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Introduction 
 

In the absence of transaction costs, trade restrictions and tax incentives, perfect 

arbitrage insures that the law of one price prevails. The law of one price 

stipulates that each identical good or common stock is uniformly priced 

throughout the world. The absence of arbitrage opportunities is the basis of the 

modern portfolio theory (MPT). Hence, the law of one price is, for example, at the 

origin of the arbitrage pricing theory (APT) [Ross76] in asset pricing, the Black 

and Scholes formula [BlackScholes73] in option pricing, and even the Modigliani-

Miller capital structure theorem [ModiglianiMiller58] in theoretical corporate 

finance. MPT, initially developed by Harry Markowitz [Markowitz52], attempts 

to maximise the expected return of a portfolio for a given amount of risk. By 

combining different assets whose returns are not perfectly correlated, MPT aims 

at reducing the total variance of the portfolio return. It assumes that investors 

are rational and markets are efficient. Indeed, a rational investor will not invest 

in another portfolio unless it provides a better return given a risk level. The 

Capital asset pricing model (CAPM) [Sharpe64], which derives the theoretical 

required expected return for an asset in a market given a risk free rate, assumes 

that the equity market premium for holding a risky asset is proportional to the 

equity market premium. The coefficient of proportionality, beta, is the only 

measure of stock's risk and shows the amount of compensation equity investors 

need for taking additional risk. The model suffers from several limitations as it 

implies that all investors have homogeneous expectations, i.e. share the same 

view on risk and expected returns and infers that the volatility of past returns is 

a perfect proxy for future risk associated with a given security. Moreover, as 

criticised by Roll [Roll77], the market portfolio is unobservable, as it would 

require the inclusion of all tradable and untradeable assets. More recent studies 

have extended the traditional asset pricing model. Starting with the observation 

that small capitalisation stocks with a high book-to-market tend to outperform 

the market, Fama and French [FamaFrench92] extends the CAPM with two 

additional factors, namely the difference between small and big caps, and the 

difference between value and growth stocks. Griffin [Griffin02] shows that the 
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Fama French factors are country specific and came to the conclusion that the 

local factors better explain time-series variation in stock returns than the global 

factors. Fama and French [FamaFrench12] conclude that local factors work 

better than global factors for regional portfolios. Carhart [Carhart97] extended 

the 3-factor Fama-French model to include a monthly momentum factor.  

APT generalises the CAPM and defines the expected return of a financial asset as 

a linear combination of macro-economic factors. APT is widely used both in asset 

pricing and in corporate finance to show the contribution of economic factors on 

asset returns. Interest rate sensitivity to stock return is typically measured with 

a two-factor APT model [Stone74], [FlanneryJames84]. In the same vein, Essay 1 

“Interest rate risk management with debt issues: Evidence from Europe” 

analyses the impact of the introduction of Euro on interest rate sensitivity of 

European firms.  

The law of one price asserts that identical securities providing the same payoffs 

at each point in time must have identical prices. It, therefore, prevents rational 

arbitrageurs from making a riskless profit by buying the cheap security and 

short-selling the expensive one, should the price of two identical securities be 

different. The law of one price is closely linked with the efficient market 

hypothesis (EMH) developed by Eugene Fama [Fama70], in which securities 

prices reflect all available information. The definition of market efficiency is 

usually subdivided into three forms. The weak form of efficient market, generally 

rejected by empirical studies, assumes that securities prices pertain all 

information contained in historical prices [LoMcKinlay88], [Broges10]. Shares 

prices are, therefore, completely unpredictable, ruling out technical analysis and 

statistical trading strategies. The market microstructure literature privileges the 

semi-strong form of market efficiency, which incorporates all publicly available 

information in to shares prices. Hence, the theoretical models of Glosten-Milgrom 

[Glosten85] and Kyle [Kyle85] distinguish informed from uninformed or noisy 

traders. The strategy of informed traders, owning private information about a 

security, outperforms those of noisy traders, who do not generate any return on 

average. The strong form of efficient market hypothesis incorporates all 

information acquired by any investors in share prices. The introduction of the 

law against insider trading [Manne66] and more importantly its enforcement, 
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which is found to significantly decrease the cost of equity 

[BhattacharyaDaouk02], indicates that markets are not strongly efficient.  

Macroeconomic news announcements are known to cause sudden market price 

discontinuities [Anderson07]. Local shocks take time to propagate to other 

markets and global shocks affect local market differently. Füss et al [Füss12] 

show that new macroeconomic announcements first affect the FX markets and 

then propagate to the bond markets and only then to the stock markets. Essay 2 

“Information Arrival, Jumps and Co-jumps in European Financial Markets: 

Evidence using tick-by-tick data” tests the short-term behaviour and integration 

of the European markets after exogenous shocks. In particular, the article 

investigates how the intraday equity, interest rate and foreign exchange 

European markets react around key US macroeconomic news announcements.  

Short-term departure from a long-term equilibrium is commonly analysed by 

error-correction models. This technique has been widely used in economics to 

test the efficient market hypothesis [Taylor01], [Giovanini98]. Given the 

existence of a long-term equilibrium price between markets, a shock causing a 

sudden departure from the equilibrium will be corrected so that the equilibrium 

price difference is restored. 

Perfectly efficient markets rely on the assumption of rational investments. 

Market participants are, however, demonstrably less than rational and their 

wrong collective judgements lead to bubbles and crashes episodically observed 

on the market. Behavioural finance, presented as a critique of the expected utility 

theory as a descriptive model of decision-making under risk by Kahneman and 

Tversky in 1979 [KahnemanTversky79], became the one of the dominant stream 

of academic finance since the late 1990s. Focusing on the irrationality of 

investors, behavioural finance studies the influence of psychology on the 

behaviour of financial practitioners and contests the efficient market hypothesis. 

Even though markets are largely efficient [Markiel03], [Fama98], the main 

findings of behavioural finance [Shleifer00] show that future prices are at least 

partly predictable from the past and that a careful analysis of past trends can 

lead to systematic positive excess return, e.g. [LoMamayskyWang02], 

[LoMcKinlay99]. Inline with the main discoveries in behavioural finance, 

investment banks and hedge funds have been developing automated systematic 
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trading algorithms to find and exploit predictable patterns from historical data. 

The main strategies include statistical arbitrage or short-term mean-reversion 

strategies and trend following investments, which try to take advantage of short, 

medium and long-term moves that play out in various markets. Although highly 

proprietary and secretive, some of these strategies have been analysed in the 

financial literature and their profitability evaluated. Hence, Gatev and al. 

[Gatev06] showed that the original pairs trading strategy developed in the 80s 

aiming at taking profits on the short-term price discrepancies observed on the 

markets is still profitable today. Essay 3 “Pairs Trading: An analytical approach” 

extends the original pairs trading algorithm and uses an error-correction 

approach based on the first-passage time of the underlying spread distribution to 

define an optimal trading strategy for co-integrated pairs of portfolios or 

securities. The arbitrage strategy generates a significant positive excess return 

for market neutral pairs of commodities and index futures, while taking into 

account transaction costs. 

Beside the behaviour financial research highlighting market inefficiencies and 

explaining the causes of market trends, recent studies have used physics models, 

notably from statistical mechanics, to explain the dynamics of financial markets. 

The main results include the explanation of the fat-tailness of the distribution of 

asset returns [Mandelbrot63] and long-range correlations in asset prices 

described in terms of long-memory processes, such as fractional Brownian 

motion [Mandelbrot68], [Scalas00], [CarboneStanley07], [Wang11]. Mantegna 

and Stanley [MantegnaStanley95] demonstrated that density function of the 

Standard and Poor 500 is essentially non-Gaussian and is best approximated 

with a power-law (Lévy) distribution. Cont and Bouchard [ContBouchaud00] 

examines how the existence of herd behaviour among market participants lead 

to excess kurtosis of returns. [Hsieh91] showed that stock returns are not IID, 

neither with high-frequency data (15-minutes sampling) nor with weekly 

returns and that the IID rejection is consistent with the hypothesis that stock 

markets are governed by low complexity chaotic behaviour. Essay 4 “Price 

formation modelling by continuous-time random walk: an empirical study” 

contrasts the Markovian and non-Markovian forms of continuous-time random 

walk [Montroll65] and illustrates the behaviour of the two stochastic differential 
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equations with the DAX30 index futures. It shows that the time between 

transactions conveys relevant information about price formation. Essay 5 

“Application of continuous-time random walk to statistical arbitrage” adapts the 

trading strategy presented by William Bertram [Bertram09] to high frequency 

trading and model the spread or log-price differences between two co-integrated 

portfolios with a non-Markovian form of continuous-time random walk 

described in the fourth essay. The predictability of the trading strategy is 

analysed and contrasted for the two forms of continuous-time random walk 

processes.  We found that the waiting-time distribution has a significant impact 

on the prediction of the expected profit for intraday trading. 
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Essay 1: Interest rate risk management with debt issues: 
Evidence from Europe 
 

The value of indebted firms is affected by interest rate fluctuations as interest 

rate surges increase firms’ expenses and, therefore, lower their net worth 

[GertlerGilchrist94]. Interest rate risk is a special concern for smaller and 

financially constrained firms with difficulties to service their debt and obtain 

new financing.  

Empirical evidence suggests that the use of derivatives is limited to hedge 

interest rate risk. Companies mostly manage their exposure by matching the 

structure of their liabilities with that of their assets [Faulkender05]. As such, 

operational hedging plays a bigger role than derivative usage in corporate 

financial management [GuayKothari03]. Before the end of 1990s, the European 

corporate bond market was extremely small and illiquid and the access to 

financing was essentially relationship-based [RajanZingales03]. Firms from small 

countries willing to issue corporate debts had either to denominate them in a 

foreign currency or pay a high illiquidity premium. The introduction of euro 

bolstered the development of the corporate bond market in Europe 

[RajanZingales03] and gave companies more tools to manage their interest rate 

risk. Hence, the European private debt issuance jumped by 58% from 1998 to 

1999 alone, with the issuance volume reaching 74% of the US level, in contrast to 

26% the year earlier [PaganoVonThadden04]. Moreover, while bank loans are 

mainly floating, corporate debts can equally be issued as fixed or floating and 

ease the management of interest rate risk.   

The goal of first essay consists of verifying whether the interest rate sensitivity 

decreased after the introduction of euro, in particular for firms that entered the 

corporate bond market. The study of interest rate sensitivity is carried out at the 

firm level in order to observe firm-specific bond issuance activity and control for 

factors known to affect firms’ risk management decisions. We found that the 

connection between bond issuance and reductions in interest rate sensitivity is 

most significant among financially constrained firms, which suggests that 
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financially constrained firms are the main beneficiaries of the relaxed public 

borrowing constraint in Europe after the introduction of euro. 

The hypothesis was tested with a two-stage regression using the accounting 

variables and monthly returns of 17 European countries (12-Eurozone members 

and Denmark, Sweden, Norway, UK and Switzerland) for the period 1990 – 2007. 

First, European firm’s returns was regressed against the market portfolio and the 

unexpected change in interest rate. Then, the coefficient of the unexpected 

change of interest rate sensitivity was used as a dependent variable in an effort 

to find the potential firm-specific and country-specific determinants, which affect 

firm's interest rate sensitivity.  

We found a strong reduction of European firms’ exposure to interest rate 

fluctuation, especially for firms that issued corporate debt. Firms with cash 

reserves are less exposed to interest rate fluctuations than financially 

constrained corporations. We also discovered that larger firms, firms with higher 

capital expenditures and less profitable firms are more likely to switch to bond 

financing. Our findings are consistent with previous studies 

[PaganoVonThadden04], which reports that small firms have been the main 

beneficiaries of Europe’s new corporate bond market. 
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Essay 2: Information Arrival, Jumps and Co-jumps in European 
Financial Markets: Evidence using tick-by-tick data 
 

The essay attempts to explain the effect of US macroeconomic announcements on 

European equity, interest rate and foreign exchange markets at a high-frequency 

level. Unlike previous studies on information arrival and price formation or 

relationship between economic fundamentals and financial markets 

[Bollersley08] [Dunkey08] [Evans11], this research provides a new empirical 

evidence of US macroeconomic announcements impact on the main European 

markets.  

The impact of news on the European markets is measured by performing the 

non-parametric statistic of Lee and Mykland [LeeMykland08] to detect jumps 

with high frequency data. The magnitude and direction of the jumps and cojumps 

identified are reported for each relevant US macroeconomic news 

announcement. In absence of jumps, instantaneous returns are increments of 

Brownian motion. The Lee-Mykland test detects intraday jumps as standardised 

returns that are too large to plausibly come from a Wiener process. Cojumps are 

defined as jumps arising contemporaneously across markets. European equity 

markets are covered with the German DAX 30, French CAC 40 and Eurozone-

wide EURO STOXX50 index futures. The NYSE EURONEXT 3-month EURIBOR 

futures are used as a proxy for the European interest rate sensitivity on US 

macroeconomic announcements. The foreign-exchange markets is analysed with 

the EUR/USD futures.  

Our main findings show that, while European equity markets are more sensitive 

to US fundamentals, US macroeconomic announcements cause significant jumps 

and cojumps on all European asset classes. A strong correlation between the type 

of news and the direction of the jumps has been observed. We notice a strong 

increase of the frequency and intensity of the jumps in European markets since 

the start of the global financial crisis in 2007. Finally, the increase of the cojumps 

within each asset class suggests a better integration of European market in the 

recent years.  
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Essay 3: Pairs Trading: An analytical approach 
 

Motivated by the phenomenal success of some funds that follow quantitative 

trading strategies, such as the Medallion funds of Renaissance Technologies, 

recent studies in behavioural finance have questioned market efficiency. They 

have revealed anomalies where predictable patterns within historical data can 

be exploited to generate systematic excess returns. 

Systematic trading strategies are a branch of quantitative trading where 

statistical methods are designed to generate profitable returns by taking long or 

short positions on organised financial exchanges.  

This essay describes a new pairs trading strategy where the spread or log-price 

difference between two co-integrated portfolios is modelled as an Ornstein-

Uhlenbeck or a Cox-Ingersoll-Ross process. The trading strategy generates a 

systematic positive excess return based on a pure statistical arbitrage strategy.  

Pairs trading is based on mean-reversion. Two assets priced with the same risk 

factors share the same sources of randomness and, therefore, should provide the 

same expected return at each point in time. As such the spread between two co-

integrated portfolios is stationary and its magnitude quantifies the level of 

mispricing. The strategy consists of optimising 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.  They 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. 

The performance of the strategy is illustrated with co-integrated pairs of dual 

listed commodities stocks and a pair of ETF and futures on an index.  
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Continuous-time Random Walk in Finance 
 

In contrast to the weak form of market efficiency, the essay “Pairs Trading: An 

analytical approach” shows how a statistical trading strategy can produce a 

systematic positive excess return, while trading a pair of co-integrated portfolios 

using daily time series. The strategy relies on the assumption of log-normality of 

asset prices and models the spread with an Ornstein-Uhlenbeck or alternatively 

a Cox-Ingersoll-Ross process. While stock prices �(�) are commonly modelled 

with a geometric Brownian motion ��(�) =  �(�)�(�)�� + �(�)�(�)��(�) with 

low frequency data, the log-normality assumption does not hold to describe the 

change in price of a security at a transaction level. Indeed, transaction price 

series jump by minimum upward or downward movements, called ‘ticks’ and are 

discontinuous at all time. The following graph plots the price evolution of the 

DAX 30 March 2011 index futures using tick-by-tick trade prices for a few 

minutes, for one trading day and for one month.  

While the plots showing one trading day and one month of trading are mainly 

continuous and display very few jumps, the transaction time series on the left is a 

pure jump process. Its intertrade time is not constant and the price movements 

jump up and down by a multiplier of the tick size of the traded security.

Introduced by Montroll and Weiss [MontrollWeiss65] to model the diffusion 

process of complex liquids, continuous-time random walk (CTRW) is a pure jump 

process, which consists of a sequence of independent identically distributed (IID) 
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random jumps or events �	, separated by IID random waiting-time 
	, � = 1, … , � 

with �, �  �,  

�� = � 
	�	��  , 
	 = �	 � �	��, 
	  �� 

such that the position �(�) of a random walker, or log-price in our case at time 

[��, ����[ is �(�) = ��(�) = � �	�(�)
	�� , �	  �� . 

 

Let us introduce the following notations:  

�(�) = log �(�) Logarithm of the asset price S at time t. 


	 = �	�� � �	 Time between two transactions, also 
called waiting time 

�	 = �(�	��) � �(�	) Log-return of asset price S at time t. 

�(�, 
) Joint probability density of returns and 
waiting-time 

�(
) = � �(�, 
)��
�

 Probability density function of the 
waiting-time. 

�(�) = � �(�, 
)�

�

 Probability density function of asset 
returns 

!(�, �) Probability density function of finding 
x at time t. 

"#($) = � %	&'"(�)��
�

 Fourier transform of "(�). 

"*(-) = � %�.�"(�)��
�

 Laplace transform of "(�). 

"#*($, -) = � � %�.��	&'"(�, �)����
��

 Fourier-Laplace transform of "(�, �). 

Given a transaction at time �	��, � represents the probability density function 

that a transaction took place at time �	�� + 
. Hence, the probability that a 

transaction was carried out within 
 / �	 � �	�� / 
 + �
 is �(
)�
 . So, the 

normalisation condition on the waiting-time is 0 �(
)�
 = 1. � represents the 

transaction probability density function that the log-price jumped from � to 

� + �. Its normalisation condition is 0 �(�)�� = 1. The normalisation condition 

on the joint probability density between waiting-time and returns, is, therefore, 

0 0 �(�, 
)���
 = 1. The probability that the log-price did not change during a 

period greater or equal to 
, also called the survival probability until the time 
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instant �  at the initial position �� = 0 , denoted by 3(
) , is 3(
) = 1 �
0 �(�)�� = 0 �(�)���

4
� .  

Montroll and Weiss [MontrollWeiss65] showed that the Fourier-Laplace 

transform of !($, -) satisfies: 

!56($, -) = ��78 (.)
.

�
��9:8 (&,.)        (1) 

Assuming that the time between two transactions and the returns are 

independent (uncoupled CTRW) and that the time between transactions are IID, 

the joint probability is the product of the return and waiting-time probability 

density functions, i.e. �(�, 
) = �(�)�(
). Equation (1) can then be rewritten as: 

!56($, -) = ��78 (.)
.

�
��;<(&) 78 (.) = >8 (.)

��;<(&) 78 (.)      (2) 

Reorganising the terms of (2) as !56($, -) = 38(-) + �6(-) �#($)!56($, -) and inverting 

the Fourier-Laplace transform, we obtain the master equation of !(�, �): 

!(�, �) = ?(�)3(�) + 0 ��@�(� � �A) 0 �(� � �A)!(�A, �)��@��      (3) 

The initial condition is that the log-price is initially at its origin � = 0, i.e. 

!(�, 0) = ?(�) where ?(�) is the Dirac function. 

The probability of finding log-price � at time �, !(�, �), in the master equation (3) 

is the sum of two terms: an initial condition, i.e. the survival probability up to 

time instant �, 3(�), times the jump pdf at point �, ?(�), and a spatio-temporal 

convolution term.  

The second term is the time aggregation over the period [0, �] of the marginal 

contribution to !(�, �) of the log-price jump from �A  � to � at time �A < �: 

0 �(� � �A)!(�A, �)��@�  by the waiting-time probability �(� � �A)��@. This form of 

the master equation shows the non-local and non-Markovian character of the 

CTRW: 
C
C� !(�, �) + 0 D(� � �A)!(�, �A)��A = 0 D(� � �A) 0 �(� � �A)!(�A, �)��@��@�

�
�

�
�     (4) 

where the kernel D(�) is defined through its Laplace transform: 

D6(-) = . 78 (.)
��78 (.)          (5) 

An alternative form of the master equation (3) was proposed by Mainardi et al 

[Mainardi00], which is the solution of the Green function or the fundamental 

solution of the Cauchy problem with the initial condition !(�, 0) = ?(�): 
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0 D(� � �A) C
C�E !(�, �A)��A = �!(�, �) + 0 �(� � �A)!(�A, �)��@�

�
�              (6) 

This form of the master equation is non-Markovian because D(-) is defined as a 

function of the survival probability. When D6(-) = 1, i.e. D(-) = ?(�), the master 

equation for the CTRW becomes Markovian: 
C
C� !(�, �) = �!(�, �) + 0 �(� � �A)!(�A, �)��@�       (7) 

with !(�, 0) = ?(�).  

 

An adaptation of the two forms of the CTRW to finance has been proposed by 

Scalas [Scalas00], [Scalas06] and Mainardi [Mainardi00]. The contributions of 

the fourth essay entitled “Price formation modelling by CTRW: an empirical 

study” are manifold. The two forms of the CTRW have only been presented 

theoretically and, to our knowledge, we are the first to discretise the Markovian 

(7) and non-Markovian (6) master equations. We give an economical 

interpretation of the relationship between the two models when the waiting-

time distribution is exponentially distributed. We show that the probability of 

finding a log-price x at a future time t+1 is the sum of the survival probability up 

to time t times p(x,t) with the solution of the Markovian stochastic density 

function. Hence, the two approaches only differ at a market microstructure level, 

when the market data are not sampled at a fixed period of time, but pertain 

information about market activity. Using tick-by-tick quote prices for the DAX30 

futures, we contrast the two models for different periods of market activity and 

show that the non-Markovian form outperforms the classical model, where only 

prices are modelled stochastically. In particular, in period of high market activity, 

when the time between two consecutive transactions is low, the non-Markovian 

form of the CTRW better predicts the distribution of the log-price of the index 

futures than the Markovian master equation. Thus, the waiting-time distribution 

����� ��	
���� ��
���� ���	�����	�� ��	��� ����� �	�����	�� ��� ����-by-tick level 

and improves the predictability of p(x,t). 

The information provided by the waiting-time distribution supplement but does 

not substitute to traditional measures of market liquidity, such as the volume 

traded. Market liquidity has been characterised by Kyle [Kyle85] as tight, in a 

sense that a liquid market offers a very low bid-ask spread, resilient such as the 
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price market impact of a large order is limited and deep, with a large numbers of 

pending orders on both side of the order book. Even though periods of intense 

market activity have little impact on prices while transactions in illiquid markets 

translate into abrupt price changes [Chng04], the waiting time is not always a 

good proxy of the market liquidity. The time between consecutive transactions is, 

however, an excellent indicator of the market activity. Indeed, the flash crash 

observed on 6 May 2010, where the Dow Jones Industrial lost nearly 1000 points 

before recovering its losses within minutes, was the consequence of a sudden 

drop of market liquidity but with extremely low time between transactions 

[Easley11]. The volume traded on 6 May 2010 was, however, unusually high.  

The fifth essay “Application of CTRW to statistical arbitrage” illustrates the 

relationship between the waiting-time distribution and market efficiency. It 

generalises the optimal trading strategy described in “Pairs Trading: an 

analytical solution” to the two forms of CTRW (6) and (7) in a sense that no 

assumptions are made on the distribution of ��.  Indeed, given two barrier levels 

G� and GH, G� < GH, we show that the probability density function of the first-

passage time "(�; G�, GH) is given by: 

"(�; G�, GH) = J[�K;LM](�; G�, ��)NJ[LO;K](�; GH, ��) 

where the density function J solves J(�|��, ��) = 0 !(�, �|��, ��)��'P
'Q . When the 

probability density function of the Markovian master equation (7) follows an 

Ornstein-Uhlenbeck process �(�) = R S
TUM %�S('�V)M/UM , the optimal trading 

solution of the Markovian CTRW is equivalent to the analytical approach 

described in the third essay. 

The non-Markovian form of the CTRW makes the algorithm suitable for high 

frequency trading. We find that the impact of the waiting-time distribution �(
) 

on the model precision is particularly important for liquid trading pairs offering 

a very low transaction cost. For low frequency trading, the contribution of the 

waiting-time distribution is limited and the non-Markovian master equation (6) 

underestimates the real profit achievable by a trading strategy. In a similar setup 

[DelezeOsmekhin14] analyse the relationship between the waiting-time 

distribution function of the traded spread and market efficiency. They show that 

inefficient price states outside of optimal barrier levels rapidly converge back to 
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efficient price states within optimal boundaries as the farther the price spread 

diverges from its mean, the quicker is the mean reversion. 
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Essay 4: Price formation modelling by continuous-time 
random walk: an empirical study 
 

While very convenient, traditional asset pricing relies on two restrictive 

assumptions. First, asset returns are conventionally modelled with Gaussian-

based distributions even though actual financial time series exhibit volatility 

clustering, which generates high-peaked and fat-tailed unconditional 

distribution. The second assumption mainly affects market microstructure 

studies. Time series are sampled at regular interval of time and asset return 

distribution is used as the unique driver to model the price fluctuation of an 

asset over time. In reality, the time between two transactions, often called 

waiting-time, is stochastic and conveys important information about price 

formation. Transactions in illiquid markets translate into abrupt price changes 

while trades carried out in a very liquid market have little impact on prices.  

This article extends the classical random walk paradigm and models time series 

with continuous-time random walk (CTRW) first introduced as a theoretical 

approach to describe the diffusion process in solid-state physics.  

The two main forms of CTRW are analysed and confronted: a Markovian form of 

the CTRW, which supports fat-tailed distributions and its non-Markovian 

extension, where both the time between transactions and asset returns are 

modelled stochastically. Analytical solutions are compared with numerical 

results for the price probability density function with the three main European 

index futures. It shows that market liquidity has a meaningful impact on future 

market price formation.  
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Essay 5: Application of continuous-time random walk to 
statistical arbitrage 
 
Statistical arbitrage strategies described in the financial literature imposes 

strong and often unrealistic constraints on their models in order to derive 

optimal trading solutions. Asset returns are commonly modelled with normal 

distribution assuming a constant volatility and strategies are only validated with 

daily prices. In reality, automated trading strategies are fed with real-time tick-

by-tick quotes, which are known to be leptokurtic with varying volatility, and 

place orders intraday at current market prices and not with daily closing prices. 

As shown in essay 4, the time between two consecutive transactions is not fixed 

but conveys relevant information about price formation, which increases the 

predictability of asset returns at a market microstructure level. 

This article adapts a pairs trading strategy similar to the analytical approach 

presented in essay 3 for high frequency trading. It does not impose a predefined 

distribution for the spread, or price difference between two co-integrated 

trading portfolios, but models it with a non-Markovian form of the continuous-

time random walk process presented in the previous essay, which fully accounts 

for the fat-tailness and non-local characters of time series.  The predictability of 

the trading strategy is analysed and contrasted with the Markovian form of the 

continuous-time random walk, where only prices are modelled stochastically. 

When asset returns follow an Ornstein-Uhlenbeck process, the Markovian 

approach is equivalent to the optimal solution found in essay 3. We find that for 

low transaction costs, the Markovian model is a poor predictor of the real profit 

generated by the strategy. On the other hand, for lower frequency trading the 

contribution of the waiting-time distribution is limited and the non-Markovian 

equation underestimates the real profit.  
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“... it is important to note that in a number of countries, the debt securities market for 
long-term maturities in their own currency was close to non-existent in the past. For 
example, 20 or 30 year debt issuance was available only in some currencies, at least with 
a fixed interest rate. These types of debt securities are now available across the euro 
area” 

 
Speech by William F. Duisenberg, President of the European Central Bank, June 14, 1999 

 
 
 
1 Introduction 

 European corporate bond markets have undergone a monumental change since the 

introduction of the euro in January, 1999 (Rajan and Zingales, 2003). Pagano and von 

Thadden (2004) document that European non-governmental debt issuance jumped by 58% 

from 1998 to 1999 alone, with the issuance volume reaching 74% of the US level, in 

contrast to 26% the year earlier. Korkeamäki (2011) reports that corporate bonds 

outstanding/GDP roughly triples for the euro countries from 1998 to 2004. The sudden 

expansion of European firms’ financing alternatives offers us a unique opportunity to test 

whether firms manage their interest rate exposure with new bond issues.  

 Banks have traditionally been the dominant source of debt financing for European 

non-financial firms. In a bank-dominated financial market, firms’ access to fixed rate 

funding tends to be limited, as bank financing comes predominantly in floating rate 

(Altman, et al, 2010, Vickery, 2008, Faulkender, 2005)1. Limited access to fixed rate 

financing complicates firms’ efforts to manage their interest rate risk by matching the 

interest rate sensitivity of their liabilities with that of their assets.2 In public debt markets, 

firms can more readily choose between fixed and floating rate debt, depending on their 

needs. As the change in the market structure in Europe enhanced access to bond financing, 

                                                 
1 Beatty, et al. (2012) report that U.S. banks commonly require their corporate loan customers to obtain 
external protection against interest rate risk, which suggests both that interest rate risk is a concern, and that 
banks are reluctant to carry it on their own balance sheets. 
2 See Brunnermeier and Yogo (2009) and Longstaff and Schwartz (1995) for implications of such mis-
match. 



3 

we expect firms to use the newly expanded market to reduce their exposure to interest rate 

fluctuations. Our hypothesized reduction in interest rate sensitivity is manifested through 

changes in the interest rate sensitivity of the liability side of firms’ balance sheets. Since 

we measure firms’ interest rate sensitivity by observing the connection between their stock 

returns and interest rate fluctuations, we make three identifying assumptions. First, we 

assume that interest rate sensitivity of the asset side of the balance sheet is unaffected by 

the decision to use bond financing. Second, we assume that any changes in interest rate 

sensitivity of the liability side of the balance sheet are reflected in stock return sensitivity 

to interest rates. Third, we assume that any effects of interest rate changes on firm value 

are reflected in stock returns.  

 In contrast to much of the theoretical work regarding the corporate choice between 

bank debt and publicly-traded debt, firms do not typically shift completely from bank-

reliance to public debt issuance (Rauh and Sufi, 2010). The continued bank borrowing 

after bond issuance would create a bias against findings in our setting. However, bond 

issuance may affect the terms of the firm’s future bank loans as well, as banks adjust their 

loan offerings to compete with the public debt market. Hale and Santos (2009) report that 

a bond IPO lowers the interest rate that U.S. firms pay on their bank loans. 

 Interest rate fluctuation can affect firm value through the direct effect that an 

increase in interest rates has on the firm’s interest expenses, as the increased interest 

expenses lower the net worth of the firm (Gertler and Gilchrist, 1994). Interest rate 

increases also decrease product demand in the economy, which has a further detrimental 

effect on firm values. Besides these balance sheet effects, interest rate increases may also 

affect firm values via lending channel. Tightened monetary policy reduces banks’ ability 

to extend loans, and the constrained financing terms become reflected in firm values. 

Bernanke and Kuttner (2005) suggest yet another channel through which firm’s equity is 

exposed to interest rate fluctuation, as higher interest rates cause investors to rebalance 
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their portfolios away from equity towards debt instruments. All these effects would 

indicate a negative correlation between stock returns and interest rate changes. 

 Besides new bond issues, interest rate derivatives offer an alternative, and perhaps a 

more convenient method for firms to adjust their interest rate exposure. Simultaneously 

with corporate bond market growth, the European interest rate swap market also grew very 

rapidly (Remolona and Wooldridge, 2001). Thus, any observed changes in firms’ interest 

rate sensitivity could be driven by an improved access to hedging instruments, rather than 

the firms’ bond issuance. Nevertheless, assuming costly ex-post contracting, the original 

design of debt issues should provide information about firms' hedging behavior. 

Faulkender (2005) notes that only 7% of the U.S. issuers adjust their initial interest rate 

exposure with swaps after issuance, which speaks for the importance of debt contract term 

choices in interest rate risk management. Derivatives and bond issuance may thus be 

imperfect substitutes in interest rate risk hedging. Such findings are also consistent with 

Guay and Kothari (2003) evidence of limited importance of derivative usage in interest 

rate risk management. Rampini, et al. (2014) point out that collateral requirements in 

derivative usage are an important factor behind the poor substitutability between 

derivatives and bond issuance. 

 Faulkender (2005) studies the choice between floating rate and fixed rate debt for 

U.S. firms. His evidence suggests that is only a secondary consideration, and that firms are 

mostly trying to time the market in search of lower financing costs. Antoniou, et al. (2009) 

arrive at similar conclusions in their study of corporate debt issues in the U.K. While the 

U.K. and U.S. evidence suggests a small role for interest rate risk management 

considerations in corporate bond issuance, those countries differ from the countries in the 

Continental Europe as they have a long history of established markets in corporate bonds. 

In our European sample, the firms experience an abrupt increase in tools available for 

interest rate risk management. In particular, their access to fixed rate financing improves. 
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We study whether availability of these tools, and their usage, affects the firms’ exposure to 

interest rate fluctuation. 

 Our work is also related to the literature regarding the choice between bank 

financing and arm’s length financing via public markets. Diamond (1991) and Bolton and 

Freixas (2000) emphasize the monitoring role of bank lenders. Both papers predict that 

high quality firms choose to use arm’s length debt, whereas lower-quality firms use bank 

debt due to its monitoring benefits. In a more recent paper, Rauh and Sufi (2010) explore 

the parallel use of bank debt and public debt. Their results provide further support for the 

importance of bank monitoring. They find that firms with public debt access continue to 

use bank debt, even when their financial condition deteriorates. However, bank lending 

may also change its character when banks face increased competition from public market 

lending. Boot and Thakor (2000) model suggests that with increased competition from the 

public capital market, banks reduce their investment in information acquisition. Part of 

that may be driven by banks’ need to cut costs as they face pressure to lower the cost of 

their lending, due to capital market competition. Indeed, Hale and Santos (2009) find that 

firms can access bank debt at a lower cost after they commence public borrowing. 

Increased competition from the capital markets thus forces banks to change their business 

model. Boot and Thakor (2000) even question whether relationship-based European 

banking model will survive the growth in corporate bond market. 

 We use the Datastream/Worldscope dataset that includes over 4000 firms from euro 

countries and Denmark, Norway, Sweden, Switzerland, and the U.K. Our results indicate 

that bond issuance activity plays an important role in firms’ interest rate sensitivity. We 

thus provide support for the hypothesis that firms are using the corporate bond markets to 

manage their interest rate exposure. We conduct placebo tests with a country-, industry-, 

and size-matched sample of non-bond issuers. The placebo tests confirm that the observed 

change in interest rate sensitivity is connected to bond issuance. We further document that 
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firms that commence bond issuance during our sample period tend to come from industries 

with greater exposure to interest rate fluctuation, which suggests that bond issuance 

decision is made for hedging purposes.  

 The rest of the paper is structured as follows. Section 2 provides a brief background 

on measurement of interest rate exposure. Section 3 introduces the data sources used in 

this study.  Section 4 gives the main results of this study, while section 5 concludes. 

 

2 Interest rate exposure and its measurement 

2.1 Regression coefficient as a measure of interest rate 
sensitivity 

 We study interest rate risk among European firms by using a market model 

regression similar to Stone (1974), Flannery and James (1984) and many others, where 

interest rate sensitivity is measured by the regression coefficient of a factor for interest rate 

changes. Some authors refer to the estimate as equity duration (e.g. Leibowitz, 1986). In 

U.S. studies, the use of this method to estimate interest rate exposure is almost exclusive 

to studies of financial institutions. The few notable exceptions include Sweeney and 

Warga (1986), Ehrhardt (1991), and Reilly, et al. (2007). Their results could explain why 

interest rate sensitivity is sparsely studied among non-financial firms in the U.S., as they 

find that sensitivity of stock returns to interest rates tends to be concentrated only in utility 

and financial sectors. Interestingly, Bartram (2002) detects significant interest rate 

exposures for non-financial firms at the firm level during the late 1980s and early 1990s 

among German firms. 

 The most commonly used specification for regression-based detection of interest rate 

sensitivity follows the form given in equation (1).  

���� ���� tAitmiiti RRR ,,, ,      (1) 
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where Ri,t is the stock return, Rm,t is the return on the market portfolio, and RA,t is the 

return on the underlying risk factor. In our case, the risk factor represents fluctuation in 

short term interest rates, and the regression is run for 36-month lagged rolling windows. 

The model in equation (1) is sometimes referred to as a two-factor APT model, or an 

augmented CAPM model. The use of this type of analysis is motivated by Stone (1974) 

for interest rate sensitivity and Adler and Dumas (1984) for foreign exchange exposure. 

 

2.2 Operational hedging vs. using derivatives  

 While the regression method is admittedly a noisy way to detect the extent of 

corporate hedging, it also has benefits over the method of observing the use of derivatives. 

As Guay and Kothari (2003) point out, operational hedges may play a bigger role than 

derivative usage in corporate financial management. By only observing derivative usage, 

researchers thus overlook a potentially important element in corporate risk management 

programs. Also, Chernenko and Faulkender (2011) report that interest rate swaps are often 

used for speculative rather than hedging purposes, especially among firms with 

performance sensitive executive compensation contracts. Kim, et al. (2006) study the use 

of both operational hedging and derivatives in foreign exchange risk management of U.S. 

firms. Their findings support a hypothesis that the two hedging methods complement, 

rather than substitute, each other.3  

 

2.3 Firm size and operational hedging 

Graham and Harvey (2001) report survey evidence of importance of operational hedging 

in interest rate risk management. Among their respondents, 63.25% felt that matching debt 

and asset maturity was important. Consistent with the presence of economies of scale in 

                                                 
3 Cornaggia (2013) studies the effects of agricultural producers’ access to hedging instruments, and reports 
further evidence of complementarity between financing terms and contractual hedging. 
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hedging with derivatives, managers of small or non-public firms found operational 

hedging to be more important than what their colleagues in large or public firms 

responded. However, Covitz and Sharpe (2005) provide conflicting evidence in their study 

of interest rate risk management practices among U.S. firms. They find large firms to more 

commonly use debt issues to match asset and liability structures, whereas small firms tend 

to use derivatives more often in their data set. This may be explained by the less frequent 

new debt issues by small firms. 

 

 

3 Data 

 We study interest rate sensitivity of stock returns at the firm level. Our sample 

contains the Datastream universe of firms from the EU-15 countries (excl. Luxembourg), 

and Norway, and, Switzerland. For these firms, we obtain monthly stock returns from 

Datastream. We then limit our sample to firms for which we can estimate interest rate 

sensitivity at the end of each year by having at least 12 months of returns available in the 

three-year period preceding each year-end. Our sample period runs from 1990 to 2007, so 

that 1992 is the first year end for which we estimate interest rate sensitivity for each firm. 

This gives us a total of 62,164 firm-year ends to analyze. We obtain accounting variables 

for our sample firms from Worldscope. Unfortunately, accounting data is available for a 

much smaller set of firms. By including only firms that are in our Datastream data set, and 

requiring them to have a positive value for total assets in Worldscope, our data set shrinks 

to 37,663 firm-years. 
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 Table 1 shows the breakdown of our sample by country and year. The number of 

firms included in our study grows significantly during the sample years, from 1,490 in 

1992 to 2,495 in 2007. Table 2 breaks down the sample by country and industry, where we 

use the Fama-French 12 Industry portfolio definition for industry identification, based on 

each firm’s primary SIC code from Worldscope. The figures in the table represent firm-

years for each industry/country.4  

  

                                                 
4 The group ”Other” captures all firms with no primary SIC code available in the Worldscope database, 
which explains the relatively large size of the group. 

Table 1 
Number of sample firms by year and country 

The table reports the number of sample firms by year and country. To be included in the sample, the firm must have return
Datastream, and accounting data available from Worldscope. 

1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 
AUT 22 27 27 30 40 42 43 44 43 43 43 43 43 43 43 41 
BEL 41 41 41 45 46 52 65 67 66 64 65 65 67 67 66 66 
CHE 94 98 102 108 125 132 139 139 144 143 144 144 144 145 145 144 
DEN 80 83 83 85 105 115 123 127 127 128 128 128 128 128 128 128 
ESP 58 63 68 70 73 78 87 88 88 88 88 89 89 89 89 87 
FIN 23 26 28 40 47 57 65 64 65 65 66 67 67 67 67 68 
FRA 199 206 209 222 263 304 353 354 353 349 348 345 342 339 337 329 
GBR 452 470 507 545 642 764 877 898 905 897 868 831 807 775 749 709 
GER 192 220 224 231 282 331 353 346 346 335 326 319 313 308 295 291 
GRC 53 57 61 74 107 110 116 135 142 141 141 142 142 143 141 141 
IRL 37 38 38 40 44 43 47 47 46 48 47 47 46 46 45 44 
ITA 74 74 74 78 92 98 108 109 111 111 112 112 112 112 112 112 
NLD 65 71 74 77 83 86 94 93 93 93 93 93 93 93 93 93 
NOR 30 37 39 41 49 54 73 73 74 76 76 76 76 75 76 76 
POR 14 17 19 20 37 37 37 40 41 40 38 37 33 33 35 35 
SWE 56 58 62 67 80 92 120 128 131 132 133 133 133 134 133 131 
Total 1490 1586 1656 1773 2115 2395 2700 2752 2775 2753 2716 2671 2635 2597 2554 2495 
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Table 2 
Number of sample firms by year and country 

The table reports the number of sample firms by industry and country. The industry classification is based on each firm's primary SIC code from Worldscope, and 
the Fama-French 12 industry portfolio definition. 

AUT BEL CHE DEN ESP FIN FRA GBR GER GRC IRL ITA NLD NOR POR SWE 
Bus. Equip. 0 47 156 48 45 89 447 1,197 280 12 10 29 155 106 26 256 

Chemicals 16 64 60 80 38 13 152 271 156 72 12 44 64 0 16 16 

Durables 28 0 32 48 26 0 179 325 243 9 0 126 32 22 16 91 

Energy 16 0 0 0 32 0 115 447 16 0 62 22 15 101 0 16 

Finance 172 297 608 755 394 117 1,080 2,105 1,085 219 117 515 218 227 88 293 

Health 0 26 62 71 28 5 125 378 138 55 32 16 12 0 9 78 

Manufacturing 161 144 472 195 212 298 651 1,404 1,142 363 103 220 201 96 64 391 

Non-durables 72 90 101 194 85 122 519 1,127 483 403 120 194 163 86 53 111 

Shops 15 117 217 88 61 79 509 1,644 305 283 80 54 239 42 79 92 

Telecom 0 32 0 13 32 0 63 217 27 52 0 37 13 0 12 46 

Utilities 70 11 96 24 119 0 63 262 175 0 0 102 0 47 10 0 

Other 67 96 286 308 220 159 949 2,319 662 378 167 242 275 274 140 333 
 

 

 

 We use SDC Platinum to observe bond market activity for the firm. First, we obtain 

all corporate bond issues from 1985 forward (straight and convertible bonds). We then 

match this bond issue data with our firm variable data set, and define variable 

BONDISSUER as an indicator variable that takes on the value of one if the firm has 

issued publicly traded bonds in the observation year or earlier, and zero otherwise. For 

example, a firm that issues its first bond captured by the database in 2002 will have a 

value of zero for BONDISSUER variable in years 1992-2001, and one for 2002 and 

subsequent years.  
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Table 3 
Percentage of sample firms with bond market presence by year and country 

The table reports the number of sample firms with BONDISSUER = 1. BONDISSUER is an indicator variable that 
takes on the value of one if the firm has appeared at least once as an issuer of bonds or convertible bonds in the SDC 
New Issues data base, zero otherwise. The data is reported by country for every third year during the sample period. 

1995 1998 2001 2004 2007 
AUT 3.33 2.33 2.33 4.65 12.20 
BEL 6.67 4.62 10.94 13.43 13.64 
CHE 8.33 13.67 18.18 20.83 22.92 
DEN 4.71 3.25 3.13 4.69 5.47 
ESP 5.71 4.60 6.82 7.87 12.64 
FIN 20.00 13.85 15.38 14.93 17.65 
FRA 4.95 5.95 7.74 9.65 13.37 
GBR 10.09 9.92 12.82 17.84 24.54 
GER 5.19 5.95 6.87 10.86 12.71 
GRC 0.00 0.00 0.00 0.00 0.00 
IRL 17.50 19.15 20.83 28.26 29.55 
ITA 3.85 3.70 6.31 8.93 11.61 
NLD 6.49 7.45 8.60 10.75 15.05 
NOR 12.20 9.59 11.84 15.79 17.11 
POR 10.00 8.11 7.50 12.12 11.43 
SWE 2.99 2.50 2.27 3.76 6.11 

 

 

 

 Table 3 summarizes our data on BONDISSUER by country and year. In the interest 

of space, we report the percentage of firms from each country with BONDISSUER=1 for 

every third year in the sample. It can be noted from Table 3 that while bond issuance has 

increased in most countries in our sample, some countries have not seen an increase in the 

proportion of bond-issuing firms.5 One should keep in mind that the sample size has also 

grown over time. While more bond-issuers have emerged from all countries except 

Greece, additions of new non-bond-issuing firms in the sample explains the lack of growth 

in the percentage for some countries. 

                                                 
5 Most of the changes in the proportion of bond issuers are not statistically significant. When comparing the 
proportions between 1995 and 2007, the growth is statistically significant at the 10% level or better only for 
Switzerland, France, the U.K., Italy, and the Netherlands. 
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 Figure 1 further depicts the aggregate percentage of firms that have issued publicly 

traded bonds in our sample, by sample year. The figure indicates that after years of very 

moderate growth in the 1990s, a clear growth trend is present since year 2000. The 

percentage of firms with bond market experience reaches 15.9% in 2007. For comparison, 

Faulkender and Petersen (2006) report that 19% of U.S. firms have access to public debt 

markets, as indicated by the firm having a debt rating.6 

 

Figure 1: Percentage of sample firms with publicly traded debt issues by year 
 

 
 

 

 Figure 2 indicates the number of new bond issuers among our sample firms, by year. 

It is notable that while the number of new issuers seems to increase from pre-euro to post-

euro time period, we fail to observe a drastic increase in the number of new issuers. 

 

 

                                                 
6 One should keep in mind that while the Faulkender and Petersen (2006) sample includes effectively all 
publicly traded U.S. firms, our sample does not capture the entire European stock market due to data 
limitations. 
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Figure 2: Number of new bond issuers by year 
 

 
 

 Besides the public debt market, firms can manage their interest rate exposure with 

derivatives. Survey evidence suggests that among derivative types used in interest rate risk 

management, swaps play a central role (see e.g. Hakkarainen, et al., 1997; Bodnar and 

Gebhardt, 1999). While we do not have data on swap usage at the individual firm level, we 

estimate firms’ access to the swap market by using information on the local swap market 

size. We collect data from the BIS Triennal Central Bank Survey regarding the size of the 

local swap markets. The BIS data is reported every three years. To obtain an annual time 

series, we interpolate the values for the years between the surveys, assuming that the size 

of the local markets changes linearly between the survey years. As Korkeamäki (2011) 

reports a growth of 220% and 350% from 1999 to 2006 for OTC and exchange traded 

euro-denominated interest rate derivative markets, respectively, the growth in derivative 

markets could alone explain a shift in interest rate sensitivity in the euro area. It is 

therefore important to include the swap market size as a control variable in our study. 

 The monthly interest rate data used in this study come from Eurostat.7 Eurostat 

provides historical data on both 3-month rates and 10-year rates for a number of countries. 

                                                 
7 Switzerland is not covered by Eurostat. Therefore, our Swiss interest rate data come from the OECD. 
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We use the 3-month rate as our main interest rate variable for two reasons. Firstly, many 

of the studies regarding corporate interest rate exposure focus on the effects of monetary 

policy on firm value, and most central banks use short rates as their main instrument 

(Clarida, et al., 1998). Secondly, short-term money market rates are often used as 

reference rates in floating rate lending, which makes them a likely source of corporate 

interest rate exposure.  

   

4 Empirical results 

 We begin the analysis by estimating stock return sensitivity to interest rate 

fluctuations separately for each sample firm. Several authors have noted that interest rate 

time series contain predictable components. We confirm the pattern, and find that an 

ARIMA (1,1,1) model can predict monthly fluctuations in interest rates quite well. Since 

firms’ interest rate risk management should be concerned with the unexpected changes in 

interest rates, we will focus on the unexpected part of interest rate changes. Thus, we 

follow Saunders and Yourougou (1990) and use the residuals from the ARIMA (1,1,1) 

model as our main proxy for interest rate fluctuation.8 We denote it �I. Then, we employ 

the regression model in Equation (2) separately for each sample firm.  

���� �	��� tiitmiiti IRR ,,,       (2) 

In Equation (2), Ri,t is the stock return for each firm i in month t, and Rm,t represents the 

MSCI Country Index for each firm i. As mentioned, �I captures the unexpected change in 

three-month interest rates in each country. We also consider a richer model that includes 

the Fama-French style factors, but since such factors are not available for the full sample 

period for all our sample countries, we use the model in Equation (2) when estimating 

                                                 
8 The main findings of this paper are robust to using the raw changes in interest rates, in place of the 
unexpected changes. 
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interest rate exposure.9 In Figure 3, we plot the average interest rate sensitivity (�) of our 

sample firms by year. Firms with bond issuance experience have been separated from 

those without such experience. While Figure 3 indicates some differences between the two 

groups thorough the years, none of the differences are statistically significant.  

 

Figure 3: Average interest rate sensitivity of European firms by year and bond market 
status 
 

 
 

 

 Table 4 offers a look at differences in interest rate sensitivity at the firm level 

between pre-euro and post-euro periods. The table shows the proportion of firms with 

statistically significant interest rate exposure by country. Significance is defined as 

coefficient �i being different from zero at the 10% level or better. In the column labeled 

1992-1998, the sample includes all months from January 1990 to December 1998. We 

have included all firms with a minimum of 12 months of returns. Overall, about 8.3% of 

firms in the sample exhibit a negative and significant exposure to interest rates in the 

1992-1998 time period, but marked differences exist between countries. In Finland and 
                                                 
9 It should be noted that inclusion of the Fama-French factors has a very limited effect on our results for 
those countries that have the factors available from either MSCI or S&P. 
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Italy, over 20% of the firms exhibit negative exposure to interest rate fluctuations. In the 

column labeled 1999-2007, the percentage of firms with negative interest rate exposure 

has declined for most countries, and country-by-country proportions of firms with 

negative exposure at the 10% level are not far from what could be expected from a random 

draw. Our results are consistent with Korkeamäki (2011), who reports a dramatic shift in 

interest rate sensitivity around the euro introduction at the country index level, especially 

for the euro countries that experienced a currency crisis during the early 1990s (Finland, 

Italy, Ireland, Portugal, and Spain). The proportion of firms with positive and significant 

interest rate exposure has increased from 6% to over 14%, with some countries exhibiting 

very large shifts. In observing the proportions of firms with significant exposures, we 

should keep in mind that the size and the composition of the sample have also changed 

through time. 

 

Table 4 
Interest rate exposure of non-financial firms  

Interest rate exposure is measured by �i coefficients in Ri,t = �i + �iRm,t + �i�Ii,t + �. See text for variable definitions. A 
firm is considered negative or positive if the coefficient is statistically significant at the 10% level or better.  

Panel A: Percentage of firms with statistically significant exposure by country  
1992-1998 1999-2007 

neg pos neg pos 
AUT 2.40 7.78 3.96 6.47 
BEL 2.19 8.77 3.01 6.52 
CHE 1.74 19.16 2.31 15.20 
DEN 5.81 10.86 8.02 10.25 
ESP 6.14 2.34 3.24 17.45 
FIN 20.42 2.08 3.43 12.57 
FRA 8.29 3.03 4.01 11.44 
GBR 9.76 5.05 1.30 21.22 
GER 5.43 5.50 4.66 10.05 
GRC 3.17 6.75 1.51 5.88 
IRL 10.33 6.61 6.40 17.44 
ITA 22.73 1.01 6.38 17.39 
NLD 2.40 10.70 1.83 11.95 
NOR 10.84 5.62 4.00 8.00 
POR 13.61 3.40 4.32 7.19 
SWE 12.98 5.92 1.72 13.93 
Average 8.34 6.03 2.99 14.61         
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4.1 Determinants of interest rate sensitivity 

 As the sudden growth in availability of bond financing in Europe makes interest rate 

risk management through new issues more feasible, we hypothesize that firms’ use of 

bond financing is connected with interest rate sensitivity of their stock returns. In this 

section, we pursue that hypothesis more formally by studying the firm-level determinants 

of interest rate exposure in a regression setting. We employ a research strategy similar to 

that used in a number of studies on interest rate exposure of financial institutions (e.g. 

Flannery and James, 1984). The analysis is performed in two stages. First, we run the 

regression in equation (2) with three-year rolling windows at the end of each year, starting 

in 1992. Then in the second stage, we use the absolute value of the estimated series of 

annual firm-specific �-coefficients as the dependent variable in an effort to find variables 

that determine extent of the exposure.10  

 Regression setting allows us to control for various firm-specific and country-specific 

variables that potentially affect firms’ interest rate sensitivity. In our choice of firm-

specific controls, we follow Faulkender (2005), and control for LEVERAGE (measured as 

book value of long-term debt over book value of assets), size (LN(ASSETS)), capital 

expenditures over sales (CAPEX), and profitability (PROFIT MARGIN). The size effect is 

set to capture firm size related variation in ability and motives to manage interest rate risk. 

Firm size is an interesting control for various reasons. First, recall that Graham and 

Harvey’s (2001) survey evidence suggests that large firms deviate from small firms in 

their interest rate risk management practices, and that Covitz and Sharp (2005) find small 

firms to be more likely to use operational hedging in their interest rate risk management. 

Second, small firms may, in general, have stronger incentives to manage their interest rate 

exposure, as suggested by Froot, et al. (1993) and Vickery (2008). Third, Rajan and 

                                                 
10 We follow hedging literature since Smith and Stulz (1985), and focus on the absolute value of the gamma 
coefficient under the premise that a firm’s hedging activity will be reflected in lower stock return sensitivity 
to the state variable, in our case interest rate changes. 
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Zingales (2003) argue that the increasing prevalence of arm’s length financing in Europe 

would benefit mostly large firms that have a better ability to provide information needed 

by the financial markets. Given the conflicting predictions of these previous papers, the 

effect of firm size on interest rate sensitivity patterns is an empirical issue. 

 Firms with high capital expenditures may be concerned about variation in interest 

expenditures causing cuts to their investment programs, which would motivate them to 

reduce their interest rate sensitivity (Froot, et al., 1993). We control for that effect with the 

CAPEX (capital expenditures/sales) variable. Faulkender (2005) posits that less profitable 

firms may choose floating rate debt due to its cost benefits. Unlike Faulkender (2005) who 

defines profit margin as EBITDA/Sales, we use EBIT/Sales, due to poor availability of 

data on depreciation expenses on Worldscope. Because of data constraints, we also drop 

two additional control variables used by Faulkender (2005), namely Advertising over 

sales, and R&D over sales.11 While we exclude the financial firms from our reported 

regressions, our main findings are robust to their inclusion as well. The reported t-statistics 

are two-way clustered by firm and year, as suggested by Petersen (2009).12  

  

                                                 
11 These variables are set to capture an effect similar to that of CAPEX in the Faulkender (2005) study.  
12 We thank Mitch Petersen for providing the Stata code for two-way clustering at 
http://www.kellogg.northwestern.edu/faculty/petersen/htm/papers/se/se_programming.htm 
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Table 5 
The determinants of interest rate sensitivity 

The table reports firm-level regression results where the dependent variable is the absolute value of the �-coefficient from 
equation 2. LEVERAGE is long-term debt/total assets, LN(ASSETS) is log(total assets), CAPEX is capital expenditures/sales, 
PROFIT MARGIN is EBIT/sales, POST 1998 is an indicator for years 1999-2007 BONDISSUER is defined in Table 3, 
PLACEBO is a country-, industry-, and size-matched non-bond-issuer, LN(SWAP MKT) is log(size of interest rate swap markets) 
in the home country of the firm, TAX is tax expenses/EBIT, YIELD CURVE is the difference between the local 10-year and 3-
month interest rates, RATE LEVEL is the level of the 3-month rate, RATE STDV is the standard deviation of the 3-month rate 
during the year. Column (3) reports panel estimation results with firm fixed effects and t-statistics are clustered at the firm level. 
All other columns report OLS estimates, and the t-statistics are two-way clusted by firm and year. The asterisks indicate 
statistical significance at 10%(*), 5%(**), and 1%(***) levels, respectively.  

(1) (2) (3) (4) (5) (6) 
Dep. variable |�| |�| |�| |�| |�| |�| 
BONDISSUER -0.2690*** -0.1347* -0.2254** -0.1300** 

(-3.782) (-1.956) (-2.534) (-1.970) 
POST 1998 0.6094*** 0.5996*** 0.5102*** 0.8975** 0.5954*** 0.8989** 

(4.819) (4.539) (18.562) (2.433) (4.499) (2.430) 
PLACEBO -0.0095 0.0038 

(-0.165) (0.062) 
LEVERAGE 0.0306*** -0.0042* 0.0298*** 0.0300*** 0.0293*** 

(5.353) (-1.793) (6.911) (5.524) (7.329) 
LN(ASSETS) -0.0613*** -0.0494* -0.0651*** -0.0661*** -0.0701*** 

(-5.831) (-1.647) (-5.716) (-5.857) (-5.868) 
CAPEX 0.0011 0.0006 0.0012 0.0011 0.0012 

(1.114) (1.535) (1.187) (1.113) (1.181) 
PROFIT 
MARGIN -0.0013 0.0002 -0.0017* -0.0012 -0.0016 

(-1.521) (0.306) (-1.676) (-1.467) (-1.629) 
TAX 0.0020 0.0022 

(1.176) (1.229) 
YIELD CURVE -0.0003*** -0.0003*** 

(-3.088) (-3.096) 
RATE LEVEL -0.0418 -0.0421 

(-0.847) (-0.854) 
RATE STDV -0.0555* -0.0553* 

(-1.701) (-1.694) 
LN(SWAP 
MKT) -0.2260 -0.2296 

(-1.345) (-1.357) 
CONSTANT 0.7201*** 1.0759*** 1.1967*** 3.5333** 1.1058*** 3.6008** 

(4.095) (5.631) (7.281) (2.067) (5.854) (2.085) 
country effects yes yes no yes yes yes 
industry effects yes yes no yes yes yes 
firm effects no no yes no no no 
Observations 29,373 27,164 27,164 22,625 27,164 22,625 
Adj. R2 0.157 0.158 0.024 0.164 0.158 0.163 
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 We begin with a model where, besides country- and industry effects, we only 

include the BONDISSUER dummy and the dummy for the POST 1998 time period. The 

latter variable is motivated by the Korkeamäki (2011) finding of a shift in interest rate 

sensitivity in the European markets upon the euro introduction. Also, Galati and 

Tsatsaronis (2003) report that the euro introduction caused the emphasis of the European 

fixed income investors to shift from local interest rate risk to credit risk and industry 

characteristics of individual borrowers. This gives us an additional motive to control for 

the euro era in our regressions. Furthermore, as the currency of the euro adopting countries 

changes with the euro introduction, the local interest rate series used to estimate interest 

rate sensitivity switch from legacy currencies to the euro at the beginning of 1999.13 The 

results are consistent with our hypothesis that firms use the public debt market to reduce 

their exposure to interest rate fluctuations. Size-wise, the coefficient on BONDISSUER is 

comparable to the coefficients on the non-tabulated industry indicators, suggesting that the 

economic impact of bond issuance on interest rate sensitivity is comparable to that of cross 

industry differences. The POST 1998 indicator enters with a positive and significant sign. 

This finding is likely to reflect a shift to more positive exposures, that was evident in 

Table 4 results. 

 In Column (2) of Table 5, we introduce the firm-level control variables discussed 

above. By requiring accounting variables, we lose about 2000 firm-year observations from 

our sample. Our findings regarding BONDISSUER are robust to using this richer 

empirical model. Among control variables, leverage increases interest rate sensitivity, and 

larger firms are less sensitive to interest rate fluctuations.  In Column (3) of Table 5, we 

use firm fixed effects. While the evidence regarding firm size weakens significantly, and 

the coefficient on leverage even changes sign, the coefficient on BONDISSUER retains its 

strength.  
                                                 
13 If we replace the POST 1998 indicator with individual year fixed effects, our results regarding the 
BONDISSUER gain strength. 
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 In the fourth column of Table 5, we introduce further control variables to our model. 

A firm-level control for the level of corporate income tax, TAX (tax expense/EBIT) is 

motivated by studies that suggest a role for corporate taxation in risk management 

decisions (e.g. Smith and Stulz, 1985; Graham and Rogers, 2002). Our YIELD CURVE 

variable is defined as the difference between 10-year rates and 3-month rates. It is 

motivated by Faulkender (2005) finding that the shape of the yield curve affects firms’ 

choice of interest rate sensitivity in their new issues. Barry, et al. (2008) report that firms 

increase their use of debt financing when interest rates are low. To control for the effect of 

interest rate level on firms’ borrowing behavior, we include RATE LEVEL (level of local 

three-month interest rate) in our specification. Furthermore, firms may be more concerned 

about interest rate risk when interest rate volatility is high. Therefore, we include RATE 

STDV, which is the standard deviation of local short-term interest rates within the 

preceding year. We further include variable LN(SWAP MKT), which is the natural log of 

interest rate swap market size in the home country of the firm, as reported by the BIS 

Triennal Central Bank Survey. As mentioned above, we interpolate values for years 

between the surveys. Our variable captures the size of the entire interest rate swap market, 

while using swaps to non-financial firms leads to very similar inferences (results not 

reported).  

 Results in column (4) of Table 5 indicate that yield spreads are connected with lower 

interest rate exposure, which is inconsistent with Faulkender (2005) finding that firms tend 

to take on more interest rate exposure during times of a steep yield curve. Otherwise, the 

interest rate environment, the tax regime, and the swap market development have only a 

weak effect on interest rate sensitivity. The coefficients on the accounting controls are not 

affected by the additional variables, and the added variables do not affect our findings 

regarding the connection between bond market issuance and interest rate risk either. 
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 In the final two columns of Table 5, we replace the BONDISSUER indicator with a 

PLACEBO indicator. The placebo firms are non-bond issuers that are matched to our bond 

issuers by country, industry, and size.14 We conduct our placebo tests by replicating the 

regressions in columns (2) & (4). In both columns (5) and (6), the PLACEBO indicator 

obtains a coefficient that is very close to zero, and statistically insignificant, which lends 

support for our argument that bond issuance reduces interest rate sensitivity. 

 In Table 6, we use the difference-in-difference approach to study further whether 

bond issuance is connected with lower interest rate sensitivity. Our specifications include 

two dummy variables, one (ISSUING FIRM) that equals one for all firms that issue bonds 

at any time during our sample period, and another one (BONDISSUER), which has been 

used in our earlier tests, and takes the value of one once the first bond has been floated by 

the firm. In the first two columns of Table 6, we use a sample that contains firms that 

become either bond issuers or placebo firms during our sample period. Consistent with 

Table 5, the results indicate that interest rate sensitivity decreases for the bond issuing 

firms after they access the public debt market. In the third column, we repeat column (1) 

analysis for our full sample, and obtain results that are very similar to those based on the 

smaller sample of only bond issuers and placebo firms.    

  

                                                 
14 We use the Fama-French 12 industry classification, and for each bond issuer, we select a matching firm 
that is closest to it in terms of total assets. We require that the matching firms do not issue bonds during the 
entire sample period. 
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Table 6 
Difference-in-difference estimates 

The table reports firm-level regression results where the dependent variable is the absolute value of the �-
coefficient from equation 2. The independent variables are defined in Table 5. Columns 1&2 include firms that 
receive either the BONDISSUER dummy or the PLACEBO dummy during the sample period. Column 3 includes 
all firms. Firm- and year clustered robust t-statistics are reported in the parentheses, and asterisks indicate 
statistical significance at 10%(*), 5%(**), and 1%(***) levels, respectively.  

(1) (2) (3) 

Sample 
bondissuers & 

placebos 
bondissuers & 

placebos all 
Dep. variable |�| |�| |�| 
ISSUING FIRM 0.0419 0.0496 0.0289 

(0.464) (0.564) (0.344) 
BONDISSUER X ISSUING FIRM -0.2592** -0.1954* -0.2874** 

(-2.259) (-1.778) (-2.355) 
POST 1998 0.7034*** 0.7246*** 0.6177*** 

(2.822) (2.962) (3.217) 
LEVERAGE 0.0460*** 0.0252*** 0.0031** 

(14.924) (10.259) (2.023) 
LN(ASSETS) -0.0614*** 

(-4.130) 
CAPEX 0.0058*** 

(7.506) 
PROFIT MARGIN -0.0014 

(-1.249) 
TAX 0.0039*** 0.0048*** 0.0004 

(2.841) (3.378) (0.493) 
YIELD CURVE 0.0002 0.0002 -0.0001** 

(1.304) (1.385) (-2.298) 
RATE LEVEL 0.0432 0.0402 0.0093 

(0.940) (0.881) (0.309) 
RATE STDV -0.0295 -0.0287 -0.0369** 

(-1.492) (-1.460) (-2.349) 
Constant 0.6046 1.1904*** 0.8081*** 

(1.509) (2.997) (3.173) 
country effects yes yes yes 
industry effects yes yes yes 

Observations 9,893 9,608 27,469 

Adj. R2 0.144 0.146 0.160 
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4.2 Causality between bond issuance and changes in 
interest rate sensitivity 

 We argue in this paper that firms use the broadened European corporate bond 

markets in order to manage their interest rate sensitivity, and we present evidence 

consistent with that argument. However, our BONDISSUER variable may be capturing 

firms that commence public bond issuance for reasons other than interest rate risk 

management concerns. Our findings could merely reflect the lower interest rate sensitivity 

of bond financing, while the corporate bond issuance decisions may not be driven by 

interest rate risk management.15 Faulkender (2005) tackles this issue by arguing that firms 

with assets that are more sensitive to interest rate fluctuations are more likely to consider 

interest rate management issues in their choice between fixed and floating rate financing. 

He estimates interest rate sensitivity of his sample firms’ assets by regressing their 

quarterly cash flows on interest rate changes. Unfortunately, data constraints limit our 

ability to follow the same research design with our sample. By requiring five years of 

quarterly cash flow data, our sample size shrinks from over 33,000 (including financial 

firms) to about 4,000. Even quarterly income statement items such as EBIT and Net 

Income have very limited availability for European firms in Worldscope. Therefore, we 

elect to pursue an alternative method to test whether hedging considerations play a role in 

the firm’s switch to bond financing. Under the assumption that interest rate sensitivity of 

assets is industry-specific, we argue that if the firm is in an industry with high sensitivity 

to interest rate fluctuations, it is more likely to pursue fixed rate financing for hedging 

reasons. We use lagged values of the absolute value our �-coefficients at the industry level 

(determined by primary 2-digit SIC code), and argue that firms from industries with higher 

interest rate sensitivity are more likely to issue bonds for hedging reasons.  

 
                                                 
15 Hale and Santos (2008) report that in the U.S., issuer specific variables such as credit worthiness, firm 
size, and investment opportunities are important drivers of firms’ decision to enter the public bond market. 
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Table 7 
Likelihood to commence bond financing 

The table reports probit regression results where the dependent variable takes the 
value of one for the year when the firm issues its first publicly-traded bond. Industry 
exposure is the mean interest rate sensitivity for the observation year for the firm's 
two-digit SIC code, with lags indicated in the parentheses. All other independent 
variables are defined in Table 5. Industry-level clustered robust z-statistics are 
reported in the parentheses, and asterisks indicate statistical significance at 10%(*), 
5%(**), and 1%(***) levels, respectively.  

(1) (2) (3) 
INDUSTRY EXPOSURE (-1) 0.1302*** 

(4.232) 
INDUSTRY EXPOSURE (-2) 0.0867*** 

(3.998) 
INDUSTRY EXPOSURE (-3) 0.0655* 

(1.851) 
LEVERAGE 0.0149*** 0.0152*** 0.0152*** 

(3.076) (3.242) (3.225) 
LN(ASSETS) 0.1192*** 0.1210*** 0.1197*** 

(12.175) (11.690) (10.417) 
CAPEX 0.0002 0.0002 0.0005 

(0.956) (0.787) (1.448) 
PROFIT MARGIN -0.0006* -0.0006* -0.0006* 

(-1.955) (-1.922) (-1.825) 
RATE LEVEL -0.0255** -0.0823*** -0.1044*** 

(-1.962) (-4.282) (-5.106) 
YIELD CURVE 0.0014** 0.0010*** 0.0011*** 

(2.082) (5.046) (5.940) 
CONSTANT -6.9004*** -6.6665*** -6.5896*** 

(-29.365) (-26.590) (-25.194) 
country effects yes yes yes 
industry effects yes yes yes 
Observations 27,230 24,884 22,288 

Pseudo R2 0.0766 0.0841 0.086 
 

 

 The results are reported in Table 7. We use probit regressions, where the dependent 

variable takes the value of one for firms that commence bond financing (in other words 

issue their first publicly-traded bond) during the observation year. We employ one-, two-, 

and three-year lagged industry mean values of the absolute value of �-coefficients in 

respective columns. The reported t-statistics are clustered at the industry level. All three 

lagged industry interest rate sensitivity measures enter with positive and statistically 

significant coefficients, indicating that commencement of bond financing is more likely in 
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industries with more significant relation between stock returns and interest rate 

fluctuation. These results support the view that interest rate sensitivity motivates firms to 

enter public bond markets. 

 Our control variables in Table 7 yield some interesting inferences. Larger firms are 

more likely to commence bond financing, suggesting that the smallest European firms 

continue to have access barriers to the corporate bond market during our sample period. 

The likelihood to enter bond markets increases with leverage, which could be explained by 

levered firms wanting to diversify their lending sources and also wanting to reduce their 

interest rate sensitivity. Less profitable firms are also more likely to issue bonds, which is 

consistent with a concern for financial distress among those firms. Low current interest 

rates seem to discourage commencement of bond financing. That finding is consistent with 

floating rate debt being relatively more attractive during periods of low interest rates. 

Finally, the YIELD CURVE variable enters with a positive and highly significant 

coefficient. The finding is opposite to Faulkender (2005), who finds that market timing is 

the major consideration for U.S. bond issuers. Steeper yield curves do not seem to be 

sufficient to entice European firms to stay with bank financing. Hale and Santos (2008) 

report that U.S. firms are less likely to make their first bond issues during recessionary 

periods. However, adding either a country-level GDP change, or a recession indicator that 

takes the value of one for country-years when GDP growth is negative has no effect on the 

findings reported in Table 7, while neither of the two variables enters with a statistically 

significant coefficient. 

 

4.3 Changes in leverage and interest rate exposure 

 Our results could be affected by endogeneity. Several of our independent variables 

are likely determinants of leverage, which in turn is an obvious determinant of interest rate 

sensitivity, as our results indicate. The fact that Faulkender and Petersen (2006) find that 
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access to public debt market causes higher leverage among U.S. firms raises additional 

concerns for endogeneity. In the first two columns of Table 8, we use simultaneous 

equations to account for potential endogeneity. In our leverage model, we include firm 

size, cash reserves, profitability, corporate tax level, and interest rate level as determinants 

of leverage. Our model of interest rate sensitivity follows by large our earlier 

specifications. The results reported in the second column of Table 8 indicate that our 

findings regarding the connection between bond issuance and the firm’s interest rate 

sensitivity are robust, and actually strengthen in this setting. 
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Table 8 
Leverage and interest rate sensitivity 

The table reports firm-level regression results where the dependent variable is as indicated. Columns 1-2 report 3SLS results, the 
other columns use the OLS. Besides the variables that are defined in Table 5, NET DEBT ISSUANCE is change in long term debt in 
the previous year, lagged terms are indicated by (parentheses). Firm-level (in columns (1) and (2)) or firm and year clustered robust 
t-statistics are reported in the parentheses, and asterisks indicate statistical significance at 10%(*), 5%(**), and 1%(***) levels, 
respectively.  

Method 3SLS OLS OLS OLS 
  (1) (2)   (3) (4) (5) 
Dep. variable LEVERAGE |�| |�| |�| |�| 
LEVERAGE -0.6452*** -0.0524*** 0.0318*** 0.0318*** 

(-2.696) (-12.645) (5.193) (5.157) 
LN(ASSETS) 0.0005 -0.0625*** -0.0647*** -0.0603*** -0.0602*** 

(0.168) (-12.012) (-7.451) (-5.204) (-5.201) 
CAPEX OVER SALES 0.0049*** 0.0013 0.0012 0.0012 

(3.637) (1.120) (1.060) (1.060) 
PROFIT MARGIN 0.0000 -0.0011** -0.0012 -0.0012 -0.0012 

(0.011) (-2.000) (-1.309) (-1.351) (-1.349) 
POST 1998 0.7117*** 0.6695*** 0.6992*** 0.6994*** 

(27.116) (21.913) (3.484) (3.482) 
BONDISSUER -0.1283*** -0.1070** -0.1248* -0.1214* 

(-3.629) (-2.078) (-1.711) (-1.663) 
TAX -0.0032 0.0016 0.0016 0.0016 

(-1.558) (0.673) (0.894) (0.892) 
YIELD CURVE -0.0001 -0.0001 -0.0001 -0.0000 

(-0.262) (-0.652) (-0.991) (-0.833) 
RATE LEVEL 0.0033 0.0165** -0.0052 0.0149 0.0150 

(1.219) (2.572) (-0.602) (0.351) (0.352) 
RATE STDV -0.0390*** -0.0386*** -0.0389* -0.0390* 

(-9.305) (-13.429) (-1.900) (-1.897) 
SALES GROWTH -0.0641*** 

(-4.540) 
LEVERAGE(-1) 0.1728*** 

(31.189) 
LEVERAGE(-2) 0.0286*** 

(6.576) 
NET DEBT ISSUANCE (-1,0) -0.0000 -0.0000 

(-1.536) (-1.543) 
NET DEBT ISSUANCE X 
BONDISSUER -0.0000** 

(-2.261) 
CONSTANT 0.1119** 0.7075*** 1.0624*** 1.0002*** 0.9996*** 

(2.475) (7.271) (8.010) (3.399) (3.394) 
country effects no yes yes yes yes 
industry effects yes no yes yes yes 

Observations 24,233 24,233 22,474 24,277 24,277 

Adj. R2 0.001 0.029   0.179 0.169 0.169 
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 In the remaining columns of Table 8, we consider further the possibility that changes 

in firms’ indebtedness affects their interest rate sensitivity and drive our earlier findings. 

In column 3, we include two lag terms of leverage into our main specification. While 

contemporaneous leverage has exhibited a strong positive relation to interest rate exposure 

coefficient in most specifications considered thus far, inclusion of lagged leverage reveals 

that the positive relation stems to a large extent from past leverage, and current leverage 

actually switches to a negative sign in this specification. However, our findings regarding 

BONDISSUER remain intact. In column 4, we include net debt issuance from year -1 to 

year 0 (defined as long term debt0 – long term debt-1). The variable fails to affect interest 

rate sensitivity, while the BONDISSUER weakens slightly. In the final column of Table 8, 

we consider whether increase in indebtness among the firms with bond market presence 

explains our earlier results. Indeed, an interaction variable between net debt issuance and 

BONDISSUER enters with a negative sign, suggesting that additional borrowing in form 

of public debt reduces interest rate sensitivity further.  

 

5 Conclusions 

 We study the effects of the rapid growth in corporate bond financing, which has been 

attributed to the introduction of the euro (Rajan and Zingales, 2003). Korkeamäki (2011) 

reports that the move to euro has reduced corporate exposure to interest rate fluctuation. 

This reduction is consistent with the suggestion that deeper markets in the home-currency 

corporate debt allow firms to better manage their interest rate exposures. This notion 

receives further support as many of the countries that exhibit the shift in interest rate 

sensitivity are countries where the local markets were relatively segmented prior to the 

euro (Korkeamäki, 2011). At the firm level, we find that besides affecting firms’ capital 

structure (Faulkender and Petersen, 2006), the source of debt also seems to affect their 
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interest rate risk management, as firms entering the public debt markets experience a 

significant shift in their interest rate exposure. 

 As such, our results suggest that the euro is having an intended consequence on firm's 

financing, as market depth and the consequently increased market completeness were 

among the proposed benefits of the common currency in the pre-euro era. Our results 

could also be a factor behind the observed reductions in the cost of capital among euro 

area firms (Bris, et al., 2009). A more formal exploration of that connection makes for an 

interesting area of future study.   
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Abstract 

This paper investigates jumps and cojumps in European financial markets employing more 

than six years of high frequency data on stock indices, currency and interest rate futures. 

Using a jump detection measure proposed by Lee and Mykland (2008), we find that while the 

U.S macroeconomic announcements cause significant jumps on all asset classes, European 

equity markets are found to be more sensitive. Moreover, there is a strong correlation 

between the type of news and orientation of the jumps. We also report significant cojumps 

caused by the U.S macroeconomic surprises across European stock indices futures. Our time 

series analysis shows that the frequency and intensity of jumps in European financial markets 

have increased since the start of global credit crisis in 2007. Similarly, more frequent 

cojumps are reported across European equity markets after the recent financial slowdown. 
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1. Introduction 

The idea that macroeconomic fundamentals may affect financial markets is by now well 

established. Flannery and Protopapadakis (2002), for example, argue that macroeconomic 

variables are excellent candidates for extra market risk factors. More recent papers have 

focused on the information arrival and price discovery process using high frequency intraday 

data [e.g., Andersen et al. (2003, 2007), Gürkaynak and Wolfers (2006)]. The findings in 

those papers suggest that macroeconomic news announcements may be responsible for 

generating jumps and cojumps in financial markets.1 Jumps are defined as sudden and large 

discontinuities in pricing process of financial markets. Cojumps arise when jumps occur 

contemporaneously in multiple markets. Understanding the characterization and causes of 

jumps is central to asset pricing and financial management.2 It is also important to consider 

the extent to which jumps occur simultaneously across different asset classes, such as stock 

indices, interest rate and currency market futures. Beine et al. (2009) argue that investors and 

speculators who follow real time trading strategies are interested in high-frequency 

interrelations of asset markets to optimally time their portfolio rebalancing. Therefore, 

common sources of news and relation of different asset classes to fundamentals help us 

understand jump characteristics across markets [Lahaye et al. (2011)].  

The objective of this paper is to investigate the intraday jumps and cojumps in European 

financial markets around key U.S macroeconomic news announcements. We use very high 

frequency data on stock indices futures, i.e., Euro Stoxx50, CAC40 and DAX30 as well as 

the 3-month EURIBOR and EUR/USD futures. The idea that US macroeconomic news 

��������������������������������������������������������
1  Andersen, Bollerslev and Diebold (2007), for example, show that many jumps in DM/$ exchange rate, 
S&P500 market index, and the 30-year U.S Treasury bond yield are directly associated with specific 
macroeconomic news announcements. 
2 See for example, Piazzesi (2005), Lee and Mykland (2008), and Tauchen and Zhou (2005), among others, for 
further details.�
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announcements significantly affect volatility in European financial markets is essentially 

motivated by the recent empirical findings in Harju and Hussain (2011), Hussain (2011) and 

Andersson (2010) etc., indicating that the US macroeconomic news announcements are 

clearly associated with the volatility spikes in the European financial markets. Moreover, 

Nikkinen and Sahlström (2004) show that while the US scheduled macroeconomic news 

announcements have a significant impact on the implied volatility in European stock markets, 

domestic news releases are found to be unimportant. Wongswan (2006) documents a large 

and significant response of global equity indices including European markets to the US 

monetary policy announcement surprises at short time horizons. Therefore, given the recent 

empirical findings, we mainly focus on analyzing the role of US macroeconomic 

announcements in creating jumps and cojumps across European financial markets.3   

We utilize the non-parametric statistic of Lee and Mykland (2008) to detect jumps on high 

frequency data spanning more than six years. The Lee-Mykland technique to identify 

intraday jumps allows us to study the role of scheduled macroeconomic announcements in 

creating jumps. In the spirit of Lahaye et al. (2011), we also use this statistic to investigate 

multivariate issues and test whether U.S macro announcements cause cojumps across 

multiple European financial markets. Our results show that while the U.S macroeconomic 

announcements cause significant jumps on all asset classes, European equity markets are 

found to be the more sensitive. Moreover, there is a strong correlation between the type of 

news and orientation of the jumps. We also report significant cojumps caused by the U.S 

macroeconomic surprises across European stock indices futures. Our time series analysis 

��������������������������������������������������������
3 In order to rule out any overlapping impact of the European macroeconomic surprises as suggested by Hussain 

(2011), we also analyze the jumps and cojumps in European financial markets around some major European 

monetary policy releases such as European Central Bank, Bank of England and Swiss National Bank interest 

rate announcements. However, we do not find any significant results. 
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suggests that the frequency and intensity of jumps in European financial markets have 

increased since the global credit crisis started in 2007. Accordingly, more frequent cojumps 

are reported across European equity markets after the recent financial slowdown.  

The recent literature on the relationship between economic fundamentals and financial 

markets can be divided into two main categories. The first strand of literature has analyzed 

the impact of macroeconomic news announcements on intraday returns and volatilities in 

financial markets.4 The second thread has linked scheduled macro announcements to jumps 

and cojumps in financial markets. For example, Huang (2007) estimates daily jumps with bi-

power variation on 10 years of S&P 500 and U.S T-bonds data. The author finds that major 

jumps are associated with news days compared to the non-news days, and that the fixed-

income market is more responsive to the macroeconomic news announcements. Dungey et al. 

(2008) analyzes jumps in the US Treasury bond market. Their findings suggest a strong link 

between scheduled macroeconomic news announcements and cojumps in the US term 

structure. Bollerslev et al. (2008) using a newly developed test statistic find strong evidence 

for many modest-sized, yet highly significant cojumps that simply pass through standard 

jump detection statistics when applied on a stock-by-stock basis. Han (2008) analyzes the 

intraday effects of the U.S and the European Monetary Union (EMU) macroeconomic shocks 

on both the conditional means and the conditional variances of the high frequency Dollar–

Euro returns. The author argues that macroeconomic shocks may have significant effects on 

exchange rates when examined at the high frequency that are not visible at lower frequency 

levels. Jiang et al. (2009) examine jumps in the U.S Treasury bond prices. The authors show 

that while jumps occur mostly at pre-scheduled macroeconomic announcement times, 

announcement surprises have limited power in explaining bond price jumps. They find that 

��������������������������������������������������������
��See, for example, Andersen et al. (2003, 2007), Flannery and Protopapadakis (2002), Boyd et al. (2005) and 

Harju and Hussain (2011).�
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pre-announcement liquidity shocks, such as changes in the bid-ask spread and market depth, 

have significant predictive power for jumps. Dungey and Hvozdyk (2012) examine 

cojumping behavior of spot and futures prices in high frequency U.S Treasury data. They 

find that cojumps occur most frequently at shorter maturities and higher sampling frequencies 

and that the probability of cojumps is particularly affected by news surprises in non-farm 

payrolls, consumer price index (CPI), gross domestic product (GDP) and retail sales. 

Our paper extends the second strand of literature in the following directions. Firstly, we 

analyze jumps and cojumps around U.S macroeconomic releases in several European 

financial markets and across different asset classes. Some earlier papers, such as Andersson 

(2010) and Harju and Hussain (2011) have analyzed the impact of U.S macroeconomic 

policy releases on the intraday returns and volatilities in European financial markets. But to 

the best of our knowledge, no study links jumps and cojumps in multiple European markets 

and across different asset classes to the U.S macroeconomic indicators. Secondly, we 

estimate jumps at a very high frequency using intraday 5-minute data.5 Lahaye et al. (2011) 

argue that these intraday estimates which are much more precise than daily or even lower 

frequency intraday jump measures enable us to describe jumps and cojumps and to carefully 

link them to macroeconomic indicators. Thirdly, we report the magnitude and the direction of 

jumps and co-jumps for each relevant U.S macroeconomic indicator. Finally, we also 

examine whether the global credit crisis started in 2007 has significantly changed the jump 

dynamics in European financial markets. Overall, contrary to the majority of earlier studies 

which mainly focused on the U.S markets, this paper presents new empirical evidence on 

European financial markets.  

��������������������������������������������������������
5 Many earlier studies, e.g., Huang (2007), have relied on daily or lower frequency data to investigate the 

relation between economic fundamentals and jumps and cojumps in financial markets.  

�
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The rest of the paper is structured as follows: The data are described in section two. The 

methodology is presented in section three. Section four describes the empirical findings and a 

summary and conclusions follow in section five. 

2. Data  

2.1. Financial markets data 

We use tick by tick level 1 quote prices to construct 5 minute data for the three main 

European equity indices futures, i.e. the FESX (Euro Stoxx50), FCE (CAC40) and FDAX 

(DAX30) as well as the 3-month EURIBOR and EUR/USD futures, covering the period from 

26 May 2003 until 31 January 2010.6 

The description of the acquired dataset is given in Table 1. FDAX, FCE and FESX, are 

futures on DAX30 (German), CAC40 (French) and Euro stoxx50 index, respectively. The 

Euro Stoxx50 index includes the 50 largest companies of the Euro zone. It contains 35% of 

French stocks, covered by the CAC40 index and 33% of German stock, included in the 

DAX30. Euro Stoxx50 and DAX30 index futures, traded on the EUREX, are constituted of 4 

yearly contracts, which expire the third week of March, June, September and December. 

CAC40 index futures are traded on EURONEXT with a monthly expiry, while the EUR/USD 

futures, traded on the Chicago Mercantile Exchange (CME) consist of 4 yearly contracts 

expiring the third Friday of March, June, September and December. Three month Euro 

(EURIBOR) interest rate futures contracts (hereafter “Euribor Futures”) are based on 3 

month euro interbank deposit rates. For Euribor futures, 28 delivery months are available for 

trading, with the nearest six delivery months being consecutive calendar months. They are 

quoted as 100 minus the 3-month rate of interest.  

 

��������������������������������������������������������
6 The data were obtained from Tick Data (http://www.tickdata.com). 
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Table 1 

 Description of the raw original series 

Asset Exchange Trading Months Trading Unit Trading Hours Tick size 
   

FDAX EUREX H,M,U,Z € 25 07:50 - 22:00  0.5 
 

FCE NYSE LIFFE 
Paris 

F,G,H,J,K,M,N,Q
,U,V,X,Z 

€ 5 08:00 - 22:00 0.5 
 
 
 

FESX EUREX H,M,U,Z € 10 07:50 - 22:00 1 
 
 

Euribor NYSE LIFFE 
London 

F,G,H,J,K,M,N,Q
,U,V,X,Z 

€ 12.50 01:00 - 06:00  0.005 

E-mini 
EUR/USD 
futures 

CME Globex 
Electr. 

H,M,U,Z $6.25 07:00 - 21:00 0.0001 

Notes: All times are given in Central European Time (CET). FDAX, FCE and FESX, are futures on DAX30 
(German), CAC40 (French) and Euro stoxx50 index, respectively. The letters,  F,G,H,J,K,M,N,Q,U,V,X,Z 
denote expiries in January, February, March, April, May, June July, August, September, October, November 
and December, respectively. FDAX, FESX and EUR/USD have four expiries in March, June, September and 
December, while French equity indices and 3-month Euribor interest rates futures have monthly expiries.  
 

To limit the detection of spurious jumps due to market microstructure issues, we filter out 

mid-quote prices where the bid-ask spread exceeds 4 ticks. This technique eliminates all tick 

by tick quotes marked as potentially invalid by the data provider and faulty quotes outside of 

trading hours. For similar reasons, the first quote after each auction state resulting from 

technical problems on an exchange has also been removed. We then follow the same 

procedure as Lee and Mykland (2008) and sample the mid-quote prices at fixed time intervals 

of 5 minutes in order to limit the market microstructure noise. The descriptive statistics of 5-

minute returns are shown in Table 2.  
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Table 2 

Descriptive statistics of log 5-minute returns 

  Min Max Mean Volatility Skewness Kurtosis 
FESX             
H -0.0077 0.0185 0.0000 0.0000 1.39 99.20 
M -0.0079 0.0088 0.0000 0.0000 0.03 7.82 
U -0.0034 0.0088 0.0000 0.0000 0.20 4.92 
Z -0.0077 0.0088 0.0000 0.0000 0.19 10.50 
FDAX             
H -0.0098 0.0226 0.0000 0.0000 46.60 10300.00 
M -0.0741 0.0207 0.0000 0.0000 -222.00 76700.00 
U -0.0530 0.0516 0.0000 0.0000 -73.20 19900.00 
Z -0.0408 0.0309 0.0000 0.0000 -41.60 9530.00 
FCE             
F -0.0053 0.0054 0.0000 0.0000 1.02 175.00 
G -0.0035 0.0045 0.0000 0.0000 3.07 183.00 
H -0.0181 0.0100 0.0000 0.0000 -10.20 2370.00 
J -0.0043 0.0087 0.0000 0.0000 9.45 829.00 
K -0.0149 0.0096 0.0000 0.0000 -31.40 3060.00 
M -0.0168 0.0261 0.0000 0.0000 29.70 1990.00 
N -0.0088 0.0086 0.0000 0.0000 -4.05 1690.00 
Q -0.0434 0.0396 0.0000 0.0000 -43.50 3850.00 
U -0.0269 0.0102 0.0000 0.0000 -66.70 10800.00 
V -0.0432 0.0621 0.0000 0.0000 0.00 2420.00 
X -0.0070 0.0058 0.0000 0.0000 -4.68 166.00 
Z -0.0322 0.0276 0.0000 0.0000 -4.84 1300.00 
EUR/USD             
H -0.0390 0.0356 0.0000 0.0000 -24.00 1200.00 
M -0.0677 0.0694 0.0000 0.0000 8.82 1200.00 
U -0.0786 0.0701 0.0000 0.0000 8.21 2740.00 
Z -0.0473 0.0437 0.0000 0.0000 -27.90 1320.00 
Euribor             
F -0.0013 0.0008 0.0000 0.0000 -4.20 99.10 
G -0.0005 0.0009 0.0000 0.0000 2.24 45.50 
H -0.0286 0.0119 -0.0004 0.0000 -5.76 46.90 
J -0.0011 0.0013 0.0000 0.0000 -1.80 167.00 
K -0.0006 0.0031 0.0000 0.0000 25.80 796.00 
M -0.0282 0.0140 -0.0004 0.0000 -5.64 44.10 
N -0.0004 0.0025 0.0000 0.0000 26.10 860.00 
Q -0.0084 0.0081 0.0000 0.0000 -1.31 398.00 
U -0.0311 0.0118 -0.0004 0.0000 -5.75 47.90 
V -0.0046 0.0006 0.0000 0.0000 -24.90 771.00 
X -0.0013 0.0015 0.0000 0.0000 1.50 98.80 
Z -0.0302 0.0131 -0.0004 0.0000 -5.70 47.20 

Notes: This table reports the descriptive statistics of log 5-minute returns for each instrument and for different 
maturities. FDAX, FCE and FESX, are futures on DAX30 (German), CAC40 (French) and Euro stoxx50 index, 
respectively. The letters,  F,G,H,J,K,M,N,Q,U,V,X,Z denote expiries in January, February, March, April, May, 
June July, August, September, October, November and December, respectively. FDAX, FESX and EUR/USD 
have four expiries in March, June, September and December, while French equity indices and 3-month Euribor 
interest rates futures have monthly expiries. 
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2.2. U.S macroeconomic announcements data 

The announcement data consist of scheduled U.S macroeconomic news releases for the 

period May 26, 2003 through January 31, 2010. These data contain date, time, actual release 

and the mean forecast for the indicator. The surprise is calculated as the difference between 

the actual value of the announced indicator and its mean forecast provided by the Bloomberg 

World Economic Calendar (WECO). Since units of measurements differ across economic 

variables, following Balduzzi et al. (2001), we calculate standardized surprise. That is, we 

divide the surprise by its sample standard deviation to facilitate comparison of responses to 

different macro indicators.  

The summary of the announcement data is given in Appendix A. There are total of 23 U.S 

macro announcements in our sample.7 Almost all the indicators are announced either at 14:30 

Central European Time (CET) or 16:00 CET with the exception of Industrial production 

which is released at 15:15 CET.8 

3. Methodology  

Our methodology for detecting the jumps and cojumps in European stock indices, currency 

and interest rates futures around U.S macro-economic releases is based largely on the model 

proposed by Lee and Mykland (2008). The Lee-Mykland test statistic detects jumps by taking 

the ratio of the instantaneous volatility estimated with the realised bi-power variation on a 

fixed window K to the next realised return.  

��������������������������������������������������������
7 The selection of the U.S macro indicators is based on the availability of data and their occurrence during the 

European markets’ trading hours. 

8 Thereafter, all times are given in Central European Time (CET). 
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. We rely on Lee-Mykland (2008) test to detect jumps because it is more 

accurate and precise than the Barnsdorff-Nielsen and Shephard (2004) test. Lee-

Mykland (2008) demonstrates that the likelihood of misclassification of jumps becomes 

negligible using high frequency data. 

4. Empirical results 

4.1. Descriptive Statistics of Jumps  

Table 3 provides an overview of the identified jumps. The second panel in Table 3 [Jump day 

frequency] shows that number of days associated with jumps vary across asset classes. In 

accordance with the results reported by Lahaye et al. (2011), stock indices futures exhibit 

fewer jump days than on Euribor and EUR/USD Futures. European stock indices futures 
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jump on 15.72% to 27.67% of the sample days, while currency (EUR/USD) and interest rate 

(Euribor) futures jump on about 36% and 33% of sample days, respectively. However, the 

number of jumps per day does not vary a great deal across different asset classes. While 

interest rate (Euribor) futures jump on average 3 times per jump day, the European equity and 

currency futures jump about 2 times on each jump day.  

The number of jumps for each instrument is listed in the third panel of Table 3 [All jumps 

(absolute value)]. The descriptive statistics on jumps show that interest rate and currency 

futures jump more often than the European equity futures. For example, per observation, the 

EUR/USD and Euribor futures jump more than twice compared to the Euro Stoxx50 futures 

[see P(jump (%)]. One explanation of such phenomena for exchange rate, as suggested by 

Lahaye et al. (2011) is that they are subject to news from two countries, not just one, and 

probably because they experience more idiosyncratic liquidity shocks during slow trading in 

the 24-hour markets. The idiosyncratic liquidity shocks and other news items that are not part 

of our sample may also explain the relatively more frequent and larger jumps in 3-months 

Euribor futures.9 Among the European stock indices, the French market exhibits highest 

number of jump days indicating higher volatility, confirming the findings of Harju and 

Hussain (2011). 

Table 3 (panel 3) also shows that interest rate and currency futures exhibit relatively larger 

jumps compared to the stock indices futures. The average jump size for Euribor and 

EUR/USD Futures is 1.08 and 0.94, respectively, whereas the European equity indices 

experience comparatively moderate and similar jump size, ranging from 0.57 for FDAX 

(DAX30) to 0.76 for FCE (CAC40). The coefficients of variation for absolute jumps also 
��������������������������������������������������������
9 For example, Baglioni and Monticini (2010) show that the implicit hourly interest rate in the euro area money 

market jumped by more than ten times at the outset of sub-prime financial turmoil in August 2010. Authors 

argue that this evidence may be attributed to an increase of the liquidity premium and of the cost of collateral.�
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vary across markets, the highest being 0.82 for Euribor and EUR/USD Futures, and the 

lowest, 0.46 for FDAX.  

We now turn our attention to asymmetry in jumps frequency. The statistics reported in panel 

4 and 5 of Table 3 suggest that there are about equal number of positive and negative jumps 

in interest rate and currency future markets. However, more negative jumps are reported in 

European stock indices futures, indicating asymmetry of jumps. The last panel in Table 3 

shows that 63% of all the observed jumps in FDAX are negative, while the corresponding 

number for the FCE and FESX is 57% and 59%, respectively.10 Lahaye et al. (2011) show 

that equity markets tend to show more negative jumps than the Forex market. However, they 

find that the disparity between positive and negative jumps on equity markets is not 

statistically significant. 

  

��������������������������������������������������������
���The total numbers of surprises associated with jumps are 254. Out of which, 22 are zero, 125 are negative and 

107 are positive surprises. As the surprises are more often negative than positive during our sample period,  it 

seems intuitive that the European stock indices futures experienced more negative jumps, resulting in an 

observed asymmetry.�
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Table 3 

Descriptive statistics on significant jumps from 13:00 - 22:00 CET 

FDAX FCE FESX Euribor EUR/USD 

Nb. Obs. 354854 389215 298922 402738 327164 
Nb. Days 1702 1417 1419 1587 1719 
Jump day frequency 
Nb. Jumpdays 285 392 223 531 617 
P(jumpday) (%) 16.7450 27.6641 15.7153 33.4594 35.8930 
E(nb. Jump| Jumpday) 2.4912 2.4464 2.3184 3.2881 2.2042 
All jumps (absolute value) 
Nb. Jumps 710 959 517 1746 1360 
P(jump) (%) 0.2001 0.2464 0.1730 0.4335 0.4157 
E(|jumpsize||jump) 0.5737 0.7625 0.6362 1.0837 0.9446 

(Var|jumpsize||jump) 0.4674 0.7476 0.5186 0.8227 0.8261 
Positive jumps 
Nb. Jumps>0 257 414 211 869 715 
P(jump>0) (%) 0.0724 0.1064 0.0706 0.2158 0.2185 
E(jumpsize|jump>0) 0.6290 0.8358 0.7165 1.0802 0.9946 

(Var|jumpsize|jump>0) 0.5888 0.8155 0.6710 0.8279 0.8384 
Negative jumps 
Nb. Jumps<0 453 545 306 877 645 
P(jump<0) (%) 0.1277 0.1400 0.1024 0.2178 0.1971 
E(jumpsize|jump<0) -0.5431 -0.7077 -0.5811 -1.0874 -0.8895 

(Var|jumpsize|jump<0) 0.3808 0.6874 0.3703 0.8172 0.8086 
Percentage of -ive jumps 
% of neg. jumps 63.8028 56.8300 59.1876 50.2291 47.4265 
Standard error 1.8035 1.5994 2.1616 1.1966 1.3540 
Notes: The first panel of this table displays, from top to bottom, the number of observations (Nb. obs.) and the 
number of days in our sample (N. Days). The second panel shows the total number of jump days (Nb. 
Jumpdays), i.e. days with at least one jump), the probability (in %) of a jump day (P(jumpday)=100(Nb. 
jumpdays / Nb. Days)), and the number of jumps per jump day (E(nb. jumps|Nb.jumpdays). The third panel 
gives the total number of jumps (Nb.jumps), their proportion (in %) over sample observations (P(jump) = 
100(Nb.jumps/Nb.Obs.)), as well as their absolute mean size and standard deviation  E(|jumpsize||jump) and 
Var(|jumpsize||jump)). The panel four and five splits the jumps in two categories: positive and negative jumps. 
Proportions (P(jump > 0) and P(jump < 0)), mean (E(jumpsize|jump > 0) and E(jumpsize|jump < 0) ) and std. 
dev. (Var(jumpsize|jump>0) and Var(jumpsize|jump < 0)) are reported, as for the full set of jumps in absolute 
value. Finally, the last panel reports the percentage of jumps that are negative (100(Nb. jumps<0/Nb.jumps) and 
the associated standard error. The sampling frequency is 5 minutes. We use 1% significance level on the 5-
minute mid-quote prices from 26 May 2003 until 31 January 2010. FDAX, FESX, FCE are futures indices of 
German DAX30, Euro Stoxx50, and French CAC40, respectively. 
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4.2. U.S Macroeconomic announcements and associated Jumps in European markets. 

To measure the impacts of scheduled U.S macroeconomic events on European stock indices, 

interest rate and currency futures; we perform the Lee-Mykland (2008) test at 1% 

significance level on the 5-minute mid-quote prices from 26 May 2003 until 31 January 

2010.11 The descriptive results are depicted in Figure 1. These results suggest that as many 

as 19 out of 23 U.S macroeconomic indicators have statistically significant effects across all 

asset classes, including unemployment reports, the housing indicators, the two ISM reports 

and the consumer confidence. The U.S unemployment reports and house price index cause 

the highest percentage of jumps across European markets, the former being the most 

influential of all indicators. 

 
 
Fig. 1. Percentage of jumps by events for all markets  
Notes: This figure shows the percentage of jumps caused by selected U.S macroeconomic indicators  
for all asset classes in our sample, namely FDAX, FCE, FESX, 3-month Euribor interest rate, and  
EUR/USD futures. FDAX, FCE and FESX are futures on DAX30 (German), CAC40 (French) 
and Euro stoxx50 index, respectively. 
 

��������������������������������������������������������
���As noted earlier that almost all U.S macroeconomic indicators are announced either at 14:30 or 16:00 CET, 

we carry out the test between 13:00 and 22:00 CET.�

�¬��
�¬��

��¬��
��¬��
��¬��
��¬��
®�¬��
®�¬��
��¬��
��¬��
��¬��



15 
�

Turning to the specific asset classes, numerous U.S macro indicators are found to have 

significant impact on European indices futures (Figure 2). The unemployment reports, net 

exports, price measures (e.g., CPI and PPI), initial jobless claims, and import price index are 

particularly more dominant in causing jumps in stock indices futures.12 These results support 

the findings of Harju and Hussain (2011) indicating that the various U.S indicators including 

the unemployment reports have a significant impact across European equity markets.   

 
Fig. 2. Percentage of jumps by events for all Equity index futures 
Notes: This figure shows the percentage of jumps caused by selected U.S macroeconomic indicators  
for all Equity markets futures in our sample, namely FDAX, FCE and FESX. FDAX, FCE and FESX  
are futures on DAX30 (German), CAC40 (French) and Euro stoxx50 index, respectively. 
 

 
Fig. 3. Percentage of jumps by events for EUR/USD futures  
Notes: This figure shows the percentage of jumps caused by selected U.S macroeconomic indicators  
for EUR/USD futures. 
��������������������������������������������������������
12 The percentages presented in Figure 2 have been calculated as the ratio of the jumps related to the specific 

US macroeconomic indicator in an intraday setting. 
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Figure 3 displays the percentage of jumps in EUR/USD futures linked to the type of U.S 

macroeconomic news announcements. As seen in Figure 3, many U.S macro indicators cause 

significant jumps in EUR/USD futures. Particularly, forward looking measures, i.e., index of 

leading indicators and business inventories explain highest number of jumps in currency 

futures. However, the effect of US macro fundamentals on 3-month Euribor futures, is 

relatively subdued as illustrated in Figure 4. Only four macroeconomic indicators; gross 

domestic product (GDP), initial jobless claims, factory orders and housing starts appear to be 

associated with significant jumps Euribor futures.  

 

 

 

We also look at the number of jumps linked to the time of U.S macroeconomic releases 

across all asset classes in our sample.13 Our analysis reveals that 95.43% and 69.67% of all 

detected jumps in European equity futures are related to the U.S macroeconomic news 

announcements at 14:30 and 16:00 CET, respectively. For the Euribor and EUR/USD future, 

��������������������������������������������������������
13 The results are not shown here to save the space. However, these results can be obtained from authors upon 

request.�
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Fig. 4. Percentage of jumps by events for 3-month EURIBOR futures
Notes: This figure shows the percentage of jumps caused by selected U.S macroeconomic 
indicators for 3-month Euribor futures. 
�
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about 60 and 30 percent jumps occurring at 14:30 and 16:00 CET, respectively, are related to 

the release of U.S macroeconomic indicators. These results indicate greater responsiveness of 

European equity markets to the U.S fundamentals.  

Another important observation is that there are differences in markets’ response to different 

types of announcements. These results are consistent with some of the earlier findings 

indicating that asset classes respond differently to different announcements. Huang (2007), 

for example, found that the U.S fixed income markets are more responsive to the domestic 

macroeconomic announcements than equity markets. Lahaye et al. (2011) show that the 

propensity of macroeconomic surprises to create jumps differs across asset classes, i.e., 

exchanges rates, bonds and stock indices.    

4.3. Size and sign of jumps associated with U.S macroeconomic announcements 

In this section, we associate the direction and magnitude of jumps detected in all five markets 

with the type of macroeconomic announcements. Since we utilize the mean forecast for each 

macroeconomic announcement to calculate surprises, the magnitude and direction of jumps 

are related to the size and the sign of a given surprise. Appendix B reports the date and time 

of the jump, the market (product), the return computed as logarithm of the price ratio before 

and after the jump, the actual announcement along with its mean forecast value, and type of 

the news announced for each macroeconomic indicator causing a jump in European markets. 

We look at the direction of the jump based on news type, i.e., whether the surprise is a ‘good 

news’ or ‘bad news’. Given the type of the news, an announcement is classified as ‘good 

news’ if the event is better than forecast and as ‘bad news’ otherwise.  

Our results show that while most of the U.S macroeconomic events generally cause jumps in 

all markets in our sample, stock indices futures clearly dominate the picture. Interestingly, the 

larger the surprise, the greater impact it has on all three European stock indices futures. For 
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example, U.S unemployment rate announcement on 6 June and 5 September 2008, when the 

announced number was 0.4 worse than expected in both instances, caused a large negative 

jump in all three equity indices futures i.e., Euro Stoxx50, CAC40 and DAX30. There is also 

a strong correlation between the sign of the surprises and direction of the jumps implying that 

most of the time, investors may base their trades on the forecasted numbers and take a long 

position in the index if the indicator is better than expected and short it after a bad news. 

However, there are sometimes negative reactions to the good news. One of the plausible 

reasons explaining this discrepancy is that there may be some other factors beyond 

macroeconomic announcements that can have a strong impact on the orientation of the jump. 

Secondly, as the mean forecast is not always a very good predictor of the market direction, 

the surprises may not serve as the true sentiment of the market.14  

Another interesting finding is that all three equity markets repeatedly react to the announced 

indicator in a similar fashion. For instance, on 4 August 2006, all three equity indices futures 

reacted positively to a better than expected unemployment rate announcement. A unanimous 

response can also be seen on March 04, 2005 to the unemployment rate announcement and 

on January 02, 2008 to the ISM Price index, indicating existence of cojumps, particularly in 

European equity indices futures. This is consistent with the evidence reported by Harju and 

Hussain (2011) indicating that major European equity markets tend to react simultaneously to 

the US macroeconomic news announcements. These findings also indicate the presence of 

cojumps across European financial markets that we test in the following section.   

 

��������������������������������������������������������
���Another possible explanation along the same line is that these forecasts are not unanimously adopted among 

all analysts. Major financial institutions typically compile their own forecast. Moreover, it is also important to 

note that whenever there is an opposite response to the type of announcement, all five markets analyzed in this 

study always react uniformly to that particular news event.�
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4.4. U.S macro announcements and Cojumps in European markets 

Table 4 reports the number of cojumps and associated probabilities in multiple markets. The 

results show that the highest probabilities of cojumps are found for the pairs of European 

equity markets, confirming our earlier assertion. For example, there are about 177 common 

jumps in DAX30 and CAC40 futures, 177 between DAX30 and Euro stoxx50, and 184 

between CAC40 and Euro stoxx50 futures. Moreover, all three European equity indices 

futures share 155 common jumps in response to the U.S macroeconomic news 

announcements, signifying a highly correlated structure of European stock markets. 

However, there are negligible instances of cojumps across different asset classes. For 

example, a total of 10 cojumps are reported between DAX30 futures and EUR/USD with a 

probability of 0.92 percent for the occurrence of cojumps across equity and currency rate futures. 

Similarly, there are only 9 cojumps for the pairs of FESX - EUR/USD and Euribor - EUR/USD.  

 Table 4 
Cojump probability 

Assets Nb. Obs Nb. Cojumps P(cojump) in % 
FDAX - FCE 126966 177 0.1394 
FDAX - FESX 140800 200 0.1420 
FDAX - FCE - FESX 123457 155 0.1255 
FDAX - Euribor 110145 1 0.0009 
FDAX - EUR/USD 108185 10 0.0092 
FCE - FESX 123803 184 0.1486 
FCE - Euribor 101285 3 0.0030 
FCE - EUR/USD 94561 5 0.0053 
FESX - Euribor 99991 1 0.0010 
FESX - EUR/USD 105358 9 0.0085 
Euribor - EUR/USD 75090 9 0.0120 

Probability of a cojump on the considered markets given a jump on the market given in the 
corresponding column. 

P(cojump|jump) in % FESX FDAX FCE 
FDAX-FCE - 48.8950 32.2993 
FDAX-FESX 70.9220 55.2486 - 
FCE-FESX 65.2482 - 33.5766 
FDAX-FCE-FESX 54.9645 42.8177 28.2847 
Notes: The first panel of this table depicts the number of observations, number of cojumps and their respective 
probabilities for different pairs of asset classes in our sample. The second panel shows the probability of a 
cojump on the considered markets given a jump on the market shown in the corresponding column. FDAX, 
FESX, FCE are futures indices of German DAX, Euro Stoxx 50, and French CAC, respectively. 
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The lower panel of Table 4 reports the probability of cojumps conditional on jumps in other 

markets (P(coj|jump)%). The conditional probability in the first column indicates that 70.92% 

of all jumps on Euro Stoxx50 (FESX) are also cojumps on DAX30 futures (FDAX). 

Whereas, 54.96% of all jumps on Euro Stoxx50 are cojumps on DAX30 and CAC40 futures. 

These results are consistent with those reported by Harju and Hussain (2011) and Hussain 

(2011), who report remarkable similarities across all European markets, particularly in 

response to the U.S macroeconomic news announcements. 

Next, we examine the conditional probability of cojump for every significant U.S 

macroeconomic news announcement. Table 5 reports the main results for 10 U.S macro 

indicators that emerge as influential candidates for causing cojumps across European equity 

markets. First panel shows that 90.47% of all the jumps on Euro Stoxx50 futures that are 

linked with the U.S unemployment rate surprises at 14:30 CET cause cojumps in DAX30 

futures as well. Likewise, 85.71% of all jumps in Euro Stoxx50 create simultaneous jumps 

(cojumps) in both German and French stock indices futures.  
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Table 5 
Conditional probability of cojump for every significant U.S macro announcement 

P(cojump|jump) in % FESX FDAX FCE 
Unemployment 
FDAX-FCE - 66.6667 91.6667 
FDAX-FESX 90.4762 57.5758 - 
FCE-FESX 95.2381 - 83.3333 
FDAX-FCE-FESX 85.7143 54.5455 75.0000 
CPI 
FDAX-FCE - 76.9231 62.5000 
FDAX-FESX 90.9091 76.9231 - 
FCE-FESX 100.0000 - 68.7500 
FDAX-FCE-FESX 90.9091 76.9231 62.5000 
ISM PRICE Index 
FDAX-FCE - 60 100 
FDAX-FESX 80 80 - 
FCE-FESX 60 - 100 
FDAX-FCE-FESX 60 60 100 
Factory Orders 
FDAX-FCE - 100 40 
FDAX-FESX 66.66667 100 - 
FCE-FESX 100 - 60 
FDAX-FCE-FESX 66.66667 100 40 
Consumer Confidence 
FDAX-FCE - 57.1429 66.6667 
FDAX-FESX 100 42.8571 - 
FCE-FESX 100 - 50 
FDAX-FCE-FESX 50 42.8571 50 
Initial Jobless Claims 
FDAX-FCE - 71.4286 62.5000 
FDAX-FESX 85.7143 85.7143 - 
FCE-FESX 85.7143 - 75 
FDAX-FCE-FESX 71.4286 71.4286 62.5000 
New Home Sale 
FDAX-FCE - 33.3333 25 
FDAX-FESX 50 33.3333 
FCE-FESX 50 - 25 
FDAX-FCE-FESX 50 33.3333 25 
Advance Durable Good 
FDAX-FCE - 57.1429 66.6667 
FDAX-FESX 100 100 - 
FCE-FESX 57.1429 - 66.6667 
FDAX-FCE-FESX 57.1429 57.1429 66.6667 
Producer Price Index 
FDAX-FCE - 88.8889 88.8889 
FDAX-FESX 100 88.8889 - 
FCE-FESX 100 - 88.8889 
FDAX-FCE-FESX 100 88.8889 88.8889 
Existing Home Sale 
FDAX-FCE - 100 100 
FDAX-FESX 100 100 - 
FCE-FESX 100 - 100 
FDAX-FCE-FESX 100 100 100 
Notes: This table reports the conditional probability of cojump for every significant U.S macroeconomic news 
announcement in our sample. FDAX, FCE and FESX, are futures on DAX30 (German), CAC40 (French) and Euro stoxx50 
index, respectively. P(cojump|jump) is computed as the probability of a simultaneous jump (cojump) in both markets 
conditional on the jump in a given market. For example, P(cojump FDAX-FCE | jump for FCE) = 91.667% for US 
unemployment announcement indicates that 91.667% of the times when a jump occurs in FCE, there is a simultaneous 
jumps in FDAX in response to the US unemployment rate surprise. 
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The second panel of Table 5 reports the probability of a cojump on the considered markets 

given a jump on the market shown in the corresponding column, in response to consumer 

price index announcements (CPI). Our results reveal that 100% of all jumps in Euro Stoxx50 

coincide with jumps in French stock index futures (CAC40). Moreover, 90.90% of jumps 

related to U.S Consumer Price Index in Euro Stoxx50 are cojumps across all three futures 

markets, i.e., German DAX, French CAC and Euro Stoxx50.  

Overall, our findings indicate that the number of other U.S indicators, such as producer price 

index, Existing home sales, consumer confidence and ISM price index are strongly linked 

with cojumps in European equity indices futures. These results are supported by significant 

intraday patterns with sharp peaks in European equity markets at the time of U.S scheduled 

macroeconomic news announcements documented by Harju and Hussain (2011) and 

Andersson (2010).  

4.5. Time series pattern of Jumps and cojumps 

Figure 5 plots the time series of significant jumps in all five asset classes in our sample. As 

we can clearly see that the frequency and the intensity of jumps have increased during our 

sample period. We are particularly interested in examining whether the subprime crisis that 

started in 2007 has significantly changed the jump dynamics in financial markets. The 

graphical representation of jumps in Figure 5 depicts that both the frequency and size of the 

jumps have increased after 2007 in all future markets. More frequent and intense jumps 

indicate a clustering of volatility spikes during recession years in all five instruments. 

Appendix C1 and C2 present descriptive statistics on significant jumps before and after 2007 

for all asset classes in our sample, respectively. The results show that the percentage of jump 

days has increased in all markets during the recession period. However, while there is a 

moderate increase in Equity index, the interest rate (Euribor) and currency (EUR/USD) 

futures have experienced large increases in percentage of jump days after 2007. For example, 
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on 3-months interest rate (Euribor) futures, about 47.57% days are associated with jumps 

during the recession years compared to 19.67% days in the pre-recession period. Similarly, 

there are 41.62% jump days after 2007 on EUR/USD futures in comparison with 28.83% in 

the pre-crisis period indicating that currency markets experienced higher volatility during the 

global financial crisis. Baglioni and Monticini (2010) report similar results for Euribor 

showing huge jumps in European interbank interest rate at the outset of the financial turmoil 

in August 2007. 

The third panel of Appendix C1 and C2 compares the absolute value of all jumps across all 

markets, during pre and post-recession period, respectively. The statistics show that the 

probability of occurrence of jump (P(jump) and jump size (E(|jumpsize||jump) have increased 

across all markets during recession. The asymmetry parameters reported in Appendices (the 

last panel of Appendix C1 and C2) show that there is a slight increase in negative jumps on 

European stock indices and interest rate futures during recession, while more positive jumps 

are reported for EUR/USD. One of the possible reasons for this phenomenon is that equity 

markets have been found to be more closely related with macroeconomic fundamentals, and 

there have been more adverse economic shocks during recession. Consequently, equity 

markets have experienced more negative jumps during the global economic downturn. 
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Fig. 5. Time series of jumps in all markets. 
Notes: This Figure depicts the time series graph of significant jumps in five 
European financial markets. FDAX, FESX, FCE, EURIBOR and EUR/USD are 
futures on German DAX30, Euro Stoxx50, French CAC40, 3-month EURIBOR 
rate, and currency EUR/USD rates, respectively. 
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Figure 6 depicts the time series graph of significant cojumps in three pairs of European stock 

indices futures, revealing more frequent and larger cojumps after 2007.15 This is an important 

finding in the context of financial markets interdependence during recession. This suggests 

that there are more concurrent jumps (cojumps) across equity markets during recession, 

implying a higher risk caused by the low diversification across European stock indices 

futures.  

 

 

 

��������������������������������������������������������
15 We do not report similar graphs for EURIBOR and EUR/USD futures here because there are too little 

cojumps to draw any conclusion for these instruments. 
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Fig. 6. Time series of cojumps in pairs of European equity indices futures 
Notes: This Figure depicts the time series graph of significant cojumps in three European 
equity futures markets. FDAX, FESX, FCE are futures on German DAX30, Euro 
Stoxx50, and French CAC40 index, respectively. 
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5. Discussion and Conclusion 

The objective of this paper is to investigate the intraday jumps and cojumps in European 

financial markets around scheduled U.S macroeconomic news announcements. To that end, 

we use high frequency 5-minute interval data on European stock indices futures (DAX30, 

CAC40 and Euro Stoxx50), interest rate futures (3-month Euribor) and currency futures 

(EUR/USD) from 26 May 2003 until 31 January 2010 along with the key US macroeconomic 

indicators.  

Despite the perceived implications of price discontinuities in financial markets, there are not 

many papers that have analyzed the cojumps across European markets. Accordingly, our 

paper presents new empirical evidence on jumps and cojumps in European financial markets. 

Our results suggest that scheduled U.S macroeconomic announcements cause significant 

jumps on all asset classes. However, European equity markets are found to be more sensitive 

to the U.S fundamentals than other asset classes. Our results also indicate a strong correlation 

between the type of the news and orientation of the jumps. Moreover, the frequency and 

intensity of jumps have considerably increased in European markets since the start of global 

credit crisis in 2007. We find a strong evidence of cojumps caused by the U.S macro 

surprises, particularly across European stock indices futures. Our analysis also suggests that 

interdependence among European equity markets has increased since the global recession in 

2007.  

These results may have important implications for finance practitioners and researchers. For 

example, as we show that there are differences in markets’ responses to different types of 

announcements, linking the fundamental to different asset classes may allow us to develop 

hedging strategies suitable to a particular asset class. However, it would also be worthwhile 

to elaborate more on underlying economic linkages across different asset classes and their 

response to macroeconomic fundamentals.   
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Appendix A 

 

Event Number of events Time of announcement (CET) 
 
Advance Durable Good  78 14:30 
Business Inventories  79 16:00 
CPI                   77 14:30 
Consumer Confidence  80 16:00 
Existing Home Sale  59 16:00 
Factory Orders  79 16:00 
GNP                   28 14:30 
House Price Index  11 16:00 
Housing Start  79 14:30 
ISM Manufacturing  80 16:00 
ISM Price  68 16:00 
Import Price Index  78 14:30 
Industrial Production  78 15:15 
Initial Jobless Claims  346 14:30 
Leading Price Indicator 78 16:00 
New Home Sale  79 16:00 
Non Farm Productivity  23 14:30 
Personal Income  77 14:30 
Personal Spending  69 14:30 
Producer Price Index  77 14:30 
Retail Sales  79 14:30 
Trade Balance  79 14:30 
Unemployment          80 14:30 
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Appendix B 
 

Date time Product Return Actual Forecast News Type 
Unemployment 

2003.09.05 14:30:00  
2003.10.03 14:30:00  
2003.12.05 14:30:00  
2004.01.09 14:30:00  
2004.03.05 14:30:00  
2004.06.04 14:30:00  
2004.08.06 14:30:00  
2004.08.06 14:30:00  
2004.08.06 14:30:00  
2004.09.03 14:30:00  
2004.09.03 14:30:00  
2004.10.08 14:30:00  
2004.10.08 14:30:00  
2004.10.08 14:30:00  
2004.11.05 14:30:00  
2004.11.05 14:30:00  
2004.12.03 14:30:00  
2004.12.03 14:30:00  
2005.02.04 14:30:00  
2005.02.04 14:30:00  
2005.03.04 14:30:00  
2005.03.04 14:30:00  
2005.03.04 14:30:00  
2005.05.06 14:30:00  
2006.03.10 14:30:00  
2006.03.10 14:30:00  
2006.08.04 14:30:00  
2006.08.04 14:30:00  
2006.08.04 14:30:00  
2006.11.03 14:30:00  
2006.11.03 14:30:00  
2006.11.03 14:30:00  
2006.12.08 14:30:00  
2007.02.02 14:30:00  
2007.02.02 14:30:00  
2007.07.06 14:30:00  
2007.09.07 14:30:00  
2007.09.07 14:30:00  
2007.09.07 14:30:00  
2007.10.05 14:30:00  
2007.10.05 14:30:00  
2007.10.05 14:30:00  
2008.01.04 14:30:00  

FDAX 
FDAX 
FDAX 
FDAX 
FDAX 
FDAX 
FCE 
FDAX 
FESX 
FCE 
FESX 
FCE 
FDAX 
FESX 
FCE 
FESX 
FCE 
FDAX 
FCE 
FDAX 
FCE 
FDAX 
FESX 
FDAX 
FCE 
FDAX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FCE 
FDAX 
FDAX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 

-0.0053 
0.0092 

-0.0056 
-0.0070 
-0.0059 
0.0041 

-0.0052 
-0.0067 
-0.0058 
0.0029 
0.0040 

-0.0044 
-0.0046 
-0.0046 
0.0047 
0.0049 

-0.0041 
-0.0046 
-0.0022 
-0.0024 
0.0029 
0.0037 
0.0038 
0.0033 
0.0039 
0.0041 
0.0050 
0.0048 
0.0051 
0.0031 
0.0028 
0.0033 
0.0030 
0.0025 
0.0025 

-0.0042 
-0.0059 
-0.0057 
-0.0052 
0.0037 
0.0032 
0.0044 

-0.0079 

6.1 
6.1 
5.9 
5.7 
5.6 
5.6 
5.5 
5.5 
5.5 
5.4 
5.4 
5.4 
5.4 
5.4 
5.5 
5.5 
5.4 
5.4 
5.2 
5.2 
5.4 
5.4 
5.4 
5.2 
4.8 
4.8 
4.8 
4.8 
4.8 
4.4 
4.4 
4.4 
4.5 
4.6 
4.6 
4.5 
4.6 
4.6 
4.6 
4.7 
4.7 
4.7 

5 

6.2 
6.2 

6 
5.9 
5.6 
5.6 
5.6 
5.6 
5.6 
5.5 
5.5 
5.4 
5.4 
5.4 
5.4 
5.4 
5.4 
5.4 
5.4 
5.4 
5.2 
5.2 
5.2 
5.2 
4.7 
4.7 
4.6 
4.6 
4.6 
4.6 
4.6 
4.6 
4.5 
4.5 
4.5 
4.5 
4.6 
4.6 
4.6 
4.7 
4.7 
4.7 
4.8 

bad news 
bad news 
bad news 
bad news 
as forecasted 
as forecasted 
bad news 
bad news 
bad news 
bad news 
bad news 
as forecasted 
as forecasted 
as forecasted 
good news 
good news 
as forecasted 
as forecasted 
bad news 
bad news 
good news 
good news 
good news 
as forecasted 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
as forecasted 
good news 
good news 
as forecasted 
as forecasted 
as forecasted 
as forecasted 
as forecasted 
as forecasted 
as forecasted 
good news 
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2008.01.04 14:30:00  
2008.01.04 14:30:00  
2008.03.07 14:30:00  
2008.03.07 14:30:00  
2008.03.07 14:30:00  
2008.05.02 14:30:00  
2008.05.02 14:30:00  
2008.05.02 14:30:00  
2008.06.06 14:30:00  
2008.06.06 14:30:00  
2008.06.06 14:30:00  
2008.08.01 14:30:00  
2008.09.05 14:30:00  
2008.09.05 14:30:00  
2008.09.05 14:30:00  
2009.01.09 14:30:00  
2009.01.09 14:30:00  
2009.01.09 14:30:00  
2009.06.05 14:30:00  
2009.06.05 14:30:00  
2009.06.05 14:30:00  
2009.08.07 14:30:00  
2009.08.07 14:30:00  
2009.08.07 14:30:00  
2009.09.04 14:30:00  
2009.10.02 14:30:00  
2009.10.02 14:30:00  
2009.10.02 14:30:00  
2009.11.06 14:30:00  
2009.11.06 14:30:00  
2009.11.06 14:30:00  
2009.12.04 14:30:00  
2009.12.04 14:30:00  
2009.12.04 14:30:00  
2010.01.08 14:30:00  
2010.01.08 14:30:00  
2010.01.08 14:30:00  

 

FDAX 
FESX 
EUR/USD 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
Euribor 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 

 

-0.0060 
-0.0066 
-0.0062 
-0.0067 
-0.0074 
0.0104 
0.0085 
0.0101 

-0.0084 
-0.0071 
-0.0094 
0.0058 

-0.0081 
-0.0079 
-0.0087 
0.0106 
0.0093 
0.0105 
0.0101 
0.0114 
0.0113 
0.0097 
0.0077 
0.0096 

-0.0270 
-0.0055 
-0.0064 
-0.0067 
-0.0120 
-0.0124 
-0.0129 
0.0125 
0.0115 
0.0135 

-0.0036 
-0.0043 
-0.0041 

 

5 
5 

4.8 
4.8 
4.8 

5 
5 
5 

5.5 
5.5 
5.5 
5.7 
6.1 
6.1 
6.1 
7.2 
7.2 
7.2 
9.4 
9.4 
9.4 
9.4 
9.4 
9.4 
9.7 
9.8 
9.8 
9.8 

10.2 
10.2 
10.2 

10 
10 
10 
10 
10 
10 

4.8 
4.8 

5 
5 
5 

5.2 
5.2 
5.2 
5.1 
5.1 
5.1 
5.6 
5.7 
5.7 
5.7 

7 
7 
7 

9.2 
9.2 
9.2 
9.6 
9.6 
9.6 
9.5 
9.8 
9.8 
9.8 
9.9 
9.9 
9.9 

10.2 
10.2 
10.2 
10.1 
10.1 
10.1 

good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 
as forecasted 
as forecasted 
as forecasted 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 

 
Date time Product Return Actual Forecast News type 
ISM Manufacturing      

2003.07.01 16:00:00  
2004.01.02 16:00:00  
2004.10.01 16:00:00  
2005.07.01 16:00:00  
2005.07.01 16:00:00  
2005.07.01 16:00:00  
2006.08.01 16:00:00  

FDAX 
FDAX 
Euribor 
FCE 
FDAX 
FESX 
FCE 

-0.0116 
0.0037 
0.0171 
0.0029 
0.0024 
0.0030 
-0.0033 

49.8 
66.2 
58.5 
53.8 
53.8 
53.8 
54.7 

51 
61 
58.4 
51.4 
51.4 
51.4 
53.5 

bad news 
good news 
good news 
good news 
good news 
good news 
good news 
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2006.08.01 16:00:00  
2006.08.01 16:00:00  
2006.09.01 16:00:00  
2006.09.01 16:00:00  
2006.10.02 16:00:00  
2006.10.02 16:00:00  
2006.10.02 16:00:00  
2006.12.01 16:00:00  
2006.12.01 16:00:00  
2007.01.03 16:00:00  
2007.01.03 16:00:00  
2007.01.03 16:00:00  
2007.04.02 16:00:00  
2007.09.04 16:00:00  
2007.10.01 16:00:00  
2008.01.02 16:00:00  
2008.01.02 16:00:00  
2008.01.02 16:00:00  
2008.04.01 16:00:00  
2008.04.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.09.02 16:00:00  
2008.10.01 16:00:00  
2008.12.01 16:00:00  

 

FDAX 
FESX 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FESX 
FCE 
FDAX 
FESX 
EUR/USD 
EUR/USD 
FESX 
FCE 
FDAX 
FESX 
EUR/USD 
FESX 
EUR/USD 
FCE 
FDAX 
FESX 
EUR/USD 
EUR/USD 
EUR/USD 

-0.0035 
-0.0033 
-0.0034 
-0.0031 
0.0028 
0.0025 
0.0028 
-0.0053 
-0.0043 
0.0030 
0.0024 
0.0027 
0.0077 
0.0044 
0.0034 
-0.0055 
-0.0050 
-0.0051 
0.0024 
0.0053 
0.0039 
0.0073 
0.0065 
0.0075 
-0.0132 
-0.0168 
-0.0157 

54.7 
54.7 
54.5 
54.5 
52.9 
52.9 
52.9 
49.5 
49.5 
51.4 
51.4 
51.4 
50.9 
52.9 
52 
47.7 
47.7 
47.7 
48.6 
48.6 
50.2 
50.2 
50.2 
50.2 
49.9 
43.5 
36.2 

53.5 
53.5 
54.5 
54.5 
53.5 
53.5 
53.5 
51.5 
51.5 
50 
50 
50 
51.4 
53 
52.6 
50.5 
50.5 
50.5 
47.5 
47.5 
48.5 
48.5 
48.5 
48.5 
50 
49.5 
37 

good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 

 
Date time Product Return Actual Forecast News type 
ISM Price      

2003.07.01 16:00:00  
2004.01.02 16:00:00  
2004.10.01 16:00:00  
2005.07.01 16:00:00  
2005.07.01 16:00:00  
2005.07.01 16:00:00  
2006.08.01 16:00:00  
2006.08.01 16:00:00  
2006.08.01 16:00:00  
2006.09.01 16:00:00  
2006.09.01 16:00:00  
2006.10.02 16:00:00  
2006.10.02 16:00:00  
2006.10.02 16:00:00  
2006.12.01 16:00:00  
2006.12.01 16:00:00  
2007.01.03 16:00:00  

FDAX 
FDAX 
Euribor 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FESX 
FCE 

-0.0116 
0.0037 
0.0171 
0.0029 
0.0024 
0.0030 

-0.0033 
-0.0035 
-0.0033 
-0.0034 
-0.0031 
0.0028 
0.0025 
0.0028 

-0.0053 
-0.0043 
0.0030 

56.5 
66 
76 

50.5 
50.5 
50.5 
78.5 
78.5 
78.5 

73 
73 
61 
61 
61 

53.5 
53.5 
47.5 

51 
63.5 

81 
55.3 
55.3 
55.3 
75.3 
75.3 
75.3 

76 
76 

67.5 
67.5 
67.5 
49.8 
49.8 

54 

bad news 
bad news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
good news 
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2007.01.03 16:00:00  
2007.01.03 16:00:00  
2007.04.02 16:00:00  
2007.09.04 16:00:00  
2007.10.01 16:00:00  
2008.01.02 16:00:00  
2008.01.02 16:00:00  
2008.01.02 16:00:00  
2008.04.01 16:00:00  
2008.04.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.07.01 16:00:00  
2008.09.02 16:00:00  
2008.10.01 16:00:00  
2008.12.01 16:00:00  

 

FDAX 
FESX 
EUR/USD 
EUR/USD 
FESX 
FCE 
FDAX 
FESX 
EUR/USD 
FESX 
EUR/USD 
FCE 
FDAX 
FESX 
EUR/USD 
EUR/USD 
EUR/USD 

 

0.0024 
0.0027 
0.0077 
0.0044 
0.0034 

-0.0055 
-0.0050 
-0.0051 
0.0024 
0.0053 
0.0039 
0.0073 
0.0065 
0.0075 

-0.0132 
-0.0168 
-0.0157 

47.5 
47.5 
65.5 

63 
59 
68 
68 
68 

83.5 
83.5 
91.5 
91.5 
91.5 
91.5 

77 
53.5 
25.5 

54 
54 

58.5 
63 
62 
65 
65 
65 
75 
75 
87 
87 
87 
87 
82 
73 
32 

good news 
good news 
bad news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 

 
Date time Product Return Actual Forecast News Type 
Consumer Confidence      
2003.07.29 16:00:00  
2003.09.30 16:00:00  
2004.02.24 16:00:00  
2004.08.31 16:00:00  
2004.08.31 16:00:00  
2006.10.31 16:00:00  
2008.12.30 16:00:00  
2009.01.27 16:00:00  
2009.02.24 16:00:00  
2009.03.31 16:00:00  
2009.05.26 16:00:00  
2009.05.26 16:00:00  
2009.05.26 16:00:00  
2009.06.30 16:00:00  
2009.07.28 16:00:00  
2009.07.28 16:00:00  
2009.07.28 16:00:00  
2009.09.29 16:00:00  
2009.09.29 16:00:00  
2009.09.29 16:00:00  
2009.12.29 16:00:00  
 
 

FDAX 
FDAX 
FDAX 
FCE 
FDAX 
Euribor 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
FCE 
FDAX 
FESX 
FCE 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
EUR/USD 

 

-0.0156 
-0.0093 
-0.0041 
-0.0022 
-0.0034 
0.0015 
0.0046 
0.0051 
0.0140 
0.0081 
0.0107 
0.0119 
0.0110 

-0.0059 
-0.0066 
-0.0073 
-0.0069 
-0.0049 
-0.0058 
-0.0049 
-0.0349 

 

76.6 
76.8 
87.3 
98 
98 
105.4 
38 
37.7 
25 
26 
54.9 
54.9 
54.9 
49.3 
46.6 
46.6 
46.6 
53.1 
53.1 
53.1 
52.9 

 

85 
80.5 
92.5 
103.5 
103.5 
108 
45.5 
39 
35.5 
28 
42 
42 
42 
55 
49 
49 
49 
57 
57 
57 
52.5 

 

bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 

 

Date time Product Return Actual Forecast News Type 
Initial Jobless Claims      

2003.07.31 14:30:00 
2005.04.28 14:30:00 

FDAX 
FCE 

0.0077 
-0.0053 

388 
320 

400 
320 

good news 
bad news 
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2005.04.28 14:30:00 
2005.04.28 14:30:00 
2005.07.21 14:30:00 
2005.07.21 14:30:00 
2005.11.03 14:30:00 
2005.11.03 14:30:00 
2005.11.03 14:30:00 
2006.09.21 14:30:00 
2006.11.02 14:30:00 
2006.11.02 14:30:00 
2007.05.03 14:30:00 
2007.05.03 14:30:00 
2007.05.03 14:30:00 
2007.11.21 14:30:00 
2008.07.31 14:30:00 
2008.07.31 14:30:00 
2008.07.31 14:30:00 
2009.04.02 14:30:00 

 

FDAX 
FESX 
FCE 
FESX 
FCE 
FDAX 
FESX 
Euribor 
FDAX 
FESX 
FCE 
FDAX 
FESX 
Euribor 
FCE 
FDAX 
FESX 
FCE 

 

-0.0050 
-0.0059 
-0.0040 
-0.0049 
0.0042 
0.0041 
0.0048 

-0.0010 
-0.0027 
-0.0030 
0.0031 
0.0033 
0.0039 
0.0055 

-0.0096 
-0.0089 
-0.0110 
0.0629 

320 
320 
303 
303 
323 
323 
323 
318 
327 
327 
305 
305 
305 
330 
448 
448 
448 
669 

320 
320 
325 
325 
330 
330 
330 
310 
310 
310 
325 
325 
325 
330 
392.5 
392.5 
392.5 
650 

bad news 
bad news 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 

 
Date time Product Return Actual Forecast News Type 
New Home Sale      

2005.02.28 16:00:00 
2006.07.27 16:00:00 
2006.10.26 16:00:00 
2006.11.29 16:00:00 
2007.01.26 16:00:00 
2007.03.26 16:00:00 
2007.03.26 16:00:00 
2007.03.26 16:00:00 
2007.05.24 16:00:00 
2007.05.24 16:00:00 
2007.05.24 16:00:00 
2007.08.24 16:00:00 
2007.10.25 16:00:00 
2007.12.28 16:00:00 
2008.04.24 16:00:00 
2008.04.24 16:00:00 
2008.09.25 16:00:00 
2009.08.26 16:00:00 
2009.12.23 16:00:00 
2009.12.23 16:00:00 

 

EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
FDAX 
FCE 
FDAX 
FESX 
EUR/USD 
FDAX 
FESX 
FCE 
FCE 
FCE 
EUR/USD 
FESX 
EUR/USD 
EUR/USD 
EUR/USD 
FDAX 

 

-0.0015 
0.0050 
0.0061 
0.0065 

-0.0028 
-0.0042 
-0.0044 
-0.0043 
-0.0057 
0.0046 
0.0029 
0.0041 
0.0039 

-0.0031 
-0.0068 
-0.0062 
0.0036 
0.0096 
0.0035 

-0.0037 

1106 
1131 
1075 
1004 
1120 
848 
848 
848 
981 
981 
981 
870 
770 
647 
526 
526 
460 
433 
355 
355 

1125 
1150 
1040 
1049 
1052 
985 
985 
985 
860 
860 
860 
820 
770 
717 
580 
580 
510 
390 
440 
440 

bad news 
bad news 
good news 
bad news 
good news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
bad news 
bad news 

 

 
Date time Product Return Actual Forecast News type 
CPI      

2004.06.15 14:30:00 
2005.02.23 14:30:00 
2005.04.20 14:30:00 

FDAX 
Euribor 
FCE 

0.0033 
0.0127 

-0.0025 

0.6 
0.1 
0.6 

0.5 
0.2 
0.5 

good news 
bad news 
good news 
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2005.05.18 14:30:00 
2006.06.14 14:30:00 
2006.06.14 14:30:00 
2006.06.14 14:30:00 
2006.12.15 14:30:00 
2006.12.15 14:30:00 
2006.12.15 14:30:00 
2007.02.21 14:30:00 
2007.02.21 14:30:00 
2007.02.21 14:30:00 
2007.05.15 14:30:00 
2007.05.15 14:30:00 
2007.05.15 14:30:00 
2007.06.15 14:30:00 
2007.06.15 14:30:00 
2007.06.15 14:30:00 

 

FCE 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 

 

0.0020 
-0.0082 
-0.0089 
-0.0074 
0.0037 
0.0034 
0.0034 

-0.0026 
-0.0031 
-0.0029 
0.0072 
0.0072 
0.0082 
0.0060 
0.0067 
0.0053 

0.5 
0.4 
0.4 
0.4 

0 
0 
0 

0.2 
0.2 
0.2 
0.4 
0.4 
0.4 
0.7 
0.7 
0.7 

0.4 
0.4 
0.4 
0.4 
0.2 
0.2 
0.2 
0.1 
0.1 
0.1 
0.5 
0.5 
0.5 
0.6 
0.6 
0.6 

good news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 
good news 
good news 

 

 
Date time Product Return Actual Forecast News type 
Advance durable goods      
2006.09.27 14:30:00 
2006.09.27 14:30:00 
2006.09.27 14:30:00 
2007.02.27 14:30:00 
2007.02.27 14:30:00 
2007.02.27 14:30:00 
2007.03.28 14:30:00 
2007.03.28 14:30:00 
2007.03.28 14:30:00 
2008.05.28 14:30:00 
2008.05.28 14:30:00 
2008.07.25 14:30:00 
2008.08.27 14:30:00 
2008.08.27 14:30:00 
2009.09.25 14:30:00 
2009.09.25 14:30:00 
2009.09.25 14:30:00 
 

FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FDAX 
FESX 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 

0.0041 
0.0043 
0.0041 
0.0042 
0.0038 
0.0042 
0.0038 
0.0044 
0.0043 
.0043 
.0049 
.0069 
.0051 
.0052 
0.0062 
0.0063 
0.0067 

 

0.5 
0.5 
0.5 
7.8 
7.8 
7.8 
.5 
.5 
.5 
0.5 
0.5 
.8 
.3 
.3 
2.4 
2.4 
2.4 

5 
5 
5 

3 
3 
3 
5 
5 
5 
.5 
.5 

0.3 

5 
5 
5 

bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
good news 
good news 
good news 
good news 
good news 
bad news 
bad news 
bad news 

 
Date time Product Return Actual Forecast News type 
Existing Home Sale      

2006.09.25 16:00:00 
2006.10.25 16:00:00 
2007.01.25 16:00:00 
2007.06.25 16:00:00 
2008.06.26 16:00:00 
2008.07.24 16:00:00 
2008.08.25 16:00:00 
2008.11.24 16:00:00 

EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 

0.0033 
0018 

0.0023 
0088 
0022 

0.0075 
0.0053 
0155 

6.3 
6.18 
6.22 
5.99 
4.99 
4.86 
5 
4.98 

6.2 
6.23 
6.25 
5.97 
4.95 
4.94 
4.91 
5 

good news 
bad news 
bad news 
good news 
good news 
bad news 
good news 
bad news 
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2009.02.25 16:00:00 
2009.06.23 16:00:00 
2009.08.21 16:00:00 
2009.08.21 16:00:00 
2009.08.21 16:00:00 
2009.09.24 16:00:00 
2009.09.24 16:00:00 
2009.09.24 16:00:00 
2009.12.22 16:00:00 

 

EUR/USD 
EUR/USD 
FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
EUR/USD 

 

0077 
0122 
0071 
0074 
0084 

0.0065 
0.0049 
0.0053 
0019 

 

4.49 
4.77 
5.24 
5.24 
5.24 
5.1 
5.1 
5.1 
6.54 

 

4.79 
4.81 
5 
5 
5 
5.35 
5.35 
5.35 
6.25 

 

bad news 
bad news 
good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 

 

 
Date time Product Return Actual Forecast News type 
Leading Price Indicator      

2004.07.22 16:00:00 
2004.11.18 16:00:00 
2005.06.20 16:00:00 
2006.04.20 16:00:00 
2006.08.17 16:00:00 
2007.02.21 16:00:00 
2007.04.19 16:00:00 
2007.06.21 16:00:00 
2007.08.20 16:00:00 
2008.04.17 16:00:00 
2009.06.18 16:00:00 

 

EUR/USD 
EUR/USD 
EUR/USD 
FDAX 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 
EUR/USD 

 

-0.0078 
-0.0016 
-0.0022 
0.0032 

-0.0020 
0.0028 
0.0017 
0.0033 
0.0078 

-0.0066 
0.0065 

 

-0.2 
-0.3 
-0.5 
-0.1 
-0.1 
0.1 
0.1 
0.3 
0.4 
0.1 
1.2 

 

0 
-0.1 
-0.3 
0 
0.1 
0.2 
0.1 
0.2 
0.4 
0.1 
0.9 

 

bad news 
bad news 
bad news 
bad news 
bad news 
bad news 
as forecasted 
good news 
as forecasted 
as forecasted 
good news 

 

 
Date time Product Return Actual Forecast News type 
Producer Price Index      
2006.08.15 14:30:00 
2006.08.15 14:30:00 
2006.08.15 14:30:00 
2007.01.17 14:30:00 
2007.01.17 14:30:00 
2007.01.17 14:30:00 
2007.07.17 14:30:00 
2008.04.15 14:30:00 
2009.12.15 14:30:00 
2009.12.15 14:30:00 
2009.12.15 14:30:00 
 

FCE 
FDAX 
FESX 
FCE 
FDAX 
FESX 
Euribor 
FCE 
FCE 
FDAX 
FESX 

 

0.0054 
0.0069 
0.0063 

-0.0036 
-0.0036 
-0.0035 
0.0042 
0.0045 

-0.0047 
-0.0044 
-0.0046 

 

0.1 
0.1 
0.1 
0.9 
0.9 
0.9 

-0.2 
1.1 
1.8 
1.8 
1.8 

 

0.4 
0.4 
0.4 
0.5 
0.5 
0.5 
0.2 
0.6 
0.8 
0.8 
0.8 

 

good news 
good news 
good news 
bad news 
bad news 
bad news 
good news 
bad news 
bad news 
bad news 
bad news 

 

Notes: This table reports the date and time of the jump, the market (product), the return computed as logarithm 
of the price ratio before and after the jump, actual announcement and its mean forecast value, and the type of the 
news announced for each macroeconomic indicator causing a jump in European markets. We look at the 
direction of the jump based on whether the surprise is a ‘good news’ or ‘bad news’. An announcement is 
classified as ‘good news’ if the event is better than forecasted and as ‘bad news’ otherwise. FDAX, FESX, FCE 
are futures indices of German DAX, Euro Stoxx 50, and French CAC, respectively.  
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Appendix C1 

 

Descriptive statistics on significant jumps before 2007.01.01 from 13:00 until 22:00 

FDAX FCE FESX Euribor EUR/USD 
Nb. Obs 169623 170753 123687 169565 134255 
Nb. Days 922 641 639 803 770 
Jump day frequency 
Nb. Jumpdays 132 156 87 158 222 
P(Jumpdays) (in %) 14.3167 24.3370 13.6150 19.6762 28.8312 
All jumps (absolute value) 
Nb. Jumps 291 391 194 391 392 
P(jump) (in %) 0.1716 0.2290 0.1568 0.2306 0.2920 
E(|jumpsize||jump) 0.4456 0.5586 0.4363 0.8559 0.6670 
Sqrt Var(|jumpsize||jump) 0.3311 0.5744 0.3618 0.5115 0.8747 
Positive jumps 
Nb. Jumps>0 112 187 80 199 183 
P(jump>0) (in %) 0.0660 0.1095 0.0647 0.1174 0.1363 
E(jumpsize|jump>0) 0.4567 0.5980 0.4627 0.8546 0.6885 
Sqrt Var(jumpsize|jump>0) 0.4269 0.6291 0.5246 0.5026 0.9282 
Negative Jumps 
Nb. Jumps<0 179 204 114 192 209 
P(jump<0) (in %) 0.1055 0.1195 0.0922 0.1132 0.1557 
E(jumpsize|jump<0) 0.4387 0.5235 0.4178 0.8572 0.6486 
Sqrt Var(jumpsize|jump<0) 0.2539 0.5183 0.1696 0.5206 0.8260 
Percentage of -ive jumps 
% of neg. jumps 61.5120 52.1739 58.7629 49.1049 53.3163 
Standard error 2.8523 2.5262 3.5342 2.5282 2.5198 
Notes: The first panel of the table displays, from top to bottom, the number of observations (Nb. obs) and the 
number of days in our sample (N. Days). The second panel shows the total number of jump days (Nb. 
Jumpdays), i.e. days with at least one jump), the probability (in %) of a jump day (P(jumpday)=100(Nb. 
jumpdays / Nb. Days)), and the number of jumps per jump day (E(nb. jumps|Nb.jumpdays). The third panel 
gives the total number jumps (Nb.jumps), their proportion (in %) over sample observations (P(jump) = 
100(Nb.jumps/Nb.Obs.)), as well as their absolute mean size and standard deviation  E(|jumpsize||jump) and 
Var(|jumpsize||jump)). The panel four and five split the jumps in two categories: positive and negative jumps. 
Proportions (P(jump > 0) and P(jump < 0)), mean (E(jumpsize|jump > 0) and E(jumpsize|jump < 0) ) and std. 
dev. (Var(jumpsize|jump>0) and Var(jumpsize|jump < 0)) are reported, as for the full set of jumps in absolute 
value. Finally, the last panel reports the percentage of jumps that are negative (100(Nb. jumps<0/Nb.jumps) and 
the associated standard error. We use 1% significance level on the 5-minute mid-quote prices from 01 January 
2007 until 31 January 2010. FDAX, FESX, FCE are futures indices of German DAX, Euro Stoxx 50, and 
French CAC, respectively. 
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Appendix C2 
 

Descriptive statistics on significant jumps after 2007.01.01 from 13:00 until 22:00 

FDAX FCE FESX Euribor EUR/USD 
Nb. Obs 185231 218462 175235 233173 192909 
Nb. Days 780 776 780 784 949 
Jump day frequency 
Nb. Jumpdays 153 236 136 373 395 
P(Jumpdays) (in %) 19.6154 30.4124 17.4359 47.5765 41.6228 
All jumps (absolute value) 
Nb. Jumps 419 568 323 1355 968 
P(jump) (in %) 0.2262 0.2600 0.1843 0.5811 0.5018 
E(|jumpsize||jump) 0.6638 0.9083 0.7567 1.1520 1.0520 
Sqrt Var(|jumpsize||jump) 0.5248 0.8196 0.5600 0.8838 0.7804 
Positive Jumps 
Nb. Jumps>0 145 227 131 670 532 
P(jump>0) (in %) 0.0783 0.1039 0.0748 0.2873 0.2758 
E(jumpsize|jump>0) 0.7666 1.0379 0.8727 1.1472 1.0938 
Sqrt Var(jumpsize|jump>0) 0.6597 0.8972 0.7028 0.8913 0.7819 
Negative Jumps 
Nb. Jumps<0 274 341 192 685 436 
P(jump<0) (in %) 0.1479 0.1561 0.1096 0.2938 0.2260 
E(jumpsize|jump<0) 0.6115 0.8230 0.6782 1.1570 1.0011 
Sqrt Var(jumpsize|jump<0) 0.4312 0.7522 0.4198 0.8758 0.7755 
Percentage of -ive jumps 
% of neg. jumps 65.3938 60.0352 59.4427 50.5535 45.0413 
Standard error 2.3240 2.0553 2.7320 1.3582 1.5991 
Notes: The first panel of the table displays, from top to bottom, the number of observations (Nb. obs.) and the 
number of days in our sample (N. Days). The second panel shows the total number of jump days (Nb. 
Jumpdays), i.e. days with at least one jump), the probability (in %) of a jump day (P(jumpday)=100(Nb. 
jumpdays / Nb. Days)), and the number of jumps per jump day (E(nb. jumps|Nb.jumpdays). The third panel 
gives the total number jumps (Nb.jumps), their proportion (in %) over sample observations (P(jump) = 
100(Nb.jumps/Nb.Obs.)), as well as their absolute mean size and standard deviation  E(|jumpsize||jump) and 
Var(|jumpsize||jump)). The panel four and five split the jumps in two categories: positive and negative jumps. 
Proportions (P(jump > 0) and P(jump < 0)), mean (E(jumpsize|jump > 0) and E(jumpsize|jump < 0) ) and std. 
dev. (Var(jumpsize|jump>0) and Var(jumpsize|jump < 0)) are reported, as for the full set of jumps in absolute 
value. Finally, the last panel reports the percentage of jumps that are negative (100(Nb. jumps<0/Nb.jumps) and 
the associated standard error. We use 1% significance level on the 5-minute mid-quote prices from 26 May 2003 
until 31 December 2006. FDAX, FESX, FCE are futures indices of German DAX, Euro Stoxx 50, and French 
CAC, respectively. 
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Pairs Trading:

An Analytical Approach

Frédéric Délèze∗

Hanken School of Economics

Abstract

A new pairs trading algorithm is proposed, where the spread is modelled as a mean-reverting
diffusion process. Unlike previous studies, the trigger level is not fixed at two standard deviations
around the long-term mean of the spread, but rather is determined analytically to maximise an
objective function. The expected return and risk are computed as a function of the first-time
passage of the spread.

1 Introduction

With the decline of transaction costs, the advances of technology and the improvement of market
liquidity, high-frequency autotrading has attracted a rapidly growing interest in recent years. The
development in automated trading systems is further enabled by the replacement of physical open
outcry market with fully electronic exchanges, such as NASDAQ. One of the most popular automated
trading algorithms is called pairs trading. It consists of trading correlated pairs of assets by taking
long or short positions in one of the trading pair as soon as pairs diverge abnormally. Originally
introduced in 1986 by Nunzio Tartaglia, head of the Analytical Proprietary Trading group at Morgan
Stanley, the strategy was formally applied on daily stock prices. The original work is still the corner-
stone of statistical arbitrage strategies, but most of the practical applications employ futures using
real time tick-by-tick trade and quote data. [1] The profitability of the original pairs trading strat-
egy has been estimated lately [2] using daily stock prices over the period 1962 through December 2002.

Recent studies describe mean-reverting trading algorithms [3], [4]. This article extends the original
pairs trading framework and proposes a trading strategy, where the spread is modelled as an Ornstein-
Uhlenbeck (OU) [5], [6] or Cox-Ingersoll-Ross (CIR) [7] model. The key feature of pairs trading is to
find an optimal trigger or barrier level, above or under which long and short positions are taken, such
that the profit at the end of the trading period is maximised. The number of trades generated by the
trading algorithm depends on the barrier level. A low barrier level will generate many trades, a high
amount of fees and increased probability of non-executed trades. On the other hand, a suboptimally
high barrier level will barely generate any trade. To be robust over time, the average number of trades
per period should be kept within limits and, if applied intraday, the strategy requires very liquid and
co-integrated pairs of products. Unlike in traditional pairs trading algorithms, the trigger level in
this study is not fixed at two standard deviations above the long-term mean of the spread, but is
determined numerically by optimising the expected return or Sharpe ratio, which is computed as a
function of the mean and variance of the first-passage time of the spread.
The first part of the article exposes the methodology of pairs trading. In particular, it shows how
the price differences between a trading pair can be modelled with a discrete or continuous OU and
CIR model. The second part describes the pairs trading algorithm. The calibration of the two
mean-reverting processes is presented. A solution is provided to optimise the barrier levels for two
common objective functions. Finally, the behaviour of the algorithm is illustrated with various pairs
of European index futures.

∗E-mail: frederik.deleze@hanken.fi. I wish to thank an anonymous reviewer at the Challenges for Analysis of the
Economy, the Businesses and Social Progress International Scientific Conference held in Szeged in November 2009 and
Tiago Pinheiro for his useful comments during the NFN workshop held in Oslo in May 2012.
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2 Methodology

Pairs trading strategy relies on the assumption of mean reversion. It aims at taking profits on the
short-term price discrepancies observed on the market. For two highly correlated traded assets, the
market neutral or pairs trading strategy takes a long position in one of the securities and a short
position in the other security as soon as the spread between the two price series reaches a certain
threshold. The reverse position is taken when the spread eventually converges to its long-term value.
To sell the overvalued asset and buy the undervalued one, one would need to know the true value of
the security in absolute terms, which is unknown as the direction of asset returns is unpredictable.
To circumvent this limitation, the pairs trading approach looks at the relative prices between security
pairs. If two assets are priced with the same risk factors and, therefore, share the same sources of
randomness, the expected return of the two securities for a given time frame is the same. Such time
series are co-integrated and the mutual mispricing between the two securities is given by their price
differences or spread. The magnitude of the spread is proportional to the level of mispricing.

Definition 2.1 Let {Pk,i}, k ∈ N
+ be the price sequence of asset i, where Δt = tk − tk−1, t0 =

0 is the time interval between two price observations. A trading pair is a pair of price sequences
{Pi,k, Pj,k}, k ∈ N+, i �= j.

Definition 2.2 Given the price ratio at the beginning of the trading period δt0 =
Pt0,2

Pt0,1
, the spread

sequence between a trading pair is defined as:

ht = log(δt0Pt,1)− log(Pt,2)

with t = {t0, t1, ..., tk, ...}, k ∈ N+

Definition 2.3 Let xt and yt be two non-stationary processes. If for a certain value δ the process
yt − δxt is stationary, then the two time series are co-integrated.

According to the Granger Representation Theorem [8], the co-integrated process yt−δxt is equivalent
to the error correction model:

yt − yt−1 = αy(yt−1 − δxt−1) + εyt
xt − xt−1 = αx(yt−1 − δxt−1) + εxt

The increment in the non-stationary time series xt and yt is the sum of a deviation from the long-term
mean, α(yt−1 − δxt−1), and a stationary disturbance term ε. The error correction rates αx and αy
represents the speed of mean-reversion: the larger α, the quicker the process converges the its long-
term equilibrium.
Replacing the two time series xt and yt by the log-prices of the trading pairs and rearranging the
terms

rt,1 ≡ log(
Pt,1

Pt−1, 1
) = α1(log(Pt,1)− δ log(Pt,2)) + εt

rt,2 ≡ log(
Pt,2

Pt−1, 2
) = α2(log(Pt,1)− δ log(Pt,2)) + εt

we see that the cash neutral price difference of two co-integrated log-prices is equal to its expected
long-term equilibrium, rt,i.

Hence, while in the short run the spread h of co-integrated time series might fluctuate randomly
up and down, in the longer run it draws back towards its long-term equilibrium. The spread h can
therefore be modelled as a mean-reverting process.

In addition to be mean-reverting, the spread process should reflect the dynamics of the price difference
of the trading pair. Assume, as in the standard Black-Scholes environment, that the two correlated
assets follow a geometric Brownian motion with constant drift and volatility:

dS1t = S1t[μ1dt+ σ1dW1t]

dS2t = S2t[μ2dt+ σ2(ρdW1t +
√
1− ρ2dW2t)] (1)
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where ρ is the correlation between the two traded assets and where dW1t and dW2t are two Brownian
motion processes.
The dynamics of the spread process, which consists of taking α long or short positions in asset 1 and
β opposite positions in asset 2 is given by:

dht = αdS1t − βdS2t

= [αS1tμ1 − βS2tμ2]dt+ [αS1tσ1 − βS2tσ2ρ]dW1t + [αS1tσ1 − βS2tσ2
√
1− ρ2]dW2t (2)

ht is clearly not log-normally distributed and has no recognisable closed-form probability density
function. However, the sum of correlated log-normal random variables can be approximated by a
single log-normal random variable where the drift μ and volatility σ of the correlated log-normal
sum are found by matching their respective Gauss-Hermite representations of the moment-generating
functions at a given time. Following [9], the moment-generating function of the spread (2) can be
approximated as:

Ψ̂S1−S2;μ,C(t) =
N∑
n=1

N∑
m=1

ωnωm
π
exp

{
− t exp

[√2
ξ
[an(c11 + c21) + am(c12 + c22)] +

μ1 − μ2
ξ

]}

with the variance-covariance coefficients c11 = c12 = σ1, c21 = −σ1ρ, c22 = −σ2
√
1− ρ2 and where

ωn and an respectively the weight factors and abscissas for Hermite integration (see [10] p. 924). The
estimated expectation and variance of the spread ht are:

Ê[ht] =
∂Ψ̂S1−S2;μ,C(t)

∂t
|t=0

= − 1
π

N∑
n=1

N∑
m=1

ωmωne
μ1−μ2

ξ +
√
2
ξ

[
anσ1(1−ρ)+am

(
σ1−

√
1−ρ2σ2

)]

V̂ ar[ht] =
∂2Ψ̂S1−S2;μ,C(t)

∂t2
|t=0 −

[∂Ψ̂S1−S2;μ,C(t)
∂t

|t=0
]2

=
1

π

N∑
n=1

N∑
m=1

ωmωne
2(μ1−μ2)

ξ +2
√
2
ξ

[
an(σ1−ρσ1)+am

(
σ1−

√
1−ρ2σ2

)]

− 1

π2

(
N∑
n=1

N∑
m=1

ωmωne
μ1−μ2

ξ +
√
2
ξ

[
an(σ1−ρσ1)+am

(
σ1−

√
1−ρ2σ2

)])2

Thus,

log(ht) ∼
1√

2πV̂ ar[ht]
e
− (ht−Ê[ht])

2

2V̂ ar[ht]

It is not convenient to work with this approximation of the spread process, where both the mean and
the variance are expressed as an Hermite expansion. Indeed, it requires calibration of the drift μ and
diffusion σ for each of the two price processes (1), estimation of the correlation ρ between the two assets
and then insertion of these fitted parameters into the correlated log-normal difference approximation.
The cascading approximation errors will cumulate and potentially invalidate the methodology.
Instead of this cumbersome approach, we follow the approach of [4] and model the spread process
itself with two forms of mean-reverting diffusion processes.

2.1 Vasicek Model

As a first approach, the spread is modelled with following mean-reverting diffusion process:

hk+1 − hk = θ(μ− hk)Δt + σ
√
Δtεk+1

where εk+1 ∼ N(0, 1). As Δt → 0, hk+1−hk ≈ dhk and the model converges to an Ornstein-Uhlenbeck
(Vasicek) process:

dht = θ(μ− ht)dt+ σdWt
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The two first moments and co-moments of ht can be computed analytically. The detail of the calcu-
lations are left in appendix:

E[ht] = h0e
−θt + μ(1− e−θt)

Cov[hu, hv] =
σ2

2θ
e−θ(u+v)(e2θmin(u,v) − 1)

2.2 Cox-Ingersoll-Ross Model

As a second approach, the spread is modelled as a CIR model, which is an extension of the previous
Vasicek model where the diffusion term avoids the possibility of negative or null spread:

hk+1 − hk = θ(μ− hk)Δt + σ
√
hkΔtεk+1

As Δt → 0, hk+1 − hk ≈ dhk and the model converges to a CIR process:

dht = θ(μ− ht)dt+ σ
√
htdWt

The two first moments are given by:

E[ht] = h0e
−θt + μ(1− e−θt)

V ar[ht] = h0
σ2

θ
(e−θt − e−2θt) + μ

σ2

2θ(1− e−θt)2

2.3 Algorithm

Given a bounded spread ht, the goal of the pairs trading strategy consists of optimising the barrier
levels to maximise an objective function. A logical objective function is the expected return. To take
into account the risk of the strategy, traders often prefer to maximise the Sharpe Ratio [11]. Popular
alternatives in the hedge fund industry include the Sterling and Calmar ratio [12] [13], defined as the
average excess return divided by the maximum drawdown.

T1 T2

0 50 100 150 200

�1.0

�0.5

0.0

0.5

1.0

Figure 1: Pairs trading strategy where the spread is modelled as a mean-reverting process. T1 and T2
the time intervals between entry and exit levels.

Barrier levels represent the entry and exit point of the algorithm as illustrated in figure 1. They
condition the frequency of the trades and the expected profit per trade. Optimal barrier levels do not
maximise the return per trade but the expected return on a time interval [t0, t].
Let b1 and b2 be the exit and entry level of the strategy and c the transaction cost per trade.
The return on the period [t0, t] is given by:

μ(b1, b2, c, t) = return per trade× number of trades for period [t0, t]
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The return per trade is deterministic and depends on the barrier levels and transaction cost:

r(b1, b2, c) = b1 − b2 − c

Let T be the time taken to go from one barrier level to the other one.
The number of trades for period [t0, t], N(t), is a renewal process as Ti are independent identically
distributed strictly positive random variables. The expected number of trades in [t0, t], E[N(t)] is the
renewal function m(t).

m(t) =

∞∑
k=1

Fk(t)

with Fk(t) the distribution function of Tk. The elementary renewal process [14] stipulates that given
μ = E[T1] the mean of a typical interarrival time with μ <∞:

1

t
N(t)→ 1

μ
as t→ ∞

Moreover, if σ2 = V ar[T1], 0 < σ <∞,

N(t)− t
μ√

tσ2

μ3

→D N(0, 1) as t→ ∞

Hence, the expected return on period [t0, t] can be approximated as:

E[μ(b1, b2, c, t)] = (b1 − b2 − c)E[N(t)] ≈ b1 − b2 − c

E[T ]

Alternatively, E[μ(b1, b2, c, t)] ≈ (b1 − b2 − c)
∑n

k=1 Fk(t), n large.
The variance of the return is approximated as:

V ar[μ(b1, b2, c, t)] = (b1 − b2 − c)2V ar[N(t)] ≈ (b1 − b2 − c)2
V ar[T ]

E[T ]3

where E[T ] is the expectation of the first-time passage of the complete trade cycle, i.e. T1 + T2 on
figure 1. The computations of the two first moments of the first-time passage of the OU and CIR
processes are described in the next section.

The parameters of the spread ht are calibrated with historical data using either the ordinary least
squares or maximum likelihood method of the Vasicek or CIR model.
Let dk denote the observed spread between the trading pairs at time tk, such that dk = E[hk]. The
ordinary least square estimator minimises the distance between the observed price differences and the
spread process, i.e.

arg min
θ,μ,σ2

(hk − dk)
2

whilst the maximum log-likelihood estimator maximises the likelihood that the parameters of loga-
rithm of conditional density of the spread process fits the data, i.e.

L(θ, μ, σ2) = max
θ,μ,σ2

n∑
i=1

log(f(hi+1|hi;μ, θ, σ̂))

Provided that the sample size n is large, both of these methods are equivalent and give very similar
estimates of the long-term equilibrium level μ̂, reversion speed θ̂ and variance σ̂2. The detail of the
calibration for both processes is given in appendix.
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2.3.1 Optimal Trading Strategy

A trading strategy is optimal if the entry and exit levels, b∗2 and b
∗
1, maximise an objective function.

The expectation and variance of the first-passage time, E[T ] and V ar[T ] are a function of the barrier
level, b1 and b2. Let us rename them as M1(b1, b2) and M2(b1, b2).

To maximise the expected return, the following system needs to be solved:

∂μ(b1, b2, c)

∂b1
=

∂

∂b1

[ (b1 − b2 − c)

M1(b1, b2)

]
= 0→

M1(b1, b2)− (b1 − b2 − c)∂M1(b1,b2)
∂b1

M2
1 (b1, b2)

= 0

∂μ(b1, b2, c)

∂b2
=

∂

∂b2

[ (b1 − b2 − c)

M1(b1, b2)

]
= 0→

−M1(b1, b2)− (b1 − b2 − c)∂M1(b1,b2)
∂b1

M2
1 (b1, b2)

= 0

Hence,

M1(b1, b2, c) = Constant · (b1 − b2 − c)

The barrier levels of an OU process are symmetric: b1 = −b2. The general solution is of the form:
M1(b1, b2, c) = Constant ·

√
2b− c.

The Sharpe ratio is defined as the excess return divided by the volatility. Denoting the risk free
rate as rf , the barriers b

∗
1 and b

∗
2 maximise the Sharpe ratio if:

∂S(b1, b2, c)

∂b1
=

∂

∂b1

[μ(b1, b2, c)− rf
M1(b1,b2,c)

V ar(μ(b1, b2, c))
1
2

]
= 0→ ∂

∂b1

[b1 − b2 − c− rf
b1 − b2 − c

√
M1(b1, b2, c)

M2(b1, b2, c)

]
= 0

∂S(b1, b2, c)

∂b2
=

∂

∂b2

[μ(b1, b2, c)− rf
M1(b1,b2,c)

V ar(μ(b1, b2, c))
1
2

]
= 0→ ∂

∂b2

[b1 − b2 − c− rf
b1 − b2 − c

√
M1(b1, b2, c)

M2(b1, b2, c)

]
= 0

The solution solves the following differential equation:

M2(b1, b2) =
(b1 − b2 − c)(b1 − b2 − c− rf )

∂M1

∂b2
(b1, b2)

∂M2

∂b1
(b1, b2)− ∂M1

∂b1
(b1, b2)

∂M2

∂b2
(b1, b2)

2rf
∂M1

∂b2
(b1, b2) +

∂M1

∂b1
(b1, b2)

If the positions are kept for a very short term, the risk free rate can be neglected.

2.4 First-Passage Time processes

This section explains how to compute the mean and variance of the first-hitting time of both the OU
and CIR processes. Several solutions have been proposed to compute the first-passage-time density and
moments of both Ornstein-Uhlenbeck and square root processes. [15] and [16] describe, respectively
an explicit and computational expression of the first-passage time density of the OU process. The
Laplace transform of the first-passage time of the CIR process is given in [17].
The analytical charaterisations for the first-passage time of both the OU and the CIR processes
expressed in terms of the Sturm-Liouville eigenfunction expansion, described in [18], are used to
compute the mean and variance of the first-passage time of the spread process. This application has
the advantage of being tractable and fast.

Definition 2.4 Given a stochastic process ht with h0 = 0. The first-passage time or first-hitting time
Th→b is the random variable

Th→b = inf{t ≥ 0 : ht = b}

The up first-passage time is the random variable satisfying:

Th↑b ≡ inf{t ≥ 0 : ht = b, h0 < b}

The down first-passage time is the random variable satisfying:

Th↓b ≡ inf{t ≥ 0 : ht = b, h0 > b}
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The first-passage time density function of the two mean-reverting diffusion processes is given by:

fTh→b
(t) =

∞∑
n=1

cnλne
−λnt, t > 0 (3)

where {λn}, 0 < λ1 < λ2 < ... < λn → ∞ as n→ ∞. For all t0 > 0, the series converges to [t0,∞[.
The two first moments of the first-passage time are:

M1(h, b, t0) =

∫ ∞

0

tfTh→b
(t)dt

M2(h, b, t0) =

∫ ∞

0

(t−M1(h, b, t0))
2fTh→b

(t)dt

2.4.1 First-passage time of an Ornstein-Uhlenbeck process

Introducing the following notations

h̄ =

√
2θ

σ
(h− μ)

b̄ =

√
2θ

σ
(b− μ)

λn = θνn

the coefficients cn are given by:

cn = −
Hνn(

h̄√
2
)

νn
∂
∂ν [Hν(

b̄√
2
)]|ν=νn

where the positive degrees of the Hermite polynomial νn solves:

Hν(
b̄√
2
) = 0 (4)

λn and cn have the following large-n asymptotics:

λn = θνn

cn ∼ (−1)n+12
√
kn

(2kn − 1
2 )(π

√
kn − 2− 1

2 b̄)
e
1
4 (h̄

2−b̄2) cos
(
h̄
√
2kn − πkn +

π

4

)

with kn ∼ − 1
4 +

b̄2

π2 +
b̄
√
2

π

√
n− 1

4 +
b̄2

2π2

The coefficients for the up first-passage time, i.e. when h0 > b, are symmetric to the down case where
b̄ = −b̄ and h̄ = −h̄.
To speed up the computation, the first N terms of (3) are computed by solving numerically (4).
Large-n asymptotic are used as an initial guess for (4) and for the remaining terms of the sum until
a desired level of accuracy, e.g. 10−6 is reached.

2.4.2 First-passage time of an CIR process

The CIR process is not log-normal and the up first-passage time density is not symmetric to the down
first-passage density. As for the first-passage time of the OU process, let us introduce the following
notations:

β =
2θμ

σ2

h̄ =
2θh

σ2

b̄ =
2θb

σ2

αn = −λn
θ
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The coefficients αn of the up first-passage time of the CIR process are the negative roots of the
Kummer confluent geometric function

1F1(α;β; h̄) = 0 (5)

and

cn = − 1F1(αn;β; h̄)

αn
∂
∂α [1F1(α;β; h̄)]|α=αn

The large-n asymptotics of the eigenvalues λn and coefficients cn are:

λn ∼ θπ2

4b̄

(
n+

β

2
− 3
4

)2 − θβ

2

cn ∼
(−1)n+12π(n+ β

2 − 3
4 )

π2(n+ β
2 − 3

4 )
2 − 2βb̄

e
1
2 (h̄−b̄)

( h̄
b̄

) 1
4−

β
2 cos

(
π(n+

β

2
− 3
4
)

√
h̄

b̄
− πβ

2
+
π

4

)
The coefficients αn of the down first-passage time of the CIR process are the negative roots of the
Tricomi confluent hypergeometric function:

U(α;β; b̄) = 0 (6)

and

cn = − U(αn;β; h̄)

αn
∂
∂α [U(α;β; b̄)]|α=αn

The large-n asymptotics eigenvalues and cn for the down hitting time are:

λn = θ[kn − β

2
]

cn ∼ (−1)n+1
√
kn

(kn − β
2 )(π

√
kn −

√
b̄)
e
1
2 (h̄−b̄)

( h̄
b̄

) 1
4−

β
2 cos(2

√
knh̄− πkn +

π

4
)

with kn ∼ n− 1
4 +

2h̄
π2 +

2
π

√
(n− 1

4 )h̄+
h̄2

π2

Finding the roots of hypergeometric functions is computer-intensive. To speed up the computation
only the first values of αn should be computed exactly by solving (5) (6) and all other terms should
be replaced by the large-n asymptotics.

3 Empirical Results

3.1 Selecting Trading Pairs

One of the prerequisites of pairs trading consists of finding a pair of co-integrated products or portfolios.
Positions are swapped frequently and the assets traded should be sufficiently liquid to trade the desired
quantity with a minimum impact on market prices. In order to fully automate the strategy, products
also need to be easily tradable on an electronic exchange. Index futures and exchange-traded funds
(ETF) offer several advantages over common stocks for automated trading strategies. The main
benefit of derivatives trading comparing to the use of common stocks is a low transaction cost per
asset value. Transaction costs are proportional to the volume traded. Members of the exchange,
such as investment banks and large hedge funds specialised in high frequency trading, have a strong
competitive advantage over smaller players, especially for common stocks trading, as they do not need
to trade through brokers. They benefit from minimal trading costs and have access to sufficiently fast
order routing to generate substantial profits with high frequency pairs trading on common stocks. The
second main advantage of index derivatives is diversification. While macroeconomic announcements
have a strong impact on future index prices, they are generally not significantly affected by the result
of one particular underlying stock. Numerous derivatives are built on the same underlying, easing
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the construction of co-integrated portfolios with a minimum of amount of constituents. On top of
being extremely liquid instruments, ETFs and futures also allow for leverage. The required margin
is proportional to the value at risk of the portfolio traded. Finally, tax advantages play in favour of
derivative trading. Capital gains on stocks are taxed in most countries, whilst contract for difference
(CFD) and ETFs are often free of charges.

3.2 Performance of the strategy

The performance of the trading strategy is assessed for a pair of cross-listed stocks and a synthetic
portfolio composed of an ETF and a future on the same underlying index. In a perfectly efficient
market, the spread between the two products should cover the transaction costs and liquidity risk, as
each leg trades the same underlying product and shares the same source of information. The price
difference is guaranteed to be stationary and mean-reverting. The Augmented Dickey-Fuller and the
Philipps-Perron tests corroborate the assumption of stationary at 1% confidence level. The level of
mispricing or arbitrage opportunity is therefore proportional to the departure of the long-term equi-
librium of the spread.

3.2.1 Cross-listed stocks

Cross-listed stocks are nearly perfectly correlated and show a very high level of mean-reversion. The
performance of the algorithm is evaluated with the spread between the primary and secondary listing
of Total, traded on Euronext Paris and NYSE covering the period from 1 January 2009 until 1 January
2013. Figure 2 shows the price series and EUR/USD rate for Total (FA.PA - TOT) and figure 3 the
spread and the optimal barrier levels. Both listings are very liquid and have approximatedly the
same transaction costs. Only company specific information coming after the closure of Euronext
Paris can explain differences in patterns between the spread. The calibration of the OU-spread gives
μ̂ = 0.607291, σ̂ = 0.216801 and θ̂ = 51.3551 with dt = 1

252 and μ̂ = 0.604549, σ̂ = 0.209694 and

θ̂ = 75.13762 with dt = 1
252 when the spread follows an CIR process. For a range of trading costs

c, Table 1 lists the optimal barrier levels, b1 and b2, expected profit μ(b1, b2, c), expectation and
variance of the first-passage time, E[T ] and V ar[T ], and Sharpe ratio for the trading pair. As the
transaction cost increases, the optimal barrier levels stretch out and average time between transaction
E[T ] lengthens. The Sharpe ratio first increases with the transaction cost, because the expectation
of the first-passage time rises faster than its variance. It peaks at 7.09 and then decreases again.
The same pattern is observed when the spread follows a CIR process. The Sharpe reaches its highest
value of 8.16 for a transaction cost of 0.006 and then diminishes. For low transaction cost, the trading
strategy gives a better expected profit when the spread is modelled with a CIR process, while the
algorithm using an Ornstein-Uhlenbeck spread outperfoms the strategy modelled with a CIR process
when the cost exceeds 0.015. With 8 expected trades between 1 January 2009 and 2013, the strategy
using fixed barriers at two standard deviations around the mean, reported in Table 2, is dominated
by the analytical trading strategy for the whole range of transaction costs.

3.2.2 ETF-Futures

To illustrate the algorithm when the spread follows a Cox-Ingersoll-Ross model, a trading pair is built
around the FTSE 100 futures and ISF.L, an ETF tracker on the FTSE 100 index. The evolution of
the two price series is depicted in figure 4. The calibration of the CIR-spread spanning the period
from 1 January 2004 until 1 January 2012 gives θ̂ = 0.142767, σ̂ = 0.0047408 and μ̂ = 0.0202549.
Figure 5 shows the Sharpe ratio as a function of the barrier levels b1 and b2 for a transaction cost per
trade of 0.005. No transaction occurs when the trading cost is higher than the boundaries.

4 Conclusion

This paper describes a statistical arbitrage strategy where the spread is modelled as an Ornstein-
Uhlenbeck or as a Cox-Ingersoll-Ross mean-reverting process. The optimal barrier levels are deter-
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Table 1: For a range of transaction costs c, optimal barrier levels b1, b2, expectation, E[T ] and variance
of the first-passage time V ar[T ], Sharpe ratio and net expected return μ(b1, b2, c) for a trading pair
formed of the primary and secondary listings of Total covering the period from 1st January 2009 until
1st January 2013. The Sharpe and the expected return are reported for the whole period analysed.

Ornstein-Uhlenbeck spread
c b2 b1 E[T ] V ar[T ] Sharpe μ(b1, b2, c)
0.001 0.598368 0.616215 0.0201146 0.00059296 5.82429 0.401757
0.002 0.59597 0.618612 0.0258202 0.000600455 6.55751 0.381006
0.003 0.594255 0.620328 0.0300811 0.000666749 6.71685 0.364005
0.004 0.592866 0.621717 0.0336769 0.000751613 6.69374 0.349144
0.005 0.591674 0.622909 0.0368862 0.000801781 6.78273 0.33575
0.006 0.590617 0.623966 0.0398426 0.000821998 6.96207 0.323456
0.007 0.589658 0.624925 0.0426298 0.000847349 7.09293 0.312036
0.008 0.588774 0.625808 0.045297 0.000906615 7.06844 0.301336
0.009 0.587951 0.626632 0.0478763 0.00100614 6.89814 0.291247
0.01 0.587177 0.627406 0.0503937 0.00113215 6.67171 0.281686
0.011 0.586444 0.628139 0.0528703 0.00126183 6.47299 0.272591
0.012 0.585745 0.628838 0.0553214 0.00137497 6.34307 0.26391
0.013 0.585076 0.629507 0.057758 0.00146163 6.28618 0.255603
0.014 0.584433 0.63015 0.0601903 0.00152465 6.28315 0.247636
0.015 0.583813 0.63077 0.0626282 0.00157741 6.30104 0.239979
0.016 0.583212 0.63137 0.0650809 0.00163875 6.30189 0.23261
0.017 0.58263 0.631953 0.0675564 0.00172706 6.25431 0.225506
0.018 0.582064 0.632519 0.0700612 0.0018554 6.14498 0.218651
0.019 0.581512 0.633071 0.0726016 0.00202843 5.98264 0.212027
0.02 0.580973 0.63361 0.0751842 0.0022418 5.79115 0.205622

Cox-Ingersoll-Ross spread
c b2 b1 E[T ] V ar[T ] Sharpe μ(b1, b2, c)
0.001 0.595262 0.613836 0.018137 0.000387638 6.84022 0.461444
0.002 0.59277 0.616328 0.0235707 0.000390882 7.76539 0.432474
0.003 0.590989 0.618109 0.0277868 0.000432463 8.01576 0.408858
0.004 0.589547 0.619551 0.0314748 0.000507482 7.87537 0.388311
0.005 0.588312 0.620786 0.0348794 0.000545562 7.99581 0.369876
0.006 0.587216 0.621882 0.0381297 0.000571541 8.16785 0.353031
0.007 0.586223 0.622875 0.0412973 0.000641102 8.02596 0.337455
0.008 0.585308 0.62379 0.0444328 0.000764589 7.62321 0.322929
0.009 0.584457 0.624641 0.0475757 0.000906 7.2465 0.309296
0.01 0.583656 0.625442 0.0507542 0.00102432 7.03913 0.296438
0.011 0.582899 0.626199 0.0539945 0.00110847 6.97932 0.284266
0.012 0.582177 0.626921 0.0573222 0.00118328 6.96015 0.272705
0.013 0.581487 0.627611 0.0607606 0.00129103 6.86029 0.261698
0.014 0.580823 0.628274 0.064332 0.00146578 6.6249 0.251195
0.015 0.580184 0.628914 0.0680613 0.00171543 6.29889 0.241157
0.016 0.579566 0.629532 0.071976 0.002019 5.9707 0.231547
0.017 0.578966 0.630132 0.076105 0.00233787 5.70553 0.222335
0.018 0.578383 0.630715 0.0804802 0.0026346 5.52697 0.213497
0.019 0.577815 0.631283 0.085138 0.00289101 5.42672 0.205007
0.02 0.577261 0.631837 0.090121 0.00311868 5.37561 0.196847

mined analytically as a function of the mean and variance of the first-passage time of the spread. The
performance of the algorithm is assessed for a pair of dual listed stocks and for a portfolio formed of a
ETF and futures on the same index. Possible improvements of the model would relax the assumptions
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Table 2: For a range of transaction costs c, the lower barrier level b2 = μ − 2σ, the upper barrier
level b1 = μ+2σ and the net expected return μ(b1, b2, c) are reported for a trading pair formed of the
primary and secondary listings of Total covering the period from 1st January 2009 until 1st January
2013. The spread is modelled as a drifted Brownian motion with barrier levels set at μ± 2σ.

c b2 b1 μ(b1, b2, c)
0.001 0.583081 0.626174 0.336748
0.002 0.583081 0.626174 0.328748
0.003 0.583081 0.626174 0.320748
0.004 0.583081 0.626174 0.312748
0.005 0.583081 0.626174 0.304748
0.006 0.583081 0.626174 0.296748
0.007 0.583081 0.626174 0.288748
0.008 0.583081 0.626174 0.280748
0.009 0.583081 0.626174 0.272748
0.01 0.583081 0.626174 0.264748
0.011 0.583081 0.626174 0.256748
0.012 0.583081 0.626174 0.248748
0.013 0.583081 0.626174 0.240748
0.014 0.583081 0.626174 0.232748
0.015 0.583081 0.626174 0.224748
0.016 0.583081 0.626174 0.216748
0.017 0.583081 0.626174 0.208748
0.018 0.583081 0.626174 0.200748
0.019 0.583081 0.626174 0.192748
0.02 0.583081 0.626174 0.184748

of log-normality of the spread, either modelling it by continuous-time random walk [19] or using a
Markov-switching multifractal approach [21]. Further extensions would integrate the volumed traded
in the model. The use of detrended fluctuation analysis [20] could be beneficial to construct stationary
synthetic assets from co-integrated securities and better exploit imbalances at a microstructure level.
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Figure 2: Evolution of the stock price of Total and EUR/USD rate from 1 January 2009 until 1
January 2013. In black, price of FP.PA traded in EUR, in blue the price of TOT in USD and in red,
EUR/USD FX rate.
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Figure 3: Spread between the primary (FP.PA) and secondary (TOT) listings of Total. The optimal
barrier levels are given in black.
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Figure 4: Cumulative log-return and spread between the futures and ETF on FTSE100 from 1 January
2004 until 1 January 2012. The optimal barrier levels are given in black.
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Figure 5: Sharpe ratio as a function of the barrier levels b1 and b2 when the spread between the futures
and ETF on FTSE-100 is modelled with a CIR process
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A Vasicek

A.1 Moments and co-moments

The two first moments of a Vasicek process

hk+1 − hk = θ(μ− hk)Δt + σ
√
Δtεk+1 (7)

are:

E[hk] = θμΔ+ (1− θΔ)E[hk−1]

= θμΔ+ θμΔ(1− θΔ) + (1− θΔ)2E[hk−2]

= (1− θΔ)kE[h0] + θμΔ

k−1∑
i=0

(1− θΔ)i

= (1− θΔ)k(E[h0]− μ) + E[h0]

V ar[hk] = (1− θΔ)2V ar[hk−1] + σ
2Δ

= (1− θΔ)2[(1− θΔ)2V ar[hk−2] + σ
2Δ]

= (1− θΔ)6V ar[hk−3] + (1− θΔ)4σ2Δ+ (1− θΔ)2σ2Δ

= (1− θΔ)2kV ar[h0] +

2(k−1)∑
i=0

(1− θΔ)iσ2Δ (8)

As Δt → 0, hk+1 − hk ≈ dhk and (7) converges to an Ornstein-Uhlenbeck process:

dht = θ(μ− ht)dt+ σdWt (9)

Setting ft = hte
θt and applying Ito’s lemma we get:

dft = eθtθμdt+ eθtσdWt

ft = hte
θt = h0 + θμ

∫ t

0

eθsds+ σ

∫ t

0

eθsdWs

ht = h0e
−θt + μ(1− e−θt) + σ

∫ t

0

eθ(s−t)dWs (10)

From (10) we can compute the two first moments and co-moment of ht:

E[ht] = h0e
−θt + μ(1− e−θt) (11)

Cov[hu, hv] = E[(hu − E[hu])(hv − E[hv])]

= E[σ2e−θ(u+v)
∫ u

0

eθsdWs

∫ v

0

eθvdWv]

=
σ2

2θ
e−θ(u+v)(e2θmin(u,v) − 1) (12)

V ar[ht] =
σ2

2θ
[1− e−2θt] (13)

A.2 Calibration

A.2.1 Ordinary Least Squares

Defining the relationship between the linear fit and the model parameters as:

a = e−θΔt

b = μ(1− e−θΔt)

σ(ε) = σ

√
1− e−2θΔt

2θ
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the least square regression as given by:

a =
nhxy − hxhy
nhxx − h2x

b =
hy − ahx

n

σ(ε) =

√
nhyy − h2y − a(nhxy − hxhy)

n(n− 2)

where hx =
∑n

i=1 hi−1, hxx =
∑n

i=1 h
2
i−1, hy =

∑n
i=1 hi, hyy =

∑n
i=1 h

2
i , hxy =

∑n
i=1 hi−1hi.

Hence, the three estimators are:

θ̂ = − log(a)
Δt

μ̂ =
b

1− a

σ̂ = σ(ε)

√
−2 log(a)
Δt(1− a2)

A.2.2 Maximum likelihood calibration

The conditional probability density function of hi+1 given hi is:

f(hi+1|hi;μ, θ, σ̂) =
1√
2πσ̂

e−
(hi−hi−1e

−θΔt−μ(1−e−θΔt ))2

2σ̂2

σ̂2 = σ2
1− e−2θΔt

2θ

The maximum likelihood is therefore:

L(μ, θ, σ̂) =
n∑
i=1

log(f(hi+1|hi;μ, θ, σ̂))

= −n
2
log(2π)− n log(σ̂)− 1

2σ̂2

n∑
i=1

[hi − hi−1e
−θΔt − μ(1− e−θΔt)]2

The optimum is given by:

∂L(μ, θ, σ̂)

∂μ
= 0

μ̂ =

∑n
i=1 hi − hi−1e

−θΔt

n(1− e−θΔt)

∂L(μ, θ, σ̂)

∂θ
= 0

θ̂ = − 1
Δt
log(

∑n
i=1(hi − μ)(hi−1 − μ)∑n

i=1(hi−1 − μ̂)2
)

∂L(μ, θ, σ̂)

∂σ̂
= 0

σ̂ =
1

n

n∑
i=1

[hi − μ̂− e−θΔt(hi−1 − μ)]2
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The solution of σ can be found once both θ and μ are determined. Using the same definitions as for
the least square regression, we get:

μ̂ =
hyhxx − hxhxy

n(hxx − hxy)− (h2x − hxhy)

θ̂ = − 1
Δt
log(

hxy − μ̂(hx + hy) + nμ̂
2

hxx − 2μ̂hx + nμ̂2
)

σ̂2 =
2θ̂

n(1− e−2θ̂Δt)
[hyy − 2hxye−θ̂Δt + hxxe

−2θ̂Δt − 2μ̂(1− e−θ̂Δt)(hy − e−θ̂Δthx) + nμ̂
2(1− e−θ̂Δt)2]

B Cox-Ingersoll-Ross Model

The Cox-Ingersoll-Ross (CIR) process is given by:

dht = θ(μ− ht)dt+
√
htσdWt (14)

h0 = 0

B.1 Moments and co-moments

The integral form of (14) is simply:∫ t

0

dhs = θ

∫ t

0

(μ− hs)ds+ σ

∫ t

0

√
hsdWs

ht = h0 + θ

∫ t

0

(μ− hs)ds+ σ

∫ t

0

√
hsdWs

E[ht] = h0 + θ

∫ t

0

(μ− E[hs])ds

Hence,

dE[ht]

dt
= h0 + θ(μ− E[ht])

d

dt

[
eθtE[ht]

]
= et

[
θE[ht] +

dE[ht]

dt

]
= θμeθt∫ t

0

d

dt

[
eθtE[ht]

]
= eθtE[ht] = h0 + θμ

∫ t

0

eθsds = μ(eθt − 1)

Thus, the first moment of a CIR process is:

E[ht] = μ+ e−θt(h0 − μ) (15)

The variance of ht is computed the same way:

V ar[ht] = E
[
ht − E[ht]

]2
= E[h2t ]− E[ht]

2

Let f(x) = x2 and apply Ito’s lemma to calculate dh2t :

dh2t = df(ht) = f
′(ht)dht +

1

2
f ′′(ht)dhtdht

= 2ht[θ(μ− ht)dt+
√
htσdWt] + σ

2htdt

= [ht(2θμ+ σ
2)− 2θh2t ]dt+ 2σh

frac32
t dWt∫ t

0

dh2s = h2t − h20 = (2θμ+ σ
2)

∫ t

0

hsds− 2θ
∫ t

0

h2sds+ 2σ

∫ t

0

h
3
2
s dWs

E[h2t ] = h20 + (2θμ+ σ
2)

∫ t

0

E[hs]ds− 2θ
∫ t

0

E[h2s]ds
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Hence,

dE[h2t ]

dt
= (2θμ+ σ2)E[ht]− 2θE[h2t ]

d

dt

[
e2θtE[h2t ]

]
= 2θe2θtE[h2t ] + e

2θt dE[h
2
t ]

dt

= 2θe2θtE[h2t ] + e
2θt

[
(2θμ+ σ2)E[ht]− 2θE[h2t ]

]
= e2θt(2θμ+ σ2)E[ht]

= e2θt(2θμ+ σ2)
[
μ+ e−θt(h0 − μ)

]
E[h2t ] = e−2θt

∫ t

0

d

dt

[
e2θtE[h2t ]

]
= e−2θt(2θμ+ σ2)

∫ t

0

e2θs
[
μ+ e−θs(h0 − μ)

]
ds

= e−2θt(2θμ+ σ2)
[
μ

∫ t

0

e2θsds+ (h0 − μ)

∫ t

0

e−θsds
]

= e−2θt(2θμ+ σ2)
[ μ
2θ
(e2θt − 1) + h0 − μ

θ
(1− e−θt)

]
Thus, the second moment of the CIR process is:

V ar[ht] = E[h2t ]− E[ht]
2

=
μσ2

2θ
+ (h0 − μ)

σ2

θ
e−θt + e−2θt

σ2

θ
(
μ

2
− h0) (16)

B.2 Calibration

B.2.1 Maximum Likelihood estimator

If θ, μ, σ are all positive and the Feller’s condition θμ ≥ σ2

2 is satisfied, the CIR process is well defined.
The transition density of the process has a closed form expression:

f(ht+Δt|ht; θ, μ, σ) = ce−(u+v)
( v
u

) q
2 Iq(2

√
uv)

c =
2θ

σ2(1− e−θΔt)

u = chte
−θΔt

v = cht+Δt

q =
2μθ

σ2
− 1

where Iq(x) is the modified Bessel function of the first kind and of order q. It can be written in terms

of the Bessel function of the first kind, Iq(x) = i
−qJn(ix); Jn(x) =

∑∞
i=0

(−1)i
i!Γ(n+i+1)

(
x
2

)2i+n
.

The likelihood function of the CIR process with T observations is:

L(θ, μ, σ) =
T∏
t=1

f(ht+1|ht; θ, μ, σ,Δt)

The log-likelihood is given by:

L(θ, μ, σ) = log(L(θ, μ, σ)

= (T − 1) log(c) +
T−1∑
i=1

{
− (uti + vti+1

) +
q

2
log

(vti+1

uti

)
+ log(Iq(2

√
utivti+1

))
}

with as before uti = chte
−θti and vti+1

= chti+1
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The maximum of the log-likelihood function:

(θ, μ, σ) = argmax
θ,μ,σ

L(θ, μ, σ)

needs to be solved numerically.

B.2.2 Ordinary Least Squares

The CIR process is discretised as:

ht+Δt − ht = θ(μ− ht)Δt + σ
√
htεt

εt ∼ N(0,Δt)

Dividing the previous expression by
√
ht we get:

ht+Δt
− ht√
ht

=
θμΔt√
ht

− θ
√
htΔt + σεt

σεt =
ht+Δt

− ht√
ht

− θμΔt√
ht
+ θ

√
htΔt

Hence, the mean-reverting parameters of the drift can be estimated as:

(θ̂, μ̂) = argmin
θ,μ

N−1∑
i=1

(hti+1
− hti√
hti

− θμΔt√
hti
+ θ

√
htiΔt

)2

and where σ̂ is estimated as the standard deviation of the residuals.

θ̂ =
N2 − 2N + 1 +

∑N−1
i=1 hti+1

∑N−1
i=1

1
hti

−
∑N−1

i=1 hti
∑N−1

i=1
1
hti

− (N − 1)
∑N−1

i=1

hti+1

hti(
N2 − 2N + 1−

∑N−1
i=1 hti

∑N−1
i=1

1
hti

)
Δt

μ̂ =
(N − 1)

∑N−1
i=1 hti+1

−
∑N−1

i=1

hti+1

hti

∑N−1
i=1 hti

N2 − 2N + 1 +
∑N−1

i=1 hti+1

∑N−1
i=1

1
hti

−
∑N−1

i=1 hti
∑N−1

i=1
1
hti

− (N − 1)
∑N−1

i=1

hti+1

rti
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Price formation modelling by continuous-time random walk: an 
empirical study 
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Markovian and non-Markovian models are presented to model the futures market price formation. 
We show that the waiting-time and the survival probabilities have a significant impact on the price 
dynamics. This study tests analytical solutions and present numerical results for the probability 
density function of the continuous-time random walk using tick-by-tick quotes prices for the DAX 
30 index futures. 
�
Introduction 
 
Continuous-time random walk (CTRW) is an extension of the classical random walk model 
initiated by Montroll and Weiss in 1965 [1]. 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 x at time t. Similar processes 
take place in financial markets, where the time between transactions is stochastic and where trades 
induce price jumps [2]. Nowadays the CTRW framework is widely used in finance to predict and 
analyse the price behaviour of stock and derivatives [3,4,5] by calculating the probability density 
function (pdf) p of finding a certain price at a given time t. 
Two main forms of CTRW have been recently described to model the price of financial assets 
[3,4,6]: a Markovian (memoryless) and a non-Markovian model. The present study tests the two 
models. It compares analytical solutions with numerical results for the price probability density 
function using tick-by-tick mid-quote prices for the German DAX 30 futures. We find a significant 
difference between the solutions of the Markovian and non-Markovian equations. In addition we 
show that market liquidity has a meaningful impact on future market price formation. 
�
Continuous-time Random Walk 
 
We follow the same approach as Scalas, et al [4,6,10]. Let x(t) be the log-price of asset S at time t. 
The time between two transactions, called waiting-time is X� � ���� � �� . The log-return is 
�� � � ���� � � �� . The joint probability of returns and waiting-time is defined as � �� X . The 
two marginal distributions, � X � � �� X �Y�  and � � � � �� X ��� , represent the waiting-
time and asset return probability density functions, respectively. We call ���� �� the probability of 
finding a lot price x at time t. The Laplace transform of f(t) is denoted by � � � ����� � ��� .  
 
The non-Markovian form of the CTRW solves the following master equation:  

� � � �� �
��� � �� �� ��� � �� �� � � � � � �� � ��� � ����

�
�     (1) 

where the kernel ���� is defined through its Laplace transform  � � � ������
������. As  � � � � the 

master equation for the CTRW becomes Markovian: 
�
�� � �� � � �� �� � � � � � �� � ��� � ����        (2) 

²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²²
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The CTRW Markovian equation describes the standard dynamic to model the price of financial 
instruments. The model can be seen as a generalisation 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 following graph illustrates the modelled solution of the Markovian master equation. At time 
t=0, the probability density function ���� �� is a delta Dirac function because the current price is 
known. The uncertainty then increases with time and broadens ���� ��. The skewness of the 
distribution ����, modelled in the figure with an exponential distribution, orientates ���� ��. The 
cross-sectional view at a given point in time t>0 is the distribution of asset returns. Thus, 
���� � � Z\\�^_�� reflects the expected distribution of the log-price x 200 seconds ahead. 
 

²
Figure 1: Modelled probability density function of finding a log-price x at time t, p(x,t) for the Markovian master equation (1) 

Asset returns are known to be leptokurtic [7] and the assumption of independent and identically 
distributed equity returns underestimates the real probability of extreme events [8]. The general 
framework of CTRW supports fat-tailed distributions. 
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 the 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 [9]. As the waiting-time distribution conveys relevant 
information about price formation we can expect the non-Markovian approach to outperform the 
memoryless model.  
 
Intraday returns 
 
The high-frequency probability density function of asset return ���� needs to be evaluated to 
describe the dynamics of the Markovian master equation and the non-Markovian space and time 
convolutions stochastic differential equation. To reflect the fat-tailness of asset returns [12,15], the 
probability density function of returns ���� of each model is approximated with Kou’s double 
exponential jump-diffusion model [11]: 

����������� � ��� � ��� � � �� ��� � ������
��� �      (3) 

where W(t) is a Wiener process, � the volatility and N(t) is a Poisson process with rate �. With 
high-frequency data, the drift is irrelevant and we set � � �. ���� is a sequence of positive random 
variables such that � � ������� is defined as an asymmetric double exponential distribution: 

�� � � �������������� � �� � ������������      (4) 
The parameters q represents the probability of positive jumps. �� and �� control the decrease of the 
distribution tails of positive, respectively negative jumps. For small �� , the solution of the 
stochastic differential equation can be approximated as �� � � �� � � � ������ � ��� �



� ���� � � � �  with �������� and �����`������� ��. Hence, with probability q the return � 
jumps up to ��and with probability 1-q � jumps down to ��where �� and �� follow an exponential 
random variable with mean ���� and ����. 
The three coefficients q, �� and ��  can either be estimated by maximum likelihood method 
described in [16] or, alternatively, the jumps can be detected by performing the Lee-Mykland test 
[17]. The detection technique consists of disentangling jumps in price due to the Wiener process 
from the pure jump components by computing the realised bi-power variation on an optimal 
window size. q is estimated as the ratio of all positive jumps to all detected jumps,   �� �������������a�����b� � �� and �� � ������������a�����b� � ��.  
Computing the realised volatility � � ����� � ��� ����� with high-frequency data introduces a bias 
proportional to the number of observations n as shown in [13]. To circumvent the problem, we 
follow the approach suggested in [14] and estimate the volatility with a Two Scales Realised 
Volatility (TSRV). The observed log-price at time t, ��, is noisy due to imperfections of the trading 
process. Let us define �� � �� � �� with �� the unobserved efficient log-price at time t and �� the 
noise level. A generalisation of the TSRV for the continuous quadratic variation � ��� ���
������

� is defined as  
� ��� ��� ��� ������ � ������� ������, � � � � � � �        (5) 

for the unobserved efficient log-price X from which the average lag j realised volatility is given by 

��� ������ � �
� ����� � ���

����
���  where  �� � �� � � � ����,  �� � �� � � � ����. 

 
Relationship between Markovian and Non-Markovian Approaches 
 
The intertrade duration at tick-by-tick level follows a mixture of compound Poisson processes 
� X � �������������  as described in [20] where �� ���� is a set of weights reflecting the intraday 
activity observed on the market. Hence, for each trading period, the waiting-time probability 
density function ��X� can be modelled as an exponential distribution of parameters ������ X � ��. 
Modelling � X  as an exponential distribution simplifies the discretisation of the non-Markovian 
stochastic differential equation. Indeed, the Laplace transform of the kernel ���� is constant 

� � � ������
������ �

� �
���

�� �
���

� � and therefore, � � � ����� where ���� is the Dirac function at t.  

The discretisation of the non-Markovian master equation (1) shows that ���� � � ��, the probability 
density function of finding a log-price x at a future time t+1, is the sum of the survival probability 
up to time t times ���� �� with the solution of the Markovian stochastic density function (2): 

� �� � � �
������c��d����e	


� �� �
�

�����������������
� �� � � �

� � �� � � ���c��d����e	

      (6) 

 
Empirical data 
 
The analytical solutions of the two forms of CTRW are illustrated with the DAX30 futures. The 
index futures contracts contain the 30 biggest German stocks by capitalisation and expire the third 
Friday of March, June, September and December. DAX30 futures are traded from 07:50 until 22:00 
on Eurex. We use level-1 tick-by-tick quote data provided by tickmarketdata.com spanning the 
period from 20 December 2010 until 23 December 2011. The dataset contains the first expiry of the 
March, June, September and December contracts. Figure 2 shows the four intraday trading periods 
observed for the DAX30 futures. Similar patterns are observed with EURO STOXX50 and CAC40 
futures, as the three markets are co-integrated. Before the opening of the regional stock market at 



09:00 CET, the trading activity is very low. In the second phase, before the NYSE and NASDAQ 
open at 15:30 CET, the activity increases but the time between transactions remains higher than 
between 15:30 and 17:30 CET when both the US and European stock markets are open. Finally, the 
trading activity declines again after the closure of the European stock markets.  
 

²
Figure 2: Time between transactions τ on 10 January 10 for DAX30 March 11 expiry.  

Sudden and large bursts in market liquidity, mainly driven by macroeconomic news announcements 
[18], cause jumps in the survival probability. Table 1 presents the estimation of the parameters of 
the Kou model (3) and (4) and TSRV volatility (5) used by the two approaches. They are computed 
for the first expiry of each future spanning the period from 20 December 2010 until 23 December 
2011 for both liquid and illiquid periods, i.e. 15:30 – 17:30 and 08:00 – 09:00.  While the 
probability of positive jump q does not depend on market liquidity, the magnitude of the jump �� �� 
and ��and the intraday volatility � are significantly higher in illiquid periods than between 15:30 
and 17:30. 
 
Table 1: Parameters estimation for the first expiry of the DAX30 futures 

  Time 08:00 - 09:00   Time 15:30 - 17:30   

DAX30 Mar-11 Jun-11 Sep-11 Dec-11   Mar-11 Jun-11 Sep-11 Dec-11 
� 0.99 1.22 2.53 3.13 0.98 1.19 2.18 2.63 
�� 1.27 0.81 0.55 0.32 1.13 0.72 0.50 0.36 
�� 0.86 0.84 0.32 0.32 0.92 0.98 0.44 0.40 
� 0.09 0.17 0.29 0.30 0.09 0.10 0.24 0.21 
� 46% 54% 45% 58% 50% 46% 39% 54% 

 
Figure 2 compares the Markovian and the non-Markovian approaches for the DAX 30 June 11 
expiry futures. The three upper pictures illustrate the cross-sectional view at the future time step 
t=4. The expectation and variance of the difference between the two approaches show that the 
uncertainty is larger when the liquidity is low. In liquid markets, buy and sell orders are more 
frequent and the execution time is shorter. Illiquidity increases the probability of partially filled and 
missed orders. The non-Markovian approach includes the survival probability density function as a 
liquidity measure (6). The expected difference between the Markovian and non-Markovian master 
equations when the price is kept unchanged, � �� � � � ��� � � ���� � � � ��� � � depends on 
market liquidity. The difference reaches the levels of 0.02% (or 1.5 basis points) and 0.01% or (0.75 
basis point) for the DAX30 futures at the liquid and illiquid periods, respectively. Such price levels 
are substantial and significantly impact the profitability of high-frequency trading strategies. As 
depicted in the lower graph, the distribution of the expected difference exhibits fatter tails in illiquid 



than in liquid markets, indicating an enhanced risk of high price movements when the market is not 
active. Table 2 summarises the results of Welch’s t-test [19]. The null hypothesis that the mean of 
the two approaches is equal is rejected at 1% confidence level.  
 

²
Figure 3: On top: The graph on the left illustrates the Markovian PDE at t=4 for the DAX30 June 11 futures. The central figure 
depicts the non-Markovian PDE. The cross-sectional difference between the non-Markovian and the Markovian PDEs at t=4 is 
displayed on the right. The survival probability ψ=43%. At the bottom: 3D plot displays the differences between the two PDEs over 
time. 

Table 2: Difference between the non-Markovian p2(x,t) and the Markovian p1(x,t) approaches for DAX JUN11 at time t=4 when the 
market is illiquid (08:00-09:00) and during the most liquid period (15:30 – 17:30). (*) The results of the Welch’s t-test indicate that 
the two pdfs differ at 1% confidence level. 

 
Conclusion 
 
The present paper tests and compares the joint probability of finding a log-price x at a future time t 
for both the Markovian and non-Markovian forms of the CTRW. The non-Markovian probability 



density function is derived in terms of the solution of the Markovian equation where the waiting-
time density function is exponentially distributed. The two models are constructed and their 
parameters are estimated with tick-by-tick data for the DAX 30 index futures. We find a significant 
difference between the two approaches. Market liquidity, reflected by the waiting-time and survival 
probability density functions is not constant throughout the trading day and plays a central role in 
the price formation at a market microstructure level. Further research is needed to test if the 
probability density function of the volume traded affects price formation. 
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Application of continuous-time random walk to statistical arbitrage
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Abstract

An analytical statistical arbitrage strategy is proposed, where the distribution of the spread is
modelled as a continuous-time random walk. Optimal boundaries, computed as a function of the mean
and variance of the first-passage time of the spread, maximises an objective function. The predictability
of the trading strategy is analysed and contrasted for two forms of continuous-time random walk
processes. We found that the waiting-time distribution has a significant impact on the prediction of
the expected profit for intraday trading.

Keywords: optimal trading strategy, high frequency trading, econophysics, continuous-time random walk,
non-Markovian modelling

1 Introduction

Pairs trading, or more generally statistical arbitrage, is a widely known relative pricing strategy commonly
used by the proprietary trading desks of investment banks and hedge funds. Based on the principle of
mean-reversion, the strategy consists of trading the spread of two co-integrated portfolios. A long position
in the spread is taken as the trading pairs departs from its long-term equilibrium. The reverse position is
taken as the price difference converges back.
The strategy has considerably evolved since its inception in the 1980s. The development of telecommuni-
cation and the generalization of electronic exchanges have drastically changed the way markets operate.
Nowadays more than 60% of all executions are generated by fully automated trading strategies resulting in
a strong increase in both trading value and market efficiency. Nevertheless, Gatev et al 2006 [1] and Perrin
[2] have shown that the original pairs trading strategy that was hugely profitable twenty years ago is still
profitable today when trading daily.
Numerous extensions of the original model have been proposed recently. Elliott et al 2005 [3] provides an
analytical framework, where the spread is modelled as an Ornstein-Uhlenbeck process and the value of the
spread is estimated by Kalman filtering. Triantafyllopoulous and Montana [4] extended Elliott et al algo-
rithm with time-varying coefficients. Bertram 2009 [5] follows the same approach and describes a general
optimal trading strategy where the spread follows an Itô´s process and the optimal trading boundaries
solve the Fokker-Planck equation of the first-passage time of the spread.
The drawback of these approaches is to assume that the log-prices are normally distributed. Stock returns
are known to be leptokurtic and the volatility is not constant over time [6]. A second limitation of tra-
ditional research in finance is to sample asset prices at regular time intervals and to only model prices as
stochastic processes. Indeed, the time between transactions increases the predictability of asset returns at
a market microstructure level. A sudden lack of market activity on a very liquid instrument anticipates
market jumps while a very intense period of activity with thin volumes does not move prices.
To circumvent these two limitations, we present an optimal trading strategy tailored for high-frequency
trading, where the distribution of the spread follows a Continuous-Time Random Walk (CTRW), which
fully takes into account the non-Markovian, fat-tailness and non-local characters of time series. At a market
microstructure level, transaction prices are not martingales and the random-walk model is no longer con-
sidered to be a complete and a valid description of short-term price dynamics. Indeed, short-run security
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price changes typically exhibit both extreme dispersion and dependence between successive observations
[7]. In addition, the first-order autocorrelations of short-run speculative price changes are usually negative
[8]. Moreover, the time between two executions varies and needs to be modelled stochastically.
The paper presents the continuous-time random walk approach to the statistical arbitrage trading frame-
work for the first time. Using tick-by-tick prices of the liquid stocks ANZ.AX and ANZ.NZ we found that
the waiting time distribution has a significant impact on the expected profit prediction. In the present study
we show the importance of the survival probability distribution for the high-frequency trading strategies.
The following chapter presents the model: the optimal trading strategy is first described and then the two
forms of CTRW used to model the dynamics of the spread are exposed. The third chapter presents the
empirical results. The tick-by-tick transactions for the trading pairs is described the model assumptions
are presented. Finally, the impact and performance of spread modelling on the optimal trading strategy
are discussed.

2 Model

2.1 Optimal trading strategy

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. Ttotal = Tenter + Texit. The trading frequency is
therefore 1

Ttotal . We follow the same approach as Bertram [5] and compute the optimal boundary levels as
a function of the first-passage time of the spread. The first-passage time of xt is defined as the first time
that the logarithm of the spread process xt reaches an upper boundary b1 or a lower boundary b2:

T[b1,b2](x0) = inf
t0≤t

{t|b2 < xt < b1;x0 = x(0)}

Assuming that the probability densities of finding a log-spread x at a future time t, denoted as p(x, t|x0, t0),
satisfy the absorbing initial conditions p(xL, t) = 0 and p(xU , t) = 0, xL < xU , the probability that the
process x reaches the boundaries is:

G(t;xU , xL) = 1−
∫ xU

xL

p(x, t|x0, t0)dx

The corresponding density function solves:

g(t|x0, t0) =
∂

∂t
G(t|x0, t0) =

∫ xL

xU

p(x, t|x0, t0)dx

Given two barrier levels b1 and b2, b1 < b2, the probability density function of the first-passage time
f(t; b1, b2) is the convolution of the density function g from the lower limit until the upper limit with the
density function g from the lower boundary until the upper limit, i.e.

f(t; b1, b2) = g[−∞,b2](t; b1, t0)⊗ g[b1,∞](t; b2, t0) (1)

The expected trading length solves E[Ttotal] =
∫∞
0
tf(t; b1, b2)dt and the expected trade frequency and

variance:

E[
1

Ttotal
] =

∫ ∞

0

1

t
f(t; b1, b2)dt

V ar[
1

Ttotal
] =

∫ ∞

0

1

t2
f(t; b1, b2)dt− E[

1

Ttotal
]2

A trading strategy is optimal if the boundaries b1 and b2 maximise an objective function, which typically
is the expected return of a portfolio μp or its Sharpe ratio. With fixed barriers b1 and b2 the return per
trade is deterministic b2 − b1 − c where c is the transaction cost, but the time between trades is stochastic

2



and depends on the first-passage time of xt.
The expected profit and variance per trade frequency are:

μp = (b2 − b1 − c)E[
1

Ttotal
] = (b2 − b1 − c)

∫ ∞

0

1

t
f(t; b1, b2)dt

σp = (b2 − b1 − c)2V ar[
1

Ttotal
] = (b2 − b1 − c)2

∫ ∞

0

1

t2
f(t; b1, b2)dt− μ2p

2.2 Continuous-time Random Walk

The log spread process xt is modelled by CTRW introduced by Montroll and Weiss [9]. We follow the same
approach as Scalas et al [10, 11, 12] and introduce the following notations:

x(t) = logS(t) : logarithm of the spread price S at time t.
τi = ti+1 − ti : time between two transactions, also called waiting time.

ξi = x(ti+1)− x(ti) : log-return of asset price S at time t, i.e. log S(ti+1)
S(ti)

ϕ(ξ, τ) : joint probability density of returns and waiting-time.
ψ(τ) =

∫∞
−∞ ϕ(ξ, τ)dξ : probability density function of the waiting time.

λ(ξ) =
∫∞
0
ϕ(ξ, τ)dτ : probability density function of asset return.

p(x, t) : probability density function of finding x at time t.

f̃(s) =
∫∞
0
e−stf(t)dt : Laplace transform of f(t).

Given a transaction at time ti−1, ψ represents the probability density function that a transaction took
place at time ti−1 + τ . The probability that a transaction was carried out within τ ≤ ti − ti−1 ≤ τ + dτ is
ψ(τ)dτ . λ represents the transaction probability density function that the log-price jumped from x to x+ξ.
The probability that the log-price did not change during a period greater or equal to τ , also called survival
probability until time instant t at the initial position x0 = 0, denoted by Ψ(τ), is Ψ(τ) = 1−

∫ τ

0
ψ(t)dt =∫∞

τ
ψ(t)dt.

The probability of finding a log-price x at future time t, p(x, t), solves the following master equation:

p(x, t) = δ(x)Ψ(t) +

∫ ∞

0

dt′ψ(t− t′)

∫ ∞

−∞
λ(x− x′)p(x′, t′)dx′ (2)

p(x, 0) = δ(x)

An alternative form of the master equation (2) was proposed in Mainardi et al [11], which is the solution of
the Green function or the fundamental solution of Cauchy problem with the initial condition p(x, 0) = δ(x):∫ t

0

φ(t− t′)
∂

∂t′
p(x, t′)dt′ = −p(x, t) +

∫ ∞

−∞
λ(x− x′)p(x′, t)dx′ (3)

where the kernel φ(t) is defined through its Laplace transform:

φ̃(s) =
sψ̃(s)

1− ψ̃(s)

This form of the master equation is clearly non-Markovian as φ(t) is defined as a function of the survival
probability. As φ̃(s) = 1 the master equation for the CTRW becomes Markovian:

∂

∂t
p(x, t) = −p(x, t) +

∫ ∞

−∞
λ(x− x′)p(x′, t)dx′ (4)

with p(x, 0) = δ(x).

3 Empirical results

3.1 Spread

To test the algorithm with tick-by-tick data, we construct a mean-reverting and stationary portfolio com-
posed of the two listings of the Australia and New Zealand Banking Group Limited (ANZ) [13]. ANZ.AX
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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:

xt = log(ANZ.AX)− log(ANZ.NZ) + log(FXAUD/NZD) (5)

Figure 1: Spread xt between ANZ.NZ and ANZ.AX using tick-by-tick trade data covering the period
between 4 January 2012 until 8 March 2013.

(a) Waiting-time distribution of xt

(b) Distribution of the spread xt

Figure 2: Waiting-time and asset return distribution of the spread xt.

The Augmented Dickey-Fuller and the Phillips-Perron tests both reject the null hypothesis that the spread
xt has a unit root at 99% confidence level. Thus, the spread is likely stationary. 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 1 is computed for the period between 4 January 2012 and 8 March 2013. To prevent information
asymmetry, the spread is calculated when both markets are open. It includes 306,071 observations. λ(ξ)
is typically modelled normally or better with a skewed Student-t distribution to account for the slight
excess kurtosis and positive skewness. The time between transactions exhibits a time-decay as illustrated
in figure 2a. The intertrade duration at tick-by-tick level is non-exponentially distributed as shown by
Scalas et al [14] and follows a mixture of compound Poisson processes [15]. The distribution of the spread
is close to normal even though the Jarque-Bera test of normality is rejected at 99% confidence level as
shown in figure 2b. We do not assume any predefined distribution for the asset return distribution λ(ξ)
and the waiting-time density function ψ(τ) but infer them from the tick data.
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Figure 3: Profitability of the statistical trading strategy as a function of transaction cost and barrier level.
When the transaction cost is low, the trade frequency increases but the profit per trade is low.

Cost (%) Expected
return
Marko-
vian
(%)

Barrier
level
Marko-
vian
(%)

Expected
return
non
Mark.
(%)

Barrier
level non-
Mark.
(%)

Real
return
(%)

Optimal
barrier
level (%)

Nb Deals

0.1 1696 0.30 227 0.30 258 0.26 962
0.2 550 0.35 114 0.35 179 0.39 676
0.3 232 0.37 61 0.37 127 0.50 502
0.4 113 0.40 41 0.40 93 0.65 324
0.5 70 0.45 23 0.45 62 0.66 312
0.6 39 0.50 13 0.50 41 0.80 180
0.7 22 0.55 8 0.55 29 0.90 128
0.8 13 0.60 5 0.60 22 1.15 62
0.9 8 0.65 3 0.65 13 1.09 68
1.0 5 0.70 2 0.70 10 1.28 40

Table 1: Performance and predictability of the Markovian and non-Markovian approaches comparing to
the real profit generated by the strategy.

3.2 Profitability of the strategy

Figure 3 shows the evolution of the real profit of the trading strategy as a function of the transaction
cost and its impact on barrier levels. Stationary spread processes with high speed of mean-reversion built
around very liquid financial assets are the best candidates for the described statistical trading strategy.
The expected profit is maximal when both transaction cost and barrier levels are low.
Table 1 compares the predictability of the Markovian and non-Markovian approaches of the strategy for a
range of transaction costs. The first column represents the transaction cost required to take a long or short
position in the spread. The optimal barrier levels for the Markovian (4) and non-Markovian (3) master
equations are given in columns 3 and 5. They are identical, meaning that the profit per trade, b2 − b1 − c,
is the same for both strategies. However, the trade frequency, computed as a function of the first-passage
time (1) of the log-price xt, is model-dependent. It is governed by the probability density function of the
asset return λ(ξ) and also depends on the waiting-time distribution ψ(τ) for the non-Markovian approach.
The probability of breaching a barrier is higher during high activity than illiquid periods. The impact of the
waiting-time distribution on the model precision is particularly important for liquid trading pairs offering
a very low transaction cost. When the cost c = 0.1%, the Markovian model is a poor predictor of the real
profit generated by the strategy. It forecasts an expected profit of 1696% for the period considered while
the actual expected profit reaches 258%. For lower frequency trading the contribution of the waiting-time
distribution ψ(τ) is limited and the non-Markovian equation underestimates the real profit.
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4 Conclusion

This paper describes an optimal trading strategy, where the spread is modelled by continuous-time random
walk following a non-Markovian process. We found that the waiting-time distribution has a significant
impact on the prediction of the expected profit for intraday trading. The non-Markovian approach out-
performs the Markovian model for high-frequency trading but underestimates the real profit when trading
costs are higher and positions are kept several days. The testing of the statistical trading strategy shows the
importance of the survival probability in the optimal trading framework. Non-stationary processes subject
to jumps lead to discrepancies between theoretical model predictions and actual observations. Further
theoretical work is needed to cover this gap.
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ESSAYS IN QUANTITATIVE ANALYSIS OF THE EFFECTS  
OF MARKET IMPERFECTIONS ON ASSET RETURNS

Financial assets prices are not always in perfect equi-
librium and deviate from their fundamental values. The 
dramatic rise and fall of the stock market raises concern 
about the rationality of sudden changes in stock valu-
ations. The mispricing of assets contributes to financial 
crises, which can damage the overall economy. This 
dissertation analyses the effect of market imperfections 
at different time horizons. Starting at a macroeconomic 
level with a change of currency, the first essay analyses 
the impact of the introduction of Euro on interest rate 
sensitivity of European firms. It has been found that the 
connection between bond issuance and reductions in 
interest rate sensitivity is most significant among finan-
cially constrained firms, which suggests that financially 
constrained firms are the main beneficiaries of the re-
laxed public borrowing constraint in Europe after the 
introduction of euro. 

Releases of macroeconomic news announcements 
cause sudden price discontinuities, or jumps and co-
jumps, on financial markets. The second essay attempts to 
explain the effect of US macroeconomic announcements 
on European equity, interest rate and foreign exchange 
markets at a high-frequency level. While European equity 
markets are more sensitive to US fundamentals, US mac-
roeconomic announcements cause significant jumps and 
cojumps on all European asset classes. The article shows 
that European markets are highly co-integrated and ob-

served a strong correlation between the type of news and 
the direction of the jumps.

Motivated by the phenomenal success of some quanti-
tative trading funds, the third essay describes a new pairs 
trading strategy, where the spread between two co-inte-
grated portfolios is modelled stochastically. Taking into 
account transaction costs, the algorithm generates a sys-
tematic positive excess return based on a pure statistical 
arbitrage strategy.

While very convenient, traditional asset pricing relies 
on two restrictive assumptions. First, asset returns are con-
ventionally modelled with Gaussian-based distributions 
even though actual financial time series exhibit volatility 
clustering. The second assumption mainly affects market 
microstructure studies. Time series are sampled at regu-
lar interval of time and asset return distribution is used 
as the unique driver to model the price fluctuation of an 
asset over time. In reality, the time between two transac-
tions, often called waiting-time, is stochastic and conveys 
important information about price formation. The two 
last essays relax the assumptions of log-normality of as-
set prices and model asset prices with a continuous-time 
random walk. The fourth article compares the Markovian 
and non-Markovian forms of the continuous-time random 
walk process and shows the relevance of the waiting-time 
distribution on price formation. The last article applies the 
framework to statistical arbitrage.
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