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ARTICLE

On Predictability in South Asian
Stock Markets

Khurshid M. Kiani
The University of West Indies, Kingston, Jamaica, West Indies

ABSTRACT

Inthisresearch | investigate persistence in monthly excess stock returns over risk free
rates in two South Asian stock marketsi.e. S& P CNX 500 and KSE 100 stock price
indexes using hon-Gaussian state space or unobservable component model with stable
distributions and volatility persistence.

Results from non-Gaussian state space models show that both markets encompass
volatility persistence. KSE 100 has a stable characteristic exponent of & 1.748, but
for S& P CNX 500 index the value for the characteristic exponent ¢¢ is 1.999 which
shows normal behavior in this market. Both markets encompass persistent signal in
returns at 10% level of significance. The efficiently estimated excess returns for S& P
CNX 500 are 0.01% per month (0.12% per annum), and 0.015% per month (0.18%
per annum) for KSE 100 index.

Key phrases: stock return predictability; unobserved components; fat tails; stable
distributions

JEL Codes. C22, C53, G14
Word Count Main Text: 2434
1. INTRODUCTION

ama (1991) showsthat predictability in stock returns have been explored extensively

in the literature. The motive behind exploring stock returns predictability is economic
gainsthat could be attained dueto suitable trading Strategies (Xu 2004). However, researchers
have focused on two aspects of empirical distribution of stock returns which they think
areimportant for accurate predictability. For example, Akgiray and Booth (1986), Jensen
(1991), de Vries (1991), Buckd (1995), Mantegna and Stanley (1995), and McCulloch
(1997) found evidence of non-normality in stock returns. On the other hand Nelson (1991)
Danielsson (1994), Pagan and Schwert (1990), Diebold and Lopez (1995), and Goose and
Kroner (1995) found evidence of volatility persistence in stock returns.

Conard and Kaul (1988) employed state space or unobservable component model to
predict stock returns considering that shocks in both the observation and state Equations
are normal. Similarly, state space models have also been used by Harvey (1985) and
Watson (1986) with the assumptions that the underlying errors are normal. However,
McCulloch (1996a) and Bidarkota and McCulloch (2004) modeled stock returnsto be
non-Gaussian with fat tails.
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In this study, | investigate possible existence of persistent predictable signal in monthly
S& P CNX 500 and KSE 100 indexes excess returns over the respective risk free rates.
In order to account for non-Gaussian data, | model returns within the framework of
Parisian stable distributions that were also employed by Mantangna and Stanley (1995),
Buckel (1995), and McCulloch (1997). Therefore, asin Oh (1994) and Bidarkota and
McCulloch (1998), | relax normality assumption in favor of stable distributions because
Kalman filter is not operable efficiently with stable distributions. Similarly, to explicitly
account for volatility persistence in the return series | employ GARCH-like mode!.
The motive behind this study is to find stock market predictability in KSE 100 index
(Pakistani stock market) and compare it with neighboring south Asian stock market
(S&P CNX 500: Indian Stock Market). The findings from this study are intended to
help policymakers as well as business community in Pakistan.

The remaining paper is organized as follows. Section 2 outlines the most general
model used in this paper, and some estimation issues. In section 3, | present data
sources, empirical results, and hypothesestests, and finally section 4 includes conclusions
of the study.

2. STATE SPACE MODEL FOR STOCK RETURNS
In this research six versions state space or unobserved time series econometrics models
areused. Modd 1 isthe most general model that encompasses unobservable component

in stock returnsincluding non-normal errors and GARCH-like effects which is shown
in following thee Equation:

v, =x,+&, 8, ™~ €2, z,, ~iid s,(0,1) (1a)

(x_lu):¢('xt—l _/U)+77t 1 ~€,C2y
o, ~iid S, (0,1) (15)

¢ =+ e +01r, —E(r | hystiy) |

+ W, |1 =B | BBy | (le)
Where,
Jd = {1 if 11 —E(F_In.ry e ) <0
-1 — 0 otherwise

Here 7, is the observed one-period excess return, X, is an unobserved persistence
components in the series, and Z, and Z, are independent white noise processes.
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Model 2 is obtained restricting & = 2 in model 1 which can be written as:

r,=x,+¢, & ~2¢z,, z, ~iid N(0,1) (2a)
(x, =) =9(x, — ) +1,, 1, ~2¢,¢,2,,, 2, ~iid N(0,1) (2b)

C’z :a)+ﬂc’2_] +5|rr—l _E(rt—l |r],r2, ------ ,V,_z)|2 +7dr-1 _E(rf—l |r1’r23-~~=’}-2)|2 (20)

Setting # = 6 = y =0 inmodel 1 gives model 3, which is shown in Equation 3:
n=x+tée, &~ Sa(O,C) (3a)
(xr _,u):¢(xt—l —/,l)+7],, 1, NSa(()?cq’C) (3b)

When restricting @ = 0in model 1, the shocks &€, and 77, are not separately identified
so ¢, is also not identified. The resulting model is model 4 which is shown in

Equations 4 :
ro=p+e, & ~cz,  z,~iidS,(0,1) (4a)
¢ =o+ e +0|r, —pl® +d | r, - pl® (4D)
Where,
_ ¢lif r—u<0
dt—l R otherlwise

Model 5 shown in Equation 5 is obtained setting ar= 2 in model 4 .

n=u+s, & ~ \/Ec,z,, z, ~iid N(0,1) Sa)
¢/ =+ fel +8 |, —ul +ud | r, - ul (50)

Restricting =5 =y =0 inmodel 4 resultsin model 6 which is presented in
Equation 6:

nh=pte, & NSa(O’C) (6)

A random variable x will have stable distribution S, (0, c¢) whenitslog characteristic
function can be represented as:

In Eexp(ixt) = idt—|c, |* (7

16
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The parameter ¢ >0 measures scale whereas the parameter 0(—00,90) measures
location and & € (0,2] isthe characteristic exponent that governs the tail behavior.
A smdll value of ¢ indicatesthicker tail and normal distribution pertaining to symmetric
stable family encompassing & = 2 whose variance is equal to 2¢”.

In the process contained in Equation (1c) we restrict @ >0, >0, 6 >0, and
y 2 0. Thetheoretical term involving dummy variable d,_, captures leverage effects
that are transmitted from negative shock to increase in future volatility more than a
positive shock of equal magnitude (Nelson 1991, and Hamilton Susmel 1994).
Abstracting from the threshold term, when the errors are normal, the model of volatility
persistence reduces to GARCH-normal process.

Any predictable variation in excess return is because of persistent componentx, ,which
are assumed to follow a simple AR (1) process. When predictable component in
Equation 1 becomes significant, than) E(#, | ......,7,_,) provides auseful forecast
of returns. However, when €, and ¢ or one of these Is negligible, the returns are
purely random, so these may display spurious predictions.

2.1. Estimation I ssues

Non-Gaussianity of the state space model in Equation 1 creates complication in
estimation even without the presence of conditional heteroskedasticity. This happens
because the Kalman filter is no longer optimal due to the non-Gaussian nature of
shocks.

The general recursive-filtering algorithm due to Sorenson and Alspach (1971) provides
optimal filtering and predictive densities under any distribution for the errors and the
formula for computing the log likelihood function. These formulae are presented in
Appendix-A.

The recursive equation that is employed to compute filtering and predicting densities
are given in the form of integrals whose close form analytical expressions are generaly
intractable, especially in very specia cases. In this study, | numerically evaluate these
integrals.

Stable distribution and density may be eval uated using Zolotrav’s (1986) proper integral
representation or by taking inverse Fourier transformation of the characteristic function.
However, McCulloch (1996b) has developed a fast numerical approximation
to stable distribution and density that has an expected relative density of
the precision of 10~® for o € [0.84, 2]. |, therefore, restrict ¢ in this range for
computational convenience.

Lumsdaine (1996) shows that the effect of initial valuesin GARCH volatility process
on the properties of the parameter estimates in GARCH (1, 1) is asymptotically
negligible. Diebold and Lopez (1995) suggests to set the initial conditional variance
( 2002 ,Where it exists) equal to sample variance at the first iteration and the subsequent

Published by iRepository, February 2021



https://ir.iba.edu.pk/businessreview/vol2/iss1/4
DOI: https://doi.org/10.54784/1990-6587.1111

18

Business Review - Volume 2 Number 1 January - June 2007

iterations to sample variance from simulated realizations with estimated parameters
(from the previous iterations). Engle and Bollerslev (1986) suggests initializing the
GARCH process using estimates of €, unconditional value obtained from the volatility
process in Equation 1c.

3. EMPIRICAL RESULTS
3.1 Data Sources

Monthly excess returnsin two South Asian stock markets over relevant risk free rates
are employed from March 1991 through February 2004. Monthly stock prices for
Pekistani stock market index KSE 100 and Indian stock market index S& P CNX 500
were obtained from Datastream. Pakistan Treasury bill rates and Indian central bank
discount rates are the two risk free rates that were obtained from September 2004
version of Internationa Financial Statistic (IFS) CD-ROM. Excessreturns are expressed
as percent per month throughout the study. Figure 1 plots excess return series for S& P
CNX 500 index and Figure 2 plots excess return series for KSE 100 index. The plots
shown in these Figures encouraged me to employ models for detecting possible
persistence of mean returns using state space or unobserved component model of stock
returns.

3.2 Estimation Results

Tables 1 and 2 show the estimation results for S& P CNX 500 and K SE 100 stock price
index for different models estimated for this study. These Tables show parameter
estimates for characteristic exponent &, volatility persistence parameter 5, ARCH
parameter &, leverage parameter 7, signal to noise ratio€,, , and AR coefficient of
persistent component of returns¢ . There is ample difference in two markets that can
be characterized by low values of characteristic exponent ¢, the volatility persistence
parameter /3, and high values of leverage parameter 7 in KSE 100 index compared
to S& P CNX 500. The predictable component in KSE 100 stock price index is
statistically significant whereas there is less evidence of statistically significant
predictable component in S& P CNX 500.

Figures 3 and 4 show filter mean E(x, | 7,,7,,7;,......., 7, ) for Indian and Pakistani
stock markets respectively. These plots show that predictable component appear to be
constant which indicatesthat variation in its parameter estimates might not be component
in forecasting access returns.

3.3 Hypotheses Test
In the following sub-sections the tests for normality, volatility persistence, and

persistence in mean returns are elaborated. All tests are based on likelihood ratio test
statistics.
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3.3.1 Test for Normality

Thistest is based on the null of & =2 in model 1. The LR test statistics for this test
has non-standard distribution because the null hypothesis lies on the boundary of the
admissible values for «r ; therefore, standard regularity conditions are not satisfied.
Inferences are therefore derived from test statistics based on the critical values due
to McCulloch (1997).

Based on LR test statistics, the null hypothesisfor KSE 100 index can easily be rejected
at asignificance level of better than 0.005 using critical valuesfrom McCulloch (1997).
However, using LR test statistics, the null hypotheses of normality, and no volatility
persistence for S& P CNX 500 index is not rejected. The study results indicate that
even after accounting for GARCH-like behavior, the excess returns are significantly
non-normal.

3.3.2 Test for Volatility Persistence

The test for no volatility persistence (homoskedasticity) can be formulated by
restri%tingﬁ =¢ =y =0inmodel 1. The statistical inferences for this test are based
on y; distributions.

The LR for the null of no GARCH whichistotest f = 0 = = 0 reported in Tables
1 and 2 respectively for S& P CNX 500 and KSE 100 indexes. Homoskedasticity in
both the marketsis strongly rejected with ;(3 critical values.

3.3.3 Test for Persistencein M ean Returns

The null hypothesis for this test is obtained from setting ¢ = 2 in model 1 which
assumes that return series are random. In this case the standard likelihood ratio test
statistics for this test are not applicable because the two shocks &, and 77, are not
separately identified so the scale ratio €, is also not identified. Similarly, the bound
for the asymptotic distribution of a standardized likelihood ratio test statistics due to
Hansen (1992) which is applicable in such cases may result in under-rejection of the
null or a subsequent power loss as noticed by Hansen himself. In addition, the test
statistics is computationally very intense especially for this study, so | refrain from
using it. Therefore the inferences reported are based on the critical values obtained
from Zl and ;(2 distributions.

Based on the LR test statistics for S& P CNX 500 index, the null hypothesis
of no persistence in mean returns (¢ =c, =0) isrejected at 10 percent level of
sgmflcance using critical val uesfrom ;(12 distribution. However, the null can not be
rejected using critical values from ;(2 distribution at 10% level of significance. For
K SE 100 stock prlce index, the null isrejected at 10% level of significance using
critical valuesfrom y 2 or even y; distribution. Therefore, after accounting for normality
and volatility persistence there exist statistically significant persistent signalsin both
the markets.
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3.3.4 Additional Testson Normality and Volatility Persistence

Thetests for non-normality and volatility persistence are repeated considering model
4 as an aternative model. In this case model 5 is null model for non-normality and
model 6 for homoskedasticity. The intuition behind these additiona testsisto find the
impact of excluding predictable component (from state space model) on the inferences
from our model.

LR test statistics for normality and volatility persistence are reported in last two rows
of column 5 in Tables 1 and 2 respectively for S& P CNX 500 index and KSE 100
index. Based on these results we failed to reject hypotheses of normality and no
volatility persistence for S& P CNX 500 index. However, we reject both normality and
no volatility persistence component in KSE 100 index. Figures 5 and 6 plot scales
from model 4 for S& P CNX 500, and KSE 100 index respectively which show the
evidence of highly non-constant scales in these markets, however, scales for KSE 100
index shows spikes in different time periods exhibiting a tendency towards stock
market crashes.

3.3.5Test for Leverage Effect

Absence of leverage effect imply that negative shock do not necessarily lead to negative
increase in future volatility than positive shocks of the same magnitude. This hypothesis
can be tested setting = 0, with > 0 as dternate hypothesis that the leverage effect
exists. Theresults (not reported for brevity) strongly reject the null hypothesisin favor
of leverage effects both for S& P CNX 500 and K SE 100 index.

3.4 Discussions on Results

The study results on hypothesistests reveal that monthly KSE100 index excess returns
from March 1991 through February 2004 do posses significant non-normality that is
predictable even after accounting for conditional heteroskedasticity. Similarly, volatility
persistenceis aso statistically significant. Leverage effectsin volatility isinsignificant,
however, thereis an ewdence of statistically S|gn|f|cant predictability at 10% level
using critical values from ;( as well as;( distribution. Statistically significant
evidence of volatility 14 persistence exists in S& P CNX 500 index but there is no
evidence of non-normality in this market. The state space models do not show
statistically significant persistent signal in return series after taking into account
volatility persistence at 10% level of significance using critical valu&s;(2 from
distribution, but we are not able to rgject the null of no persistent signal in returns
using critical values from ;(1 distribution for this market at 5% level of significance.

As shown in Figure 6 KSE 100 index show highly non-constant scales and when
compared to S& P CNX 500 index (Figure 5), the Figure shows random spikes in the
years 1992, 1998, and 2000-2001. The plausible cause of these spikes are the external
events during these years e.g. Gulf War, Asian Financial Crises, and crises after
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September 11, 2001 respectively that sensitized stock market agents that caused in
instability in the stock prices and hence the market. Policymakers might be interested
to address underlying policy issues enhance investor’s confidence that would strengthen
the stock markets in the country and help stabilize the economy.

4. CONCLUSION

In this study non-Gaussian state space or unobserved component models are employed
to find possible predictability in two South Asian stock markets (S&P CNX 500 and
KSE 100). The state space models fully account for non-normality and volatility
persistence that might be present in return series. S& P CNX 500 index demonstrate
estimated value of characteristic exponent & which is close to normal behavior,
however, the excess return encompass ample evidence of stock return volatility
characterized by GARCH-like behavior. KSE 100 excess stock returns demonstrate
significant leptokurtosis. The estimated value of characteristic exponent iswell away
from the value pertaining to normal behavior in this market, and excess stock returns
exhibit ample persistence in stock return volatility that can be characterized by a
GARCH-like process. Thereisinsignificant leverage effect in the stock return volatility
in both the markets (S& P CNX 500, and KSE 100) indicating that the negative shocks
do not necessarily lead to greater increasesin future volatility than the positive shocks
of the equal magnitude. Unlike S& P CNX 500, KSE 100 index exhibits scale spike
that shows atendency towards stock market crashes. Policymakers might be interested
to address underlying policy issues that might help improving the major stock market
of the country.

The study results on predictability of monthly stock returns are statistically significant
in KSE100 index but such results are less significant for S& P CNX 500 index. The
efficiently estimated excess returns for S& P CNX 500 are 0.01% per month (0.12%
per annum), and 0.015% per month (0.18% per annum) for KSE 100 stock price index.

Appendix A: Sorenson-Alspach Filtering Equations

Let ¥,,t=1,., T, bean observed time series and X, an unobserved state variable,
stochastically determining Y. Denote Yy =1yq,..., ¥ ; Therecursive formulae for
obtaining one-step ahead prediction and filtering densities, due to Sorenson and Alspach
(1971), are asfollows:

p(xt|Yt—1) = J.p(xt|xt—l)p(xt—l ’Yt—l )dxt—l > (A1)
p(thYt) = p(Yr ’Xt)p(xt‘Yt—l) / p(Yt ‘Yt—l) > (A2)
POy Yi) = [Py X )p(x Y, dx, . (A3)
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Finally, the log-likelihood function is given by:

T
10gp(Yys--ryr) = X logp(y,[Y,,). (A4)

t=1
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Notes on Table 1

1. The following unobserved component or state space model with non-normality
(stable model) is employed to estimate the results shown in the table.

L =X, +&, & ~CZ, 7, ~1id S, (0,1) (1a)

(X =) =X~ +Ms M ~CeZy, 7y ~iid S (0,1) (1)

2. All estimates are rounded off to the third decimal place.

3. Hessan-based standard errorsfor the parameter estimates are reported in parentheses.
LR (¢ =c,, = 0) givesthe value of the likelihood ratio test statistic. Itisatest
for no preaictanie components in excess returns. Under this null, the distribution
of the LR test statistic is non-standard (see section 3.2 in the text for an elaboration).

4. P-values generated by estimating Gaussian versions of Models 1 and 2 with data
simulated from the estimated Gaussian Model 2 are reported in parentheses.

5. LR (& = 2) givesthe vaue of thelikelihood ratio test tatistic for the null hypothesis
of normality.

6. The small-sample critical value at the 0.01 significance level for a sample size of
300 is reported to be 4.764 from simulations in McCulloch (1997).

7. LR(f =6 =y =0)isthetest for no volatility persistence. Thistest is evaluated at
73 pvalues.
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Figure 1 — Monthly SnP CNX 500 excess stock returns
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Figure 2 — Monthly KSE 100 excess stock returns
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Figure 3 — SnP CNX 500 excess returns and filter estimates
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Figure 4 — KSE100 excess returns and filter estimates
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Figure 5 — Stock returns volatility-stable GARCH (1,1) Model 4
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Figure 6 — Stock returns volatility-stable GARCH (1,1) Model 4
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