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ural experiment of unifying the tariff structure of the NASDAQ OMX Nordic exchange trading price lists. I test the
hypothesis that if the change of the exchange fees is less
than uncertainties of other trading costs (e.g. cost of future
bid-ask spread), the impact of the change is economically
insignificant.
The third essay presents a quantitative approach to
measure market efficiency, based on the waiting time distribution. Constructing mean-reverting portfolios of crosslisted stocks provides observation of inefficient states by
divergence of price from its mean. The farther the price
diverges from its mean, the quicker the mean-reversion is.
The essay shows that the parameter of the waiting-time
exponential distribution is a good indicator of market efficiency.
The findings presented in the thesis have the potential
to be of interest for investors, regulators, and policy makers internationally.
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Financial markets and the pace of trading have
changed dramatically over the last decade. Stock exchanges have replaced their traditional physical floors
with electronic trading platforms. Most market participants now employ automated, algorithmic strategies,
which are the focus of the present thesis. The thesis consists of introduction and three essays.
In the first essay, I study the impact of algorithmic trading activity on market properties. The analysis is based on
a proprietary dataset from NASDAQ OMX Nordic. The
essay presents a method for causality identification that
does not rely on exogenous events. Separating maker’s
and taker’s activity provides the analysis of causality between traders and market properties. The results identify
two-way causality from the activity of algorithmic liquidity providers to relative bid-ask spread and from bid-ask
spread to the activity of algorithmic liquidity takers.
In the second essay, I study the impact of trading fees
on market properties and activity of traders using the nat-
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1

INTRODUCTION
“First law of robotics: A robot may not injure a human being,
or through inaction, allow a human being to come to harm.”
Isaac Asimov

Trading robots in financial markets are represented by algorithmic trading. This
dissertation contains 3 essays on algorithmic trading, and a brief introduction and
summary of these essays. In this introduction part, the main terms, including market
structure and properties, cost of trading, algorithmic trading, and its impact on the
market are presented. Finally, the novelty and topicality of the essays are summarized.
Exchanges, such as markets for stocks, bonds and derivatives, are platforms for traders
to trade and construct their portfolios based on their beliefs and using various
strategies. The rules of trading together with participants’ trading activity form market
structure and market properties. Based on market structure and properties some
traders make their decisions to trade. If trading decisions are made in a systematic way,
it can be automated. And this type of trading is called algorithmic trading. Obviously,
computers can react faster than humans, so algorithmic trading strategies are often
profiting from short-term market inefficiencies. Short term trading strategies make
algorithmic trading to be sensitive to trading costs. The goal of the present thesis is to
answer some questions on algorithmic trading, including its effect on the market,
trading costs and market efficiency. The introduction part of the thesis is organized as
follows. First, I introduce market structure and properties, and discuss algorithmic
trading. Second, market efficiency and fragility issues are reviewed. Next, various
trading strategies and cost of trading are discussed. A summary of the three essays on
algorithmic trading concludes.
1.1

Market structure and properties

The rules of trading and the exchange facilities constitute the market structure (see e.g.
Harris, 2003). The rules of trading contain regulations for members: how they can
trade, what instruments are traded and trading fees. The exchange facilities include
hardware for trading and they define time limits, speed of trading and members’
technical requirements. If a member wishes to trade, she sends a market or limit order
to the exchange. A market order is executed immediately in compliance with the best
price levels. A limit order has a defined deal price and is placed in the limit order book
queue. In continuous trading, each new buy or sell order is immediately checked for
possible execution against orders on the opposite side of the order-book. Nowadays
most of the exchanges have a structure of an electronic limit order book. In the limit
order book, submitted orders are executed fully or partially, in one or more steps, and
matched according to priority by price, internality, visibility and time.
The description of market properties usually includes limit order-book bid-ask spread,
depth, market liquidity and volatility. Bid-ask spread is the difference between buy and
sell prices. Bid-ask spread is an important measure of a stock’s inherent trading costs.
If a trader wishes to buy and immediately afterwards sell a stock at the existing prices,
he pays the bid-ask spread on top of transaction fees. Depth corresponds to the orders’
price levels available in the order book. Liquidity is a measure of the degree of trade at
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the current price level without affecting the stock price. And volatility corresponds to
the dispersion of price changes.
1.2

Algorithmic Trading

Trading strategies with appointed logic can be automated. Algorithmic trading is a
special type of trading which contains computerized logic from making trading decision
to transaction approval. Algorithmic trading became a popular tool after technological
progress transformed the way assets are traded. Markets that previously utilized
exclusively floor trading had almost been replaced by electronic trading in 2002 (Jain,
2005). The major part of algorithmic trading is in the form of high-frequency trading
(HFT) (Goldstein, Kumar and Graves, 2014; O’Hara, 2015). According to the US
Securities and Exchange Commission (2010a) high-frequency trading usually refers to
short-term trading that generates of large number of trades on a daily basis. Highfrequency trading positions are held for seconds or even for a fraction of a second. In
2009 the HFT volume was estimated to be as much as 73% of all traded volume in the
United States (Financial Times, 2009). Moreover, HFTs are responsible for 60-80% of
price discovery thought their limit orders (Brogaard, Hendershott and Riordan, 2015).
An algorithmic trading system contains a number of modules such as data feeders,
historical databases, risk-management modules, back-testing and trading modules.
Data feeders are connection units between the trader and the stock exchange and
provide updated information about prices, news and market properties. Incoming
information is stored in historical databases for further analysis. Historical databases
are used for back-testing of trading strategies. Successful strategies become part of the
dynamic portfolio controlled by the risk-management module. The risk-management
module distributes the assets and defines the weights for each trading strategy. Finally,
the trading module is connected with the running strategies and it is responsible for
transaction approval.
Algorithmic traders are a significant group in the market and contribute to market
properties, market efficiency, price discovery, and market fragility. Hendershott, Jones
and Menkveld (2011) find that the quoted bid-ask spread and the effective bid-ask
spread have decreased after the implementation of NYSE’s Autoquote. This evidence
applies for large capitalization stocks, while small capitalization stocks do not exhibit a
significant effect. In their study, the change of the market structure by implemented
Autoquote is used as an exogenous instrument to identify the causal effect of
algorithmic traders on market properties. In respect to fast trading, Hendershott and
Moulton (2011) find that reduced execution time raised the cost of immediacy, making
prices more efficient. Furthermore, Hasbrouck and Saar (2013) study whether intraday
volatility influence algorithmic traders or vice versa. They use 10-minute volatility
intervals for NASDAQ stocks and report a negative effect of algorithmic trading on
short-run volatility.
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Figure 1 Traded volume rate is the ratio of algorithmic traded volume to non-algorithmic
traded volume.

The graph shows the trading volume rate in the Scandinavian market in the period Jun
2010 – Nov 2011.
This dissertation contributes to research on algorithmic trading and its impact on the
market. A unique data set allows detailed analysis of both algorithmic traders’ activity,
and their effect on the market. A data set from NASDAQ OMX Nordic for the period 1
Jun 2010 – 30 Nov 2011 provides information to distinguish between algorithmic and
non-algorithmic market participants. The ratio of algorithmic traded volume to nonalgorithmic traded volume during the study period is presented in Figure 1. In the
beginning of 2011 many firms that engage in algorithmic trading entered the
Scandinavian market and produced a boom in algorithmic trading, as algorithmic
trading volume rate doubled. One of the questions studied in the dissertation is how to
identify causality from market properties (e.g. bid-ask spread) to algorithmic trading
activity, or in the opposite direction. Essay 1 discusses the question of causality and
suggests a solution that does not require the use of exogenous events. In addition, my
results suggest that the activity of algorithmic traders in the market has no harmful
effects on market quality.
1.3

Market Efficiency

The efficient market hypothesis states that market prices reflect all available
information, and new information changes prices immediately (Fama, 1970).
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Hendershott and Riordan (2013) find that algorithmic trading quotes and orders
contain information, and that they contribute more to price efficiency than humans. If
information comes during trading hours, it takes time for traders to analyze news and
respond to them. The new generation of algorithms takes the role of news analysts and
reacts faster than humans to information inflows. In this dissertation in Essay 3, an
inefficiency indicator is introduced and tested. The level of market inefficiency is
estimated from divergence of the price from the mean pairs trading strategy. High
trading activity at the inefficiency states pushes the prices towards their equilibrium
relation. Due to high trading activity, the duration between trades becomes shorter. In
Essay 3, a waiting time distribution is suggested as a measure of market efficiency.
1.4

Market Fragility

On Thursday May 6, 2010, the US market dropped 9% within ten minutes and
recovered back 20 minutes later. This event is known as the “Flash Crash”. The US
Securities and Exchange Commission (2010b) attributed the crash to algorithmic
trading selling activity. As a consequence, in the media algorithmic traders were
blamed as a source of market fragility. Meanwhile, Kirilenko et al. (2015) report in a
recent study that fast reacting algorithms had no role in the “Flash Crash”. However,
securities regulators worry about algorithmic trading activity and possible similar
crashes, and acknowledge the importance of algorithmic trading research. This
dissertation sheds light on the impact of algorithmic trading activity on market
properties. I further describe trading strategies and trading systems used in algorithmic
trading environments.
1.5

Trading Strategies

Trading strategies implemented by algorithmic traders are usually divided into three
groups: market making strategies, opportunistic strategies and execution strategies
(SEC, 2010a; Hagstromer and Norden, 2013; Johnson, 2010).
Market making refers to the submission of limit orders in a limit order-book. Market
makers provide bid-ask prices for investors who would like to trade immediately,
accepting the existing share prices. The U.S. Security and Exchange Commission
defines “market maker” as a firm that stands ready to buy and sell a particular stock on
a regular and continuous basis at a publicly quoted price. This definition is mostly used
for over-the-counter markets. In pure limit order book markets any participant who
place a limit order in the limit order-book acts as a market maker providing liquidity
and profiting from the bid-ask spread. In this thesis I focus on liquidity providers,
which are also called liquidity suppliers or makers.
Opportunistic strategies profit from market inefficiencies and price patterns. One of the
commonly used opportunistic strategies is arbitrage trading. An arbitrage trading
strategy profits from price discrepancies of the same assets, traded instruments or
portfolios. Existence of arbitrage profits is a property of an inefficient market. Arbitrage
trading algorithms are searching for arbitrage possibilities and profit from price
discrepancies. Due to algorithmic traders, arbitrage possibilities exist for a short time
and for most of the time the market is efficient. The existence of arbitrage opportunities
can be used as an indicator of inefficient of the markets. Essay 3 presents this approach
using statistical arbitrage trading strategies.
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One of the important types of algorithms is represented by execution strategies.
Execution strategies are used to trade large blocks of shares by splitting the blocks into
small parts to avoid bursts in liquidity. The aim of the algorithmic trader is to minimize
market impact of the large blocks of shares and to minimize the cost of trading. The
most popular execution strategies are volume weighted average price (VWAP) and time
weighted average price (TWAP) strategies. These strategies buy when the price of an
asset is below the average price and sell when it is above.
1.6

Costs of trading

The costs of trading can be divided to visible and invisible costs (Treynor, 1994). The
visible (or explicit) costs include exchange commissions and taxes, which are easy to
measure. Exchange commission is the fee for execution and clearing services. Exchange
commission usually varies for different market participants and depends on trading
volumes, liquidity provision and type of access. The explicit costs are known
beforehand, but the invisible costs are harder to measure and control. The invisible (or
implicit) costs are market impact, price trending, timing risk and opportunity risk.
Market impact is the effect of buying or selling trades on the market. Every submitted
order has impact on market properties. A large market order has a large effect on the
price as it removes a lot of liquidity, and causes the order book to dry up. Typically the
larger the order submitted, the larger the market impact is. Price trending costs
correspond to upward and downward trends which increase trading costs of buying and
selling, respectively. Timing risk reflects the challenge in timing an order when the
asset is very volatile and the price may move in an unfavorable direction. Finally, the
opportunity cost implies that orders may not always be completed 100 percent. This
may be due to passive trading or bad market conditions. In addition to visible (taxes
and exchange commissions) and invisible (market impact, price trending, timing risk
and opportunity risk) costs there are intermediate costs like spread costs and delay
costs. As was mentioned above, spread costs are compensation to liquidity providers.
The more liquid is the asset, the smaller is the spread. The spread is simple to measure
for a one lot trading execution, but when a large order is split up then spread cost
estimation becomes more complicated. The delay cost measures the price change from
the initial decision to invest to the time when the order is sent for execution. All these
costs affect trading strategy decision making. Essay 2 shows that invisible costs of
trading can be higher than the visible ones which apply to market participants.
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2

SUMMARY OF THE ESSAYS

This dissertation contains three essays on algorithmic trading. The first essay discusses
the impact of algo-traders on market properties. The second is a study of trading costs
and exchange tariff structures. The third essay uses a standard algorithmic trading
strategy to describe quantitatively market inefficiency. The following sections provide
summaries of the essays.
2.1

Essay 1: “Algorithmic trading activity and market properties”

The present essay studies the impact of algorithmic trading activity on market
properties. The main market properties of bid-ask spread and the value of limit order
book levels are used. The analysis is based on a unique data set from the NASDAQ
OMX Nordic, which allows analyzing makers and takers separately. The paper suggests
a way to test causality between algorithmic trading activity and market properties.
Previous research (e.g. Hendershott, Jones and Menkveld, 2011) use exogenous events
to define causality. This essay presents a method for causality identification that does
not rely on exogenous events. Separating maker’s and taker’s activity provides the
analysis of causality between traders and market properties. The results identify twoway causality from the activity of algorithmic liquidity providers to relative bid-ask
spread and from bid-ask spread to the activity of algorithmic liquidity takers. I find that
the activity of algorithmic traders has no harmful effects on market quality. In addition,
I divide market participants into three categories by traders’ preferred price lists. The
analysis of the trader groups shows that large and small size algorithmic traders’
activity depends on market properties, and middle size traders make the market.
The analysis is based on a proprietary dataset, kindly provided by NASDAQ OMX
Nordic research group. To be specific, the paper analyzes the effect of trading fee
changes by looking at an 18-month window from 1 June 2010 to 30 November 2011.
Information about cancelled orders is used for robustness checks. Cancelled orders,
which are separated from executed and acknowledged (partly executed) orders,
correspond to liquidity suppliers’ activity.
In conclusion, essay 1 makes a contribution to the studies on algorithmic trading
participants and their effect on the market. The novelty of the paper is a method for the
algorithmic trading impact analysis avoiding exogenous events. In addition,
segregating market participants by traders’ price list preferences allows answering the
question: who is following the market?
2.2

Essay 2: “Exchange fees as a cost of trading at NASDAQ OMX”

The present essay discusses the impact of trading fees on market properties and activity
of traders. The trading fees price list structure at NASDAQ OMX Nordic cash market
was changed on March 1, 2011. In this essay, I use a similar data set as in Essay 1 from
the two exchanges in Stockholm and Helsinki.
The research topic is important, given recent growth of algorithmic trading which
initiates competition among trading platforms. This competition has triggered a sharp
decline in trading fees (Colliard and Foucault, 2012). Trading platforms often charge
different fees for liquidity suppliers (makers) and liquidity demanders (takers).
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Malinova and Park (2015) study the impact of make/take fees on market quality on the
Toronto Stock Exchange. They find that a breakdown total fee on maker rebate and
taker fee structure does not matter for liquidity. This is studied theoretically by Colliard
and Foucault (2012), who show that only changes in the total trading fee (maker and
taker fee together) retained by the exchange affect liquidity and trading volume.
Empirical study by Cardella, Hao, and Kalcheva (2015) shows that a change in the total
fee has no effect on both the quoted spread as well as the net-of-fees spread in the U.S.
equity market. Reporting results from the option markets, Anand, Hua and McCormick
(2016) present that the introduction of the make-take structure improves outcomes for
investors. Foucault, Kadan and Kandel (2013) develop a model that provides an
explanation for maker/taker pricing. They argue that lower trading fees will increase
the trading rate under some conditions, e. g. when the level of competition among
liquidity providers is low compared to that among liquidity demanders. Meanwhile,
there is a lack of empirical evidence of the fees’ impact on market participants and
market properties. In the present paper, I cover partly this empirical gap by studying
the impact of fees change on algorithmic traders, market quality and market activity.
The present study uses difference-in-differences regression methodology. After the first
time the difference-in-differences approach was presented by Ashenfelter and Card
(1985), the method has been commonly used as well in event studies on exchange fees
(see e.g. Malinova and Park, 2015). For each security in the sample, daily liquidity and
market activity measures are computed.
The essay is based on the natural experiment of unifying the tariff structure of the
NASDAQ OMX Nordic change trading price lists. The change constituted a ten percent
decrease in value-based fee in the Stockholm and Helsinki stock exchanges. I test the
hypothesis that if the change of the exchange fees is less than uncertainties of the other
trading costs, the impact of the change is economically insignificant. Using spread cost
uncertainty, I show that its mean squared error is several times higher than the price
list changes. Absence of positive and significant impact of the fee reduction on
algorithmic trading activity may indicate an inefficient price list structure.
The paper contributes to the studies on algorithmic trading and exchange fees, and the
results can be used by regulators and exchanges who consider the structure of trading
tariffs.
2.3

Essay 3: “Waiting-time distribution and market efficiency: evidence
from statistical arbitrage”

One of the commonly used algorithmic trading strategies is statistical arbitrage (or
pairs trading). Pairs trading strategy is taking a profit from short term price
discrepancies observed on the spread between two assets with the same source of
randomness (Gatev, Goetzmann and Rouwenhorst, 2006; Perrin, 2009). The strategy
is studied recently (Elliott, Van Der Hoek and Malcolm, 2005; Triantafyllopoulos and
Montana, 2011) and arises as a topic of market efficiency. In the paper we use level of
mispricing in statistical arbitrage trading as an indicator of market inefficiency.
Meanwhile, the transaction duration (or waiting time) depends on the level of
mispricing. The essay presents a quantitative approach to measure efficiency, based on
the waiting time distribution.
The paper shows the impact of the waiting-time distribution on market efficiency by
constructing two spreads between cross-listed stocks. The first spread is built around
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the two classes of ordinary shares of Royal Dutch Shell Plc: RDS.A and RDS.B. The
second spread is between two highly correlated listings of the Australia and New
Zealand Banking Group Limited (ANZ) traded in Sydney on the Australian Stock
Exchange (ANZ.AX) and in Wellington on the New Zealand Stock Exchange (ANZ.NZ).
To measure the level of mispricing in statistical arbitrage, the continuous time random
walk (CTRW) approach is used (Scalas, 2006; Mainardi, 2000). Two main forms of
CTRW have been recently described to model prices of financial assets: a Markovian
(memoryless) and a non-Markovian model. The CTRW Markovian equation describes
the standard dynamic to model the price of financial instruments. The model can be
seen as a generalization of the geometric Brownian motion as it uses the asset return
distribution as the unique driver to model the price fluctuation of an asset over time.
The non-Markovian CTRW is an extension of the Markovian CTRW, where both the
waiting-time and the asset returns are modelled stochastically.
The paper shows that inefficient price states outside of the optimal barrier levels
rapidly converge back to the efficient price states within the optimal boundaries. The
farther the spread diverges from its mean, the quicker the mean-reversion is. We find
that the parameter of the waiting-time exponential distribution is a good indicator of
market efficiency.
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Essay 1:

Algorithmic trading activity and market properties
Sergey Osmekhin
Department of Finance and Statistics, Hanken School of Economics
P.O. Box 479, FI-00101, Helsinki, Finland

Abstract:
Using a unique data set from NASDAQ OMX Nordic, the present paper studies the
impact of algorithmic trading activity on market properties. Analyzing the activity of
liquidity suppliers and liquidity takers provides causal identification between market
properties and trading activity. This paper presents a method for algorithmic trading
impact analysis that does not rely on exogenous events. I find that the joint activity of
algorithmic trading participants has no harmful effect on market properties. In
addition, the distinction of market participants by traders’ price list preferences allows
answering the question: is it big or small participants that are following market
properties?
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1 Introduction
Impetuous technological development has transformed financial markets and altered
the way assets are traded. Trading floors have almost completely been replaced by
electronic trading platforms (Jain, 2005). The highly automated trading process has
changed trading risks and brought a new set of benefits and problems. The benefits
include fast execution process, effective hedging, low costs, more efficient prices and
high liquidity provided by trading programs. The problems arise in new types of risks,
like machinery risks and manipulation risks. Nowadays, many market participants
employ various automated algorithmic strategies, profiting from low latency
infrastructure. Due to a rapid technological progress, algorithmic trading (AT)
exhibited fast growth during the past decade. Using computerized algorithms, some of
the participants base their trading strategies on fast information updating and sending
several limit or market orders per second. This fast speed of sending, modifying and
cancelling of orders is referred to as High-Frequency Trading (HFT).
The growing community of algorithmic traders has given rise to a list of questions
about their effect on markets. As noted by Abergel et al (2012), the hot debates in the
media sometime arrive at opposite views. Algorithmic traders, especially highfrequency traders, are considered both market predators and a market necessity.
Scientific research was activated during the last few years to study effects on market
properties (liquidity, volatility and price discovery) by algorithmic traders.
Hendershott, Jones and Menkveld (2011) find that quoted bid-ask spread and effective
bid-ask spread decreased after the implementation of NYSE’s Autoquote. This evidence
was found for large capitalization stocks, while small capitalization stocks did not
exhibit a significant effect. Hasbrouck and Saar (2013) study whether volatility
influences algorithmic traders or vice versa. They use 10-minute volatility intervals for
NASDAQ stocks and find that algorithmic trading decreases short-run volatility.
Hendershott and Moulton (2011) find that reducing the execution time raised the cost
of immediacy, making prices more efficient.
Algorithms react faster to news than humans. Hendershott and Riordan (2013) address
the question of whether trades and quotes posted by algorithmic traders contain
information on equity value. They find that algorithmic traders contribute to price
discovery. Brogaard, Hendershott and Riordan (2013) examine the role of HFT in price
discovery and show that overall HFTs increase the efficiency of the market. Riordan
and Storkenmaier (2013) show that decreasing the latency in a market leads to
increased liquidity in small and medium sized stocks.
Fast growth of algorithmic trading spurs competition among trading platforms. This
competition has triggered a sharp decline in trading fees (Colliard and Foucault, 2012).
Trading platforms often charge different fees for primary counterparty and secondary
counterparty. Often the primary counterparty that first enters a price in the order book
(so-called “maker”) obtains a rebate from the limit order or pays a lower fee than the
secondary counterparty accepting an existing price (so-called “taker”). Hagströmer and
Norden (2013) study the behavior of market making HFT and opportunistic HFT at
NASDAQ OMX Stockholm and find that market makers constitute the lion’s share of
HFT trading volume (63-72%) and limit order traffic (81-86%). Malinova and Park
(2016) study the impact of make/take fees on market quality on the Toronto Stock
Exchange. They find that a breakdown of exchange fees into maker-taker fees does not
matter for liquidity, but that the total fee matters. This was predicted earlier by Colliard
and Foucault (2012), who show that only changes in the total trading fee (maker and
taker fee together) retained by the exchange affect liquidity and trading volume.
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Foucault, Kadan and Kandel (2013) develop a model which provides an explanation for
maker/taker pricing. They argue that lower trading fees will increase the trading rate
under some conditions, e. g. when the level of competition among liquidity providers is
low compared to that among liquidity demanders.
Due to the arrival of algorithmic traders at the Scandinavian market, algorithmic
trading activity was increased by factor of roughly 2 in 2011. A unique dataset allows
distinguishing algorithmic trading and non-algorithmic trading participants by
algotrading discounts granted by the exchange. The traded ratio of algorithmic trading
volume to non-algorithmic trading volume during the period June 2010- Nov 2011
shows the upward trend of a half-year time period which is followed by a flat ratio
period and is reaching a plateau level around July 2011. Since then, the ratio between
algorithmic and non-algorithmic traders has stayed at the same level as in July 2011.
This paper contributes to the literature on algorithmic trading and market properties.
Previous studies use exogenous events to solve the causality problem. Hendershott,
Jones and Menkveld (2011) use the New York Stock Exchange automated quote
dissemination as an exogenous instrument to measure the causal effect of algorithmic
trading on bid-ask spread and market liquidity. Riordan and Storkenmaier (2012)
study the latency effect on the market using Deutsche Boerse trading system update in
2007. The empirical strategy of the present paper does not rely on exogenous events.
The strength of the analysis lies in the unique data set provided by NASDAQ OMX
Nordic. First, the data set allows distinguishing algorithmic trading participants from
the other traders. Second, participants which provide and remove liquidity are analyzed
separately. Finally, distinction between execution, acknowledged and cancellation
orders together with Granger causality tests are used for robustness analysis and
causality identification. The results identify causality both from the activity of
algorithmic market makers to relative bid-ask spread and from relative bid-ask spread
to the activity of algorithmic market takers. Furthermore, algorithmic trading activity
has no harmful effects on market properties, but rather it improves the quality of the
market.
Besides the discount awarded to algorithmic traders, market participants are treated
separately by their exchange price list preferences. I find that large and small size
algorithmic liquidity suppliers and liquidity takers follow the information in the spread
size in liquid stocks. Makers become more active when the spread is large and takers
trade when the spread is low. There are no significant effects in the mid-sized or small
stocks groups.
The paper proceeds as follows. In Section 2, the structure of the trading fees at
NASDAQ OMX Nordic is described. Section 3 presents data specification, models and
the research methodology. Section 4 presents and discusses the results. Finally, Section
5 concludes. Some additional clarifying material is found in the Appendix.

2 NASDAQ OMX Nordic
The NASDAQ OMX Group is a global financial service corporation which operates
exchanges that deliver trading, clearing and exchange technology. This study focuses on
NASDAQ OMX Nordic, especially on the divisions in Copenhagen, Helsinki and
Stockholm. Since 2010, NASDAQ OMX's INET technology provides infrastructure for
algorithmic trading with microsecond speeds, and high reliability and capacity. The
amount of algorithmic trading has increased significantly with this new
implementation. OMX reports a boom in algorithmic trading during the last five years,
with a five-fold increase from 10% to 50% of all trades (Kauppalehti 2012).
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NASDAQ OMX Nordic trading rights are given to members of the exchange.
Participants need to apply for membership separately for each of the exchanges within
NASDAQ OMX Nordic. The exchanges distinguish between Direct Market Access
(DMA) and Algorithmic Trading accounts. DMA entitles a member to route
electronically and automatically clients’ orders directly to the NASDAQ trading system
through the use of internet or other technical connections between the trading member
and the client. Algorithmic Trading account entitles a member to trade through
automated trading facilities in the form of placement, change, or cancellation of orders
in the order book. A special form of automated trading account (AUTD) can also be set
up to handle automatic trading. Such an account entitles to a discount according to the
operational price list. The difference between Automated trading right and an AUTD
account is that AUTD is to be used for purely automated trading, i.e. common
execution algorithms are not eligible for this account type.1
In continuous trading, each new incoming order is immediately checked for execution
against orders on the opposite side of the order book. Orders can be executed in full or
partially, in one or more steps. Orders in the order book will be matched according to
the priority by price, internality, visibility and time. The priority order at the same price
level is first internal (where the incoming order is executed against the member’s own
orders), then displayed volume over non-displayed volume, and then the time when the
order was sent to the order book. Non-displayed volume may either be part of a reserve
order, so-called “iceberg order”, or a fully non-displayed order. During the sample
period, due to the unifying of tariff across the exchanges, there were price list changes
which have no significant effect on trading activity (Osmekhin, 2016).
Figure 1 presents the trading volume ratio of algorithmic trading to non-algorithmic
trading participants’ volumes. To avoid daily observation noisiness, the graphs are
presented for a weekly frequency, where each week contains 5 trading days in a row.
During the 5-month period the traded volume rate between algorithmic and nonalgorithmic participants increased roughly by a factor of 2. The 5 months of algorithmic
trading growth increased the traded volume rate from 0.27 to 0.58.

3 Data Specification and Methodology
Data specification
The analysis is based on a unique and proprietary dataset, kindly provided by the
NASDAQ OMX Nordic research group. The paper uses an 18-month window from 1
June 2010 to 30 November 2011. Trading days that have no trades at one of the
exchanges at NASDAQ OMX Nordic (an example is country specific holidays) are
excluded from the sample. The full sample contains 377 trading days.
The data provided by NASDAQ OMX Nordic contains the following variables:
(1) Date (2) Order book (3) Executions (4) Cancels (5) Account Type (6) Liquidity (7)
Volume (8) RTWAS (9) TVOB Volume (10) TVOB Euro (11) TVOA Volume (12) TVOA
Euro (13) LastEUR (14) OpenEUR (15) HighEUR (16) LowEUR (17) MarketCapEUR
“Date” is a date variable for the period 1 Jun 2010 – 30 Nov 2011. “Order book” is the
NASDAQ trading symbol for a stock. “Acks” is the amount of partial executed and then
cancelled orders. “Executions” is the amount of orders which were executed completely,
and “Cancels” is the amount of orders which were cancelled without any partial
1 Technical information is taken from NASDAQ website. For additional details please visit
www.nasdaqomx.com
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execution. “Account type” contains information about member account type and price
list specification, including algorithmic trading discount properties. “Account type”
allows distinguishing automated traders with discounted price list from the others. The
“Liquidity” variable captures whether the trade is adding or removing liquidity.
“Account type” and “Liquidity” are cross-sectional variables. “Volume” is the traded
amount of the security. “RTWAS” corresponds to relative time weighted average
spread. “TVOB Volume” and “TVOA Volume” are total volume value of best and all
levels in orderbook, respectively. “TVOB Euro” and “TVOA Euro” are total value in
Euro of best and all levels in orderbook, respectively. If the trades are in different
currencies, the daily FX rates from the Swedish Central Bank are used to convert all
amounts into Euros. There is detailed information about RTWAS, TVOB and TVOA in
Appendix A. Finally, the last fields contain information about Last/Open/High/Low
prices and Market Capitalization for each stock.
Sample selection
The total amount of traded symbols on NASDAQ OMX Nordic is over 7000 during the
sample period of 1 Jun 2010 – 30 Nov 2011. I follow the filtering procedure in
Hendershott, Jones and Menkveld (2011), and retain only instruments which have at
least 21 trades during each trading day. Stocks with an average close share price of less
than €2 are removed from the sample, as are stocks with an average close share price of
more than €500. The resulting sample contains daily observations for 182 stocks.
Stocks are sorted into terciles based on the total traded turnover during the period.
Tercile 1 refers to large traded turnover stocks and terciles 2 and 3 correspond to midsized and small-size traded turnover stocks, respectively. Appendix B presents a listing
of the stocks in each tercile.
Table 1 shows summary statistics for all terciles. Terciles T1 and T2 both contain 61
stocks, 377 days and 22997 observations, and tercile T3 contains 60 stocks and 22620
observations.
Exchange Trading Framework
In the exchange trading, I consider four main groups of traders: Non-Algorithmic
Makers, Non-Algorithmic Takers, Algorithmic Makers and Algorithmic Takers.
Considering the activity of the traders, I assume that increased traded volume within
each group indicates an increase in trading activity for that group. If an Algorithmic
Taker trades with an Algorithmic Maker, both groups’ volumes increased. In this case,
algorithmic liquidity provider and liquidity taker activities increase. If an Algorithmic
Taker trades with a Non-Algorithmic Maker, the activity of the algorithmic liquidity
taker and the non-algorithmic liquidity provider groups increase, but the activity of the
algorithmic liquidity provider and the non-algorithmic liquidity taker groups remain
unchanged.
Panel Regression Methodology
For each security in the sample, daily liquidity and market activity measures are
computed. For each measure, the following regression model is estimated:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ ߙ   ߚ Ԣ ܸ௧     ߜ Ԣ ܺ௧    ߝ௧ ǡሺͳሻ
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where the Dependent Variableti is market property measures RTWAS, TVOB and TVOA
(relative time weighted average spread, total value of best and all levels, respectively)
for stock i at day t. Vit is a vector of explanatory variables. The choice of explanatory
variables is discussed below. Xit is a vector of variables including share Turnover,
Volatility, Log Price and Log Market Cap, which are controlled for in the regressions.
Turnoverit is traded volume; Volatilityit is a proxy for the volatility of stock i at day t
(we use log difference of the high and low prices at day t as a proxy for volatility); Log
Market Capit is the log of market capitalization of stock i at day t; Log Priceit is the log
of the close price. The regression analysis is performed for the full sample, and
separately for all terciles. Firm fixed effects are included. Reported standard errors are
robust to general cross-section and time-series heteroskedasticity and within-group
autocorrelation.
Granger causality tests
To identify causality between bid-ask spread and algorithmic traders’ activity, Granger
causality tests are implemented. The following regression model is used to identify
causality from the activity of algorithmic maker and taker to relative bid-ask spread:
ܴܹܶܵܣ௧ ൌ ߙ   ߚଵǡ ή ݕݐ݅ݒ݅ݐܿܣݎ݁݇ܽܯ݈݃ܣǡ௧ି   ߚଶǡ ή ݕݐ݅ݒ݅ݐܿܣݎ݈݁݇ܽܶ݃ܣǡ௧ି 




 ߜ Ԣ ܺ௧    ߝ௧ ǡሺʹሻ


where k is the number of lags from 1 to 4. Xit is a vector of variables including Volatility,
Log Price and Log Market Cap, which are controlled for in the regressions. Fixed
effects are included. Reported standard errors are robust to general cross-section and
time-series heteroscedasticity, and within-group autocorrelation.
To identify causality from spread to algotrading activity, the following regression is run:
ݕݐ݅ݒ݅ݐܿܣ௧ ൌ ߙ   ߚ ή ܴܹܶܵܣǡ௧ି    ߜ Ԣ ܺ௧    ߝ௧ ǡሺ͵ሻ




where the Activity variable is activity of algorithmic market Makers or Takers; and k is
the number of lags from 1 to 4.

4 Results and discussion
4.1 Algorithmic and non-algorithmic trading volumes
In the first step, the relative bid-ask spread and values of the limit order book are
explained by algorithmic and non-algorithmic trading turnover, volatility, log price and
log market capitalization. I use a version of equation (1), given in equation (4):
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ ߙ  ߚ ή ݈ܶ݃ܣݎ݁ݒ݊ݎݑ௧  ߚଵ ή ݈ܶ݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧ 
ߜ ή ܸݕݐ݈݅݅ݐ݈ܽ௧  ߜଵ ή ݁ܿ݅ݎܲ݃ܮ௧  ߜଶ ή ܽܥݐ݁݇ݎܽܯ݃ܮ௧  ߝ௧ ǡሺͶሻ
where Dependent Variableit is one of the market property measures RTWAS, TVOB
and TVOA. TurnoverAlgo and TurnoverNonAlgo are traded volumes by algorithmic
and non-algorithmic participants, respectively. Table 2 presents the results of the
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regression for all three dependent variables. The activity of algo and non-algo traders
decreases the bid-ask spread in the full sample and all terciles. This result is consistent
with Hendershott, Jones, and Menkveld (2011). Meanwhile, it raises the question of a
reverse causality problem. Does traders’ activity reduce relative spread? Or do market
participants react to the value of the spread? If trading algorithms decrease the relative
bid-ask spread, algorithms should place limit orders inside the existing bid-ask spread.
If a smaller bid-ask spread increase algorithmic trading volumes then algorithmic
traders should be on the takers’ side, consequently accepting existing prices. Another
possible outcome is that the previously placed limit order by the algorithmic trader is
executed, but this action likely increases the bid-ask spread, as the trade is initiated by
liquidity takes. To answer the above questions, the turnover variable is sorted according
to the liquidity taker and liquidity provider in the next section.
The variable RTWAS as a measure of the bid-ask spread depends on volatility and is
highly statistically significant. Table 2 indicates a significant reduction of the total value
of the all levels in orderbook (TVOA) by algorithmic trading activity, and a significant
increase of the TVOA by non-algorithmic trading activity. Similar effects are observed
in total value of best levels in terciles T1 and T2.
To identify causality, new variables of added and removed liquidity are included in the
regression analysis in the next section.
4.2. Add and remove liquidity
In the second step, I decompose the traded turnover into two main components:
remove and add liquidity turnovers. Table 3 shows the results of the following
regression:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ
ൌ ߙ  ߚ ή ܶݍ݅ܮ݁ݒܴ݈݉݁݃ܣݎ݁ݒ݊ݎݑ௧  ߚଵ ή ܶݍ݅ܮ݀݀ܣ݈݃ܣݎ݁ݒ݊ݎݑ௧ 
ߚଶ ή ܶݍ݅ܮ݁ݒܴ݈݉݁݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧  ߚଷ ή ܶݍ݅ܮ݀݀ܣ݈݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧ 
 ߜ Ԣ ܺ௧    ߝ௧ ǡሺͷሻ


where the Dependent Variableit is market property measures RTWAS, TVOB and
TVOA. TurnoverAlgoRemoveLiq, TurnoverAlgoAddLiq, TurnoverNonAlgoRemoveLiq
and TurnoverNonAlgoAddLiq are traded volumes by algorithmic and non-algorithmic
participants who remove and provide liquidity, respectively. Xit is a vector of variables,
including Volatility, Log Price and Log Market Cap, which are controlled for in the
regressions. Even though TurnoverAlgoRemoveLiq and TurnoverAlgoAddLiq are
correlated, these variables contain different information about the dependent variables,
and both are therefore included in the regression analysis.
The analysis in Table 3 rests on the assumption that trading activity causes bid-ask
spread and limit order book levels. The additional knowledge on Taker’s and Maker’s
properties allows identifying causality.
Takers, who remove liquidity, enter their market orders while accepting the existing
price. The effect of Takers’ activity is an increased bid-ask spread, where I would expect
β̂0>0 and β̂2>0. In case of negative regression coefficients, β0<0 and β2<0, the
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proposition that Takers’ activity causes bid-ask spread is disproved, and causality from
the bid-ask spread to Taker’s activity is presumed. Similarly, the Takers’ activity also
decreases the total value of all levels in the order book; and in case of a positive
regression coefficients, causality from the variable TVOA to Taker’s activity is
identified.
Makers, who add liquidity, put their limit orders aggregating the order book and
suggest to Takers their trading prices. The effect of the Maker’s activity is decreased
bid-ask spread, where I would expect β̂1<0 and β̂3<0. In case of positive regression
coefficients, β1>0 and β3>0, the proposition is disproved, and causality from the bid-ask
spread to the Maker’s activity is presumed. Similarly, the Maker’s activity also increases
the total value of all levels in the order book; and in case of a negative regression
coefficient, causality from the TVOA variable to Maker’s activity is identified.
The results of the regressions shows that algorithmic trading liquidity providers’
activity has no impact on the relative bid-ask spread. Nevertheless, activity of the
algorithmic traders, who remove liquidity, significantly decreases the spread. This
result allows investigating causality between traders’ activity and market properties
from the market data.
4.3. Market makers
When making a decision to place a limit order in the orderbook, the market participant
takes the role of a market maker on one side of the limit orderbook. Each limit order, if
it is not executed, is cancelled at the end of the trading day. During the trading day,
market makers can move their limit orders inside the limit orderbook by cancelling an
old order and placing a new one with an updated price. To check whether algorithmic
trading market makers have an impact on market quality the following regression is
run:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ
ൌ ߙ  ߚ ή ܶܯܯ݈݃ܣݎ݁ݒ݊ݎݑ௧  ߚଵ ή ܶܯܯ݈݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧ 
 ߜ Ԣ ܺ௧    ߝ௧ ǡሺሻ


where Dependent Variableit is one of the market property measures RTWAS, TVOB
and TVOA. TurnoverAlgoMM and TurnoverNonAlgoMM are traded volumes by
algorithmic and non-algorithmic makers, respectively. Xit is a vector of variables
including Volatility, Log Price and Log Market Cap, which are controlled for in the
regressions.
Table 4 shows the results of the regressions. Algorithmic liquidity providers have a
negative and significant effect on RTWAS within the large stocks’ group. Nonalgorithmic traders’ activity has significant impact on the relative bid-ask spread in all
groups. Causality from value of all levels in order book to the activity of algorithmic
liquidity suppliers is identified. Algorithmic makers fill up empty order books,
decreasing bid-ask spread and providing trading cost reduction for the price takers.
This describes a positive impact of algorithmic trading on market properties.

21

Robustness checks
For a robustness check of the liquidity providers’ activity, the cancellation orders are
considered as an explanatory variable. Makers place and cancel their orders according
to new market information. For robustness check of the results that algorithmic
liquidity providers’ activity reduce relative bid-ask spread, the following regression is
run:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ
ൌ ߙ  ߚ ή ݈݃ܣݏݎ݁݀ݎܱ݈݁ܿ݊ܽܥ௧  ߚଵ ή ݈݃ܣ݊ܰݏݎ݁݀ݎܱ݈݁ܿ݊ܽܥ௧ 
 ߜ Ԣ ܺ௧    ߝ௧ ǡሺሻ


where Dependent Variableti is one of the market property measures RTWAS, TVOB
and TVOA. CancelOrdersAlgo and CancelOrdersNonAlgo are number of order
cancellations by algorithmic and non-algorithmic participants, respectively. Xti is a
vector of variables including Volatility, Log Price and Log Market Cap, which are
controlled for in the regressions.
Table 5 shows the results of the regression analysis. Algorithmic traders’ cancelation
orders activity decreases relative bid-ask spread in large stocks. There is no significant
impact on the bid-ask spread by non-algorithmic trading activity. The present results
allow identifying the causality from algorithmic trading liquidity suppliers’ activity to
relative bid-ask spread and from relative bid-ask spread to algorithmic liquidity takers’
activity.
I further study the direction of causality be employing equations (2) and (3). Table 6
shows Granger causality test results to identify predictability from algorithmic trading
activity to spread and from spread to trading activity. In large stocks tercile T1,
algorithmic Makers’ activity causes the spread change. High Makers’ activity in trading
T1 stocks leads to a smaller bid-ask spread. The Granger causality from bid-ask spread
to activity of both Makers and Takers is also identified. In medium and small stocks’
terciles, significant coefficients for the Granger causality test were found for
predictability from spread to activity of Makers and Takers.
Algorithmic makers and takers trade at the same market, changing its properties. On
the one hand, higher activity of the algorithmic liquidity suppliers decreases relative
time weighted average spread; on the other hand the decreased relative weighted
average spread increases the activity of the algorithmic takers. The following section
addresses the question: what is the total impact of algotrading on the relative bid ask
spread?
4.4 Impact of algorithmic makers and takers together
Analyzing the total impact of algotrading (makers and taker together) on the market
properties, we introduce a new variable:
ܶܶ݁ݐܴܽݎ݁ݒ݊ݎݑȀؠ ܯ

ܶݏݎ݈݁݇ܽܶ݃ܣݎ݁ݒ݊ݎݑ
ǡ ሺͺሻ
ܶݏݎ݁݇ܽܯ݈݃ܣݎ݁ݒ݊ݎݑ
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The Dependent Variable is the ratio of the turnover of Algorithmic trading takers to
makers. The variable increases when the relative activity of Takers is going up, and
decreases when the relative activity of Takers declines. The following regression is run:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ ߙ  ߚ ή ܶ݁ݐܴܽݎ݁ݒ݊ݎݑ

ܶ
  ߜ Ԣ ܺ௧    ߝ௧ ǡ
ܯ௧

ሺͻሻ



where the Dependent Variableti is one of the market property measures RTWAS, TVOB
and TVOA. Xti is a vector of variables including Turnover, Volatility, Log Price and Log
Market Cap, which are controlled for in the regressions.
The results of the regressions are presented in Table 7. Increase of the relative activity
of the takers has no significant effect on the relative bid-ask spread. I thus fail to find a
harmful effect of the activity of algorithmic makers and takers together on the market.
My evidence indicates that algorithmic traders do not have a detrimental effect on the
market. Turnover rate coefficient is negative and significant for RTWAS dependent
variable only for small stocks from tercile T3 where activity of algorithmic trading is
low.
4.5 Who is following the market?
Market participants are sorted by their price list preferences. Small participants choose
Price List I (PL1) with a smaller monthly fee but higher transaction costs. Mid-size and
large-size market participants choose Price List II (PL2) and Price List III (PL3),
respectively. Table 8 present the results of the following regression:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ
ൌ ߙ  ሺߚǡ  ή ݆ܶܮܲݎ݁݇ܽܯ݈݃ܣݎ݁ݒ݊ݎݑ௧  ߚଵǡ  ή ݆ܶܮܲݎ݈݁݇ܽܶ݃ܣݎ݁ݒ݊ݎݑ௧ ሻ 


 ሺߚଶǡ  ή ݆ܶܮܲݎ݁݇ܽܯ݈݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧  ߚଷǡ  ή ݆ܶܮܲݎ݈݁݇ܽܶ݃ܣ݊ܰݎ݁ݒ݊ݎݑ௧ ሻ


 ߜ Ԣ ܺ௧    ߝ௧ ǡሺͳͲሻ


where the Dependent Variableit is one of the market property measures RTWAS, TVOB
and TVOA. PLj is a variable for price lists PL1, PL2 and PL3 (j=1-3). Xit is a vector of
variables including Volatility, Log Price and Log Market Cap, which are controlled for
in the regressions. The explanatory variables represent turnover by algorithmic and
non-algorithmic traders, separated by price list preferences (PL1, PL2 and PL3). The
results of the regressions identify causality between the activity of the different traders
group and market quality. Interestingly, I find that both large size algorithmic and nonalgorithmic makers and takers follow the information on market properties in large
stocks. The largest liquidity suppliers (from PL3 category) increase their activity when
the spread is large, and takers trade when the spread is small. Similar behavior is found
for the smallest traders’ group (from PL1 category). The regression coefficients for
RTWAS explanatory variable for smaller traders are higher in absolute values than for
large size participants. This indicates that large participants with less trading fees per
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trade can profit from smaller bid-ask changes than small size participants who pay
more for a single trade.

5 Conclusion
I study the impact of algorithmic trading activity on market properties. Using a unique
data set from NASDAQ OMX Nordic, I analyze Makers and Takers separately. The
results allow investigating causality from the activity of algorithmic makers to relative
bid-ask spread and from bid-ask spread to the activity of the algorithmic takers. I find
that the activity of algorithmic makers and takers together has no harmful effects on
market quality. Moreover, causality from value of all levels in order book to the activity
of algorithmic liquidity providers is identified. Algorithmic liquidity suppliers fill up
empty order books, consequently decrease bid-ask spread and provide lower trading
cost for the takers. This result indicates a positive impact of algorithmic trading on
market properties. In addition, I divide market participants into three categories by
traders’ preferred price lists. The analysis of the trader groups shows that large and
small size algorithmic traders are following the market properties. Liquidity providers
put their orders when relative bid-ask spread is large and takers trade when bid-ask
spread is small. I find that those who have lower expenses per trade first enter the
market.
These results have implications for exchanges, regulators and traders. My results
suggest that exchanges can improve market properties by encouraging algorithmic
trading. Non-algorithmic trading participants, together with algo-traders, represent a
symbiotic system where both sides are benefiting. Non-algorithmic traders gain from
the lower bid-ask spread and algo-traders profit from market making strategies.
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Table 1. Summary statistics.
This table presents summary statistics on daily data for the sample period of Jun 1, 2010 –
Nov 30, 2011. Stocks are sorted into terciles based on total traded. Tercile T1 refers to large
traded turnover and tercile T2 and T3 correspond to medium and small traded turnover
stocks, respectively.

Number
of stocks
T1
Max
Min
Mean
Std. deviation
T2
Max
Min
Mean
Std. deviation
T3
Max
Min
Mean
Std. deviation

Market
Closing
Capitalization Price
billions EUR
EUR

61
(377 days,
66.2
22997
0.22
observations) 8.87
10.2
61
(377 days,
21.2
22997
0.09
observations) 2.65
3.44
60
(377 days,
7.05
22620
0.02
observations) 0.73
0.89

RTWAS

119.62
2.28
22.10
19.75

0.63
0.03
0.11
0.03

130.07
0.09
17.08
19.16

2.83
0.05
0.23
0.14

138.29
0.08
14.35
18.90

9.58
0.06
0.47
0.27
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Table 2. The impact of algorithmic and non-algorithmic trading on market properties.
The dependent variable is relative time weighed average spread (RTWAS), logarithm of
total value of the best levels in orderbook (TVOB), and logarithm of total values of all levels
in orderbook (TVOA). The explanatory variables are turnover non-algo, turnover algo,
volatility, marketcap, and logprice.
turnover non-algo is log traded volume by non-algo traders.
turnover algo is log traded volume by algorithmic traders.
volatility is volatility proxy defined as LogPriceHigh-LogPriceLow.
marketcap is market capitalization defined as LogMarketCapitalization.
logprice is for price defined as LogPriceClose.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

RTWAS
Full
sample
T1
T2
T3
TVOB
Full
sample
T1
T2
T3
TVOA
Full
sample
T1
T2
T3

turnover
algo

turnover
non-algo

volatility

marketcap

logprice

R-squared

-0.007***
(-2.75)
-0.002
(-1.20)
-0.004
(-1.07)
-0.003
(-1.06)

-0.043***
(-9.02)
-0.012***
(-5.65)
-0.027***
(-6.50)
-0.075***
(-7.58)

2.06***
(9.16)
0.570***
(10.22)
1.56***
(14.05)
3.18***
(7.70)

-0.028
(-0.66)
-0.006
(-0.24)
0.001
(0.02)
-0.061
(-0.83)

-0.192***
(-5.02)
-0.032
(-1.23)
-0.142***
(-3.29)
-0.269***
(-4.57)

0.74

-0.059***
(-4.77)
-0.225***
(-5.38)
-0.101***
(-3.49)
-0.005
(-0.60)

0.273***
(13.33)
0.397***
(13.07)
0.291***
(7.82)
0.232***
(7.81)

-6.44***
(-12.70)
-6.34***
(-9.25)
-6.87***
(-11.07)
-5.05***
(-7.21)

0.380**
(2.10)
0.369
(1.29)
0.535
(1.63)
0.255
(1.43)

-0.547***
(-3.69)
-0.286
(-1.19)
-0.604**
(-2.32)
-0.613***
(-4.47)

0.89

-0.024***
(-3.38)
-0.082***
(-3.68)
-0.043***
(-2.68)
-0.007
(-0.94)

0.218***
(16.82)
0.258***
(13.81)
0.217***
(10.20)
0.218***
(9.61)

-4.19***
(-11.24)
-3.98***
(-9.58)
-4.99***
(-9.81)
-3.53***
(-6.21)

0.091
(0.49)
0.144
(0.55)
-0.085
(-0.24)
0.118
(0.53)

-0.416**
(-2.53)
-0.464*
(-1.78)
-0.487*
(-1.80)
-0.362*
(-1.93)

0.94

0.53
0.76
0.56

0.91
0.90
0.86

0.94
0.91
0.86
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Table 3. Add and remove liquidity by algorithmic and non-algorithmic traders.
The dependent variable is relative time weighed average spread (RTWAS), logarithm of
total value of the best levels in orderbook (TVOB), and logarithm of total values of all levels
in orderbook (TVOA). The explanatory variables are logarithm of turnovers (algo and non
algo remove and add liquidity), volatility, marketcap, and logprice.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

RTWAS
Full
sample
T1
T2
T3
TVOB
Full
sample
T1
T2
T3
TVOA
Full
sample
T1
T2
T3

turnover
algo remove
liquidity
(β0)

turnover
non-algo
remove
liquidity (β2)

turnover
algo add
liquidity
(β1)

turnover nonalgo add
liquidity (β3)

R-squared

-0.011***
(-2.67)
-0.003
(-1.17)
-0.005*
(-1.81)
-0.014***
(-2.77)

-0.036***
(-8.20)
-0.022***
(-4.67)
-0.028***
(-7.99)
-0.063***
(-5.76)

-0.001
(-0.37)
0.001
(0.11)
0.002
(0.67)
0.006**
(2.67)

-0.001
(-0.02)
0.011**
(2.29)
0.001
(0.56)
-0.006
(-0.55)

0.73

-0.029***
(-2.70)
-0.214***
(-3.22)
-0.035
(-1.60)
0.008
(0.90)

0.280***
(11.28)
0.315***
(4.06)
0.295***
(8.75)
0.194***
(8.02)

-0.038***
(-4.41)
-0.002
(-0.04)
-0.067***
(-4.67)
0.007
(0.84)

-0.009
(-0.44)
0.081
(0.92)
-0.012
(-0.41)
0.016
(0.84)

0.90

-0.001
(-0.11)
-0.015
(-0.29)
-0.012
(-0.82)
0.010
(1.17)

0.151***
(8.59)
0.071
(1.08)
0.174***
(6.19)
0.166***
(9.09)

-0.021***
(-3.15)
-0.057
(-1.48)
-0.032***
(-2.78)
-0.001
(-0.01)

0.061***
(3.04)
0.174**
(2.07)
0.037
(1.35)
0.046**
(2.63)

0.94

0.54
0.76
0.55

0.91
0.90
0.86

0.94
0.91
0.86
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Table 4. Market makers activity.
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ ࢻ  ࢼ ή ࢀ࢛࢘࢜ࢋ࢘ࢍࡹࡹ࢚  ࢼ ή ࢀ࢛࢘࢜ࢋ࢘ࡺࢍࡹࡹ࢚ 
 ࢾ ή ࢄ࢚    ࢿ࢚ ǡ


where Dependent Variableit is market property measures of RTWAS, logarithm of TVOB
and TVOA. TurnoverAlgoMM and TurnoverNonAlgoMM are logarithms of provided
liquidity traded volumes by algorithmic and non-algorithmic participants, respectively. Xit
is a vector of variables including Volatility, Log Price and Log Market Cap, which are
controlled for in the regressions.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

RTWAS
Full sample
T1
T2
T3
TVOB
Full sample
T1
T2
T3
TVOA
Full sample
T1
T2
T3

Turnover by
algorithmic market
makers

Turnover by nonalgorithmic market
makers

R-squared

-0.008***
(-4.39)
-0.004***
(-3.16)
-0.004*
(-1.71)
-0.004
(-1.32)

-0.033***
(-6.33)
-0.009***
(-4.49)
-0.020***
(-5.16)
-0.061***
(-4.88)

0.73

-0.022**
(-2.02)
-0.076**
(-2.17)
-0.048**
(-2.14)
0.020**
(2.17)

0.191***
(8.05)
0.253***
(7.90)
0.181***
(4.44)
0.173***
(4.86)

0.89

-0.006
(-0.83)
-0.057***
(-2.76)
-0.017
(-1.15)
0.014*
(2.00)

0.175***
(11.15)
0.227***
(10.42)
0.155***
(6.74)
0.177***
(6.51)

0.94

0.53
0.76
0.55

0.90
0.89
0.86

0.94
0.91
0.85
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Table 5. Cancel orders by algorithmic and non-algorithmic traders.
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ ࢻ  ࢼ ή ࢇࢉࢋࡻ࢘ࢊࢋ࢙࢘ࢍ࢚  ࢼ ή ࢇࢉࢋࡻ࢘ࢊࢋ࢙࢘ࡺࢍ࢚ 
 ࢾ ή ࢄ࢚    ࢿ࢚ ǡ


where Dependent Variableit is market property measures RTWAS, logarithm of TVOB and
TVOA. CancelOrdersAlgo and CancelOrdersNonAlgo are logarithms of number of the
orders cancellations by algorithmic and non-algorithmic participants, respectively. Xit is a
vector of variables including Volatility, Log Price and Log Market Cap, which are
controlled for in the regressions.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

RTWAS
Full sample
T1
T2
T3
TVOB
Full sample
T1
T2
T3
TVOA
Full sample
T1
T2
T3

Number of order
cancellations by
algorithmic traders

Number of order
cancellations by nonalgorithmic traders

R-squared

-0.004
(-1.50)
-0.007***
(-5.29)
-0.002
(-0.63)
-0.001
(-0.26)

0.002
(0.62)
0.002
(0.92)
-0.001
(-0.18)
0.005
(0.74)

0.73

-0.070***
(-6.59)
-0.196***
(-5.31)
-0.086***
(-3.81)
-0.027***
(-3.48)

-0.041***
(-3.29)
0.033
(1.09)
-0.076***
(-3.55)
-0.044***
(-2.94)

0.89

-0.028***
(-3.30)
-0.052***
(-3.13)
-0.030*
(-1.72)
-0.020*
(-1.87)

0.031**
(2.10)
0.112***
(7.45)
0.031
(1.29)
0.001
(0.05)

0.93

0.52
0.75
0.54

0.90
0.89
0.84

0.94
0.91
0.84
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Table 6. Granger causality test.
ࡿ࢘ࢋࢇࢊ࢚ ൌ ࢻ   ࢼǡ ή ࢍࡹࢇࢋ࢘ࢉ࢚࢚࢜࢟ǡ࢚ି   ࢼǡ ή ࢍࢀࢇࢋ࢘ࢉ࢚࢚࢜࢟ǡ࢚ି 




 ࢾ Ԣ ࢄ࢚    ࢿ࢚ ǡ


and

ࢉ࢚࢚࢚࢜࢟ ൌ ࢻ   ࢼ ή ࡿ࢘ࢋࢇࢊǡ࢚ି   ࢾ Ԣ ࢄ࢚    ࢿ࢚ ǡ




where k is the number of lags from 1 to 4. Xit is a vector of variables including Volatility,
Log Price and Log Market Cap, which are controlled for in the regressions.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

Test
Full sample
Algo Maker activity
Æ spread
Algo Taker activity
Æ spread
spread Æ Algo
Maker activity
spread Æ Algo Taker
activity
T1
Algo Maker activity
Æ spread
Algo Taker activity
Æ spread
spread Æ Algo
Maker activity
spread Æ Algo Taker
activity
T2
Algo Maker activity
Æ spread
Algo Taker activity
Æ spread
spread Æ Algo
Maker activity
spread Æ Algo Taker
activity
T3
Algo Maker activity
Æ spread
Algo Taker activity
Æ spread
spread Æ Algo
Maker activity
spread Æ Algo Taker
activity

F-test

p

Regression
coefficient

4.39

0.038

3.74

0.055

33.17

0.000

26.43

0.000

-0.003**
(-2.09)
-0.005*
(-1.98)
-0.455***
(-5.76)
-0.426***
(-5.14)

4.99

0.029

0.04

0.837

44.82

0.000

20.27

0.000

2.96

0.090

0.55

0.461

16.24

0.0002

10.71

0.002

0.04

0.836

9.46

0.003

19.46

0.000

20.56

0.000

-0.002***
(-2.23)
-0.0002
(-0.21)
-2.42***
(-6.69)
-2.13***
(-4.50)
-0.002*
(-1.72)
-0.001
(-0.74)
-0.796***
(-4.03)
-0.625***
(-3.27)
0.0004
(0.21)
-0.011***
(-3.08)
-0.294***
(-4.42)
-0.347***
(-4.53)
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Table 7. The impact of algorithmic and non-algorithmic turnover rate on market properties.
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ ࢻ  ࢼ ή ࢀ࢛࢘࢜ࢋ࢘ࡾࢇ࢚ࢋ

ࢀ
  ࢾ ή ࢄ࢚    ࢿ࢚ ǡ
ࡹ࢚


where Dependent Variableit is market property measures RTWAS, logarithm of TVOB and
TVOA. TurnoverRate is a logarithm of the ratio between algorithmic trading takers’
turnover and algorithmic trading market makers turnover. Xit is a vector of variables
including Turnover, Volatility, Log Price and Log Market Cap, which are controlled for in
the regressions.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.

RTWAS
Full sample
T1
T2
T3
TVOB
Full sample
T1
T2
T3
TVOA
Full sample
T1
T2
T3

Turnover Rate T/M

R-squared

-0.003
(-1.34)
0.002
(1.31)
-0.002
(-0.91)
-0.007**
(-2.55)

0.71

-0.006
(-1.04)
-0.061
(-1.36)
0.003
(0.28)
-0.008
(-1.57)

0.88

0.007
(1.32)
0.074***
(2.75)
0.005
(0.50)
-0.001
(-0.22)

0.93

0.51
0.75
0.53

0.89
0.89
0.85

0.94
0.91
0.85
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Table 8. Algorithmic and non-algorithmic activity impact by price lists:
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ
ൌ ࢻ  ሺࢼǡ ࡼࡸ ή ࢀ࢛࢘࢜ࢋ࢘ࢍࡹࢇࢋ࢘ࡼࡸ࢚  ࢼ ǡࡼࡸ ή ࢀ࢛࢘࢜ࢋ࢘ࢍࢀࢇࢋ࢘ࡼࡸ࢚ ሻ 
ࡼࡸ

 ሺࢼ ǡࡼࡸ ή ࢀ࢛࢘࢜ࢋ࢘ࡺࢍࡹࢇࢋ࢘ࡼࡸ࢚  ࢼ ǡࡼࡸ ή ࢀ࢛࢘࢜ࢋ࢘ࡺࢍࢀࢇࢋ࢘ࡼࡸ࢚ ሻ
ࡼࡸ

 ࢾ ή ࢄ࢚    ࢿ࢚ ǡ


where Dependent Variableit is market property measures RTWAS, logarithm of TVOB and
TVOA. Index PLj contains three price lists PL1 (Price List 1 for small size participants), PL2
(Price List 2 for middle size participants) and PL3 (Price List 3 for large size participants).
Xit is a vector of variables including Volatility, Log Price and Log Market Cap, which are
controlled for in the regressions.
* is 10% significant level, ** is 5% significant level, and *** is 1% significant level.
Firm fixed effects are included. Standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelatioin. t-values are in
parentheses.
Panel A: Algorithmic trading

RTWAS
Full
sample
R2=0.88
T1
R2=0.55
T2
R2=0.86
T3
R2=0.72
TVOB
Full
sample
R2=0.90
T1
R2=0.89
T2
R2=0.87
T3
R2=0.75
TVOA
Full
sample
R2=0.95
T1
R2=0.94
T2
R2=0.92
T3
R2=0.82

PL1
Maker

PL1 Taker

PL2
Maker

PL2 Taker

PL3
Maker

PL3 Taker

0.003
(1.50)

-0.007***
(-3.62)

0.001
(0.02)

0.002**
(2.27)

0.002***
(3.82)

-0.002***
(-3.96)

0.006**
(2.11)
-0.001
(-0.21)
0.007**
(2.31)

-0.009**
(-2.37)
-0.005
(-1.49)
-0.004
(-1.01)

0.001
(0.96)
0.001
(0.51)
0.007
(1.06)

0.002**
(2.18)
0.001
(0.84)
-0.011*
(-1.73)

0.002***
(4.07)
0.003*
(2.01)
-0.009
(-1.25)

-0.002***
(-4.29)
-0.002**
(-2.55)
0.012*
(1.77)

-0.005
(-0.22)

-0.117***
(-3.26)

-0.012
(-0.80)

0.031**
(2.07)

-0.034***
(-3.59)

0.009
(1.13)

0.058
(0.86)
-0.030
(-1.43)
0.015
(1.05)

-0.223**
(-2.43)
-0.55**
(-2.66)
-0.015
(-0.71)

-0.011
(-0.68)
0.009
(0.80)
-0.063**
(-2.09)

0.045**
(2.06)
0.002
(0.17)
-0.015
(-0.56)

-0.044***
(-4.50)
-0.022*
(-1.68)
0.084**
(2.76)

0.012
(1.26)
0.022***
(3.10)
0.038
(1.35)

-0.012
(-0.91)

-0.036**
(-2.52)

-0.015
(-1.63)

0.019***
(2.91)

-0.006
(-1.03)

-0.007
(-1.64)

-0.018
(-0.54)
-0.009
(-0.67)
0.011
(0.76)

-0.020
(-0.54)
-0.035***
(-2.79)
-0.025*
(-1.88)

-0.022*
(-1.83)
0.014*
(1.85)
-0.045
(-1.47)

0.017*
(1.77)
0.008
(1.01)
0.043*
(1.90)

-0.007
(-0.97)
-0.008
(-1.00)
0.057*
(1.94)

-0.010*
(-1.98)
0.005
(0.72)
-0.006
(-0.30)
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Panel B: Non-Algorithmic trading

RTWAS
Full
sample
R2=0.88
T1
R2=0.55
T2
R2=0.86
T3
R2=0.72
TVOB
Full
sample
R2=0.90
T1
R2=0.89
T2
R2=0.87
T3
R2=0.75
TVOA
Full
sample
R2=0.95
T1
R2=0.94
T2
R2=0.92
T3
R2=0.82

PL1
Maker

PL1 Taker

PL2
Maker

PL2 Taker

PL3
Maker

PL3 Taker

-0.002
(-1.10)

-0.003
(-1.16)

-0.003***
(-2.90)

0.000
(0.00)

0.006***
(3.37)

-0.011***
(-5.10)

-0.001
(-0.87)
-0.001
(-0.15)
0.019*
(2.01)

-0.002
(-1.06)
-0.009**
(-2.54)
-0.035***
(-3.07)

-0.004***
(-4.05)
-0.001
(-0.43)
0.013
(1.13)

0.001
(0.24)
-0.001
(-0.06)
-0.026**
(-2.37)

0.008***
(4.36)
0.005
(0.95)
0.021*
(1.96)

-0.009***
(-4.71)
-0.019***
(-4.10)
-0.036***
(-2.95)

-0.177***
(-3.89)

0.303***
(6.12)

-0.049**
(-2.47)

0.103***
(3.80)

-0.024
(-0.77)

0.168***
(6.47)

-0.225***
(-5.12)
0.029
(1.41)
0.070
(1.07)

0.340***
(7.20)
0.109***
(3.93)
0.107
(1.62)

-0.056**
(-2.47)
0.018
(1.28)
-0.090*
(-1.91)

0.118***
(3.91)
0.012
(0.82)
0.052
(1.00)

-0.006
(-0.15)
0.114***
(3.51)
0.059
(0.73)

0.150***
(3.99)
0.065**
(2.26)
0.139*
(2.05)

-0.021
(-1.09)

0.070***
(3.26)

-0.041***
(-3.87)

0.020*
(1.85)

0.149***
(7.39)

0.041**
(2.63)

-0.058**
(-2.14)
0.043**
(2.19)
0.020
(0.48)

0.096***
(3.41)
0.006
(0.28)
0.087
(1.28)

-0.048***
(-3.50)
-0.010
(-0.91)
-0.111
(-1.50)

0.028**
(2.19)
0.007
(0.50)
0.014
(0.27)

0.142***
(5.59)
0.140***
(4.93)
0.168**
(2.59)

0.046**
(2.09)
0.021
(1.05)
0.082
(1.38)
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Figure 1. Traded volume rate full sample. Rate is a ratio between algorithmic traded
volumes and non-algorithmic traded volumes.
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Appendix A. Description of the liquidity market indicators RTWAS, TVOB and TVOA.
RTWAS
RTWAS is relative time weighted average spread. Together with TWAS (time weighted
average spread), RTWAS is an indicator of the implicit cost of trading. RTWAS is
calculated per pre-defined time period; in the present study the time period is one day.
The time period is split into segments depending on when the spread (Best Ask Price –
Best Bid Price) change and where the orderbook is in continues trading. If the spread
change n times during the time period, time ti (i=0-n) indicates when the spread
changed occurred. RTWAS is defined as:

ܴܹܶ ܵܣൌ 

σୀଵሺݐ െ  ݐିଵ ሻ ή ൬ʹ ή 

ሺ݁ܿ݅ݎܲ݇ݏܣݐݏ݁ܤ െ  ݁ܿ݅ݎܲ݀݅ܤݐݏ݁ܤ ሻ
 ή ͳͲͲ൰
ሺ݁ܿ݅ݎܲ݇ݏܣݐݏ݁ܤ   ݁ܿ݅ݎܲ݀݅ܤݐݏ݁ܤ ሻ
ݐ െ  ݐ

As the full spread is on both sides of the mid-quoted price, the formula is timed with 2.
This indicator measures an instrument’s relative quoted spread in the orderbook to its
mid-quoted price. RTWAS is independent of the price level or traded currency of an
order book, and it makes RTWAS to be comparable across securities. The weighting of
the different quoted relative spreads are depending on how long time the different
quoted spreads have been defined in a given dissemination time period.
TVOB
TVOB is total value of the best orders. TVOB is calculated per pre-defined time period.
Each time period is split into segments depending on when the price or volume on the
best level of the orderbook changes during the time period. TVOB is defined as:
ܸܱܶ ܤൌ 

σୀଵሾሺݐ െ  ݐିଵ ሻ ή σ ܸ݈ܽ݁ݑ௦௧௩௦ ሿ
ݐ െ  ݐ

TVOA
TVOA is total value of all orders. TVOA is calculated according to the same principles as
TVOB and it is defined as:
ܸܱܶ ܣൌ 

σୀଵሾሺݐ െ  ݐିଵ ሻ ή σ ܸ݈ܽ݁ݑ௩௦ ሿ
ݐ െ  ݐ
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Appendix B. List of the companies.
Stocks are sorted into terciles based on total traded turnover at the selected time
period. Tercile T1 refers to large traded turnover and tercile T2 and T3 correspond to
medium and small traded turnover stocks, respectively. The list presents tickers of the
stocks traded at NASDAQ OMX Nordic. Companies are placed in order by decreasing
traded turnover.
T1 (61 tickers):
NOK1V; ERIC B; VOLV B; HM B; NDA SEK; ATCO A; SAND; NOVO B; SWED A;
TLSN; SKF B; SEB A; AZN; ELUX B; SHB A; VWS; ABB; BOL; FUM1V; UPM1V; CARL
B; STERV; SAMAS; DANSKE; TEL2 B; ASSA B; INVE B; SCA B; MEO1V; ALFA; FLS;
SSAB A; SKA B; ALIV SDB; SCV B; KNEBV; NRE1V; LUPE; HEXA B; SWMA; ATCO B;
WRT1V; LUMI SDB; GETI B; MIC SDB; MTG B; OUT1V; DSV; SECU B; OTE1V; KINV
B; STLo; EKTA B; NOKI SEK; NES1V; NZYM B; HUSQ B; KCR1V; ORI SDB; TREL B;
RTRKS.
T2 (61 tickers):
YTY1V; MEDA A; ELI1V; NDA1V; COLO B; STE R; KESBV; AOIL SDB; NCC B; JM;
HOLM B; YARo; CGCBV; POH1S; WDH; VOLV A; TLS1V; RATO B; TOP; NKT; INDU
C; TRYG; ORNBV; CAST; GN; DNORD; SAA1V; FABG; KRA1V; SSAB B; NDA DKK;
TELo; LUN; TIE1V; SYDB; SDRLo; TLV1V; DNBo; AXFO; INDU A; METSB; JYSK;
AMEAS; KLED; HUFV A; IJ; PXXS SDB; SAAB B; HUH1V; BILL; INVE A; NOBI;
PEAB B; AXIS; SAS; WIHL; KAHL; SDA1V; SUBCo; HOGA B; NHYo.
T3 (60 tickers):
SWED PREF; HLDX; TIK1V; BETS B; UNR1V; UNIB SDB; PGSo; LIAB; RMR1V;
LUND B; LOOM B; ROCK B; BILI A; CRA1V; RBREW; STCBV; SOBI; CTY1S; KLOV;
STBo; MEKO; CLAS B; NIBE B; SIM; ACTI; AKSOo; HPOL B; GEN; AZA; OKDBV;
ORES; ORC; NEWA B; AAK; BEGR; AF B; NOMI; POY1V; MERT; BAVA; ICA; TORM;
REZT; VNIL SDB; EAC; HUSQ A; BO; SHB B; ALK B; BURE; FSC1V; KNOW; FOEo;
SAS DKK; DORO; BEF SDB; BINV; SCV A; NN B; SEB C.
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Essay 2:

Exchange fees as a cost of trading
Sergey Osmekhin
Department of Finance and Statistics, Hanken School of Economics
P.O. Box 479, FI-00101, Helsinki, Finland

Abstract:
Exchange fees, as a part of trading costs, have drastically declined during the last
decade. What is their importance relative to other trading costs? I consider this
question in a natural experiment setting, using data from the NASDAQ OMX. NASDAQ
OMX Nordic unified its trading fee structure by changing cash market price lists on
March 1, 2011. Based on a unique data set from the two exchanges in Stockholm and
Helsinki, I study the impact of trading fees on market participants’ trading activity and
market quality. My results suggest that high implicit costs of trading render trading fees
economically insignificant. This is observed in all groups of traders, including the most
cost-sensitive group of algorithmic traders.
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1 Introduction
Do exchange fees matter? Some exchanges have decreased their trading fees by up to
90% during the last decade, as technological progress and fast growth of
telecommunications have spurred competition among trading platforms. Colliard and
Foucault (2012) show that competition has played an important role in the sharp
decline of trading tariffs. In this paper, I consider the economic significance of
exchange trading fees compared to other trading-related costs.
Trading tariffs and their structure vary from one exchange to the other. Trading
platforms often charge different fees for primary counterparty and secondary
counterparty. The primary counterparty is called “Maker”. Maker is a trader that first
places an order in the order book. Often Maker gets a rebate from the limit order, or
pays a lower fee than the secondary counterparty. Secondary counterparty is called
“Taker”. Taker is a trader that accepts an existing price in the limit order book.
Foucault et al (2013) develop a model of maker/taker pricing and its interaction with
algorithmic trading. They argue that lower trading fees will increase trading under
some conditions, e. g. when the level of competition among liquidity providers is low
compared to that among liquidity demanders. Cardella, Hao, and Kalcheva (2015) show
that a change in the total fee has no effect on either the quoted spread or the net-of-fees
spread in the U.S. equity market. Malinova and Park (2015) find that a breakdown of
exchange fees into maker-taker fees on the Toronto Stock Exchange does not matter for
liquidity, but that the total fee matters. Based on their model of make/take fee
structure, Colliard and Foucault (2012) predict a lower bid-ask spread when trading
fees are decreased. In their model, maker and taker fees are independent of the traded
volume, and there is no transaction-based fee. Meanwhile, tariffs often contain both
value-based and transaction-based fees on top of permanent monthly payments.
Moreover, trading costs include not only exchange fees, but also trading-attendant
expenses, which I will define below.
Some market participants, especially algorithmic traders who employ high frequency
trading strategies are very sensitive to trading costs. As discussed by Treynor (1992),
the costs of trading move in a continuum from the visible to the invisible. The visible or
explicit ones include commission and taxes, and they are easy to measure. Partly visible
cost is bid-ask spread cost. And the invisible or implicit costs are driven by other risks
of trading. These invisible costs include market impact, price trending, timing risk and
opportunity risk.
Bid-ask spread cost is observable for small trades, but is more difficult to estimate for
large traded blocks. Simultaneously traded large blocks of shares have large market
impact and they thus increase bid-ask spread costs. Also the bid-ask spread can be
different from its present value at the future time when the trader plans to close the
position, but future spread can be estimated from historical data. All these factors
increase uncertainty regarding costs related to the bid-ask spread. The change of bidask spread is considered to be an intermediate risk (partly invisible cost). In the present
study I use the bid-ask spread cost and its volatility as trading-attendant costs that I
contrast with exchange trading fees.
I use a unique natural experiment from the NASDAQ OMX Nordic on March 1, 2011.
Scandinavian markets, represented by NASDAQ OMX Nordic Helsinki, Stockholm and
Copenhagen, all have complex fee structures, including makers’ and takers’ price lists,
value- and transaction-based fees, and algorithmic trading discounts. Revising the fee
structure and unifying it across all the exchanges, NASDAQ updated the price lists on
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March 1, 2011. As a result, Helsinki OMX volume-based traded fees were reduced by
12.6% on average, while fees in Stockholm were about unchanged (reduced by 0.7% on
average), and in Copenhagen the fees were decreased by 1.5% on average. This natural
experiment allows empirical observation of the impact of fees on market participants
and market quality. Using stocks traded at Helsinki OMX as a treatment group and
stocks traded at Stockholm as a control group enables me to analyze the effect in a
difference-in-differences setting.
Besides the field of exchange fee studies, I also contribute to the literature on
algorithmic trading. Jain (2005) points out that the trading floors have almost been
replaced by electronic trading platforms. Algorithmic trading research has grown in the
last few years to study market changes (liquidity, volatility and price discovery) caused
by algorithmic traders. Hendershott, Jones and Menkveld (2011) find that the quoted
bid-ask spread and the effective bid-ask spread have decreased after the
implementation of NYSE’s autoquoting. This evidence holds for large capitalization
stocks, while small capitalization stocks did not exhibit a significant effect. Hasbrouck
and Saar (2013) study whether volatility influences algorithmic traders or whether
algorithmic traders affect market volatility. They find a negative effect of algorithmic
trading on short-run volatility using 10-minute volatility intervals for NASDAQ stocks.
Hendershott and Moulton (2011) find that reducing the execution time raises cost of
immediacy and makes prices more efficient. Algorithms react faster to news than
humans. Hendershott and Riordan (2013) report that algorithmic traders contribute to
price discovery. Using computerized algorithms, some participants base their trading
strategies on fast information updating and on submitting several limit or market
orders per second. This fast speed of sending, modifying and cancelling orders is
referred to high-frequency trading (HFT). Brogaard, Hendershott and Riordan (2013)
examine the role of HFT in price discovery. They show that overall, HFTs increase
efficiency of the market. Hagströmer and Norden (2013) study the behavior of HFT at
NASDAQ OMX Stockholm. They find that market makers constitute the lion’s share of
HFT trading volume at 63-72%, and that they account for 81-86% of the limit order
traffic.
In the present paper I shed some light on the connection between exchange fees and
other trading costs. I study the impact of reduced transaction costs on the activity of
algorithmic traders. I find that the standard deviation of the spread is higher than total
exchange fee. My results suggest that the large mean squared error of the attendant risk
of trading dominates exchange fees in importance, and renders the change in the fee
structure economically insignificant. Neither algorithmic traders nor non-algorithmic
traders increase their trading activity in response to the reduced tariff. I argue that
despite a seemingly large reduction of 12.6% in trading fees, it has no economic effect.
Thus I conclude that exchange fees are unimportant relative to other trading costs.
The paper proceeds as follows. In Section 2, the structure of trading fees at NASDAQ
OMX Nordic and the data are described. Section 3 presents the research methodology.
Section 4 discusses the evidence of price list changes on traded volumes and market
quality. Finally, Section 5 concludes. Some additional clarifying material is found in the
Appendix.

2 NASDAQ OMX Nordic
This study focuses on NASDAQ OMX Nordic exchange divisions in Copenhagen,
Helsinki and Stockholm. The NASDAQ OMX Nordic is a part of NASDAQ OMX Group
global exchange that delivers trading, clearing and exchange technology. NASDAQ
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OMX's INET technology provides infrastructure for fast algorithmic trading since 2010.
This technology supports trading with microsecond speed, and high reliability and
capacity. This new implementation increases significantly the amount of algorithmic
trading. OMX reports a boom in algorithmic trading with a five-fold increase from 10%
to 50% of all trades during 2009-2012 (Kauppalehti 2012).
Trading membership needs to be applied separately for each of the exchanges within
NASDAQ OMX Nordic, in order to trade on them. Accounts for algorithmic traders are
distinguished between Direct Market Access (DMA) and Algorithmic Trading accounts.
DMA account is for routing electronically and automatically clients’ orders directly to
the trading system through the use of Internet or other technical connections between
the trading member and the client. Algorithmic trading account is for trading through
automated facilities on the form of placement, change, or cancel orders in the order
book. A special form of automated trading account (AUTD) for handling automatic
trading has a discount according to the operational price list. The difference between
Automated trading right and an AUTD account is that AUTD is to be used for purely
automated trading. Common execution algorithms are not eligible for AUTD account
type.1
NASDAQ OMX Nordic is a continuous trading market, where each new incoming order
is immediately checked for execution against orders on the opposite side of the order
book. Incoming orders can be executed in full or partially according to priority by price,
internality, visibility and time. The same price level order’s priority is first internal
(where an incoming order is executed against the member’s own orders), then
displayed volume over non-displayed volume, and then the time when the order was
sent to the Order Book. Non-displayed volume may either be part of a reserve order, socalled “iceberg order”, or a fully non-displayed order.
2.1 NASDAQ Nordic trading fees
In 2010-2011 the price for trading equities at NASDAQ OMX Nordic was divided into
three price lists. Each price list includes monthly fees, value- and transaction-based
fees. Tables 1A, 1B and 1C present the trading fees before and after 1 March 2011 for the
Helsinki, Stockholm and Copenhagen markets, respectively. The first price list (Price
List I) is for small traders. It has no fixed monthly fee, but has a minimum monthly fee
for equity trading of EUR 900 at NASDAQ OMX Helsinki, DKK 6750 at NASDAQ OMX
Copenhagen, and SEK 8333 at NASDAQ OMX Stockholm. Prices at different exchanges
are roughly the same, and for brevity only the Euro NASDAQ OMX Helsinki price list
details are discussed below. The second price list (Price List II) and the third price list
(Price List III) have fixed monthly fees of EUR 17500 and EUR 40000, respectively,
without minimum monthly fees for equity trading. Members who use Price List III may
choose between IIIA or IIIB value- and transaction-based price lists. NASDAQ OMX
Nordic has a maker/taker distinction where the counterparty that first enters a price in
the order book (maker) pays a lower fee than the counterparty accepting an existing
price (taker). Transaction-based fees per execution order for primary counterparty
were EUR 0.54, 0.40, 0.27 and 0.00, and for secondary counterparty EUR 0.80, 0.60,
0.41 and 0.00 for Price Lists I, II, IIIA and IIIB, respectively. Transaction-based fees
were changed on 1 March 2011. Before 1 March, 2011 the value-based tariff was
different for each of the exchanges, but NASDAQ equalized the trading fees for all the
exchanges. On the Helsinki exchange, value-based prices decreased by 12.6% on

1

Technical information is taken from NASDAQ website. For details please visit www.nasdaqomx.com

41

average, while for the Stockholm and Copenhagen exchanges the reductions were 0.7%
and 1.5%, respectively. (See Tables 1A, 1B and 1C for details.)
Automated traders have fixed transaction- and value-based fee discounts of 75% and
25%, respectively. For secondary counterparty executions a minimum fee of 0.0020%
of the traded value applies.2 In addition, most traded stocks are included in the
liquidity providing discount list.
2.2 Data
I use a unique and proprietary dataset, kindly provided by the NASDAQ OMX Nordic
research group. An 18-month window (9 months before and 9 months after the event
on 1 March 2011), from 1 June 2010 to 30 Nov 2011 is used. Trading days without
trading activity at one of the exchanges of NASDAQ OMX Nordic (an example is
country-specific holidays) are excluded from the sample. The full sample consists of 377
trading days.
The data provided by NASDAQ OMX Nordic contain following variables:
(1) “Date” is a date variable for the period 1 Jun 2010 – 30 Nov 2011.
(2) “Orderbook” is the NASDAQ trading symbol for a stock.
(3) “Executions” is the number of orders which were executed completely.
(4) “Cancels” is the number of orders which were canceled without any partial
execution.
(5) “Account type” contains information about member account type and price list
specification, including algorithmic trading discount properties. “Account type” allows
distinguishing automated traders with discounted price list from others.
(6) “Liquidity” indicator captures whether the trade is adding or removing liquidity.
“Account type” and “Liquidity” are cross-sectional variables.
(7) “Volume” is the traded amount of the security.
(8) “RTWAS” corresponds to relative time weighted average spread.
(9) “TVOB Volume” and (10) “TVOA Volume” are total volume value of best and all
levels in the order book, respectively.
(11) “TVOB Euro” and (12) “TVOA Euro” are total value in Euro of best and all levels in
the order book, respectively. If the trades are in different currencies, the daily FX rates
from the Swedish Central Bank are used. The detailed information about RTWAS,
TVOB and TVOA are in Appendix A.
Finally, the last fields (13)-(17) contain information about Last/Open/High/Low prices
and Market Capitalization for each stock.
2.3 Sample selection
The total amount of traded symbols exceeds 7 000 on NASDAQ OMX Nordic in the
time period 1 Jun 2010 – 30 Nov 2011. I retain only equities which have at least 21
trades each trading day. Stocks with an average closing share price of less than €2 are
removed from the sample, as are stocks with an average closing share price of more
than €500. This filtering method is similar to the procedure presented in Hendershott,
Jones and Menkveld (2011). The resulting sample consists of daily observations for 182
stocks.
To analyze large, medium and small firms separately, the stocks are sorted into terciles
based on total turnover. Tertcile 1 (T1) refers to large traded turnover and tercile 2 (T2)
2

The full price lists which were effective before and after March 1, 2011 are included in the appendix.
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and 3 (T3) correspond to medium and small traded turnover stocks, respectively.
Appendix B presents the list of the stocks in each tercile.
Table 2 shows summary statistics for all terciles. Each of the terciles T1 and T2 contains
61 stocks, 377 days and 22997 observations. Tercile T3 contains 60 stocks and 22620
observations. To avoid noise caused by daily observations, the graphs are presented at
the weekly frequency, where each week contains 5 trading days in a row.
Figure 1 presents the algorithmic trading growth in the period 1 Jun 2010 – 30 Nov
2011. The graph shows the ratio between algorithmic and non-algorithmic participants
in Helsinki and Stockholm. In addition, the ratio between traded volumes in the two
exchanges is presented. There is a boom starting around Feb 2011, when the activity of
algorithmic traders doubles. This boom is similar in all NASDAQ OMX Nordic
exchanges and it is explained by a number of algorithmic participants arriving in the
Scandinavian markets. The relative traded volume between Helsinki and Stockholm
stays at the same level but some changes in the ratio can be caused by different pace at
which algorithmic traders enter the Helsinki and Stockholm markets. According to our
knowledge, time of adoption of algorithmic traders is very similar for both Nordic
exchanges. The event of the uniform fees lies at the beginning of the boom. To observe
the effect of the fees reduction, difference-in-differences analysis is used and described
in the following section.

3 Panel regression methodology
For my main analysis, I employ the difference-in-differences regression methodology.
This method has become commonly used in event studies on exchange fees (see e.g.
Malinova and Park (2015)). The paper uses an 18-month window from 1 June 2010 to
30 November 2011. For each security in the sample, daily liquidity and market activity
measures are computed. For these measures the following regression is estimated:
݈ܾ݁ܽ݅ݎܸܽݐ݊݁݀݊݁݁ܦ௧ ൌ ߙ  ߚଵ ή ݕ݉݉ݑܦ݄݁݃݊ܽܥ݁݁ܨ௧  ߚଶ ή ݕ݉݉ݑܦ݅݇݊݅ݏ݈݁ܪ 
ߚଷ ή ݕ݉݉ݑܦ݄݁݃݊ܽܥ݁݁ܨ௧ ή ݕ݉݉ݑܦ݅݇݊݅ݏ݈݁ܪ   ߜ ᇱ ܺ௧  ߝ௧ ǡ
where Dependent Variableit is the algorithmic traded volume, the non-algorithmic
traded volume or the ratio between these volumes for stock i at day t. Fee Change
Dummyt is an indicator variable that takes the value 1 after the new price list was
introduced, and 0 before. The coefficient β1 indicates the effect of the new trading fees
implementation. Helsinki Dummyi is 1 if security i is traded at the Helsinki Stock
Exchange, and 0 otherwise. The coefficient β2 indicates the effect for stocks of being
traded in Helsinki. The coefficient β3 is an interaction coefficient and corresponds to
the difference-in-differences estimator. Tables 3 and 4 report the estimated coefficient,
β̂3. The vector Xit includes variables: volatility, market capitalization, traded volume
and log price, which are controlled for in the regressions. Volatilityit is a proxy for the
volatility of stock i at day t (we use log difference of high and low prices at day t as a
proxy for volatility); Market Capit is the log of market capitalization for stock i at day t;
Traded Volumeit is daily traded volume of stock i; and Log Priceit is the log of the
closing price. For the market quality measures the additional variable of share turnover
is included to be controlled for in the regression. The analyses with and without firm
fixed effects are reported. The control variables are omitted in the fixed effects
specification, as in fixed effects model, subjects serve as their own controls. The
regression is run for all terciles. In addition, we run the regression for the ten most
liquid stocks, 5 from Helsinki and 5 from Stockholm, which are included in the liquidity
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providing discount list. The standard errors are robust to general cross-section and
time-series heteroskedasticity and within-group autocorrelation. In my interpretation
of the results I focus on the fixed effects regression analysis.

4 Results and discussion
4.1 Trading volumes
I study the effect of the new price lists on market activity of algorithmic and nonalgorithmic participants. In addition, I estimate a proxy measure of algorithmic traders’
market activity as the ratio of traded volumes between algorithmic traders and nonalgorithmic traders:
ܶؠ ݁ݐܴܽ݁݉ݑ݈ܸ݀݁݀ܽݎ

݁݉ݑ݈ܸ݀݁݀ܽݎ݈ܶ݃ܣ
Ǥ
ܰ݁݉ݑ݈ܸ݀݁݀ܽݎ݈ܶ݃ܣᦼ݊

Table 3 shows the results of the panel regressions for the three dependent variables:
algorithmic trading volume, non-algorithmic trading volume and traded volume rate.
Significant negative impact is observed for Top 10 group and tercile 1. Algorithmic
trading activity decreased in large stocks groups after the price list change. The
evidence does not show a positive impact on the algorithmic trading activity by
reduction of trading fees in any of the treatment groups. As algorithmic trading is very
sensitive to trading fees, the effect of the cost reduction should be observable in
algorithmic activity in liquid stocks in the first place. This fact is supported by
Brogaard, Hendershott and Riordan (2014), where they argue that algorithmic trading
HFTs earn hundreds times more (and consequently are more active) in large stocks
than is small stocks. In addition to the activity impact, decreased exchange tariffs
should affect market quality. This issue is analysed in the following section.
4.2 Market quality
The analysis of market quality includes standard measures of bid-ask spread and
orderbook levels. The bid-ask measure is represented by the relative time weighted
average spread (RTWAS). Orderbook level measures are total value at all and best
levels in orderbook (TVOA and TVOB, respectively). Detailed explanations of the
measures are presented in Appendix A. Table 4 presents the results for the log of
RTWAS, TVOA, TVOB and Size of Trade for the full sample and for each tercile. There
is no significant impact of the fee reduction on the relative bid-ask spread in large and
mid-size stocks terciles. The effect of reduced tariffs on the total values of the best levels
and all levels in the order book is insignificant in all treatment groups. Size of the trade
has a negative coefficient in the regression without fixed effects for the Top10 group
and tercile 1.
In summary, our analysis shows that there is no significant impact of reduced trading
fees either on market activity or market quality in mid-size stocks. Exchange tariff
reduction has a negative impact on algorithmic trading activity in large stocks, but no
significant impact on the average size of trade. The seemingly odd result may be
explained by differences in the timing of adoption of algorithmic trading strategies in
the two markets.
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4.3. Discussion
The results show a negative and significant impact of the -10% change of the value
based fee on algorithmic trading. On the one hand the decreased exchange tariff should
increase trading activity; on the other hand attendant uncertainties of trading can be
considerably higher than the existing tariff. The observations of the studied natural
experiment show that traders react to full trading costs and risks. The cost of these
risks includes uncertainty about future bid-ask spread, delay costs, opportunity costs
and other trading-related costs. Analysing the trading process, I assume only one cost
of uncertainty – the bid-ask spread cost, which comes from the fact that previously
opened position should be closed in future. Considering bid-ask spread uncertainty as
an attendant risk of trading provides estimation of the expected costs of closing a
market position. The bid-ask spread cost is known at the moment of opening, but it has
to be estimated in future, when traders close the position. The high uncertainty in
future bid-ask spread may render the change of the trading fees economically
insignificant.
The assumption that time between decision to trade and transaction itself is zero gives
known transaction cost at the moment. Traders decide to open the position based on
the present value of the bid-ask spread. For the future closing of the position, traders
have to consider the expected value of the trading costs, its mean and standard
deviation. In contrast to exchange fees which are known in the future, the bid-ask
spread has no fixed value, but can be estimated from historical spread data. I use the
historical spread data for the period of Jun 2010 – Nov 2011. The standard deviation of
the spread is 3 bp for the most liquid stocks, and the value-based fee for the most
expensive price list is 0.29 bp (see Table 5). Value-based fee is therefore 1/10 of the
spread uncertainty.
Figure 2 shows the monthly average spread with its standard deviation in the period
Jun 2010 – Nov 2011. A minimum monthly average spread of 20 bp was observed in
Jan 2011. Meanwhile, the minimum monthly standard deviation of the spread of 0.8 bp
was observed in Nov 2010 and Feb 2011. Figure 3 compares the spread standard
deviation with the value based fee (Price List I). For all months, the value-based fee is
considerably smaller than the standard deviation of the spread. Moreover, the change
of the value based fee of 0.03 bp is significantly smaller than standard deviation of the
spread. The change in the price list by 10% corresponds to one twentieth of the spread
standard deviation in the sample. The standard deviation of the spread is larger than
the value-based fee itself. For less liquid stocks T2 and T3, the standard deviation of the
spread is 14 and 27 bp, respectively. The uncertainty in the spread cost is significantly
higher than the value based fee, especially for less liquid stocks. Using the bid-ask
spread as one of the attendant costs of trading shows the importance of the invisible
costs. Changes in exchange fees do have an effect even if they are smaller than spread
deviation, but when they are very small relative to spread deviation, their effect is likely
to be negligible.
As a concluding remark, an exchange should consider attendant costs of trading like
bid-ask spread for constructing its tariff. Further theoretical work is needed to model
the optimal trading fees, including invisible costs of trading. Models should include not
only visible costs but also attendant risks of trading.
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5 Conclusion
In this paper we report the absence of a positive effect from decreased exchange tariffs
on trading activity and market quality. The analysis is based on the natural experiment
of unifying the tariff structure of NASDAQ OMX Nordic exchange trading price lists.
Using a unique data set from the exchanges in Stockholm and Helsinki allows
identifying the impact of a 10% decrease in value-based fees on the market. Exchange
tariff reduction has a negative impact on algorithmic trading activity in large stocks.
The seemingly odd result may be explained by differences in the two markets and in the
timing of adoption of algorithmic traders. Absence of a positive and significant impact
of the exchange tariff reduction on algorithmic trading activity can be also caused by
trading-attended costs. Using the spread cost uncertainty, I show that standard
deviation of the bid-ask spread is several times higher than the price list changes. This
result can be used by regulators and exchanges, who consider the structure of the
trading tariffs, to optimize trading fees while preserving the quality of the market.
Further research is needed in modelling of the optimal fee structure for the transactionand value-based fees and the empirical analysis of similar events.
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Table 1A. NASDAQ OMX Nordic trading fees for equities effective on March 1, 2011.
The information presented in the table show the cash market price lists for NASDAQ OMX
Helsinki. The changes in the fees on 1 March 2011 are marked in bold text.

Members can select to pay according to
Price List I, II or III
Price List I
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List II
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIA
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIB
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched

Before
March 2011

After March 2011

Change

EUR 0
EUR 900

EUR 0
EUR 900

-

EUR 0.54

EUR 0.54

-

EUR 0.80
EUR 0.80
0.002561% 0.0023%
0.003959% 0.0035%

-10.2%
-11.6%

EUR 10

EUR 10

-

EUR 17500
EUR 0

EUR 17500
EUR 0

-

EUR 0.40

EUR 0.40

-

EUR 0.60
EUR 0.60
0.001920% 0.0017%
0.002970% 0.0026%

-11.5%
-12.5%

EUR 7.50

EUR 7.50

-

EUR 40000
EUR 0

EUR 40000
EUR 0

-

EUR 0.27

EUR 0.27

-

EUR 0.41
0.001281%
0.001979%

EUR 0.41
0.0011%
0.0018%

-14.1%
-9.0%

EUR 5.00

EUR 5.00

-

EUR 40000
EUR 0

EUR 40000
EUR 0

-
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transactions:
Transaction based fee per executed order,
EUR 0.00
Primary counterparty (Maker)
EUR 0.00
Transaction based fee per executed order,
EUR 0.00
EUR 0.00
Secondary counterparty (Taker)
0.0025%
0.0030%
Value based fee, Primary counterparty
0.0039%
0.0046%
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
EUR 10.00
EUR 10.00
Automated Trading discount:
75% discount on transaction based fee and 25% discount on value-based fee.
For secondary counterparty executions a minimum fee of 0.0020% of the
traded value applies. To be entitled to the Automated Trading discount
member needs to fill in and sign the Automated Trading account application
for cash market.

-16.7%
-15.2%
-
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Table 1B. NASDAQ OMX Nordic trading fees for equities effective on March 1, 2011.
The information presented in the table show the cash market price lists for NASDAQ OMX
Stockholm. The changes in the fees on 1 March 2011 are marked in bold text.

Members can select to pay according to
Price List I, II or III
Price List I
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List II
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIA
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIB
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched

Before March After
2011
2011

March Change

SEK 0
SEK 8 333

SEK 0
SEK 8 333

-

SEK 4.97

SEK 4.97

-

SEK 7.44
0.002287%
0.003536%

SEK 7.44
0.0023%
0.0035%

0.6%
-1.0%

SEK 92.50

SEK 92.50

-

SEK 330 000
SEK 0

SEK 330 000
SEK 0

-

SEK 3.73

SEK 3.73

-

SEK 5.58
0.001715%
0.002652%

SEK 5.58
0.0017%
0.0026%

-0.9%
-2.0%

SEK 69.38

SEK 69.38

-

SEK 800 000
SEK 0

SEK 800 000
SEK 0

-

SEK 2.49

SEK 2.49

-

SEK 3.72
0.001144%
0.001768%

SEK 3.72
0.0011%
0.0018%

-3.8%
1.8%

SEK 46.25

SEK 46.25

-

SEK 800 000
SEK 0

SEK 800 000
SEK 0

-
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transactions:
Transaction based fee per executed order,
SEK 0.00
Primary counterparty (Maker)
SEK 0.00
Transaction based fee per executed order,
SEK 0.00
SEK 0.00
Secondary counterparty (Taker)
0.0025%
0.0025%
Value based fee, Primary counterparty
0.0039%
0.0039%
Value based fee, Secondary counterparty
Maximum for the value based fee per
SEK 92.50
SEK 92.50
executed order
Automated Trading discount:
75% discount on transaction based fee and 25% discount on value-based fee.
For secondary counterparty executions a minimum fee of 0.0020% of the
traded value applies. To be entitled to the Automated Trading discount
member needs to fill in and sign the Automated Trading account application
for cash market.

0.0%
0.0%
-
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Table 1C. NASDAQ OMX Nordic trading fees for equities effective on March 1, 2011.
The information presented in the table show the cash market price lists for NASDAQ OMX
Copenhagen. The changes in the fees on 1 March 2011 are marked in bold text.

Members can select to pay according to
Price List I, II or III
Price List I
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List II
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIA
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched
transactions:
Transaction based fee per executed order,
Primary counterparty (Maker)
Transaction based fee per executed order,
Secondary counterparty (Taker)
Value based fee, Primary counterparty
Value based fee, Secondary counterparty
Maximum for the value based fee per
executed order
Price List IIIB
Fixed monthly fee
Minimum monthly fee for equity trading
Variable fees, automatically matched

Before March After
2011
2011

March Change

DKK 0
DKK 6 750

DKK 0
DKK 6 750

-

DKK 4.00

DKK 4.00

-

DKK 5.96
0.002257%
0.003521%

DKK 5.96
0.0023%
0.0035%

1.9%
-0.6%

DKK 75.00

DKK 75.00

-

DKK 82 000
DKK 0

DKK 82 000
DKK 0

-

DKK 3.00

DKK 3.00

-

DKK 4.47
0.001693%
0.002640%

DKK 4.47
0.0017%
0.0026%

0.4%
-1.5%

DKK 56.25

DKK 56.25

-

DKK 188 000
DKK 0

DKK 188 000
DKK 0

-

DKK 2.00

DKK 2.00

-

DKK 2.98
0.001129%
0.001761%

DKK 2.98
0.0011%
0.0018%

-2.6%
2.2%

DKK 37.50

DKK 37.50

-

DKK 188 000
DKK 0

DKK 188 000
DKK 0

-
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transactions:
Transaction based fee per executed order,
DKK 0.00
DKK 0.00
Primary counterparty (Maker)
Transaction based fee per executed order,
DKK 0.00
DKK 0.00
Secondary counterparty (Taker)
0.0027%
0.0025%
Value based fee, Primary counterparty
0.0041%
0.0039%
Value based fee, Secondary counterparty
Maximum for the value based fee per
DKK 75.00
DKK 75.00
executed order
Automated Trading discount:
75% discount on transaction based fee and 25% discount on value-based fee.
For secondary counterparty executions a minimum fee of 0.0020% of the
traded value applies. To be entitled to the Automated Trading discount
member needs to fill in and sign the Automated Trading account application
for cash market.

-7.4%
-4.9%
-
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Table 2. Summary statistics.
This table presents summary statistics on daily data for the selected period Jun 1, 2010 –
Nov 30, 2011. Stocks are sorted into terciles based on total traded turnover. Tercile T1 refers
to large traded turnover and tercile T2 and T3 correspond to medium and small traded
turnover stocks, respectively.

Number
of stocks
T1
Max
Min
Mean
Std. deviation
T2
Max
Min
Mean
Std. deviation
T3
Max
Min
Mean
Std. deviation

Market
Closing
Capitalization Price
EUR
billions EUR

61
(377 days,
66.2
22997
0.22
observations) 8.87
10.2
61
(377 days,
21.2
22997
0.09
observations) 2.65
3.44
60
(377 days,
7.05
22620
0.02
observations) 0.73
0.89

RTWAS

119.62
2.28
22.10
19.75

0.63
0.03
0.11
0.03

130.07
0.09
17.08
19.16

2.83
0.05
0.23
0.14

138.29
0.08
14.35
18.90

9.58
0.06
0.47
0.27
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Table 3. Results of the difference-in-differences regression analysis:
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ ࢻ  ࢼ ή ࡲࢋࢋࢎࢇࢍࢋࡰ࢛࢚࢟  ࢼ ή ࡴࢋ࢙ࡰ࢛࢟ 
ࢼ ή ࡲࢋࢋࢎࢇࢍࢋࡰ࢛࢚࢟ ή ࡴࢋ࢙ࡰ࢛࢟  ࢾԢࢄ࢚  ࢿ࢚ ǡ
where Dependent Variableit is the log of algorithmic traded volume, non-algorithmic traded
volume or ratio between these volumes for stock i at time t. Fee Change Dummyt is an
indicator variable that is 1 after the new price list become effective and 0 otherwise. The
coefficient β1 indicates the instant effect of the the new trading fees. Helsinki Dummyi is 1 if
security i is traded at Helsinki Stock Exchanges and 0 otherwise. The coefficient β2 shows
the trending day-by-day behavior for the 5 months period after the new tariff was put in
place. The coefficient β3 is an interaction coefficient and corresponds to the difference-indifferences estimator. The estimated coefficient β̂3 is reported in the table. The vector Xit
contains variables: volatility, market capitalization and log price, which are controlled for
in the regressions. Volatilityit is a proxy of the volatility of stock i at day t (we use log
difference of high and low prices at day t as a proxy for volatility); Market Capit is the log of
market capitalization for stock i at day t; and Log Priceit is the log of close prices. Standard
errors are in parentheses and are robust to general cross-section and time-series
heteroskedasticity and within-group autocorrelation. * is 10% significant level, ** is 5%
significant level, and *** is 1% significant level. The analyses with and without fixed effects
are included. The control variables are omitted in the fixed effects specification.

Fixed
effects
Full
sample
Top 10
T1
T2
T3

Algo Volume
No
Yes

Non-Algo Volume
No
Yes

Algo / Non-Algo
No
Yes

0.06
(0.07)
R2=0.63
-0.33***
(0.06)
R2=0.80
-0.21***
(0.07)
R2=0.74
-0.01
(0.10)
R2=0.42
0.21
(0.20)
R2=0.30

0.01
(0.05)
R2=0.50
-0.18***
(0.05)
R2=0.70
0.01
(0.07)
R2=0.70
-0.09
(0.08)
R2=0.46
-0.05
(0.14)
R2=0.43

0.03
(0.07)
R2=0.42
-0.14**
(0.04)
R2=0.48
-0.23***
(0.05)
R2=0.29
0.07
(0.12)
R2=0.49
0.23
(0.17)
R2=0.20

0.02
(0.07)
R2=0.87
-0.21***
(0.06)
R2=0.82
-0.04
(0.07)
R2=0.85
-0.03
(0.11)
R2=0.72
0.15
(0.22)
R2=0.54

0.06
(0.06)
R2=0.85
-0.07*
(0.04)
R2=0.79
0.17**
(0.08)
R2=0.82
-0.02
(0.08)
R2=0.66
0.001
(0.16)
R2=0.60

-0.05
(0.06)
R2=0.75
-0.13**
(0.05)
R2=0.52
-0.22***
(0.05)
R2=0.68
-0.02
(0.12)
R2=0.76
0.13
(0.16)
R2=0.59
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Table 4. Results of the difference-in-differences regression analysis:
ࡰࢋࢋࢊࢋ࢚ࢂࢇ࢘ࢇ࢈ࢋ࢚ ൌ ࢻ  ࢼ ή ࡲࢋࢋࢎࢇࢍࢋࡰ࢛࢚࢟  ࢼ ή ࡴࢋ࢙ࡰ࢛࢟ 
ࢼ ή ࡲࢋࢋࢎࢇࢍࢋࡰ࢛࢚࢟ ή ࡴࢋ࢙ࡰ࢛࢟  ࢾԢࢄ࢚  ࢿ࢚ ǡ
where Dependent Variable is the log of RTWAS, TVOB, TVOA or Trade Size. Fee Change
Dummyt is an indicator variable that is 1 after the new price list become effective and 0
otherwise. The coefficient β1 indicates the instant effect of the new trading fees. Helsinki
Dummyi is 1 if security i is traded at Helsinki Stock Exchanges and 0 otherwise. The
coefficient β2 shows the trending day-by-day behavior for the 5 months period after the new
tariff was put in place. The coefficient β3 is the difference-in-differences estimator. The
estimated coefficient β̂3 is reported in the table. The vector Xit contains variables: volatility,
market capitalization, traded volume and log price, which are controlled for in the
regressions. For the market quality measures the additional control variable of share
turnover is included. The analyses with and without fixed effects are included. The control
variables are omitted in the fixed effects specification. Standard errors are robust to
general cross-section and time-series heteroskedasticity and within-group autocorrelation.

Fixed
effects
Full
sample
Top 10
T1
T2
T3

RTWAS
No

Yes

TVOB
No

Yes

TVOA
No

Yes

Size of the Trade
No
Yes

-0.01
(0.03)
R2=0.69
0.003
(0.14)
R2=0.37
-0.04
(0.03)
R2=0.27
-0.01
(0.04)
R2=0.51
0.10*
(0.06)
R2=0.44

0.02
(0.03)
R2=0.85
0.03
(0.14)
R2=0.44
-0.02
(0.03)
R2=0.48
0.03
(0.05)
R2=0.72
0.12
(0.07)
R2=0.54

-0.04
(0.04)
R2=0.69
-0.15
(0.30)
R2=0.69
-0.09
(0.06)
R2=0.79
-0.03
(0.07)
R2=0.68
-0.003
(0.06)
R2=0.69

-0.02
(0.04)
R2=0.88
-0.12
(0.30)
R2=0.79
-0.02
(0.07)
R2=0.90
0.01
(0.06)
R2=0.89
0.003
(0.09)
R2=0.83

0.01
(0.05)
R2=0.52
0.04
(0.08)
R2=0.74
0.03
(0.08)
R2=0.76
-0.09
(0.08)
R2=0.62
0.005
(0.12)
R2=0.66

0.04
(0.05)
R2=0.93
0.09
(0.09)
R2=0.93
0.13
(0.08)
R2=0.94
-0.03
(0.07)
R2=0.90
0.01
(0.14)
R2=0.84

-0.0009
(0.02)
R2=0.79
-0.12*
(0.06)
R2=0.87
-0.06**
(0.02)
R2=0.89
0.006
(0.03)
R2=0.82
0.04
(0.04)
R2=0.77

0.04
(0.03)
R2=0.87
-0.07
(0.07)
R2=0.93
0.03
(0.05)
R2=0.94
0.05
(0.04)
R2=0.89
0.06
(0.07)
R2=0.80
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Table 5. Trading costs structure (2 month time-window) for Price List I (PL1), Price List II
(PL2) and Price Lists IIIA and IIIB (PL3A and PL3B).

Average EUR
value of one
trade, EUR
Full
sample

8273

Top 10

11517

T1

9322

T2

4941

T3

3733

Trading fees
for the average trade, bp
Transaction based fee
Value based fee
Spread cost
Transaction based fee
Value based fee
Spread cost
Transaction based fee
Value based fee
Spread cost
Transaction based fee
Value based fee
Spread cost
Transaction based fee
Value based fee
Spread cost

PL1
0.81
0.29
22.5
0.58
0.29
7.62
0.72
0.29
9.54
1.36
0.29
19.5
1.79
0.29
38.8

PL2
0.60
0.23
22.5
0.43
0.23
7.62
0.54
0.23
9.54
1.01
0.23
19.5
1.34
0.23
38.8

PL3A
0.41
0.15
22.5
0.30
0.15
7.62
0.36
0.15
9.54
0.69
0.15
19.5
0.91
0.15
38.8

PL3B
0.15
22.5
0.32
7.62
0.32
9.54
0.32
19.5
0.32
38.8
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Figure 1. Traded volume rate for full sample. Rate is a ratio of algorithmic traded volumes
to non-algorithmic traded volumes in Helsinki and Stockholm.
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Figure 2. Spread cost and standard error bars for each month of the period Jun 2010 – Nov
2011.
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Figure 3. The graph shows the standard deviation of the spread cost (blue) together with
value based fee (red) for the period Jun 2010 – Nov 2011.
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Appendix A. Description of the liquidity market indicators RTWAS, TVOB and TVOA.
RTWAS
RTWAS is relative time weighted average spread. Together with TWAS (time weighted
average spread), RTWAS is an indicator of the implicit cost of trading. RTWAS is
calculated per pre-defined time period; in the present study the time period is one day.
The time period is split into segments depending on when the spread (Best Ask Price –
Best Bid Price) change and where the orderbook is in continues trading. If the spread
change n times during the time period, time ti (i=0-n) indicates when the spread
changed occurred. RTWAS is defined as:

ܴܹܶ ܵܣൌ 

σୀଵሺݐ െ  ݐିଵ ሻ ή ൬ʹ ή 

ሺ݁ܿ݅ݎܲ݇ݏܣݐݏ݁ܤ െ  ݁ܿ݅ݎܲ݀݅ܤݐݏ݁ܤ ሻ
 ή ͳͲͲ൰
ሺ݁ܿ݅ݎܲ݇ݏܣݐݏ݁ܤ   ݁ܿ݅ݎܲ݀݅ܤݐݏ݁ܤ ሻ
ݐ െ  ݐ

As the full spread is on both sides of the Mid-quoted price, the formula is timed with 2.
This indicator measures an instrument’s relative quoted spread in the orderbook to its
mid-quoted price. RTWAS is independent of the price level or traded currency of an
order book, and it makes RTWAS to be comparable across securities. The weighting of
the different quoted relative spreads are depending on how long time the different
quoted spreads have been defined in a given dissemination time period.
TVOB
TVOB is total value of the best orders. TVOB is calculated per pre-defined time period.
Each time period is split into segments depending on when the price or volume on the
best level of the orderbook changes during the time period. TVOB is defined as:
ܸܱܶ ܤൌ 

σୀଵሾሺݐ െ  ݐିଵ ሻ ή σ ܸ݈ܽ݁ݑ௦௧௩௦ ሿ
ݐ െ  ݐ

TVOA
TVOA is total value of all orders. TVOA is calculated according to the same principles as
TVOB and it is defined as:
ܸܱܶ ܣൌ 

σୀଵሾሺݐ െ  ݐିଵ ሻ ή σ ܸ݈ܽ݁ݑ௩௦ ሿ
ݐ െ  ݐ
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Appendix B. List of the companies.
Stocks are sorted into terciles based on total traded turnover at the selected time
period. Tercile T1 refers to large traded turnover and tercile T2 and T3 correspond to
medium and small traded turnover stocks, respectively. The list presents tickers of the
stocks traded at NASDAQ OMX Nordic. Companies are placed in order by decreasing
traded turnover.
T1 (61 tickers):
NOK1V; ERIC B; VOLV B; HM B; NDA SEK; ATCO A; SAND; NOVO B; SWED A;
TLSN; SKF B; SEB A; AZN; ELUX B; SHB A; VWS; ABB; BOL; FUM1V; UPM1V; CARL
B; STERV; SAMAS; DANSKE; TEL2 B; ASSA B; INVE B; SCA B; MEO1V; ALFA; FLS;
SSAB A; SKA B; ALIV SDB; SCV B; KNEBV; NRE1V; LUPE; HEXA B; SWMA; ATCO B;
WRT1V; LUMI SDB; GETI B; MIC SDB; MTG B; OUT1V; DSV; SECU B; OTE1V; KINV
B; STLo; EKTA B; NOKI SEK; NES1V; NZYM B; HUSQ B; KCR1V; ORI SDB; TREL B;
RTRKS.
T2 (61 tickers):
YTY1V; MEDA A; ELI1V; NDA1V; COLO B; STE R; KESBV; AOIL SDB; NCC B; JM;
HOLM B; YARo; CGCBV; POH1S; WDH; VOLV A; TLS1V; RATO B; TOP; NKT; INDU
C; TRYG; ORNBV; CAST; GN; DNORD; SAA1V; FABG; KRA1V; SSAB B; NDA DKK;
TELo; LUN; TIE1V; SYDB; SDRLo; TLV1V; DNBo; AXFO; INDU A; METSB; JYSK;
AMEAS; KLED; HUFV A; IJ; PXXS SDB; SAAB B; HUH1V; BILL; INVE A; NOBI;
PEAB B; AXIS; SAS; WIHL; KAHL; SDA1V; SUBCo; HOGA B; NHYo.
T3 (60 tickers):
SWED PREF; HLDX; TIK1V; BETS B; UNR1V; UNIB SDB; PGSo; LIAB; RMR1V;
LUND B; LOOM B; ROCK B; BILI A; CRA1V; RBREW; STCBV; SOBI; CTY1S; KLOV;
STBo; MEKO; CLAS B; NIBE B; SIM; ACTI; AKSOo; HPOL B; GEN; AZA; OKDBV;
ORES; ORC; NEWA B; AAK; BEGR; AF B; NOMI; POY1V; MERT; BAVA; ICA; TORM;
REZT; VNIL SDB; EAC; HUSQ A; BO; SHB B; ALK B; BURE; FSC1V; KNOW; FOEo;
SAS DKK; DORO; BEF SDB; BINV; SCV A; NN B; SEB C.
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Waiting-time distribution and market efficiency: evidence from
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Abstract:
Statistical arbitrage strategies are market neutral trading strategies, which exploit
market inefficiencies by taking long and short positions in a spread in order to generate
positive excess returns. This study analyses the relationship between the variation of
waiting-time distribution of the traded spread and market efficiency. A statistical
arbitrage optimization procedure is obtained for both the Markovian and nonMarkovian forms of continuous-time random walk. The detrended spread between the
two classes of ordinary shares of Royal Dutch Shell Plc and the spread between the two
listings of Australia and New Zealand Banking Group Ltd are used to observe market
inefficient states. We find that the waiting-time and the survival probabilities have a
significant impact on the price dynamics and indicate market inefficiency.
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1 Introduction
Market efficiency became a very prolific research topic since recent studies on pair
trading [1 – 4] have shown that predictable patterns inferred from historical data can
be exploited to generate systematic excess returns. Pairs trading strategies (or
statistical arbitrage) aim at taking profit of short term price discrepancies observed on
the spread between two assets sharing the same source of randomness. The spread
between two co-integrated portfolios should account for transaction costs and liquidity
risk. The magnitude of the spread quantifies the level of mispricing. Statistical arbitrage
strategies consist of optimizing boundary conditions or barrier levels, under or above
which, a long or short position in the spread is taken. The expected profit generated by
the strategy on a given period depends on the barrier levels. Barrier levels condition the
expected frequency of the trades and the profit per trade: wide boundary conditions
generate a large profit per trade but reduce the number of anticipated transactions. The
number of trades per period is a renewal process and the average time between
transactions is estimated by evaluating the first-passage time of the spread. Statistical
arbitrage barrier levels provide a quantitative measure of short-term market efficiency:
market is efficient within and inefficient outside the barriers. In this study we present a
quantitative approach to measure the efficiency based on waiting time distribution.
In line with our recent studies [5, 6], we describe a pairs trading strategy, where the
spread or log-price difference between two co-integrated portfolios is modelled with
continuous-time random walk (CTRW). Continuous-time random walk is an extension
of the classical random walk model initiated by Montroll and Weiss in 1965 [7]. CTRW
was introduced as a theoretical approach to describe the diffusion process in solid state
physics, where the waiting-time between two sequential space jumps of a moving
particle is modelled stochastically. It models the dynamics of the probability density
function of observing a particle in the space point  ݔat time ݐ. Similar processes take
place in financial markets, where the time between transactions is stochastic and where
trades induce price jumps [8]. Nowadays the CTRW framework is widely used in
finance to predict and analyze the price behavior of stocks and derivatives [9, 10, 11] by
calculating the probability density function (pdf)  of finding a certain price at a given
time ݐ.
Two main forms of CTRW have been recently employed to model the price of financial
assets [9, 10, 12]: a Markovian (memoryless) and a non-Markovian model. The CTRW
Markovian equation describes the standard dynamics to model the price of financial
instruments. The model can be seen as a generalization of the geometric Brownian
motion as it uses the asset return distribution as the unique driver to model the price
fluctuation of an asset over time. Asset returns are known to be leptokurtic [13] and the
assumption of independent and identically distributed equity returns underestimates
the real probability of extreme events [14]. Fat-tailed distributions are supported by the
general framework of CTRW.
The non-Markovian CTRW is an extension of the Markovian CTRW where both the
time between transactions, called waiting-time, and the asset returns are modelled
stochastically. The waiting-time distribution reflects market liquidity. A transaction in a
very illiquid market, i.e. when the waiting-time is abnormally long, translates into
abrupt price changes while a transaction in a very liquid period has very little impact on
price [15]. As the waiting-time distribution conveys information about price formation
we can expect the non-Markovian approach to outperform the memoryless model.
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The master equation of the pdf  is a partial differential equation which includes the
probability density functions of the waiting-time and asset returns. The solution of the
master equation provides optimal barrier levels used in statistical arbitrage spread
trading. The paper evaluates the level of mispricing using empirical data of a fully
stationary spread between the two listings of the Australia and New Zealand Banking
Group Limited (ANZ) stocks. In practice, the spread between two cross-listed stocks are
not necessarily perfectly stationary in all time intervals, even though both financial
assets are traded on the same underlying product and, therefore, share the same source
of information. We evaluate the profitability of the strategy using a detrended spread
between Royal Dutch Shell A and B shares. Using tick-by-tick spread data we find that
the distribution of the waiting-time or time between consecutive transactions varies
with the level of mispricing for both spreads. The assumption of an exponential
waiting-time distribution provides a quantitative measure of market inefficiency and
can be used as a market efficiency indicator.
Section 2 describes empirical data used in the study. Section 3 introduces the CTRW
theoretical outlines and summarizes the optimal trading strategy and the two forms of
CTRW used to model the dynamics of the spread. The fourth section presents the
results and discussion. We show the correlation between waiting-time distribution and
market efficiency. Finally, section 5 concludes the article.

2 Empirical Data
To show the impact of the waiting-time distribution on market efficiency, two spreads
between cross-listed stocks are constructed. The first spread is built around the two
classes of ordinary shares of Royal Dutch Shell Plc: RDS.A and RDS.B 1. The second
spread is constructed with the two highly correlated listings of the Australia and New
Zealand Banking Group Limited (ANZ) traded in Sydney on the Australian Stock
Exchange (ANZ.AX) and in Wellington on the New Zealand Stock Exchange (ANZ.NZ).
2.1 Royal Dutch Shell Spread
Both classes of Royal Dutch Shell ordinary shares have identical rights, except related
to the dividend access mechanism, which only applies to the Class B ordinary shares.
Class A ordinary shares have a Dutch source for tax purposes and are subject to Dutch
withholding tax. Class B ordinary shares are entitled to a UK tax credit in respect of
their proportional share of such dividends. Even though the information relative to
Royal Dutch Shell Plc flows into both classes of shares, the log-price difference between
the two classes
ݔ௧ ൌ ሺܴܵܦǤ ܣሻ െ ሺܴܵܦǤ ܤሻሺͳሻ
is not continuously stationary in all time intervals. The sample spread contains
3 187 942 mid-quote prices obtained from tickmarketdata.com [16]. Figure 1 displays
the evolution of the spread ݔ௧ for the period between 1 March 2012 and 5 March 2013.
After filtering out illiquid periods when the bid-ask spread exceeds 0.001, the spread
series is detrended by applying a moving median of order 50 000. The detrended
spread ݔ௧ is illustrated in Figure 2. The distribution of the detrended spread is
presented in Figure 3. The number of lags of the moving median has been chosen to
ensure that the process ݔ௧ is stationary. Both the Augmented-Dickey Fuller and Perron
test reject the null hypothesis of unit root at 99% confidence level.
1

http://www.shell.com/global/aboutshell/investor/share-price-information/difference-a-b.html
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2.2 ANZ Spread
Unlike the spread formed of Royal Dutch Shell, the spread between ANZ.NX and
ANZ.AX is stationary at 99% confidence level and does not need to be detrended.
ANZ.AX is traded in AUD on the Australian stock exchange in Sydney. The ANZ Bank
New Zealand Limited, ANZ.NZ, is traded in NZD in Wellington on the New Zealand
stock exchange. The time zone difference between the two exchanges is two hours.
Using the Australian local time, the spread, x, is computed as follows:
ݔ௧ ൌ ሺܼܰܣǤ ܺܣሻ െ ሺܼܰܣǤ ܼܰሻ  ሺܺܨȀே ሻሺʹሻ
ANZ.NZ is traded between 10:00 and 16:45 local time and ANZ.AX between 10:00 and
16:00 Sydney time. The spread depicted in Figure 4 is computed for the period between
4 January 2012 and 8 March 2013 [16]. The distribution of the detrended spread is
presented in Figure 5. To prevent information asymmetry, the spread is calculated
when both markets are open. It includes 306 071 observations.

3 Theory
The present section is divided into two parts. The first part describes the continuoustime random walk (CTRW) approach with Markovian and non-Markovian masters
equations. The second part explains the optimization of the statistical arbitrage trading
strategy.
3.1 Continuous-Time Random Walk
Most studies in finance, including the market microstructure literature, sample asset
prices at regular time intervals and only models prices as stochastic processes.
However, the time between transactions provides predictive information regarding
future asset prices and should be not neglected. This study uses the CTRW of Montroll
and Weiss [7] to describe the price dynamics at a tick level, where both the price and
time between two transactions are modelled with random variables. CTRW has already
been applied in finance to measure the impact of option price on underlying price
changes [11]. We follow the approach of Scalas et al [17, 10, 12] and introduce the
following notation:
ݔሺݐሻ ൌ ܵሺݐሻ
߬ ൌ ݐାଵ െ ݐ
ߦ ൌ ݔሺݐାଵ ሻ െ ݔሺݐ ሻ
߮ሺߦǡ ݐሻ
ஶ

logarithm of the asset price ܵ at time ݐ
waiting-time
log-return of asset price ܵ at time ݐ
joint prob. of returns and waiting-time
waiting-time pdf

߰ሺ߬ሻ ൌ න ߮ሺ ߦǡ ߬ሻ݀ߦ
ିஶ
ஶ

asset return pdf

ߣሺߦሻ ൌ න ߮ሺ ߦǡ ߬ሻ݀߬


ሺݔǡ ݐሻ
ஶ

݂መሺߢሻ ൌ න ݁ ௫ ݂ሺ ݔሻ݀ݔ
ିஶ

pdf of finding  ݔat time ݐ
Fourier transform of ݂ሺݔሻ
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ஶ

Laplace transform of ݂ሺݐሻ

݂ሚሺݏሻ ൌ න ݁ ି௦௧ ݂ሺ ݐሻ݀ݐ
ஶ


ஶ

݂Ƹ෨ሺߢǡ ݏሻ ൌ න න ݁ ି௦௧ା௫ ݂ሺ ݔǡ ݐሻ݀ݐ݀ݔ

Fourier-Laplace transform of ݂ሺݔǡ ݐሻ

 ିஶ

Given a transaction at time ݐିଵ , ߰ represents the probability density function that a
transaction take place at time ݐିଵ  ߬. Hence, the probability that a transaction is
carried out within ߬  ݐ െ ݐିଵ  ߬  ݀߬ is ߰ሺ߬ሻ݀߬. So, the normalization condition on
the waiting-time is ߰ ሺ߬ሻ݀߬ ൌ ͳ.
ߣ represents the transaction probability density function that the log-price jumps from
 ݔto  ݔ ߦ. Its normalization condition is ߣ ሺߦሻ݀ߦ ൌ ͳ. The normalization condition on
the joint probability density between waiting-time and returns is, therefore,
߮  ሺߦǡ ߬ሻ݀ߦ݀߬ ൌ ͳ. The probability that the log-price does not change during a period
greater or equal to , also called survival probability until time instant  ݐat the initial
ఛ
ஶ
position ݔ ൌ Ͳ, denoted by ߖሺ߬ሻ, is ߖሺ߬ሻ ൌ ͳ െ  ߰ሺݐሻ݀ ݐൌ  ఛ ߰ሺݐሻ݀ݐ.
Montroll and Weiss [7] show that the Fourier-Laplace transform of ሺߢǡ ݏሻ satisfies:
Ƹ෨ሺߢǡ ݏሻ ൌ

ͳ െ ߰෨ሺݏሻ
ͳ
ሺ͵ሻ
෩ ሺߢǡ ݏሻ
ݏ
ͳ െ ߮Ƹ

Assuming that the time between two transactions and the returns are independent and
that the time between transactions is i.i.d., the joint probability is the product of the
return and the waiting-time probability density functions, i.e. ߮ሺߦǡ ߬ሻ ൌ ߣሺߦሻ߰ሺ߬ሻ.
Equation (3) can then be rewritten as:
Ƹ෨ሺߢǡ ݏሻ ൌ

෩ ሺݏሻ
ͳ െ ߰෨ሺݏሻ
ͳ
ߖ
ൌ
ሺͶሻ
መ
መ
෨
ݏ
ͳ െ ߣሺߢሻ߰ሺݏሻ ͳ െ ߣሺߢሻ߰෨ሺݏሻ

෩ ሺݏሻ  ߰෨ሺݏሻߣመሺߢሻƸ෨ሺߢǡ ݏሻ and inverting the
Reorganizing the terms of (4) as Ƹ෨ሺߢǡ ݏሻ ൌ ߖ
Fourier-Laplace transform, we obtain the master equation of ሺݔǡ ݐሻ:
ஶ

ஶ
ᇱ

ሺݔǡ ݐሻ ൌ ߜሺݔሻߖሺݐሻ  න ݀ݐԢ߰ሺ ݐെ  ݐሻ න ߣሺ ݔെ  ݔᇱ ሻሺ ݔᇱ ǡ  ݐᇱ ሻ݀ݔԢ ሺͷሻ


ିஶ

The initial condition is that the log-price is initially at its origin  ݔൌ Ͳ, i.e. ሺݔǡ Ͳሻ ൌ
ߜሺݔሻ, where ߜሺݔሻ is the Dirac function.
The probability of finding log-price  ݔat time ݐ, ሺݔǡ ݐሻ, in the master equation (5) is the
sum of two terms: an initial condition, i.e. the survival probability up to time instant ݐ,
ߖሺݐሻ, times the jump pdf at point ݔ, ߜሺݔሻ, and a spatiotemporal convolution term.
The second term is the time aggregation over the period ሾͲǡ ݐሿ of the marginal
ஶ
contribution to ሺݔǡ ݐሻ of the log-price jump from ݔԢ  אԹ to  ݔat time ݐԢ ൏ ݐ: ିஶ ߣሺ ݔെ
ᇱ ሻሺ ݔᇱ ᇱ ሻ݀ݔԢ
ᇱ
by the probability waiting-time probability ߰ሺ ݐെ  ݐሻ. As described in
ݔ
ǡݐ
[17], this form of the master equation shows the non-local and non-Markovian
character of the CTRW:
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௧

௧

ஶ

߲
ሺݔǡ ݐሻ  න ߶ ሺ ݐെ  ݐᇱ ሻሺݔǡ  ݐᇱ ሻ݀ݐԢ ൌ න ߶ ሺ ݐെ  ݐᇱ ሻ න ߣሺ ݔെ  ݔᇱ ሻሺ ݔᇱ ǡ  ݐᇱ ሻ݀ݔԢ݀ݐԢ ሺሻ
߲ݐ




ିஶ

where the kernel ߶ሺݐሻ is defined through its Laplace transform:
߶෨ሺݏሻ ൌ

߰ݏ෨ሺݏሻ
ሺሻ
ͳ െ ߰෨ሺݏሻ

An alternative form of the master equation (5) was proposed in Mainardi et al [10],
which is the solution of the Green function or the fundamental solution of Cauchy
problem with the initial condition ሺݔǡ Ͳሻ ൌ ߜሺݔሻ:
௧

ஶ

න ߶ ሺ ݐെ  ݐᇱ ሻ


߲
ሺݔǡ  ݐᇱ ሻ݀ ݐᇱ ൌ െሺݔǡ ݐሻ  න ߣሺ ݔെ  ݔᇱ ሻሺ ݔᇱ ǡ ݐሻ݀ݔԢ ሺͺሻ
߲ ݐᇱ
ିஶ

This form of the master equation is clearly non-Markovian as ߶ሺݏሻ is defined as a
function of the survival probability. As ߶෨ሺݏሻ ൌ ͳ, i.e. ߶ሺݏሻ ൌ ߜሺݔሻ, the master equation
for the CTRW becomes Markovian:
ஶ

߲
ሺݔǡ ݐሻ ൌ െሺݔǡ ݐሻ  න ߣሺ ݔെ  ݔᇱ ሻሺ ݔᇱ ǡ ݐሻ݀ݔԢ ሺͻሻ
߲ݐ
ିஶ

with initial condition of ሺݔǡ Ͳሻ ൌ ߜሺݔሻ.
Figure 6 illustrates the solution of the Markovian master equation (9). At time  ݐൌ Ͳ,
the probability density function ሺݔǡ ݐሻ is a delta Dirac function because the current
price is known. The uncertainty then increases with time and broadens ሺݔǡ ݐሻ. The
skewness of the distribution ߣሺݔሻ, modelled in the figure with an exponential
distribution, orientates ሺݔǡ ݐሻ. The cross-sectional view at a given point in time  ݐ Ͳ is
the distribution of asset returns. Thus, ሺݔǡ  ݐൌ ʹͲͲܿ݁ݏሻ reflects the expected
distribution of the log-price  ݔ200 seconds ahead. The difference between the
Markovian and non-Markovian approaches is illustrated in Figure 7. The top three
graphs show cross-sectional views of the Markovian, non-Markovian and its difference
at time step  ݐൌ Ͷ. The bottom graph gives a three dimensional representation of the
differences between the two PDEs over time. The non-Markovian approach is
significantly different from the Markovian approach and should be used for the price
behavior analysis.
3.2 Statistical arbitrage trading strategy optimization
In this section we introduce a similar approach discussed in [5]. One of the key
considerations in pairs trading consists of finding optimal barrier levels, which
determine the entry and exit levels of the strategy and condition the frequency of the
trades. The total time of the strategy is the sum of the expected time it takes for the
spread to go from the entry level until the exit level and the time to go from the exit
level back to the entry level, i.e. ࣮௧௧ ൌ ࣮௧  ࣮௫௧ . The trading frequency is
ଵ
therefore
. We follow the same approach as Bertram [18] and compute the optimal
࣮ೌ

boundary levels as a function of the first-passage time of the spread. The first-passage
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time of ݔ௧ is defined as the first time that the logarithm of the spread process ݔ௧ reaches
an upper boundary ܾଵ or a lower boundary ܾଶ :
࣮ሾభǡమ ሿ ሺݔ ሻ ൌ ௧బ ஸ௧ ሼݐȁܾଶ ൏ ݔ௧ ൏ ܾଵ Ǣ ݔ ൌ ݔሺͲሻሽሺͳͲሻ
Assuming that the probability densities of finding a log-spread x at a future time t,
denoted as ሺݔǡ ݐȁݔ ǡ ݐ ሻ, satisfy the absorbing initial conditions ሺݔ ǡ ݐ ሻ ൌ Ͳ and
ሺݔ ǡ ݐ ሻ ൌ Ͳ, ݔ ൏ ݔ , the probability that the process  ݔreaches the boundaries is:
௫ೆ

ܩሺݐǢ ݔ ǡ ݔ ሻ ൌ ͳ െ  න ሺݔǡ ݐȁݔ ǡ ݐ ሻ݀ ݔሺͳͳሻ
௫ಽ

The corresponding density function solves:
௫ೆ

߲
߲
݃ሺݐȁݔ ǡ ݐ ሻ ൌ ܩሺݐȁݔ ǡ ݐ ሻ ൌ  െ න
ሺݔǡ ݐȁݔ ǡ ݐ ሻ݀ ݔሺͳʹሻ
߲ݐ
߲ݐ
௫ಽ

Given two barrier levels ܾଵ and ܾଶ , ܾଵ ൏ ܾଶ , the probability density function of the firstpassage time ݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ is the convolution of the density function ݃ from the lower
limit until the upper limit with the density function ݃ from the lower boundary until the
upper limit, i.e.
݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ ൌ ݃ሾିஶǡమ ሿ ሺݐǢ ܾଵ ǡ ݐ ሻ ٔ ݃ሾభ ǡஶሿ ሺݐǢ ܾଶ ǡ ݐ ሻሺͳ͵ሻ
ஶ

The expected trading length solves ܧሾ࣮௧௧ ሿ ൌ  ݂ݐሺݐǢ ܾଵ ǡ ܾଶ ሻ݀ݐand the expected trade
frequency and variance:
ஶ

ͳ
൨ ൌ න ݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ݀ ݐሺͳͶሻ
ܧ
ݐ
࣮௧௧
ͳ



ஶ

ͳ
ͳ ଶ
ͳ
൨ ൌ න ଶ ݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ݀ ݐെ  ܧ
൨ ሺͳͷሻ
ܸܽ ݎ
ݐ
࣮௧௧
࣮௧௧


A trading strategy is optimal if the boundaries ܾଵ and ܾଶ maximize an objective
function, which typically is the expected return of a portfolio ߤ or its Sharpe ratio.
With fixed barriers ܾଵ and ܾଶ the return per trade is deterministic ܾଶ െ ܾଵ െ ܿ where ܿ is
the transaction cost, but the time between trades is stochastic and depends on the firstpassage time of ݔ௧ .
The expected profit and variance per trade frequency are:
ͳ

ஶ

ͳ
൨ ൌ ሺܾଶ െ ܾଵ െ ܿሻ න ݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ݀ ݐሺͳͷሻ
ߤ ൌ ሺܾଶ െ ܾଵ െ ܿሻ ܧ
࣮௧௧
ݐ
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ଶ

ߪ ൌ ሺܾଶ െ ܾଵ െ ܿሻ ܸܽ ݎ

ͳ
࣮௧௧

ஶ

൨ ൌ ሺܾଶ െ ܾଵ െ ܿሻ

ଶන


ͳ
݂ሺݐǢ ܾଵ ǡ ܾଶ ሻ݀ ݐെ ߤଶ ሺͳሻ
ݐଶ

Optimal barrier levels, defined as a function of the trading cost, are obtained by
maximizing the expected return or Sharpe ratio of the strategy. The market state
beyond the barrier levels indicates market inefficiency. The profitability of the
statistical arbitrage strategy is illustrated in Figure 8 as a function of the transaction
cost and barrier level (the Figure 8 is taken from [5] for illustrative purpose).

4 Results and Discussion
4.1 Relation between waiting-time distribution and market efficiency
This section tests whether the waiting-time distribution depends on the state of the
spread process. We expect a shorter time between transactions when the spread
reaches the tail of its historical distribution.
Figure 9 shows the waiting-time distribution of spread between RDS.A and RDS.B. The
left-side graph sketches the waiting-time distribution between 0 and 10 seconds. The
first bar shows that more than half of the deals happen within a second. Excluding the
first bar, the waiting-time distribution is well fitted with an exponential distribution.
The right-side graph displays the long-life waiting-time distribution, where the time
exceeds 10 seconds. A similar pattern is observed for the waiting-time distribution of
ANZ spread in Figure 10. Figures 11 and 12 present the waiting-time distribution within
and outside barrier levels for RDS- and ANZ-spreads, respectively. The barrier levels
are first set such that 90% of the observations lie within the boundaries. The blue bar
reports the estimation of the waiting-time distribution using all points surrounded by
the barriers. The red bar depicts the waiting-time distribution when only transactions
outside of the barriers are taken into account. We can see that the market activity is
higher, i.e. the time between transactions is shorter, when arbitrage opportunities
occur and thus when the spread process is outside of its long-term mean.
Figure 11 shows that 52.6% of the RDS transactions are executed within one second
when the spread stays within its 90% quantile while 52.8% of the transactions occur in
less than one second when the spread is beyond its 10% extreme values. The same
pattern is observed for ANZ spread as illustrated in Figure 12. 34% of the ANZ
transactions are executed within 5 seconds when the spread is within the boundaries
while more than 35% of the transactions happen in the same time interval should the
spread exceed its 10% extreme values. In the second case, the barrier levels are defined
such as 99% of the spread prices stays within the boundaries. The green bar outlines
the waiting-time distribution when the spread is abnormally high or low. A significant
change in the waiting-time distribution is observed when the barrier levels are placed
wider to encompass 99% instead of 90% of spread prices.
Table 2 summarizes the results and reports the probability that trades occur within the
next five seconds for the RDS spread and within 25 seconds for the less liquid ANZ
spread for each of the three cases. The more extreme the spread prices, the shorter the
time between transactions. This finding supports the efficient market hypothesis.
Arbitrageurs place orders as soon as the spread abnormally diverges from its long-term
equilibrium and, hence, shorten the time between transactions.
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The waiting-time probability density function ߰ሺ߬ሻ is modelled as an exponential
distribution of parameter ߠ
൜

ߠ݁ ିఏఛ ǡ ݂݅߬  Ͳ
ሺͳሻ
Ͳǡ ݁ݏ݅ݓݎ݄݁ݐ

Modelling ߰ሺ߬ሻ as an exponential distribution simplifies the discretization of the nonMarkovian stochastic differential equation. Indeed, the Laplace transform of the kernel
߶ሺݐሻ is constant
߶෨ሺݐሻ ൌ

ߠ
ݐ
߰ݐ෨ሺݐሻ
ݐ

ߠ ൌ ߠሺͳͺሻ
ൌ
ͳ െ ߰෨ሺݐሻ ͳ െ ߠ
ݐߠ

and, therefore, ߶ሺݐሻ ൌ ߠߜሺݐሻ, where ߜሺݐሻ is the Dirac function at ݐ. The discretization of
the non-Markovian master equation (8) shows that ሺݔǡ  ݐ ͳሻ, the probability density
function of finding a log-price  ݔat a future time  ݐ ͳ, is the sum of the survival
probability up to time  ݐtimes ሺݔǡ ݐሻ with the solution of the Markovian stochastic
density function (9):
ሺݔǡ
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ൌ ߖሺݔǡ ݐሻ  ሺͳ െ ߖሻሺݔǡ  ݐ ͳሻሺͳͻሻ
where ߖ ൌ ሺͳ െ ͳΤߠሻ is the survival probability. Sudden and large bursts in market
liquidity, mainly driven by macroeconomic news announcements [20], cause jumps in
the survival probability. The effect of discontinuous survival probability on the asset
distribution ሺݔǡ ݐሻ is modelled in equation (19).
When modelled with an exponential distribution ߰ሺ߬ሻ ൌ ߠ݁ ିఏఛ the optimal parameter ߠ
for the waiting-time distribution of RDS is 0.482, 0.523 and 0.550 for the 90% inside,
10% outside and 1% outside distribution, respectively. The corresponding fitted value ߠ
for ANZ spread is 0.0445, 0.0474 and 0.0555. The higher the parameter ߠ, the shorter
the time between transactions. It defines whether the market is in an active or inactive
phase and can be used as an indicator of market efficiency.
4.2 Non-Markovian trading strategy with detrended spread
The trading strategy optimizes the barrier levels ܾଵ and ܾଶ to maximize the expected
return ߤ . The probability density function ߣሺߦሻ of the detrended spread distribution of
RDS is not normal as depicted in Figure 3. The distribution exhibits fat tails in the
region of േሺͲǤͶ െ ͲǤΨሻ. As such, the asset return distribution ߣሺߦሻ and waiting-time
distribution ߰ሺ߬ሻ are inferred from historical spread prices ݔ௧ . The non-Markovian
trading strategy (8) yields a profit of 26.0% p.a. with a trading cost of 0.05% for
optimal barrier levels of േͲǤͳͳΨ.
Table 1 contains the results of the strategy for various barrier levels with a fixed cost of
0.05% per deal. Surprisingly, the optimal barrier levels remain the same whether the
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strategy is applied to the original spread ݔ௧ or the detrended process ݔ௧ . The algorithm
is profitable for a range of barrier levels up to േͲǤͶΨ. We would expect barrier levels to
be wider for highly non-stationary processes than for detrended spreads. With the
assumption of short non-stationary periods in the overall stationary spread process, we
believe that the non-Markovian trading strategy can equally be optimized with a
detrended spread process.

5 Conclusion
In this article we analyze the relationship between the waiting-time distribution
function of the traded spread and market efficiency. We show that inefficient price
states outside of optimal barrier levels rapidly converge back to efficient price states
within optimal boundaries. The farther the spread price diverges from its mean, the
quicker is the mean-reversion. The barrier levels are obtained from a non-Markovian
trading strategy using both a detrended spread between the two classes of ordinary
shares of Royal Dutch Shell Plc and the two listings of Australia and New Zealand
Banking Group Limited. We show that the parameter of the waiting-time exponential
distribution is a good indicator of market efficiency. In addition, we analyze the optimal
trading strategy for nonstationary process. Our results prompt further theoretical and
empirical studies on the duration of inefficient price states.
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Figure 1: Log-price difference between RDS.A and RDS.B for the period between 1 March
2012 and 5 March 2013.

Figure 2: Detrended log-price difference between RDS.A and RDS.B for the period between
1 March 2012 and 5 March 2013.
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Table 1. Barrier levels and profitability. Using MA price with a 50000 averaging number
gives 45.3% (26.0% with costs) profit (386 deals).

Barrier
0.05%
0.08%
0.11%
0.15%
0.20%
0.30%
0.40%
0.50%

Profitability
(with cost of 0.05% per deal)
63.2% (14.1%)
53.3% (24.6%)
45.3% (26.0%)
39.4% (25.8%)
34.2% (25.0%)
27.8% (22.2%)
26.2% (22.3%)
14.9% (12.9%)

Figure 3: Empirical distribution of RDS-spread.

Deals
982
574
386
272
184
112
78
40
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Figure 4: Log-price difference between ANZ.NZ and ANZ.AX for the period between 4
January 2012 and 8 March 2013.

Figure 5: Empirical distribution of ANZ-spread.
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Figure 6: Modelled probability density function of finding a log-price x at time t, p(x; t) for
the Markovian master equation (9).

Figure 7: On top: The graph on the left illustrates the Markovian PDE, the central figure
depicts the non-Markovian PDE. The cross-sectional difference between the non-Markovian
and the Markovian PDEs at is displayed on the right. At the bottom: 3D plot displays the
differences between the two PDEs over time.
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Figure 8: Profitability of the pair-trading ANZ-spread strategy. Profitability depends on
transaction cost and barrier level.

Figure 9: Waiting time distribution for RDS-spread.
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Figure 10: Waiting-time distribution for ANZ-spread.

Table 2: Probability of trade occurrence over time for the three cases: 90% time inside the
barriers, 10% time outside the barriers, and 1% time outside the barriers.

90% inside
1 sec
2 sec
3 sec
4 sec
5 sec

52.6%
67.1%
75.0%
80.2%
83.8%

5 sec
10 sec
15 sec
20 sec
25 sec

34.0%
53.0%
65.2%
73.6%
79.7%

10% outside
RDS
58.2%
72.1%
79.2%
83.9%
86.9%
ANZ
35.8%
55.4%
67.7%
75.9%
81.7%

1% outside
58.0%
73.3%
81.1%
86.0%
89.1%
34.4%
56.2%
68.8%
76.5%
82.1%
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Figure 11: Waiting-time distribution as a function of the barrier levels for RDS-spread. Blue
bars correspond to the barrier levels when the spread is 90% time inside the barriers. Red
is for 10% time outside the barriers and green is 1% outside.

Figure 12: Waiting-time distribution as a function of the barrier levels for ANZ-spread. Blue
bars correspond to the barrier levels when the spread is 90% time inside the barriers. Red
is for 10% time outside the barriers and green is 1% outside.
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ural experiment of unifying the tariff structure of the NASDAQ OMX Nordic exchange trading price lists. I test the
hypothesis that if the change of the exchange fees is less
than uncertainties of other trading costs (e.g. cost of future
bid-ask spread), the impact of the change is economically
insignificant.
The third essay presents a quantitative approach to
measure market efficiency, based on the waiting time distribution. Constructing mean-reverting portfolios of crosslisted stocks provides observation of inefficient states by
divergence of price from its mean. The farther the price
diverges from its mean, the quicker the mean-reversion is.
The essay shows that the parameter of the waiting-time
exponential distribution is a good indicator of market efficiency.
The findings presented in the thesis have the potential
to be of interest for investors, regulators, and policy makers internationally.
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Financial markets and the pace of trading have
changed dramatically over the last decade. Stock exchanges have replaced their traditional physical floors
with electronic trading platforms. Most market participants now employ automated, algorithmic strategies,
which are the focus of the present thesis. The thesis consists of introduction and three essays.
In the first essay, I study the impact of algorithmic trading activity on market properties. The analysis is based on
a proprietary dataset from NASDAQ OMX Nordic. The
essay presents a method for causality identification that
does not rely on exogenous events. Separating maker’s
and taker’s activity provides the analysis of causality between traders and market properties. The results identify
two-way causality from the activity of algorithmic liquidity providers to relative bid-ask spread and from bid-ask
spread to the activity of algorithmic liquidity takers.
In the second essay, I study the impact of trading fees
on market properties and activity of traders using the nat-
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