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Abstract

Currency markets are international networks of participants opened all day during weekdays without a supervisory entity. The pre-
cise value of an exchange pair is determined by the decisions of the central banks and the behavior of the speculators, whose actions
can be determined on the spot or be related to previous decisions. All those decisions affect the complexity and predictability of the
system, which are quantitatively analyzed in this paper. For this purpose, we compare the randomness of the most traded currencies
in the forex market using the Pincus Index. We extend the development of this methodology to include multidimensionality in the
embedding dimension, to capture the influence of the past in current decisions and to analyze different frequencies within the data
with a multiscale approach. We show that, in general, the forex market is more predictable using one hour ticks than using daily
data for the six major pairs, and present evidence suggesting that the variance is easier to predict for longer time frames.
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1. Introduction1

The foreign exchange market (forex) is the largest market in2

the world and determines the exchange rates for every currency.3

The participants in the market set the relative value of each cur-4

rency pair by buying or selling positions, and these actions are5

influenced by personal beliefs, trends or public announcements6

of central banks.7

Unlike stock markets, forex is not being subject to an spe-8

cific supervisory entity and is globally decentralized, open to9

banks, commercial companies and private agents. The price of10

a currency pair at a given time is supposed to be a reflection11

of economic factors, political conditions and the psychology of12

the participants.13

The six most traded forex pairs analyzed in this paper are:14

EUR/USD (euro/US dollar); USD/JPY (US dollar/Japanese15

yen); GBP/USD (British pound sterling/US dollar); AUD/USD16

(Australian dollar/US dollar); USD/CAD (US dollar/Canadian17

dollar); USD/CNY (US dollar/Chinese renminbi).18

The forex market has been the subject of intensive research19

for a long time, frequently focusing on the predictability of its20

values but also on its variance. In this paper, we analyze the21

number of patterns within the data for the returns and its vari-22

ance in different timeframes, 1-hour (H1), 4-hours (H4) and23

daily.24

Research on complexity includes a variety of algorithms25

and analysis techniques that usually come from the physical26

or mathematical realm [1]. Complex systems are entangled27

by nonlinearly interacting elements and are found in different28

fields such as the brain or financial markets. A review on the29
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meaning of complexity and detailed analyses in those and other30

processes can be found in [2].31

When dealing with the currency market, its movements can32

be separated into high-frequency variations [3] and slower33

movements responsible for the trends [2]. This paper deals with34

the later, and explores its complexity relying on the concept35

of entropy as defined in Information Theory and Kolmogorov36

complexity.37

In the field of Information Theory, entropy is a magnitude38

that quantifies the uncertainty of a measure. On the other hand,39

this paper follows the approach of Chaitin [4] and Kolmogorov40

[5] by defining complexity as in algorithmic information theory,41

which takes into account the order of the points in a sequence.42

In this view, a chain is random if its Kolmogorov complexity is43

at least equal to the length of the chain.44

The benefit of the connection between information content45

and randomness is that it provides a way to quantify the com-46

plexity of a dataset without relying on models or hypothesis47

about the process generating the data. By comparing the en-48

tropy of our system with the maximum entropy rate possible,49

we can determine the degree of randomness of a series; a com-50

plex (total random) process is defined as that process lacking51

pattern repetition.52

The use of the entropy rate to study the complexity of a time53

series is not limited to stochastic processes. Sinai [6] intro-54

duced the concept of entropy to describe the structural similar-55

ity between different dynamic systems that preserve the mea-56

surements, giving a generalization of Shannon entropy for dy-57

namic systems, known as Kolmogorov-Sinai entropy (KS). Un-58

fortunately, KS entropy is sometimes undefined for limited and59

noisy measurements of a signal represented in a data series.60

To overcome that limitation, Grassberger and Procaccia [7]61
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used the Renyi entropy to define the correlation integral, which62

in turn was used by Eckmann and Ruelle [8] to define the φ63

functions as a conditional probability. This ER entropy is an ex-64

act estimation of the entropy of the system. Building upon those65

φ functions, Pincus [9] described the methodology of ApEn,66

useful for limited and noisy data, providing a hierarchy of ran-67

domness based on the different patterns and their repetitions.68

ApEn measures the logarithmic probability that nearby pat-69

tern runs remain close in the next incremental comparison: low70

ApEn values reflect that the system is very persistent, repetitive71

and predictive, with apparent patterns that repeat themselves72

throughout of the series, while high values means complexity73

in the sense of independence between the data and a low num-74

ber of repeated patterns. The readers are encouraged to read a75

recent comprehensive tutorial on these algorithms [10].76

To use Approximate Entropy, it is necessary to specify two77

parameters, the embedding dimension (m) and the tolerance of78

the measure (r), determined as a percentage of the standard de-79

viation. Once the calculations have been performed, the result80

of the algorithm is a positive real number, with higher values81

indicating more randomness. However, those values are depen-82

dent on the characteristics of the dataset such as the influence83

of the past in the future prices or the volatility of the prices.84

In order to obtain a measure of randomness suitable for com-85

parisons between evolving datasets, the Pincus Index (PI) was86

introduced as a measure of the distance between a dataset and87

the maximum possible randomness of that system [11]. A value88

of PI equal to zero implies a totally ordered and completely pre-89

dictable system, whereas a value equal to or greater than one90

implies total randomness and unpredictability. The added ben-91

efit of the Pincus Index is that, unlike ApEn, it is suitable for92

comparisons between different markets. This paper completes93

the development of that index by introducing different kinds of94

multidimensionality in the measure. Thus, knowledge of the PI95

would be useful to fully understand the concepts here presented96

and how the several levels of complexity of this measure are97

captured.98

The Pincus Index was designed [11] to be independent on99

the parameter r by choosing the maximum value of Approxi-100

mate Entropy (MaxApEn), but the index is still dependent on101

the selection of the embedding dimension (m). This parame-102

ter is related to the memory of the system and accounts for the103

length of the patterns compared in the sequence. Techniques104

to determine the optimum value of the embedding dimension105

include the use the mutual information and false nearest neigh-106

bour method [12][13][14], but since different markets may have107

different embedding dimensions, the comparisons with a fixed108

m could be biased. To account for that possibility, we follow109

Bolea and coauthors [15] in the definition of a Multidimen-110

sional index. Since such an index was based on MaxApEn, its111

extrapolation to a Multidimensional Pincus Index is straight-112

forward and provides a parameter-free index which allows for113

comparisons between evolving systems.114

Besides multidimensionality in embedding dimension, dy-115

namic systems may be composed of processes at different fre-116

quencies with correlations at multiple time scales. Therefore, in117

the characterization of complexity, the comparison of different118

frequencies may lead to incorrect conclusions. Costa and coau-119

thors [16] proposed a multiscale procedure to capture those cor-120

relations, showing its efficiency in distinguishing complexities121

in different dynamical regimes. To describe the complexity of122

a time series at different levels, Costa and coauthors [17] gen-123

eralized the multiscale procedure to consider the complexity of124

higher statistical moments of time series. Here, we extend that125

methodology to create a new Multiscale Pincus Index, showing126

how it is useful to correctly quantify the complexity of trading127

in different timeframes and different statistical moments.128

Methods and results129

On the calculation of the Pincus Index130

The Pincus Index (PI) captures the distance from a situation131

of total randomness for a given dataset, measured against shuf-132

fled versions of the same data. To better quantify complexity133

and provide an index that is independent of the tolerance r, it134

is constructed based on the maximum value of Approximate135

Entropy (MaxApEn). The steps to compute the PI include the136

determination of the MaxApEn of the original sequence and the137

MaxApEn of bootstrapped versions. Then, we use the median138

value (50% percentile) of the empirical distribution of the boot-139

strapped versions to calculate the value of the Pincus Index, and140

the 5% and 95% percentiles of the empirical cumulative dis-141

tribution function to calculate the extremes of the index. The142

rationale is simple: if the degree of randomness of the origi-143

nal sequence is similar to the shuffled versions, the PI will be144

close to one, indicating randomness. If, on the other hand, the145

original sequence is ordered, the PI will capture the distance146

from randomness as a fraction. For a detailed explanation of the147

methodology and several examples of application, the reader is148

encouraged to see [10][11].149

The Pincus Index is based on Approximate Entropy. When150

the number of data (N) is large, ApEn can be approximated151

by Equation 1. The error committed in this approximation is152

estimated to be smaller than 0.05 for N−m+1 > 90 and smaller153

than 0.02 for N − m + 1 > 283 [18].154

ApEn(m, r,N) '

−
1

N − m

N−m∑
i=1

log

∑N−m
j=1 [times that d[|xm+1( j) − xm+1(i)|] < r]∑N−m

j=1 [times that d[|xm( j) − xm(i)|] < r]
.

(1)
where m is the length of the vectors being compared,155

and d measures the scalar distance between the vectors in a156

component-wise way.157

The Sample Entropy (SampEn) algorithm has been designed158

to avoid the self-bias included in ApEn [18], which is mathe-159

matically formulated as [10]:160
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S ampEn(m, r,N) =

− log

∑N−m
i=1
∑N−m

j=1, j,i[times that d[|xm+1( j) − xm+1(i)|] < r]∑N−m
i=1
∑N−m

j=1, j,i[times that d[|xm( j) − xm(i)|] < r]

(2)
It is often said that SampEn is largely independent on the161

number of points because, unlike ApEn, it does not include a162

prefactor 1
N−m . However, it must be noticed that such indepen-163

dence is only true for homogeneous series, and it does not hold164

for general situations [19]. In general, randomness depends for165

both algorithms on m and N [20].166

In Figure 1 we show the different behavior of ApEn and167

SampEn for 50 pseudo-random binary (left) and decimal (right)168

chains using m = 2; we use r < 1 to make the analysis indepen-169

dent of this parameter, given their well-defined alphabet. As it170

can be seen, the mean value of SampEn reaches the asymptotic171

limit of log k faster but with a larger standard deviation than172

ApEn.173

In the construction of the Pincus Index, we calculate the ra-174

tio MaxApEnoriginal/MaxApEnshuffled. Since those quantities are175

calculated using the same values of m and N, the ratio between176

them does not include the prefactor 1
N−m appearing in ApEn in177

Equation 1. This fact makes the PI independent of the number178

of points in the same way that SampEn (i.e., for white noise, or179

a homogeneously generated sequence, it captures the random-180

ness independently of N).181

Another reason for the construction of SampEn was the self-182

counting introduced in the calculation of ApEn: note that the183

definition of SampEn explicitly avoids that situation by limit-184

ing j , i in Equation 2. That bias can be as high as 20% or185

30% if the number of points is low [18]. In this regard, since186

the PI is constructed as a ratio and the bias in ApEn is present187

in both the nominator and the denominator, the overall bias is188

modulated and severely corrected, providing a better measure189

of complexity. It should be emphasized that the PI does not190

measure randomness specifically but how far away a series is191

from total randomness.192

The threshold: rmax and MaxApEn193

The use of an incorrect parameter selection when using ApEn194

or SampEn can lead to inaccurate estimations of the complexity195

of datasets. By means of MaxApEn we can prevent the arbitrary196

selection of the threshold of r, which changes depending on the197

complexity of the sequence.198

Restrepo et al. [21] showed that the combined use of199

MaxApEn and rmax can help to correctly characterize the com-200

plexity. Using a dataset containing daily values of EURUSD201

from 2006 to 2010, we show in Figure 2 that rmax changes with202

the embedding dimension selected. The distance between the203

maximum value of the threshold for the original (red line) and204

the shuffled series (black line) shows that using a fixed com-205

mon valued for the threshold would lead to misleading results.206

Thus, even though the recommended range for r is commonly207

[0.1σ, 0.25σ], that region does not guarantee to capture the208

complexity correctly for all the values of the embedding dimen-209

sion. It is advised to use a value equal to or greater than the210

value of rmax [10] to assure the relative consistency; the com-211

parison with different values of r beyond the maximum would212

lead to the same qualitative characterization of the order of the213

system.214

As explained in [21], the differences in rmax for the original215

and shuffled versions can be used as a mean to discern between216

systems in noisy datasets with low number of samples N. Al-217

beit in this work we focus on the development of the Pincus218

Index, we take the opportunity to recall that, for some dynam-219

ical regimes, these combined techniques could provide a bet-220

ter characterization of the systems, and show that the recom-221

mended range may not be adequate depending on the embed-222

ding dimension m.223

The embedding dimension: multidimensional analysis224

In the methodology to calculate the Pincus Index, the toler-225

ance r is automatically selected as the value which maximizes226

Approximate Entropy [11]. However, the selection of the em-227

bedding dimension is a requirement for the calculations. The228

embedding dimension determines the length of the patterns be-229

ing compared, and it is related to how much information from230

the past is used to determine the future values. In the search of231

a parameter-free application of Approximate Entropy, Bolea et232

al. [15] proposed the use of MaxApEn combined with a mul-233

tidimensional analysis by adding the contribution of MaxApEn234

over a wide range of embedding dimensions to capture the in-235

fluence of previous values.236

Since a priori the memory of the system is unknown and it237

may change in evolving datasets like the forex markets, adopt-238

ing the same methodology as Bolea and coauthors, it is straight239

forward to build a Multidimensional Pincus Index (MPI) inde-240

pendent of both r and m, by defining:241

MPI =

∑mmax
mi=1 MaxApEnoriginal(mi)∑mmax
m=1 MaxApEnshu f f led(mi)

(3)

We illustrate the behavior of this new multidimensional in-242

dex in Figure 3 using the EURUSD exchange rate as an exam-243

ple. Figure 3 (left) shows the MaxApEn for different embed-244

ding dimensions for the original series (black line) and pseudo-245

randomized versions of the same data (red) for a dataset con-246

taining daily values of EURUSD from 2006 to 2010. Based on247

those values, we show how the MPI changes when we consider248

only the previous m values using Equation 3. We observe that,249

by adding the contribution of larger embedding dimensions, the250

MPI varies to capture the increased information in the com-251

plexity of the series. The right side of Figure 3 shows the MPI252

accounting for the contribution of the embedding dimension up253

to 15 (MPI(mmax = 15)) for rolling windows of four years of254

EURUSD daily exchange rate, i.e., approximately N ∼ 1000255

points.256

The rationale for the inclusion of multidimensionality is its257

ability to capture complexity in a greater extent, as shown by258

Bolea et al. [15]. Specifically for the forex or stock markets,259

or when drawing comparisons between different systems, it is260
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Figure 1: ApEn, SampEn, and asymptotic lines depending on the alphabet for 50 pseudo-random binary (left) and decimal (right) sequences.

Original
Shuffled

r m
ax

0

0.5

1.0

1.5

embedding dimension (m)
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Figure 2: Value of r for which MaxApEn is reached for the original series (red
line) and the average of one hundred shuffled versions (black line). The average
of the standard deviations (bars) for the shuffled versions is 0.038 and increases
with the embedding dimension.

not guaranteed that the optimal value of the embedding dimen-261

sion would be the same. In general, randomness depends on m262

and N, as shown by Pincus and coauthors when they defined263

the maximum {m,N}-randomness [20][22]. The value of the264

Pincus Index is its aptness to make comparisons between sys-265

tems by measuring the distance of each series against the max-266

imum randomness of each alphabet. We shall remember that267

both ApEn and SampEn provide relative values, and may be268

unsuitable for comparisons. By including multidimensionality269

in the definition of the MPI, we obtain an index independent270

of preselected parameter values for both r and m which can be271

used with evolving datasets.272

Sampling frequency: multiscale entropy273

Another variable must be taken into account in order to cap-274

ture complexity in all of its forms, which is the different fre-275

quencies within the data. It is not uncommon for dynamical sys-276

tems to be composed of subprocesses emerging at different time277

scales. That situation is often observed in the markets when the278

trend at a certain frequency domain, let us say 15 minutes, is279

not the same (or even the complete opposite) as the trend at 1280

day data.281

To account for that possibility, Costa et al. [16] designed282

the multiscale entropy (MSE) procedure based on the approach283

proposed by Zang [23][24]. This measure is based on a284

weighted sum of scale dependent entropies, and it has been285

used extensively since its appearance in the literature [25]. The286

main idea is the construction of coarse-grained time series de-287

termined by a certain scale factor τ, averaging different time288

scales from the original time series. The coarse-graining pro-289

cedure reduces the length of the sequence by a scale factor τ,290

obtaining a coarse-grained time of length N/τ, with N the orig-291

inal length. Thus, the larger the scale factor used, the shorter292

the resulting length of the coarse-grained time series.293

This procedure has become a prevailing method to quantify294

the complexity of data series and it has been vastly applied in295

many different research fields, including finances [26]. After296

the creation of the coarse-grained sequences, the entropy of297

each sequence is calculated and added up to obtain a multiscale298

entropy value. More detailed instructions of the methodology299

can be found in Costa and coauthors works [16][27].300

The MSE methodology has generally been applied in con-301

junction to Sample Entropy, given the above-mentioned fact302

that is less dependent on the time series length since it does303

not include a prefactor in Equation 2. However, similarly to the304

comparison of different time series, different time scales may305

have different alphabets and the comparisons using the same306

parameters may be biased. Some traded time frames will show307

higher variability, while the variations at different frequencies308

may show lower changes and averaged values. Furthermore,309

Sample Entropy uses a fixed value of the tolerance filter r which310

may not be adequate for all frequencies. This hinders the ap-311

plicability of Sample Entropy to characterize the randomness312

level appropriately.313

As seen in the previous sections, the value of r which cap-314

tures the maximum complexity is different for each sequence;315

since the Pincus Index is based on MaxApEn, which automat-316

ically adapts to the maximum complexity of each frequency,317

this index is able to capture the distance from total randomness318

of the different frequencies. As an example, Figure 4 shows the319
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Figure 3: Multidimensional Pincus Index

results of the Pincus Index for values traded Daily, at four hours320

(H4) and at one hour (H1) frequencies for m = 2. We present321

the results for the six major traded pairs to display the evolution322

of the different frequencies.323

In a previous communication we showed the effect of includ-324

ing more or less number of points (see Supplementary Infor-325

mation in [11]). In this paper, our interest lies on characteriz-326

ing the different frequencies knowing that approximately the327

same number of points are used to draw comparisons about328

their complexity. To that end, we use rolling windows of ap-329

proximately N ∼ 1000 for all frequencies showed in Figure 4,330

corresponding to four years in daily values, eight months in H4331

data, and two months in H1 data. Importantly, it can be seen in332

the figure that, in general, one hour frequencies are less random333

than daily values, but the specific values of the Pincus Index334

change with the epoch and the frequency for each of the six335

considered markets. It is also noticeable that the shape of the336

PI for the EURUSD daily values presented in Fig. 4(a) is the337

same as the shape showed for the multidimensional PI analysis338

in Figure 3, but with higher values. As far as we have computed,339

adding the information contained in higher embedding dimen-340

sions makes the sequence less random, but does not change the341

overall shape of the analysis between different rolling windows.342

As in previous observations when dealing with the stock mar-343

kets [11], we find that the degree of predictability increases in344

times of crisis or sharp changes in the values; in those mo-345

ments, the market chains falling sessions creating more patterns346

repeated by the agents. Previous studies with high-frequency347

data have studied the changes during these kinds of events in348

the short time reaction of the markets [3], and in our analysis,349

we find examples of that behavior in Fig. 4(c) and (d). At those350

moments, the GBP and AUD pairs concatenated several months351

of depreciation with respect to the USD, making ApEn (the nu-352

merator of the Pincus Index) to decrease accordingly.353

Higher statistical moments: Generalized Pincus Index354

Finally, in this section we study a different type of dimen-355

sionality, this time by considering the statistical moments. In356

the MSE procedure, the coarse-graining of the original series357

consists on the averaging of the time series, using the first mo-358

ment (mean). However, it is well known that, for time series359

in general and for financial time series in particular, higher mo-360

ments such as the variance, skewness or kurtosis contain valu-361

able information different from the mean, which can help to362

select τ.363

Aware of this fact, Costa and coauthors extended their364

methodology to a Generalized Multiscale Entropy [17], MSEn,365

being n the order of the moment used in the calculations. In366

this generalized methodology, different moments are used in367

the coarse-graining procedure, helping to characterize the time368

series based on information not contained in the first moment.369

Hence, when the MSE is applied to higher moments such as370

skewness and kurtosis in financial time series, the MSEn is371

more effective to capture changes in the dynamics, providing372

valuable information [28]. Furthermore, some authors have373

proposed the use of a Refined Generalized Multiscale entropy374

[29].375

In Figure 5, the PI is calculated for m = 2 for different coarse-376

graining values τ, with τ = 1 corresponding to hourly data and377

τ = 24 to daily values. We can obtain useful information from378

this figure which helps us to understand the dynamics within the379

data. First, by looking at Figure 5 (left) we observe that the PI380

is low four hourly (τ = 1) and daily data (τ = 24), while other381

less traded frequencies in between such as τ = 7, 11, 18 or 21,382

have higher values of PI indicating more randomness. It is im-383

portant to notice that MaxApEn or SampEn alone are unable to384

capture those features because, as stated before, both are depen-385

dent on the number of points considered for non-homgeneous386

systems. In this example, the sequence with τ = 1 consists387

of 12309 points while the last one with τ = 24 has only 512.388

On the contrary, as the Pincus Index is computed for each se-389

quence, the behavior of this index reflects the dynamics of the390

different frequencies. Furthermore, the choice of r for Sam-391

pEn is rather arbitrary as evidenced in Figure 5 (right); we can392

observe that the value for which ApEn reaches its maximum393

changes drastically with the coarse-graining and thus keeping a394
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Figure 4: Pincus Index with m=2 for Daily, H4 and H1 data for the six major forex pairs.

fixed value of r for SampEn does not guarantee that the com-395

plexity is accurately captured. We have used the same values as396

Costa et al. for r in the SampEn calculations. The difference in397

the choice of r in the first and second moment analyses is be-398

cause the amplitudes of the variance coarse-grained time series399

are much smaller than those of the mean coarse-grained time400

series [17].401

In the comparison of financial time series, measures such as402

the volatility of the returns have great relevance [30][31]. The403

Pincus Index can also be applied to characterize the complex-404

ity of those higher moments by using the same generalization405

mechanism. Figure 6 shows the Pincus Index of the second mo-406

ment, the variance, for the log-ratio series of EURUSD hourly407

data from 2008 to 2010 using m = 2. In Figure 6 we see that408

the variance is more predictable for daily data (τ = 24) than for409

hourly data and, in general, is more predictable than the loga-410

rithmic return of the price itself showed in Figure 5, in agree-411

ment with recent research [32].412
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Figure 5: Left: Multiscale PI for the first moment (m = 2). Right: Corresponding rmax, MaxApEn and SampEn(r = 0.15σ) for m = 2 for different τ using the
EURUSD logratio series for H1 from 2008 to 2010.

Figure 6: Left: Multiscale PI for the second moment (m = 2). Right: Corresponding rmax, MaxApEn and SampEn(r = 0.05σ) for m = 2 for different τ using the
EURUSD logratio series for H1 from 2008 to 2010.

Usually, the MSE devised by Costa and coauthors is inter-413

preted as follows. If the MSE curve shows a monotonically414

decreasing trend, it is considered that only the smallest scale,415

i.e. the first values of τ contain information [29]. Similarly, if416

the trend is monotonically increasing only the larger scales, i.e.417

large values of τ, contain information. In our analysis, we can418

see the MSE curves of SampEn in the right side of Figures 5419

and 6. We see the increasing trend in both cases, which would420

be interpreted saying that the complexity of larger values of τ421

is higher. However, when compared with the left side of those422

figures, we see that the Multiscale Pincus Index permits, not423

only to characterize the complexity of each frequency, but also424

to make comparisons between them.425

The original formulation of MSE adds the entropy values426

of each coarse-grained series for a selected range of scales427

τ = 1, . . . , τmax, making the result dependent on the selected428

range. Wu et al. [33] proposed that the result would be bet-429

ter defined as the mean of the τ entropy values, suggesting the430

name Composite Multiscale Entropy (CMSE) for it. If one were431

to use the Pincus Index for a multiscale analysis, it would be432

desirable to continue normalizing the system to obtain a com-433

parable metric by dividing the sum by the number of partitions.434

This leads to the definition of a Composite Multi Scale Pincus435

Index:436

CMS PI =

∑τmax
τi=1 PI(τi)

τmax
(4)

Discussion and conclusions437

The objective of this paper was to continue with the devel-438

opment of the Pincus Index to capture the different dimensions439

of the complexity of a dataset, and to use the methodology to440

analyze the six major traded pairs of the forex market.441

We have shown that the methodology of the Pincus Index can442

be easily extended to capture the information contained in mul-443

tiple embedding dimensions. Since different markets may have444

different optimal values for this parameter, the comparison of445
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the MPI is useful to discern the complexity of the systems, as446

long as the maximum embedding dimension used in the analy-447

sis is the same for the markets considered.448

Another source of complexity is the behavior of the system449

at different modes, and we have shown that the Pincus Index450

captures the complexity depending on the frequency. The main451

results of this work are the suggestions that the six analyzed452

markets are more predictable when using hourly data for a fixed453

number of points, and that less traded frequencies are more ran-454

dom than usually traded frequencies such as one hour or one455

day. Finally, as an example of generalization, we have ana-456

lyzed higher moments to study the predictability of the vari-457

ance, showing that the variance of daily data is more predictable458

than that of lower frequencies.459

The analysis of the complexity of a dataset consists of multi-460

ple dimensions. In a complete characterization of the complex-461

ity of a time series, a multiscale approach using the Pincus In-462

dex can be developed in conjunction to a multidimensional em-463

bedding dimension analysis to fully account for the dynamics at464

different frequencies. However, given the computer power re-465

quired to perform those calculations, instead of focusing on one466

market in particular we have preferred to show the behavior of467

the six major traded pairs.468

The methodology presented in this paper is not restricted to469

the forex market or the field of economics in any way, and470

can be used to study any dataset. In particular, ApEn and471

SampEn have their roots in physiological studies and we be-472

lieve that the presented methodology will be useful in that field.473

Source codes in R programming language for the determination474

of ApEn and SampEn are available in [10].475
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