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Abstract: We explore the evolution of the informational efficiency for specific instruments of 

the U.S. money, bond and stock exchange markets, prior and after the outbreak of the Great 

Recession. We utilize the permutation entropy and the complexity-entropy causality plane to 

rank the time series and measure the degree of informational efficiency. We find that after the 

credit crunch and the collapse of Lehman Brothers the efficiency level of specific money 

market instruments’ yield falls considerably. This is an evidence of less uncertainty included 

in predicting the related yields throughout the financial disarray. Similar trend is depicted in 

the indices of the stock exchange markets but efficiency remains in much higher levels. On 

the other hand, bond market instruments maintained their efficiency levels even after the 

outbreak of the crisis, which could be interpreted into greater randomness and less 

predictability of their yields. 
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1. Introduction 

There is no doubt that the Great Recession was one of the most virulent periods in the 

history of the US economy. The burst of the housing bubble caused the worst financial 

meltdown since the Great Depression. Not only had greatly impacted the US economy, which 

according to NBER went into a recession in December 2007 and lasted until June 2009, but it 

was immediately transmitted to the World’s financial markets. Consequently, the financial 

crisis led to a severely impairment of interbank money markets to an unprecedented decline 

of the liquidity in the fixed income securities, to a serious credit crunch and lastly to a vast 

turbulence in the stock exchange markets where security prices plunked extraordinarily. The 

meltdown in prices revived the debate of whether markets are truly efficient, and the 

celebrated Efficient Market Hypothesis received a concerted attack by many analysts, traders 

and market strategists. After all, a complex system such as the stock exchange market reveals 

its structure better when it is under stress. 

Based on the Efficient Market Hypothesis (EMH), financial prices are described as 

efficient since they reflect all available information and follow a rather “Random walk” 

procedure where no one could gain systematically or above average return [1,2]. As the new 

information arises every day, the market immediately absorbs and incorporates this 

information into the securities prices. In other words, the stock market has no memory which 

means that yesterday’s price change is not dictating and influencing the behavior of today’s 

price change. But for the last couple of decades a number of economists had put into question 

the validity of the EMH especially during anxious times. In particular, the so-called dot com 

crisis- lasted for the period of late 1990 to early 2000-had convinced many analysts of the 

existence of pricing irregularities in stock returns for at least a short time of period and 

consequently of the failure of the EMH1. As Grossman and Stiglitz [4] stated because 

information is costly, prices cannot perfectly reflect the information, which is available, 

because if it did those who spend resources to obtain it would receive no compensation2 

The EMH, which is associated with the idea of a “random walk,” did not find supportive 

evidence in, Barkoulas and Baum [6] who investigated EMH for the US stock returns. In 

addition Lo and MacKinlay [7] rejected the hypothesis that stock prices behave as true 

random walk, based on short-run serial correlations which are not zero. Ito and Sugiyama [8] 

found that the inefficiency level varies through time in the US stock market. Di Matteo et al. 

                                                           
1  Robert Shiller [3] Irrational Exuberance, Princeton, Princeton University Press, 2000 
2  For an extensive discussion on Efficient Market Hypothesis (EMH) please read Burton G. Malkiel 
(2003) [5] 
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[9] studied the scaling properties of daily Foreign Exchange rates, Stock Market indices and 

fixed income instruments utilizing the Hurst exponent. One interesting finding which is 

related to our investigation was the strong deviation of the scaling exponent for the 3 months 

maturity instrument, which according to authors was strongly influenced by the central bank 

decisions. Bariviera et al. [10] studied the informational efficiency of the corporate and 

sovereign bond markets of seven EU countries right after the outbreak of the financial crisis 

of 2007. By analyzing the evolution over time of the Hurst exponent, as a measure of long-

range memory and using the DFA approach they detect different memory dynamics in 

corporate and sovereign bond series after the financial crisis. In particular, the crisis 

deteriorates the informational efficiency of corporate bonds and enhances the efficiency of the 

sovereign bond markets. Also the relationship of the degree of efficiency and the 

predictability in financial time series was a subject of investigation (Eom et al. [12]). By using 

the Hurst exponent concept for 60 different stock market indices they find a strong positive 

relationship between market efficiency and predictability.     

The entropy concept and in particular the conditional entropy, was utilized by Zhang 

(1999) in measuring stock exchange efficiency. Zunino et al. [13] used the complexity 

entropy causality plane, to distinguish the stage of stock market development. They've 

showed that developed markets exhibit higher permutation entropy and lower complexity 

values than the emergent markets and revealed the presence of significant time correlations 

and some degree of order. In addition, they report  that the temporal correlations are the main 

factor of stock market inefficiency. In the same vein, Zunino et al.[14] utilized the 

complexity-entropy causality plane to unveil the presence of correlations in the daily values 

of bond indices of developed and emerging markets. They demonstrate that permutation 

entropy is higher for developed countries than for emerging ones, and market size is 

correlated with permutation entropy. Bariviera et al. [15] applied the same technique to detect 

changes in the underlying stochastic/chaotic process that governs the movements of interest 

rates and especially on Libor rate. Using sliding windows they reveal anomalous behavior in 

the Libor rate especially around the time of the 2007-2008 crisis. Zunino et al. [16] by 

applying  permutation min-entropy dynamically analyzed the structure of the daily values of 

European corporate bond indices for the period of 2001 until 2015. They conclude that some 

sectors of the economy like financial services exhibit less information efficiency due to the 

2008 crisis. Lastly, several works applied the entropy concept to quantify the efficiency level 

in various financial markets [17-21].   

The aim of this paper is to study the evolution of the informational efficiency of 

representative instruments of the U.S. money, bond and stock exchange markets during 

anxious time. The analysis of such extreme events would provide helpful insights into 

underlying complexity of the financial system. By identifying the statistical properties of the 
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financial market events under stress, we hope to enhance our understanding of the 

mechanisms determining the dynamics and to develop diagnostic models in predicting 

financial meltdowns. In particular we’re interested in studying the behavior of the 

informational efficiency before and after the recent financial crisis of the Great Recession. 

We utilize the 1, 3 and 6 month yields of the Treasury Bills (TB), the 2, 5 and 10 year 

sovereign Bond yields and the three main stock exchange indices, namely the Dow Jones 

Industrial Average, the S& P 500 and the Nasdaq Composite Index. In order to evaluate the 

degree of informational efficiency we utilize a novel technique based on the entropy concept, 

which is defined in the next section. 

The remainder of the paper is organized as follows. In the following section we describe 

the information-permutation theory. In Section 3 we describe the data used followed by the 

presentation and discussion of the empirical results obtained from the different instruments of 

the financial markets. In section 4 we summarize the findings of the paper and conclude. 

 

2. Methodology 

2.1. Permutation entropy 

In the information theory, entropy is used rather as a general concept and it is expressed 

in terms of a discrete set of probabilities. Therefore, in order to calculate the so-called entropy 

quantifier, for a specific time series, the associated probabilistic distribution should first be 

estimated. A number of methodologies have been proposed for estimating the probability 

distribution. The major ones are: 1) the Fourier analysis introduced by Powell and Percival 

[22], 2) the wavelet transform by O. A. Rosso, M. L. Mairal [23], 3) the symbolic dynamic 

analysis [24, 25] and, lastly, 4) a procedure called the permutation entropy introduced by 

Bandt and Pompe (2002) (B&P) [26, 27]. The B&P approach is mainly based on the 

celebrated Shannon entropic measure and it has found a wide variety of applications- 

spanning from financial markets, to astrophysical plasmas [28] to medical issues, like 

epileptic seizures, [29-31], heartbeat dynamics [32,33] and tracking the effects of anesthetic 

drugs [34,35] among others. It measures the complexity of arbitrary time series in an 

environment of ordinal pattern and the comparison of adjacent values, within time series, 

captures time causality. The main advantages as set forth by Bariviera et al. (2015) [15] are 

the following. Firstly it makes no assumption about the underlying stochastic process 

governing interest rates and secondly it avoids causation problems derived by interaction or 

by different stochastic dynamics, since we’re working with one time series at a time. We 

could also add its simplicity, fast calculation process and its robustness. 
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However, by itself measures of entropy do not quantify adequately the degree of 

structure in a process. For that matter, an effective statistical complexity measure was 

introduced by Lamberti et al. [36], which assists of detecting essential details of the dynamics  

and differentiate various degrees of periodicity and chaos3. This arbitrary time series is 

defined in terms of a window length called the embedding dimension d. The embedding 

dimension determines the size of patterns investigated in calculating the entropy and 

complexity of the series. The instances of each ordinal patterns of that size are counted in 

order to associate an ordinal pattern probability distribution with the time series, from which 

the calculation of entropy and complexity is straightforward. 

Given a time series {xt: t = 1,..., Ν},  an embedding dimension D > 1, and a time delay τ , 

consider the ordinal pattern which is defined for a segment s = (xt, xt+1,...,xt+(d-1)) of the time 

series as the permutation π of the index set {0,1,...,d − 1} corresponding to the ranking of the 

the xi in ascending order, namely xπt < xπt+1 < ... < xπt+(d-1). In order to have a unique result, if 

xi = xj where i < j, then in the ranking is xi < xj. Given a time series of length N, the 

corresponding ordinal pattern probability distribution P = {p(π)} is defined in terms of all NL 

− d + 1 length d segments s in the series and all d! permutations π of order d by 
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Where # stands for frequency of occurrence of π. p(π) = |{s : s has ordinal pattern π}| N 

−d + 1. The permutation entropy (PE) is based on Shannon information entropy as: 
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 Where the log is base two, given the binary data, the permutation entropy value lies 

between 0 and log(d!) when the probability Pi=1/d! and the Shannon entropy index takes the 

highest value which is log2(d!). 

 

 

 

                                                           
3  For a thorough understanding and a review of permutation entropy and its applications, please see 
Zanin et al. (2012) [37] 
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2.2. Complexity entropy causality plane 

By dividing the Shannon entropy by the log2 (d)! we get the so called Normalized 

permutation entropy (H[P]). 
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In this specification, possible values of the normalized permutation entropy are between 

0 and 1 where value of 1 means that the time series under consideration is completely random 

whereas when value is close to 0, the sequence is very regular and someone could predict 

with great certainty which of the probable outcomes will take place. 

The permutation entropy depends heavily on choosing the right embedding dimension of 

d. Based on a number of empirical studies choosing a lower d number, i.e. 1 or 2 will not 

work properly since there are only few distinct states, and a very large d number of 

permutations can causes memory restrictions. Therefore, based on Bandt and Pompe the right 

embedding dimension falls between d=3 and 7, given the length of the times series. In our 

case we work with low order number by setting d=4 and the time delay τ=1. 

By using the permutation entropy, quantifiers take into account the randomness of an 

arbitrary time series, but not the degree of correlational structure in the time series. For that 

matter a statistical complexity measure (SCM) is developed, as the so-called Jensen Shannon 

complexity, or CJS, of the distribution P of N probabilities associated with a time series 

defined as follows 4 5.  

 

)4(][],[][ PHPPQPC eJJS  
 

Where H[P] is the normalized Shannon entropy, and  QJ  is the disequilibrium, which is 

defined in terms of the Jensen–Shannon divergence, while Pe ={1/N,…1/N} is the uniform 

probability. The Jensen–Shannon (JS) divergence quantifies the difference between at least 

two probability distributions and is useful to compare the symbol-composition of different 

sequences [37]. Also, the quantity QJ, will be different from zero if there are more likely 

states among the accessible ones. Once the disequilibrium is normalized such that 0 ≤ CJS ≤ 1 

then 
                                                           
4  The statistical complexity measure was introduced by Lopez-Ruiz et al. (1995) [38] and advanced by 
Rosso et al.(2007) [39], the so called CH-plane (normalized Shannon entropy, H, and Jensen-Shannon 
Complexity, C). 
5   A generalized complexity-entropy causality plane has been recently introduced in terms of the 
Tsallis q entropy. This approach seems to be more powerful for characterizing the presence of long-
range correlations. For further details please see[40]  
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Where S is the Shannon entropy and H[P] is the normalized Shannon entropy. It is worth 

noting that the SCM  (CJS complexity measure)  is not a trivial function of the entropy 

because it depends on two different probability distributions the one associated with the 

system under analysis P and the uniform distribution Pe . Furthermore it has been shown that, 

for a given H value, there exists a range of possible SCM values6.  

 

3. Data and empirical results 

We analyze daily yield levels of specific fixed income instruments along with daily price 

levels of specific stock exchange indices before and after of the 2007 financial crisis. 

Specifically we utilized data from 1, 3 and 6 month Treasury Bills (TBs), 2, 5 and 10 year 

Bonds yield and form the Stock Market the indices of S&P 500, Dow Jones Ind., and Nasdaq 

Composite. Data are taken from Bloomberg covering the period from the beginning of 2002 

to late 2013 and divided into two equal non overlapping segments7. We label the first sample 

from 2002 until the end of 2007 as the pre-crisis period and the second sample spanning from 

2008 until 2013 as the crisis/post crisis period. Each sample consists of 1322 daily 

observations. The reason for dividing the sample in such manner is to extract information 

contained in the time series before and during/after the 2008 financial crisis. 

Based on the permutation entropy method we compute the quantifiers for the money, 

capital and stock exchange markets information efficiency. The Permutation entropy and the 

statistical complexity are estimated for embedding dimension d=4 and embedding delay τ=1. 

The pattern length of 4 is chosen given the criterion that N>>d!. We’ve also estimated the 

permutation entropy and the JC statistical complexity with embedding dimension d=3 and 

d=5 and time delay τ=1, just to ensure behavioral similarity with the values estimated with 

d=4.  

As Zunino et al. (2010) argue if the time series is purely random, based on Fama’s sense, 

then permutation entropy reaches the optimum (maximum) level of 1 and the statistical 

complexity reaches the minimum level of 0. In other words the optimal level for a financial 

                                                           
6  For further information, please see Soriano et al.[41]  
7  The ISIN codes for the instruments, in Bloomberg are the following. GB1:GOV for the 1-month TB, 
GB3 and GB6 for the 3 and 6-month TBs respectively. GT2:GOV for the 2-year sovereign Bond,  GT5 
and GT10 for the 5 and 10-year Bonds. SPX:IND for the S&P 500 Index, INDU and CCMP for the 
Dow Jones and Nasdaq Composite respectively.     
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market is to reach the (1, 0) point of this Complexity Entropy Causality Plane, which 

probably applies to the strong-form EMH, where the market is efficient by reflecting all 

available information, both, public and private.  Figure 1 presents the complexity entropy 

causality plane for the money, bond and stock exchange markets for the two periods and the 

localization of each instrument for each market is displayed. Note that in the bonds market all 

instruments quantifiers compile a closed cluster of points. The three quantifiers for both sub-

periods are located in the right low corner, in the area of higher permutation entropy value, 

between 0.94-0.96 and lower statistical complexity, between 0.06 – 0.08, with the 2-year 

bond to exhibit the bigger deviation between the two sub-periods. Naturally it suggests that 

there is no memory in the bonds market, meaning that yesterday’s price change is not 

dictating and influencing the behavior of today’s price change. Putting differently the bonds 

market exhibits random behavior for both sub-samples. In contrast to bonds market 

quantifiers, all money market instruments, for both sub-periods, clearly exhibit lower 

permutation entropy and higher statistical complexity values. This outcome is translated into a 

lower efficiency level, although one could’ve been expecting the opposite, given the much 

higher liquidity levels existing in the money market. More importantly, during and after the 

crisis, all money market quantifiers are located further left and up on the diagram, dictating 

much lower entropy values and higher complexity, thus lower efficiency level. Especially the 

6-month TB yield is exhibiting permutation entropy of 0.86 and complexity of 0.242.   

Also, table 1 reports the values of the permutation entropy and the permutation JS 

statistical complexity of the financial instruments, for the two sub periods with different 

embedding dimensions d=3, d=4 and d=5 and time delay t=18. Mean and standard deviation 

values are calculated for comparison purposes between the markets and the two sub-periods. 

According to table 1, for the period of 2008-2013 all money market instruments are the least 

efficient compared with the previous period (i.e.2002-2007) and compared with the bond 

market instruments, regardless of the embedding dimension values. This result is 

unanticipated, since during a financial crisis, money market instruments are considered safe 

assets, due to the short maturity and high credit rating. On this ground, one justification could 

be given-which of course requires further investigation. Due to the interbank markets shut 

down, the demand for government securities for repo transactions increased dramatically, as 

the crisis unfolded, resulting in US government collateral to become extremely scarce. The 

triggered “flight to safety” led to higher demand for high-quality short- term Treasury 

collaterals, and the increased reluctance by the investors to lend treasury securities, pushed 

the Treasury rates and general collateral rates to zero levels, an evidence of impaired market 

                                                           
8 Due to limited space, in table 1 we report the JS complexity values only for d=4. But values for d=3 
and d=5 are available upon request.  
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functioning9.  In fact, the announcement of the Lehman Brothers insolvency, in the morning 

of September 15 2008, drove the 1month TB yield down by more than 100 basis points, from 

1.37% to 0.28%.  

As for the stock exchange indices, all quantifiers get values greater that 0.925 with the 

Nasdaq index to be the least stable, when it comes to the post crisis period. 

 Next we analyze the time evolution of the quantifiers in an attempt to sketch 

dynamically the inefficiency level and to identify if the underlying process changes during the 

different periods. Considering a three-year long window, corresponding to about 750 days 

and shifting through the time series with a step of 1 day, we calculate the time variation of the 

permutation entropy and JS statistical complexity for the subsamples10. By this methodology 

changes in the underlying stochastic process are considered. Figure 2 depicts the progression 

of the locations of the various instruments for all markets, within the entropy-complexity 

causality plane, setting d=4 and τ=1. There are two time periods for each instrument, with the 

first to start from 2002 until the end of 2007 and the second from 2008 to 2013.  

The main observation of figure 2 is related with the changing position of the instruments’ 

yield over time. All TB instruments are depicting lower entropy and higher complexity area 

as we moving from the pre to during and post crisis periods. Especially for the 6-month TB, 

quantifiers are moving to lower entropy and higher statistical complexity, suggesting an 

increase of inefficiency trough time. As for the bonds’ yield, the efficiency level seems to 

remain around the same locus for both pre and post periods. Lastly, for the stock exchange 

indices, although there is a loss of efficiency for the post crisis period, still the level remains 

quite high with the Nasdaq index to exhibit the lower entropy and higher statistical 

complexity. 

On the same vain and based on the sliding window methodology we depict in fig.3 the 

normalized Shannon entropy quantifier. It can be easily noticed that the information 

efficiency for the money market instruments is strongly affected by the sub-prime crisis. The 

information efficiency level deteriorates as we’re moving through time and especially for the 

yield of the 6-month TB where the efficiency reaches the 0.75 level. Even for the stock 

exchange indices, it is evident the decreasing trend of the information efficiency level 

beginning immediately after the advent of the credit crunch and the fall of the Lehman 

Brothers. The downward trend lasted for about two years, before it was changed into a 

positive one. The change in trend appears to be taken place just at the time where the U.S. 

                                                           
9 There were numerous comments in the news regarding the impaired functioning of the Treasury 
market during the crisis and the breakdown in the clearing mechanism, while primary dealer settlement 
fails continued to rise. 
10  We’ve also tested the procedure by considering a two-year window, corresponding to 500 days, and 
the results are almost the same, although quantifiers depict higher fluctuation. 
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economy exited from the Great Recession, based on the announcement of the National 

Bureau of Economic Research (NBER).  Only the bonds’ yield and, especially the 5-year and 

10-year maturity instruments kept their efficiency level intact, during and after the disruption 

period. The information efficiency level for the 2-year yield deteriorates but it remained in 

very high efficiency levels. The increased efficiency level for the bonds’ market, especially 

after the outbreak of the crisis, could be attributed to the large purchases made by the 

Treasury, based on the Large-Scale Asset Purchase (LSAP) program, in an attempt to lower 

long-term interest rates by decreasing the risk premium11. 

Lastly, based on the estimated normalized permutation entropy values we calculate the 

mean and standard deviation for each market. Figure 4 depicts the mean and the magnitude of 

the standard deviation through time. One can see that as we’re approaching the time of the 

credit crunch and later the fall of the Lehman Brothers the standard deviation is reduced 

significantly, indicating the so-called synchronization of the markets or rather the 

convergence of the yields of the different-maturity instruments. It is evident that in money, 

bonds and stock exchange markets the standard deviation of the permutation entropy remains 

at low levels just before the outbreak of the crisis. After 2008 a strong divergence between the 

various instruments is depicted, with much broader in the case of the money market, where 

there is a constant increase in the standard deviation of the permutation entropy. Also, 

although the mean of the permutation entropy decreases for both money and stock exchange 

markets, in the later case seems not significant, since the mean value remains at very high 

levels (around 0.92), while in the case of the money market the mean decreases significantly 

to around 0.80. 

 

4. Conclusion          

In this paper we attempt to analyze the behavior of specific instruments in the U.S. 

money and capital markets and the major indices in the Stock exchange markets, during the 

recent financial crisis. By dividing the sample size into two equal sub-sets we test the pre and 

post crisis periods. With the help of the permutation quantifiers we find that the money 

market’s instruments exhibit less efficiency during the post crisis period than the pre period. 

In the other two markets the degree of efficiency for all instruments remains marginally at the 

same level regardless of the period.  

                                                           
11   Since short-term nominal interest rates were at the so-called zero lower bound, the purchases of 
long-term maturity instruments aimed at decreasing the relevant interest rates through narrowing risk 
premium. The risk premium is calculated as the difference between long-term and short-term interest 
rates. This is based -to a certain degree- to the so-called “portfolio balance” effect introduced by Tobin 
(1958) [42] where purchases of long term debt instruments bid up the price of the asset and hence 
lower its yield. 
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Next considering the sliding window methodology we measure the time variation of the 

complexity entropy causality relation. We find that the efficiency level of the bond 

instruments fluctuates around a narrow band, whereas, for the money market instruments it 

deteriorates as we moving forward from the time of the credit crunch and the insolvency of 

Lehman Brothers. In fact the efficiency level is not recovered to the pre crisis levels, even 

three years after the outbreak of the crisis. This finding is puzzling given that in periods of 

financial distress capital flights to “quality” and in particular to short-term Treasury 

instruments. Especially for the 6-month T-bill yield the efficiency level continually decreased 

to the 0.80 point. On the other hand the deterioration of the efficiency level means that the 

yields of the short-term treasury debt are less uncertain during financial disarray.   

 Finally, it is equally important to note the decreasing pattern of the informational 

efficiency, for the stock exchange indices, from around the credit crunch time to June 2009, 

where officially the recession had ended. Based on the above findings and taking into 

consideration the various (non) conventional policies implemented by the Federal Reserve, 

further research is required in order to explain the impairment of the money market during the 

Great Recession period 
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Figure 1. Position of the Money and Capital markets instruments and the Stock Exchange 
Indexes. Two different time periods in the complexity-normalized Shannon entropy causality 
plane with embedding dimensions d = 4 and time delay τ = 1. 
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Figure 2. Complexity Entropy Causality Plane for different periods. Movement of 
permutation quantifiers for various instruments, with D=4, t=1, window 750 points and step 
d=1. 

Panel a) Money & Capital Markets Instruments 

 

Panel b) Stock Market Indices 
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Figure 3. Permutation entropy evolution for a) money market instruments, b) capital market 
instruments and c) stock exchange indices. Ssliding windows with N=750, D=4, δ=1 and t=1. 
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Figure 4. Mean and +- 1 standard deviations (shaded areas) of the normalized Shannon 
entropy for the three markets a) Money, b) Capital and c) Stock exchange, using the sliding 
window process with number observations N=750, D=4 δ=1 and t=1. 
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Table 1.  Permutation Entropy and JS Statistical Complexity of specific instruments of 
Money, Capital  and Stock Exchange Markets, with different embedding  dimensions and t=1.  

 


