ResearchGate

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/343505720
How well the log periodic power law works in an emerging stock market?

Article in Applied Economics Letters - August 2020

DOI: 10.1080/13504851.2020.1803484

CITATIONS READS
2 693
4 authors:
Bikramaditya Ghosh Dimitris Kenourgios
o RV Institute of Management National and Kapodistrian University of Athens
46 PUBLICATIONS 193 CITATIONS 103 PUBLICATIONS 1,914 CITATIONS
SEE PROFILE SEE PROFILE
Antony Francis Suman Bhattacharyya
Christ University, Bangalore Christ University, Bangalore
1 PUBLICATION 2 CITATIONS 6 PUBLICATIONS 7 CITATIONS
SEE PROFILE SEE PROFILE

Some of the authors of this publication are also working on these related projects:

Project Predictive Machine Learning in Finance View project

Assessing the impact of the International Financial Reporting Standards (IFRS) adoption on the European banking industry credit supply and performance. View
Project
project

All content following this page was uploaded by Bikramaditya Ghosh on 11 August 2020.

The user has requested enhancement of the downloaded file.


https://www.researchgate.net/publication/343505720_How_well_the_log_periodic_power_law_works_in_an_emerging_stock_market?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/343505720_How_well_the_log_periodic_power_law_works_in_an_emerging_stock_market?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/project/Predictive-Machine-Learning-in-Finance?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/project/Assessing-the-impact-of-the-International-Financial-Reporting-Standards-IFRS-adoption-on-the-European-banking-industry-credit-supply-and-performance?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Bikramaditya-Ghosh?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Bikramaditya-Ghosh?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Bikramaditya-Ghosh?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Dimitris-Kenourgios?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Dimitris-Kenourgios?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/National-and-Kapodistrian-University-of-Athens?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Dimitris-Kenourgios?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Antony-Francis?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Antony-Francis?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Christ-University-Bangalore?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Antony-Francis?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Suman-Bhattacharyya-2?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Suman-Bhattacharyya-2?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Christ-University-Bangalore?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Suman-Bhattacharyya-2?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Bikramaditya-Ghosh?enrichId=rgreq-e9d44375cb43a43d4ba1ca257fe33900-XXX&enrichSource=Y292ZXJQYWdlOzM0MzUwNTcyMDtBUzo5MjMyNTg3ODY0MjY4ODJAMTU5NzEzMzQ1NjM1NQ%3D%3D&el=1_x_10&_esc=publicationCoverPdf

Routledge

3
El
g Taylor &Francis Group

Applied Economics Letters

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/rael20

How well the log periodic power law works in an
emerging stock market?

Bikramaditya Ghosh , Dimitris Kenourgios , Antony Francis & Suman
Bhattacharyya

To cite this article: Bikramaditya Ghosh , Dimitris Kenourgios , Antony Francis & Suman
Bhattacharyya (2020): How well the log periodic power law works in an emerging stock market?,
Applied Economics Letters, DOI: 10.1080/13504851.2020.1803484

To link to this article: https://doi.org/10.1080/13504851.2020.1803484

% Published online: 06 Aug 2020.

\g
CJ/ Submit your article to this journal &

A
h View related articles &'

@ View Crossmark data (&'

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=rael20


https://www.tandfonline.com/action/journalInformation?journalCode=rael20
https://www.tandfonline.com/loi/rael20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/13504851.2020.1803484
https://doi.org/10.1080/13504851.2020.1803484
https://www.tandfonline.com/action/authorSubmission?journalCode=rael20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=rael20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/13504851.2020.1803484
https://www.tandfonline.com/doi/mlt/10.1080/13504851.2020.1803484
http://crossmark.crossref.org/dialog/?doi=10.1080/13504851.2020.1803484&domain=pdf&date_stamp=2020-08-06
http://crossmark.crossref.org/dialog/?doi=10.1080/13504851.2020.1803484&domain=pdf&date_stamp=2020-08-06

APPLIED ECONOMICS LETTERS
https://doi.org/10.1080/13504851.2020.1803484

Routledge

Taylor & Francis Group

39031LN0Y

ARTICLE

W) Check for updates

How well the log periodic power law works in an emerging stock market?
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ABSTRACT

A growing body of research work on Log Periodic Power Law (LPPL) tries to predict market bubbles
and crashes. Mostly, the fitment parameters remain confined within certain specific ranges. This
paper examines these claims and the robustness of the reformulated LPPL model of Filimonov &
Sornette (2013) for capturing large falls in the S&P BSE Sensex, an Indian heavyweight index over
the period 2000-2019. Thirty-five mid to large-sized crashes are identified during this period,
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log-periodic power law; fit
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forming a clear LPPL signature. This confirms the possibility to predict the embedded risk of future
uncertain events in the Indian stock market with the LPPL approach.

I. Introduction

Crash predictor model development has been in
demand for many decades now. Extensive work
from three researchers back in 1996 introduced
a critical observation, which could probably unearth
the reasons for endogenous crashes (Sornette,
Johansen, and Bouchaud 1996). They’ve observed
that bourses (during a speculative bubble) move in
line with a clear power law signature having an
embedded log-periodic oscillation (LPPL) and the
climax of such oscillation results in the inevitable
crash. Various studies on LPPL provide certain fun-
damental assumptions: (1) Traders of financial mar-
kets tend to influence each other mutually,
a behaviour that gives birth to bubble followed clo-
sely by a crash (Johansen, Ledoit, and Sornette
2000); (2) Crashes tend to be preceded by ‘uncanny’
bubbles, however, both the bubble as well as the
crash could be identified by LPPL in specific situa-
tions and for specific bounds (Geraskin and
Fantazzini 2013); (3) More often than not, para-
meters are found to be sufficient to identify between
LPPL fits which precede a crash from those fits
which do not (Johansen and Sornette 2001).

LPPL model not only help in predicting bubble
and anti-bubble, but also can work to detect the crash
points (climax of the bubble). It has been observed

that the large drawdown or large cumulative losses
follow a completely different probability density dis-
tribution compared to the smaller and more regular
tinier drawdowns (Geraskin and Fantazzini 2013).
The smaller drawdowns are more regular and indi-
cate normal market regime. Interestingly, it has been
noted that for almost two-third of the large draw-
downs, the prices or log returns do follow a power
law behaviour; this means they go up exponentially
higher bounds in virtually no time immediately
before the eventual crash.

A number of empirical studies on developed coun-
tries’ stock returns (Zhou and Sornette 2003; Kurz-
Kim 2012; Bree and Joseph 2013) applied the basic
LLPL model and proved the existence of log-periodic
structures. In this paper, we differentiate and test the
robustness of the LPPL following the reformulated
version of LPPL calibrations proposed by Filimonov
and Sornette (2013). The aim is to capture large falls in
the S&P Bombay Stock Exchange (BSE) Sensex index
over 18-year period, which includes the 2007-2009
global financial crisis." There is only one relevant
study on this emerging market following the LPPL
(Sarda et al. 2010). However, it has certain shortcom-
ings. Firstly, its parameters were fixed; secondly, the
authors followed the basic JLS model; thirdly, they
followed parameters suggested by Bree and Joseph
(2013) which ideally contradicts JLS construct. That

CONTACT Dimitris Kenourgios @ dkenourg@econ.uoa.gr @ Department of Economics & UoA Center for Financial Studies, National and Kapodistrian
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could possibly be the reason of their poor fitment of
LPPL signature, since they found 6/14 (43% LPPL
signature) crashes from 1997 to 2009 in the Indian
stock market. Instead, we find a profound LPPL sig-
nature in 35 mid- to large-sized crashes, suggesting
a 100% LPPL signature.

The remainder of the paper is organized as fol-
lows: The data and methodology are presented in
section II. Section III presents and discusses the
results. Section IV concludes.

Il. Data and methodology

In this analysis, well consider as many crashes as
possible from daily closing prices of the S&P BSE
Sensex for which the decrease in the value of the
index is greater than 7% of the value of the index on
the previous local minimum of the crash.” The S&P
500 index on which most LPPL tests were conducted
is structurally similar to the S&P BSE Sensex, as
a free-float capitalization method is followed for
both of them. However, the S&P500 is based on
500 global companies, whereas Sensex on top 30
firms in India. By selecting a time period from
3 January 2000 to 18 September 2019, which
includes various economic and political events
occurred not only in India but also worldwide, we
follow the reformulated version of LPPL calibrations
proposed by Filimonov and Sornette (2013). The
classical JLS expression of the Log-Periodic Power
Law quantified as a function of time, t is given by:

yi = A+ B(te — 1) + C(t. — 1) cos (wlog(t. — 1))
+¢
(1)

where t, denotes the most probable time of the
crash, B is the exponential growth, w controls the
amplitude of the oscillations and A, B, C and © are
simply units and carry no structural information. y;
is the price index; y; >0. A expected log price at the
peak when the end of the bubble is reached at
A >0. B is the increase in y; over the time unit before
the crash (amplitude of the power law acceleration);
B < 0. Here, C is the proportional magnitude of the
fluctuations around the exponential growth; |C| < 1.

Again, t. is the critical time; #.>0; t is any time into
the bubble preceding £ t < ¢,.

Fitting the equation to financial data, the log-
periodic oscillation captures the characteristic beha-
viour of a speculative bubble and follows the financial
index to the critical time of a crash. The hallmark of
the equation is the fast-accelerating price of the asset
or index, and when t approaches ¢, the oscillations
occur more frequently with a decreasing amplitude.
The most probable time of the event of a crash is when
t = t, and for t > ¢, the equation transcends to
complex numbers. This precursory pattern makes it
possible to identify the clear signatures of near-critical
behaviour before the crash. Filimonov & Sornette
(2013) proposed a major revision in the formulation
of a classic JLS LPPL construct. This transforms the
model from a function of 3 linear and 4 nonlinear
parameters into a representation with 4 linear and 3
nonlinear parameters (Filimonov and Sornette, 2013).
This amendment was crucial as it decreased both the
fitting procedure and the complexity of the construct.
The fundamental idea was to get rid of some non-
linear parameters and to end the uncanny interdepen-
dence between angular log-frequency w and the phase
(). A reconstructed version of reformulation of the log-
periodic power law (LPPL) equation of the JLS model
of financial bubbles have been introduced by
Filimonov and Sornette (2013) as follows:

yi = A+ B(t. — t)f + C(t. — 1) cos (wlog(t. — 1))
+ Cy(t. — t)P sin (wlog(t. — 1)) )

where, C; = CCos() and C, = CSinl)

After required amendment suggested by
Filimonov & Sornette (2013), LPPL function has
now only three nonlinear (f, w, ) and four linear
parameters such as A, B, C;, C,. Now with the
revised parameters, C; and C,contain formerly
the phase (). These make the model partially linear
and partially ‘quasi-periodic with multiple local
minima’. These would help in investigating the
bubble and predicting the crash in a rare event of
significant regime change. ‘Standard slaving prin-
ciple’ has been used for the four linear parameters
(A, B, C1 and C2) from empirical test. The non-
linear parameters (B, w) were generated through
subordination procedure that captures both of
them.

2The data that support the findings of this study are available from the corresponding author upon reasonable request.



lll. Empirical results

Table 1 presents the restrictions on LPPL parameters,
as appeared in the relevant literature. We've to check
whether all the crashes in the Indian stock market fit
in at the same set of values declared in Table 1 or not.
Fundamental models built such as JLS showcased
model for f = 0.33+-0.18, w = 6.36+-1.56 and ¢ = 0
to 2m. Drawdowns have been calculated using

Table 1. Stylized facts of LPPL.

Parameter Constraint Literature

A (>0) Kuropka and Korzeniowski (2013)
B (<0) Lin, Ren, and Sornette (2014)

G (Cos function) Filimonov & Sornette (2013)

G (Sine function) Filimonov & Sornette (2013)

t (t to o) Kuropka and Korzeniowski (2013)
B (0.1 to 0.9) Lin, Ren, and Sornette (2014)

w (4.8 t013) Johansen (2003)

This table presents the constraints on the LPPL parameters of Equation (2)
used in our empirical analysis.

Table 2. Coefficients of LPPL parameters.

APPLIED ECONOMICS LETTERS (&) 3

Sornette’s method ‘price coarse graining’ algorithm
with e = 0.

Table 2 presents the coefficients of LPPL para-
meters in equation (2). DD or drawdown is the gap
between the local minima to the next local maxima
and is > 7%. Table 3 presents the identified events
behind some of the double-digit crashes. A profound
LPPL signature is observed in all 35 occasions (100%
LPPL signature) in S&P BSE Sensex from 2000 to
2019 (no false positives were found). Extremely lower
levels of Root Mean Square Errors (RMSE) in all 35
cases support the accuracy of our fitment. It has been
found empirically that all 35 past crash instances
occurred with the following three stylized facts:

(1) B =0.5240.38
(2) =9.29 4 3.39
(3) Drawdown (%) as 7%

DD
Critical Time t B w A B G (e (%) RMSE
17-07-2000 411 0.7 8.2 8.5 0.0 0 0 —14% 0.01
11-09-2000 23.1 0.2 8.1 8.5 0.0 0 0 —-23% 0.01
20-02-2001 86.9 0.4 1.8 8.8 -0.2 0 0 —25% 0.01
17-05-2001 25.1 0.7 8.8 8.2 0.0 0 0 -31% 0.02
07-02-2002 100.1 0.4 10.0 8.2 0.0 0 0 —-23% 0.02
27-12-2002 463 0.2 7.0 8.2 0.0 0 0 ~12% 0.01
09-12-2003 150.9 08 6.8 8.9 0.0 0 0 —27% 0.02
07-03-2005 208.5 03 124 8.9 0.0 0 0 —~10% 0.02
19-09-2005 100.9 0.2 93 9.1 0.0 0 0 —13% 0.01
19-04-2006 115.0 0.8 10.9 9.5 0.0 0 0 —29% 0.02
07-03-2007 186.3 0.6 6.7 8.0 46%10° -46%10° 977 -15% 0.02
10-07-2007 80.0 0.6 7.2 8.7 396.2 7 -8 -11% 0.02
03-01-2008 933 0.7 85 9.9 0.0 0 0 —29% 0.02
16-10-2009 304 0.7 7.9 9.8 0.0 0 0 -11% 0.01
05-01-2010 435 08 6.6 9.8 0.0 0 0 -11% 0.01
29-03-2010 333 0.7 123 9.8 0.0 0 0 -11% 0.01
09-11-2010 1246 08 9.9 9.4 149 0 -1 —-9% 0.01
31-12-2010 27.9 0.8 10.2 9.9 0.0 0 0 —~15% 0.01
21-04-2011 50.2 0.2 9.2 9.8 1.57*10* -5331 -2845 -10% 0.02
07-07-2011 138 0.2 94 9.8 0.0 0 0 -17% 0.00
19-09-2011 153 03 7.1 9.7 0.0 0 0 7% 0.01
28-10-2011 16.7 0.6 124 9.8 0.0 0 0 —~15% 0.01
06-02-2012 346 0.9 7.2 9.8 0.0 0 0 —12% 0.01
28-01-2013 1586 0.4 10.9 9.9 0.0 0 0 —9% 0.01
30-05-2013 36.5 08 9.6 9.9 0.0 0 0 —8% 0.01
16-07-2013 17.9 03 7.7 9.9 0.0 0 0 ~12% 0.01
29-01-2015 348.8 0.9 122 103 0.0 0 0 7% 0.02
13-04-2015 11.0 0.6 7.9 10.3 0.0 0 0 —9% 0.00
21-07-2015 53.1 0.2 6.6 103 0.0 0 0 —13% 0.01
23-10-2015 3238 0.5 9.1 10.2 0.0 0 0 7% 0.01
02-12-2015 23.6 03 9.9 9.7 0.0 0 0 —12% 0.01
07-09-2016 152.4 03 127 10.3 0.0 0 0 -11% 0.01
29-01-2018 2989 06 8.9 10.5 0.0 0 0 —12% 0.01
20-08-2018 102.6 0.5 10.9 10.6 0.0 0 0 —14% 0.01
03-06-2019 1473 0.1 1.2 104 225.8 -15 34 —-9% 0.01

This table presents the estimates of all the parameters of equation (2) in the text. DD or drawdown is the gap between the local minima to the next local
maxima and is 27%. RMSE is the Root Mean Square Error. All estimates have been generated by the authors using Python language in Anaconda program

with project Jupyter notebook.

3Drawdown is the cumulative loss from one local maximum to the immediate next minimum; a size that is above the threshold ‘e’.
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Hence, these stylized facts can be used to predict
exact time of crashes in Indian context. Most of
the pointers as per Table 3 hint mostly towards
five cardinal events: economic/financial crises, com-
modity and currency crises, geo-political issues
(cross-border transactions) and Central Bank’s deci-
sion about liquidity management. These set of infor-
mation are largely qualified as shocks, thus ending
the so-called ‘wobbling bubbles’ (as formed in
phases and upward trending cyclical movements)
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and forming a clear LPPL signature. We provide
evidence that ‘drawdown outlier’ is nothing but the
end of a speculative unsustainable wobbling bubble
which has been generated endogenously (Johansen
and Sornette 2001). Therefore, our empirical analy-
sis clearly shows that the price function of S&P BSE
Sensex as an individual entity is characterized by
a power law.

Figure 1 presents the graphical fitment of the refor-
mulated LPPL model on various chosen drawdowns

Figure 1. Fitment of reformulated LPPL model.
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Figure 1. (Countinued).

>7% as D1, D2, D3, etc. The LPPL fittment is in blue,
while the actual BSE Sensex index movement in
orange. This figure is an ensemble of all 35 crashes
and respective LPPL fittment.

IV. Conclusion

Following the revised Log Periodic Power Law
(LPPL) model of Filimonov & Sornette (2013),
we’ve found profound LPPL signature in all 35 occa-
sions (100% LPPL signature) in the Indian stock

market from 2000 to 2019. It has been observed
empirically that ‘drawdown outlier’ is nothing but
the end of a speculative unsustainable wobbling
bubble which has been generated endogenously
(Johansen and Sornette 2001). Extremely lower
levels of RMSE in all 35 cases proved the accuracy
of our fitment. These findings imply that risk man-
agers, foreign portfolio investors, foreign institu-
tional investors, qualified institutional buyers all
can predict the embedded risk of uncertain events
in Indian stock markets with this LPPL signature.
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