HFT 

participation. The second equation in system 4 determines the HFT activity in a specific stock 

as a function of the volume traded, the volatility of the stock, the liquidity of the stock and the 

market wide liquidity.  

In system 5 the first equation determines the volatility of an individual stock as a function of 

traded volume, the liquidity in the stock, HFT activity and the market wide volatility. The 

second equation in system 5 determines the HFT activity as a function of volume traded in the 

stock, stock specific liquidity, the volatility of the stock and the market wide HFT activity.  

According to Verbeek (2004), the estimation of the coefficient in a system of equations with 

instrumental variables is best carried out by GMM. The motivation for using GMM is enhanced 

by the fact that it results in heteroskedasticity-consistent standard errors (Verbeek, 2004). This 

is of great importance since models with conditionally heteroskedastic errors are very common 

in financial data (Fama, 1965). There is no accurate way of predicting the future volatility of 

the variables used in this paper. For example, all the changes in the volatility of volume traded 

in a stock cannot be attributed to specific events or seasonal changes. Therefore, it most 

certainly exists a problem with conditional heteroskedasticity. The usage of GMM enables the 

construction of heteroskedastic- robust standard errors and related test statistics (Hansen, 1982). 

The estimated coefficients of interest in system 4 are the effect of HFT activity, 𝛽4, on the 

liquidity measure and the effect of liquidity, 𝛽6, on the HFT activity. In system 5 the estimated 

coefficients of interest are the effect of HFT activity, 𝛽4, on the volatility measure and the effect 

of volatility, 𝛽6, on the HFT activity. 
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On the basis of previous research findings, relevant theory and hypotheses, a table with 

expected coefficient values are presented. As seen in table 7, this paper expects the 𝛽4𝐻𝐹𝑇𝑖,𝑡 

variable to have a negative impact on both the liquidity and volatility of a stock and thus the 

market. Meaning that HFT reduces the quoted bid-ask spread which results in smaller spreads 

and hence better liquidity (Hendershott, Jones & Menkveld, 2011). The anticipated negative 

impact of HFT on the volatility means that the volatility of a stock is reduced, which is 

consistent with previous findings by Frino et al. (2017). These two hypotheses together result 

in improved market quality. To summarize, this paper adopts the hypotheses that HFT improves 

the market quality of the Swedish stock exchange via the proxies liquidity and volatility.  

 

Table 7: Hypotheses table.  

Explanatory variable Coefficient values   System 1 (eq. 4) 

    𝑳𝒊𝒒𝒖𝒊𝒅𝒊𝒕𝒚𝒊,𝒕  𝑯𝑭𝑻𝒊,𝒕 

 𝛽4𝐻𝐹𝑇𝑖,𝑡          =  Negative – 

 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡         =    Positive +   

     System 2 (eq. 5) 

    𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚𝒊,𝒕  𝑯𝑭𝑻𝒊,𝒕 

 𝛽4𝐻𝐹𝑇𝑖,𝑡         =  Negative – 

 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡        =    Positive + 

 

Another relationship of interest is the other equation in the simultaneous equations system, how 

HFT is affected by the liquidity and volatility in a stock. Goldstein & Kavajecz (2004) suggests 

that high-frequency traders prefer more liquid markets. Hasbrouck & Saar (2013) also present 

a hypothesis that HFT is affected by the liquidity and volatility. In line with this, presented 

theory suggests that HFT is more favorable and should thus increase in an environment which 

is characterized by more liquidity and volatility (Chung & Lee, 2016). This paper expects the 

estimated coefficient values for 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 and 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 to have positive values. This 

would mean that liquidity and volatility in a stock has a positive relation to the number of high-

frequency orders, and thus HFT increases as liquidity and volatility increases.  
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5.2 Method criticism  

 

The inclusion and construction of valid instrumental variables is a difficult task. Although this 

paper uses the theory and hypotheses of previous research in the construction of the 

instrumental variables one could argue that these are not meeting the requirements that an 

instrument should. Unfortunately, there is not any good way of testing the relevance and power 

of instrumental variables. 

Adding to this criticism could be directed to the fact that this paper only uses one external 

instrumental variable in the simultaneous equations systems (4 and 5). One could argue that the 

inclusion of multiple instrumental variables would be better and result in better precision in the 

estimates.  

Verbeek (2004) argues that the use of Two-Stage Least Square (2SLS) is a favorable model in 

the case of multiple instrumental variables. The fact that this paper does not use the method 

2SLS could be perceived as a weakness. 

Wooldridge (2013) means that the Two-Stage Least Square estimator is the most efficient 

instrumental variable estimator. But the main strengths of the method (GMM) used in this paper 

is the fact that generalized methods of moments result in more asymptotically robust standard 

errors in the case of heteroskedasticity compared to Two-Stage Least Square.  

However, this leads to another limitation of the chosen model. Wooldridge (2013) says that 

GMM is not asymptotically more efficient than 2SLS under the assumption of 

homoskedasticity, although GMM is more efficient under heteroskedasticity. This means that 

the argumentation that the financial data used in this paper suffers from heteroskedasticity needs 

to be correct to justify the use of GMM instead of 2SLS.  
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7 Results 
 

7.1 Volatility 

 

• How does HFT affect the volatility on the Swedish stock market? 

Table 8 displays the results received from the simultaneous equations system 5 used in this 

study. The left column in table 8 illustrates the results of how high-frequency trading affects 

volatility. This equation estimates the explanatory variable 𝐻𝐹𝑇𝑖,𝑡  and its effect on the 

dependent variable 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡.  

Out of the twenty-four, estimated explanatory HFT coefficients there are fourteen HFT 

coefficients which are statistically significant at the 1% level while one is significant at the 5% 

level. The fifteen coefficients that are statistically significant are negative and consequently 

point in the same direction, that HFT has a negative effect on volatility. This indicates that high-

frequency trading reduces the volatility in these stocks. However, nine of the investigated HFT 

variables are not significant which indicates that HFT does not have any significant effect on 

the volatility. Interestingly, the majority of the investigated HFT coefficients, significant or not, 

are all negative and point in the same direction. This implies that HFT has a negative effect on 

volatility meaning that it reduces volatility for each specific stock. 

The average value of the explanatory coefficient 𝐻𝐹𝑇𝑖,𝑡 for the whole sample of twenty-four 

stocks is -0,325. The statistically significant coefficient values range from a maximum of -0,111 

to a minimum of -1,085 which implies that there is a wide variation in how large effect HFT 

has on the volatility of a stock. A lower value of the coefficient implies that HFT has a larger 

negative effect on the volatility (i.e reducing the volatility) while a higher value indicates a 

smaller effect.  

In order to exemplify the interpretation of the results stock number 2 is used (𝛽4𝐻𝐹𝑇
2
). Hence, 

if HFT increases by one unit the volatility decreases by 0,554 holding everything else constant. 

More in depth this means that if the number of HFT orders per 1-minute interval increases by 

one, this additional order decreases the volatility by 0,00554. Since the volatility is measured 

as the standard deviation of every return for each 1-minute interval, this would mean that one 

extra HFT order for a 1-minute interval would lower the standard deviation for that minute with 

0,00554, ceteris paribus.  
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The right column of table 8 displays the results of how volatility affects the activity of high-

frequency trading. In this equation 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 is the explanatory variable and 𝐻𝐹𝑇𝑖,𝑡 is the 

dependent variable. These results are all statistically insignificant which indicates that volatility 

has no significant effect on high-frequency trading activity. The volatility coefficients range 

from large negative numbers to large positive numbers which shows that there is no apparent 

trend and consequently it is hard to say in what way volatility affects HFT.  
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Table 8: GMM results of HFT effect on volatility.  

 

  𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚𝒊,𝒕    𝑯𝑭𝑻𝒊,𝒕  

Variables    Variables 

𝛽4𝐻𝐹𝑇1                        0.004        (0.010)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦1                 -2609.809 (12635.22) 

𝛽4𝐻𝐹𝑇2                       -0.554**    (0.342)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦2                 -15374.44 (11972.12) 

𝛽4𝐻𝐹𝑇3                       -0.904**    (0.256)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦3                 -1593.540 (5501.981) 

𝛽4𝐻𝐹𝑇4                       -0.827**    (0.089)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦4                 -1046.102 (1812.581) 

𝛽4𝐻𝐹𝑇5                       -0.843**    (0.269)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦5                   51010.69 (59331.49) 

𝛽4𝐻𝐹𝑇6                       -0.871**    (0.196)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦6                 -807.365   (5219.166) 

𝛽4𝐻𝐹𝑇7                       -0.218*      (0.164)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑡𝑦7                  9722.760 (11642.96) 

𝛽4𝐻𝐹𝑇8                                  -0.031        (0.102)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦8                  4601.589 (4629.861) 

𝛽4𝐻𝐹𝑇9                        0.001        (0.006)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦9                  4553.234  (4146.573) 

𝛽4𝐻𝐹𝑇10                                 -0.045**   (0.063)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦10                 -588.298   (1092.838) 

𝛽4𝐻𝐹𝑇11                       -0.001       (0.007)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦11                 14357.36 (8309.032) 

𝛽4𝐻𝐹𝑇12                       -1.004**   (0.088)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦12                  15.147       (427.518) 

𝛽4𝐻𝐹𝑇13                                 -1.002**   (0.030)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦13                 319.055     (994.402) 

𝛽4𝐻𝐹𝑇14                                 -0.009       (0.035)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦14                -1962.866 (1214.529) 

𝛽4𝐻𝐹𝑇15                       -0.520**   (0.211)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦15                 -2851.766 (4929.930) 

𝛽4𝐻𝐹𝑇16                       -0.196       (0.341)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦16                 -1489.372 (4674.025) 

𝛽4𝐻𝐹𝑇17                       -0.730**   (0.289)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦17                 -44.667         (40.379) 

𝛽4𝐻𝐹𝑇18                       -0.002       (0.093)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦18                -52853.01 (35502.50) 

𝛽4𝐻𝐹𝑇19                       -0.467       (0.356)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦19                 -2125.413 (6245.928) 

𝛽4𝐻𝐹𝑇20                       -0.888**   (0.235)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦20                -246.142     (906.732) 

𝛽4𝐻𝐹𝑇21                       -0.896**   (0.084)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦21                 696.385   (1833.798) 

𝛽4𝐻𝐹𝑇22                       -0.717**   (0.213)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦22                 -242.372    (493.842) 

𝛽4𝐻𝐹𝑇23                       -0.358**   (0.135)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦23                 28451.33 (28561.84) 

𝛽4𝐻𝐹𝑇24                       -0.229       (0.280)  𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦24                -2379.031 (6626.461) 

**Significant at the 1 % level    *Significant at the 5 % level. Robust standard errors in parentheses. 
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The graph below (graph 3) illustrates the HFT coefficient for each company in a decreasing 

negative order with the largest effect to the left which is company number 12 in table 8, 

Kinnevik. This is put in relation to respectively stock price to see if there is any relationship 

between the estimated coefficients and the stock prices. The squares are statistically 

insignificant while the dots are significant. Two companies on the right side in the graph show 

small positive coefficients but are statistically insignificant, meaning that no results indicate 

that the volatility increases with HFT activity. The two companies with largest effects, around 

-1 are Nordea and Kinnevik (𝛽4𝐻𝐹𝑇13 and 𝛽4𝐻𝐹𝑇12) and these coefficients are both statistically 

significant. These companies, had at the time, relatively low stock prices compared to for 

example Astra Zeneca (𝛽4𝐻𝐹𝑇4) but their coefficients are all close to -1. This indicates that there 

is no relationship between the HFT coefficients and the companies’ stock prices, meaning that 

the effect that HFT has on the volatility of a stock is not dependent on the stock price. 

Graph 3: HFT coefficients on volatility and stock prices for each investigated stock. 

 

Source: Own calculations/Thomson Reuters. 
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7.2 Liquidity 

 

• How does HFT affect the liquidity on the Swedish stock market? 

Table 9 presents the main results obtained from the simultaneous equations system used 4. The 

left column displays the results of how high-frequency trading affects the liquidity of each 

individual stock. The estimated coefficient values with each respective p-value are presented in 

the 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 column. 

As presented, twelve of the HFT variables are significant at the 1% significance level while one 

is significant at the 5% significance level. Summarizing a total of thirteen out of the twenty-

four HFT variables are statistically significant, which is approximately half. This indicates that 

in half of the investigated stocks there seems to be a statistically significant relationship between 

the explanatory variable 𝛽4𝐻𝐹𝑇 and the dependent variable 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦. However, leaving 

eleven HFT variables not significant is not very convincing, although some of the variables 

were in the range of 5% - 10% level of significance.  

To exemplify the interpretation of the results stock number 2 is used (𝛽4𝐻𝐹𝑇2). If HFT increases 

by one unit, liquidity decreases by 0.869, ceteris paribus. Meaning that if the number of HFT 

orders in a 1-minute interval increases by one, that additional HFT order decreases the bid-ask 

spread for that 1-minute interval by approximately 0.08. For stock number 2 this would mean 

that an additional HFT order in a 1-minute interval minute holding all other factors constant 

would narrow the bid-ask spread for that interval by 0.08 SEK.  
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Table 9: GMM results of HFT effect on liquidity.   

 

  𝑳𝒊𝒒𝒖𝒊𝒅𝒊𝒕𝒚𝒊,𝒕    𝑯𝑭𝑻𝒊,𝒕  

Variables    Variables 

𝛽4𝐻𝐹𝑇1   0.006       (0.028) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦1                   388.727  (1379,732) 

𝛽4𝐻𝐹𝑇2  -0.869**   (0.061) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦2                   11.544        (11,574) 

𝛽4𝐻𝐹𝑇3  -1.034       (2.134) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦3                   40.486      (291,152) 

𝛽4𝐻𝐹𝑇4  -0.511**   (0.205) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦4                   23.510        (18,618) 

𝛽4𝐻𝐹𝑇5  -0.935**   (0.158) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦5                     39.274       (52,823) 

𝛽4𝐻𝐹𝑇6  -0.900**   (0.309)  𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦6                    4.921         (20,846) 

𝛽4𝐻𝐹𝑇7   0.000       (0.004) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦7                   -15.124       (62,818) 

𝛽4𝐻𝐹𝑇8  -0.042       (0.233) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦8                   -30,283       (39.801) 

𝛽4𝐻𝐹𝑇9  -0.015       (0.018) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦9                    92.338     (109.891) 

𝛽4𝐻𝐹𝑇10  -0.013       (0.431) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦10                    11.731*     (13.294) 

𝛽4𝐻𝐹𝑇11  -0.004       (0.006) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦11                   -39.490*    (17.801) 

𝛽4𝐻𝐹𝑇12  -0.988**   (0.330) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦12                   -0.810           (5.298) 

𝛽4𝐻𝐹𝑇13  -0.987**   (0.062) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦13                   -22.627       (76.965) 

𝛽4𝐻𝐹𝑇14  -0.001       (0.025) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦14                   -8.737        (58.247) 

𝛽4𝐻𝐹𝑇15  -0.441**   (0.194) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦15                   -3.750        (33.765) 

𝛽4𝐻𝐹𝑇16  -1.010**   (0.101) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦16                    6.626         (46.547) 

𝛽4𝐻𝐹𝑇17  -1.000**   (0.017) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦17                   -1.297           (3.207) 

𝛽4𝐻𝐹𝑇18  -0.136       (0.167) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦18                   -276.600   (283.104) 

𝛽4𝐻𝐹𝑇19  -0.911**   (0.279) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦19                   -108.810   (346.271) 

𝛽4𝐻𝐹𝑇20  -0.880**   (0.228) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦20                   -1.986        (15.836) 

𝛽4𝐻𝐹𝑇21  -0.805**   (0.259)  𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦21                    5.417         (15.300) 

𝛽4𝐻𝐹𝑇22  -0.247       (0.314) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦22                   -7.216         (18.202) 

𝛽4𝐻𝐹𝑇23  -0.003       (0.013) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦23                   -834.122   (620.573) 

𝛽4𝐻𝐹𝑇24  -0.987**   (0.041) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦24                   -14.827       (35.502) 

**Significant at the 1 % level    *Significant at the 5 % level. Robust standard errors in parentheses. 
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What is more interesting is the fact that twenty-two out of twenty-four of the HFT variables has 

a negative estimated coefficient value. This implies that high-frequency trading is affecting the 

liquidity in the majority of the investigated stocks in a negative way. Meaning that HFT 

generally is decreasing the quoted bid-ask spreads and hence improving the liquidity. 

The statistically significant coefficient values range from a maximum of -0.168 to a minimum 

of –0.989, indicating that there are some major differences in the effects of HFT on the quoted 

bid-ask spread of different stocks. 

The right column of table 9 presents the results of how the liquidity in a stock is affecting the 

high-frequency trading. In the column 𝐻𝐹𝑇𝑖,𝑡 the estimated coefficient values for each liquidity 

variable are presented with its respective p-value. As displayed in table 9, there is only one 

liquidity variable that is statically significant at the 1% significance level. In addition to this 

there are only two liquidity variables that are statistically significant at the 5% level of 

significance. Somewhat surprising is that these results are indicating that the liquidity in a stock 

is not affecting the level of high-frequency trading. 

The estimated coefficient values of the 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦 variables are as presented pointing in 

different directions and not displaying a clear trend. Among the three variables that are 

statistically significant, two of the variables are indicating a positive relationship while one is 

indicating a negative relationship. 

Graph 4: HFT coefficients for liquidity and stock prices for each investigated stock. 

 

Source: Own calculations/Thomson Reuters. 
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In graph 4 above the HFT coefficients in the liquidity results are presented and put in relation 

to the stock prices for each company to investigate any relationship. The squares are 

insignificant while the dots are significant and clearly this graph shows a pattern. Except for 

one outlier (Assa Abloy), the statistically significant coefficients lie to the left in the graph 

showing higher negative numbers between -0.5 and -1 compared to the squares that are closer 

to 0. It is also clear that there does not exist any relationship between the significance of the 

HFT coefficients and the stock price. This indicates that the impact of HFT on the liquidity of 

a stock does not depend on the price of a stock.  
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7.3 Market quality 

The results presented in table 8 & 9 are indicating that a majority of the HFT variables in the 

two simultaneous equations systems 4 & 5 are statistically significant. This indicates that it 

seems to exist a relationship between the high-frequency trading in a stock and the liquidity and 

volatility in the same stock. The results further display that high-frequency trading in nearly all 

of the investigated stocks, has a negative effect on the liquidity and volatility of that individual 

stock. This implies that high-frequency trading is improving the liquidity in a stock at the same 

time as it reduces the volatility. 

In graph 5 below the coefficients for both volatility and liquidity are illustrated. There are ten 

stocks where their coefficients for both volatility and liquidity are significant and eight where 

at least one is significant. The remaining six stocks have no significant coefficients which all 

have values close to 0. As mentioned, there are many cases where HFT affects both volatility 

and liquidity in the same stock.  

Graph 5: HFT coefficients for Volatility and Liquidity. 

The squares are the statistically insignificant volatility and liquidity coefficients while the triangles and dots are statistically significant. 

This paper has investigated twenty-four out of the thirty stocks that are included in the major 

Swedish stock index (OMXS30) and found consistent results of the effect of HFT on liquidity 

and volatility of the individual stocks. It is therefore motivated to say that the presented results 

indicate that high-frequency trading is improving the quality of the Swedish stock market.  
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7.3 Robustness 

After specifying the intended model, statistical tests concerning time-series data is necessary to 

be transparent and show the reader that the models used in the paper are good. The first question 

that arises is the one regarding the instrumental variables used. The question is whether the used 

instruments are valid or not. To control this this a stress test is conducted, where a rotation of 

the instruments is performed. If the parameter estimates vary a lot depending on which 

instruments are used, this would indicate that not all of the instruments are valid (Wooldridge, 

2012). On the other hand, if the parameter estimates are consistent across different instrument 

rotations this indicates that the instruments used are valid (Wooldridge, 2012).  

In the first test conducted the instrumental variables in equation system 4 are alternated. 

Meaning that 𝐼𝑉𝑖,𝑡 in the 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 and 𝐻𝐹𝑇𝑖,𝑡 equations have switched places, so the 

instrumental variable used in the 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖,𝑡 equation is now used as an instrument in the 

𝐻𝐹𝑇𝑖,𝑡 equation and vice versa. The results are presented in the Appendix Table A. The results 

show that thirteen of the twenty-four investigated stocks have a significant HFT parameter. 

These results are consistent with the original results, where also thirteen of the investigated 

stock have a significant HFT parameter. In addition to this the stress test shows that twenty-two 

of the investigated stocks have a negative HFT parameter which is identically with the primary 

results. The stress test helps strengthen the motivation for the used instrumental variables and 

shatter any questions one might have regarding the use of these specific instruments.  

The same test is performed in the simultaneous equations system 5. The 𝐼𝑉𝑖,𝑡 variables used in 

the 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 - and 𝐻𝐹𝑇𝑖,𝑡 equations switch places. The results from this stress test are 

presented in the Appendix Table B. In the test thirteen of the twenty-four investigated stocks 

have a significant HFT parameter, compared to the primary results where sixteen stocks have a 

significant HFT parameter estimate. These results are not as strong as the results from the first 

test, but still very compelling. Twenty-three of the HFT parameter estimates are negative which 

is consistent with the primary results and points in the same direction. Based on this test the 

instrumental variables used are valid and any questions about the usage of them should have 

been answered.  
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7.4 Limitations 

The fact that this paper has investigated twenty-four out of the thirty stocks that are included in 

the OMXS30 index is a limitation that should be acknowledged. In addition to this, the 

OMXS30 index is constructed by the thirty most traded large cap stocks and not any other large-

, mid- or small cap stocks. Therefore, one should be careful to draw any conclusions or make 

inference from the presented results in this paper to other stocks that are of different 

characteristics than the ones investigated in this paper. Most certainly there exists some 

differences between the effects of high-frequency trading in smaller stocks. Large cap stocks 

and particularly the ones included in the OMXS30 index are the ones that are most traded, this 

could indicate that high-frequency trading in smaller stocks would have a significant larger 

effect on the liquidity and volatility. As a result of this the level of high-frequency trading could 

be lower in smaller stocks. What the final effect would be is however hard to say. 

But as all of the stocks on the different Swedish stock markets are traded in the same way, using 

the same principles and are regulated in similar ways, it is motivated to suspect that high-

frequency trading does in fact affect the liquidity and volatility in other stocks in a similar way 

as presented in this paper. 
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8 Analysis 

This paper hypothesized that high-frequency trading would improve the quality of the Swedish 

stock market via the proxy variables liquidity and volatility. The presented results show that 

high-frequency trading decreases the quoted bid-ask spreads and the volatility in an individual 

stock. Consistent with presented theory, improved liquidity is something positive and benefits 

investors who for example can get in and out of their positions quickly. On the other hand, if 

an asset is illiquid investors generally require a risk premium to hold that asset. As HFT is 

improving the liquidity in the investigated sample this indicates that high-frequency trading is 

beneficial for investors. Similar hypothesis is presented for the volatility, lower volatility means 

that the range of the expected returns on an asset is smaller. This is something that investors 

prefer. The fact that high-frequency trading is reducing the volatility in the sample of this paper 

is something positive for investors and other actors that do not rely on high-frequency trading. 

The question is whether these results are applicable for the Swedish stock market as a whole. 

The first preliminary analysis of graph 1 indicated that it seemed to exist a relationship between 

the number of high-frequency orders in a stock and the total volume traded in the same stock, 

where the number of high-frequency orders increased with the total volume traded. This would 

not be very surprising on the basis of the presented theory about liquidity and high-frequency 

trading. However, the results reveal that there does not exist any clear relationship between the 

volume traded in a stock and the impact HFT has on the liquidity and volatility of that stock. 

There does not seem to be any relationship between the impact of HFT and other factors either, 

for example; industry, average volatility etc. This would mean that the impact of HFT on 

liquidity and volatility of a stock is not determined by other factors, and therefore one could 

suspect that the positive effects of HFT would apply to other stocks with other characteristics 

as well. Based on this, the market wide quality of the different Swedish stock markets would 

improve by the presence of high-frequency trading. 

As the market wide quality improves through high-frequency trading, this is something that 

should be advocated by investors and other actors on the Swedish stock market. Therefore, 

regulators and policymakers of the Swedish stock market should take actions in order to 

increase the level of high-frequency order on the Swedish Stock market. As HFT decreases the 

volatility in the majority of the investigated stocks in this paper, this implies that HFT to some 

extent prevent future collapses. Based on this one could question the new regulations (MIFID 

II) which affect high-frequency traders on the Swedish Stock market. MIFID II imposes new 

regulations on HFT actors which will decrease their presence and in turn the market quality. 
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This will leave investors in a worse situation than before as the market wide quality of the 

Swedish stock market will decrease. Additionally, the regulations enhance the risks of new 

extreme events as a result of the increased volatility which will not be mitigated by the high-

frequency traders.  

One caveat of this reasoning to increase the presence of HFT is the potential risk that algorithms 

start to trade more and more with each other instead of with humans. If regulators for example 

would impose regulations and subsidies which are advantageous for high-frequency traders, 

their presence would certainly increase in the Swedish stock markets. This would result in an 

increased risk factor that these algorithms make mistakes and decisions that a human would not 

which can result in extreme events, such as the Flash Crash. 

Even though the results from this study indicate that high-frequency trading decreases volatility 

and increases liquidity, one cannot establish that this is improving market efficiency and market 

conditions. When proposing that higher liquidity is good and therefore makes the market more 

efficient a problem arises. Since high-frequency trading strategies include spoofing and layering 

these can be affecting the liquidity to look better than it is. These strategies seem to be used 

only to economically benefit the party exercising them (i.e. arbitrage). This contributes to a 

somewhat false liquidity on the market since the orders made never are intended to be executed. 

The real intention of for example spoofing can be interpreted as market manipulative by giving 

an impression of that there is a large selling pressure which in turn frightens other investors to 

sell. The main purpose for the high-frequency trader could be to take advantage of the price fall 

that this strategy leads to. Hence, it is wrong to interpret these results as positive for market 

efficiency because of the probability that it can be false liquidity. Meaning that the presented 

results could actually indicate that high-frequency trading is worsening the market quality, as 

(human) investors could be fooled into making decisions which are not beneficial for them. 

Another possible consequence caused by high-frequency trading is that market makers such as 

banks and other financial institutions get less space to exercise their function as market makers 

to provide liquidity. With the knowledge of that there are HFT actors who are only seeking 

profit by manipulating the market through spoofing and layering, financial institutions will feel 

less motivated to continue acting as market makers. If this happens the passive market making 

would decrease which in turn leads to reduced liquidity on the market. 

Motivating this discussion are the presented results. As mentioned before the investigated 

stocks in this paper are the ones that are most actively traded amongst all large cap stocks. 
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Based on this one could imagine that high-frequency traders who use a strategy as spoofing 

would prefer a stock which have higher volume compared to others. If this is true, the stocks in 

the sample of this paper would be stocks that are preferred for this kind of HFT strategy. Fifteen 

of the twenty-four stocks investigated shows that HFT has a significant effect on the liquidity, 

this could indicate that these stocks are subject to a high presence of high-frequency traders that 

might be using spoofing. 

Interesting is the fact that this way of analyzing the results has been excluded in previous studies 

where one has established that higher liquidity is good for the market when the results could 

contain false liquidity. Consequently, the method used in this study can be insufficient since it 

does not consider which HFT order is market manipulative and which one is made from a so-

called market maker (liquidity provider). One can question the same thing regarding the 

volatility since there can exist orders, not intended to be executed, that decreases volatility. 

Hence, despite that the theory and previous studies say that high liquidity and low volatility 

improves market efficiency it could be the other way around. If the observed orders are made 

with the intention of not being executed it actually deteriorates market efficiency since other 

actors on the market can be misled by making decisions based on false orders, that is false 

information. 

Based on this, investors and other actors would want to decrease the presence of high-frequency 

traders. Regulations, which obstruct HFT in the different Swedish stock markets, would be 

motivated and preferred. Therefore, specific rules like those included in MIFID II are justified 

since these are produced with the purpose of preventing market manipulation caused by a few 

HFT strategies, for example spoofing and layering. 
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9 Conclusion  

 

The market quality of the Swedish stock market has been examined through the measures; 

liquidity and volatility. The results of this study show that for fifteen out of twenty-four of the 

investigated stocks on OMXS30 the volatility decreases which means smaller changes in stocks 

prices resulting in improved market quality. Further, sixteen of twenty-four stocks show 

statistical significance that the quoted bid-ask spread decreases thus leading to higher liquidity 

on the market. Hence, high-frequency trading activity improves market quality and should be 

encouraged. However, since high-frequency trading strategies include strategies such as 

spoofing and layering there is a possibility that the results of this study are affected by so called 

false liquidity. The effect of this is also concluded to have a negative effect on financial 

institutions and banks as market makers since they get less space to operate due to HFT actors 

providing false liquidity. Consequently, the liquidity can in fact decrease when higher HFT 

activity. This leads us to conclude that high-frequency trading is positive for market quality as 

long as it operates with the absence of market manipulative strategies. 

On the basis of presented results, suitable policy implications would be the ones that hinders 

the activity of high-frequency traders who uses spoofing or layering as their strategy. Such a 

hinder could be the taxation of high-frequency traders who use HFT as a way of making money. 

The implication of this is the identification and the need of constant observation to detect these 

kinds of high-frequency traders which demand both time and a large amount of capital. 

However, the general development with for example the digitalization could in its own nature 

solve this problem. More digitalization could lead to more transparency and more efficient ways 

of screening the Swedish stock markets, which would enable regulators to impose this kind of 

tax. 

An important distinction needs to be done, the results indicates that HFT is improving the 

liquidity and volatility and hence improving the market quality on the Swedish stock market. 

Any regulations that hinder the activity of high-frequency traders who contribute with liquidity 

and reduced volatility (market-makers) should not be introduced. Contrary these HFT strategies 

should be advocated, and regulations which simplify these activities is appropriate. 
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9.1 Future research 

Based on this paper future research could investigate further and more in depth how different 

high-frequency trading actors contribute to market quality through the same measures used in 

this study, liquidity and volatility. The result in this study only show the effect of HFT actors 

as a whole and do not consider that there are both market makers and arbitrage seekers with 

different HFT strategies that possibly affect market quality in different ways. If this can be 

examined and established one can focus their work against actors causing false liquidity and 

market quality impairment and the other way around, promote those who provide “good” 

liquidity. 

Another suggestion for future research would be to investigate the effects of high-frequency 

trading on smaller stocks than the ones investigated in this paper. It would be interesting to see 

how HFT affects for example the liquidity and volatility in Swedish mid- and small cap stocks.  
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Appendix 
 

Section 1. Robustness tests.  

Table A: Robustness test for simultaneous equations system 4.  

 

GMM   𝑳𝒊𝒒𝒖𝒊𝒅𝒊𝒕𝒚𝒊,𝒕    𝑯𝑭𝑻𝒊,𝒕  

Variables    Variables 

𝛽4𝐻𝐹𝑇1   0.006     (0.116) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦1                     -3510.655 (6034.6) 

𝛽4𝐻𝐹𝑇2  -0.166*   (0.158) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦2                      -99.017         (64.7) 

𝛽4𝐻𝐹𝑇3  -0.018     (0.076) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦3                    -101.627        (60.2) 

𝛽4𝐻𝐹𝑇4  -0.034** (0.066) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦4                     75.848          (41.1) 

𝛽4𝐻𝐹𝑇5  -0.945** (0.239 ) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦5                      20.183          (78.3) 

𝛽4𝐻𝐹𝑇6  -0.701     (0.263) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦6                    -39.732          (56.7) 

𝛽4𝐻𝐹𝑇7  -0.245     (0.032)  𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦7                    -2.456          (228.2) 

𝛽4𝐻𝐹𝑇8  -0.867** (0.297) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦8                    -16.722          (52.6) 

𝛽4𝐻𝐹𝑇9  -1.896     (1.868) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦9                    -181.544      (113.4) 

𝛽4𝐻𝐹𝑇10  -0.337*   (0.178)  𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦10                      5.779             (5.1) 

𝛽4𝐻𝐹𝑇11  -0.073     (0.834) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦11                     -101.9           (93.9) 

𝛽4𝐻𝐹𝑇12  -0.989** (0.092) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦12                      0.276             (6.5) 

𝛽4𝐻𝐹𝑇13  -1.005** (0.026) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦13                      12.769         (43.6) 

𝛽4𝐻𝐹𝑇14  -1.120     (0.848) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦14                     -14.964         (83.9) 

𝛽4𝐻𝐹𝑇15  -0.983** (0.036) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦15                      4.191             (9.3) 

𝛽4𝐻𝐹𝑇16  -0.832*   (0.833) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦16                      37.634       (111.7) 

𝛽4𝐻𝐹𝑇17  -0.996** (0.091) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦17                      0.923           (16.3) 

𝛽4𝐻𝐹𝑇18  -0.783     (0.483) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦18                     -47.913       (200.6) 

𝛽4𝐻𝐹𝑇19  -0.993** (0.204) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦19                     -11.835       (250.6) 

𝛽4𝐻𝐹𝑇20  -0.504** (0.199) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦20                     -2.829           (26.8) 

𝛽4𝐻𝐹𝑇21  -0.570** (0.138) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦21                     -10.726         (11.8) 

𝛽4𝐻𝐹𝑇22  -0.008     (0.076) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦22                     -19.086         (15.1) 

𝛽4𝐻𝐹𝑇23   1.171      (1.787) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦23                     -2723.319 (1458.1) 

𝛽4𝐻𝐹𝑇24  -0.809** (0.207) 𝛽6 𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦24                      2.028         (141.1) 

**Significant at the 1 % level    *Significant at the 5 % level. Robust standard errors in parentheses. 
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Table B: Robustness test for simultaneous equations system 5.  

 

GMM  𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚𝒊,𝒕    𝑯𝑭𝑻𝒊,𝒕  

Variables    Variables 

𝛽4𝐻𝐹𝑇1  -0.099       (0.613) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦1                 54670.85   (49006.03) 

𝛽4𝐻𝐹𝑇2  -0.945**   (0.209) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦2                510.788         (3851.6) 

𝛽4𝐻𝐹𝑇3  -0.563       (0.427) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦3                -4786.152      (9386.7) 

𝛽4𝐻𝐹𝑇4  -0.985**   (0.117) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦4                -2122.903      (3138.7) 

𝛽4𝐻𝐹𝑇5  -0.843       (0.665) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦5                 40835.43  (288566.3) 

𝛽4𝐻𝐹𝑇6  -0.730**   (0.135) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦6                485.258         (4421.8) 

𝛽4𝐻𝐹𝑇7   -0.328      (0.840) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑡𝑦7                33934.53     (63634.1) 

𝛽4𝐻𝐹𝑇8  -0.076       (0.156) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦8                4550.494       (4743.9) 

𝛽4𝐻𝐹𝑇9  -1.727       (1.196) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦9                -4205.734      (6316.1) 

𝛽4𝐻𝐹𝑇10  -0.904**   (0.101) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦10                -278.729          (286.0) 

𝛽4𝐻𝐹𝑇11  -0.122       (0.413) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦11               13064.23       (9669.2) 

𝛽4𝐻𝐹𝑇12  -0.999**   (0.029) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦12               6.538               (171.1) 

𝛽4𝐻𝐹𝑇13  -0.823**   (0.274) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦13                1466.954       (4632.1) 

𝛽4𝐻𝐹𝑇14  -0.024       (0.099) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦14                -2045.8          (5756.1) 

𝛽4𝐻𝐹𝑇15  -0.975**   (0.032) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦15                -990.385        (1479.0) 

𝛽4𝐻𝐹𝑇16  -0.210       (0.627) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦16                -137.597        (2788.1) 

𝛽4𝐻𝐹𝑇17  -1.000**   (0.027) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦17                -182.171        (1907.1) 

𝛽4𝐻𝐹𝑇18  -0.660       (0.377) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦18               31220.30     (22253.5) 

𝛽4𝐻𝐹𝑇19  -0.132       (0.281) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦19                -4918.458      (5211.2) 

𝛽4𝐻𝐹𝑇20  -0.288**   (0.102) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦20               -82.818          (1554.6) 

𝛽4𝐻𝐹𝑇21  -1.024**   (0.080) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦21               -483.486        (1747.2) 

𝛽4𝐻𝐹𝑇22  -0.971**   (0.168) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦22               2485.573     (12775.2) 

𝛽4𝐻𝐹𝑇23  -0.892*     (0.861) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦23               40828.92   (186417.0) 

𝛽4𝐻𝐹𝑇24  -0.042       (0.154) 𝛽6 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦24               -5627.085      (6837.8) 

**Significant at the 1 % level    *Significant at the 5 % level. Robust standard errors in parentheses. 
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Table C: LM- and Bresuch-Pagan test for OLS regressions, equations 2 and 3. 

 

 

LM test Breusch-Pagan test 

   

 P-value P-value 
 

ABB 0.2342 0.0143** 

Alfa Laval 0.3205 0.2901 

Assa Abloy 0.0854 0.0045** 

Astra Zeneca 0.4105 0.3311 

Boliden 0.7401 0.7601 

Electrolux 0.0033** 0.3989 

Ericsson 0.6801 0.2405 

Getinge 0.4441 0.1565 

Handelsbanken 0.1004 0.4189 

H&M 0.7591 0.2374 

Investor B 0.4203 0.1045 

Kinnevik 0.1507 0.0006** 

Nordea 0.4186 0.8472 

Sandvik 0.1049 0.0061** 

SCA 0.8673 0.0292* 

SEB 0.6221 0.3740 

Skanska 0.7777 0.0014** 

SKF 0.3056 0.2004 

SSAB 0.7715 0.5246 

Swedbank 0.3641 0.0095** 

Swedish Match 0.1635 0.0000** 

Tele 2 0.6678 0.0026** 

Telia 0.6935 0.0120* 

Volvo 0.0401* 0.4312 

 
**Significant at the 1 % level    *Significant at the 5 % level 


