
Kumar, B. Prasanna

Article

Derived signals for S & P CNX nifty index futures

Financial Innovation

Provided in Cooperation with:
Springer Nature

Suggested Citation: Kumar, B. Prasanna (2017) : Derived signals for S & P CNX nifty index
futures, Financial Innovation, ISSN 2199-4730, Springer, Heidelberg, Vol. 3, Iss. 20, pp. 1-22,
https://doi.org/10.1186/s40854-017-0067-8

This Version is available at:
https://hdl.handle.net/10419/176457

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

  http://creativecommons.org/licenses/by/4.0/

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1186/s40854-017-0067-8%0A
https://hdl.handle.net/10419/176457
http://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


RESEARCH Open Access

Derived signals for S & P CNX nifty index
futures
B. Prasanna Kumar

Correspondence:
prasannakumar7569@yahoo.com
Department of Economics,
Davangere University P. G. Centre,
Guddadarangavvanhalli,
Chitradurga, Karnataka 577 502,
India

Abstract

Background: The financial futures market in India is relatively new. The major
advantage of derivatives as financial products is that their use minimizes the risks
associated with securities. However, hedging effectiveness requires understanding
key market signals such as trading margins, credit availability, and price discreteness.

Methods: This study considers the Standard & Poor’s CNX Nifty 50 Index futures for
data analysis with the application of V-IGARCH (1, 1) two-stage model. The purpose
for V-IGARCH (1, 1) is used to observe the positive effects of credit availability on the
variance of futures returns. The first stage V-IGARCH (1, 1) endogenous mean and
conditional variance returns are measured with exogenous factors from the second
stage V-IGARCH (1, 1) models. The second stage V-IGARCH (1, 1) models specify the
market participants’ exogenous conditional probabilistic values for returns.

Results: In the first stage, it was observed that returns and trading margins, as well
as credit availability, were cointegrated, thereby indicating a long-term relationship
between them. In the first stage of the V-IGARCH (1, 1) model, heteroscedasticity
with the mean returns through residuals was observed, where the estimated
coefficients were negative. This finding indicated that maximizing returns requires
efficient use of trading margins as well as availability of credit positions. From the
second stage regression estimation, it was observed that trading prices and total
money supply were directly related, and thus had direct effects on returns. The total
money supply increased gradually until the last trading hour. In the conditional
variance equation, total money supply was related negatively to the availability of
credit for market participants. Under these circumstances, the efficient interbank call
interest rate was necessary to maintain the trading margin. In effect, efficient Nifty
returns would be achieved.
(Continued on next page)
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Conclusions: This study found that trading margins, credit availability, and price
discreteness affect the variance of returns in the Indian futures markets. The study
also found that market participation was inadequate as a result of endogenous and
exogenous conditional probabilistic reasons. Efficient trading margins and effective
credit availability positions were not realized. Price discreteness had a negative
impact on returns, as trading prices and credit availability in each of the trading
hours were inversely related. Trading risks, and hence losses, were not minimized by
hedging positions. The monopoly power in the Nifty market was 8.9526. Given this
monopoly power, returns were less elastic with respect to the existing trading
margins, financial resources, and market microstructure (price discreteness) that were
available for reinvestment. Therefore, before investing in derivatives (index futures),
market investors should evaluate trading margins, credit availability positions, and
price discreteness. Through these signals, investors will be able to gain essential
market knowledge and participate accordingly in trading for efficient returns.

Keywords: Signals, Credit, Margin, Discreteness, Nifty, Returns

JEL classification: G10, G12, G14, G20, G32

Background
The financial futures market in India is relatively new. The major advantage of deriva-

tives as financial products is that their use minimizes the risks associated with secur-

ities. However, hedging effectiveness requires understanding key market signals such as

trading margins, credit availability, and price discreteness. These signals have significant

effects on limit orders and trading returns. Usually, the futures market maintains

returns in relation to the tick value. The tick value indicates the trading volume trend

and thus the profit. The tick value is calculated by multiplying the tick size (the mini-

mum price movement for a unit of a security) by the contract size, where the contract

size is the multiplication of the Standard & Poor’s CNX Nifty Index Futures (hereafter

“Nifty Futures” or “Nifty”) price and its market lots. Therefore, the tick size and con-

tract size influence the tick value, considering the rate of submission of limit orders.

Trading margins influence the submission of limit orders, and hence the sustainability

of futures trading and liquidity. Therefore, the optimal tick value is a matter of concern

in derivatives trading, because the tick size (and there by price discreteness) is one of

the important factor that influences the price formation in the derivatives market.

For example, Bali and Hite (1998), and Frank and Jagannathan (1998) observed that

changes in share prices took place considering market frictions, such as price discrete-

ness, that are constrained to the multiples of a tick and bid-ask bounce. They found

that the stock prices generally less than the value of dividends. However, Graham et al.

(2003) observed that, in spite of the decimalization of tick size, the ex-date premiums

(prices to dividends) fell, and the ex-date tax-based returns, in effect, increased . Jacob

and Ma (2004) also observed that price drops were not strictly constrained to the mul-

tiples of a tick. Price drops may be associated with a tick above or below the dividend,

unlike the case of a tick below dividend shown by Bali and Hite’s model. These conflict-

ing observations on the role of market frictions can be examined in the context of the

S & P CNX Nifty Index futures market.
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The S & P CNX Nifty Futures Index (the Nifty Futures) is the leading financial fu-

tures market in the Indian economy. India Index Services and Products Limited (IISL)

owns and manages this index, which is a joint venture between the National Stock Ex-

change of India Limited (NSE) and the Credit Rating and Information Services of India

Limited (CRISIL). “CNX” stands for CRISIL NSE INDEX. The IISL focuses on the

index as a core product, for which it holds the marketing and licensing agreement with

S & P, who are world leaders in index services. The Nifty Futures is a well-diversified 50

stock index accounting for 21 sectors of the Indian economy (https://www.nseindia.com).

With this vast diversification, market frictions may play a significant role in price forma-

tion for this index. It appears that the greater the tick size, the greater the returns for mar-

ket participants (Barik and Supriya, 2008, 2009). Therefore, the optimal tick size and, in

turn, price discreteness, sufficient trading margins, and ensuring higher credit availability

for reinvestments, are all issues of concern in the context of maximization of returns.

In this context, the study presented in this paper aimed to observe and evaluate the

nature and role of market participation, price discreteness with its optimality, and fi-

nancial resource utilization by bank-custodian depository participants in the Nifty Fu-

tures market. The empirical results suggested that inefficient returns existed with

regard to carrying and impact costs. As reflected in this study, efficient trading margins

and effective credit availability positions were not realized. This finding was probably

the result of exogenous conditional probabilistic values such as the following. First,

lower credit availability can cause the total money supply to have a negative effect on

returns. Second, the inverse relationship between the number of market lots and risk-

neutral trading prices during all trading hours can cause returns to be inefficient. This

effect occurs because the number of market lots with index price determines the tick

value in relation to the prevailing tick size, and hence the price discreteness affects

returns negatively. Third, impact costs are higher during the entire time period for sub-

mission of limit orders (NSE trading hours from 09:55 IST to 15:30 IST), so there is a

reduction effect on returns. Consequently, empirical examination suggested that diag-

nosable variables such as trading margins, credit availability, and price discreteness are

decision-making market signals. Through these derived signals, investors can infer

knowledge of the market and participate accordingly in financial futures trading for

efficient returns.

The remainder of this paper is organized as follows. Section 2 presents a review of

the literature. Section 3 presents theory along with methodology and data. Section 4

presents results and discussion. Last, study conclusions are provided in Section 5.

Review of literature
Bali and Hite (1998) predicted that a next-day stock price drop (ΔP) would be less than

the dividend (D), but greater than equal to the dividend minus one tick. They found

that the ratio ΔP/D was significantly less than 1, where prices were constrained to the

multiples of the tick. They ran the regression of ΔP on D and observed that the slope

coefficient was significantly less than 1 (0.9786), where the intercept was less than zero

(−5.3753). This finding implied that exday prices dropped by less than the amount of

dividends. They also regressed ΔP on two parts of the dividend: the integer tick portion

(tick below dividend) and the fractional portion. They observed that the slope coeffi-

cient was insignificantly different from 1, the estimated intercept was less than zero
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(−2.5208), and the estimated coefficient on discreteness was significantly positive

(0.4531). These observations suggested that the expected price drop was about one

quarter of a tick, which was below the dividend. The price drop increased by about a

half-tick as the dividend approached the next higher tick multiples.

Frank and Jagannathan (1998) also ran the regression of the ex-day share price drops

on dividends, where both variables were in terms of tick units. For the full sample of

dividends, the portfolio regression showed that the intercept term was negative (−2.60),
and the slope coefficient was less than one (0.93). The empirical results from the re-

gressions of the ex-day share price drops on both integer and fractional parts of divi-

dends showed that estimated intercepts were significantly negative, and slopes were

significantly different from 1 regardless of dividend classifications. These results clearly

favor the existence of tick size effects on share prices.

Graham et al. (2003) observed that statistically the median ex-day premium declined

from 0.8929 to 0.7500, and hence the median ex-day returns [(1 − premium) × (dividend/

cum-day price)] increased from 0.0002 to 0.0027 during the period of tick size

decimalization (i.e., tick size fell from 1/8 to 1/16 and more decimals, where denominator

values of fractions increases). The case of constant mean premium and increased mean

returns also rendered similar observations. In both cases, magnitudes of bid-ask spread

and tick size reductions did not have any influence on the ex-day prices anomaly.

Observing the serial correlations of residuals in the OLS model of Bali and Hite

(1998), Jakob and Ma (2004) applied fixed effect panel regression of price drops on div-

idends and discreteness. They observed that the significant slope coefficient was always

different from 1. The estimated intercept and the estimated coefficient on discreteness

were significantly different from 0. This result implied that price drops were not strictly

constrained to the multiples of a tick.

All of these studies observed conflicting results on ex-day price drops in relation to

dividends, considering the importance of market frictions like price discreteness due to

tick size effects and bid-ask bounces. In the present study, the tick size effect was ob-

served through the tick value, i.e., tick size multiplied by the Nifty contract size. Con-

tract size again depended on the number of market lots and the market lot price.

Hence, tick size effect on returns was examined through the number of market lots.

The time of submission of limit orders was the proxy for a bid-ask bounce effect on

returns. The effects of other market frictions (e.g., trading margin, credit availability)

on Nifty returns, i.e., the closing prices compared to average money values of contracts,

were examined.

Theory, methodology, and data
Returns in the financial futures market are the trading-price-value ratios (TPVR), which

are the day’s closing prices (DCP) divided by the average money values (Barik and

Supriya, 2007). The average money value (AMV) is the total trading value (TTV) di-

vided by total trading quantity (TTQ), i.e., the total money value of business that took

place in the market during the day divided by the total number of contracts for which

business took place during the day. The total money value of business that took place

in the market during the day reflects the money supply at the futures market. The total

number of contracts for which business took place during the day reflects the trading
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transactions at the Nifty Futures market. In other words, average money value is equal

to money supply divided by transactions at the Nifty Futures market.

The quantity theory of money states that, for a given market, the total money supply

(M) with its velocity (V) is equal to the market price times the transactions. In the case

of the derivatives (futures) market, the total money supply (M) is represented by the

total trading volume (TTV). Here, M may be narrow or broad money supply, where as

TTV is always a broad money as it considers broad money and portfolio management

considering resource diversifications in the economy. V is represented by velocity

of TTV i.e., limit order submission and execution process including the call finan-

cing interest rate, tick size, tick value, bid-ask spread, margin, and so on. In other

words, V is equivalent to the trading volume (number of contracts traded in a

given period) or open interest (number of open option contracts) of the Nifty Fu-

tures contract. P is the day’s closing price of the index (DCP). T is the transaction

i.e., total trading quantity (TTQ). Therefore, the quantity equation of the futures

market is as shown:

MVð Þfm ¼ PTð Þfm or;

TTV � V ¼ DCP � TTQ or;

TTV
TTQ

� �
� V ¼ DCP or, AMV × V =DCP or,

V ¼ DCP
AMV ¼ TPVR (Trading Price Value Ratio).

Here, velocity (V) varies directly with DCP and inversely with AMV. However, closing

prices are volatile in nature as the result of both systematic and unsystematic risks.

One such risk is the source of call financing money for investment and reinvestment

purposes. This call money depends on the call interest rate (it) that determines the

money supply (TTV) in the futures market. Empirical testing has shown that there is a

long-run relationship between Nifty Futures and spot prices, where the interbank call

interest rate Granger-causes the spot price (Granger, 1969). Panda (2008) found similar

results, along with other long-term and short-term interest rates, that influenced the fi-

nancial markets, particularly the stock and derivatives markets. Therefore, all regionally

traded interbank call interest rates, e.g., rates traded in Mumbai or Calcutta, are well

related to the financial market coupon rates for 5 - 10 year government securities and

for 15 - 91 day treasury bills. Therefore, call returns (CR) or call-trading-price-value ra-

tios are the Mumbai inter bank call interest rate minus the trading-price-value ratio

i.e., V ¼ it− DCP
AMV

� �
.

Now considering the call financing interest rate, tick size, tick value, bid-ask spread,

margin, and so on, the limit order submission and execution process (velocity) is 1/V.

This notation represents the real Nifty trading volumes (outputs) rather than the Nifty

open interests, where the real call-trading-price-value ratios are calculated through

nominal interbank call interest rates. This approach is taken for two reasons. First,

maximum sample observations are made with actual-trading data based on trading in-

formation for executed and trading day orders. Second, according to Mankiw (2003),

total output for any economy set up is equal to MV/P = T, or MV = TP, or V = TP/M,
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or V = (T/M) × P. In the futures market, set up of the total output or real call returns

(RCR) is derived as shown:

V = (TTQ/TTV)×DCP, or

V×(TTV/TTQ) = DCP, or

V×(AMV) = DCP, or

V = DCP/AMV, or

1/V = 1/(DCP/AMV), or

1/V = 1/[it–(DCP/AMV)], or

1/V = 1/CR = Vt.

That is,Vt = RCR = 1/CR (1)

In Eq. (1), the denominator explains call returns (CR) for the Nifty Futures market.

Therefore, real call returns, i.e., call-velocity (Vt, hereafter, returns) are equal to 1

divided by call-trading-price-value ratios. In day-to-day trading, if the value of CR

is less than 1 but positive (0 < CR < 1), then returns will be greater than 1. Under

these circumstances, the market participants would be better off reinvesting for fu-

ture profit, because the ratio of 1 to CR is positive and high given the condition

0 < CR < 1. Therefore, the incentive to trade rises, with consequent reinvestment

and super normal profits. In contrast, if the value of CR is greater than 1, then

returns will be less than 1. In this case, market participants would not favor invest-

ment or reinvestment. In addition, if the value of CR is equal to 1, then returns

will be equal to one. Under this circumstance, incentive for business as well as

transaction motives would be in balanced form for future investment at day-to-day

normal profit.

However, returns (Vt) depend on trading margins, tick values considering tick size,

and the traded number of market lots -and thus on price discreteness and credit avail-

ability for market participants. In the context of empirical examination, these frictions

are market signals, where this study developed model by following the models of

Bollerslev (1986, 1987), Bollerslev et al. (1988), as well as the two-stage GARCH model

of Hiraki et al. (1995), and the two-stage IGARCH model of Barik and Supriya

(2007).The dependent variables for this study are returns (Vt), total money supply

(M3t), number of market lots (Mlt), and impact costs (Ct). The independent variables

are trading margins (Mt), and trading prices (Tpt), among others. The trading price is

the equilibrium price determined by the market, where the risk-free financing rate is

the interbank call interest rate. Therefore, in the futures trading mechanism, this equi-

librium trading price is the risk-neutral and reference price. The assumption is that by

the last hour of trading (i.e., 15:30 IST), informed market participants have achieved

symmetry and have available perfect market information, where volatile and chaotic

trading does not exist.

For this study, the integrated generalized autoregressive conditionally heteroskedastic

(V-IGARCH) model specifications are bα0 > 0; bα1 ≥ 0; bα2 ≥ 0; bα3 ≥ 0; and bα1 þ bα2 ¼ 1.

After several rigorous empirical estimations through the standard GARCH model, results

showed that the specification bα1 þ bα2 < 1 does not hold for the Indian derivatives market.

Previous studies, as well as the study presented in this paper, have observed this result.
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Therefore, this study uses the V-IGARCH (1, 1) model, where the conditional variance

ht ¼ bσ2t
� �

equation follows bα1 þ bα2 ¼ 1. A lag weight of 1 for credit availability is

included as an independent variable for variance returns. The purpose for V-IGARCH

(1, 1) is used to observe the positive effects of credit availability on the variance of

futures returns. Therefore, the first stage of the V-IGARCH (1, 1) model is given

as shown:

Vt ¼ bβ0 þ bβ1Mt þ bβ2wt þ ut

ht ¼ bα0 þ bα1bu2t−1 þ bα2ht−1 þ bα3w2
t−1 ð2Þ

where, ut ¼ bσ tvt ¼
ffiffiffi
h

p
tvt , and vt is an i.i.d sequence ~ (0,1). Equation (2) contains both

the mean and variance returns. Here,Vt represents the dependent variable, and Mt. and

wt are independent variables. However, maintenance of the trading margin depends on

the interbank call interest rate i.e., the financing interest rate, which again depends on

daily trading volumes in the call money market. This mechanism also relies on total

money supply or broad money (M3t), which is equal to time deposits plus narrow

money (M1t). Therefore, broad money ultimately determines the financial resources for

Nifty trading through the maintenance of trading margins that heavily depend on the

interbank call interest rate. However, this financing rate is the equilibrium rate based

on demand for, and supply of, call money trading volumes, which depend, in turn, on

the availability and sufficient level of deposits, such as time deposits and narrow

money.

Market theory states that if total money supply decreases (or increases) then money

supply in call market also decreases (or increases) because of restricted (or unre-

stricted) money flow to the financial institutions and banks. In contrast, the call money

volume decreases or increases when the interbank call interest rate increases or de-

creases with the existing demand for call money. Suppose the interbank call interest

rate increases. In this scenario, investors would not seek financial resources from this

call market, given the risk of loss at the existing demand level for call money. Conse-

quently, the financial resources for investments in futures instruments would decrease.

In contrast, suppose the interbank call interest rate decreases. Under this circumstance,

investors would want financial resources from this call market because of the value of

reinvesting at the existing demand level for call money. Thus, increased investment

would take place in the futures market.

In this context, it is observed that if there is a regressing interbank call interest rate

on M3t with the model of ln itð Þ ¼ θ̂0 þ θ̂1 ln M3tð Þ þ ηt , then R2 is 0.5 and θ̂1 is signifi-

cantly negative. This result implies that there is an inverse relationship between the

interbank call interest rate and broad money. In the case of an increasing interbank call

interest rate, investors will not desire financial resources from this call market, if there

will be a relatively constant demand for call money that costs more to investors during

recession or even saturation business cycles. Even in the case of changing demand for

call money, the same equilibrium theory holds, where after some period the total

money supply is constant. Yuan (2005) observed that the borrowing constraint and in-

formation asymmetry cause confusion, crises, and contagion in stock prices. Yuan
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(2005) suggested rectification of liquidity crises through government intervention that

would reduce the borrowing constraint and information asymmetry on trading.

Therefore, the interbank call interest rate should decrease with the increasing total

money supply in the economy. This implies that lending to banks, depository partici-

pants, and other financial institutions would increase. Since trading margins have a dir-

ect relationship with the call interest rate, this financing rate should be at an

appropriate level. In turn, resource availability for reinvestment in Nifty Futures trading

will exist. Here, if banks have low cost lenders, then the supply of credit to borrowers

(investors) would hold well (Black and Strahan, 2002; Tassel, 2002). Therefore, in finan-

cial markets, the call interest rate should be at an appropriate level for resource gener-

ation, diversification, and utilization.

In eq. (2), independent dummy variable wt is included to measure the credit availabil-

ity position of the market. If credit availability for investment exists, then, wt = 1, other-

wise wt = 0. Hence, in the model, the mean value of credit availability position of the

market is E V t Mt ;wt ¼ 1jð Þ ¼ βb0 þ βb2
�
þ βb1 Mtð Þ

�
. Alternatively, the mean value of

credit unavailability position of the market is E V t Mt ;wt ¼ 0jð Þ ¼ βb0 þ βb1 Mtð Þ
(Barik and Supriya, 2007). Theory suggests that credit or lending in the economy

should be at an appropriate level for best use of money supply. In this case, con-

ditional variance considers the positive impact of this credit availability situation.

Therefore, ht depends on w2
t−1, which is an independent variable. Since w2

t−1 is positive, it

is expected that the value of bα3 will be zero. In these situations, if the expected mean and

conditional variance values are realized with a higher significance level, then there is a lo-

gical reason to measure and evaluate the level of realization in relation to market making.

Therefore, first stage V-IGARCH (1, 1) endogenous mean and conditional variance

returns are measured with exogenous factors from the following second stage V-IGARCH

(1, 1) models:

M3t ¼ γ̂01 þ γ̂11△but−1 þ γ̂21△but−2 þ γ̂31△wt−1 þ γ̂41Tpt þ γ̂51
X3
i¼1

Di þ εm3t

h1t ¼ δ̂01 þ δ̂11ε̂
2
m3t−1 þ δ̂21h1t−1 þ δ̂31△w2

t−1 ð3Þ

Mlt ¼ γ̂02 þ γ̂12△but−1 þ γ̂22△but−2 þ γ̂32△wt−1 þ γ̂42Tpt þ γ̂52
X3
i¼1

Di þ εmlt

h2t ¼ δ̂02 þ δ̂12ε̂
2
mlt−1 þ δ̂22h2t−1 þ δ̂32△w2

t−1 ð4Þ

Ct ¼ γ̂03 þ γ̂13△but−1 þ γ̂23△but−2 þ γ̂33△wt−1 þ γ̂43Tpt þ γ̂53
X3
i¼1

Di þ εct

h3t ¼ δ̂03 þ δ̂13ε̂
2
ct−1 þ δ̂23h1t−1 þ δ̂33△w2

t−1 ð5Þ

Equations (3), (4), and (5) specify the market participants’ exogenous conditional

probabilistic values for returns. These second stage models incorporate in dependent

variables such as the total money supply, number of market lots (i.e., the market depth
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of futures trading), and impact costs. These factors are included because returns

depend on broad money through the call-money volumes. In this case, the inter

bank call interest rate is the significant factor that determines financial resources

for investments in the derivatives market. These second stage models incorporate

independent variables such as △but−1 ¼ but−but−1 , △but−2 ¼ but−but−2, Δwt − 1 = wt − wt − 1,

and △w2
t−1 ¼ ðwt−wt−1Þ2, both in mean and variance equations respectively. These

independent variables are derived from the first stage model.

Equation (3) explains the market determined equilibrium-trading price that pro-

vides incentives to borrow for investment purposes. In other words, the efficient

utilization of borrowing or lending is realized through this independent reference

equilibrium-trading price i.e., market-determined risk-neutral last trading price

(Tpt).

Equation (4) explains the impact of the number of market lots and, thereby, the influence

of tick value and price discreteness on Nifty returns. The independent variables are

Tpt, △but−1,△but−2, Δwt − 1, and △w2
t−1. Independent variables such as Di, Δwt − 1, △but−2,

and △but−1 determine the appropriate Mlt, which determines either short or long

Nifty hedging positions. Therefore, efficient hedging with the reduction of both

systematic and unsystematic risks is expected in this market. The second stage

model also establishes the relationship between impact costs and risk-neutral last

trading prices (Equation 5), because daily risk-neutral trading prices motivate the

reduction of losses and ensure profitable returns.

In these second stage mean equations, the time (trading hours) of submission of limit

orders is incorporated using dummy variables D1, D2, and D3 in order to examine the

impact of each of these variables on the availability and reliability of financial resources.

These resources include borrowing from banks and financial institutions or lending to

market participants. Also included are the number of market lots that direct hedging

considering price discreteness, which impacts costs and returns. Therefore, these sec-

ond stage V-IGARCH (1, 1) models measure and evaluate the exogenous conditional

probabilistic values for the first stage returns (Vt).

In eqs. (3), (4), and (5), estimators in mean equations are used as follows:

� Estimators γ̂01, γ̂02, and γ̂03 measure the percentage change in total money supply,

number of market lots, and impact costs for a given percentage change in other

exogenous factors such as non-trading hours.

� Estimators γ̂11, γ̂21, γ̂12, γ̂22, γ̂13, and γ̂23 measure the percentage change in

total money supply, number of market lots, and impact costs for a percentage

change in other exogenous miscellaneous factors derived from the first stage

estimation.

� Estimators γ̂31, γ̂32, and γ̂33 measure the percentage change in total money supply,

number of market lots, and impact costs for a percentage change in other

exogenous factors involved with credit availability.

� Estimators γ̂41, γ̂42, and γ̂43 measure the percentage change in total money

supply, number of market lots, and impact costs for a percentage change in

risk-neutral trading prices.
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� Estimators γ̂511, γ̂512, γ̂513, γ̂521, γ̂522, γ̂523, γ̂531, γ̂532, and γ̂533 measure the

percentage change in total money supply, number of market lots, and impact costs

for a percentage change in time of submission of limit orders.

All of these estimates affect Nifty trading returns. In addition, second stage variance

equations explain the impacts of positive independent credit availability with V-

IGARCH (1, 1) model specification.

In this study, variables used logarithmic transformations, and the initial OLS estima-

tion led to the maximum likelihood estimation. Equations (2), (3), (4), and (5) measured

both endogenous and exogenous conditional probabilistic values for market partici-

pants with the study’s sample period. Therefore, this study established empirically the

null-hypothesis that trading margins, credit availability, and price discreteness did not

affect the variance of returns in the Indian futures market. However, futures trading

motives take into consideration the above independent factors as the market makers in-

herit, generate, initiate, and realize them. In this context, the following data descrip-

tions and empirical results were driving forces to realize the study’s objective to

observe and evaluate the nature and role of market participation, role of price discrete-

ness with its optimality, and financial resource utilization by the bank-custodian

depository participants for nifty futures market.

The NSE provided the derivatives segment data. This study used daily data consisting

of 506 observations from December 02, 2002 to November 30, 2004 with maximum

trace. Returns (Vt) were calculated with defining variables DCP, TTQ, TTV and it, where

data on the variable it were collected from the Reserve Bank of India (RBI) website.

From the NSE derivatives segment data, the total number of trades that took place on

the Nifty Futures instrument during the trading day was considered to be the proxy for

the trading margin (Mt) for two reasons. First, the NSE does not have the ready-made

data required for the research. Second, since the rules of derivatives trading require suf-

ficient trading margin for order execution, if the initial margin requirement is not there,

then a particular trade will not take place. Therefore, the assumption is that only those

participants who have a sufficient balance in their margin accounts along with their ini-

tial margin can trade. The variable “total number of trades that took place on FUTIDX

during the trading day” reflects this assumption. Therefore, this variable was considered

to be a proxy for trading margin (Mt).

Nifty futures contracts expire on the last Thursday of each month. Usually, new con-

tracts with a three-month expiry (expiration) are traded on the Friday following the last

Thursday. Therefore, Thursday was the day of the week represented as the contract ex-

piration date in effect on returns. In this context, Barik and Supriya (2005) observed

that there is a “Thursday Effect” on Nifty trading. Badhani (2007) found that for deriva-

tives contracts, there is a significant expiration-day effect on prices and trading vol-

umes. The trading volumes increase before and on the expiration-day with increased

selling pressure from the arbitrageurs who liquidate their positions. This creates a fall-

ing price situation. After the expiration day, these trading volumes decrease and prices

increase. In addition, a complete three-month Nifty Futures contract might include 13

Thursdays, which is a matter of concern when making decisions to hold the Nifty Fu-

tures at a particular market position, because of variability and instability in the secur-

ities market. Therefore, in this study period, the expiry Thursdays were assigned a
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dummy value of 1, and a value of 0 otherwise. These dummy values were considered to

be proxies for credit availabilities (wt), because without these proxies for financial re-

sources, futures contracts would expire before their contract periods, or reinvestments

would be difficult, all of which would affect liquidity in the market.

Total money supply or broad money (M3t) data were collected from the RBI website,

and were available in monthly form. These data were considered to be proxies for daily

data. For example, in December, 2002, the broad money amount was 1682, 942 INR.

Then each of trading day since December, 2002 was calculated based on 1682,

942 INR and other successive values. In this way, monthly broad money data were used

as daily data for the respective trading month.

Let the betas for each of the traded securities in NSE be 1. During the study period,

the market lot on the Nifty Futures was 200. This study assumed that Nifty contract

size was at its base value, i.e., 1000 × 200 = 200, 000 INR. Assume that the total money

value of the business in a particular Nifty trading day reflected the total money supply

for seller, who used to buy Nifty Futures. Here, Nifty market lots were sold or bought

with short or long securities positions in futures market. Accordingly, returns in terms

of profit or loss were determined based on the market positions and market sentiments

as reflected in movements of the Nifty index. Thus, the impact of the number of Nifty

market lots traded for hedging purposes had a significant effect on Vt.

We know that the tick value = tick size × contract size. Throughout this study period,

tick size was constant at 0.05. Contract size was equal to the price multiplied by the

market lot, which was determined by the NSE. In this case, appropriate lot size, and

hence the number of market lots that were traded, determined the appropriate tick-

value-size ratios (Nifty price × lot size = tick value/tick size. This tick-value-size ratio

determined returns according to the movement of Nifty prices in terms of profit or

loss. Therefore, the calculation for the number of the Nifty market lots or contract size

at base price was the total money value of the Nifty business divided by the value of

one Nifty market lot at Nifty base price. Note, please, that the NSE Nifty market lot

was revised to 50 in February 06, 2007, and there after the market lot 50 was used for

trading. However, during this study period, one market lot was 200. Therefore, 506

daily observations for Mlt were calculated based on a market lot of 200. Then in the

second stage, the impact of the tick-value-size ratio on returns was analyzed.

Monthly impact cost (Ct) data were collected from the NSE website. These were con-

sidered to be proxies for daily data. For example, in December, 2002, the impact cost

was 0.09. Then each of the trading day since December, 2002, was evaluated using the

proxy of 0.09 and other successive figures. In this way, monthly Nifty impact cost data

were used as daily data for the respective trading month. The risk-neutral trading price

(Tpt) data were extracted from the derivatives segment data provided by the NSE.

For the term of this study from December 02, 2002, to November 30, 2004, the first

1/3 of the daily study period was considered to be morning hours trading (from 09:55

IST to 11:47 IST), which totaled about 111.67 min. The second 1/3 of the daily study

period, between the initial and last periods of Nifty Futures trading, was considered to

be mid-hours trading (from 11:47 IST to 13:39 IST), which totaled about 111.67 min.

The last period of Nifty Futures trading, i.e., the remaining 1/3 of the daily study

period, was considered to be the last hours of trading (from 13:39 IST to 15:30 IST),

which ran for about 111.67 min also.
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The initial period of trading was more active, and the market experienced large limit

order submissions during the morning trading hours. Therefore, the assumption was

that as the daily market matures, i.e., moves from one daily period to another trading

hours, the frequency of submission of limit orders will vary. Over the course of time,

perfect and symmetric information can be accessed. In addition, non-trading hours

may exhibit sufficient reasons to make the market volatile and asymmetric during the

next usual trading day i.e., from 09:55 IST to 15:30 IST. Accordingly, the availability

and reliability of financial resources, the number of market lots that hedge the risks

considering impact costs, and trading returns can be evaluated.

Accordingly, to examine the impact of the time of submission of limit orders using

the dummy variables, each one third of the study period was assigned a value of 1 or 0.

D1 was equal to 1 if the initial period of Nifty Futures trading (first 1/3 of the trading

day) was considered to be morning hours trading (from 09:55 IST to 11:47 IST), and 0

otherwise. D2 was equal to 1 if it fell between the initial and last periods of Nifty Fu-

tures trading (second 1/3 of the trading day), and 0 otherwise. D3 was equal to 1 if it

fell during the last period of Nifty Futures trading (remaining 1/3 of the trading day),

and 0 otherwise.

Results and discussion
While presenting V-IGARCH(1,1) estimation results, there was a need to examine the

long-run cointegration relationship between Vt and Mt, as well as wt. In this case, the

Engle and Granger (1987) two-step cointegrating and error correction model was applied:

Vt ¼ bβ0 þ bβ1Mt þ bβ2wt þ ut

△V t ¼ bλ0 þ bλ1but−1 þ bλ2△Mt þ bλ3△wt þ vt ð6Þ

where, ΔVt = Vt – Vt-1, ΔMt = Mt – Mt-1, Δwt = wt – wt-1, and bλ1ubt−1 = error correc-

tion term. With the unrestricted △but ¼ ĉ0 þ ĉ1 t þ ĉ2 but−1 þ ĉ3△but−1 þ e and the re-

stricted△but ¼ ĉ0 þ ĉ3△but−1 þ e residual regressions, it was estimated that the computed

F ratio was 38.62. This value was greater than the DF critical value 8.34 at the 1% level

with the restriction of ĉ0 , ĉ1 ¼ 0, and ĉ2 ¼ 0, where ĉ2 ¼ ρ−1 and ρ = 1 (Dickey and

Fuller, 1981). Therefore, this study rejected the residual random walk hypothesis at the

1% level. Again, the DF test on estimated residuals with a constant and trend showed

that the absolute estimated value | − 12.05| was greater than the DF absolute critical

value | − 3.98| at the 1% level (Table 1).

Table 1 Cointegration test

EstimatedRegression
Vt ¼ βb0 þ βb1Mt þ βb2wt þ ut

Estimates

βb0 −2.5480*

βb1 0.1369*

βb2 −0.0094**

F ratio test statistic 38.6198

DF test statistic on residuals −12.0479

Note:* (**) Significant at 0.01 (<0.01) level. Vt = returns, Mt. = trading margins, and wt = credit availability dummy
variable. The result shows the cointegration between returns and trading margin with credit availability holds good
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In addition, the study estimated that from the model △but ¼ ĉ0 þ ĉ1t þ ĉ2but−1 þ ĉ3Pp
j¼1△but−j þ e for j = 1, the estimator ‘ĉ2 ’ is negative (−0.3663) at 0.01 level, where the

estimated absolute tau value was greater than the absolute DF critical value i.e.,

| − 8.79| > | − 3.98| or −8.79 < −3.98 at the 1% level (Augmented Dickey-Fuller test;

Prasanna Kumar, 2011). These results proved that but was stationary with I(0).

Once again, the results showed that the cointegrating regression Durbin-Watson (d)

test value was greater than 0.5, which rejected the null of unit root in the errors at the

1% level. From these results, it was concluded that Vt, and Mt, as well as wt, were coin-

tegrated. Thus, the cointegration between returns and trading margins with credit

availability held good. Empirically, it was also shown that other variables in second

stage V-IGARCH(1,1) models were stationary.

From Table 2, it can be seen that estimator bλ0 had a lower positive value and was ap-

proaching zero. The estimated coefficient bλ1 was negative. This implied that an imbal-

ance between returns and trading margins with credit availability during one period

was corrected in the next period at about 0.4132% for long-run equilibrium. Thus, this

result indicated that the long run cointegration between returns and the trading margin

with credit availability held good.

The estimated coefficient bλ2 was positive. This suggested that if the trading margins

increased by 1%, on average, returns would increase by about 0.0187%. The estimated

coefficient bλ3 was negative, suggesting that there was an inverse relationship between

returns and credit availability. Therefore, it appeared that there was need for an appro-

priate lending policy that would satisfy the existing higher margin requirements in rela-

tion to returns. To achieve equilibrium and stable returns, balanced and sustainable

credit availability would be necessary, along with an appropriate level of trading margin

for the market participants. These initial linear estimation results led to the efficient

maximum likelihood estimation results.

Table 1 and Table 2 demonstrate that the error term (ut) was stationary in nature,

where variables such as Vt, and Mt, as well as wt, were cointegrated with long-run equi-

librium adjustments (Equation 6). Therefore, considering this stationary but , the V-

IGARCH (1, 1) model was applied for this study.

From Table 3, it can be observed that the significant estimator βb0 was negative. This

result implied that if other factors such as impact and carrying costs rise by 1%, on

average, returns will change by about −2.2663%. This finding again implies that in the

presence of trading margins, returns would not increase positively with impact or car-

rying costs, or with some other costs. In other words, returns were lower with the

Table 2 Estimated error correction model

Error correction model
△Vt ¼ bλ0 þbλ1but−1 þbλ2△Mt þbλ3△wt þ vt

Estimates

bλ0 0.0001

bλ1 −0.4132*

bλ2 0.0187**

bλ3 −0.0058**

Note:* (**) Significant at 0.01 (<0.01) level. ΔVt = Vt – Vt-1, ΔMt = Mt – Mt-1, and Δwt = wt – wt-1. The result indicates that
the long run cointegration between returns and trading margin with credit availability holds well
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existence of these costs. In this case, carrying cost implied the difference between fi-

nancing cost (interest cost) of a portfolio that purchased the underlying Nifty Index fu-

tures, and the present value of dividends from stocks in the Nifty Index portfolio.

Considering this carrying cost, the futures price was determined by the relationship be-

tween the basis and the day’s closing price.

Impact cost was the cost of a stock transaction for a specified and predetermined

order size, where the percentage change was experienced with reference to the ideal

price: [(best buy order + best sell order) / 2]. Other costs were miscellaneous costs in

Nifty Futures trading. Therefore, the estimated coefficient βb0 demonstrated that if the

trading margin and credit availability variables were kept as zero or negative values,

returns changed negatively with the existence of these costs (carrying costs + impact

costs + other costs).

The significant estimated slope coefficients βb1 and βb2 were negative (i.e., −0.1117 and

−0.0037 respectively). This finding demonstrated that the estimated slope coefficient βb2
was negatively related to Vt for the study period at appropriate significance levels. Here,

the study rejected the null hypothesis of equal mean value of credit availability. These

results indicated that credit availability was restricted, where trading margins were in-

versely related with returns. These results also showed that the conditional probabilistic

beliefs for returns were negatively related with trading margins through the negative

coefficient of the credit availability dummy variable.

In addition, Table 3 shows that estimator bα0 was 0.0079, with its variations ranging from

0.00 to 0.51 over the sample period (Fig. 1b, Table 3), where the estimated conditional

Table 3 First stage V-IGARCH(1,1) regression model (Equation 2)

Estimators Estimates

βb0 −2.2663*

(0.0000)

βb1 −0.1117*

(0.0000)

βb2 −0.0037**

(0.3800)

αb0 0.0079*

(0.0000)

αb1 0.9556*

(0.0000)

αb2 0.0444**

(0.2130)

αb3 0.0087*

(0.0026)

Log-Likelihood 745.7772

Skewness −0.2725†

Kurtosis 2.2126†

Note:* (**) Significant at 0.01 (<0.01) level. † Significant at 0.01 level. The first stage V-IGARCH(1,1) estimation considers
NSE daily data from December 02, 2002, to November 30, 2004. Mean and conditional variance equations are,
Vt ¼ bβ0 þ bβ1Mt þ bβ2wt þ ut
ht ¼ bα0 þ bα1bu2t−1 þ bα2ht−1 þ bα3w2

t−1
where,Vt = returns, Mt. = trading margins, and wt = credit availability dummy variable. The results indicate that inefficient
returns exist with the existing inefficient trading margins and ineffective credit availability positions. The non-realization
of returns is due to conditional probabilistic values, which are explained in second stage V-IGARCH (1, 1) estimations.
Here, the conditional variance is 1.02 (bα0 þ bα1 þ bα2 þ bα3), where Nifty variance returns are negative at around −1.20
(Fig. 1c)
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variance was 1.02 (αb0 þ αb1 þ αb2+αb3). However, Nifty variance returns (ht) ranged from

−1.90 to −0.56 (Fig. 1c). Based on this last observation, it was also shown that the

one-step forecasted Nifty variance returns were −1.14. Therefore, these results ex-

plained inefficient valuation in the Indian futures market.

Hence, from first-stage V-IGARCH (1, 1), the results proved that credit availability

positions were not realized with endogenous conditional probabilistic values for the

market participants. The reasons for negative returns and low estimated coefficients in

first-stage mean equations were explained in second stage V-IGARCH (1, 1) models. In

the second stage models, M3t, Mlt, and Ct were used as dependent variables and △but−1,

△but−2 , Δwt − 1, Tpt, andDiwere used as independent variables, where the estimated

Fig. 1 Nifty residual and variance returns
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coefficients were explained as exogenous conditional probabilistic values for non-

realization of trading margins and credit availability, and therefore, for returns.

Table 4 shows that significant estimators such as γb511, γb512, andγb513 were positive. This

finding implied that if the trading hours increased by 1% of each 1/3 of the total trading

time-period, on average, the total money supply would increase by about 0.1289%,

0.1299%, and 0.2368% respectively. This outcome made clear that an increase in money

supply would have a significant effect on first stage returns across all trading hours (i.e.,

09:55 IST to 15:30 IST). Therefore, the significant estimator γb41was positive, implying

that if the risk-neutral trading price rises by 1%, on average, the total money supply will

rise by about 0.1202%. In effect, this change would impact the first stage returns.

The estimators γb31, γb21, and γb11 were negative, with low significance level. The estimator

δ̂31 in the conditional variance equation was also negative and less than zero. This out

come implied that the second stage conditional variance was 1.00 (δb01 þ δb11 þ δb21 þ δb31 ).
These results together implied that money supply variance returns, which ranged from

14.34 to 14.57 (Fig. 2), had a negative relationship with credit availability. Therefore, these

results supported the implication that if the interbank call interest rate rises, demand for

Table 4 Second stage V-IGARCH(1,1) regression model (Equation 3)

Estimators Estimates

γ̂01 13.4314*

(0.0000)

γ̂11 −0.0003
(0.3743)

γ̂21 −0.0017**

(0.0559)

γ̂31 −0.00001
(0.4695)

γ̂41 0.1202*

(0.0000)

γ̂511 0.1289*

(0.0000)

γ̂512 0.1299*

(0.0000)

γ̂513 0.2368*

(0.0000)

δ̂01 0.000003*

(0.0000)

δ̂11 1.0000*

(0.0000)

δ̂21 −0.000000*

(0.0000)

δ̂31 −0.000001**

(0.1432)

Log-Likelihood 2156.2286

Note:* (**) Significant at 0.01(<0.01) level. The second stage V-IGARCH(1,1) estimation considers NSE daily data from
December 02, 2002, to November 30, 2004. Mean and conditional variance equations are,

M3t ¼ γ̂01 þ γ̂11△but−1 þ γ̂21△but−2 þ γ̂31△wt−1 þ γ̂41Tpt þ γ̂51
P
i¼1

3
Di þ εm3t

h1t ¼ δ̂01 þ δ̂11 ε̂
2
m3t−1 þ δ̂21h1t−1 þ δ̂31△w2

t−1
where, M3t = total money supply, Tpt = trading prices, and Di = dummy variables = time of submission of limit orders.
Dummy variables = D1 is the initial period of the Nifty trading, D2 is in between the initial and the last periods of trading,
and D3 is the last period of the Nifty trading. △but−1, △but−2, Δwt − 1, and △w2

t−1 = First and second differenced residuals and
first differenced credit availability dummy values are derived from the first stage V-IGARCH (1, 1) estimation. The results
indicate that there is a negative effect of total money supply on returns through lower credit availability positions
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financial resources will fall, then the volume of call money will fall, and the money supply

will be underutilized. Therefore, lending to banks, depository participants, and

other financial institutions will fall, and vice-versa. Since the trading margin has a

direct relationship with the call interest rate, this financing rate should be at an

appropriate level, so that the availability of resources for reinvestment in Nifty Fu-

tures trading will be ensured.

Table 5 shows that significant estimated slope coefficients γb521 , γb522 , and γb523 were

negative. These results implied that if the trading hours increase by 1% of each 1/3 of

the total trading time-period, on average, the number of market lots will change by

about −2.4496%, –1.4117%, and −1.4714% respectively. This finding showed that the

number of market lots had a significant negative effect on the first stage returns in all trad-

ing hours. Therefore, the tick-value-size ratio had a negative effect on these first stage returns,

because if the use of market lots is inefficient then the incentive for investment in the Nifty

Futures market will be lower.

Again, inefficiencies regarding market lots caused inefficient creation of tick value in

relation to tick size, and thus inefficient price discreteness. This discreteness has an im-

portant role in Nifty Futures pricing. Since price discreteness was shown empirically to

be inefficient, its role in Nifty Futures trading was also inefficient. Therefore, the study

could conclude that price discreteness negatively affects the first stage returns through

the inefficient number of Nifty market lots.

Table 5 demonstrates that the significant estimated slope coefficient γb42 was positive.

This result implied that if the risk-neutral trading price increases by 1%, on average,

the number of market lots will increase by about 2.3271%. This activity will affect first

stage returns positively. Therefore, the results implied that there was a positive relation-

ship between the number of market lots and the first stage returns.

Estimators γb22 and γb12 were negative, with lower significance levels. This means that

other exogenous miscellaneous factors negatively affected the number of market lots

traded. The estimator γb32 was positive but insignificant. This study concluded that

credit availability had an insignificant but positive impact on the number of market lots,

and thus on first stage returns.

The estimator bδ32 in the conditional variance equation was positive, but with a lower

significance level. This implied that the second stage conditional variance was 1.05

Fig. 2 Second stage money supply variance returns
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( δb02 þ δb12 þ δb22 þ δb32 ), where the number of market lots variance returns ranged

from 8.80 to 12.79 (Fig. 3). These results implied that the number of market lots,

and thus price-discreteness, had a lower negative impact on the first stage returns

with lower credit availability.

In Table 6, the significant estimated slope coefficients γ̂531 , γ̂532, and γ̂533 were both

negative and positive. That is, if the trading hours increase by 1% of each 1/3 of the

total trading time-period (approximately 1.12 min), on average, the impact costs will

change by –0.1027%, 0.2324%, and −0.0278% respectively. Therefore, impact costs have

a significant reduction effect on the first stage returns at the initial and last periods of

the Nifty trading hours, as compared with the other trading hours. Surprisingly, these

impact costs have positive reduction effects on returns between the initial and last pe-

riods of Nifty Futures trading.

Table 6 shows that the significant estimator γ̂43 was negative. This implies that

if the trading prices increase by 1%, on average, impact costs will change by about

−0.3738%, which is more than the effect of most of other independent variables.

Table 5 Second stage V-IGARCH(1,1) regression model (Equation 4)

Estimators Estimates

γ̂02 −4.0502*

(0.0000)

γ̂12 −0.1917**

(0.0424)

γ̂22 −0.2083**

(0.0435)

γ̂32 0.0084
(0.3176)

γ̂42 2.3271*

(0.0000)

γ̂521 −2.4496*

(0.0000)

γ̂522 −1.4117**

(0.0167)

γ̂523 −1.4714**

(0.0138)

δ̂02 0.0390**

(0.0057)

δ̂12 0.8421*

(0.0000)

δ̂22 0.1579**

(0.1692)

δ̂32 0.0082**

(0.2680)

Log-Likelihood 266.8531

Note:* (**) Significant at 0.01 (<0.01) level. The second stage V-IGARCH(1,1) estimation considers NSE daily data from
December 02, 2002, to November 30, 2004. Mean and conditional variance equations are,

Mlt ¼ γ̂02 þ γ̂12△but−1 þ γ̂22△but−2 þ γ̂32△wt−1 þ γ̂42Tpt þ γ̂52
P
i¼1

3
Di þ εmit

h2t ¼ δ̂02 þ δ̂12 ε̂
2
mit−1 þ δ̂22h2t−1 þ δ̂32△w2

t−1
where, Mlt = the number of market lots, Tpt = trading prices, and Di = dummy variables = time of submission of limit
orders. Dummy D1 is the initial period of the Nifty trading, D2 is in between the initial and the last periods of trading,
and D3 is the last period of the Nifty trading. △but−1, △but−2, Δwt − 1, and △w2

t−1 = first and second differenced residuals and
first differenced credit availability dummy values are derived from the first stage V-IGARCH (1, 1) estimation. This result
indicates that there is an inverse relationship between the number of market lots and risk-neutral trading price in all
trading hours causes the returns as inefficient. Since the number of market lots determines the tick value in relation to
tick size and hence price discreteness has negative effects on returns
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Table 6 Second stage V-IGARCH(1,1) regression model (Equation 5)

Estimators Estimates

γ̂03 −0.3041*

(0.0000)

γ̂13 0.0021
(0.2431)

γ̂23 0.0015
(0.3027)

γ̂33 −0.0003
(0.3708)

γ̂43 −0.3738*

(0.0000)

γ̂531 −0.1027*

(0.0000)

γ̂532 0.2324*

(0.0000)

γ̂533 −0.0278*

(0.0000)

δ̂03 −0.000006**

(0.0116)

δ̂13 1.0000*

(0.0000)

δ̂23 −0.000000*

(0.0000)

δ̂33 0.0005*

(0.0000)

Log-Likelihood 1089.7317

Note:* (**) Significant at 0.01 (<0.01) level. The second stage V-IGARCH(1,1) estimation considers NSE daily data from
December 02, 2002, to November 30, 2004. Mean and conditional variance equations are,

Ct ¼ γ̂03 þ γ̂13△but−1 þ γ̂23△but−2 þ γ̂33△wt−1 þ γ̂43Tpt þ γ̂53
P
i¼1

3
Di þ εct

h3t ¼ δ̂03 þ δ̂13 ε̂
2
ct−1 þ δ̂23h1t−1 þ δ̂33△w2

t−1
where, Ct = total money supply, Tpt = trading prices, and Di = dummy variables = time of submission of limit orders.
Dummy D1 is the initial period of th e Nifty trading, D2 is in between the initial and the last periods of trading, and D3 is
the last period of the Nifty trading. △but−1, △but−2, Δwt− 1, and △w2

t−1 = first and second differenced residuals and first differenced
credit availability dummy values are derived from the first stage V-IGARCH (1, 1) estimation. This result indicates that impact
costs are higher in the entire trading time-period (trading hours from 09:55 IST to15:30 IST) of submission of limit orders and
hence reduction effects on returns exist

Fig. 3 Second stage traded number of market lots variance returns
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In essence, this will affect first stage returns. Therefore, changes in impact costs

was more due to changes in trading prices than changes of other independent

variables in the model. This finding explains about the symmetric informational

nature of Tpt.

The estimated slope coefficients γ̂13 , γ̂23 , and γ̂33 were close to zero at 0.0021,

0.0015, and −0.0003 respectively with lower significance levels. This finding implied

that other factors, including the credit availability of market participants, had negli-

gible effects on impact costs. One can say that credit availability had a negligible ef-

fect on impact costs when efficient money supply management existed through the

interbank call interest rate. Thus, efficient effects of impact costs on returns existed.

The estimator δ̂33 in the variance equation was positive, but with a lower value by

0.0005. Thus, the second stage conditional variance was 1.00 ( δ̂03 þ δ̂13 þ δ̂23 þ δ̂33 ),
where the impact cost variance returns ranged from −2.66 to −1.77 (Fig. 4). The

estimator δ̂33 demonstrated through the variance returns that impact costs had a

negligible relationship with credit availability. Therefore, impact costs had negative

effects on first stage returns because of inefficient hedging in the Nifty derivatives

market. The risk reduction in securities was less, despite the use of derivatives.

From both stages of empirical estimations, it was observed that independent vari-

ables caused dependent variables and hence effects on returns. Both variables in this

two-stage V-IGARCH (1, 1) model were stationary in nature. In the first stage, it was

observed that returns and trading margins, as well as credit availability, were cointe-

grated, thereby indicating a long-term relationship between them. In the first stage of

the V-IGARCH (1, 1) model, heteroscedasticity with the mean returns through resid-

uals was observed, where the estimated coefficients were negative. This finding indi-

cated that maximizing returns requires efficient use of trading margins as well as

availability of credit positions. The first stage estimation showed that returns de-

creased by 2.2663% as a consequence of non-realization of efficient trading margins

and effective credit availability positions. This was the result of endogenous and ex-

ogenous conditional probabilistic values, which were estimated with the second stage

V-IGARCH (1, 1) regression models.

From the second stage regression estimation, it was observed that trading prices and

total money supply were directly related, and thus had direct effects on returns. The

total money supply increased gradually until the last trading hour. In the conditional

Fig. 4 Second stage impact cost variance returns
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variance equation, total money supply was related negatively to the availability of credit

for market participants. Under these circumstances, the efficient interbank call interest

rate was necessary to maintain the trading margin. In effect, efficient Nifty returns

would be achieved.

The tick value is the product of tick size and contract size. Contract size is equal to

the product of the base Nifty price and the number of market lots traded. Here, the

Nifty base value was constant and the tick size was constant. The tick-value-size ratio,

and hence price discreteness, depended on the number of market lots (market depth).

Therefore, price discreteness and its optimality were evaluated through the number of

market lots. This stage of estimation observed that trading prices and the number of

market lots were positively related. However, with negative credit availability, the num-

ber of market lots had negative impact on returns during all trading hours. Therefore,

price discreteness had a negative impact on returns.

Impact costs were negatively related with each of the Nifty trading hours. Impact

costs were also negatively related with trading prices. Credit availability had a lower ef-

fect on impact costs. Therefore, impact costs negatively affected first stage returns. This

finding implied that trading risks were not minimized by hedging positions. Therefore,

this study suggested that with more credit availability through efficient money supply

management, impact costs will have a positive impact on the first stage returns. Thus,

efficient returns would be achieved.

Conclusion
This study rejected the null-hypothesis and concluded that trading margins, credit

availability, and price discreteness affect the variance of returns in the Indian futures

markets. The study found that market participation was inadequate as a result of en-

dogenous and exogenous conditional probabilistic reasons. Efficient trading margins

and effective credit availability positions were not realized. Price discreteness had a

negative impact on returns, as trading prices and credit availability in each of the trad-

ing hours were inversely related. Trading risks, and hence losses, were not minimized

by hedging positions (Prasanna Kumar and Supriya, 2014). The maximum likelihood

estimator βb1 was |–0.1117|; it was less than one but not equal to zero. Alterna-

tively, its absolute value represented elasticity of returns, which explained magni-

tude rather than direction of changes in returns. As a result, the monopoly power

in the Nifty market was 8.9526 (i.e., 1 / |-0.1117|). Given this monopoly power,

returns were less elastic with respect to the existing trading margins, financial re-

sources, and market microstructure (price discreteness) that were available for

reinvestment.

Given the above findings, one can conclude that before investing in derivatives (index

futures), market investors should evaluate trading margins, credit availability positions,

and price discreteness. The above empirical results strongly suggest that trading mar-

gins, credit availability position, and price discreteness are decision-making market sig-

nals. Through these signals, investors will be able to gain essential market knowledge

and participate accordingly in trading for efficient returns. Future research will focus

on the efficiency of other market micro structures with regard to speculation and

arbitration.
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