
Fractal Markets Hypothesis and the
Global Financial Crisis: Wavelet Power
Evidence
Ladislav Kristoufek1,2

1Institute of Economic Studies, Faculty of Social Sciences, Charles University in Prague, Opletalova 26, 110 00, Prague, Czech
Republic, EU, 2Institute of Information Theory and Automation, Academy of Sciences of the Czech Republic, Pod Vodarenskou vezi 4,
182 08, Prague, Czech Republic, EU.

We analyze whether the prediction of the fractal markets hypothesis about a dominance of specific
investment horizons during turbulent times holds. To do so, we utilize the continuous wavelet transform
analysis and obtained wavelet power spectra which give the crucial information about the variance
distribution across scales and its evolution in time. We show that the most turbulent times of the Global
Financial Crisis can be very well characterized by the dominance of short investment horizons which is in
hand with the assertions of the fractal markets hypothesis.

C
ritical events and turbulences on the financial markets have always attracted attention of financial
researchers as these are the biggest challenges for prevailing theories and potentially good starting points
for new paradigms. The efficient markets hypothesis1 has been a cornerstone of mainstream financial

economics for decades even though it provides no testable predictions about extreme events and even considers
them highly improbable (or even non-existent)2,3. In this paper, we try to resurrect the practically forgotten fractal
markets hypothesis4 and test whether its predictions about dominance of specific investment horizons during the
turbulent times hold in practice. To do so, we assume that an increased volatility is a reflection of an increased
trading activity5,6 and utilize the continuous wavelet transform analysis to get the wavelet power spectra, which
can be interpreted as a scale- and time-characteristic variance. Wavelets have been widely used across various
disciplines – cardiology7,8, genetics9,10, geophysics11, neurology12, traffic modeling13, economics14 and others.
Using wavelets methodology, we are able to comment on evolution of trading activity in time but importantly
also across scales and we show that predictions of the fractal markets hypothesis are indeed observed during the
latest turbulences on the financial markets.

The current Global Financial Crisis (2007 onwards) has once again showed that an ongoing growth of financial
asset prices is not limitless. Commenced in the USA, the uncertainty about the future economic prospects has
spread globally. During the most turbulent times, the major stock indices decreased considerably and lost usually
around 50% of their 2007 peak values during the 1.5 year long decline. According to the mainstream efficient
markets hypothesis (EMH), such a crisis should have never happened because investors are assumed to price the
assets rationally and with respect to all available information1,15. Moreover, investors are assumed to be homo-
geneous so that the arriving information has the same effect on all investors. However, it is well known that
market participants are greatly heterogenous with investment horizons ranging from a fraction of seconds and
minutes (market makers, noise-traders) up to several years (pension funds). Investors with short investment
horizons focus on technical information and crowd behavior of other market participants. On the other hand,
investors with long investment horizons base their decisions on fundamental information and care little about the
crowd behavior. In turn, the financial markets become highly complex systems, which are rather hard to be
analyzed with standard linear methods.

The fractal markets hypothesis (FMH), on contrary, is based on empirically observed characteristics of the
financial markets and thus considers the market to consist of heterogenous agents who react to the inflowing
information with respect to their investment horizon4,16,17. What is considered a negative information and thus a
selling signal for an investor with short horizon might be a buying opportunity for an investor with long horizon,
and vice versa. If a sufficient number of buyers and sellers trade and are efficiently cleared in the market
mechanism, a smooth functioning of this market is guaranteed. This brings us to the crucial notion of FMH –
liquidity. If investment horizons are uniformly represented in the market (i.e. there is a sufficient number of
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investors at a wide range of investment horizons), then supply and
demand for assets are met, market works efficiently and remains
stable. However, if an investment horizon (or a group of horizons)
becomes dominant, buying and selling orders are not efficiently
cleared and extreme events are likely to occur18–21. Therefore, FMH
directly predicts that critical events are connected to dominating
investment horizons. It is then straightforward that short investment
horizons should dominate during financial turmoils and that is for
two possible reasons – (i) the long-term investors panic and start
selling as a reaction to the negative news and crowd behavior, and in
turn activity at short horizons increases compared to the long ones,
and/or (ii) the long-term investors stay out of the market until the
situation calms making the short horizons dominant. To uncover
whether this prediction of FMH is correct for the Global Financial
Crisis (GFC) of the late 2000s, we apply the continuous wavelet
transform procedure on developed and liquid world stock indices
– the USA is represented by NASDAQ, the UK by FTSE, continental
Europe by French CAC and German DAX, and Asia by HSI of Hong
Kong and Japanese NIKKEI – between 3.1.2000 and 31.5.2013.

The basic idea behind application of wavelets on the financial pro-
cesses is their ability to analyze the underlying process both in the time
and frequency domain. In a similar manner as the standard Fourier
analysis, the series is decomposed into frequencies and a scale-specific
power is obtained. However, the wavelets add a significant improve-
ment over the Fourier analysis as they provide a way to study how this
scale-specific power evolves in time (for more technical details, see the

Methods section). In terms of financial economics, the wavelet power
can be understood as a scale-specific variance. Compared to the
standardly used techniques such as various versions of (generalized)
autoregressive conditional heteroskedasticity models22,23, we obtain
information about time evolution of variance as well as its distribution
across frequencies (scales). According to the FMH arguments, we
should observe increased power at low scales (high frequencies) during
the critical periods. Moreover, we might observe a changing structure
of variance across frequencies before the turbulences due to the chan-
ging structure of investors’ activity as reported in our previous study24.

Results
To show whether the predictions of the fractal markets hypothesis
hold, we analyze six developed (liquid) world indices. The USA is
represented by NASDAQ Composite Index (NASDAQ). The UK is
covered by FTSE 100 Index (FTSE). Continental Europe is repre-
sented by stock indices of two most developed Eurozone countries –
German DAX (DAX) and French CAC 40 (CAC). Asia is represented
by two stock indices – Hang Seng Index (HSI) of Hong Kong and
Japanese NIKKEI 225 (NIKKEI). The analyzed period ranges
between 3.1.2000 to 30.5.2013, which attributes around 3400 obser-
vations for each index. Evolution of index values is illustrated in
Figs. 1–6. We can see that the indices have evolved similarly but there
are several distinct features for each market.

NASDAQ as primarily a technological index was most severely hit
by the DotCom bubble at the break of the millennium and it

Figure 1 | Wavelet power spectrum for NASDAQ. Significant wavelet powers against the null hypothesis of a red noise are marked off by a bold black

line. Cone of influence separates the spectrum into two – a top (pale) part where the inference is less reliable and a bottom part (colorful) where the results

are reliable. The hotter the color, the higher the power (variance) at the specific scale (y-axis) and time (x-axis). Statistically significant regions are

bordered by a thick black curve. As the data resolution is daily, the scales are in day units. Wavelet power is shown for the whole analyzed period (upper

chart) together with evolution of the index value (bottom chart). Dominance of high frequencies is evident for the most turbulent times of the GFC but

also for other critical trend changes and corrections so that the results are in hand with fractal markets hypothesis predictions.

www.nature.com/scientificreports

SCIENTIFIC REPORTS | 3 : 2857 | DOI: 10.1038/srep02857 2



Figure 2 | Wavelet power spectrum for FTSE. Labeling and qualitative results hold from the NASDAQ case.

Figure 3 | Wavelet power spectrum for CAC. Labeling and qualitative results hold from the NASDAQ case.
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Figure 4 | Wavelet power spectrum for DAX. Labeling and qualitative results hold from the NASDAQ case.

Figure 5 | Wavelet power spectrum for HSI. Labeling and qualitative results hold from the NASDAQ case.
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plummeted from its highs around 5000 points down to 1000 points at
the end of 2002 when a slow but steady increasing trend began and
persisted up to the point of the current Global Financial Crisis.
Regardless the after-DotCom growth, the heights reached before
the current crisis were only around a half of the 2000 peak. FTSE
index underwent a similar path loosing around 50% during the per-
iod after the DotCom bubble. Compared to NASDAQ, the decrease
was more gradual. In a similar manner, the DotCom deflation of the
index was followed by a continuous growth which was much more
profound compared to NASDAQ as the 2000 heights were reached in
the half of 2007. After the Lehman Brothers collapse, the index
plunged to the levels experienced after the DotCom bubble.
However, the index has recovered quite rapidly and as of half of
2013, the peaks of 2000 and 2007 have been reached again. In com-
parison to the NASDAQ index, FTSE experienced an additional
correction in the second half of 2011. This correction can be seen
for all European indices and it is connected to the debt crisis of the
EU (the Greek crisis, the PIIGS – Portugal, Italy, Ireland, Greece,
Spain – crisis, and the Eurozone crisis to mention some other names).
This dip in the index value is evident also for CAC and DAX but not
so much for the non-European NASDAQ, HSI and NIKKEI. CAC
and DAX indices can be described in the same words as the FTSE
index which shows the interconnection between the European mar-
kets. HSI index shows a very different picture. Even though the global
downturn of the beginning of the millennium is reflected here as well,
the surge of the index after 2003 up to late 2007 is much more
profound. Nonetheless, the Global Financial Crisis breakdown is
evident here in the same proportions as for the other indices. Even
until the half of 2013, the index has not recovered and the market has
stabilized at around 65% of its 2007 peak value. NIKKEI follows the
dynamics of the European indices in the beginning of 2000s and of
the NASDAQ index during the GFC. The market was not able to

recover from the GFC downturn for practically four years and only
recently, it has started an explosive growth since the end of 2012 most
likely connected to the changing direction of the economic policies in
Japan.

Figs. 1–6 depict the wavelet power spectra for the logarithmic
returns of the analyzed indices. In the charts, the significance of
the wavelet powers is tested against the null hypothesis of a red noise
(AR(1) process)25,11, which is considered sufficient for the financial
series – areas of the significant power are bordered by a bold black
curve. For finite series as the ones analyzed, we arrive at the limitation
of wavelets at high scales where the transforms cannot be efficiently
calculated. The so-called cone of influence marked with paler colors
separates the time-frequency space into two – the lower one where
the inference is reliable and the upper one where it is not. For the
interpretation of the powers, the hotter the color the higher the
power (variance) for the particular scale and time.

For all the analyzed indices, we observe at least two common
features. Firstly, most of the time, there is no scale-characteristic
power which can be distinguished from a pure noise so that no
investment horizon dominates. This is true mainly for the period
between 2003 and the first half of 2008. Note that this period is
connected to a very stable growth after the long-lasting decline fol-
lowing the DotCom bubble. The period is thus connected to a uni-
formly distributed activity at separate investment horizons (or at
least, there is no dominating horizon), which is well in hand with
FMH. The whole period between 2003 and 2008 is characterized by
low total variance at all frequencies and the colors of the power
spectra remain cold. Secondly, the turning point between the post-
DotCom decreases and the upcoming upward trends is connected
with an increased power at high frequencies. This is true for the
European and the US indices, the Asian indices do not experience
such behavior. Note that for all the indices, the frequent dips in the

Figure 6 | Wavelet power spectrum for NIKKEI. Labeling and qualitative results hold from the NASDAQ case.
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market are connected with a short-term increased power at the high-
est frequencies, which shows that these short-lived corrections of the
markets are mainly dominated by the short-term investors. Note also
that the wavelet power of NASDAQ displays a rather erratic behavior
during the DotCom bubble which only highlights the fact that
NASDAQ has been the market which was most severely hit by the
DotCom bubble bursting.

Turning now to the current Global Financial Crisis, recall that the
biggest movements occurred after the bankruptcy of Lehman
Brothers on 15.9.2008. In Figs. 1–6, we can see that mainly the period
between September and December 2008 is strongly dominated by an
increased energy at the highest frequencies. Even though the variance
increases at more scales, the dominance of the very low scales is
apparent (very hot colors even bordering with black for October
and November 2008) and is again in hand with the predictions of
FMH – the turbulent times are connected with the dominance of
specific investment horizons so that the efficient market clearing is
not possible. The situation calmed around May 2009 where the total
variance decreased markedly.

Apart from the most severe periods of the GFC, we also observe a
changing structure of the active participants at the European stock
markets during the second half of 2012. Note that during this period,
the Eurozone and the EU in general underwent probably the most
severe financial and economic turmoil of its existence. The situation
is known by various names as the symptoms were many – the EU
debt crisis, the PIIGS (for Portugal, Ireland, Italy, Greece and Spain as
the most troublesome countries in that times) crisis, the Greek crisis
and several more. The fact that this crisis was geographically specific
is well illustrated in its effects being seen only for CAC, DAX and
FTSE. Again the dominance of the shortest investment horizons is
evident.

Discussion
In summary, we have analyzed whether the prediction of the fractal
markets hypothesis about the dominance of specific investment hor-
izons during the turbulent times holds. To do so, we have utilized the
continuous wavelet transform analysis and the wavelet power spectra
which give crucial information about the variance distribution across
scales and its evolution in time. We have showed that the most
turbulent times of the current Global Financial Crisis can be very
well characterized by the dominance of short investment horizons
which is well in hand with the fractal markets hypothesis. Misbalance
between short and long investment horizons thus created a tension
between supply and demand, leading to decreased liquidity which
has been repeatedly shown to lead to occurrence of extreme
events18–21. Fractal markets hypothesis is thus able to describe events
of the Global Financial Crisis in a more satisfying way than the
mainstream efficient markets hypothesis.

Methods
Data. Daily logarithmic returns rt 5 log(Ct) 2 log(Ot), where Ct and Ot are closing
and opening prices, respectively, are analyzed between 3.1.2000 and 31.5.2013. The
US stock markets are represented by NASDAQ Composite Index (ticker symbol
IXIC). The European stock markets are covered by CAC 40 (FCHI), DAX (GDAXI)
and FTSE 100 (FTSE) and the Asian ones by Hang Seng Index (HSI) and NIKKEI 225
(N225). All series were obtained from http://finance.yahoo.com.

Wavelet. A wavelet yu,s(t) is a real-valued square integrable function defined as

yu,s tð Þ~
y

t{u
s

� �
ffiffi
s
p ð1Þ

with scale s and location u at time t. Any time series can be reconstructed back from its
wavelet transform if the admissibility condition

CY~

ðz?

0
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f
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holds, where Y(f) is the Fourier transform of a wavelet. Wavelet has a zero mean so
that

Ðz?
{? y tð Þdt~0 and is usually normalized so that

Ðz?
{? y2 tð Þdt~1. To obtain the

continuous wavelet transform Wx(u, s), a wavelet y(.) is projected onto the examined
series x(t) so that
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where y*(.) is a complex conjugate of y(.). Importantly, the continuous wavelet
transform decomposes the series into frequencies and can then reconstruct the
original series so that there is no information loss, and energy of the examined series is
maintained as well, i.e.

x tð Þ~
Ðz?

0
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{? Wx u, sð Þyu,s tð Þduds

s2CY
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xj jj j2~
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0
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{? Wx u, sð Þj j2duds

s2CY
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where jWx(u, s)j2 is the wavelet power at scale s . 0.
There is a large number of specific wavelets26 out of which we choose the Morlet

wavelet standardly used in the economic and financial applications14,27–29. The Morlet
wavelet with a central frequency v0 is defined as

y tð Þ~ eiv0 t{t2=2

p1=4
ð6Þ

and for v0 5 6, it provides a good balance between the time and frequency local-
ization11.
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