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Fig. 2. Noncumulative frequency-area distributions for actual forest fires and wildfires in the United

States and Australia: (A) 4284 fires on U.S. Fish and Wildlife Service lands (1986-1995) (9), (B) 120 fires

in the western United States (1150-1960) (70), (C) 164 fires in Alaskan boreal forests (1990-1991)

(77), and (D) 298 fires in the ACT (1926-1991) (12). For each data set, the noncumulative number of

fires per year (—dN ./dA;) with area [A;] is given as a function of A, (73). In each case, a reasonably

good correlation over many decades of A, is obtained by using the power-law relation (Eq. 1) with «
= 131 to 1.49; —« is the slope of the best-fit line in log-log space and is shown for each data set.

Malamud et al., Science 281 (1998)
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Complementary DF of DJ—daily pos.(line), n=14949 and neg. (pointwise), n=13464
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Power laws and large risks

underestimation of the real risks

Markowitz mean-variance portfolio
Black-Scholes option pricing and hedging
Asset valuation (CAPM, APT, factor models)
Financial crashes




Stylized facts for financial data

Distributions with heavy
tails

Clusters of volatility,
Multifractality,
everage effect,

Super-exponential
growth of speculative
bubbles.




Empirical Results about the
Distributions of Returns

 Models in terms of Regularly varying distributions:

Prir, > x|=£c(x)-x* (u~3-4)

Longin (1996) , Lux (1996-2000), Pagan (1996), Gopikrishnan et al. (1998)...

e Models in terms of Welbull-like distributions:

Pr[ X] eXp[ L£(X) - x] (c <1)

Mantegna and Stanley (1994), Ebernlein et al.(1998), Gouriéroux and Jasiak (1998),
Laherrere and Sornette (1999)... 8




Implications of the two models

 Practical conseguences :
*Extreme risk assessment,
Multi-moment asset pricing methods.

Dow Jones Daily Return, 1896-2000 Dow Janes Daily Return, 1896-2000
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Main Results

o For sufficiently high thresholds, both the Power laws and
Weibull distributions comply with the data.

e For both models, the evolution of the parameters Is not
exhausted at the end of the range of available data.

Dow Jones, Daily returns, 1896-2000 — positive tail Power law
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Value@Risk confidence level = 1%

Monthly Data Realised losses <-VaR

>3 years 2528 Hedge funds (126100 mths) 0.97%
5000 simulated portfolios of 100 funds 0.96%
5000 simulated portfolios of 25 funds 0.97%

2 years 3067 Hedged Funds (156912 mths) 1.17%

1 year 3067 Hedged Funds (156912 mths) 1.53%

™
Tra CI( Va I ue INSIGHT @ RESEARCH

Software for funds of funds risk management

Value@Risk confidence level = 5%

Monthly Data Realised losses <-VaR

>3 years 2528 Hedge funds (126100 mths) 4.86%
5000 simulated portfolios of 100 funds 4.86%
5000 simulated portfolios of 25 funds 4.87%

2 years 3067 Hedged Funds (156912 mths) 5.09%

1 year 3067 Hedged Funds (156912 mths) 5.79%




Dowr Jones Index Returns Jan. 2nd 1980-Dec. 315t 1987
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Causal cascade of volatility from large to small time scales

At (5 min)




The multiplicative cascade
paradigm

O X(At) = N6, X (1) = Wa6 X (t)

e )W-cascades (wavelet cascade)

1n (1) SLX Integral scale L= 2 months

= 2 months
(2)

x W

1 month

= 1/2 month

Increment (wavelet) scale-time space

T w

1/4 month 1 month




*Heavy tail is consequence of long-range time dependence

Self-consistent coherent description of PDF and dependences at all
scales simultaneously
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Linear response to an external shock
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D. Sornette, Y. Malevergne and
J.F. Muzy

Volatility fingerprints of large
shocks: Endogeneous versus
exogeneous,

Risk Magazine (2003)
(http://arXiv.org/abs/cond-
mat/0204626)
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Forecasting historical and implied volatility with the MRW

horizon = 1,10, 20, 120 days and scale = 1, 10, 20, 120 days,
1 day, 10 days, one month and six months future volatilities

Comparison with RiskMetrics and GARCH(1,1)
SP 500 index : 28/12/61 — 25/04/00

s=1day, h=...

Historic

Garch(1,1)

MRWlin

MRWlog

RMSE 10 days

1 month
6 months

+37.41
+37.65
+37.17

-0.09
-0.66
-2.57

-1.67
-1.92
-2.42

-1.97
-2.06
-2.35

MAE 10 days
1 month
6 months

+20.38
+20.92
+18.35

-4.24
-6.80
-17.42

-10.60
-12.82
-19.09

-22.83
-23.96
-26.25

Implied volatility

R2 value/scale

Risk Metrics

Garch(1,1)

MRWlinc

MRWlog (intraday vol)

30 days

0.34

0.52

0.44

0.61

Table 1: Comparison of R2 values for different historical forecasts




PREDICTING COMMERCIAL SALES

“Heaven and Earth (Three Sisters -
Island Trilogy)” by N. Roberts. _
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D. Sornette et al., Phys. Rev. Letts. 93 (22), 228701 (2004); F. Deschatres and D. Sornette, The Dynamics of Book Sales: Endogenous versus Exogenous
Shocks in Complex Networks, Phys. Rev. E 72, 016112 (2005)




The Original “Crisis”

S Markets

WhYStOCk Crash

Critical Events in
Complex Financial Systems




Single realization

Epidemic branching
process of word-of-mouth

10° . . .
Ensemble average

for memory kernels K(¢) oc 1/t'=¢ with 6 > 0
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D. Sornette and A. Helmstetter :
Endogeneous Versus Exogeneous Shocks in Systems with 10 < HD 3
Memory, Physica A 318, 577 (2003) %
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price

Each bubble has been rescaled vertically and translated
to end at the time of the crash
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Simplest Example of a “More Is Different” Transition

Water level vs. temperat%e\ W
R N\ R
N ) N .

>

-

macroscopic
linear
extrapolation

BOILING PHASE TRANSITION
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(S. Solomon)




DIFFERENT” transition in Finan

Dow Jones Industrials -
 Weekly Chart

http/fwanw lowrisk ~om

-economic index
(Dow-Jones etc...)

1929 Crash

http:/ffwww. lowrisk.com

af
(S. Solomon)




Scale
Invariance

- K small

Disorder

Renormalization group




The bubble and Crash of Oct. 1997
Continuous line: first-order LPPL
Dashed line: second-order LPPL







Summary
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