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Avrticle history: This study examines the relationship between stock liquidity and return predicta-
Received 2022-04-28 bility of 116 publicly-traded firms in Tehran Stock Exchange (TSE). To this end,
Accepted 2022-09-05 we constructed a dated-regular frequency of time series with total 40128 stock-
firm observations. After calculating daily bid-ask spreads and stock returns, the
Keywords: observations were classified based on liquidity into three classes and the return
Liquidity, Spread, Return predictability was investigated across different classes using a set of parametric
Predictability, Market tests. The results exhibit signs of return autocorrelation and non-independence
Efficiency, Tehran Stock over three liquidity groups. Our findings didn’t show a connection between stock

Exchange. liquidity and market efficiency. The Hurst exponent also revealed mean reversion

of returns series across different liquidity classes. We conclude that stock liquid-
ity doesn’t play a significant role in market efficiency and return predictability of
stocks in TSE. In case of TSE as other emerging markets, due to the small number
of traders (the need for more trading activity) and low market making activities,
both the cost of trading increases and the reaction to stock price information is
delayed, resulting in predictability of price /return.

1 Introduction

Information is one of the most important factors in financial markets and the existence of information
symmetry in transactions indicates the efficiency of markets. Information efficiency and proper pricing
system leads to market development in the long run [48]. Information asymmetry will create various
risks, especially for traders. Information risk is extremely important in stocks that have less liquidity
and fewer transactions, and neglecting price information and risks associated with trading can be detri-
mental to investors. In a full-fledged efficient market, securities prices are heavily influenced by the
information available in the market [8], and investors cannot gain abnormal profits. In such market, the
price of securities is close to intrinsic value. If some information is not reflected in the stock price, then
the market is not efficient and the prices don’t follow a random walk process [41]. In the weak form of
efficiency, some information is relevant to prior periods and their impact on securities prices is reflected.
However, in and efficient market, prices are highly influenced by information, both public and non-
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public without any momentums or mean reversion [59]. Price efficiency refers to the extent to which
the security market price is informed and contextually reflects actual underlying economic facts [8].
Prices are formed through market mechanism and information collected by market participants regard-
ing stock characteristics [31]. Hence, stock prices represent investors ‘expectations [28]. Stock liquidity
increased the number of informed investors and improve the quantity and quality of information that
can be included in prices. Increase in stock liquidity causes current price closer to intrinsic value. In
other words, it makes the stock price more efficient [52]. Liquidity is one of the main characteristics of
an efficient market; a permanent concern of supervisory and enforcement authorities [27]. Markets with
the appropriate liquidity level allow entry and exit to the market with the least disruption and transaction
costs [10]. It also has a profound effect on the stability of financial systems, since high liquidity markets
can better absorb systematic shocks. A high-liquidity market allows investors to trade at a rational price,
minimum cost, and at a higher speed [61]. Increasing liquidity raises the informativeness of stock prices.
This allows prices to follow a random walk and stochastic path [16, 59]. Return predictability dimin-
ishes through arbitrage trading, which will be more extensive and effective during times in which the
market liquidity is high [13]. The empirical findings across developed markets provide direct connec-
tions between liquidity and price unpredictability for different classes of assets from stocks [58, 13] to
cryptocurrencies. Chordia, et al. [13] argued that exogenous declines in quoted bid-ask spreads result
in stock liquidity improvements. Such increases in liquidity stimulates market efficiency.

Liquidity vary over time and market situations and facts can occasionally be so stochastic that
trading costs jump dramatically to diminish stock liquidity. An important but unaddressed empirical
guestion in TES is whether such variations in stock liquidity are connected to price/return predictabil-
ity and fluctuations in market efficiency. Amihud & Mendelson, [3] as well as Jacoby et al., [37]
provide a connection between liquidity and stock returns in ways of premium demanded by investors
for trading illiquid stocks. They provide theoretical arguments and empirical evidence to support the
liquidity risk-premium. Jones and Amihud concluded that liquidity explains expected returns. Pastor
& Stambaugh [46] and Acharya & Pedersen [1] show a cross sectional relation between expected
stock returns and liquidity risk. But we explore a distinctly different intercommunication between
stock liquidity and return through studying liquidity associations with intraday market efficiency. Ef-
ficient market Fama, [19] accentuates a lack of return predictability as the criterion for efficiency and
return predictability is one of the anomalies that violates the efficient market hypothesis. The study
unveils the effects of liquidity on return predictability to show how liquidity may govern information
efficiency. However, we address the question by using daily return and effective spreads data for a
large sample TSE trading stocks of 116 firms over two-year period (2018-2019). The results can be
significant; because investors consider liquidity just as risk and return. The impact of this feature of
securities on capital market efficiency, is the subject of much financial research. Nowadays, the efforts
of market authorities in terms of service development, trading regulatory and market structure reforms
are perceivable and aimed to increase efficiency and liquidity of capital markets [2].

We investigate return predictability through order flows in a comprehensive sample of TSE actively
traded stocks over more than 350 trading days and 40128 observations. From a theoretical point of
view, as far as the researcher is aware, no research has examined and analyzed stock liquidity and its
impact on capital market information efficiency in the Tehran Stock Exchange. Failure to examine
this issue is one of the theoretical gaps in previous research that this study seeks to bridge by examining
the effect of stock liquidity on the predictability / non-predictability of returns as a reflection of capital
market information efficiency. From a methodological point of view, in a few studies, variables such
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as zero return and Amihud have been used to measure stock liquidity, while this study tries to com-
pensate for these shortcomings by considering the variable based on the price gap of sales quotes as a
measure of liquidity. Also several parametric and non-parametric tests (time series persistence test,
autocorrelation test, observation independence test and long-term memory) are used simultaneously
to obtain reliable results. Practically, this research is conducted in Tehran Stock Exchange, which has
much lower levels of efficiency and transparency than the world's advanced stock exchanges, and
predicts the impact of policies, strategies and measures of liquidity on information efficiency and
asymmetry. This paper is organized as follows: second and third sections are dedicated to hypothesis
development and design, respectively. Section four presents data analysis results. Eventually, the final
section is devoted to conclusions.

2 Literature Review

Liquidity refers to how fast an asset or stock can be sold at an intrinsic value on the market. The
more transactions for a stock means the more buyers and sellers are trading and this implies more
liquidity [15]. In other words, if an asset can be converted into cash with high speed and hassle-free,
its liquidity is higher. Liquidity enables the holders of some assets, such as stocks, to buy, maintain,
and sell at the right time without worrying about the buyer for their assets [52]. If there is a large
volume of stock trading in the market so that stock trading in the market is not dominated by the seller
or the buyer, the price offered by the seller per share (bid price) or the price that the seller is willing
to accept (asking price) will be almost close to each other. So investors will not have to spend a fortune
to sell fast. When the difference between bid and ask prices increases, market liquidity disappears
[19]. The role of the liquidity factor in the valuation of assets is due to the crystallization of the concept
of risk of lack of liquidity of the asset in the mind of the buyer, which can cause the investor to with-
draw from the investment [14].

The higher the risk of an asset, the more the investor expects to gain a return, and one of the most
important factors affecting the risk of an asset is its liquidity. The lower liquidity of a stock, the less
attractive that stock will be to investors, unless the owner expect a higher return [22]. According to
risk-premium theory, less liquidity equals more risk, and more risk is associated with higher expected
returns. But at the macro level, it is expected that as the stock becomes more liquid, it will contain
new information about the gradual changes in stocks that will lead to higher returns [48]. So far, dif-
ferent criteria have been proposed to measure the stock liquidity factor, which in a general classifica-
tion can be divided into four main groups as follows:

= Transactions cost —based: This criterion is based on the transaction costs of financial assets in
the market. The price gap between bid and ask may cover almost all of these costs, these price
gaps are usually considered as a measure of liquidity [12].

= Trading volume-based: As the name implies, these criteria identify liquidated markets through
trading volume in comparison with price changes, which are used to measure the size, extent
and depth of liquidity. Among the liquidity criteria in this category, we can mention Amihud
and turnover ratio [12, 19].

= Market-based criteria: In this criterion, an attempt has been made to measure the elasticity of
price discovery by distinguishing between price changes due to the degree of liquidity and
other factors such as general conditions or the entry of new information [19, 22].

= Equilibrium price-based criteria: This criterion seeks to measure regular movements towards
equilibrium price in order to mainly measure the elasticity dimension [14].
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Theoretical literature in the field of market research has a very long history. In modern finance,
there has been a lot of research to determine the relevant components of the stock market. At the same
time, part of the investor community has always been trying to follow rules of the deal. These rules
are designed to enable profitability based on predictable components [14]. Most of financial theories
has been developed based on random walk models for price and return. In an efficient market, all the
surrounding information is reflected in the current stock price, so it is not possible to predict future
prices (returns) and returns take a triangulate mode [59]. Informational efficiency means that infor-
mation on the value of assets equally and, of course, at the right speed, are available to all market
participants, and certain investors cannot generate abnormal return proportional to risk taken, through
information asymmetry [61]. In the weak form of market efficiency, the set of information that is
available and affects stock prices is only relevant to past period information. In this case, it is assumed
that the price of securities only reflects historical information [54]. In the semi-robust form of perfor-
mance, the available data set includes all general information; While in the strong form of perfor-
mance, which includes the two previous forms, stock prices reflect all information, both public and
confidential [27]. In an efficient market, the basic premise is that the price of securities reflects the
impact of all information about current events or events that the market expects to occur in the future
[22]. A prerequisite for market efficiency is the rapid and complete reflection of new information on
the price of securities [14]. If the capital market is efficient, both the price of securities will be deter-
mined correctly and fairly, and the allocation of capital, which is the most important factor of produc-
tion and economic development, will be done optimally and optimally [22]. The efficient market hy-
pothesis, based on the rational investors' use of all available information, claims that prices can accu-
rately reflect all available information, and that price changes in such a market over time are random
and unpredictable, but there are some exceptions that show in the meantime some stocks are more
profitable than others [18]. According to the market efficiency hypothesis, the performance of each
stock portfolio is independent of its performance in the past, and in situations where the market loses
its efficiency relatively, it is possible to increase the return on investment through appropriate invest-
ment strategies. One of these strategies is to use a portfolio strategy consisting of value stocks based
on financial accounting information [12]. This strategy was first used by Piotrosky [47]. on the US
Stock Exchange.

According to the efficient market hypothesis, competition between investors to find exceptional prof-
itability opportunities brings the market price closer to the intrinsic value of the asset [40]. Of course,
the efficient market hypothesis does not assume that a number of investors behave quite rationally,
but believes that the market behaves rationally, but the behavioral finance field believes that there are
limitations in creating interaction as a result of arbitrage conditions [34]. As long as the sale is not
short, it is considered a restriction on arbitrage [28]. Arbitrators still run the risk of not arbitrating
when the market price is too far from the intrinsic price or large in pricing error [18]. Even the size of
the market (market depth) is an important factor in the realization of arbitrage. In large markets (with
great depth), arbitrage is possible. In these markets, there are many funds for arbitrage with many
investors; But in smaller (shallow) financial markets, the possibility of arbitrage is minimized due to
the lack of sufficient liquidity [27] & [48]. The efficient market hypothesis supports the concept of
random walk; Because according to this theory, stock returns do not consist of past events or future
events, but of current and existing facts and information about those stocks [19]. The rationale behind
this concept is that the information available in the marketplace is random and unpredictable (with
both directional and non-directional expectations). As a result, stock price changes in efficient markets
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must follow a random step process [22]. The efficient market has no memory. This interpretation
means that it is not possible to conclude from yesterday's prices about tomorrow's prices [14].

Random walk is one of the methods of examining efficiency in financial markets. This theory states
that stock price changes have the same distribution and are independent of each other, so past move-
ments or the price trend of a stock or market cannot be used to predict its future movement. In short,
the random walk theory, also called the random turn theory, implies that stocks have a random and
unpredictable path. Someone who follows the random walk theory believes that it is impossible to do
better than the market without taking additional risk [19]. In fact, price behavior is a function of a
process called random walk [12]. These studies were led by Fama in 1960 to the efficient market
hypothesis. According to the efficient market hypothesis, competition among investors for profit at
any investment opportunity ultimately leads to a situation where the current price of tradable securities
is an unbiased forecast of their intrinsic value [57]. According to this hypothesis, stock prices would
be a reflection of all available information, and most of the research that followed was based on this
hypothesis. The effectiveness of the efficient market assumption was such that many capital asset
pricing models (CAPMSs), arbitrage pricing theories, option pricing models, and many others were
based on this assumption [22]. Long-term memory processes are an important part of time series anal-
ysis. Existence of long-term memory in return has important applications in examining market perfor-
mance, pricing derivatives and portfolio selection. Long-term memory (also called long-term domain
dependence) explains the correlation structure of time series values over long intervals [32]. The pres-
ence of long-term memory in a time series means that there is a correlation between its data even with
a large time interval [22]. Because long-term memory is a special form of nonlinear dynamics, its
modeling using linear methods is not possible and encourages us to develop and use nonlinear pricing
models [16]. Despite long-term memory, derivatives pricing using traditional methods will not be
appropriate. The existence of this feature is a reason for rejecting the market efficiency hypothesis.
According to the efficient market hypothesis, asset prices should not be predictable using past data.
The presence of long-term memory in the return on assets indicates the existence of autocorrelation
between observations over a long period of time [52]. Therefore, past returns can be used to predict
future returns, which makes it possible to use a profitable speculative strategy [19].

2.1 Hypothesis Development

An efficient market is one in which information and facts about corporate stocks quickly affect stock
prices, and prices adjust themselves accordingly [40]. In fact, an efficient market provides investors
with the assurance that they are benefiting from the same information, so an efficient market is a
market that reflects the information and facts that are available in the market and is a guide for inves-
tors [50]. The concept of efficient market is based on the assumption that investors consider all relevant
information in the stock price in their buying and selling decisions, and the stock price is a good
indicator for determining the value of a security [42]. One of the anomalies that violates the efficient
market hypothesis is the predictability of price. Fama [21] consider the efficient market as a market
that is rapidly adapting to new information. Although adapting to new information is an important
feature in the job market, it is not the only feature [12]. In an information-efficient market, price
changes and subsequent stock returns are unpredictable if the news, benefits, and information of all
market participants are well reflected by prices. Fama [20] argues that an efficient market is one in
which prices always fully reflect all available information. According to the random walk theory, stock
prices only decrease or increase in response to new information. Any information that can be used to
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predict the performance of a stock should be reflected in the stock price [27]. New information is
unpredictable by the definition of an efficient market. Therefore, the movement of stock prices based
on new information should not be predictable; That is, the initial tests of market performance are
generally based on the random walk test of stock prices [40]. The rejection of the random walk model
is considered a reason for market inefficiency; Therefore, the existence of any model for predicting
stock returns indicates a violation of the efficient market hypothesis [14]. Stock liquidity as one of the
most important fabrics of financial market, affects market efficiency and return/price predictability
[13] & [59]. If an increase in the stock liquidity leads to an aggravation of noise trading, the risk of a
market mistake in stock pricing is accelerated and results in subsequent price fluctuations [45]. A high
degree of liquidity allows well-informed shareholders to take advantage of their personal information,
thereby encouraging investors to learn more about stocks and deal on the basis of information [10].
This leads to information—based pricing of stocks [5]. Liquidity may affect price (return) predictability
through some different ways. Improvement in liquidity increases the ultimate value of information
and thus stimulates stock market participants to obtain current facts about the intrinsic value of com-
panies. High liquidity also makes it easier for an informed investor to benefit from collected infor-
mation. Holmstrom & Tirole [34]. Grossman & Stiglitz [29] argued that stock price predictability
decreases with the increase of informed investors and the quality of information. In fact, increasing
liquidity of stocks facilitates transactions between investors and thus speeds up the process of disclos-
ing confidential information. This leads prices to be unpredictable (determined by future economic
facts), not autocorrelated.

Liquidity facilitates block holder formations. Most of institutional block's trade based on current mar-
ket fact and signals. This also results in market efficiency and allows prices to pursue a turbulent and
unpredictable path [25]. High liquidity provokes arbitrage trading. Risk-based arbitrage causes long-
term holding of an undervalued stock and/or short-term holding of a stock that is overvalued. Arbitrage
traders are generally well aware of the information [7]. Hirshleifer et al., [32] found that arbitrage
trading aligns the market price with intrinsic value of stocks and thus contributes to price and market
efficiency and diminishes return predictability. Informational efficiency role of liquidity, helps stock
prices to reflect the surrounding facts Luo, [44] not underlying historical events. Subrahmanyam and
Subrahmanyam [54] argued that high stock liquidity increases the informational efficiency of stock
prices through motivating arm's length and information-based transactions and pacify price predicta-
bility. Active traders are more likely to arbitrage any signs of return predictability. llliquid stocks bear
high transaction costs for investors, dealers and speculators to bid and ask due to higher spreads and
higher transaction costs [59]. Furthermore, for very illiquid stocks, the lack of active traders also im-
plies it would take longer for market participants to act on new information, leading to market ineffi-
ciency [50]. So, we can hypothesize that when stock liquidity increases, the return predictability di-
minishes to approach a random walk and martingale process. This adds to market efficiency. Return
predictability diminishes via "arbitrage trading"”, which it is expected to be more effective for stocks
that are more liquid [13]. Higher transaction costs in markets with low turnover disturb the ability for
traders to act quickly and readily, leading to market inefficiency [59].

2.2 Literature Review

Some scholars have investigated liquidity effects on market efficiency. For example, Hou & Mos-
kowitz, [35] investigated the effects of stock liquidity on stock issuance costs. They used turnover

[990] Vol. 8, Issue 3, (2023) Advances in Mathematical Finance and Applications



Alifamian et al.

ratio and volume of transactions as liquidity measures and concluded that stock liquidity is an im-
portant indicator for the issuance costs of the stocks, and companies can reduce their stock issuance
costs through increasing stock marketability. Vassalou & Xing [58] showed that a low liquidity could
result in a higher stock return. This supports liquidity risk premium theory. Chordia et al., [13] unveil
that liquidity ferments arbitrage activity, which, in turn, enhances market efficiency and reduces pat-
tern predictability. Further, as the quoted bid-ask spread decreased (high liquidity), open-close as well
as close-open return variance ratios increased, while return autocorrelations diminished. Ghojavand et
al., [26] Investigate the effect of different levels of liquidity metrics on stock returns using the Fama
and French four-factor model. The research method was done through the portfolio of sample member
companies based on stock liquidity criteria. The results of this study show that different levels of
liquidity metrics will have different effects on stock returns. Erza and Seifi [17] studied the effect of
financial risks on the market efficiency on the Tehran Stock Exchange. The GMM generalized regres-
sion model is used to explain the efficiency.

The results show that financial risks have a significant effect on market efficiency.Fang [22] examines
the effect of liquidity on stock price efficiency in the US Stock Exchange. The results indicate positive
effect of stock liquidity on stock price efficiency. Bahar Moghaddam et al., [4] investigate the impact
of stock liquidity on price informativeness and earnings management through accruals among TSE
listed firms. The results revealed economic significant impact of stock liquidity on stock price in-
formativeness and earnings management through accruals. Brogaard, et al., [10] argue that stock li-
quidity plays an informational role in pricing of securities and contributes to information efficiency of
markets. Yahyazadefar et al., [62] examined the relationship between liquidity and stock returns on
the Tehran Stock Exchange. They showed that there is a positive and significant relationship between
the volume and stock returns. This may be due to the increasing attractiveness of liquid stocks and the
increasing demand for such stocks. Rahmani et al., [49] argue that there is a positive and significant
relationship between the level of institutional ownership and stock liquidity and the concentration of
institutional ownership reduces the liquidity of companies' stocks. These relationships have been ob-
served both in terms of trading criteria such as trading volume, percentage of floating stocks and the
Amihud benchmark, as well as in terms of information criteria such as the price gap between stock
supply and demand. Soheili and Amirian [53] show that there is a direct and significant relationship
between stock liquidity and the amount of free float of companies. Also, a negative and significant
relationship was observed between stock return rate and free float. Taherinia and Rashid Baghi [56]
examined prediction the return fluctuations with artificial neural networks approach. found that there
is meaningful relation between the market variables and return. Farshadfar and Prokopczuk [23] in-
vestigate Stock Return Forecasting Improving by Deep Learning Algorithm.

Their results indicate that the applied DP model has higher accuracy compared to historical average
model. Samadi et al., [51] argue that the real and dynamic relationship between returns and stock
market fluctuations in different time horizons. They showed that the wavelet variance of the rate of
return varies in differentindustries. The return of investment companies on various time scales is equal
to the investment return of the banking industry. Wang [59] examines market efficiency and liquidity
status of wide cross-section of cryptocurrencies. He finds liquid markets benefit from strong efficiency
and lower predictability. He argues that active traders are more likely to arbitrage away signs of return
predictability. According to Wang et al., There is a positive and significant relationship between stock
liquidity variables and skewness coefficients and returns. Increasing liquidity increases the coefficient
of skewness and elongation and as a result distances the return from the normal distribution (unpre-
dictability). Salehifar [50] takes similar research on cryptocurrency liquidity and price efficiency. The
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statistical results were consistent with Wang [59] findings. He also utilized Hurst exponent to check
mean reversion of correspondent return series. The findings suggest high-liquid cryptocurrencies are
improving in terms of market and price efficiency. Gholami et al., [27] however don’t show a signifi-
cant relationship between stock liquidity and information efficiency role of liquidity to predict default
risks among TSE listed firms. At the best of our knowledge, the impact of stock liquidity on market
efficiency (return predictability) has not been addressed in the Tehran Stock Exchange. The results of
Hasani and Nabizadeh [30] research showed that there is a significant and positive relationship be-
tween stock liquidity and expected stock returns. This means that due to the relationship between risk
and return in the stock market, by reducing (increasing) the stock liquidity risk, we will see changes
in order to reduce (increase) the expected return on the shares of the companies under review. Far-
shadfar and Khalili [24] acknowledge that the combination of liquidity risk and momentum risk has a
greater explanatory power in the relationship between risk and return and, consequently, the pricing
of capital assets. Lansing et al., [39] examined the sources of excess return predictability in U.S. mar-
ket. They show that the predictability of excess returns on risky assets can arise from only two sources:
(1) stochastic volatility of fundamental variables, or (2) departures from rational expectations that give
rise to predictable investor forecast errors and market inefficiency. While controlling for stochastic
volatility, a variable which measures non-fundamental noise in the Treasury yield curve helps to pre-
dict 1-month-ahead excess stock returns, but only during sample periods that include the Great Reces-
sion [39]. Wen et al., [60] reports evidence of intraday return predictability, consisting of both intraday
momentum and reversal, in the cryptocurrency market. Using high-frequency price data on Bitcoin
from March 3, 2013, to May 31, 2020, it shows that the patterns of intraday return predictability change
in the presence of large intraday price jumps, FOMC announcement release, liquidity levels, and the
outbreak of the COVID-19. Intraday return predictability is also found in other actively traded cryp-
tocurrencies such as Ethereum, Litecoin and Ripple [60].

Zhang et al., [63] examined the lead—lag relationship between industry portfolio returns and market
returns in China, the largest emerging market, for the period 1993-2019. Using a bidirectional pair-
wise regression model, we found that the returns for banking and real estate not only predict market
returns and returns for other industries but also predict industrial output growth. Since 2005, a shift in
predictive ability from manufacturing to real estate has occurred, whereas banking has maintained
consistent predictive power over the examined period. In the reverse direction, the stock market pre-
dicts the returns for mining and transportation [63]. Sun and Wen [55] find that cumulative abnormal
returns adjusted by size, book-to-market, and momentum around the earnings announcement date
(DGTW_CARS3 hereafter) significantly and positively predict stock returns in the 6-month period from
May 2005 to October 2020 in the China's A-shares market [55]. Huang [36] argued that formation
period return difference between past winners and losers, which he calls the momentum gap, nega-
tively predicts momentum profits. He Document this for the U.S. stock market and find consistent
results across 21 major international markets. A one-standard-deviation increase in the momentum
gap predicts a 1.25% decrease in the monthly momentum return after controlling for existing predic-
tors. This predictability extends up to 5 years for static momentum portfolios, consistent with time-
varying investor biases [36]. The present study contributes to the literature in several ways. We exam-
ine connections between stock liquidity and earning predictability in an emerging market with contra-
dictory degrees of efficiency. From a methodology standpoint, we use market-based signals (daily bid-
ask quotes) to measure liquidity. Furthermore, market efficiency scholars have often applied one or
two tests in each paper. We utilize a set of parallel tests to capture market efficiency.
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3 Methodology

If the sale and purchase of stocks in the market is of high volume, the stock market is not dominated
by the seller. In these situations, price offered by the seller per share (quoted ask price) or price seller
would like to accept (quoted bid price) will be almost close. So, investors will not be forced to squan-
der their money for quick sale. When the difference between proposed and requested (bid-ask) prices
increase, market liquidity will be declined. If there is a higher gap between quoted bid-ask prices,
market makers do not have incentive to make these securities marketable and consequently, liquidity
is declined (1). Following Brogaard et al., [10], Fang et al., [22], Lipson & Mortal [40] and Hou &
Moskowitz [35], we used effective spread to capture stock liquidity. This index embeds transaction
cost, implicitly and is calculated as twice the difference between execution price and midpoint of the
prevailing best bid-ask quote divided by midpoint of the prevailing best bid-ask quote as stated in
Equation 1. The higher effective spread means less stock liquidity. The index is calculated daily for
sample stock-companies.

. <best bid quote + best ask quote)
close price — 5

)

Effective Spread = 2 x best bid quote + best ask quote

2
Following Wang [59] and Salehifar [50], we used daily stock price data of TSE listed companies to
capture return as shown in Equation 2 below:

(2)
R; = In(Py) —In(Pr_q)

Where In(P;) stands for natural logarithm of the close price at day t. All data required to capture daily
effective spreads and returns extracted from Tehran Stock Exchange Technology Management Com-
pany (TSETMC). This study covers a time horizon from December 2017 through December 2019
(two years). We considered each year as 52 weeks with five trading days. Then we subtracted 20
holidays from each to reach 240 trading days for 2018 and 2019. In order to ensure sufficient infor-
mation to calculate liquidity and return variables, companies' stocks trading less than two-thirds of
240 trading days were excluded from the final sample. Therefore, the daily data of 116 firms with
minimum of 160 trading days were used to form data model. We constructed a dated-regular frequency
of time series with total 40128 stock-firm observations. After calculating daily effective-spreads and
stock returns, we ranked observations based on liquidity measure, from most liquid (lowest effective
spread) to lowest. Like Wang [59], we lied 40128 observations into three equal groups based on li-
quidity (Groupl=high liquid, Group2=mid liquid, Group3=Ilow liquid). Each liquidity group had its
correspondent returns. Finally, the behavior of returns across different classes of stock liquidity was
studied and compared. Our method involves testing the efficient market (earning unpredictability)
hypothesis across different categories sorted for market liquidity. The more liquid category is expected
to be identified by the lower return predictability (determined by a random walk and martingale pro-
cess). Augmented Dickey Fouler (ADF) unit root statistics were used to ensure time series stationary
as primary evidence for return predictability. To test hypothesis, the focus was made on examining
the predictability of returns. Following Urquhart [57] and Wang [59], we applied same set of statistical
tests for randomness checks.

v' First of all, return autocorrelation was examined using Ljung-Box test [42]. The lower auto-

correlation in return time series implied less predictability (efficient market).
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v" We used Bartels test [6] to test whether the three returns time series are independent or not. If
the desired time series observations (return) are independent of each other, it can be concluded that
the series is a random process (not predictable).

v" Lo and MacKinlay’s [43] variance ratio test (VAR) was employed to investigate if the stand-
ard deviation of returns scales by+/T. To implement VAR test, we used wild-bootstrapped automatic
model suggested by Kim [38]. This test shows stochasticity of returns time series.

v" We utilized BDS [9] non-parametric test on serial dependence to check randomness of return
series. Following Urquhart [57], embedding dimension from 2 to 6 were chosen and the correspond-
ing probability values across different liquidity group specifications reported. A predictable return
series is not martingale.

Finally, to check robustness of results, we calculated and reported the R/S Hurst exponent to examine
long memory of returns [11]. Following rules are governing Hurst test results [59]:

R/S > 0.65 (time series is momentum)
0.65 > R/S > 0.45 (time series is fugitive)
0.45 > R/S (time series is mean reversion)
Momentum and mean reversion time series are not considered to follow random walk process [12].

3.1 Results and Discussion

Data collection and integration do not produce value and require advanced models for data analysis.
The desirable conclusion is the result of an accurate analysis of the information gathered on the basis
of the main research question. Table 1 shows descriptive statistics of return series across different
liquidity groups. Mean of returns for high-liquid and low-liquid stocks was 0.1642% and 0.0692 %
respectively. Investors taking more liquidity risk are not compensated with higher returns. These con-
trasts liquidity risk-premium supposal developed by Amihud & Mendelson [3] and Jacoby et al., [37];
but confirms Wang [59] findings from emerging and undeveloped financial markets. In addition, high-
liquid stocks are linked with lower volatility of returns, which is in line with Amihud, as the degree of
liquidity increases, the buyers and sellers' activity increases. This moves prices toward intrinsic not
arbitrage trading values. So, the price and subsequently the return fluctuations decrease. The skewness
and kurtosis coefficients show that at higher liquidity degrees, the return distribution as more symmet-
rical and closer to normal.

Table 1: Descriptive Statistics

Row GROUP1 GROUP2 GROUP3
Mean 0.164274 0.068732 0.069255
Median - 0.014957 - 0.064439 0.0000
Maximum 42.62922 53.72322 76.49476
Minimum - 52.41862 - 35.15180 - 91.34753
Std. Dev. 2.048283 2.346410 4.481258
Skewness - 2.553393 0.641050 - 3.395692
Kurtosis 101.0363 37.30147 87.47372
Observations 13376 13376 13376

Figure 1 and Figure 2 also graph the return scatter plots across different liquidity groups. As it can
be seen, high-liquidity stock time series (groupl) are more volatile and disperse than the low-liquid-
ity stocks (group 3). Furthermore, low-liquidity stocks are almost bound to a certain range and
stands for presence of long-term memory, implicitly.
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Fig. 2: Return Scatter Plot Across Liquidity Classes
Table 2: ADF Unit Root Test Results
GROUP 1
t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -12.32354 0.0000
Test critical values: 1% level -3.430667
5% level -2.861564
10% level -2.566824
GROUP 2
t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -113.4801 0.0001
Test critical values: 1% level -3.430666
5% level -2.861564
10% level -2.566824
GROUP 3
t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -113.4801 0.0001
Test critical values: 1% level -3.430666
5% level -2.861564
10% level -2.566824

One of the parametric methods to study the predictability of a time series is to evaluate the stationarity.
Stationarity is a constructive assumption in financial econometrics that constrains a series to fluctuate
in a particular equilibrium range. If we can prove the with noise of daily stock returns series, we can
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judge they walks randomly. Table 2 provide ADF unit root test results across different liquidity groups.
The null hypothesis stands for existence of unit roots in time series. Since the corresponding p-values
are less than 5% significant level, the return time series are not with noise. This holds constant across
different liquidity classes; return series are predictable and stock liquidity does not stimulate returns
predictability. ADF provides primary evidence for rejecting underlying hypothesis. However, let's go
through more robust statistical tests for further investigation.

We examine returns autocorrelations using Ljung-Box test. The Ljung-Box Q (LBQ) statistic tests
the null hypothesis that autocorrelations up to lag k (20 in this case) equal zero. This stands for data
values are random and independent up to a 20 lags). Table 3 shows high-liquid stock return series are
not auto correlated; since the corresponding p-values are greater than 5% (except for firs lag that is
significant at 99% confidence level).

Table 3: Ljung-Box Autocorrelation Test Results (High-Liquid Stocks)

Autocorrelation Partial Correlation AC PAC Q-Stat Prob
1 0.019 0.019 4.7551 0.029
2 -0.00... -0.00... 4.8988 0.086
[} [} 3 -0.01... -0.01... 8.7717 0.032
4 -0.00... -0.00... 8.7932 0.066
5 -0.00... -0.00... 9.3219 0.097
6 -0.00... -0.00... 9.8132 0.133
7 -0.00... -0.00... 10.649 0.155
[} 8 -0.00... -0.00... 11.555 0.172
9 -0.00... -0.00... 12.255 0.199
1... 0.016 0.016 15.889 0.103
1... -0.00... -0.00... 16.093 0.138
1... 0.005 O0O.005 16.399 0.174
1... -0.00... -0.00... 16.532 0.222
1.. 0.020 0.020 21.764 0.084
1... 0.006 O0.006 22.313 0.100
[} [} 1... -0.01... -0.01... 23.836 0.093
1... -0.00... 0.001 23.837 0.124
[} [} 1... -0.01... -0.01... 25.302 0.117
1.. 0.009 0.010 26.392 0.120
2. 0.002 0.002 26.445 0.152
Table 4: Ljung-Box Autocorrelation Test Results (Mid-Liquid Stocks)

Autocorrelation Partial Correlation AC PAC O-Stat Prob
[ [ a 0.170 O0.170 3387.98 0.000
&= = 2 0.146 0.120 672.62 0.000
[ | [ ] 3 0.146 O0.108 956.01 O0.000
&= [ ] 4 0.144 O0.096 1233.6 0.000
= ] 5 0.142 0.085 1503.0 0.000
[ | a 6 0.135 O0.0721 1746.2 0.000
&= a 7 0.138 0.071 2002.9 O0.000
[ | ] 8 0.154 0.083 2320.0 O0O.000
&= a 9 0.138 0.058 2575.9 0.000
= a 1... 0.142 O0O.060 2844.0 O0O.000
& a a 0.128 0.0421 3062.8 0.000
= a 1 0.131 0.044 3290.9 O0.000
[ | a a1 0.133 0.044 3527.1 0.000
&= @ 1. 0.133 0.043 3763.2 0.000
& [i] 1. 0.125 0.032 3971.1 0O.000
& L] a. 0.126 0.033 4183.2 O0.000
= L} a.. 0.127 0.034 4400.6 O0O.000
[ L] .. 0.128 0.034 4620.8 0O.000
= [} a.. 0.125 O0.030 4831.0 O0O.000
o= ] 2. 0.112 0.015 5000.6 O0O.000

However, Table 4 and Table 5 reveal signs of autocorrelation for stocks returns with mid and low
liquidity levels. Fama & French [18] argue part of the price shocks become permanent every month,
and the rest of the shocks are gradually eliminated. Therefore, the autocorrelation test rests on the fact
that the temporary segment of price shocks implies the ability to predict prices in future periods. Since
autocorrelation breaches market efficiency, we can conclude stock high liquidity enhances market
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efficiency and diminishes return predictability. This supports from underlying hypothesis but is con-
tradictory to ADF test results. This motivates us to go through supplementary tests of independence.

Table 5: Ljung-Box Autocorrelation Test Results (Low-Liquid Stocks)

Autocorrelation Partial Correlation AC PAC O-Stat Prob

1] il 2 O0.037 0.037 22957 O.000
4 oO.010 oO.0o08 25 .988 O.000

5 -0.00... -O0.00... 26.018 O.000

7 -O0.00... -O0.00... 28.139 O.000

=] O.005 O.00s5 31.406 O.000

a o.0o14a o0.0o013 43.055 O.000

[ ] [ ] ... ~-O.01L... —-O.0Q... 50.519 O.000
... oO.010 oO.008 51.823 O.000

[ ] [ ] ... —O.00... -O0.00... 52.785 O.000
a. oO.0o8 O.007 53. 728 O.000

... ~-O.00... —-O.00... 59.116 O.000

[ ] [ ] ... —-O.00... -O0.01... 60.1.84 O.000
2.. O.001L -0.00... S0O. 193 O.000

Table 6 presents Bartel independence test results. The null hypothesis in this test implies random-
ness and independence of desired time series (return unpredictability). If the correspondent p-values
of test exceed the desired significance level (5%), the return for high liquid TSE listed stocks is
confirmed to be stochastic. It can be seen that all of p-values are less than 5% and the null hypothesis
rejected. This stands for high dependence of return observations across different classes regardless
of liquidity status. This contrasts efficient market notion. It also rejects underlying hypothesis we

developed based on theoretical backgrounds.

Table 6: Bartel Test Results

GROUP 1
Joint Tests Value df Probability
Max |z| (at period 2) 49.27131 13375 0.0000
Wald (Chi-Square) 2438.515 4 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.573963 0.008647 -49.27131 0.0000
4 0.329990 0.016177 -41.41849 0.0000
8 0.211431 0.025577 -30.83065 0.0000
16 0.153892 0.038060 -22.23062 0.0000
GROUP 2
Joint Tests Value df Probability
Max |z| (at period 2) 53.08607 13375 0.0000
Wald (Chi-Square) 2819.423 4 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.540978 0.008647 -53.08607 0.0000
4 0.300717 0.016177 -43.22808 0.0000
8 0.175528 0.025577 -32.23432 0.0000
16 0.111448 0.038060 -23.34581 0.0000
GROUP 3
Joint Tests Value df Probability
Max |z| (at period 2) 54.07564 13375 0.0000
Wald (Chi-Square) 2924.696 4 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.532421 0.008647 -54.07564 0.0000
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Table 6: Bartel Test Results

4 0.291894 0.016177 -43.77349 0.0000
8 0.170873 0.025577 -32.41635 0.0000
16 0.107478 0.038060 -23.45013 0.0000

Tales 7 and 8 also test randomness of return across different classes of stock liquidity using vari-

ance ratio test and BDS test, respectively. The before mentioned results hold to be constants over
both two test. According to VAR test, variance ratio should be equal to one when the conditions of
log returns being serially uncorrelated and homoscedastic are satisfied. If the null hypothesis cannot
be rejected, then it implies that the two assumptions are consistent with the reality. Conversely, a
rejection of null hypothesis means at least one of the two mentioned assumptions is inconsistent with
reality. Table 7 reports VAR as well as corresponding p-values across different liquidity quartiles.
As the VAR are economically insignificant and vis-a-vis p-values are less than 5%, we conclude
neither high liquid stocks return nor low liquid ones are uncorrelated and homoscedastic.

Table 7: Variance Ratio Test Results

GROUP 1
Joint Tests Value df Probability
Max |z| (at period 4)* 9.385506 13375 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.514079 0.052394 -9.274437 0.0000
4 0.256933 0.079172 -9.385506 0.0000
8 0.126618 0.093812 -9.309883 0.0000
16 0.065187 0.103575 -9.025480 0.0000
GROUP 2
Joint Tests Value df Probability
Max |z| (at period 2)* 16.82254 13375 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.511354 0.029047 -16.82254 0.0000
4 0.255230 0.044958 -16.56589 0.0000
8 0.128539 0.056252 -15.49209 0.0000
16 0.064472 0.066907 -13.98251 0.0000
GROUP 3
Joint Tests Value df Probability
Max |z| (at period 2)* 12.21934 13375 0.0000
Individual Tests
Period Var. Ratio Std. Error Z-Statistic Probability
2 0.490904 0.041663 -12.21934 0.0000
4 0.252380 0.063762 -11.72507 0.0000
8 0.125647 0.077237 -11.32041 0.0000
16 0.063290 0.089710 -10.44151 0.0000

This also implies there is no connection between stock liquidity and earning predictability (market
efficiency), rejecting research core hypothesis. This is also the case for BDS independence test results.
BDS test examines the “spatial dependence” of the return series. To run this test, the return series is
embedded in different space and the dependence of return is examined by counting "near" points. The
BDS test null hypothesis indicates underlying series is martingale and stochastic. The BDS test one of
the portmanteau set of test for time based dependence in a time series. This test can be utilized for
testing against a diversity of possible aberrations from independence including linear dependence,
non-linear dependence, or even chaos.
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According Table 8, to BDS test results, as the corresponding p-values are less than 5% significance
level, we can reject null hypothesis. However, the logarithmic daily returns on assets don’t vary across
different liquidity classes. This persuades us to reject underlying hypothesis.

Table 8: BDS Test Results

GROUP 1

Dimension BDS Statistic Std. Error Z-Statistic Prab.
2 0.025869 0.000950 27.23890 0.0000
3 0.041275 0.001513 27.28549 0.0000
4 0.047001 0.001806 26.02314 0.0000
5 0.046603 0.001888 24.68530 0.0000
6 0.042453 0.001826 23.24803 0.0000

GROUP 2

Dimension BDS Statistic Std. Error Z-Statistic Prob.
2 0.004238 0.000634 6.682148 0.0000
3 0.006487 0.001002 6.471307 0.0000
4 0.008678 0.001187 7.311119 0.0000
5 0.009731 0.001230 7.909807 0.0000
6 0.009754 0.001180 8.268626 0.0000

GROUP 3

Dimension BDS Statistic Std. Error Z-Statistic Prob.
2 0.003525 0.000552 6.383747 0.0000
3 0.006944 0.000870 7.985671 0.0000
4 0.008838 0.001026 8.618060 0.0000
5 0.009964 0.001059 9.412410 0.0000
6 0.010131 0.001011 10.02218 0.0000

So far, unit root, autocorrelation, independence and random walk tests of time series were applied to
investigate whether the stock liquidity contributes to predictability of returns as an indicator of infor-
mation efficiency in TSE listed firms-stock observations. The results (except for Ljung-Box test) don’t
provide signs of connection between stock liquidity and return predictability. To check the robustness
and decide on hypothesis validity in TSE, we apply the Hurst exponent to ensure the predictability of
returns regardless of liquidity characteristic. The results are presented in Table 9. Hurst exponent is
used to measure long-term memory over a series of time periods, in which the memory of a series (like
return) is defined based on observing its limit events over a given time interval. If the Hurst exponent
takes values greater than 0.65, it can be concluded that the desired time series is momentum. As the
same way, values less than 0.45 stands for mean reversion. If the test exponent lies between 0.65 and
0.45, the considered time series is fugitive and walks randomly. Table 9 show the Hurst exponents for
different classes of stock liquidity.

Table 9: Hurst Exponent Test Results

Series N Hurst Exponent H-L H-U
GROUP 1 13376 0.40564 0.37809 0.451914
GROUP 2 13376 0.38195 0.38255 0.417248
GROUP 3 13376 0.42001 0.41621 0.40737

Given that the Hurst exponent is less than 0.45 for all of return time series regardless of liquidity
classes, we conclude that the returns time series are mean reversed. This provides signs of predicta-
bility and violates the efficient market notion. The Hurst test results also don’t show any connections
between stock liquidity and return predictability. To sum up with the results and test liquidity associ-
ations with predictability of return, we draw Table 10. It summarizes the empirical findings from dif-
ferent tests for the high-liquid class of stocks.
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Table 10. Summary of Test Results

Test Nature Test results Main hypothesis
ADF Stationarity Return series is white noise Reject
Ljung-Box Autocorrelation Return series is not autocorrelated for 20 lags Confirmed
Bartel Independence Return series observations are not independence Reject
VAR Stochasticity Return series is not stochastic Reject
BDS Random walk Return series does not follow random walk process Reject
Hurst Long-term memory Return series is mean reversion Reject

We conclude that different liquidity classes reject the null hypothesis of randomness in all tests. The
average p-values for each test is not affected by liquidity degree of stock suggesting no connectivity
between liquidity, return unpredictability and market efficiency. Furthermore, the Hurst exponent ro-
bustness check also provides evidence of mean reversion phenomenon in both liquid and illiquid clas-
ses of stocks which does not confirm research hypothesis to be prevalent for most developed markets.

5 Conclusion

Generally speaking, price/return stationarity, random walk, non-autocorrelation non- independence,
as well as lack of long-term memory, momentum and mean reversion of return are the most important
evidence of an efficient market. The efficient market hypothesis is also based on the premise that a
market is considered to be efficient where prices and returns pursue a stochastic process and are un-
predictable. The stock prices in such a market reflect the facts about stocks (not past events). Literature
of efficient markets provides evidence for connections of liquidity and earning predictability. We
examined the associations between stock liquidity (measured in terms of order flows) and market
efficiency (measured in terms of return predictability) across 40128 stock observations in three classes
of liquidity. The descriptive statistics didn’t provide signs of an illiquidity premium among TSE listed
firms, suggesting TSE investors are not necessarily demanding a risk premium for holding illiquid
stocks. According to empirical results, liquidity does not affect predictability of returns and infor-
mation efficiency in TSE.The unit root test results show that the time series of returns in all three
liquidity classes are recurring or stationer and this feature is constant among different classes of li-
quidity. In other words, stock returns in different classes (regardless of the degree of liquidity) are
predictable and stock liquidity does not make returns unpredictable.

Then, the time series correlation of returns in different classes of stock liquidity was tested separately
using the Ljung-Box and the Bartel autocorrelation test, and then the average results were reported.
The results showed that when using Ljung-Box autocorrelation, the time series of returns in the high
liquidity class is not auto-correlated and has independence, which indicates the confirmation of the
underlying hypothesis. Fama and French [18] argue that some price shocks become permanent each
month and other shocks are gradually eliminated. Thus, the autocorrelation test is based on the fact
that the temporary part of price shocks indicates the ability to predict prices in future periods. Since
autocorrelation violates market efficiency, it can be concluded that high liquidity of stocks increases
market efficiency and reduces the ability to predict returns. However, the findings of Bartel's correla-
tion test violated the results of the Ljung-Box method. Then, two statistical, BDS and variance ratio
tests (VAR) were utilized. The purpose of both was to evaluate the independence of returns observa-
tions in different classes of liquidity. Since the VARs as well as the corresponding mean levels of
significance obtained for the BDS test statistics were statistically insignificant, it was concluded that
neither the high liquid stock returns nor the low liquid stocks are random and independent of either
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time series. Finally, the Hurst statistic / index was used to examine the existence of long-term memory
in the time series of returns in different liquidity classes and to ensure the results obtained in the pre-
vious sections. indicate the existence of "mean reversion" feature of the time series in different classes
of liquidity, which violates the efficient market hypothesis and the basic hypothesis of this study.The
results are inconsistent with Chordia et al., [13] and Fang [22] findings. Furthermore, Hurst exponent
shows evidence of mean reversion in both liquid and illiquid stocks (< 0.45) which contrasts the find-
ings of Urquhart [57] to be prevalent for most liquid financial assets. However, in the higher liquidity
quintiles the Hurst exponent is also mean reversed not random walk showing inefficiency of TSE as
an emerging market relative to Chordia et al., [13], Wang [59] and Salehifar [50] findings. One reason
for this is that traders don’t tend to eliminate the predictability of return through arbitrage trading; this
diminishes market efficiency. Anomalies such as mean reversion, dependence, etc. represent trends in
price and return that contradict the information efficiency notions. In case of TSE as other emerging
markets, due to the small number of traders (the need for more trading activity) and low market making
activities, both the cost of trading increases and the reaction to stock price information is delayed,
resulting in predictability of price /return. According to the results and the theoretical foundations, one
of the most important factors in eliminating the signs of predicting stock returns and strengthening the
information efficiency of the capital market is arbitrage transactions.

It is suggested to policy makers in the stock exchange to provide the necessary infrastructure to
strengthen arbitrage transactions. One of these infrastructures is adjusting or eliminating the range of
stock price fluctuations (price domain). Without the price domain, prices move towards real prices.
Also, due to the high cost of transactions in TSE, thinking about measures to reduce transaction costs
and increase market transparency will increase liquidity in the capital market and increase the mobility
of actors. Another proposed way to strengthen the efficiency of the capital market and reduce the
predictability of stock returns is to increase trading activities in the capital market. Utilizing capacities
such as effective market making, strengthening the culture of institutional shareholding, encouraging
legal entities (portfolio companies, investment companies, investment funds, insurance companies,
banks and credit institutions) to be more active in the capital market can be traced more seriously. Put
on the agenda; In the absence of market making activities and a large number of active traders, the
cost of trading increases and reactions to the stock price of companies are delayed, which is a serious
obstacle to the efficiency of the capital market and unpredictability of returns. There are some limita-
tions to this research that should be considered in generalizing the results. For example, some compa-
nies have not any stock transactions for a long time due to the symbol being closed; therefore, such
companies were excluded from the sample. Also, the existence of price fluctuation range causes prices
to reach the desired price range of the market and finally less quickly. Existence of excess demand
over supply and vice versa, existence of excess supply over demand along with the existence of price
fluctuation range reduces and sometimes stops trading. This aspect of stock liquidity is related to the
infrastructure of the stock market and should be considered in the use of research results. This study
also uses daily data from quotes and stock returns, and caution should be exercised in extending the
results to other time intervals. Due to the above limitations, reviewing the hypotheses of this research
for longer time intervals and also by industry (if there is a sufficient number of samples) is one of the
topics that are suggested for future research. In this study, the effective difference index of short-sell
guotes was used to measure the liquidity of companies' stocks. Given that there may be other indicators
for measuring liquidity or examining the predictability of companies' stock returns, conducting the
present study by considering other liquidity indicators (such as Amihud, zero return, etc.) and other
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test methods of time series (ARCH and GARCH) and comparison of the obtained results with the
findings of this research is one of the topics that are suggested to interested researchers.
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