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Chapter: IV 

Feedback Behaviour, Market Upheavals 
and Extreme Value Theory 



4.1. Introduction: 

In heterogeneous structural model the essence of a speculative bubble is a 

sort of feedback mechanism, whereby rise in prices generate increased investor's 

enthusiasm and demand, shaping expectation for further rise. The high demand for the 

asset is a result of public memory of high past returns, and the optimism that those 

high returns would also generate in the future. This sort of feedback can amplify 

positive forces affecting the market, making the market to reach higher levels not 

explainable with fundamentals. Moreover, a bubble is not indefinitely sustainable. 

Prices cannot go up forever, and when price increases end, then increased demand for 

shares resultint\-rom price increases also ends. Now, a downward feedback can 

replace the upward feedback. This kind of bubble theory requires that only past price 

changes produce an inconstancy to investor's judgments, not that they foolishly 

believe past increases must continue. The theory does not require that investors 

forecasting future price changes by some mechanical extrapolation rule, or those they 

are placing rulers to chart paper to forecast. It only requires that investor's 

observations of the past' price changes alter the way they resolve the confusing array 

of conflicting information that they must all sift through in judging the market More 

the prices consistently converges to the prediction of a type of forecasting rule, more 

it appears as intuitively fit in formulating further opinion and lesser the perception for 

risk in using it (see equation nos. 09, I 0 and II of chapter III). Better the prediction of 

a particular rule, more its evolutionary force in generating adaptive belief in its favour 

and higher its weight in determination of price. In this way, if fundamentalists 

dominate then, market converges to rational solution. On the contrary, if technical 

traders dominate then more and more traders with their more wealth becomes inclined 

toward using technical trading rules and its weightage in determination of further 

price increases. In this situation evolutionary forces in the market set in favour of 

price to price feedback and ultimately results into bubble formation either positive or 

negative. These phenomenons tend to be reflected in the presence of extreme 

increases and decreases in market prices constituting return distribution having fat tail 

which ultimately produces leptokurtic shape of the distribution. In this backdrop, we 
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will attempt to use Extreme Value Theory to identify and measure the presence of 

extreme movements in Indian stock market for the period under review. According to 

the prediction of heterogeneous market model under rationality, if we ignore the 

fundamental solution of the asset price, the other may be the bubble solution. Bubbles 

are in effect collection of infinite number of bounded rationality models which may 

help to explain non random movement of asset price and its impact on correlated 

errors on long memory properties of the market (Sims 1980;Lillo and Farmer, 

2004;Alfarano and Lux,2005;Farmer et.al.2006, Farmer and Geanakoplos,2008). 

Though extreme value theory is widely used in climatology and hydrology 

[de Hann 1990,] currently financial economists interested in banking, insurance 

[Mcneil 1997, Embrechts and Klu,erbag, Mikosch, 1997], stock and exchange 

markets that are exposed to catastrophic loss are using extensively this tool to 

estimate and manage tail related risk. Earlier studies of Mandelbrot [1963] and Fama 

[1965] based on commodity and stock markets revealed that the logarithmic returns 

are far from normal and suggested that they might be drawn from Levy distribution8
• 

Later Engle [1982] proposed an alternative autoregressive model, dubbed ARCH , 

that could both exhibit the predictability in volatility while retaining the zero mean for 

the returns reflecting the absence of arbitrage opportunities. The studies by Lill~ 

et.al.(2005], Lillo and farmer [2004], Farmer et.al.[2004] also attest the hypothesis 

that probability of extreme movements is more frequent relative to if the distributions 

were normal. Hence, fat tails and temporal dependence of second moment leading to 

"clustering of volatility" particularly to be analyzed in detail by those who are not 

exclusively interested on minimizing a quadratic loss around the mean to the neglect 

of possibility and consequences of extreme events occurring. Some commendable 

research showing relevance of EVT in risk management based on experiences of 

different markets around the world are:the studies of Gencay et.al.(2003),Danielson 

and Morimoto(2003),LeBaron and Samanta (2004), Tolikas and Barron (2005), 

Gettingby et.al.(2006) etc. A vailab1e information suggests that, till date, very few 

8 In probability theory and statistics, the Levy distribution, named after Paul Levy, is a continuous 

probability distribution for a non-negative random variable. Paul Pierre Levy ( 15 September 1886- 15 

December 1971) was a French mathematician who was active especially in probability theory, 

introducing martingale and Levy flight. 



studies using Extreme Value Theory are available on Indian experiences. Most of the 

remarkable studies carried on Indian context were targeted towards estimation and 

management of extreme losses based on EVT (Karmakar,2013; Bhattacharyya and 

Ritolia, 2008 ;Sarma ,2002). But no such studies have been carried so far to offer 

behavioural interpretations of extreme losses and gains in Indian context. Hence, 

findings of the present thesis may add to our knowledge about the behavior of this 

emerging market that enjoys tremendous focus of foreign portfolio investors. 

, 



4.2. Data and its properties: 

The study is based on daily return data of Indian stock market for a period 

ranging from I. 7.1997 to 31.08.2013 We considered BSE SEN SEX that consists of 30 

most popular shares and account for nearly forty percent of market capitalization. 

Inadequate data may pose some problem as only few points may qualify for extreme 

observations thus any meaningful study on long memory may not be possible. 

Altogether our data series consists of 3995 observations atd covers a period more 

than 12 years that may be considered suitable to study the behavior of the Indian 

market. We analyze the continuously compounded rates of return: 

-1 (S1 / ) ...... ~- n /S, ' S ..: 
t-J where 1 dencrtes the stock index in day t. 

4.3. Exploratory Statistical Analysis: 

The Table 4.1 summarizes the results on distributional pattern of return in 

Indian context for the total period under study.Espesially we will emphasise on the 

form of the distribution of price changes since it provides descriptive information 

concerning the nature of the process generating price changes 
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Table :4.1 

Summary Statistics of Indian Capital market( daily log return1.7.1997 to 
30.8.2013) 

Statistics values 

Mean 0.00036 

Median 0.00099 

Minimum -0.11 

Maximum 0.15 

Standard deviation ., 0.016 

t.v. 45.18 

Skewness -0.09 

Ex. kurtosis 5.53 

Standard Error of 
0.039 

skewness 

Standard error of 
0.077 

kurtosis 

Jarque hera test test statistic: 5107.4901 
p-Value: 0.0000 

The single strongest feature that emerges out of this preliminary analysis is 

the non normality of return distribution. The series is clearly leptokurtic indicating 

presence of fat tail in empirical distribution. The above results tend to indicate 

towards the presence of a distribution which is more peaked in the centre with longer 

tails than normal distribution. If the tails of the empirical frequency distribution is 

longer than those of the normal distribution, the slopes of extreme tail areas of normal 

probability graphs should be lower than those in the central parts of the graphs. The 

graph in general take the shape of an elongated 'S' with the curvature at the top and 

the bottom varying directly with excess relative frequency in the tails of empirical 



distribution. This tendency for the extreme tails to show lower slopes than the main 

portion of the distribution will be accentuated by the fact that the central bell of . 

empirical frequency distribution are higher than those of normal distribution. In this 

foituation central portion of the normal probability graph should be steeper than the 

one which would be in the case if underlying distribution was strictly normtai.The 

finding are thus in contrary to the proposition of ongoing paradigm where normality 

of return distribution is widely accepted underlying phenomenon of market behaviour 

and which in tum confirms the notion of random movement in speculative asset 

prices. In an efficient market setting, however, leptokurtosis of returns could result 

only from similar leptokurtosis in the news arrival process and is therefore, explained 

by the statistical distribution of the ne~ According to the existing paradigm in 

market equilibrium; volatility should be caused by new information while it is 

difficult to measure new information. As the arrival of new information cannot be 

predicted successive price changes ought to be random. Information arrives in the 

market infrequently and thus large movements in prices will be rare. Ordinarily, price 

will move within a narrow band due to investor's liquidity needs or portfolio 

rebalancing consideration. However many recent studies based on both long and 

short time intervals suggest that the correlation between volatility and news is weak 

[Cutler 1989, R.Engle and J.Rangel 2005, R.F .Engle et.al 2006]. 

Admittedly above analysis is a weak measure of departures from Gaussian 

statistics and we will look for a somewhat sharper characterization of empirical 

distribution that has emerged from recent applied literature. 

A more sensitive tool for examining deviations from normality is Q-Q graph. 

The QQ-plot against the Normal distribution is a widely used technique to measure 

heavy - tailed ness of a series. It examines visually the hypothesis that the returns 

come from Normal distributions, i.e. from a distribution with medium sized tail. The 

quantiles of the empirical distribution function on the X axis are plotted against the 

quantiles of distribution function on theY -axis. The plot is 

{ _1 (n- k + 1) _ } Xkn F k-l. .. n ....................... ,Eq.No(Ol) 
· · n+l · \ 



where, X 1 , X 2 ..... • X n be a succession of random variables that are independent and 

identically distributed( iid), and Xn,n< ..... <XI ,n the order statistics,Fn being the 

empirical distribution. Note that fn (Xk ,n) = (n-k-t 1)/n and F is the estimated 

parametric distribution of the data. 

If the parametric model fits the data well, this graph must have a linear 

fonn. Thus, the graph 'helps to compare various esti~ed models and choose the best. 

The more linear the Q-Q plots, the more appropriate the model in tenns of goodness 

of fit. Also, if the original distribution of the data is more or less known, the Q-Q plots 

can help to detect outliers~ (Embrechts, Kluppelberg, and Mikosch , 1997). Finally, 

this tool makes it possible to assess how well the selected model fits t~e tail of the 

empirical distribution. For example, if the series is approximated by a nonnal 

distribution and if the empirical data are fat-tailed, the graph wil1 show a curve on the 

top at the right end or to the bottom at the left end. 

g 
~ 
-g 
c: 

~ 

Figure: 4.1 

Quantile-Quantile Plot of daily return 
Distribution: Normal 
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A concave departure from the ideal shape as in the case of India [See 

Figure-4.1] indicates a heavier tailed distribution. Central part of the distribution (Fig-

4.1) aligns well with our expectations of nonnal distribution; however outside this 

area the curve in the tail indicates departure from nonnality i.e. a stronger 

concentration around mean, more probability mass in the tails of the distribution and 
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thinner shoulders. Specifically, we will try to identify and measure these extreme 

observations in Indian market which ultimately vitiates the return distribution from 

normality , that is,departs from the traditional "Mean - Variance" framework in 

expectation formation. 

4.4. Extreme Value Theory [EVT]9
• 

Extreme Value Theory considers extreme events, provides a classification 

of continuous distributions according to the behavior of the tail region or their 

extreme realizations. The theory distinguishes three limiting stable distributions for 

the maximum values of a random variable, called Generalized Extreme Value 

Distributions [GEV], and the three associated Generalized Pareto Distributions [GPD] 

which are the limiting distributions for the tail region. The central limit theorem 

suggests that the limiting distribution of the sample mean is normally distributed. 

Whereas EVT propose& that the limiting distribution of sample maximum is an 

extreme value distribution and for a wide class of severity distribution which exceeds 

high enough threshold te GPD holds true [Balkema & de Haan theorem 

1974,Pickands 1975]. 

4.4.1. GEV: Limiting Distributions for Extrema: 

Let us consider a stationary sequence of i.i.d. variables10 {x; }:, with a 

common distribution function F(x). By dividing the entire data-set into L non

overlapping sub-samples, and taking the maximum MJ from every sub-sample, we 

will end up with a subset of maxima {M, }~ •• (the so-called block maxima). It turns 

out that the distribution of maxima converges to one of the three distributions known 

as the extreme value distributions as suggested by Fischer and 

9 See Alfarano, S. and Lux,T. (2010) Extreme Value Theory as a Theoretical Background for Power 

Law Behavior. Kiel Institute for the World Economy, Working Paper No. 1648, September 2010. 

10 The same limiting distribution is obtained if the i.i.d. hypothesis is relaxed.Bermen (1963) shows the 
same result stand if the variables are correlated and if the series of squared correlation coefficients is 

finite.Assumption of independence is less important for extreme values than it would seem at first sight 
(Longin 2005, Mc.Neil and Frey 1999) 
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Triplett[ 1928].Acording to their suggestion, let X n be a sequence of independent and 

identically distributed random variables and letMn = max(XPX2 ,X3 , ......... xJ be 

the maximum of the first n terms. If there exists constants an > 0 and bn and some 

non-degenerate distribution function H such that 

where the subscript'd' indicates convergence in distribution, then H belongs to one of 

the following extreme value distributions: 

Frechet: 

Weibull: G 2,a(x) 

J 0 
x<O 

l exp [-x-" rx~O ..................... Type -I.. ..... Eq.No.(02) 

Jexp !;- x - a ] X :S 0 

b ' x > 0 ................... Type- II ...... Eq.No.(03) 

Gumbell: G3 (x) = exp [- e-x J , x E ~ ............. Type- III ..... Eq.No.(04) 

where a is the shape parameter. 

Hence, distributions are categorized into three groups: (i) heavy-tailed distributions, 

whose extremes follow the first type of law:Extreme positive or negative returns 

resulting out of strong increase or decrease of prices on account of price to price 

channel or feedback loop may be characterized under this category 11 
.. (ii) short-tailed 

distributions with finite end-point, whose extremes follow the Weibull's type; and (iii) 

medium tailed distributions, whose extremes are governed by the distributions of the 

type III above. In case (i) and (ii) we have a one-parameter family of distributions, 

parameterized by the shape coefficient a. Representative members of the three groups 

are respectively: the Student-t, the uniform and the Normal . distribution The Von 

Mises [ 1936] representation of the GEV provides a unified formula for the previous 

three limiting distributions (1), (II) and (III): 

11 Thus it captures class to mass theory, representativeness heuristics etc. 
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Gr = exp(- (1 +}'X tr ] 
......................... Eq. No.(5) 

_.... 
where, positive y represents the Frechet distribution (Frechet 1927), negative y 

corresponds to the Weibull type (Weibull 1939), and the limit case y- 0 suggests 

Gumbel distribution (Gumbel 1958). The shape parameters of the two representations 

are related to each other by the formula a = ..!_for the distribution Type-I, and a = -
r 

.!._ for the type (II). Von Mises[1936] approach turns out to be very useful in the sense 
r 
it nests all these types of limiting behavior in a unified framework through estimation 

of r ,and allow to infer about the characteristics of limit laws. 

4.4.2.GPD: Limiting Distributions for the Tail: 

Investors, policy makers most presumably are concerned about any loss or 

gain that exceeds a predetermined threshold level often referred as attachment point. 

Let us suppose that X~> X 2 •••••• ,X n represent the ground-up losses or gains over a 

given period. Again let u be the predetermined threshold and Y = [X - uJX ~ u] be the 

excess of X over u given that the ground-up loss exceeds the threshold. The risk 

managers will be interested in the distribution of the exceedances; that is, in the 

conditional distribution ofY =X-u given that X exceeds the threshold (u). 

Let F denote the distribution ofthe random variable X, 

F(x) = Prob (X < x), 

and let Fu denote the conditional distribution of the exceedance Y = X - u given that 

X exceeds the threshold · 

F,, (y )= F(y + u )( )(u) ......................... Eq.No.(06) 
I-F u 

The exceedances for a high enough threshold always converge in generalized Pareto 

distribution [ Pickands 197 5 and Balkema & de Haan 197 4]. 
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Hence, result of the GPD focuses on the tails of the distributions instead of maxima; 

the selected events , in this case, are those events that exceed a given threshold u. 

Using the so-called a parameterization the Generalized Pareto Distributions can be 

represented as: 

~,a= 1-x-a' x ~ 1, ................... Eq. No.(07) 

W2,a = 1- (-X r' -1<x<O - - ' ..................... Eq. No.(08) 

w3 = 1- exp(-x), x ~ 0 ..................... Eq. No.(09) 
' 

All the three distributions assume the value zero outside the pertinent intervals. For 

the GPO a similar one-parameter representation exists as with the extreme value 

distributions, symbolically: 

W = 1- (1 + y.t) r 
r ........•.•................ Eq. No. (10) 

where for y > O,y < 0 and y -+ 0 we recover the first, second and third group, 

respectively where y is the shape parameter. The relations between a andy are again 

a = 1/y for the first type, and a = -1/y for the second type. The GPO formalization is 

very flexible in describing the tail behavior, although it depends on one parameter 

only, index a, after accounting for location and scale parameter. 

While in applying the above theorem the most difficult task is selection of an 

appropriate threshold. To point a threshold, we have to trade off between bias and 

variance. If we choose a low threshold the number of observations increase and that 

includes some events from the centre of the distribution and the estimation becomes 

biased. Similarly choosing too high a threshold will result in an inadequate fit. 

Therefore, a careful combination of several techniques such as QQ Plot, Mean Excess 

Function (MEF), and Hill Estimation in general, are considered in determination of 

the threshold. 



4.4.3. Mean Excess Function: 

Mean Excess Function may be defined as: 

e(u)=E(X-u!X>u) 0 ~u~xF ................. Eq.No(ll) 

whereX,:nandXn:n are the 151 and n-th order statistics and en(u) is the sample 

mean excess function defined by McNeil [ 1997] as: 

Thus Mean Excess Function is the sum of the excesses over the threshold u divided 

by the number of data points which exceed the threshold u. 

Ln (X-u) 
en(u)= i=l I ••••••••••••••••••• Eq.No.(l2) "n 1 

L.,i=l {x, >u} 

The detailed interpretation of the mean excess plot is available in the 

studies ofEmbrechts eta!. [1997],Beirlant eta!, [2004]. Ifthe points show an upward 

trend, then this is a sign of heavy tailed behavior [See Fig.3.2].Exponentially 

distributed data would result in an approximately horizontal line and data from a short 

tailed distribution would show a downward trend. In particular, if the empirical plot 

seems to follow a reasonably straight line with positive gradient above a certain value 

of u, then this is an indication that data follow a generalized Pareto distribution with 

positive shape parameter in the tail area above u. "S" shape of the curve suggests that 

tails of the density function have higher probabilities than with the normal distribution 

thus the distribution under the study has fat tails. 

Since the mean excess function for the generalized Pareto distribution is a 

straight line with positive slope, we are looking for the threshold points from which 

the mean excess plot follows a straight line. 



Figure-4.2 
(Mean Excess Return of Indian capital market) 

(Period from 1.7.1997 to 31.08.2013) 
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Above mean excess plots (Fig.4.2) help us to get an insight regarding tail 

behavior of the series, nonetheless they fail to define objectively the threshold values, 

quantifY density function and suggest distribution to which it belongs. The "sketchy" 

estimation offers an impression that threshold in Indian asset market lies at nearly 

1.10 and 1 percentage for right and left tail, respectively, beyond which any 

observation may be treated as extreme that deserve attention of investors and policy 

makers. However we go beyond this "sketchy" estimation and apply some stringent 

test to the series under our study so that we can be sure that it belongs to long memory 

with high degree of confidence. 

4.4.4. Hill Estimation: 

Estimation of the index a is the central issue of our empirical research 

dealing with extreme events and we relied on nonparametric Hill Index (Hill 1975) to 

estimate tail behavior of market return. Hill index is the conditional maximum 

likelihood estimator for heavy-tailed distributions. If we assume that the data points 
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exceeding a given threshold u follow a Pareto distribution with index a, the 

distribution ofrealizations exceeding u reads (Alfarano and Lux 2010): 

F(x;::: u) = 1-(~r ;u;::: O ............... Eq.No.(13) 

Virtually there are two approaches for estimating "excess distribution", 

first, semi-parametric model based on the Hill estimator and another, fully parametric 

model based on the Generalized Pareto Distribution ( GPD). We relied on Hill 

estimator for two reasons: (i) its simplicity over maximum likelihood method and (ii) 

ability of the model to define precisely the threshold point beyond which any 

observation may be treated as extreme. 

For our estimation, at the first step, we obtain the order statistics X(t), X<t-t), 

----------------X(t) from our sample, where X,> XH > , ............... > X 1 .Then ,the 

following Hill index is estimated by : 

Yk,n =(ak,n)-1 =_!_ :i)lnx(n-i+t) -lnx<n-k)] ................. Eq.No.(l4) 
k i=l 

with xi the order statistics of the series x, X(N) > X(N-t) > .... > X(l), i.e. X(N) is the 

maximum of x, x(N-1) )is the second largest value etc. As it is assumed that above 

equation only applies to a fraction kiN of the largest values, we only consider the x, 

above the threshold u, x(N-k) = u > x(N-k-I)' where k is the number of selected large 

realizations, from the entire sample of N observations. It has been shown that under 

some mild additional restrictions on the behavior of the underlying distribution 

function, r k ,N is asymptotically Gaussian with mean r (i.e. the inverse of the true 

index) and variance{r 2kt' .Where k is the number of upper order statistics included, 

N is the sample size , and a = II is the tail index. While the concept of Hill 
· lr 

estimator is straight forward, the choice of k is not. The problem may be defined as 



threshold selection problem. One has to decide which events from the complete set of 

data points, belong to the subset relevant for the estimation of a. 

Taking the daily return values of 3995 observations starting from July 1997 

to August 2013, Hill estimation of the shape parameter alpha (a) has been obtained 

using the above mentioned methodology and the Hill values are plotted as below: 

(Fig. 4.3) 
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Figure- 4.3 
Hill Plot of return of Indian Capital Market Return 

(Time period : 01.07.1997 to 31.08.2014) 
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It is evident that Hill Values of the Shape Parameter (a) is inversely 

related with the corresponding tail size based on different values of threshold (u). For 

this reason, it is not immediately obvious what the appropriate tail fraction would 

suggest the best estimator for the 'true' parameter. A possible practical approach for 

identification of threshold point could be an 'eyeball method', searching for a region 

in the Hill plot where the estimated values are approximately constant (Alfarano and 

Lux, 2010). However, the Hill's estimator is most effective when the underlying 

distribution is Pareto type or approximate to Pareto (Chin Wen Cheong et 

al.2008).Undeniably, this approach has all the drawbacks of a subjective graphical 
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data analysis. This estimation along with others can effectively help to trade off 

between bias and variance while estimating threshold value. Our findings suggest 

some intrinsic features of Indian capital market. We mention some unique feature of 

Indian market that may help investors to decide upon strategy to maximize gains and 

to minimize loss when market is essentially turbulent. One interesting feature is 

threshold level varies in our market. It is one percentage for left tail and nearly 

(1.1 0%) for positive return. Furthermore, forty two percentages of negative returns 

and nearly forty percent of positive return are found as extreme. Findings about 

threshold, the focal point of discussion of this section are in consonance with the 

results of so called sketchy estimation of Mean Excess Function. Altogether 

approximately forty two percent of total observation falls in the extreme region either 

positive or negative. Thus our finding in this chapter sharply contradicts the basic 

propositions of Gaussian distribution underlying the efficient market hypothesis. 

Table: 4A. Frequency Distribution of Extreme Gains: 

(Observations 1-849,Number ofbins = 29, Mean= 2.14907, S.D.= 1.22695) 

Relative Cumulative 
Interval Midpoint Frequency 

frequency Frequency 

< 1.3916 1.1016 214 25.21% 25.21% 

1.3916- 1.9715 1.6816 276 32.51% 57.71% 

18.26% 75.97% 
1.9715-2.5514 2.2615 155 

2.5514- 3.1313 2.84I4 89 10.48% 86.45% 

3.1313-3.7113 

I 
3.4213 52 6.12% 92.58% 

/ 3. 7113 - 4.2912 4.0012 21 2.47% 95.05% 
4.2912-4.8711 4.58ll 9 1.06% 96.11% 
4.87ll- 5.45IO 5.1611 II 1.30% 97.41% 
5.4510 - 6.0309 5.7410 9 1.06% 98.47% 



6.0309- 6.6109 6.3209 3 0.35% 98.82% 

6.6109-7.1908 6.9008 2 0.24% 99.06% 

7.1908-7.7707 7.4807 4 0.47% 99.53% 

7.7707- 8.3506 8.0606 2 0.24% 99.76% 

8.3506 - 8.9305 8.6406 0 0.00% 99.76% 

8.9305- 9.5104 9.2205 I 0.12% 99.88% 

9.5104 - 10.090 9.8004 0 0.00% 99.88% 

10.090- 10.670 10.380 0 0.00% 99.88% 

10.670 - 11.250 10.960 0 0.00% 99.88% 

11.250 - 11.830 11.540 0 0.00% 99.88% 

11.830 - 12.410 12.120 0 0.00% 99.88% 

12.410- 12.990 12.700 0 0.00% 99.88% 

12.990- 13.570 13.280 0 0.00% 99.88% 

13.570- 14.150 13.860 0 0.00% 99.88% 

14.150- 14.730 14.440 0 0.00% 99.88% 

14.730- 15.310 15.020 0 0.00% 99.88% 

15.310- 15.890 15.600 0 0.00% 99.88% 

15.890- 16.469 16.179 0 0.00% 99.88% 

16.469 - 17.049 16.759 0 0.00% 99.88% 

>= 17.049 17.339 1 0.12% 100.00% 



, 

Table: 4B. Frequency distribution of Extreme Losses: 

(Observations 1-849 Number of bins= 19, Mean= -2.18807, S.D. = 1.27396) 

Interval Midpoint Frequency 
Relative Cumulative 

Frequency Frequency 

< -9.6359 -9.8898 2 0.59% 0.59% 

-9.6359- -9.1283 -9.3821 0 0.00% 0.59% 

-9.1283 - -8.6206 -8.8744 0 0.00% 0.59% 

-8.6206 - -8.1129 -8.3667 0 0.00% 0.59% 

-8.1129--7.6052 -7.8590 0 0.00% 0.59% 

-7.6052--7.0975 -7.3514 0 0.00% 0.59% 

-7.0975--6.5898 -6.8437 0 0.00% 0.59% 

-6.5898 - -6.0822 -6.3360 4 1.18% 1.78% 

-6.0822 - -5.5745 -5.8283 3 0.89% 2.66% 

-5.5745 - -5.0668 -5.3206 3 0.89% 3.55% 

-5.0668- -4.5591 -4.8129 9 2.66% 6.21% 

-4.5591 - -4.0514 -4.3053 5 1.48% 7.69% 

-4.0514--3.5437 -3.7976 13 3.85% 11.54% 

-3.5437- -3.0361 -3.2899 20 5.92% 17.46% 

-3.0361 - -2.5284 -2.7822 33 9.76% 27.22% 

-2.5284 - -2.0207 -2.2745 54 15.98% 43.20% 

-2.0207 - -1.5130 -1.7668 55 16.27% 59.47% 

-1.5130 - -1.0053 -1.2592 136 40.24% 99.70% 

>= -1.0053 -0.75147 1 0.30% 100.00% 



Frequency distribution of extreme gains and losses are shown in Table 4A 

and 4B. Information available from the tables would help portfolio managers to assess 

the pattern of asset returns of Indian market at its extreme. For example nearly cent 

percent (99.76% app.) of positive extreme return fall below 8.3%. Beyond this, any 

large movement is virtually nonexistent. Majority of extreme returns (95% approx.) 

cluster up to four percentages approximately. While in the negative domain most of 

the extreme return clusters around 1.5% to 4.5%, approximately. 

4.5. Conclusion: 

Our analysis based on BSE SENSEX 30 as a proxy for the equity market 

indicates some serious departure from those obtained using the assumption of normal 

return distribution. The normal distribution gives us a fair idea of return distributions 

for every day events; alternatively EVT gives an impression about best or worst case 

of returns and the frequency thereof. Fat tail is not an exclusive syndrome of India 

instead it pervasively dominates worldwide financial markets. These extreme 

movements in share prices with leptokurtic distribution of return cannot be captured 

under the dictum of rational expectations. Rather it is a potential threat to the theory 

of equilibrium and a formidable challenge for investors interested in risk reduction. 

These findings however confirm the social and psychological dynamic forces 

predicted under heterogeneous market model with bounded rationality. The model 

predicts the price changes to be driven by a combination of exogenous random news 

and an evolutionary force generate endogenously in favour of either fundamental or 

technical trading rule. The presence of prolonged rise and fall in prices in Indian 

market confirms the influence of persisting evolutionary forces operating in the 

market in favour of using technical trading rules and it is increasing over time. These 

sort of evolutionary forces are explained in the heterogeneous model as an influence 

of various social and psychological attributes in decision making. A self fulfilling 

prophecy has therefore developed with this psychological bias in human decision in 

favour of evolutionary fitness in using technical rules ignoring the early dogma of 

rationality. Perceived profitability in using technical trading rules coupled with 

considerable undermining of risks conditional on subsequent movement in prices thus 

"' 85 "' 



makes the decision making context specific. Influences of socio psychological forces 

in decision making are thereby confirmed to be the factor behind in generating 

convergence in opinion; undermining of risk, limiting the arbitrage operation and 

bubble formations. 



eferences: 

farano, S. and Lux, T.: (2005). "A Noise Trader Model as a Generator of Apparent 

nancial Power Laws and Long Memory", Macroeconomic Dynamics. II( Sl),80-

'l 

farano, S. and Lux,T. (2010) "Extreme Value Theory as a Theoretical Background 

r Power Law Behavior". Kiel Institute for the World Economy, Working Paper No. 

48, September 201 0. 

1attacharyya, M and Ritolia, G.(2008), "Conditional VAR using EVT - Towards a 

anned Margin Scheme.", International Review of Financial Analysis, 17, 382-395 

tlkema, A. A., and L. de Haan, (1974), "Residual lifetime at great age," Annals of 

·obability, 2, 792-804 

~irlant, J., J. Teugels, Yu. Goegebeur, and J. Segers, (2004): "Statistics of extremes: 

wry and applications," Wiley 

~rman, S.M., (1963). "Limiting theorems for the maximum term in stationary 

quences". Annals of Mathematical Statistics, 35, 502-516. 

1
1in Wen Cheong, Abu Hassan Shaari Mohd Nor and Zaidi Isa, (2008); "Modelling 

'treme Financial Return of Malaysian Stock Exchange", World Applied Sciences 

urnal ,3 (2): 254-258, 

I 
!1tler, D. M., Poterba, J. M., and Summers, L. H. (1989) ,"What moves stock 
I 

'ices?" The Journal of Portfolio Management 15, (3), 4-12. 

1

mielsson, J. and Y. Morimoto: (2003): "Forecasting extreme financial risk: a critical 

)alysis of practical methods for the Japanese market," Monetary and Economic 
I 
udies, 18,(2), 25-48 

I 
·~ Haan, L. (1990), "Fighting the ARCH-enemy with mathematics",Statistica 

l?erlandica, 44, 45-68, 



Embrechts, P., Kllippelberg, C. & Mikosch, T. (1997), "Modeling Extremal Events 

for Insurance and Finance", New York: Springer. 

Engle R.F., (1982); "Auto Regressive Conditional Heteroskedasticity with estimates 

ofvariance ofUnited Kingdom Inflation" Economerica, 50 (4), 987- 1007. 

Engle, R. and Rangel,:(2005) "The spline garch model for unconditioanl volatlity and 

its global macroeconomic causes". Technical report, NYU and UCSD, 

Engle, R.F.Gysels, and B. Sohn.: (2006) "On the economic sources of stock market 

volatility. Technical report", New York University and University of North Carolina 

at Chapel Hill. 

Fama, E.: (1965), "The behavior of stock-market prices." The Journal of Business, 

38(1 ):34-1 05, 

Fisher, R. A. and L. H. C. Tippett, (1928), "Limiting forms of the frequency 

distribution of the largest or smallest member of a sample," Proceedings of 

Cambridge Philosophical Society, 24,180-190 

F. Lillo and J.D. Farmer (2004)"The long memory of the efficient market." Studies in 

Nonlinear Dynamics & Econometrics, 8(3), 1-33. 

Farmer,J.D.Gerig,A., Lillo, F. and Mike, S. (2006),: "Market efficiency and the long

memory of supply and demand: Is price impact variable and permanent or Fixed and 

temporary?" Quantitative Finance, 6(2), 107-112 

Farmer, J.D., and Geanakoplos, J. (2008), Power laws in economics and elsewhere. 

Tech. rep., Santa Fe lnstitute,New Maxico. source: 

http://tuvalu.santafe.edu/-jdf/paperslpowerlaw 3.pdf (last accessed on 8th April,20 14) 

Frechet, M. (1927): Sur Ia loi de probabilit de l'ecart maximum, Ann. Soc. Polon. 

Math. (Cracovie), 6, 93-116. 



Gettinby, G., C. D. Sinclair, D. M. Power, and R. A. Brown, (2006), "An analysis of 

the distribution of extremes in indices of share returns in the US, UK and Japan from 

1963 to 2000," International Journal of Finance & Economics, 11:2,97-113 

Genc;ay, R., F. Selc;uk, and A. Ulugillyagci, (2003), "High volatility, thick tails and 

extreme value theory in value-at-risk estimation," Insurance Mathematics and 

Economics, 33,337-356 

Gumbel, E.J. (1958), "Statistics ofExtremes", Columbia University Press, New York. 

Hill, B.M., 1975. "A simple general approach to inference about the tail of a 

distribution", Annals of Statistics. 3: 1163-1173. 

Karmakar. M (2013), "Estimation of tail- related risk measures in the Indian stock 

market: An extreme value approach", Review of Financial Economics,22, 79-85. 

Lillio, Fabrizio, Mike S , Farmer D.J.; (2005) , " Theory of Long Memory in Supply 

and Demand", Physical Review E,Statistical, Non Linear and Soft Matter Physics, 

American Physical Society. 71( 6), 122-11 

Lillo, F., and Farmer, J. D. (2004). "The long memory of the efficient market." 

Studies in Nonlinear Dynamics & Econometrics, 8( 3) , 1-33 

LeBaron, B., and R. Samanta, (2004), "Extreme value theory and fat tails in equity 

markets," working papers, Brandeis 

,source: :people. brandeis.edul-blebaron/wps/tails.pdf (last accessed 

April,2014) 

University 

on 8th 

Lon gin , F .(2005) ; "The choice of the distribution of asset returns: How extreme 

value theory can help?". Journal of Banking & Finance, Elsevier, 29, 1017-1035. 

Mandelbrot, B (1963); "The variation of certain speculative prices". The Journal of 

Business of the University of Chicago, 36, 394-419. 

"' 89 "' 



McNeil, A. J. ( 1997) "Estimating the tails of loss severity distributions using extreme 

value theory, ASTIN Bulletin, 27, 1117-137. 

Me Neil and Frey (1999), "Estimation of Tail- Related Risk Measures of 

Heteroscedastic Financial Time Series : An Extreme Value Approach", Manuscript, 

Federal Institute ofTechnology. 

Pickands, J., (1975); "Statistical inference using extreme order statistics," Annals of 

Statistics, 3, 119-131 

Sharma .M: "Extreme Value Theory and Financial Risk Management"; Indira Gandhi 

Institute of Development Research, Goregaon, Mumbai, March 2002, 

(http://ravi.lums.edu.pk/aesm/papers/extreme%20value%20theory%20and%20Financ 

ial%20risk%20management.pdf). 

Sims, C. A.: (1980), "Macroeconomics and reality." Econometrica 48, I, 1-48. 

Tolikas, K., and R. A. Brown, (2005), "The distribution of the extreme daily returns 

in the Athens Stock Exchange," working paper, University of Dundee.SSRN (Last 

visited on 8th April,2014). 

Von Mises, R. (1936). "La distribution de Ia plus grande de n valeurs". Reprinted in 

Selected Papers, Volume II, American Mathematical Society, Providence, R.I., 1954, 

271-294. 

Weibull, W., (1939), "A statistical theory of the strength of material". Ingeniors 

Vetenskaps Akademiens, Stockholm 151. 


