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Abstract

The main objective of this research is to identify the most important liqu] Keywords:

measures and their behavaturing the trading day. For this purpose, the intraq Stock Liquidity Measures;
data of 7 stocks of the Tehran Stock Exchange have been used to calcu] Market Microstructure;
liquidity measures selected from the literature. At the first step, the distrib| Intraday Patterns;
features and the correlation structafehe liquidity measures are examined. Usil Principal Component

the Principal Components Analysis method, these components are identifie] Analysis;

their intraday patterns are extracted. The results show that reducing the nun] TOPSIS

measures to four final measures that can dssaill aspects of liquidity withou
eliminating helpful information is possible. Among the final measures, Rel:
Spread with mid quoted prices can be mentioned as the most prd
microstructure component affecting liquidity. Based on this measuntesglay
pattern, it can be said that this measure is minimized in the middle of the d4
liquidity is high during these hours, and favorable conditions for trading
provided. In the end, stocks are ranked based on all 27 liquidity measures tk
two different methods. Therefore, this study helps traders make decisions ab
liquidity of their stock portfolios using a comprehensive method.

Introduction

One of the critical factors in deciding to invest in financial markets is the liquidity of assets.
This concept can be defined in various markets; in this regard, this research focuses on the stock
market and specificallpn the Tehran Stock Exchange. In a recent study, Quah éf],al. [
examined the association between stock liquidity and investment efficiency for companies with
financial constraints and information asymmetry problems. They conthadléhe effect of

higher stock liquidity on lowering undé@mvestment or ovemnvestment is more pronounced

for such companies.

Liquidity is a qualitative concept that means the ability to absorb buy and sell orders.
Conducting studies on stock liquidifyom a microstructural perspective is essential for
improving financial markets' performance and stability. Many researchers have tried to quantify
this concept in recent years and introduced several criteria for measuring it. However, liquidity
is a multtdimensional concept that cannot be measured by a single criterion. Therefore,
researchers have defined four different aspects of liquidity: market depth (the effect of high
volume orders on price), market width (difference between the bid and ask pesé®@ncy
(market's ability to bounce back from temporarily incorrect prices), and the speed of3tades [
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Stock liquidity is influenced by the market microstructure model. One of the theoretical
market microstructure models the limit order market model. With the development of
information technology in recent decades, electronic trading systems have gradually replaced
the designated roles of market makers, and many exchanges have established limit order
markets. Today, moréan fifty percent of stock exchanges worldwide have {oniter markets
that make it possible for sellers and buyers to match orders through a Limit Order Book platform
[3]. One of the advantages of having such a platform is tleatyktem provides excellent
transparency; quotes and transactions are visible to all participants, which generally improves
the efficiency of the price discovery procedg [Unlike the dealer market, there is no specific
market makr who maintains market liquidity in this market type. The market participants play
the roles of supplying and demanding liquidity, using either limit orders or market orders. This
category of models focuses on analyzing how strategies for submitting ardeother aspects
of trading affect an asset's price in limit order markgtsThe current research has been done
in limit order market models, knowing that the Tehran Stock Exchange is andoincker
market.

One issue taonsider about liquidity measures is data frequency. Many of the liquidity
measures in the literature are based on daily data, which afesiguency. However, analyzing
liquidity measures based on hifflequency data provides a better insight into theeineaof
liquidity change over time. In this regard, Korolev et &l. propose a micrscale model
studying the process of highequency order flow imbalance, which tracks the best bid and ask
gueues and changes much faster tharegr Therefore, it can describe the market dynamics at
short time intervals in an efficient way. This order imbalance measure has also been used in
Muranaga and Shimiz[¥] and the current study. Also, according to many studied) ss
Gabrielsen et a[8], intraday liquidity measures can better reflect the internal characteristics of
a market, such as the effect of new information reaching the parties to the transactipn. In [
the liquidity measures that can be calculated with Higlguency intraday data have been
clustered, and the correlation between different measures to achieve similar behavior in each
group of these proxies has been investigated. Therefore, more studies@ed to develop
these measures. For this reason, in this papefbyitick data of limit orders and transactions
have been used to calculate higbquency liquidity measures.

Another field of literature deals with the extent to which these liquiditasmess are
correlated. This concept is called commonality in liquidity and can be captured by calculating
the covariance between different | iqui-dity
Sojka [LO] has explored this issumn the emerging ordetriven market and considered few
liquidity proxies, examining if there exists commonality in liquidity measures of stocks
qguoted on the Warsaw Stock Exchange. For this purpose, they used the dataset for about ten
years and calculatiethree illiquidity measures such as Amihud (2002) and some spesad|
measures. They conclude that the commonality depends on the firm sizevanying. Johann
et al. [L1] also addressed this issue in the German Electraxcbdhge. They use a dataset
covering the data of around 14 years and conclude that commonality in liquidity is highest
during the financial crisis, which is bad news for asset managers because it implies that low
returns, low market liquidity, and high comonality in liquidity tend to coincide.

There isarelatively extensive literature in the field of critique and review of various liquidity
measures, comparing them with each other and estimating their power to reflect liquidity. These
include thereseanc o f  Mi n d2 which amalyzea drdimehsional liquidity measures
such as turnover and relative Spread. They state that the relative Spread, which results from
dividing the absolute Spread by the midpoint quotes, is terbeteasure than the absolute
Spread; because it is comparable between different stocks with different price levels. Although
many researchers have proposed various proxies for quantifying liquidity in the market, the
literature shows that many of them kaserious shortcomings. For example, among fprice
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related measures, the Amihud (2002) measure evaluates the lack of liquidity by dividing daily
returns by the daily dollar volume but cannot take-trading days into account. In another
study, Irvine et al[13] tested the characteristics of a liquidity measure called Cost of Round
Trip Trade, representing the approximate cost of transactions. They used the information on the
Toronto Stock Exchange Limit Order Book and comparedéhipnance of this measure with

the quoted Spread and the effective Spread. Finally, they assess the ability of this proxy to
predict future trading activities.

In the current study, 27 liquidity measures have been used to quantify the liquidity of 7
seleted stocks from Tehran Stock Exchange. These measures are calculated based on the
intraday data of the limit order book and the transaction data. The first contribution of this study
is to find those liquidity proxies that, on the one hand, are simplddolate based on available
data and are comparable between different stocks, and on the other hand, have the most
explanation of the concept of liquidity. The second contribution of this study is the ranking of
stocks based on their liquidity charactecstso that they can be selected as candidates for
investment portfolios.

The rest of the paper is organized as follo@sction 2introduces the liquidity measures
used in this studgand points out the methodgjies for identifying the main components of
stock liquidity and stocks rankin§gction3 outlines the discussion of results while conclusions
are given inSection 4

Literature review

Problem description

Liquidity is an important issue in financial markets, and investors and regulators need to be
aware of liquidity conditions in the stock market. Therefore, it is of importance to examine
stock liquidity using a comphensive method. In this paper, we attempt to examine liquidity
from certain aspects and answer the following questions:

1- Which liquidity measures best explain the concept of liquidity and how they behave during
a trading day?

2- What is the ranking ordef stocks based on their liquidity characteristics through different
ranking methods?

Liquidity measures

As mentioned before, liquidity is not an observable quantity and must be measured by various
proxies. A list of 27 liquidity measures used in this study is showralrie 1 most of which
have been used in4] and a few of them inl1f).
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Table 1.Mathematical description of liquidity measures used in this study

Measures Formula Mgasur)és Formula In
Trading ... , Relative 0 ¢¥Qa 0 ¢ ‘A i jn pT the
Volume Yo n P Spread of above
Log Prices
Tradng B Effecive O} 9 n s pu
Volume Yon Qi 5 G Spread
per Trade
Turnover . ., . . ., .o . . Effective YQoa O/ Q3 n 91 p o
Yoi € €0 Qi nO ) Spread with
Last Trade
Number of 0 Effective 'YQoa O'QQQG n 9n P X
Trades Spread with
Mid Price
Volume ®Qo i QuoteSlope 0 i aé¢ AR niji g 114 puw
Duration - B oQdive Yo ®© T
Market 0QMo 1 Aig U | LogQuote D& QDI aénQ
Depth Slope I i jiig 114 P w
Log Depth 0 &€ "QOQnR o Adjusted 00O EQ0i aéEnQ
I R i3 ig & @ |LogQuote 0&"°Q0i Opn iR 1h s ¢mn
Slope
Dollar oQQQo N & N 8 g x | Composite 60 'YQO&ORQANO cp
Depth Liquidity
NearDepth =~~~ B Aj B ng Liquidity OF YOI € ¢4 Qi ¢ C
0 QAR O c ¥ | Ratio 1
Near Depth 0 Q Qo Liquidity - B g5
Value B ArOAH B Ay Onp Ratio 2 U ¢ 5 ¢o
®
¢
Absolute ol Ym n p | FlowRato "OY 0§ 8Ydi &£ 0 Qi ¢t
Spread
Log O €80 "YHT pp|OrderRatio 6G°Y 9 1 g°Yoi £€£00Qi (25
Absolute
Spread
Relative YQa er‘lh I;] J f] pCq Order L YO N
Spread with Imbalance PU YO NG Zpmm Co
Mid Price
Relative YQaynmp nin po
Spread with
Last Trade

equationsp andn represent the price and volume of the transad@jn andr) refer to the
ask and bid prices, which are also called quatesandr} are the quantity of quotes, and
is the mean of these quotes. whilindicates the level of the limit order bodk,;, andr
indicate the bid and ask prices of level j at time t, and scand r] j; indicate the quantity of
these quotes, and finallly, is the stock return.

These liquidity measures can be classified into four groups:
1. Volumerelated Liquidity Measures:
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These proxies generally measure the frequency of a transaction using traded volumes
directly or indirectly and are somehow relatedhe time dimension of liquidity; because in a
market where larger volumes are traded, the time required to trade a certain number of shares
is reduced. Another point is that the larger the measures of this group, the more liquid the
market.

2. DepthrelatedLiquidity Measures:

These measures cover the depth dimension of liquidity by focusing on the volume and price
of buy and sell orders. As in the previous group, the larger these measures, the greater the
liquidity in the market.

3. Spreadelated Liquidiy Measures:

The difference between the bid and ask prices gives the approximate cost of the transaction.
In addition to fees and taxes, the trader must pay the Spread to make a quick transaction. The
smaller the criteria of this group, the more liquid tinarket.

4. Multi-dimensional Liquidity Measures:

The measures in this category are, in fact, a combination of the liquidity measures mentioned
in the previous three groups. Some of these measures combine spread in the numerator and the
volume in thadenominator; Therefore, the smaller these proxies, the greater the stock liquidity.

Data collection

Due to the nature of the liquidity measures selected for this study, which are calculated based
on intraday data, we need stocks with Kigdguency trades. The data covers 77 trading days
from September 22, 2016, until February 18, 2017, for seven stockble2, selected based

on statistical reports available on the Tehran Stock Exchange website publishing the list of top
50 companies every three months. It should be noted here that due to restrictions imposed by
the relevant orgazation in sharing transaction data in recent years, it was not possible to access
newer data. However, since the results of this study are more influenced by the nature of the
selected stocks in terms of the fundamental characteristics of the compahithe drading
volume of their stocks, it is expected that the time period will not have a significant effect on
the results.

The data used in this study includes the intraday data from transaction prices and volumes
and also the data related to limit arsl@vailable on the Limit Order Book (LOB). Over the
inhomogeneous time series, addcond grid was imposed to get homogeneous ones with a
regular spacing from 9:03:30 to 12:30:00 pm using the previous tick method described in more
detail in [L6]. The reason for using the previous tick approach to linear interpolation is that the
linear interpolation method uses future information. However, the previous tick method relies
solely on information up to the present.

Table 2 List of gocks from the Tehran Stock Exchange used in this study

Company Name English Symbol Industry
Mobarakeh Steel FOLD Base Metals
INC Ind. MSMI Base Metals
Parsian Oil & Gas PASN Chemicals
Iran Khodro IKCO Automotive
Metals and Min MADN Metal Ore
Ir. Inv.Petr IPTR Chemicals

Saipa Inv SSAP Financing
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PCA method

The principal component analysis method was first developed by Pearson (1901) to investigate
the relationship between several variables and reduce their complexity. In this method, the
variables in a mulistate correlated environment are summarized ast afsuncorrelated
variables that can explain the dynamics of these variables. The obtained uncorrelated
components are called principal components, each derived from the linear combination of n
main variable.

o# A J A Jd E A J (27)

The first principal componend, #, as shown irEq. 27, explains the highest amount of data
dispersion in the entire dataset. Also, the coefficidntsire the elementisf EigenvectoA ,
which is the Eigenvector with the highest eigenvalue of the variemariance matrixwhen
the first principal component is found, the calculations continue to find the second principal
component. This component has two important festufirst, it contains the largest variance
of the data set that has not yet been calculated; second, it is uncorrelated with the first
component. Other components extracted in this method also have the above two characteristics.

So far, this method hasén developed in several ways to produce uncorrelated variables;
for example Baradaran et al.17], considered the weights of initial criteria as well as their
coefficients to determine the directiontbé new components. Anothesteworthy point is that
the principal components can be extracted using the main dataset, and in case of lack of access
to the main data, the variancevariance matrix can be used. Also, correlation matrices can be
used when variables have different sw@@ units or there are different variables with different
variances in the dataset, as is the case with this study.

Our goal in using this method is to reduce the size of the problem. To do this, because our
liquidity proxies have different units of measment, we use the correlation matrix as input
data. After performing this analysis and obtaintugputs, to reduce the number of principal
components, we consider only those with eigenvalues greater than one.

Stock ranking

There are different methodsrfranking a set of items. For exampgReykani et al[18] used

the DEA technigue to rank 18 stocks in the insurance industry based on certain parameters,
such as stock liquidity. Here, two ranking methods are described usimydreges of the
liquidity measures. The first one simply ranks the stocks with the value of means obtained for
the liquidity measures, and another method is TOPSIS (Technique of Order Preference
Similarity to the Ideal Solution) which will be discussecifat

Simple ranking

In this method, first, for a liquidity measure, the means of stocks are compared with each
other, and for those measures whose increase leads to an increase in liquidity, different stocks
are ranked based on the greatness of their means. It means thicthevith the highest
average in thatpecificmeasure is ranked first. Also, for measures inversely related to liquidity,
the stock with the smallest value in that measure is ranked first. The same procedure is repeated
for other liquidity measures, arelentually, the average of the ranks assigned to stock for
different measures is calculated as its final rank.
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TOPSIS

In recent decades, researchers have turned their attention to multiple criteria models for
making complexdecisions There are several itieds in this field, the most widely used of
which is the TOPSIS method, presented by Hwang and Yoon (1981). TOPSIS is a technique
for ranking and selecting some externally determined alternatives through distance measures
[19). There are many researches in various fields that have used this method to rank their desired
criteria; for example, Sobhanifard and Shahraki,[used a twestage TOPSIS method with
the combination othe neural network model and Mte Carlo simulation to analyze and
compare the efficiency of banks. One of the essential advantages of this method is that the
criteria can have different measurement units wiplositive or negative nature. The TOPSIS
process is carried out as follows:
Step 1. Create a decision matrix (D) consisting of m alternatives (stocks) and n criteria (liquidity
measures)0 Q

Step 2. Determine the weights of the criteria. There are generally two ways for weighing the
criteria: quantitative method andaitative method. Quantitative methods include the Shannon
entropy method, eigenvalue vector, least squares, and logarithmic least squares. These methods
are based on the decision matrix data. In qualitative methods, the criteria are weighed using a
survey of experts in decisiemaking. In this study, due to having a decision matrix, the
Shannon entropy method, which is quantitative, has been used to weigh the liquidity measures.
The steps of this method are as follows:

1- Normalize the decision matrix (P)

0 N h n 3 0 pkfB R | AQ (28)

2- Calculate the entropy (E)

0 Q h Q —B niMN 1'Q (29)

3- Calculate the degree of diversification (DD), which states how much helpful information
each criterion provides to the decisioraker.

00 QQ h QQ p Q 1'Q (30)

4- Compute the weight of each liquidity measure){

1Q (31)

Step 3. Normalize the decision matrix (R), using the normalization method:
O ® h o 0 pltB R 1 AQ (32)

B
Step 4 Calculate the weighted normalized decision matrix (Y):

O h 18D ® o 0 (33)

Step 5. Determine the best alternatiye @ ) and the worst alternative
(o] W ):
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o I Elo Q plchedr "y 0 hi Ad Q pithedr "0 k& Q pliB R
(34)

o I A@ Q plega v 0 Al Elo Q plthedr "™ 0 k& Q pliB ke
(35)

Where, L

0 ‘Q plghB rEsQassociated with the criteria having a positive weight 1 and,

0 0 plt FEsQassociated with the criteria having a negative weight Tt .

Step 6. Calculate the Euclidean distance between the target altei@atil/the best alternative
(O ) and also the distance between the target alterrigtine the worst alternativé( ):

0 Q h Q B ® ® I Q (36)
0 Q h Q B o ® I Q (37)
Step 7. Calculate the similarity to the worst conditioh (

6 o h & —— 10 (38)

Step 8. Compute the score of each alternative (S):

Yo h

I Q (39)

Step 9. Rank the alternatives according t&ince each alternative's score is obtained based
on the distance from the worst condition, and consequently, the greater the distance, the better
the score, so the alternative with the highest scaamnieed first.

Results and discussion

In this section, the results of correlation analysis and principal component analysis are
presentepgand finally, the intraday patterns are extracted.

Correlation analysis

In this section, the correlogram graphs between 27 different liquidity measures for different
stocks are extracted to visualize the block structure of the correlatimns. shows these
graphs for each stock, which are calculaisohg all dataset information. In these graphs, the
blue circles show a positive correlation, and the red circles show a negative correlation. Also,
the color intensity of these circles is proportional to the magnitude of the correlation coefficient
betwea the two measures. By paying close attention to the correlation matrix structure, we can
see that the correlation matrix can be decomposed into multiple blocks.

As can be seen, three main blocks are formed in this matrix. In the larger block, 11 measures
related to spread and quote slope have a high positive correlation. In the next block, the five
market depth measures have relatively strong linear relationships with each other. There are
four measures related to the volume and number of transactidressmaller block, and some
of them are highly correlated with each other.
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Fig.1. Correlation matrix of liquidity measures for each stock from September 22, 2016, to February 18, 2017

Reduction of thenumber of Liquidity Measures

According to the results of previous sections, the following ten measures are excluded from the
study:

Trading Volume: It is highly correlated with turnover, and the latter measure is
comparable among different stocks with different prices.
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2- Number of Trades per Time Unit: It is directly used to calculate the Volume Duration
measure. So, there is nead to study it separately.

3- Market Depth: It is highly correlated with Dollar Depth, and the latter measure is
comparable across different stocks with different prices. Therefore, market depth is dropped.

4- Near depth: is highly correlated with Neargdile Value, and once again, because the latter
measure is comparable among different stocks with different prices, it is retained.

5- Dollar Depth: It is highly correlated with Near Depth Value which is more precise due to
using all three levels of limit der book data. So, it will be kept.

6- Absolute Spread: It is highly correlated with many spread measures, and because relative
spreads are more comparable across stocks, Absolute Spread is eliminated.

7- Relative Spread with Last Trade: It is perfectlyretated with Relative Spread with Mid
Price, and the latter is easier to calculate because of not depending on the last trade information,
which may not always be available. Therefore, Relative Spread with Last Trade is dropped from
the sample.

8- Effective Spread: It is highly correlated with Effective Spread with Last Trade, and once
again, since Effective Spread with Last Trade is comparable among different stocks with
different prices, it is retained.

O- Effective Spread with Last Trade: It is perfgctiorrelated with Effective Spread with
Mid Price, which is easier to calculate.

10- Log Quote Slope: Itis perfectly correlated with Adjusted Log Quote Slope, and the latter
is a more comprehensive measure. So, Log Quote Slope is removed from fudiest stu

Therefore, after removing the last ten proxies, in the continuation of this research, PCA is
performed using the following 17 measures:

- Volumerelated liquidity measures: TVper, Turnover, Vdur

- Depthrelated liquidity measures: NDepthV, LogDepth

- Spreal-related liquidity measures: LogAbsSp, LogRelLogSp, RelSp, RelEffSpMid

- Multi-dimensional Liquidity Measures: QSlope, AdjLogQSlope, CL, LR1, LR2, FR,
ORI, OR.

Principal component analysis

After removing ten measures in the last section, the principapeooents analysis will be
performed on the remaining 17 measures. The output contains the eigenvalues, eigenvector
coefficients, and percentages of variance explained by each component, arranged in descending
order. For all the stocks, it is observed thially five principal components in each stock have
eigenvalues greater than one, which explain about 70 to 75 percent of the total variance.

The results of this analysis include the eigenvalue, the percentage of variance explained, and
the cumulative variance for each principal component and per stock. These for each stock are
shown inTable 3 As can be seen, the fifste eigenvalues, which are greater than one, can
explain more than 70% of the total variance.
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Table 3.Principal Component Analysis of 17 liquidity measures for each stock
Stock Output variables G & G G G

Eigenvalue 5.66 2.44 1.51 1.40 1.04
FOLD Var. explained (%) 33.32 14.32 8.91 8.25 6.14
Cum. Var. explained (%) 33.32 47.65 56.55 64.80 70.94
Eigenvalue 5.61 2.36 1.82 1.54 1.00
IKCO Var. explained (%) 33.02 13.86 10.69 9.03 5.90
Cum. Var. explained (%) 33.02 46.88 57.57 66.60 72.50
Eigenvalue 5.70 2.47 1.59 1.51 1.01
IPTR Var. explained (%) 33.51 14.54 9.34 8.91 5.97
Cum. Var. explained (%) 33.51 48.05 57.39 66.30 72.27
Eigenvalue 5.71 2.52 1.55 1.48 1.02
MADN Var. explained (%) 33.58 14.81 9.12 8.72 6.01
Cum. Var. explained (%) 33.58 48.39 57.52 66.23 72.24
Eigenvalue 5.635 2.423 1.701 1.426 1.075
MSMI Var. explained (%) 33.14 14.26 10.00 8.39 6.33
Cum. Var. explained (%) 33.14 47.40 57.40 65.79 72.12
Eigenvalue 5.47 2.49 1.50 1.47 1.01
PASN Var. explained (%) 32.18 14.65 8.83 8.64 5.95
Cum. Var. explained (%) 32.18 46.82 55.65 64.29 70.24
Eigenvalue 5.61 2.57 1.75 1.58 1.01
SSAP Var. explained (%) 33.01 15.11 10.29 9.30 5.93
Cum. Var. explained (%) 33.01 48.12 58.41 67.71 73.64

Theeigenvectors related to each of these five compordat®ted bywNQ pfedv - are
plotted and shown iRig. 2 for SSAP as an example.
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Fig. 2. First five eigenvectors from Principal Component Analysis of 17 liquidity measures for SSAP

Based on the principal component analysis method performed on the seven stocks, the
following results are obtained:

1- One factor explains spreadlated liquidiy measures. This component with the highest
percentage of variance explaining across all steek®out 33% covers the width dimension
of liquidity. From this group, the relative Spread with spiice is chosen due to the ease of
calculation.

2- A secondfactor captures liquidity measures related to volume and the number of
transactions. As a result, this component explains the volume and timing dimension of liquidity
with a variance of about 14%. The turnover measure is considered representativgrotifhis
because of the ease of comparability between different stocks.

3- The next principal component explains the measures related to the market depth, such as
Log Depth. This factor then describes the depth dimension of liquidity, explaining about 10%
of the variance. The near depth value measure is chosen from this group because of using the
information on all three Limit order book levels.

4- The fourth component shows the measure related to the market resiliency dimension, such
as order imbalance andethquidity ratio2, explaining about 9% of the variance. The Liquidity
Ratio 2 is considered to represent this group because of its more superficial interpretation.

Therefore, by choosing one proxy from each group, all aspects of liquidity can be measured
by these four selected measures without deleting any helpful information.

Intraday patterns

In this section, the Intraday pattern is extracted for the four selected liquidity measures, each
chosen as a representative of one of the liquidity dimensi@th gaph is plotted based on

the related liquidity measure's intraday data, which is homogenizeesathd intervals. For
example, for the average graph, which is drawn in red, the value obtained at each time point is
the average data of 77 days at thaint of time.
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Relative Spread with Mid Price

This measure is one of the liquidity measures that can be seen in most studies because it is
simple to calculate, and due to the use of the-pnick of quotes, it makes different stocks
comparable with eaclother. Another advantage of this measure is that it does not use
transaction data in the calculation, so there is no need for a transaction to have taken place.
Various patterns, including-shaped and invertedshaped patterns, have been reported in the
literature for this measure. For instance, in a 2015 review article by Karijait[is reported
that Spread on the Shanghai and Istanbul stock exchanges has an kshersedlbehavior.

While on the New York and Toronto stockchanges, this pattern isséhaped. This difference
in spread behavior in different markets can be attributed to differences in their market structure
and, consequently, differences in traders' behavior.

Here, as shown ifrig. 3, this measure has an invertedhhped pattern for most stocks,
especially for IPTR and SSAP. It means that the Spread is very high at the beginning of the
day, but over time and with the increase in market depth, this measure falls and rises slightly at
the end of the day.
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Fig. 3. Intraday patterns for Relative Spread with Mid Price



324 Hadi Doulabiet al.

Turnover

This measure is calculated using transaction data in all available ticks over time. In addition
to the tradingvolume, the transaction price is also included in the calculations, making it
possible to compare liquidity between different stocks.

For this measure, in most studies, theshaped pattern is obtained. Krishna&?]] for
example,examined the patterns of some liquidity proxies, using intraday data on the Indian
Stock Exchange. They conclude that this measure showshapéd behavior. A large amount
of trading volume at the beginning and end of the market can be attributed te whdeake
advantage of liquidity instability during these periods. Nevertheless, as can be Begnlin
only IKCO patrtially follows this pattern. Also, the stocks FOLD and MADN are almost J
shaped. There was no clear pattern in the SSAP stock case due to the sharp volatility of trading
volume over the 15econd intervals. Finally, IPTR, MSMI, and PASN diswtuate slightly
above zero due to the low volume of trades in these short intervals, which indicates that these
stocks are not liquid enough.
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Fig. 4. Intraday patterns for turnover

Jb

Neardepth alue
In this measure, using all three levels of the limit order book data, the order prices are
considered in addition to order quantities. As showridn5, various patterns for this measure
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have been obtained in different stockmong which the FOLD and IPTR stocks have the S
shaped pattern. It means that at the beginning of the day, the market depth is low and relatively
high at the end of the day. SSAP and IKCO have invertetidped patterns.
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Fig. 5. Intraday patterns for Near Depth Value

Liquidity ratio 2

This ratio indicates the average percentage of price changes after each transaction. While the
liquidity ratio 1 depends only on the absolute magnitude of changes in the price of a stock, in
liquidity ratio 2, this problem is overcome by placing the numbfetransactions in the
denominator. Also, the larger the value of this measure, the lower the stock's liquidity because
it means that the average price changes over time are high. If the number of transactions in a
given time interval is zero, this rati® considered equal to zero.

As can be seen iRig. 6, the mean graph for all stocks is slightly above zero. This is due to
the nature of this measure which is highly dependent on trading volume, and it seems that the
15-second tine interval is not long enough for a trade to take place. Therefore, no specific
pattern is visible.
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Stock ranking

This subsection presents ttesults of ranking the stocks based on 27 liquidity measures and
using the two methods described in the previous section.

Simple ranking results

This ranking method, which works based on the means obtained for different liquidity
measures, is shown mable 4 Based on these ranking results, the order of different stocks in
terms of having higher liquidity are SSAP, IKCO, FOLD, MSMI, IPTR, MADN, and PASN.


















