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Abstract: The Thailand Futures Exchange launched USD Futures as the first currency futures contract
on 5 June 2012. However, it has been available for night trading since 27 September 2021. This
research aims to analyze the effect of adding a night trading session on USD Futures market liquidity
and to make a liquidity comparison between day and night session trading. By adding a dummy
variable into the vector autoregression model of order 5 to capture the effect of a night session
introduction on market liquidity, the results show that market depth and breadth are even stronger
after a longer trading session. In addition, the t-test results show the presence of lower tightness
but stronger depth and breadth in day session trading than in night session trading, because of the
availability of a large number of orders and the ability of the market to have smoother trading in
day as opposed to night. Due to the positive effect of extended trading hours on market depth and
breadth, TFEX should consider a longer night session in line with other global futures markets. Night
traders should also be aware of liquidity risk due to low night session trading volume.

Keywords: Thailand; currency futures; liquidity; night trading session; vector autoregression

1. Introduction

Over the past two decades, the Thailand Futures Exchange (TFEX) continued to
develop new products and services to keep pace with investor demands, as well as boosting
trading liquidity. To help traders hedge and speculate on the fluctuation of exchange rates,
the TFEX launched USD Futures as the first currency derivatives product on 5 June 2012.
The regular trading hours of USD Futures starts from 9:45 a.m.–4:55 p.m., which differs
from the trading hours for foreign assets in different time zones. Major international futures
markets already offer almost 24 h trading. The Singapore Exchange is an example of a
market that extends hours for trading certain derivatives. The extension allows traders to
execute derivatives on the Singapore Exchange until 05:15 Singapore time of the following
day. The Taiwan Futures Exchange also launches after-hours trading session to allow
traders to trade until 5:00 the next morning. The after-hours platform enhances futures
market’s international competitiveness and provides investors with a comprehensive
hedging channel and more trading opportunities. As evidenced by Jiang et al. (2020),
trading activity, as measured by volume, turnover, and open interest, is higher after the
introduction of a night trading session by the Shanghai Futures Exchange for gold and
silver futures.

The TFEX started to launch night session of gold and silver futures on 20 June 2011.
Following precious metals derivatives, the TFEX extended the trading hours of USD Futures
on 27 September 2021 to align with the practices of major international markets. The launch
of the night trading session during 6:50 p.m.–11:55 p.m. allows traders to speculate and
hedge against foreign exchange movement more conveniently and efficiently. The higher
volatility in exchange rate and the extended trading hours of USD Futures led to an increase
in its trading volume in the last three years. As shown in Table 1, the trading volume of
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USD Futures moved down and up for almost a decade. However, it showed the biggest
jump (316.48 percent) in 2020 to 2,803,128 contracts with an open interest of 44,059 contracts
at the end of the year due to the COVID-19 pandemic impacting global markets and
volatility. Since then, it has grown continuously to surpass the 10 million mark in 2022:
a 191.57 percent surge in yearly trading volume. Overall, the open interest at the end of
December 2022 soared 55.20 percent from a year earlier to 179,188 contracts. For the first
time in over a decade, the TFEX has made it to the top ten currency derivative exchanges
based on trading volume in 2022.

Table 1. Yearly trading volume and open interest of USD Futures.

Year
Yearly Trading Volume Open Interest

No of Contracts Percentage Change No of Contracts Percentage Change

2012 396,138 12,065
2013 239,345 −39.58% 5622 −53.40%
2014 309,926 29.49% 12,496 122.27%
2015 271,754 −12.32% 13,584 8.71%
2016 204,470 −24.76% 8180 −39.78%
2017 346,890 69.65% 13,150 60.76%
2018 685,847 97.71% 18,627 41.65%
2019 673,060 −1.86% 39,014 109.45%
2020 2,803,128 316.48% 44,059 12.93%
2021 3,449,751 23.07% 115,457 162.05%
2022 10,058,269 191.57% 179,188 55.20%

The launch of the night trading session is one of the most important developments
in the USD Futures market. With a longer trading session, USD Futures has become an
alternative hedging tool for traders who invest in foreign assets and want to manage
exchange rate risk outside of commercial banks’ business hours. However, there are a
number of factors that investors should be aware of when trading outside of regular hours.
For example, there may be fewer traders involved with nighttime trading, leading to a lot
less liquidity than during day trading session. As such, the primary focus of this study is to
examine the effect of adding night trading session on the USD Futures’ market liquidity and
to make a liquidity comparison between day and night session trading. The current study
adds to the existing literature on liquidity measurement based on daily data in futures
market. In addition, most studies in regular and after-hours trading focus on equity and
commodity futures markets. To the best of our knowledge, the effect of adding a night
trading session on liquidity has never been examined in the context of currency derivatives
before. A better understanding of the USD Futures’ market liquidity, given an extension
of trading hours, is crucial, since it will help the TFEX and other derivative exchanges
in developing and promoting new products and services. It also helps investors make
informed decisions and manage the risks associated with their investment.

The remainder of this paper is conducted as follows. Section 2 provides an overview
of existing literature on the measurement of liquidity and the effect of night trading. Data
and methodology are presented in Section 3. Section 4 discusses the estimation results and
Section 5 summarizes the main findings and concludes this paper.

2. Literature Review

In this section, we begin by presenting various measures of liquidity. We next conduct
a review of the empirical literature on liquidity, with emphasis on stock markets, fixed
income markets, and futures markets. We finally investigate the link between night trading
and liquidity, with an emphasis on futures markets.

Previous literature on the measurement of market liquidity across five dimensions,
namely tightness, immediacy, depth, breadth, and resiliency, can be found in Sarr and
Lybek (2002), Broto and Lamas (2020), and Díaz and Escribano (2020).
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Tightness is linked to the expenses associated with the execution of a trade. Le
and Gregoriou (2020) explained a decomposition of trading costs into two categories,
namely explicit and implicit costs. Explicit costs include order processing costs, taxes, and
brokerage fees, while implicit costs are bid–ask spreads, size of transaction, and timing
of trade execution. Higher transaction costs are related to lower liquidity when market
participants reduce their demand for trading and concentrate on a few transactions to
avoid larger costs. Some proxies for tightness include Effective Bid-Ask Spread (EBS)
and Percentage Spread (PS). According to Roll (1984), given market efficiency, EBS as an
estimate of the PS is given by 2

√
−Cov(rt, rt−1) where Cov(rt, rt−1) is the first-order serial

covariance of returns. PS is calculated by the spread over the average between bid price
(Pb) and ask prices (Pa), Pa−Pb

(Pa+Pb)/2 .
Immediacy refers to the ability or the speed with which transactions can be executed

and settled. It reflects the system efficiency in terms of trading, clearing, and settlement.
Wanzala (2018) use the Coefficient of Elasticity of Trading (CET) to assess market imme-
diacy. As introduced by Datar (2000), CET is computed as a ratio of the absolute value of
percentage change in trading volume to the absolute value of percentage change in price,
%∆V
%∆P . A higher value of CET represents a higher level of immediacy.

Depth is related to the number of orders. Trading volume is the most used trading
frequency proxy to assess liquidity. A higher trading volume indicates a deep market and
reveals higher liquidity, since it shows how easier it is to execute large orders without
moving the market.

Breadth represents the market ability to smoothly enable trading of a given volume of
securities with a minimal influence on prices. The Amihud Illiquidity Ratio (IR) proposed
by Amihud (2002) is one of the most widely used proxies for market breadth. It is given by
a ratio of the absolute return to the dollar volume traded, |r|TV . A lower IR means a wide
market breadth and represents high liquidity.

Resiliency is a market characteristic, such that new orders flow quickly to correct
market imbalances. To capture market resiliency, Hasbrouck and Schwartz (1988) proposed
the Market Efficiency Coefficient (MEC) as a ratio between the variances of two returns
with different time spans, Var(R)

5∗Var(r) where R is weekly returns and r is daily returns. When
this ratio is closer to one, it conveys higher liquidity and a more efficient market.

Table 2 summarizes the liquidity measures to be used for the purpose of this analysis.
When examining the effect of adding a night trading session on USD Futures market liq-
uidity, this paper measures market tightness for the whole trading day by using Percentage
Spread, which expresses daily spread as a percentage of the midpoint of the bid and ask
prices. For a liquidity comparison between day and night session trading, Effective Bid-Ask
Spread, as proposed by Roll (1984), is employed for measuring market tightness during
day and night sessions due to the limit in obtaining day and night session data to calculate
Percentage Spread. The last price data for day and night sessions are obtained to estimate
the autocovariance measure of Roll (1984).

Table 2. Measurement of market liquidity.

Dimension Measure Formula

Market Tightness (MT)
Percentage Spread Pa−Pb

(Pa+Pb)/2

Effective Bid-Ask Spread 2
√

max(0,−Cov(rt, rt−1))

Market Immediacy (MI) Coefficient of Elasticity of Trading %∆V
%∆P

Market Depth (MD) Daily Volume V

Market Breadth (MB) Amihud Illiquidity Ratio |r|
TV

Market Resiliency (MR) Market Efficiency Coefficient Var(R)
5∗Var(r)

Note: The effective bid-ask spread cannot be computed when the serial covariance, Cov(rt, rt−1), is positive.
Following Corwin and Schultz (2012), this study sets it to zero.
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In addition, liquidity measures can be classified by data frequency. According to Le and
Gregoriou (2020), liquidity proxies are separated into two groups, namely high-frequency
(intraday) and low-frequency (daily) measures. The use of low frequency measures in
research and practice has become more widely accepted because of the availability of data
and simplicity.

Empirical studies employ numerous measures to analyze liquidity in a wide set of
products and geographical regions. Several studies use low-frequency measures and focus
on stock market liquidity. For example, Amihud (2002) analyzed the effect of illiquidity,
defined as the average ratio of the daily absolute return to the dollar trading volume,
on stock returns using data from New York Stock Exchange in the years 1963–1997. The
results show that expected market illiquidity has a positive and significant effect on ex
ante stock excess return, and unexpected illiquidity has a negative and significant effect on
contemporaneous stock return. Both expected and unexpected illiquidity effects are shown
to be stronger for small firms’ stocks. Wanzala (2018) proposed a new measure of market
immediacy and conducted OLS regression analysis using data from 2001 to 2016 from the
Nairobi Securities Exchange and Kenya National Bureau of Statistics. The findings show
a negative impact of inflation and a positive impact of market immediacy on economic
growth. Naik et al. (2020) employed Vector Auto Regressive (VAR) of the order 2 model to
analyze the simultaneous relationships among four liquidity dimensions, namely depth,
breadth, tightness, and immediacy, using data of 500 stocks in an Indian stock market from
2009 to 2019. There exists a negative relation between depth and tightness at the significance
level of 0.01. Immediacy is found to be independently determined in the market. Xie et al.
(2022) analyzed the determinants of stock liquidity in the Chinese market from January
2003 to September 2021. They used trading volume, Amihud’s illiquidity ratio, Roll’s price
impact, and the quoted relative bid–ask spread as proxies for stock liquidity. Their findings
show a positive relation between systematic return and stock liquidity and a negative
relation between idiosyncratic variance and stock liquidity.

The vast literature is focused on the treasury and corporate bond markets. For exam-
ple, Trebbi and Xiao (2019) employed a large set of liquidity proxies, including the Amihud
measure, imputed round-trip cost, Roll measure, non-block trades, size, turnover, zero trad-
ing days, variability of Amihud, and variability of imputed round-trip cost, with emphasis
on the U.S. corporate bond market. They found no systematic evidence of deterioration in
liquidity levels or structural breaks during the period of regulatory intervention. Broto and
Lamas (2020) focused on liquidity resilience of the US treasury debt by proposing liquidity
volatility, rather than liquidity level, as the key variable to characterize resilience. They
employed a bivariate CC-GARCH model to relate the volatility of five liquidity measures to
returns volatility of the 10-year US Treasury note, using data from January 2003 to June 2016.
The findings show that after the great financial crisis of 2007–2009, volatility persistence is
lower, which is consistent with a lower resilience.

The empirical papers mentioned so far examine liquidity in stock markets and fixed
income markets. In the case of future markets, Woo and Kim (2021) used low-frequency
measures and employ regression models to investigate the effect of the National Pension
Service (NPS)’s trading KOSPI200 futures on the returns, the liquidity and the volatility in
both the futures market and the stock market. They use the recent ten years’ transaction data
during the period from January 2010 to March 2020 and measure liquidity using trading
amount and the Amihud measure. Their findings show that the NPS’s net investment flow
in the KOSPI200 futures market improves the liquidity of the KOSPI market and reduces
the volatility of both the KOSPI200 futures market and the KOSPI market. The NPS’s net
investment flow in the KOSPI200 futures market shows the return predictability about both
KOSPI200 futures and KOSPI200 spot index. Using the data of gold coin futures contracts
in the Iran Mercantile Exchange from 2017 to August 2018, Basirian and Sehatpour (2021)
analyzed how the volume of transactions, price volatility, and futures price affect liquidity,
measured by bid-ask spread and market depth. The empirical results provides evidence of
a positive impact of price volatility on market dept at the significance level of 0.01. Other
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factors do not show any significant impact on liquidity. In addition, another group of
existing literature uses high-frequency measures to evaluate liquidity in the futures market.
For example, Fett and Haynes (2017) calculated multiple liquidity measures, including
bid-ask spreads, orderbook depth, and other metrics related to trading costs and execution
quality for three active futures products (S&P E-mini, ten year treasuries and WTI crude oil)
from 2013 through mid-2016. Trends for a few of these liquidity measures signal a potential
increase in trading costs over the last few years such as reduced trade sizes and, in cases,
reductions in orderbook depth, especially for the E-mini contract. Reductions in orderbook
depth often coincide with periods of enlarged market volatility. Like orderbook depth,
bid-ask spreads for WTI crude oil have increased during the volatile late-2014 period. In
contrast, WTI crude oil trading volumes have increased since around mid-2015.

While several studies measure and analyze liquidity for individual assets, another
group of research focuses on liquidity commonality, which is liquidity co-movements
across assets or markets. Over the sample period from January 2000 to April 2010, Wang
(2010) showed that liquidity commonality across 12 Asian stock markets is much higher
when measured relative to a set of regional and global factors instead of the single factor.
Regional factors affect liquidity commonality through shocks in liquidity and volatility,
while global factors affect liquidity commonality through return and volatility. Cross-
market liquidity commonality in Asia increased significantly during and after the recent
global financial crisis. In the fixed income market, Panagiotou et al. (2022) empirically
examined the determinants of liquidity commonality in the European sovereign bond over
a period of 2011–2018. They calculated four liquidity measures, namely quoted spreads and
depths, effective spreads and the Amihud ratio, and used the adjusted R2 of regressions
of the liquidity of individual bonds on market-wide liquidity as a measure of liquidity
commonality. There is strong evidence of liquidity commonality at the national level in all
four liquidity measures, with quoted spreads and depths exhibiting strong co-movements.

There are some studies investigating market liquidity in the presence of nighttime
trading. For example, Jiang et al. (2020) used three liquidity measures, including Roll
measure, Amihud illiquidity measure, and the proportion of zero returns, to examine
the liquidity of gold and silver futures at the Shanghai Futures Exchange (SHFE) before
and after the introduction of night trading. Their findings show that the introduction of
night trading significantly improves the volume and liquidity of gold and silver futures
in China. In particular, the improvement in liquidity, as captured by Roll measure and
Amihud illiquidity measure, suggests a decrease in transaction costs and a lesser price
impact. Other studies also focus on the effect of introducing a night trading session at the
Chinese futures market (see, e.g., Fung et al. 2016; Klein and Todorova 2021; Yao et al. 2021).
However, to the best of our knowledge, the liquidity changes brought by the introduction
of nighttime trading to currency futures market have not been addressed in previous
literature. Therefore, this paper adds to the existing literature on the effects of night trade
on currency futures market liquidity, especially in a Thai context.

3. Data and Methodology

This paper uses the daily data of USD Futures, such as settlement price, last price, bid
price, ask price, and trading volume, from SETSMART for a period starting from 2 January
2020 to 30 December 2022, covering the period before and after the extended trading hour
(night session) of USD Futures on 27 September 2021. The Thailand Futures Exchange
(TFEX) sets the settlement months (expiry months) of USD Futures to the three nearest
consecutive months plus the next quarterly months. However, the most active contract
month is the quarterly month. As shown in Figures 1 and 2, the quarterly month contracts
have the highest average daily trading volume and average daily number of transactions.
In addition, since the introduction of night session trading, the average trading volume
of the quarterly month contracts has exceeded 10,000 contracts per day, and its average
number of transactions has been above 600 deals per day. Therefore, this paper uses daily
price data from the quarterly month contracts to construct the USD Futures price data
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set. Following Ripple and Moosa (2009), both the daily trading volume and open interest
are used as a two-criterion test to determine when to switch from the contract, which is
close to expiration, to another contract in a further-out month. The USD Futures price
data set is then created by switching or rolling over from the expiring quarterly month
contract to the next quarterly month contract when trading volume and open interest of the
expiring quarterly month contract are lower than those of the next quarterly month contract.
For example, the constructed series of USD Futures price start with the March 2020 USD
Futures on 2 January 2020, then switch to the next quarterly month contract, the June 2020
USD Futures, when the trading volume and open interest of the March 2020 USD Futures
are lower than those of the June 2020 USD Futures. It is rolled over to the September 2020
USD Futures when the trading volume and open interest of the June 2020 USD Futures are
lower than those of the September 2020 USD Futures. The process continues until the prices
of USD Futures on 30 December 2022 are collected from the March 2023 USD Futures.
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Figure 1. Average daily trading volume of USD Futures by expiry months.

Based on the data, this paper computes market liquidity measures across five dimen-
sions, namely tightness, immediacy, depth, breadth, and resiliency, as shown in Table 2.
As suggested by Naik et al. (2020), this paper uses Percentage Spread as a measure of
market tightness, Coefficient of Elasticity of Trading as a measure of market immediacy,
and Amihud Illiquidity Ratio as a measure of market breadth. The Effective Bid-Ask
Spread is also employed as a proxy of market tightness (see Broto and Lamas 2020; Jiang
et al. 2020). Following Broto and Lamas (2016), the trading volume and market efficiency
coefficient are used to analyze market depth and resiliency, respectively. The USD Futures
return (r) is obtained by taking the difference of natural log of USD Futures prices (P),
rt = ln Pt − ln Pt−1. For a liquidity comparison between day and night session trading, the
USD Futures returns (r) and the absolute value of percentage change in USD Futures price
(%∆P) during day session and night session are computed using the last prices during day
session and night session, respectively. On the other hand, the settlement price is used
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to represent the entire daily trading session when examining the effect of adding night
trading session on USD Futures market liquidity.
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Figure 2. Average daily number of transactions of USD Futures by expiry months.

Following Naik et al. (2020), this study assumes the existence of positive interde-
pendency between Market Tightness (MT), Market Immediacy (MI), Market Depth (MD),
Market Breadth (MB), and Market Resiliency (MR). Therefore, the Vector Autoregressive
(VAR) model is employed for the simultaneous relationships among five liquidity dimen-
sions. Then, the dummy variable (NT) is added into the VAR model to capture the effect of
night session introduction on market liquidity. This paper picks the optimal lag order 5 in
the VAR due to the minimum Hannan–Quinn Criterion (HQ) and Schwarz Criterion (SC).
The VAR(5) model can be written as follows:

MTt = αT +
5

∑
j=1

β1j MTt−j +
5

∑
j=1

β2j MIt−j +
5

∑
j=1

β3j MDt−j +
5

∑
j=1

β4j MBt−j +
5

∑
j=1

β5j MRt−j + θT NTt + eTt (1)

MIt = αI +
5

∑
j=1

γ1j MTt−j +
5

∑
j=1

γ2j MIt−j +
5

∑
j=1

γ3j MDt−j +
5

∑
j=1

γ4j MBt−j +
5

∑
j=1

γ5j MRt−j + θI NTt + eIt (2)

MDt = αD +
5

∑
j=1

λ1j MTt−j +
5

∑
j=1

λ2j MIt−j +
5

∑
j=1

λ3j MDt−j +
5

∑
j=1

λ4j MBt−j +
5

∑
j=1

λ5j MRt−j + θD NTt + eDt (3)

MBt = αB +
5

∑
j=1

µ1j MTt−j +
5

∑
j=1

µ2j MIt−j +
5

∑
j=1

µ3j MDt−j +
5

∑
j=1

µ4j MBt−j +
5

∑
j=1

µ5j MRt−j + θBNTt + eBt (4)

MRt = αR +
5

∑
j=1

ν1j MTt−j +
5

∑
j=1

ν2j MIt−j +
5

∑
j=1

ν3j MDt−j +
5

∑
j=1

ν4j MBt−j +
5

∑
j=1

ν5j MRt−j + θRNTt + eRt (5)
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To make a comparison of USD Futures market liquidity between day session trading
and night session trading, the dependent samples t-test is used for testing the mean
difference in all five liquidity dimensions of day session trading and night session trading.

t = ∑ D√
n∑ D2−(∑ D)2

n−1

(6)

where D is difference in USD Futures market liquidity between day session trading and
night session trading and n is the size of the sample. The degrees of freedom can be
calculated as n − 1.

The null hypothesis (H0) is that the mean difference in USD Futures market liquidity
during day session and night session is zero. In another word, there is no difference in USD
Futures market liquidity during the day session and night session.

The alternative hypothesis (Ha) is that the mean difference in the USD Futures’ market
liquidity during the day session and night session is different from zero. In another word,
there is a difference in USD Futures’ market liquidity during day session and night session.

4. Results and Discussion

Table 3 presents the Augmented Dickey–Fuller (ADF) test results and the mean value
of the liquidity measures from 2 January 2020 to 30 December 2022. The ADF test is con-
ducted to evaluate whether the time series are stationary or not. Table 3 shows that all five
liquidity measures are stationary at the 5 percent level of significance. Market Tightness
(MT), measured by percentage spread, has the average value of 0.0446 percent. A narrow
percentage spread would indicate lower transaction costs and higher liquidity through a
tighter market. To measure Market Immediacy (MI), this study uses the coefficient of elas-
ticity of trading, which has the average value of 375.4520. A larger value of the coefficient of
elasticity of trading implies a higher immediacy and thus confirms higher market liquidity.
Market Depth (MD) is measured by trading volume (unit: 10,000 contracts), which is the
most used trading frequency proxy to assess liquidity. The average trading volume of USD
Futures is 23,090 contracts per day. A higher trading volume implies a deep market and
shows higher liquidity. For measuring Market Breadth (MB), this paper uses the Amihud
illiquidity ratio. Its average value is 0.6277 meaning that a trade of 1 billion baht in USD
Futures moves futures price by roughly 0.6277 percent. A lower ratio represents the wide
market breadth and thus suggests the existence of high liquidity. To capture Market Re-
siliency (MR), market efficiency coefficient is used with the average value of 0.9775. When
this ratio is closer to one, it conveys a more efficient liquidity resiliency.

Table 3. ADF unit root results and mean value of the liquidity measures.

Variable Mean ADF Model ADF Lags ADF Test Value ADF p-Value

MT 0.0446 With trend 1 −14.5321 0.0000

MI 375.4520 With trend 0 −32.5235 0.0000

MD 2.3090 With trend 7 −3.7472 0.0200

MB 0.6277 With trend 4 −8.3965 0.0000

MR 0.9775 Without trend 4 −5.2407 0.0000
Note: The selection of the lag length is based on Schwarz Criterion.

To determine if the VAR(5) model gives an adequate description of the data, the
Lagrange Multiplier (LM) test is conducted for checking autocorrelation. The LM test
statistics is 30.5716 (p-value = 0.2036), so the null hypothesis that there is no autocorrelation
left in the residuals for any of the six orders tested cannot be rejected at a confidence interval
of 99%. The stability test of the VAR(5) model is also conducted. Figure 3 shows that all the
inverse roots of the model have roots with modulus less than one and lie inside the unit
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circle. The VAR(5) model is variance and covariance stationary, and therefore satisfies the
stability condition. It is appropriate for this research. Table 4 presents the estimated results
of the VAR(5) model.

J. Risk Financial Manag. 2023, 16, x FOR PEER REVIEW  9  of  16 
 

 

of elasticity of trading implies a higher immediacy and thus confirms higher market li‐

quidity. Market Depth  (MD)  is measured  by  trading  volume  (unit:  10,000  contracts), 

which is the most used trading frequency proxy to assess liquidity. The average trading 

volume of USD Futures is 23,090 contracts per day. A higher trading volume implies a 

deep market and shows higher liquidity. For measuring Market Breadth (MB), this paper 

uses the Amihud  illiquidity ratio.  Its average value  is 0.6277 meaning that a trade of 1 

billion baht in USD Futures moves futures price by roughly 0.6277 percent. A lower ratio 

represents the wide market breadth and thus suggests the existence of high liquidity. To 

capture Market Resiliency  (MR), market efficiency coefficient  is used with  the average 

value of 0.9775. When this ratio is closer to one, it conveys a more efficient liquidity resil‐

iency. 

Table 3. ADF unit root results and mean value of the liquidity measures. 

Variable  Mean  ADF Model  ADF Lags  ADF Test Value  ADF p‐Value 

MT  0.0446  With trend  1  −14.5321  0.0000 

MI  375.4520  With trend  0  −32.5235  0.0000 

MD  2.3090  With trend  7  −3.7472  0.0200 

MB  0.6277  With trend  4  −8.3965  0.0000 

MR  0.9775  Without trend  4  −5.2407  0.0000 

Note: The selection of the lag length is based on Schwarz Criterion. 

To determine if the VAR(5) model gives an adequate description of the data, the La‐

grange Multiplier (LM) test is conducted for checking autocorrelation. The LM test statis‐

tics is 30.5716 (p‐value = 0.2036), so the null hypothesis that there is no autocorrelation left 

in the residuals for any of the six orders tested cannot be rejected at a confidence interval 

of 99%. The stability test of the VAR(5) model is also conducted. Figure 3 shows that all 

the inverse roots of the model have roots with modulus less than one and lie inside the 

unit circle. The VAR(5) model is variance and covariance stationary, and therefore satisfies 

the stability condition. It is appropriate for this research. Table 4 presents the estimated 

results of the VAR(5) model. 

 

Figure 3. Inverse roots of AR characteristic polynomial.

 

−1.5         −1.0         −0.5         0.0          0.5          1.0          1.5 

  1.5 

 
  1.0 

 
  0.5 

 
  0.0 

 
−0.5    

 
−1.0    

 
−1.5 

Figure 3. Inverse roots of AR characteristic polynomial.

Table 4 shows that the total variations in MT, MI, MD, MB, and MR are explained by
the other variables to the extent of 13.02%, 11.63%, 70.73%, 27.70%, and 86.97%, respectively.
It is evident that current values of all liquidity measures are positively dependent on one
or two days of own lagged values. MT is positively affected by its lagged values and also
by one day lag of MB. This suggests that trading costs and the impact on futures price of
the earlier periods define the crucial movements in current day costs. MI is found to be
dependent on its lagged value and other liquidity dimensions, except MT. This exhibits
that the speed of execution is caused by not only its own previous day lag but also the
past trading volume, the past price impact, and the past market ability to recover from
unexpected shocks. Regarding MD, the estimated results show that the current trading
volume is positively affected by its own previous day lags and one day lagged value of
MI. This suggests that investors base their trading behavior by referring to the past trading
activity. Additionally, past increased immediacy in trade generates more trading volume.
The results also show that one day and two day lags of MT are found to positively affect
the present values of MB. As suggested by Naik et al. (2020), the increased execution costs
will discourage further trades, which, in turn, will result in a higher impact on their prices.
Variations in MR are caused by their own past movements and past changed immediacy.
By adding the dummy variable (NT) into the VAR(5) model to capture the effect of night
session introduction on market liquidity, the results show that the coefficient of NT in the
regression equation of MD is positive and statistically significant at 0.05 level. This implies
that the current trading volume is positively affected by the night session introduction.
The coefficient of NT in the regression equation of MB is also statistically significant at
0.05 level. It is negative since this paper uses the Amihud illiquidity ratio as a measure of
MB. After the introduction of the night session, a lower Amihud illiquidity ratio represents
the wide market breadth. Therefore, market depth and breadth are even stronger after a
longer trading session. It would make sense for the TFEX to respond to increased market
liquidity by extending a night session in line with other global futures markets.
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Table 4. Estimation results of the VAR(5) model.

Variable
MT MI MD MB MR

Coefficient t-Stat Coefficient t-Stat Coefficient t-Stat Coefficient T-Stat Coefficient t-Stat

MT(-1) 0.0439 [1.0553] 125.4748 [0.1008] −1.7864 [−0.9895] 1.3854 * [1.6597] 0.1998 [0.8480]
MT(-2) 0.2132 *** [5.0883] −1279.6001 [−1.0196] −1.9803 [−1.0883] 4.5512 *** [5.4092] 0.0312 [0.1314]
MT(-3) −0.0258 [−0.5933] −601.2486 [−0.4623] −0.4466 [−0.2368] −1.6070 * [−1.8432] 0.0732 [0.2976]
MT(-4) 0.0552 [1.2894] −841.3970 [−0.6565] −0.8636 [−0.4647] 0.1855 [0.2159] −0.1230 [−0.5073]
MT(-5) 0.0865 ** [2.0700] −946.3990 [−0.7558] −0.6932 [−0.3818] 0.4593 [0.5471] 0.1952 [0.8241]
MI(-1) 8.78 × 10−7 [0.6160] 0.0738 * [1.7278] 0.0001 * [1.6736] 2.12 × 10−5 [0.7392] −1.60 × 10−5 ** [−1.9777]
MI(-2) −8.21 × 10−7 [−0.5753] 0.0361 [0.8437] 2.20 × 10−6 [0.0355] 7.86 × 10−6 [0.2743] 1.67 × 10−6 [0.2065]
MI(-3) −1.15 × 10−6 [−0.8071] 0.0065 [0.1522] 7.24 × 10−5 [1.1722] 1.73 × 10−5 [0.6051] −1.70 × 10−5 ** [−2.1068]
MI(-4) −3.65 × 10−7 [−0.2572] 0.0698 [1.6391] −9.86 × 10−7 [−0.0160] −1.61 × 10−6 [−0.0565] 4.42 × 10−6 [0.5492]
MI(-5) −8.42 × 10−7 [−0.7878] 0.0366 [1.1440] −4.03 × 10−5 [−0.8685] 2.95 × 10−6 [0.1373] 1.56 × 10−5 ** [2.5762]
MD(-1) 0.0015 [1.5315] −61.7824 ** [−2.1576] 0.2958 *** [7.1249] −0.0249 [−1.2991] 0.0024 [0.4471]
MD(-2) −0.0003 [−0.2931] −7.1940 [−0.2413] 0.2735 *** [6.3251] −0.0154 [−0.7716] −0.0001 [−0.0213]
MD(-3) 0.0000 [0.0083] 1.2613 [0.0415] 0.0256 [0.5808] −0.0012 [−0.0568] 0.0038 [0.6576]
MD(-4) 0.0000 [0.0199] 35.7242 [1.2151] 0.1604 *** [3.7629] 0.0013 [0.0684] −0.0027 [−0.4874]
MD(-5) −0.0013 [−1.4096] 14.1702 [0.5075] 0.1215 *** [3.0025] 0.0006 [0.0313] −0.0025 [−0.4644]
MB(-1) 0.0076 *** [3.4507] 165.7950 ** [2.5277] −0.0130 [−0.1372] 0.1060 ** [2.4102] 0.0116 [0.9381]
MB(-2) −0.0019 [−0.8250] −3.0951 [−0.0443] −0.0118 [−0.1168] −0.0104 [−0.2214] 0.0186 [1.4081]
MB(-3) 0.0012 [0.5206] −134.5980 * [−1.9440] −0.0582 [−0.5796] 0.1399 *** [3.0130] −0.0161 [−1.2265]
MB(-4) 0.0003 [0.1303] 179.6329 *** [2.6394] 0.0915 [0.9275] 0.0333 [0.7305] −0.0022 [−0.1731]
MB(-5) 0.0018 [0.8233] −79.8007 [−1.2225] −0.0572 [−0.6045] 0.1137 *** [2.5979] −0.0048 [−0.3852]
MR(-1) 0.0072 [0.9794] −443.0738 ** [−2.0155] 0.2054 [0.6443] 0.1135 [0.7699] 1.1084 *** [26.6497]
MR(-2) −0.0070 [−0.6391] 690.7615 ** [2.1046] 0.0109 [0.0229] −0.0669 [−0.3041] −0.1632 *** [−2.6289]
MR(-3) −0.0094 [−0.8645] −474.9624 [−1.4529] −0.2997 [−0.6323] −0.1401 [−0.6391] 0.0331 [0.5356]
MR(-4) 0.0101 [0.9342] 1180.3016 *** [3.6354] 0.0096 [0.0204] −0.0064 [−0.0292] −0.2378 *** [−3.8715]
MR(-5) −0.0030 [−0.4239] −943.8872 *** [−4.3880] 0.0825 [0.2644] 0.0762 [0.5282] 0.1684 *** [4.1389]

C 0.0252 *** [4.3293] 436.6175 ** [2.5053] 0.4046 [1.6010] 0.3347 *** [2.8642] 0.0670 ** [2.0329]
NT 0.0007 [0.2265] −138.6371 [−1.5176] 0.2766 ** [2.0882] −0.1405 ** [−2.2946] −0.0066 [−0.3803]
R2 0.1302 0.1163 0.7073 0.2770 0.8697

Note: * indicates significance level at 0.10 level, ** indicates significance level at 0.05 level, and *** indicates significance level at 0.01 level.
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Next, this study conducts the VAR Granger causality test to assess the casual relation-
ship between five liquidity dimensions, namely Market Tightness (MT), Market Immediacy
(MI), Market Depth (MD), Market Breadth (MB), and Market Resiliency (MR). As shown in
Table 5, Granger causality results support the patterns observed in the VAR model. MB and
MT are interdependent. There is evidence of bi-directional causality between MB and MT,
which implies that both MB and MT are influenced by each other. A chi-square statistic of
13.9850 for MB with reference to MT represents the hypothesis that lagged coefficients of
MB in the regression equation of MT are equal to zero. Thus, MB is Granger causal for MT at
0.05 level of significance. In addition, a chi-square statistic of 36.8248 for MT with reference
to MB represents the hypothesis that lagged coefficients of MT in the regression equation
of MB are equal to zero. Thus, MT is Granger causal for MB at 0.01 level of significance. In
addition, there is evidence of bi-directional causality between MR and MI. A chi-square
statistic of 26.0995 for MR with reference to MI implies that MR is Granger causal for MI at
0.01 level of significance. Further, a chi-square statistic of 15.0175 for MI with reference to
MR implies that MI is Granger causal for MR at 0.05 level of significance. However, with
a chi-square statistic of 17.8689, there is evidence of uni-directional causality from MB to
MI at 0.01 level of significance. This means that MB and MR are both statistically useful
in forecasting MI, while MI only shows the impact on MR. On the other hand, MD is not
useful in forecasting other liquidity dimensions. It is also not significantly dependent on
any of the liquidity measures.

Table 5. VAR Granger causality results.

Variable Null Hypothesis Chi-Square Statistic p-Value

MT

MI does not Granger-cause MT 2.0865 0.8371
MD does not Granger-cause MT 3.6922 0.5945
MB does not Granger-cause MT 13.9850 ** 0.0157
MR does not Granger-cause MT 3.3550 0.6454

MI

MT does not Granger-cause MI 2.7920 0.7320
MD does not Granger-cause MI 6.6125 0.2511
MB does not Granger-cause MI 17.8689 *** 0.0031
MR does not Granger-cause MI 26.0995 *** 0.0001

MD

MT does not Granger-cause MD 3.2355 0.6637
MI does not Granger-cause MD 5.0624 0.4083
MB does not Granger-cause MD 1.4284 0.9212
MR does not Granger-cause MD 1.1959 0.9453

MB

MT does not Granger-cause MB 36.8248 *** 0.0000
MI does not Granger-cause MB 1.1575 0.9489
MD does not Granger-cause MB 7.0951 0.2137
MR does not Granger-cause MB 2.1202 0.8323

MR

MT does not Granger-cause MR 2.0924 0.8362
MI does not Granger-cause MR 15.0175 ** 0.0103
MD does not Granger-cause MR 1.0308 0.9600
MB does not Granger-cause MR 4.4580 0.4855

Note: ** indicates significance level at 0.05 level, and *** indicates significance level at 0.01 level.

In the following, Figure 4 presents the results of the impulse response function showing
the time path of each variable to a one standard deviation shock in another variable. All
liquidity measures respond quickly to their own lagged changes. However, the response
of MT to MT, MI to MI, and MB to MB diminishes quickly and reaches equilibrium
within 10 observation days, while in the case of MD to MD and MR to MR, it takes more
than 10 days. Moreover, it is evident that MD is not dependent on any of the liquidity
dimensions. MB is more dependent on MT than the other liquidity dimensions are. MI is
more dependent on MR than other liquidity dimensions are. MR responds negatively to
MI, MD, and MB and adjusts within 10 observation days.
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Furthermore, this study performs the dependent samples t-test to assess liquidity
difference between day session trading and night session trading for the period from 27
September 2021 until 30 December 2022. Table 6 presents a liquidity comparison of the
USD Futures market during the day session and night session. When measuring market
tightness by effective bid-ask spread, the absolute t-value and the corresponding p-value are
4.2313 and 0.0000, respectively, meaning that there is a difference between market tightness
of day session trading and night session trading at 1% significance level. The average
value of effective bid-ask spread decreases from 0.2811 (day session trading) to 0.2042
(night session trading). The results show the presence of lower tightness indicating higher
transaction costs in day session trading than in night session trading. However, market
depth and breadth are stronger in day session trading than in night session trading. When
considering market depth by trading volume, the absolute t-value and the corresponding
p-value are 15.5539 and 0.0000, respectively, meaning that we can reject the null hypothesis
of no difference between market depth of day session trading and night session trading at
1% significance level. The average trading volume is 24,105 contracts per day in day session,
and it decreases to almost half of the volume in the night session. When considering market
breadth by the Amihud illiquidity ratio, the absolute t-value and the corresponding p-value
are 9.3409 and 0.0000, respectively, meaning that we can reject the null hypothesis of no
difference between market breadth of day session trading and night session trading at 1%
significance level. The average value increases from 0.5974 (day session trading) to 1.4637
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(night session trading). A deeper and broader market in day session trading emerges,
because of the availability of a large number of orders and the ability of the market to have
smoother trading in day session trading than in night session trading. Additionally, there
are no differences in terms of market immediacy and market resiliency between day session
trading and night session trading. When measuring market immediacy by coefficient of
elasticity of trading, the absolute t-value and the corresponding p-value are 0.7800 and
0.4360, respectively, meaning that we cannot reject the null hypothesis of no difference
between market immediacy of day session trading and night session trading. There is
no difference in the speed of execution during day and night session trading. The results
also show that when measuring market resiliency by the market efficiency coefficient,
the absolute t-value and the corresponding p-value are 0.1254 and 0.9003, meaning that
we cannot reject the null hypothesis of no difference between the USD Futures’ market
resiliency of day session trading and night session trading.

Table 6. Comparison results of USD Futures between day and night sessions for five liquidity dimensions.

Liquidity Dimension Day Session Night Session T-Statistic p-Value

Market Tightness (MT) 0.2811 0.2042 |t| = 4.2313 0.0000
Market Immediacy (MI) 302.1011 360.7290 |t| = 0.7800 0.4360

Market Depth (MD) 2.4105 1.2608 |t| = 15.5539 0.0000
Market Breadth (MB) 0.5974 1.4637 |t| = 9.3409 0.0000

Market Resiliency (MR) 0.9644 0.9671 |t| = 0.1254 0.9003

5. Conclusions

USD Futures have been traded in the Thailand Futures Exchange (TFEX) since 27
September 2021. Over the past three years, USD Futures have shown significant growth
due to exchange rate fluctuations. Since 27 September 2021 onwards, the TFEX has added a
night session for trading USD Futures, starting from 6:50 p.m.–11:55 p.m. The launch of the
night session enables investors to manage their foreign exchange risk more efficiently and
to combine USD Futures and foreign assets trading. Therefore, this study aims to analyze
the effect of extended trading hours on liquidity in the USD Futures market and to make a
comparison of liquidity between day session trading and night session trading.

Using daily data from 2 January 2020 to 30 December 2022, this study develops a Vector
Autoregression model of order 5 (VAR(5)) to examine the simultaneous relationships among
five liquidity dimensions, namely tightness, depth, breadth, immediacy, and resiliency. By
adding the dummy variable into VAR(5) to capture the effect of night session introduction
on market liquidity, the empirical results show that market depth and breadth are even
stronger after a longer trading session. These results are in confirmation to those obtained
by Jiang et al. (2020) in the SHFE gold and silver futures market. Further, it is evident that
the current values of all liquidity measures are positively dependent on one or two days
of own lagged values. All liquidity measures also respond quickly to their own lagged
changes, confirming the results obtained by Naik et al. (2020) in the Indian equity market.
Using the Granger causality test, market tightness and market breadth are interdependent.
While market breadth and market resiliency are both statistically useful in forecasting
market immediacy, market immediacy only shows the impact on market resiliency. Market
depth is not useful in forecasting other liquidity dimensions. This study also conducts the
dependent samples t-test to assess liquidity difference between day session trading and
night session trading using daily data from 27 September 2021 to 30 December 2022. The
results show the presence of lower tightness in day session trading than in night session
trading. These empirical results are generally in line with those of gold and silver futures
in China (see Jiang et al. 2020). However, market depth and breadth are stronger in day
session trading than in night session trading because of the availability of a large number
of orders and the ability of the market to have smoother trading in day session trading than
in night session trading.
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Therefore, the TFEX should consider a longer night session in line with other global
futures markets due to the positive effect of extended trading hours on market depth
and breadth. Moreover, night traders should be aware of liquidity risk due to low night
session trading volume. The TFEX should lower its night trading fees and conduct public
relation activities to bring additional liquidity in the night session. For future research, the
current study can be extended by providing a more comprehensive analysis of night session
characteristics and a detailed cause of the liquidity problem during night session trading.
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