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In this paper we examine the presence of self-similarity in flow intensity of economic and
financial news taken from a nine-month period of 2015. Since there is a close relationship
between long range dependent and self-similar processes, we use two methods – the detrended
fluctuation analysis (DFA) and the averaged wavelet coefficient (AWC) method – to estimate
both the long range correlation and the self-similarity exponent (the Hurst exponent),
respectively. Empirical results obtained by this methods show that time series of news
intensity exhibit self-similarity (as well as a long memory property). The Hurst exponent
(as well as the long-range correlation exponent) is greater than 0.5 over three orders of
magnitude in time ranging from several minutes to dozen of days. Estimates of the Hurst
exponent obtained by AWC are very close to the estimates of the long-range correlation
exponent obtained by DFA for almost all analyzed time series. By using decouple scales and
multi-scale approaches, the DFA and the AWC methods allowed us to reveal a strong scaling
behavior as well as to detect a distinct crossover effect.
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1. Introduction

A wide collection of complex systems
and processes (in biology, physics, engineering,
human behavior) and their generated data
signals have been seen to exhibit properties
of scale invariance [1]. Scale invariance can be
presented in different forms, among them are
self-similarity and long-range dependence. Self-
similarity occurs when two subsets of the whole
set are invariant in statistical distribution on
different scales. Long-range dependence means a
power-law slowly decaying dependence of far past
on future. Studying self-similarity and long-range
dependence in these diverse processes provides
insight into the dynamics of complex systems
and enables to predict future outcomes based on
current information.

It is said that a process {X(t)}t∈R is self-
similar (or statistically self-affine), if and only if
for all β > 0 the process β−HX(βt) has the same
second-order statistical properties as X(t), H is
called self-similarity parameter.

∗E-mail: sidorovsp@info.sgu.ru

A second-order stationary stochastic process
{X(t)}t∈R with covariance function CY is said to
be long-range dependant if

CY (s) ∼ rC |s|−γ , s → ∞, γ ∈ (0, 1).

It is well-known [1] that there is a close
relationship between long range dependent and
self-similar processes. In particular, any self-
similar process with self-similarity parameter
0.5 < H < 1 has long-range dependence
and γ = H. On the other hand, some long
range dependent processes are not self-similar (for
example, FARIMA processes).

The first empirical research on self-similarity
was published in 1951 by Hurst [2]. Over the
last 50 years many methods and techniques
have been developed to study scaling properties
and the long-range dependence of time series
exhibiting self-similar behavior. Various methods
like rescaled range analysis [2], structure function
method [3], the wavelet transform module
maxima approach [4], the detrended fluctuation
analysis [5], the detrending moving average
analysis (DMA) [6], average wavelet coefficient
method [7], among many others, have been
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proposed for the characterization of self-similarity
and long-range dependence.

Following the paper [8], in this work we
analyze time series of news flow intensity and
we show that such time series exhibit the self-
similarity property. In contrast to the work [8], in
this paper

1. we suggest using another technique –
a wavelet based analyzing technique
(Averaged Wavelet Coefficient (AWC)
method) – to quantify the self-similarity
property of news intensity time series;

2. we analyze a much bigger data period (189
instead of 43 trading days) and time series
based on relatively recent news analytics
data (from January 1, 2015 to September
22, 2015).

In this paper we will use two estimators –
detrended fluctuation analysis of orders 1 (DFA)
and AWC method – to examine long-range auto-
correlation and self-similarity of time series of
news flow intensity. We suppose that the usage of
the two estimators may prevent us from obtaining
one-sided results. By using a bigger data period,
we could study the dependence of the Hurst
exponent not only on intra day intervals, but at
intervals of a few days duration.

2. Detrended fluctuation analysis

2.1. Types of auto-correlation

Let X = (xt)
n
t=1 be a time series with large

n and let s ∈ N, s ≪ n. Let C(s) denote the
(auto) correlation between X1 = (xt)

n−s
t=1 and

X2 = (xt+s)
n
t=1. The following types of correlation

can be distinguished:

1. xt are uncorrelated ; it is clear that if X1

and X2 are uncorrelated then C(s) must
be equal to zero, C(s) = 0;

2. the case of short-range correlations of the
(xt)

n
t=1 leads to exponentially declining of

C(s), i.e. C(s) ∼ e−s/s0 , where s0 is a decay
time;

3. with long-range correlation of the (xt)
n
t=1,

C(s) must follow a power-law dependence:

C(s) ∼ s−γ , (1)

where 0 < γ < 1.

Fourier transform, wavelet transform
modulus maxima are classical methods for
estimation of the correlation exponent γ,
but they are often not appropriate due to
noisy nature, non-stationarity and imperfect
measurement of data xt. That is why we use
the following methods for estimation of the
correlation.

2.2. DFA method

DFA was proposed in the papers [5], [9].
This method is used for studying the indirect
scaling of the long-range auto-correlation in
non-stationary time series. DFA method was
effectively applied for solving many scientific
and engineering problems, including analysis of
DNA [10], [11], [12], biomedical signal processing
[13], [14], [15], [16], [17], study of daily internet
traffic dynamics [18], analysis of economical and
finance time series [19], [20], [21], [22], [23], human
gait behavior [24], [25]. However, DFA has some
drawbacks [26]: DFA can lead to uncontrolled
bias; DFA is more expensive than unbiased
estimator; DFA cannot provide protection against
nonlinear nonstationaries.

Nevertheless, the work [27] remarks that
DMA and DFA remain ‘the methods of choice’ in
determining the Hurst index of time series. DFA
algorithm consists of five steps:

1. Integration. We calculate the cumulative
deviate series as follows

yk =

k∑
t=1

(xt − x), k = 1, 2, . . . , n, (2)
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where x =
n∑

t=1

xt.

2. Cutting. We divide the (yk)
n
k=1 into ns =

[n/s] non-overlapping segments, each of
length s, starting with y1.

3. Fitting. For each segment l = 1, . . . , ns we
construct a fitting linear function Pl (trend)
by means of least-square fit of the data
(yk)

ls
k=(l−1)s+1. Denote y∗k = Pl(k).

4. Detrending. We obtain the detranded time
series

ϵk(s) = yk − y∗k (3)

as the difference between the time series yk
and the the corresponding values of fitting
linear regression Pl on the segment l.

5. For each of segments l = 1, . . . , ns we find
variance of residuals ϵi:

F 2
l (s) =

1

s

s∑
i=1

ϵ2(l−1)s+i(s). (4)

Then DFA fluctuation function is defined
by

F (s) = F
[m]
DFA(s) =

(
1

ns

ns∑
l=1

F 2
l (s)

)1/2

, (5)

where m refers to the degree of fitting
polynomials using on step 3.

Derivation of DFA can be found in the paper [28].

2.3. The auto-correlation parameter

The fluctuation functions F (s) obtained in
DFA allow us to examine the s-dependance of F .
In the case of long-range power-law correlation of
xt, the F must follow a power-law

F (s) ∼ sα (6)

for sufficiently large s. The fluctuation parameter
α is related to the value of correlation exponent
γ as follows (see [29])

α = 1− γ/2, 0 < γ < 1.

The correlation parameter α reflects the
auto-correlation properties of time series in the
following way:

1. α = 1/2, the time series uncorrelated
(white noise) or short-range correlated;

2. α < 1/2, the time series anti-correlated;

3. α > 1/2, the time series long-range power-
law correlated;

4. α = 1, pink noise (1/f noise).

3. Wavelet-based methods

3.1. The Hurst exponent

The self-similarity parameter 0 < H < 1
of self-affine processes is also called the Hurst
(or roughness) exponent [3]. The Hurst exponent
is commonly used for measuring the duration of
long-range dependence of a stochastic process.

There are three possibilities:

• If H = 0.5 then C(s) = 0 which
means that past and future increments are
uncorrelated (Brownian motion);

• In case H > 0.5 we have C(s) > 0 and the
increments are positively correlated (the
process {X(t)}t is called persistent).

• If H < 0.5 then C(s) < 0 and
increments are negatively correlated (the
process {X(t)}t is called anti-persistent or
anti-correlated).
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3.2. The average wavelet coefficient
method

The Average Wavelet Coefficient Method
(AWC) was proposed in papers [30] and [7].

The method is used for measuring the
temporal self-affine correlations of a time series by
estimating its Hurst exponent. The AWC method
is based on the wavelet transform (good review of
the wavelet transform can be found in books [31]
and [32]).

The strategy for the data-analysis by the
AWC method consists of three main steps:

1. Wavelet transformation of the data X(t)
into the wavelet domain, W[X](a, b), where
a, b are scale and location parameters,
respectively [31], [32].

2. Then for a given scale a we can find
a representative wavelet amplitude for
that particular scale, and to study its
scaling. To do so we calculate the averaged
wavelet coefficient W [X](a) according to
the equation

W [X](a) = ⟨|W[X](a, b)|⟩b,

where ⟨·⟩b denotes the standard arithmetic
mean value operator with respect to the b.

3. For a self-affine process X(t) with exponent
H, the spectrum W [X](a) should scale as
aH+0.5 [7]. Therefore, to find H + 0.5 we
should plot W [h](a) against scale a in a
log-log plot. As it is pointed out in [7], a
scaling regime consisting of a straight line
in this plot implies a self-affine behavior of
the data.

4. Empirical results

4.1. Time series of news flow intensity

Our data covers the period from January
1, 2015 to September 22, 2015 (i.e. 189 trading
days). We consider all the news released during

this period. Initially we carried out data selection
and cleaning process. The criteria were the
following:

1. We excluded all weekend news from our
analysis as the average amount of a
company week-end’s news is much lower
than the one of the weekdays. The same
picture is true for all companies.

2. We considered only unique news. If a piece
of news is related to a group of companies
then the news will be multiplicated in the
data for every company in the group (for
example, if a news is related to a certain
industry, providers of news analytics will
repeat the news for every company in the
industry). So we counted all multiplicated
news as just one occurrence. Thus, we used
only unique news for our final sample.

3. Eventually, we removed all the news on
the imbalance of supply and demand before
both the opening and the closing of trading
time of different stock exchanges. Such
news are released each trading day at the
same time (usually we can see several
hundreds of news coming out in a short
time at the beginning and at the end of
the trading sessions).

Following [8], we constructed time series of
news flow intensity as follows. We divided 189-
day period ∆ into n non-overlapping consecutive
intervals ∆1, . . . ,∆n of equal (small) longevity
δ minutes, ∆ = ∆1 ∪ . . . ∪ ∆n. We found
xt, the amount of economical and finance news
reported in the world during each segment ∆t,
t = 1, 2, . . . , n. The sequence x1, x2, . . . , xn is
the time series of news flow intensity with the δ
minutes window.

Using the final data sample, we divide the
whole period into non-overlapping consecutive
intervals of equal length δ = 1 and 5 minutes
and calculated the amount of all news during
each interval of time. The total amount of news
released during the 189-day period is equal to

Nonlinear Phenomena in Complex Systems Vol. 19, no. 4, 2016



372 S. P. Sidorov, A. R. Faizliev, and V. A. Balash

2011463. The description statistics of time series
one can find in Table 1.

Table 1. Empirical properties of time series, δ = 1 and
δ = minutes.

δ, minutes 1 5

n 2.7 · 105 5.4 · 104

Mean 7.39 36.95
Minimum 0 0
Maximum 694 804
St. deviation 14.17 46.37
Median 4 24
Skewness 10.24 4.42
Kurtosis 213.47 36.83

Our time series shows that there is no clear
tendency of the daily amount of news for all
companies. Fig. 1 plots an example of news flow
intensity with 1-min window. It is evident that
time series is highly volatile and demonstrates a
non-stationary behavior. Some periods have the
rate of news intensity below the average (e.g.
holidays, Christmas time). On the other hand,
there are periods with high of news intensity,
for example, in the periods of the quarterly
reports and releases of the intermediate figures
and earnings of companies.

4.2. Self-similarity analysis

In this subsection we present the auto-
correlation and self-similarity analysis for time
series of the news flow intensity using DFA and
AWC.

In our empirical analysis we used the time
series of the amount of news per 1 and 5 minutes
as it was described in Subsection 4 4.1 from the
news analytics data set containing the list of all
news. Two data sets shown in Table 1 have been
considered. We used DFA (of order 1) method to
quantify the correlation and scaling properties of
the time series.

Then, we obtained values of F (si) for
different segment lengths si ∈ [101, 104.5] using

DFA.
The problem of choosing an appropriate

length for scaling range has been examined in
the papers [33], [34], [35]. The impact of scaling
range on the effectiveness of some detranding
methods (including DFA and DMA) has been
investigated in the same works. The authors find
the actual scaling range for which the real value of
correlation exponent γ is strictly reproduced. We
used two ranges [101, 104.5] (for 1-min data) and
[101, 104] (for 5-min data) in our analysis. This
values belong to the scaling range recommended
by these papers.

Figures 2 and 3 plot the results of applying
DFA to 1-min time-series for news flow intensity.

Figures 4 and 5 present the log-log plot
of dependance F (s) of s for 5-min time series
obtained by DFA.

It should be noted that DFA method allowed
us to detect the effect of crossover described in
the paper [29]. It means that the correlations of
data do not hold the same scaling law for all
time scales s, i.e. there is one (or maybe more)
crossovers between different scaling regimes. Fig.
3 shows that for 1-min time series (δ = 1) there
is a difference between the values of exponent
α on segment s ∈ [101, 102.5] (α = 0.78) and
segment s ∈ [103.5, 104.5] (α = 0.68). Fig. 5 shows
that for 5-min time series (δ = 1) there is a
difference between the values of exponent α on
segment s ∈ [101, 102.5] (α = 0.88) and segment
s ∈ [103, 104] (α = 0.80).

Figures 6 and 7 plot the results of applying
AWC method to 1-min time-series for news flow
intensity.

Figures 8 and 9 present the log-log plot of
dependance W [X](a) of a for 5-min time series
obtained by AWC method.

The AWC method detects the crossover
effect for 1-min time series (δ = 1). Fig. 7 shows
that there is a difference between the values of
Hurst exponent H on segment s ∈ [101, 102.5]
(α = 0.82) and segment s ∈ [103.5, 104.5] (α =
0.92). Fig. 9 shows that for 5-min time series
(δ = 1) the difference between the Hurst exponent
H on segment s ∈ [101, 102.5] (H = 0.85) and
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FIG. 1: Dynamics of news flow intensity (September 22, 2015).
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DFA, δ = 1

0.74 log s+ 0.31, R2 = 0.99

FIG. 2. logF (s) versus log s for the DFA estimation
method, δ = 1, with one regression. (in color)

segment s ∈ [103, 104] (H = 0.86) is small.
In this paper we carry out the analysis of

long-range correlations for time series of news
flow intensity (with 1-min and 5-min frequencies).
We estimate the Hurst exponent by two methods
– DFA and AWC. Tables 2, 3 show that both
methods (AWC and DFA) give almost identical
estimates of the Hurst exponent on the whole
scale of s both for 1 min and 5 min time series.

1.5 2 2.5 3 3.5 4 4.5

1.5

2

2.5

3

3.5

log s

DFA, δ = 1

0.78 log s+ 0.22, R2 = 0.99

0.68 log s+ 0.48, R2 = 0.99

FIG. 3. logF (s) versus log s for the DFA estimation
method, δ = 1, with two regression. (in color)

The differences between estimates for Hurst
exponent obtained by means of two different
methods are less than 0.02. It should be noted
that regression errors are very small and the value
of R2 is close to 1 for both methods.

We remark that both methods let us detect
the so called crossover effect. Therefore, we
conduct the estimation of the Hurst exponent
both on small and big scales separately. It should
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Table 2. Estimates of the Hurst
exponent, δ = 1 min

s DFA AWC
s < 210 0.783 0.819
s > 210 0.683 0.916
23 < s < 215 0.737 0.744

Table 3. Estimates of the Hurst
exponent, δ = 5 min

s DFA AWC
s < 28 0.877 0.847
s > 28 0.801 0.86
23 < s < 213 0.738 0.718

1.5 2 2.5 3 3.5 4

2

2.5

3

3.5

log s

DFA, δ = 5

0.74 log s+ 0.84, R2 = 0.99

FIG. 4. logF (s) versus log s for the DFA estimation
method, δ = 5, with one regression.

1.5 2 2.5 3 3.5 4

2

2.5

3

3.5

log s

DFA, δ = 5

0.88 log s+ 0.62, R2 = 0.99

0.80 log s+ 0.57, R2 = 0.99

FIG. 5. logF (s) versus log s for the DFA estimation
method, δ = 5, with two regression.

be noted that the crossover effect matches with
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log s

AWC, δ = 1

1.24 log s+ 0.80, R2 = 0.99

FIG. 6. logW [X](a) versus log a for AWC estimation
method, δ = 1, with one regression.

1.5 2 2.5 3 3.5 4 4.5
2

3

4

5

6

7

log s

AWC, δ = 1

1.32 log s+ 0.67, R2 = 0.99

1.42 log s+ 0.05, R2 = 0.99

FIG. 7. logW [X](a) versus log a for AWC estimation
method, δ = 1, with two regression. (in color)

1 day period (or 24 hours). Estimates of the
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1.5 2 2.5 3 3.5 4

3

4

5

6

log s

AWC, δ = 5

1.22 log s+ 1.41, R2 = 0.99

FIG. 8. logW [X](a) versus log a for AWC estimation
method, δ = 5, with one regression.
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1.35 log s+ 1.20, R2 = 0.99

1.36 log s+ 0.87, R2 = 0.99

FIG. 9. logW [X](a) versus log a for AWC estimation
method, δ = 5, with two regression. (in color)

Hurst exponent for small scale (less than one
day period) obtained by DFA and AWC are very
close with differences less than 0.04 (both for 1
min and 5 min data sets). On the other hand,
estimates of the Hurst exponent for bigger scales
(more than one day period) are quite different
(especially for 1 min data set). Estimates obtained
by AWC method show that on the right hand
side of crossover effect, long range correlation is

becoming stronger (estimates of Hurst exponent
are increasing). Contrary to that, estimates
obtained by DFA method indicate a decrease in
the length of the correlation. Perhaps, the DFA
method gives not quite accurate estimates of the
Hurst exponent while applied on large scales (to
get more accurate estimates it is necessary to
increase the size of the sample).

It can be concluded that both methods
showed the presence of a long-range correlation
in time series of news flow intensity (it follows
from the fact that estimates of Hurst exponent
are more than 0.5 at least on the scale 1 <
log s < 4.5, i.e. from several minutes to dozen
of days). Usage of large scales makes it possible
to detect the crossover effect. Note that in this
study, in addition to DFA method we also applied
DFA methods of order 2 and order 3 (i.e., we
detranded time series by quadratic and cubic
polynomials, respectively). The results obtained
by DFA methods of order 2 and order 3 were not
included in the paper, since both methods have
proved to be less stable compared to the DFA
which uses a simple linear trend.

It should be noted that estimates of Hurst
parameter in the paper [8] were obtained for the
earlier period from September 1, 2010 to October
29, 2010. Due to the fact that the paper [8]
showed no difference in the results for original
and deseasonalized time series, in this paper we
did not carry out the analysis of deseasonalized
time series. Note that the empirical results of this
paper fully comply with our earlier estimates of
the long-range correlation parameter obtained in
[8].

5. Conclusion

In this paper we examine the presence of
long-range correlation of economic and financial
news flow intensity using DFA and AWC. As
well as the results of [8], the empirical results
of this paper show that news flow time series
exhibit the long-range power-law correlation. The
paper shows that the behavior of long range

Nonlinear Phenomena in Complex Systems Vol. 19, no. 4, 2016
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dependence for time series of news intensity in the
recent period from January 1, 2015 to September
22, 2015 did not change in comparison to the
period from September 1, 2010 to October 29,
2010. Moreover, the change of the news analytics
provider and the consideration of more recent

data did not significantly affect the estimates of
the Hurst exponent. The results show that the
self-similarity property is a stable characteristic
of the news information flow which serves the
financial industry and stock markets.
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